From Connectome to Computation:
Predicting Neural Function with Machine Learning

Dissertation
der Mathematisch-Naturwissenschaftlichen Fakultat
der Eberhard Karls Universitdt Tiibingen
zur Erlangung des Grades eines
Doktors der Naturwissenschaften

(Dr. rer. nat.)

vorgelegt von
Janne K. Lappalainen

aus Buchholz in der Nordheide

Tiibingen

2025



Gedruckt mit Genehmigung der Mathematisch-Naturwissenschaftlichen

Fakultdt der Eberhard Karls Universitat Tiibingen.

Tag der miindlichen Qualifikation: 16.01.2026

Dekan: Prof. Dr. Thilo Stehle
1. Berichterstatter: Prof. Dr. Jakob Macke
2. Berichterstatterin: Prof. Dr. Julijana Gjorgjieva

3. Berichterstatter: Prof. Dr. H. Sebastian Seung



To the people I love.






ABSTRACT

Connectomics maps synapse-level wiring diagrams with electron micro-
scopy, creating detailed 3D reconstructions of information processing neu-
ral networks in the brain. However, such connectome measurements cannot
directly reveal brain function — electrical dynamics of single neurons and
synapses — making their utility controversial for understanding how the
brain computes.

While computational neuroscience has traditionally focused on either
mechanistically detailed models of small circuits or models that learn
patterns from neural recordings without simulating the underlying bi-
ology, recent deep learning approaches have taken a different angle —
task-optimizing artificial neural networks and establishing that artificial
neural network activity matches patterns in brain measurements. However,
a main gap remains: models that integrate single-neuron mechanistic detail
with end-to-end task computation and accurately match brain activity.

We built a differentiable neural network model from the fly visual system
connectome to test whether connectome-constrained networks can accu-
rately predict neural electrical activity. Each neuron in the model corre-
sponds to a neuron of the motion detection pathways in the real fly. We
parametrized unknown neuron and synapse properties and trained them
on a motion detection task from computer vision using backpropagation
through time.

Despite equal connectome constraints and task, equivalently trained
models generated variable predictions for responses of corresponding neu-
rons. We therefore trained a model ensemble to characterize predictions
statistically. Our ensemble accurately predicts neural tuning properties
across 26 studies spanning decades of experimental research. Control
experiments showed that models with full connectomic constraints and
task-optimization predict neural function best.

Using dimensionality reduction and clustering of model responses to nat-
uralistic stimuli, we found model predictions for the same neuron type
grouped into competing hypotheses across the ensemble, such as upward
versus downward motion selectivity. We found that hypotheses from the
best task-performing clusters typically matched experimental data, and
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that clustering combined with a few measurements of neural activity suf-
ficed to effectively identify correct function predictions.

Our work demonstrates how connectomes can be useful for predicting
neural circuit function when combined with task constraints and machine
learning. Our approach — parametrizing unknowns, optimizing via tasks,
and distilling predictions from a model ensemble — can be broadly applied
to end-to-end connectome-constrained modeling. We published pretrained
models and software as research tools.

In ongoing work, we develop new models and insights based on, for in-
stance, new connectome data, more realistic synapse models, neural activ-
ity measurements, and systematic evaluations of different task optimiza-
tions.
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ZUSAMMENFASSUNG

Die Konnektomik kartiert Schaltpldane auf Synapsenebene mittels Elektro-
nenmikroskopie und erstellt detaillierte 3D-Rekonstruktionen neuronaler
Netze im Gehirn. Solche Konnektom-Messungen geben jedoch keinen di-
rekten Aufschluss tiber die Gehirnfunktion — die elektrische Dynamik von
Neuronen und Synapsen — sodass ihr Nutzen fiir das Verstandnis der Re-
chenvorgédnge im Gehirn umstritten ist.

Wihrend sich die computergestiitzte Neurowissenschaft traditionell ent-
weder auf mechanistisch detaillierte Modelle kleiner Schaltkreise oder auf
Modelle konzentriert hat, die Muster aus neuronalen Aufzeichnungen ler-
nen ohne die zugrundeliegende Biologie zu simulieren, haben aktuelle
Deep-Learning-Ansitze einen anderen Weg eingeschlagen —- sie optimie-
ren kiinstliche neuronale Netze fiir anspruchsvolle Aufgaben und zeigen,
dass kiinstliche neuronale Netze dhnliche Aktivititsmuster wie Gehirnmes-
sungen aufweisen. Eine Hauptliicke bleibt jedoch bestehen: Modelle, die
mechanistische Details einzelner Neuronen mit anspruchsvoller Aufgaben-
berechnung ganzheitlich integrieren.

Wir haben ein differenzierbares neuronales Netzwerkmodell aus dem Kon-
nektom des visuellen Systems der Fliege erstellt, um zu testen, ob konnek-
tombasierte Netzwerke neuronale elektrische Aktivitdt vorhersagen kon-
nen. Jedes Modellneuron entspricht einem Neuron der Bewegungserken-
nungsschaltkreise der echten Fliege. Wir haben unbekannte Neuronen- und
Synapseneigenschaften parametrisiert und sie mit einer Bewegungserken-
nungsaufgabe aus dem Computersehen mittels Fehlerrtickfithrung durch
die Zeit trainiert.

Trotz identischer Konnektivitdtsbedingungen und Aufgabe haben gleich
trainierte Modelle unterschiedliche Vorhersagen fiir entsprechende Neuro-
ne erzeugt. Daher haben wir ein Modellensemble zur statistischen Cha-
rakterisierung der Vorhersagen trainiert. Unser Ensemble liefert genaue
Vorhersagen neuronaler Eigenschaften iiber 26 Studien aus Jahrzehnten ex-
perimenteller Forschung hinweg. Kontrollexperimente haben gezeigt, dass
Modelle mit vollstandigen konnektomischen Einschrankungen und Aufga-
benoptimierung die neuronale Funktion am besten vorhersagen.
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Mittels Dimensionsreduktion und Clustering der Modellantworten auf
naturalistische Reize haben wir {iber das Ensemble hinweg konkurrie-
rende Hypothesen fiir die Funktion desselben Neuronentyps gefunden,
wie Aufwirts- versus Abwirtsbewegungsselektivitdt. Hypothesen aus den
aufgabenbesten Clustern haben typischerweise mit experimentellen Daten
tibereingestimmt, und Clustering kombiniert mit wenigen neuronalen Mes-
sungen reicht aus, um korrekte Funktionsvorhersagen zu identifizieren.

Unsere Arbeit zeigt, wie Konnektome mit Aufgabenoptimierung zur Vor-
hersage neuronaler Schaltkreisfunktionen genutzt werden konnen. Unser
Ansatz — Parametrisierung von Unbekannten, Aufgabenoptimierung und
Destillierung von Vorhersagen im Modellensemble —- ist breit auf ganz-
heitliche, konnektombasierte Modellierung anwendbar. Wir haben vortrai-
nierte Modelle und Software als Forschungswerkzeuge veroffentlicht.

In laufenden Arbeiten entwickeln wir neue Modelle und Erkenntnisse ba-
sierend auf beispielsweise neuen Konnektomdaten, realistischeren Synap-
senmodellen, neuronalen Aktivititsmessungen und systematischen Evalu-
ierungen verschiedener Aufgabenoptimierungen.
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INTRO AND OUTLINE

Philosophers have debated the relationship between body and mind for
several millennia (Lokhorst, 2005). René Descartes proposed that a small struc-
ture near the center of the brain — the pineal gland — serves as an interface
between the physical body and an immaterial soul, a view today known as
mind-body dualism (Lokhorst, 2005; Descartes, 1948). Fast-forward to the present:
neuroscience largely rejects dualism and holds that the mind could be a
material property of the brain’s neurophysiology (Churchland, 1986), an emer-
gent property of large-scale network dynamics (Bunge, 1977; Sperry, 1980), or a
fundamental physical property of certain systems (Tononi, 2012). These philo-
sophical controversies of how the mind might be implemented converge to
a central question in empirical neuroscience research: How does the brain
give rise to behavior (Fig. 1.1a)?

To answer this central question, neuroscientists have studied the detailed
structure and function of the brain for over a century. Most fundamen-
tally, anatomists discovered that the brain is made of diverse nerve cells
called neurons (Fig. 1.1b), famously described by Cajal (Cajal & Sinchez, 1915).
Neurophysiologists measured the electrical signals traveling through these
cells (von Helmholtz, 1850; Bernstein, 1902). Others identified synapses — special-
ized nanoscopic cell structures which exchange chemicals, called neuro-
transmitters — to transmit electrical signals between neurons (Sherrington,
2023; Loewi, 1945; Kandel et al., 2000). Neurons connected via synapses form neural
networks (Fig. 1.1¢).

What mechanisms allow neural networks to orchestrate behavior? Neural
networks integrate information from different sensory modalities and pre-
vious experience, and route decisions to motor systems or other subnet-
works for further processing and refinement. The laws of biophysics, the
properties of individual neurons and synapses — such as their morphology
and molecular compositions, and their connectivity combine to a vast diver-
sity of specializations in how electrical and chemical signals travel within
neurons and neural networks to compute. However, subnetworks are usu-
ally not clearly separable, and sometimes even an individual neuron can
be central for core behavior of an animal (Ache et al.,, 2019). In general, the
computation underlying behavior using sensory signals is complex. Pro-
cessing depends not only on neuron and network properties, but also on
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INTRO AND OUTLINE

influences from neurotransmitters, glia cells, and gap junctions (Bargmann &
Marder, 2013; Scheffer & Meinertzhagen, 2021). Also the immediate internal states
such as hunger or fear (Lin et al., 2019), and stimulus properties, such as
light (Currier et al., 2023) or sound properties (Clemens et al., 2018), influence behav-
ior. While human and animal nervous systems differ in number of neurons
and synaptic connectivity, they share low-level mechanisms (Borst & Helm-
staedter, 2015; Tanaka & Portugues, 2025), molecular mechanisms (Yamamoto et al., 2014)
and high-level computational tasks (Basu & Nagel, 2024) for survival, such as
locating food, seeking mates, reproducing, and escaping threats (Fig. 1.1d).
Understanding how neural networks — from few to billions of neurons
— coordinate their activity to produce coherent behavior despite this com-
plexity remains one of neuroscience’s fundamental challenges.

To address this challenge, researchers have developed various computa-
tional approaches. Computational neuroscience uses models that are clas-
sically often theoretical (Hopfield, 1982), small but detailed (Marder & Bucher,
2007), or empirically fit to patterns of neural activity and behavior (Paninski &
Cunningham, 2018). They often enable mechanistic hypothesis generation, but
cannot compute higher-level tasks. In contrast, artificial neural networks
(ANN, also deep neural networks or DNN) from computer science, prioritize
empirical task-performance as well as architectural scalability over mecha-
nistic interpretability. Surprisingly, task-optimized convolutional neural net-
works (CNN), a class of DNNSs, trained to classify visual objects, turned out
to be a more powerful model for predicting high-level neural representa-
tions of the mammalian visual systems than models previously conceived
with detailed anatomical and physiological correspondences (Yamins et al.,
2014; Yamins & DiCarlo, 2016; Kriegeskorte, 2015).

Deep learning® presents tools to build neuroscience models more gener-
ally. While task-optimized deep neural networks are effective models for
predicting high-level neural representations also in a variety of neural sys-
tems other than the visual system (Section 2.2.6), deep learning models
also provide tools for tracking organism behavior (Robie et al., 2017; Mathis et al.,
2018) and inferring latent variables in computation from data for explaining
neural computation and behavior (Sussillo et al., 2016; Schneider et al., 2023). De-
spite these modeling advances (Mathis et al., 2024) — and the ongoing efforts
to understand DNNs mechanistically for interpretable Al (Bereska & Gavoes,
2024; Lindsey et al., 2025) — biological organisms remain unique in their abil-
ity to survive and adapt in dynamic, multimodal environments with mini-

A subfield of machine learning that uses neural networks with multiple layers to learn
complex patterns from data.
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FIGURE 1.1: From the brain to behavior. (a) Perspectives on the relationship
between mind, brain, and behavior. The uncertain mind-brain connection (left)
reflects centuries of philosophical debate, while the empirically established
brain—behavior link (right) forms the foundation of modern neuroscience research.
(b) The brain is made up of neurons (and other cells) specialized for electrical
signal transmission. Neuron morphologies vary, many have tree-like structures —
dendrites and axons — to send and receive electrical signals. Original caption: "A-
D, nerve-cells or neurons from four Vertebrate animals: A, a fish, B, a reptile, C, a
bird, D, a mammal. [...] a-e show five stages in the individual development of the
neurons of a bird. [...]". Adapted from (Thomson, 1925). (c) Example of a biological
neural network. Here, connectomic reconstruction of the fly visual system (Nern et
al., 2025). (d) Electrical signaling in networks of neurons supports computation un-
derlying behavior. Here, the electrical response of motion sensitive neurons (right)
supports detecting an approaching threat represented by the black circle (left) in-
forming the fly to escape (Card & Dickinson, 2008). Motion sensitive neurons respond
selectively to the motion direction, with large depolarization to preferred direction
motion (here up) and no depolarization to null direction motion (here down).




INTRO AND OUTLINE

mal energy and often remarkably few neurons. Discovering how with mod-
els offers access to unique scientific challenges and opportunities. These
results suggest that task-optimized DNNs represent plausible models of
neural computation underlying behavior. However, the field lacks models
that achieve single-neuron correspondence with real networks while being
mechanistically realistic and solving high-level tasks. Can we build accu-
rate models of neural and behavioral computation of organisms that inte-
grate neural network structures, single-neuron mechanisms, and high-level
tasks (Fig. 1.2a)?

The key structural property one might wish to reproduce in a precise neural
network model of a brain is the connectome because it determines much
of the brain’s dynamic electrical signaling (Section 2.3.2). The connectome
represents the measured neurons and synaptic connectivity of the brain
(Section 2.3.2). Today, many connectomic measurements of small to large-
scale and whole-nervous systems of animals exist (White et al., 1986; Jarrell et al.,
2012; Cook et al., 2019; Witvliet et al., 2021; Zheng et al., 2018; Scheffer et al., 2020; Dorkenwald
et al., 2024; Hulse et al., 2021, Wanner et al., 2016; Hildebrand et al., 2017, Svara et al., 2022;
Bock et al., 2011; Helmstaedter et al., 2013; Oh et al., 2014; Motta et al., 2019; Loomba et al., 2022;

Kasthuri et al., 2015; Shapson-Coe et al., 2024).

This leads us to the main goal addressed in this thesis: Can we use a con-
nectome (Fig. 1.1¢) to build a computational model that captures dynamic
computations of real neurons across a whole neural network with a task-
training approach (Fig. 1.2b)?

Theoretically, it is unclear how well a connectome can constrain network
computation. The connectome has no direct information of biophysical
parameters of neurons and synapses. Moreover, we know that different
network parameters can compute similar functions with the same network
connectivity (Prinz et al., 2004), but that the same network can approximate
different functions too (Hornik et al., 1989). The whole-nervous system of
C.elegans, with 302 neurons, has been mapped several decades ago (White
et al., 1986) (Section 2.3), but scientists struggled to replicate animal behavior
in a model because crucial molecular, biophysical, and contextual informa-
tion was missing. This fueled a debate between scientists around whether
mapping connectomes was worth the cost (Jabr, 2012).

In this work, we address the question: What can we learn from a connec-
tome by combining dynamical system modeling (Section 2.1 and 2.2.4),
with a connectome measurement (Section 2.3.2), and a specified high-level
task with tools from deep learning (Section 2.2). The interdisciplinary ap-



INTRO AND OUTLINE

a b

goal: interpretable model

computer science AV
[ behavior ]
neuroscience ] Av

[ computation ]

g

ssse
®
v

Teeeeseese

¥ top-down constraint u /
Qi — ek g
Wij 4 Wij — A, AE

FIGURE 1.2: Synergy of task-optimized neural networks and neuroscience-
constrained modeling. (a) Neuroscience and computer science provide comple-
mentary constraints for building interpretable models: Top-down constraints (red
arrows) from computer science guide parameter optimization for task perfor-
mance, while bottom-up constraints (black arrows) from neuroscience ground
models in biological plausibility, from neurons up to behavior. (b) Example task-
training approach to capture behavioral responses to a stimulus. An artificial neu-
ral network (left) computes a behavioral escape response of a virtual fly to a loom-
ing visual stimulus (right). The initial network weights wi; produce an incorrect
response (light red arrow). Task-training adjusts the weights via gradient-based
updates (wij < wyij — AawijAE), reducing the task error AE over successive trials.
After training, the network produces the correct escape behavior, mimicking the
biological system.

proach results in a model that we call deep mechanistic network (DMN, Sec-
tion 2.4). Specifically, we built a differentiable neural network model con-
strained with the connectome of the motion-detection pathway of the fruit
ﬂy (Rivera-Alba et al., 2011; Takemura et al., 2015; 2017; Shinomiya et al., 2019; 2022) as a
continuous-time convolutional recurrent neural network on a graph. We
parametrized unknown neuron and synapse properties of the model and
then trained the neural network to compute motion in dynamic visual
scenes using the deep learning dataset Sintel (Butler et al., 2012) using back-
propagation through time. Afterwards, we compared dynamic computa-
tions predicted by the model to experimental measurements published over
the last two decades (Section 2.3.3).

We first found that, despite equal constraints from connectome and task,
equivalently trained models produced different predictions for responses
of corresponding neurons. Therefore, we trained an ensemble of models
to characterize predictions statistically. We found that the model ensem-
ble accurately captures single-neuron activity across the fly visual system,
recapitulating experimental measurements from 26 studies. The model pre-
dicts neural responses of motion detecting T4 and T5 neurons, critical to
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animal behavior. Models combining full connectomic constraints and task-
optimization agree with known neural function best.

We used dimensionality reduction and clustering of model responses to
naturalistic stimuli to explain the variability across the ensemble. We found
that individual model predictions from the ensemble for the same neuron
type typically cluster into competing hypotheses. For instance, some mod-
els predict downwards motion selectivity while others predict upwards
motion selectivity for the same neuron. Ranking models and clusters by
task-performance and evaluating the best task-performing models, or com-
bining clustering with knowledge of a few measurements of neural activity,
typically resulted in correct function predictions in spite of model degen-
eracies.

Our results demonstrate that a connectome combined with task-training
is useful for model-driven prediction of detailed neural computation. Our
DMN approach can be broadly applied to use connectome measurements
for end-to-end modeling of neural computation and to support addressing
the significant remaining challenges for modeling the entire fly compre-
hensively (Scheffer & Meinertzhagen, 2021). We published our results, model, and
software as ressources for the community (Lappalainen et al., 2024).

THESIS OUTLINE

In this thesis, I address the question of whether we can build accurate mod-
els of neural computation that integrate neural network structures, single-
neuron mechanisms, and high-level tasks using deep learning. I present
the modeling approach we developed, the deep mechanistic network, and
demonstrate its application to the fly visual system connectome, showing
that our model can predict single-neuron dynamics from connectomic re-
constructions and a motion-detection task.

This thesis is structured as follows:

¢ Chapter 2 provides computational and biological background.

In the first half (Section 2.1 and 2.2), I establish the computational neu-
roscience background supporting our work and the mathematical re-
lationship of our simplified neuron model for connectome simulation
to a detailed Hodgkin-Huxley-type neuron model for a grounding
in established mechanistic biophysical models. Then I introduce the
roots of deep learning and basic architectures to establish that our
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neuron model type simultaneously corresponds to the continuous-
time limit of recurrent neural networks — widely used in deep learn-
ing for sequence tasks — but that the network structure of the fly
visual system does not resemble typical deep neural network archi-
tectures. I introduce backpropagation for task-training and review
task-training approaches to neuroscience modeling. Last, I bring prob-
abilistic deep learning into perspective for formally addressing the in-
verse problem of predicting neural parameters and individual neural
function from a connectome and high-level task.

In the second half (Section 2.3 and 2.4), I motivate the fly as the
right modeling organism for developing new modeling knowledge
and tools. Then, I introduce the fly visual system connectome and
known functional properties of neurons in this system. Eventually, I
summarize what we knew before and after conducting the research
described in this thesis, culminating in the methodological approach
of the deep mechanistic network for end-to-end modeling and analy-
sis of structure and function using connectomes and deep learning.

Chapter 3 presents our main collaborative results in form of the pub-
lic and printed peer-reviewed journal article (Lappalainen et al., 2024).

Chapter 4 explores partially ongoing follow-up work aimed at build-
ing better models.

I project modeling insights onto requirements for building new con-
nectome constrained models of the fly, point out major modeling chal-
lenges, and summarize goals from ongoing collaborative work for
building more realistic models. Next, I explain heuristics and chal-
lenges we encountered for model optimization in the context of the
main work, and recapitulate software and infrastructure requirements
and insights, for emphasizing requirements to scale the modeling re-
search effort.

Chapter 5 considers further questions for interpreting relationships
of structure and function with a connectome-constrained model.

I first address the question of the importance of connectome and
high-level task constraint for predicting neural function accurately,
summarizing our insights from the main work. I briefly recapitulate
our results in context of the (subjectively intriguing) question of task-
optimality of connectomic constraints. Next, I point out challenges for
establishing model corresponding in face of experimental variability.
Then, I analyse the ensemble variability on a higher level, demon-
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strating our tools to characterize the entire functional space across
cells that a model ensemble predicts. Finally, I briefly sketch a proba-
bilistic inference framework with DMNs aimed towards formalizing
modeling and making experimental measurements in a closed-loop.

¢ Chapter 6 concludes with a summary, discusses the broader impli-
cations and limitations of this approach in context of other research,
and outlines future directions.

DMNs integrate mechanistic neuron models with task-training using tools
from deep learning and connectome measurements. This work assesses
whether a connectome can predict neural dynamics that are relevant to be-
havior and to offer a general strategy to create and interpret mechanistic
models of neural systems with connectomes and machine learning. Our ap-
proach allows building predictive models for any organism with a mapped
connectome with machine learning, potentially accelerating and detailing
our understanding of how neural structure gives rise to computation and
ultimately behavior through model-driven systems neuroscience research.



CONTEXT AND EXISTING THEORY

This chapter establishes the multidisciplinary background ranging from
neuroscience to machine learning research that underpins the deep mecha-
nistic network.

2.1 A COMPUTATIONAL MODEL FOR CONNECTOME SIMULATION

Computational neuroscience addresses the gap between neurophysiologi-
cal and behavioral mechanisms quantitatively for an understanding that
manifests in mathematical principles and results in hypothesis-generating
theory for more than a century (Dayan & Abbott, 2005; Gerstner et al., 2014). To-
day’s mathematical formalisms trace back through several important mul-
tidisciplinary insights. To name a few: Bernstein (1902) proposed the mem-
brane hypothesis, explaining how ionic gradients across the neuron mem-
brane contribute to electrical neural signaling (Fig. 2.1a). Louis Lapicque
(1907) introduced the leaky integrate-and-fire neuron model, a threshold-
based, spike generating mathematical model of electrical signaling in neu-
rons (Abbott, 1999). In the 1930s, Kenneth Cole and Howard Curtis demon-
strated they could measure the conductance changes during action poten-
tials in the squid’s giant axon with electrical feedback control circuits (Cur-
tis & Cole, 1938). These insights culminated in the Hodgkin-Huxley neuron
model (Fig. 2.1b), a system of differential equations that predicted the pre-
cise biophysical mechanisms generating action potentials in the giant axon
of a squid (Hodgkin & Huxley, 1952). Models like Hodgkin-Huxley and leaky
integrate-and-fire neurons form the backbone of theoretical neuroscience:
The insights and theory underpins not only specialized mechanistic circuit
modeling based on first principles to interpret scientific discovery (Marder &
Bucher, 2007; Turner et al., 2008; Gruntman et al., 2018; Groschner et al., 2022; Romani & Tsodyks,
2015), but also landmark initiatives that pursue large-scale simulations of
mechanistic neural networks (Markram et al., 2015; Billeh et al., 2020). Mechanistic
circuit models of neural circuits, such as the stomatogastric ganglion (Marder
& Bucher, 2007) or the Drosophila motion detection circuit (Gruntman et al., 2018;
Groschner et al., 2022), demonstrate how models can match detailed biological
computation in highly interpretable systems.
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2.1.1  From neuron biophysics to conductance-based neurons

I briefly explain the biophysics of a neuron to derive the computational
neuron model of the main work (Section 3.5.3) from a detailed Hodgkin-
Huxley-type, conductance-based neuron model. I explain the reductionist
approach leading to the precise system of differential equations — one of
several applicable choices — describing our connectome-constrained net-
work model. In the main work’s methods section I did not use the same
detail as in this derivation, but I find it worthwhile to attempt closing the
derivation gaps in context of existing work, because this knowledge re-
mains fundamental for the naive reader and in follow-up research.

Within the body, electrical signals travel between physical compartments
in the form of charged elements that exist in solution, like sodium (Na™),
potassium (K%), or chloride (Cl7). Fundamental electromagnetic forces
cause attraction between charges of opposite polarity and repulsion be-
tween particles of the same polarity, following Coulomb’s law (Coulomb,
1785). More generally, charged particles move along gradients of the electric
potential (Griffiths, 2023). Moving charges create currents.

The neuron is a cell that specializes in electrical signal messaging through
currents. The neuron’s membrane controls electrical currents as they pass
as signals through the cell (Fig. 2.1a). The membrane maintains charge
imbalances between the inside and the outside of a neuron, and thus an
electric potential called membrane potential, by using energy to pump posi-
tively charged ions into the extracellular solution (Kandel et al., 2000). Simulta-
neously, the membrane implements ion channels that allow selective influx
of charged particles along the gradient of the membrane potential.

The neural membrane acts similar to a capacitor: It stores charges Q = CV
across its lipid-bilayer and maintains a membrane potential or membrane
voltage, V. Currents I¢ flowing through the membrane (dis-)charge the ca-
pacitor:

I[c=Q=CV.

Note, that I will mostly use the shorter dot-notation for time-derivatives
X = %. The membrane capacitance C measures how much charge the mem-
brane can store per unit voltage.
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The neural membrane has specific ion channels. Specific channel types con-
duct specific ion types, like sodium (Na™), potassium (K"), or chloride
(CI7). The current through an ion channel, following ohmic behavior, is

Iion = QIon(V — Vion)-

The channel conductance gion = gion(t, V), measures the variable amount
of current that flows per unit voltage nonlinearly as a time-varying function
of membrane voltage and other synaptic mechanisms. The channel-specific
reversal potential Vjo,, determines at which voltage the ion current will be
zero.

Small neurons can be idealized as points, called point neurons, because their
membrane voltage is approximately the same across each patch of their
membrane. Approximating the neuron as a point neuron, by Kirchhoff’s
law, the total current flowing in and out of the cell adds up to zero. An
external current source I, a membrane leak current I = (Vrest — V)/R,
and ionic currents } ;. dion(V — Elon), charge the membrane potential as:

Vrest - V

CV = R

+ Z gIon(EIon —V)+1

Tons

We generalize to N synaptic inputs with their own time-varying, nonlinear
conductances gy, ..., gn, and reversal potentials Ey, ..., En:

Vet —V
C\/:%JFZQJ-(EJ-—V)JJ
j

An equivalent electrical circuit with basic electronic elements represents
the dynamic behavior of this differential equations accurately and makes
the biophysics of neural computation accessible through the lens of signal
processing theory (Fig. 2.1b) (Hodgkin & Huxley, 1952; Koch, 2004). The original
Hodgkin-Huxley model represents the case of current flow from sodium
and potassium ions, and describes channel conductances as time-varying,
nonlinear functions of the membrane voltage with mathematical terms that
represent molecular mechanisms of channel opening and closing (Hodgkin &
Huxley, 1952).

11
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FIGURE 2.1: Reduction of neural signal processing. (a) A lipid-bilayer structure
embedded with ion channels forms a passive neuronal membrane. Ionized ele-
ments, like sodium (Na™), potassium (K), or chloride (Cl ™) exist in intracellular
(bottom) and extracellular (top) solution around the membrane. The membrane
regulates current flow through channels, which causes changes in membrane volt-
age. Lipid-bilayer generated by Dall-E (OpenAl), 2025 (OpenAl 2025) and edited in
illustration program. (b) A conductance-based neuron model (Hodgkin-Huxley
type). The membrane voltage V, changes as a function of input currents I, leak
currents (Viest — V)/R, and time-varying, nonlinear synaptic currents, character-
ized by the synaptic conductances gj, and synaptic reversal potentials Ej. (c)
A current-based neuron model. The synapse inputs can be reduced to current
sources [ = g;E;j, if the synaptic reversal potential is large compared to the change
in membrane Voltage (Koch, 2004; Shriki et al., 2003; Miller & Fumarola, 2012).

2.1.2 From conductance-based neurons to a continuous-time RNN

In a neural network, the voltage of each neuron i can follow the same
mathematical equation:

. Vrest _
CiVi = ZQU ij— Vi) + L. (2.1)

This model grants each neuron i individual capacitance values C;, leak
resistances R;, interactions g;; and Ey;, and external inputs I; to flexibly ac-
count for neuron-to-neuron functional differences. Conductance variables
gij, and reversal potentials Ej; are synaptic parameters, representing con-
tributions from presynaptic activity of neuron j to postsynaptic voltage
of neuron i. We will see later, that with connectome constraints a param-
eter distinction on neuron-type level, instead of neuron level, suffices to
accurately model the fly visual system. This reduces the required num-
ber of individual neuron parameters to the number of neuron types, and
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the number of required individual synaptic parameters to the number of
neuron-type-to-neuron-type connections (Section 3.2.1).

One can approximate the synapse inputs as current sources under different
assumptions (Koch, 2004; Shriki et al., 2003; Miller & Fumarola, 2012), for instance by
assuming the synaptic reversal potential is large compared to the change
in membrane voltage (Fig. 2.1¢):

B Virest -V

CiVi Ri -+ ; gijEy + L.

We multiply with leak resistance R; to simplify the formalism: We substi-
tute the resulting terms with t; = C;{R; a membrane time constant; relative
conductances yi; = gijR;, a unitless measure of synaptic strength; and the
voltage potential e; = I;R; created by external input currents:

Tivi = Virest —Vi+ Z VijEij + e;.
j

Finally, we reinterpret the synapse interaction. We substitute yiEy =
wijf(V;), with threshold nonlinearity f and synapse strength wj;. This
model describes nonlinearly varying voltage inputs at synapse ij as a
function of presynaptic voltage f(V;), representing presynaptic neuro-
transmitter release. Here, f(V;) has units of neurotransmitter release rate
(vesicles/s), so wy; has units of V-s/vesicle to ensure the product results in
voltage input. The synapse strength wj; is positive for depolarizing current
inputs and negative for hyperpolarizing current inputs:

Tivi = virest —Vi+ Z Wijf(v)') + ej.
j

In the next section, I will introduce neural networks formulations from
computer science and seize the opportunity to approach the same bottom-
up derived result (from single biophysically grounded neurons to neural
networks) from the top-down perspective of computer science neural net-
works (from neural networks to single biophysically grounded neurons).

13
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2.2 FROM NEUROSCIENCE TO DEEP LEARNING AND BACK

Deep learning combines neural network architectures with optimization al-
gorithms to identify function approximators from data on well-defined
computational tasks. The foundations of modern deep learning were laid
out in the mid-twentieth century at the intersection of different research
tields, including neuroscience, cognitive science, psychology, mathematics,
numerical analysis, and electronics. McCulloch and Pitts (1943) developed a
tirst mathematical framework for the logical operations underlying electri-
cal neural activity. Rosenblatt (1958) developed the Perceptron, a neural net-
work capable of linearly separable binary classification. Inspired by a sin-
gle neuron, it possesses sensory units to receive inputs, association units to
mix inputs, and response units to send outputs. In his later book, Rosenblatt
(1962) detailed a comprehensive perceptron framework and forshadowed
later advances in the field, including the multilayer perceptron (MLP)*, an
advancement that introduced hidden layers. Yet, Rosenblatt’s networks were
limited in their capability to learn parameters for practical applications. Al-
gorithmic learning in neural networks became a new research focus (Widrow
& Hoff, 1960; Minsky & Papert, 1969)*. The introduction of the modern gradient-
based parameter-update algorithm, called backpropagation, a reverse-mode
automatic differentiation algorithm (Linnainmaa, 1970; Werbos, 1974), and its ap-
plication to MLPs represents one of the most important inflection points in
artificial intelligence (AI) research, and made neural networks with hidden
layers broadly applicable as function approximators (Rumelhart et al., 1986). To-
day’s MLPs theoretically approximate any well-behaved and bounded func-
tion (Hornik et al., 1989; Cybenko, 1989), and are indispensable building blocks of
mainstream machine learning applications such as large language mod-
els (Vaswani et al., 2017). Moreover, different neural network architectures can
compute the same function (Goodfellow et al., 2016), using different computa-
tional mechanisms (Raghu et al., 2021).

Today, MLPs are also called fully connected feedforward neural networks and use a large
variety of nonlinear activation functions, not only the originally used Heaviside-step func-
tion.

I will now use the term training instead of learning for a clean separability to learning in
animals.



2.2 FROM NEUROSCIENCE TO DEEP LEARNING AND BACK

2.2.1  The fly visual system is no feedforward MLP

"The theory to be presented here is concerned with a class of "brain
models” called perceptrons - By "brain model” we shall mean any theo-
retical system which attempts to explain the psychological functioning
of a brain in terms of known laws of physics and mathematics, and
known facts of neuroanatomy and physiology.”  — Rosenblatt (1962)

To cover the foundations, I introduce a modern form of Rosenblatt’s MLP
architecture in a non-formal way. Because our mechanistic network oper-
ates at the level of single fly neurons, to warm up in preparation for it, we
benefit from an explicit, and flexible per-neuron formulation of the MLP in
addition to the matrix notation commonly used in machine learning.

It is enough to refer to a supervised learning problem here: Given a dataset
of S input-output pairs {Xs,ys}_;, we look for a neural network ¢, and
its parameters 0 such that ys; ~ ¢g(x;) Vs. For other machine learning
problems neural networks can be applied to see for instance Bishop and
Nasrabadi (2006) or Goodfellow et al. (2016).

An MLP is a parametric function ¢g : R — R"t mapping inputs x €
R™ to outputs y = dg(x) = h!l) € R™, where L is the number of layers.

In matrix notation:

h® =x (sensory layer or input)
h'Y = WOFED(RIED) 4 plY (association or hidden layer)
0 = f(“(h“)), ¢=1,...,L (activation or response)

h£0) =X (sensory layer or input)
hY = Z w(e)f(e_”(h((*”) +p0 (association or hidden layer)
i = ij j i y
j
¥ = f(e](hm) t=1 L (activation or res
i i) =1,...,L ponse)

Neuron indices run from i = 0 to the total number of neurons in the net-
work N = ZLL:o 1. The trainable parameters are 6 = {W“),b(e)}%:r wi =
[wi(je)] € R"*M=1 describes connectivity (usually fully connected), signs,

and connection strengths, and abstracts biological synapses. b(!) = [bga] €

15
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R™¢, usually referred to as bias, describes a constant offset. f . RS R
applies an element-wise (usually nonlinear) activation function. The MLP
architecture is feed-forward because signals pass from layer { = 1to { =L
without returning connections. The original perceptron is the special case
in which L = 1 and f(!) is the Heaviside-step function. Neural networks
with more than one hidden-layer are called deep neural networks.

In single-neuron notation it is important to think of the network as rep-
resented by a graph, a table of nodes for neurons and a table of edges
for synaptic connections between nodes, which in practice efficiently rep-
resents models with sparse brain connectivity. Later, this type of notation
simplifies mathematical expression of the inclusion of granular neuron(-
type) specific constraints and of the mechanistic interpretation of single-
neuron computation (Section 2.4). One can establish the correspondence
to the mathematical form of graph neural networks known from machine
learning (Bronstein et al., 2021).

Of course, an MLP is not a good model for the fly visual system because the
fly visual system structure diverges from an MLP structure in several im-
portant properties even on a high-level, such as sparsity, lateral and recur-
rent connectivity (Fig. 2.2 a vs. ¢), morphological detail, and its crystalline
architecture. Convolutional neural networks have a crystalline architecture
and in the next section I cover convolutional neural networks.

2.2.2  The fly visual system is no conventional CNN

Fukushima and Miyake (1982) introduced the Neocognitron, a precursor of
the modern convolutional neural network, that, inspired by the hierarchical
and repetitive structure of the visual cortex found by Hubel and Wiesel
(1962), performed strongly in recognizing visual patterns. LeCun et al. (1989)
popularized the modern form of the convolutional neural network, and
trained it using backpropagation to do handwritten digit classification.
Krizhevsky et al. (2012) extended this architecture to large-scale object classi-
fication across a huge image database (ImageNet), marking another turning
point for deep learning in computer vision.

CNN s are specialized for processing images, high-dimensional inputs with
local structure. Each neuron in a CNN processes a local patch of the previ-
ous layer (its receptive field) using a shared set of weights (called a convolu-
tional filter or kernel). Equivalent to the MLP, a typical CNN separates into
feedforward layers. Each CNN layer consists of multiple channels, where
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each channel applies a distinct filter over the input. Weight sharing intro-
duces translation equivariance because the same computation is applied
locally across spatial positions. CNN layers therefore tile identical feedfor-
ward subcircuits across the input domain for efficient, translation equivari-
ant parallel computation.

We can adapt the single-neuron notation of the MLP to reflect the
parameter-sharing feature of CNNss.

0 .
h§ ) _ Xi (input)
hg') = Z WE?C]- f“*”(hj“*”) +b((:? (convolutional layer)
JENC,
ri(e) = f[[’)(hg’)), ¢(=1,...,L (activation)

We assign each neuron i to a channel c;. N, is the set of presynaptic neu-
rons j belonging to any receptive field of neurons i of channel c;. Connec-
tions from neurons of channel c; to c; share a parameter wg)cl Postsynaptic
neurons i share biases b¢,. The convolutional filter defined by input from
presynaptic neurons from channel j Nci,cj, with Nci,cj C N¢; C Nis a small
subset of the total set of neurons, inducing sparsity in network connectiv-
ity. Such local filter banks and parameter sharing reduces the number of

trainable weights in CNNs notably in comparison to the MLP.

An important finding at the intersection of neuroscience and Al is that
CNNs trained on large image databases to classify objects capture rep-
resentations of mammalian vision accurately (Yamins et al., 2014). Important
for our model is that connectivity in the fly visual system can be well-
approximated by average connectivity, resulting in convolutional filters, be-
cause of the crystalline character of the system (Takemura et al., 2015; Seung,
2024) (Section 2.3.2). Vice versa, in CNNs, channels can be viewed as neu-
ron types that share the same receptive field structure and identical filter
weights.

While both MLPs and CNNs capture key high-level structural properties of
the fly visual system, besides many details such as morphology, anisotropy,
and diversity of neuron types, they lack lateral and recurrent connectivity
(Fig. 2.2 b vs. c). Recurrent connectivity enables a neuron that is downstream
in a network to send feedback to a neuron that is upstream. We continue
with covering recurrent neural networks (RNNs).

17
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2.2.3  The fly visual system is no discrete RNN

An RNN’s intermediate output depends not only on the intermediate in-
put, but also on past inputs. This property is essential for modeling dy-
namical systems that depend on context information, like language, mo-
tion, or brain activity. Amon other early works, Wilson and Cowan (1972)
present a neural network model based on firing rates rather than individ-
ual spikes of neurons, which can be seen as neuroscientific foundations of
the RNN. Hopfield (1982) developed RNNs with content-addressable mem-
ory and demonstrated they could be trained with Hebbian learning. Jor-
dan (1986) and Elman (1990) expanded RNN theory in general, and trained
RNN variants on speech production with backpropagation. Many differ-
ent RNN variants exist today (Hopfield, 1982; Jordan, 1986; Elman, 1990; Hochreiter &
Schmidhuber, 1997; Cho et al., 2014; Orvieto et al., 2023). Importantly, RNNs are univer-
sal function approximators for dynamical systems (Funahashi & Nakamura, 1993;
Schiffer & Zimmermann, 2007). 1 will start here with describing discrete RNNs,
like the Elman-type RNN, central to machine learning foundations, and
then move on to continuous-time RNNs in the next subsection, central to a
lot of work in computational neuroscience.

A basic discretized RNN maintains a hidden state vector h, = [h;(t)] €
RN, which is typically initialized as h(0) = o and updated over discrete
steps t = 1,2,...,T using a recurrence relation. The state of an RNN at
discretized time t, at the resolution of single neurons, can be described by
the equation

N D
hi(t) = Z wyf (hj(t — ])) + Z ui]-xj(t) + bj.
j j

W = [wy] € RNV*N represents network connectivity and U = [uy] € RN*P
transforms D-dimensional data to inputs to hidden neurons. The biases
b ¢ RN are constant offsets and f represents a nonlinear activation func-
tion. Elman-type RNNs apply the activation function outside of the right-
handside term. One can achieve this by substituting with z;(t) = f(h;(t))
and applying f to both sides. Besides, discretized RNNs unrolled over time
are equivalent to MLPs of T layers with shared weights and added inputs
Ux(t) per hidden layer t.

To process spatiotemporal data like videos, RNNs can additionally be com-
bined with parameter-sharing principles of CNNs. One can think of such
convolutional RNNs as an expansion of MLPs which apply weight sharing
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across time and locally across space. A single-neuron in such a network
evolves according to:

D
= > Wegf (Nt =T1)) + D wipy(t) +be
j

jENCi

This discretized recurrent neural network model still abstracts away the
timescales and decay of dynamic neural computation. In the absence of in-
puts, it just integrates offsets. Real neurons maintain a constant membrane
voltage through ion pumps instead. In 2.1, we already established a class
of current-based RNNs from electrophysiology in continuous-time. Next, I
will show you that one can derive the equivalent equations from the dis-
cretized RNN to anchor the DMN simultaneously in electrophysiology and
machine learning.

2.2.4 Continuous-time RNNs bridge biophysics and ML

For many years, researchers use continuous-time recurrent neural networks
(CTRNN) as mechanistic models for the study of dynamical neural net-
work behavior. CTRNNSs serve theoretical insights and the construction
of bridges between theory and empirical observations of neural activity
and behavior (Prinz et al., 2004; Amarimber, 1972; Hopfield, 1984; Sompolinsky et al., 1988;
Beer, 1995; Kleinfeld & Sompolinsky, 1988; Seung et al., 2000; Vogels et al., 2005; Rajan et al.,
2010; Sussillo & Abbott, 2009; Sussillo & Barak, 2013; Mante et al., 2013; Sussillo, 2014, Pan-
darinath et al., 2018). Funahashi and Nakamura (1993) coined the modern term
continuous-time recurrent neural network and showed they are universal
approximators of dynamical systems. In ML, CTRNNs without inputs are
also known as neural ordinary differential equations (neural ODE) (Chen
et al., 2018), whereas CTRNNSs with inputs are known as neural controlled
differential equations (neural CDE) (Kidger et al., 2020).

We can convert discrete RNNs to continuos-time to anchor our DMN in
machine learning fundamentals. Starting from the update

ZWU hi(t—1)) +Zul)x]
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FIGURE 2.2: Neuron-type level comparison of conventional neural network con-
nectivity vs. connectome constraints. (a) Ad-hoc feedforward neuron-type con-
nectivity derived by clustering neurons based on their input and output weights
in the fully connected 768x768 query matrix of the first attention layer in pre-
trained BERT (Bidirectional Encoder Representations from Transformers) (Devlin
et al., 2018), into 8o connectivity-defined neuron types. Blue (red) indicates weights
with positive (negative) sign; square size encodes the average inter-type weight
magnitude (arbitrary units). (b) Channel connectivity (analogous to neuron-type
connectivity), computed by averaging spatial kernel weights between input and
output channels across the first 8o channels in the first two convolutional layers
of pretrained AlexNet (Krizhevsky et al., 2012). Blue (red) indicates positive (negative)
weights; square size represents the channel-averaged weight magnitude. (c) Empir-
ically determined connectivity between 64 anatomically defined neuron types in
the fly visual system, based on total synapse counts from all presynaptic neurons
of one type to postsynaptic targets of another (Section 3.5.1). Blue (red) denotes
putative hyperpolarizing (depolarizing) inputs; square size indicates total synapse
count.

we subtract hi(t — 1) from both sides, reintroduce the discretization step
At = 1, and multiply the left handside with z = 1:

hi(t) —hi(t —At)
At

Ti = —h;(t — At) +Zwijf(hj(t_At)) —f—Zuinj(t) + b;.
j j
*)
In the finite difference limit At — 0, we obtain

N D
Tihi(t) =—hy(t) + Z Wi]'f(hj (t)) + Z LL‘L]'XJ'(’[) + bj.
j j

Doing the reverse (discretizing) is known as the explicit Euler method,
which is standard practice for numerically approximating the integral of
a differential equation on digital computers. The remaining difference of
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the discretized continuous-time RNN to the discrete RNNs typically used
in ML (Elman-type and others) are discretization steps At, and time con-
stants ;.

The influence of these parameters on the dynamic updates becomes clear
when rearranging the previous discrete equation (*). We obtain

haft) = (1= it — At + 5 5 vyt — AU+ 3 w0+ by
1 ) ]

The bounded fraction 0 < % < 1 determines the ratio of decay versus
the ratio of input for the next update of neuron i. In discrete-time RNNs
At — 1, and thus the decay is zero, whereas the input is maximal. From
that follows that in continuous-time RNNs, neurons with At < T; can de-
cay slower and maintain longer memory. Generally, CTRNNs with T; per
neuron can combine variable timescales for computation. The theoretical
and neuroscientific relevance of timescales is its own field of study (Zeraati
etal., 2024).

Let me finally close the loop to electrophysiology: In Section 2.1, we derived
T Vi(t) = VISt — Vi (1) + Z wiif(Vi(t)) + ei(t)

from a Hodgkin-Huxley-type neuron model. Mapping state symbol
hi(t) — Vi(t), bias or leak respectively b; — V{eSt, and external input
Z]- uijxj(t) — ei(t) provides equivalence between both equations.

In general, CTRNNSs are systems of ODEs parametrized by 0 with input:
hi(t) = go(h(t),x(1).

Because the CTRNN ODE is simultaneously the continuous limit of mod-
ern RNNs (neural CDE) and a legitimate reduction of biophysics falls
within that category, such networks are expressive machine learning tools
and reasonably mechanistically interpretable. However, for detailed mecha-
nistic interpretability for neuroscience one would require a model of every
single neuron of the portion of the brain one wants to model. Fixing the
weight matrix of such a network W = [wy] to the fly connectome (subsec-
tion 2.4) lets us make such a model mechanistically interpretable at single-
neuron resolution, because each neuron and each parameter retains phys-
iological meaning. However, this works not without a caveat because we
have no access to neural parameters such as the precise synaptic strengths,
membrane time constants, and resting potentials.
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2.2.5 The power of backpropagation

The application of backpropagation (backprop) (Werbos, 1974) to neural network
architectures such as MLPs (Rumelhart et al., 1986), CNNS (LeCun et al., 1989), and
RNNSs (Werbos, 1990) mark inflection points in Al research. What makes back-
prop so important?

Backprop determines the parameters in a neural network that allow it to
accurately compute output y, from input x. Initially, researchers randomly
initialized neural network parameters and algorithms adjusted last layer
parameters depending on the error between the network’s output and the
desired target (Rosenblatt, 1962). However, deeper architectures to solve more
complex tasks required training algorithms that could adjust each individ-
ual parameter of the network.

Backprop is a solution to this credit assignment problem: How much does
each individual parameter in a deep neural network contribute to the net-
work’s output?

Again, given a dataset of S input-output pairs {xs,ys}>_;, we look for pa-

rameters 0 of a neural network ¢ such that ys = dg(xs) ~ ys Vs. The loss
L : R*t — R is a function that measures how far the prediction ¥ is from
the true target ys, for instance Ly = ||§s — ys|/2- Backprop computes the
gradient

oLs 0oLs 0ys

00, 0y, 00,
through the entire network with the chain rule. The gradient points into the
direction of the minimum value of L.

Parameters are then updated after each presentation of a pair of training
data, stepping towards the direction of the minimal loss. This is called

gradient descent:
oL,

00s”

where 1 is the learning rate, controlling the size of the step. Repeated gradi-
ent descent over many input-output pairs improves the network gradually.
In practice, the dataset is shuffled such that random pairs of training data
are presented to avoid that the training algorithm picks up any unwanted
structure in the dataset. This is called stochastic gradient descent.

eer] < 9s—ﬂ‘

The chain rule allows step-wise backwards computation of the derivates
through the computational graph for automatic differentiation, which is
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now a standard tool broadly available through libraries like Pytorch and
Jax (Paszke et al., 2017; Bradbury et al., 2018).

Backprop allows neural networks to learn hierarchical transformations
from input to output. In principle, it can be applied to learn the pa-
rameters of any differentiable function, such as deep neural networks
with many layers or recurrent neural networks. Training recurrent neural
networks requires backpropagation through time (BPTT) (Werbos, 1990).
However, analysis shows that gradient computation through time involves
exponentiating the weight matrix T times (Pascanu et al., 2013), which can
cause gradients to vanish or explode, depending on the properties of the
weight matrix. This makes optimization over long sequences challenging.

Critically, backprop requires large amounts of data, that accurately repre-
sent the input and output distributions, to incrementally move parameters
towards a minimum that is also representative of unseen data. This shows
in the fact that other landmarks in deep learning research are represented
by the curation of large task-specific datasets in domains like computer
vision (Krizhevsky et al., 2012; Deng et al., 2009; Radford et al., 2021), motion percep-
tion (Butler et al., 2012; Dosovitskiy et al., 2015), and text understanding (Vaswani et al.,
2017; Devlin et al., 2018; Mikolov et al., 2013; Radford & Narasimhan, 2018).

In contrast, the brain brain comes with a wiring that already reflects
adaptation to the natural environment and it uses a variety of biological
mechanisms for learning. Co-activation of neurons can lead to measurable
changes in local connection strength (Hebb, 1949; Bliss & Lomo, 1973), such
synaptic plasticity depends on spike-timing (Bi & Poo, 1998; Abbott & Nelson,
2000; Caporale & Dan, 2008), and on top of that neuromodulatory signals
strongly alter circuit function (Marder, 2012). While such brain mechanisms
may approximate error-driven learning (Richards et al., 2019; Lillicrap et al., 2020),
backpropagation remains an engineering solution rather than a neurosci-
entific theory. More important for the deep mechanistic network here is
that backpropagation can be used as a tool to train neuroscience models
with many parameters.

2.2.6 Deep learning is a tool for neuroscience

Neuroscience circuit models often curate mechanistic detail to reproduce
specific computations observed in simple nervous systems (Prinz et al., 2004),
similar to how early artificial intelligence research attempted implementing
intelligence function-by-function (Marr, 1982). These bottom-up approaches
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remain central for interpretability and scientific explanation. Yet, alone,
they cannot scale to the thousands to billions of neurons and parameters in
the brain necessary for high-dimensional, hierarchical computation. Here,
top-down optimization approaches from deep learning help to make sense
of the complexity and high-dimensionality of neural data (Richards et al., 2019).

Deep neural networks are used today as a high-level modeling framework
in neuroscience (Yamins et al., 2014; Yamins & DiCarlo, 2016; Kriegeskorte, 2015; Jozwik
et al., 2023), facilitated through advances such as automatic differentiation
with neural network libraries (Bradbury et al., 2018; Paszke et al., 2019), measure-
ments of large-scale datasets of neural activity (Tian et al., 2009; Ahrens et al.,
2013; Stirman et al., 2016; Jun et al., 2017) and behavior (Mathis et al., 2018; Branson et
al., 2009). Deep networks trained directly on network inputs and outputs
of behavioral variables learn to replicate biological data by optimizing pa-
rameters over activity-matching (Klindt et al., 2017; Cadena et al., 2019; Kindel et al.,
2019; Zhang et al., 2019; Walker et al., 2019; Willeke et al., 2023; Ito & Murray, 2023), O task-
Specific (Yamins et al., 2014; Yamins & DiCarlo, 2016; Kriegeskorte, 2015; Mante et al., 2013;
Jozwik et al., 2023) objectives.

Fundamental to the task-optimization approach in this thesis was the dis-
covery that CNNs trained on object recognition build representations simi-
lar to neural activity recordings from primate visual cortex (Yamins et al., 2014;
Khaligh-Razavi & Kriegeskorte, 2014). In some cases such task-optimized DNNs
explain the brain’s visual representations better than a detailed visual sys-
tem model with realistic anatomical and physiological constraints, demon-
strating the power of the top-down approach. Many similar findings for
alignment of DNN representations to cortical representations followed: For
instance, models optimized for speech and music recognition explain repre-
sentations in human auditory cortex (Kell et al., 2018; Tuckute et al., 2023), models
optimized on cognitive tasks explain representations in primate prefrontal
cortex (Yang et al., 2019; Piwek et al., 2023), models trained to predict limb posi-
tion and velocity explain representations in primate sensory cortex (Marin
Vargas et al., 2024), and models trained on speech recognition explain repre-
sentations in human brain regions associated with language understand-
ing (Schrimpf et al., 2021), suggesting that the representations task-optimization
induces into neural networks generally align with brain representations
even without accounting for anatomical or physiological details. The con-
clusion is that if such networks trained for task performance develop brain-
like representations, then task-optimized networks can serve as in-silico
testbeds for neuroscience.
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However, the strength of the task-optimized DNN approach not requiring
anatomical or physiological details also turns into the approache’s biggest
weakness in context of neuroscience modeling: While DNN representations
often correspond to brain data according to regression scores, such models
cannot explain single-neuron computation (Schaeffer et al., 2022; 2024). Therefore
DNN may be good models of data deduced from measurements in the
brain but they are often bad models of the brain.

Conventional deep networks remain difficult to interpret mechanisti-
cally typically simply because they have many neurons. Understanding
mechanisms of deep neural network requires mechanistic interpretability
research (Bereska & Gavves, 2024), which has parallels to neuroscience.

Nevertheless, despite such parallels and DNN's empirical success as mod-
els for neuroscience, their neurons have no biological identity and their
parameters have limited physiological grounding. Interpretations often re-
main at the level of representations instead of causally explaining neural
circuits (Mathis et al., 2024). Representational similarity to a DNN does not im-
ply that model neurons and real neurons send the same electrical signals.
Conversely, in a computational model constructed from a connectome, we
can begin to understand unknown mechanistic implementations of (non-
linear) computations that lead to goal-driven behavior at the single-neuron
level.

2.2.7 Probabilistic deep learning to tackle the inverse problem

In computational neuroscience one wants to find hypotheses for neural
mechanisms from observed behavior or recordings of neural activity with
models, but generated hypotheses can differ depending on the exact model
parameters (Prinz et al., 2004; Marder & Taylor, 2011; Gongalves et al., 2020). Such ill-
defined inverse problems occur when multiple mechanisms can generate
the same data, making model parameters non-identifiable. While connec-
tomic measurements provide a scaffold of constraints to identify the un-
known parameters, the inverse problem in connectome-constrained models
usually remains ill-defined (Biswas & Fitzgerald, 2022). We will see that even in
connectome-constrained models with additional task constraints compet-
ing hypotheses for neural function remain. Below I provide a scaffold to
frame our strategy to refine hypothesis generation for identifying specific
functional predictions within a probabilistic framework.
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Bayesian inference addresses this by seeking a posterior distribution p(9 |
D) over parameters 0 given data D = {x,,ys};_; rather than searching for
a single best parameter realization. This posterior is used to compute the
predictive distribution, i.e., the possible realizations of outputs under the
same input, averaged over plausible parameterizations:

P % D) sz(mx,e)p(e D) o

M
Z (y1x,0m) withOm ~p(0[D), m=1,..., M.
m:

In practice, we approximate posterior expectations via Monte Carlo sam-
pling over the draws 6,, since posteriors in complex models are typi-
cally high-dimensional and analytically intractable. This allows computing
weighted averages of random variables that depend on the model parame-
ters, such as internal states of the model itself.

Because exact Bayesian inference in deep neural networks is intractable
multiple approximation schemes have emerged. A pragmatic approach is
to treat the stochastic training process itself as a source of posterior varia-
tion (Lakshminarayanan et al., 2017; Wilson, 2020). Running the same optimization
multiple times with different random seeds yields an ensemble of solutions
that captures variation in the learned functions due to non-identifiability
and multimodal posteriors.

A deep ensemble is represented by a set of M parameters {0 }M_; of a deep
neural network ¢, each trained to minimize the same loss, and can be
interpreted as samples from an approximate posterior distribution over 0.
For each run m, training typically converges to a local mode 0}, of the
posterior py (0 | D) (a MAP estimate).

Deep ensembles are empirically effective for approximate Bayesian infer-
ence, providing more robust predictions and better-calibrated uncertainties
than most single-model methods (Lakshminarayanan et al., 2017; Dietterich, 2000).

In DNNSs, the parametrized model describing the transition from x to ¥
is typically deterministic, such that the likelihood p(¥ | x,0) collapses to
a Dirac delta function: p(y | x,0) = 6(y — fo(x)). The posterior predictive
distribution then becomes a sum over point masses:

M
P(31%D) = [ (5~ falx)) plO D) d0 ~ 1o 3 8(5—fo,, (X)),
m=1
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This is a posterior-weighted ensemble of deterministic model outputs. Each
Om is an approximate draw from the posterior and we use Monte Carlo
approximations of the posterior predictive distribution.

Importantly, for mechanistic models, deep ensembles allow us to explore
different data-consistent explanations. By analyzing how ensemble mem-
bers vary, we can quantify uncertainty in inferred mechanisms. For in-
stance, we can average internal variables, such as the predicted voltage
Vi(t) of a specific neuron, over the ensemble:

M
1 (m)
Egpo) [Vi(t)] ~ M E 1Vi (t).
—

This gives a posterior-averaged estimate of neuron function, useful for in-
terpreting what a neuron "does" in expectation over the model space.

However, when either the posterior or its induced distributions over neu-
ral responses are multimodal, a single average may obscure functional
differences across modes. In such cases, clustering can be performed in

function space — based on neural responses Vi(m) rather than parameters
— to identify computationally different solutions. For resulting functional
modes {M;, My, ..., Mk} mode-specific averages are:

k 1
Mi( ‘) = o Z Vi(m)(t),
k meMy

where each pgk)(t) captures the response of neuron i under a distinct
explanatory hypothesis. Because clustering in high-dimensional function
spaces of neural activity is computationally challenging and can behave
unintuitively, one can perform (nonlinear) dimensionality reduction to
the functional data (Cunningham & Yu, 2014) using established tools such as
uniform manifold approximation and projection (UMAP) (Becht et al., 2019).

Mode-conditional expectations reflect the functional diversity of response
predictions, supporting nuanced mechanistic interpretation of neural com-
putations in the model.

2.3 THE FLY

"9. Dros. melanogaster.
Kopf, Riickenschild und Beine lehmgelb; Hinterleib schwarz.
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Capite thorace pedibusque luteis; abdomine nigro.
Die Schwinger sind weif, die Fliigel ungefiirbt. — Aus Oester-
reich, von Kiel und von Hamburg. — 1 Linie.” — Meigen (1830)

Johann Wilhem Meigen’s brief characterization may represent the first his-
torical recording of the species. Today, Drosophila melanogaster is a central
model organism in biology. The common fruit fly — I refer to it simply
as fly throughout this thesis — is an invertebrate insect, roughly two to
five millimeters in size (not much bigger than a pinhead), that feeds on
sugar and fermentation products and reproduces within 10 days from egg
to adult. Its adult lifespan is 30 to 40 days under optimal lab conditions,
but depends on factors such as temperature, diet, mating status, genetics,
and environment.

Its availability, fast reproduction, and genetic advantages position the fly as
a popular model system in biology research (St Johnston, 2002). Among others,
it is used as a model for studying neurodegenerative disease (Mugit & Feany,
2002; Priiffing et al., 2013), as a model for cancer research (Gonzalez, 2013), and as a
model of organ dysfunction (Dow et al., 2022). Consortia of researchers span-
ning many institutions and countries worldwide collaborate on fly science.
Repositories of the organism’s genetics, molecular biology (FlyBase Consortium,
1998; Drysdale et al., 2005), nervous system structure (Dorkenwald et al., 2022; Plaza et
al., 2022; Ukani et al., 2016), function and other properties (Court et al., 2023), are
made publicly available for effective research progress (Matthews et al., 2005).

The fly represents a useful model organism, for neuroscience research
specifically. Genetic tools allow for example to image large-field neural
activity via calcium and voltage indicators (Fiala et al., 2002), to investigate
single-neuron properties such as neurotransmitter and receptor expression
at synapses (Davis et al., 2020), and to remove neural circuit parts for studying
their causal role in behavioral assays (Branson et al., 2009; Sato et al., 2025). Tools
such as FlyLight image-based Split-GAL4 driver line collections (Meissner et
al., 2024) and optogenetic control of neural activity (Inagaki et al., 2014) facilitate
precise manipulation and observation of individual circuit elements.

Fundamental research on the invertebrate fly leads to key discoveries that
also impact vertebrate neuroscience (Bellen et al., 2010). Often, neural systems
in the fly share organizational and computational principles with corre-
sponding systems in vertebrates (Borst & Helmstaedter, 2015; Tanaka & Portugues,
2025). The toolset surrounding the fly facilitates the scientific process itself,
allowing the discovery of methods that surpass the boundaries of individ-
ual model organisms.



2.3 THE FLY

2.3.1  The right organism for the discovery of methods for connectome simulation

A main question in this thesis is whether a connectome can be used to
derive a functional, dynamic brain model. Selecting an appropriate model
organism makes this question tangible by enabling specification and vali-
dation of computational implementations.

Connectome

The term connectome refers to different types of connectivity in ner-
vous systems depending on scientific context.

* Structural connectome: Anatomical map of neural elements
and connections, spanning multiple spatial scales. Nanoscale
connectomes (used here) resolve synaptic connectivity via elec-
tron miCI‘OSCOpy (White et al., 1986, Denk & Horstmann, 2004; Knott
et al., 2008); mesoscale connectomes map long-range projections
between brain regions using high-resolution imaging (Oh et
al., 2014; Winnubst et al., 2019); macroscale connectomes estimate
region-to-region white matter pathways from diffusion tractog-
raphy (Basser et al., 2000). Although the term originally implied
completeness (Sporns et al., 2005; Hagmann, 2005), it is used here also
for partial reconstructions.

¢ Functional connectome: Statistical correlations of neural activ-
ity between brain regions at a macroscale, commonly derived
from population-level imaging methods such as fMRI (Biswal et

al., 1995).

* Neuropeptide connectome: Network of neuromodulatory sig-
naling pathways mediated by neuropeptides, involving volume
transmission beyond synaptic transmission (Ripoll-Sinchez et al.,

2023).

Extended definitions may include gap junctions, glial networks, or
other brain data.

Connectome simulation is not a new concept. The nematode C. elegans,
with only 302 neurons (White et al., 1986), was the first organism for which
a connectome was mapped and simulated (Varshney et al., 2011). While these
models could partly explain behaviors, they remain limited in providing
mechanistic explanations. Worm behavior often arises from closed-loop in-
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teractions with its environment, so purely neural simulations fall short.
Even embodied models (Chen et al., 2023; Sarma et al., 2018) fail to fully capture
behavior because they miss physiological detail — especially the dense
extrasynaptic network of neuropeptide signaling, which profoundly influ-
ences worm behavior (Ripoll-Sdnchez et al., 2023; Watteyne et al., 2024, Taylor et al., 2021;
Beets et al., 2023).

Beyond worms, there are efforts to simulate portions of the rat (Markram et
al., 2015), mouse (Billeh et al., 2020), and human brain (Amunts et al., 2016). How-
ever, these models face additional challenges: they are computationally de-
manding, lack behavioral grounding, and have no completion of connec-
tomic data in sight (Eliasmith & Trujillo, 2014). To cope with data limitations,
these models often rely on statistical assumptions about synaptic connec-
tivity (Hill et al., 2012), or mean-field approximations to simplify network dy-
namics (Nakagawa et al., 2013). Parameter tuning is usually manual and based
on plausible physiological ranges (Nakagawa et al., 2013; Potjans & Diesmann, 2014),
rather than being driven by input-output computations.

Simulation of intrinsic, cortical circuits requires abstract models of sensory
circuits for input to the system and abstract models of behavioral targets for
system output (Billeh et al., 2020; Potjans & Diesmann, 2014), making it difficult to
formulate testable input-output computations mechanistically in relation
to behavior (Eliasmith & Trujillo, 2014). Much reconstruction work focused on
cortical circuits (Motta et al., 2019; Shapson-Coe et al., 2021; Sievers et al., 2024), which
have no universally defined function (Horton & Adams, 2005), complicating ef-
forts to derive and validate mechanistic models. In summary, mechanistic
modeling with portions of rat, mouse, or human brain remains challenging
and explorative for the above reasons, while large-scale multimodal mea-
surements of connectivity and function (MICrONS Consortium, 2025) at high-
resolution for integrated model building and validation with tools from
deep learning holds promise (Willeke et al., 2023).

Although fly connectome simulations face similar challenges as those in
other organisms, Drosophila offers distinct advantages that make it espe-
cially well-suited for developing simulation tools and exploring what is
required for mechanistic models of brain function grounded in behavior
(Fig. 2.3).

In a recent scientific revolution, several comprehensive and high-quality
reconstructions of the fly connectome became publicly available (Nern et al.,
2025; Dorkenwald et al., 2024; Marin et al., 2023; Takemura et al., 2024; Schlegel et al., 2024). The

entire fly brain comprises approximately 140, 000 neurons and 130,000, 000
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chemical synapses (Dorkenwald et al., 2024) and the ventral nerve cord com-
prises 23,000 neurons and 10, 000,000 chemical synapses (Tukemura et al., 2024)
— a scale within a computationally practical regime for simulation and
optimization.

Moreover, neurotransmitter and receptor expressions can be measured us-
ing genetic tools (Scheffer & Meinertzhagen, 2021; Davis et al., 2020) and inferred from
EM images at large scale with machine learning (Eckstein et al., 2024) for deter-
mining signs of synaptic connections. Decades of research provide circuit-
level mechanistic insights into the visual system (Section 2.3.3), central com-
plex (Pfeiffer & Homberg, 2014; Franconville et al., 2018), and mushroom body (Modi
et al., 2020). Crucially, these circuits are linked to complex behaviors such as
motion responses, navigation, and learning. Altogether, the availability of
detailed data, the manageable scale of the nervous system, and the pres-
ence of well-defined behaviors make the fruit fly an exceptionally strong
candidate for advancing connectome-constrained brain modeling.

The fly visual system, particularly the motion-detection pathway, has
several properties that make it uniquely advantageous for computational
modeling and optimization. First, fly visual system neurons often rely
on graded potentials rather than on spikes (Laughlin & Hardie, 1978; Zettler &
Jirvilehto, 1971; Kretzberg et al., 2001), simplifying modeling approaches that rely
on differentiability. The system also benefits from clearly characterized
sensory input, namely light stimuli, enabling precise definition of input-
output relationships. Additionally, the motion detection circuit receives
minimal feedback from other brain regions or physical variables beyond
light itself, allowing that its isolated analysis is meaningful. Finally, the
availability of deep learning tools and datasets from computer vision
research offers a solid basis for parameter inference and optimization for a
visual system model.

2.3.2  The almost-convolutional fly visual system

Anatomical studies of visual system neurons in fly species date back more
than a century (Cajal & Sinchez, 1915). Mesoscale studies carefully mapped
neural anatomy and characterized neuron types based on morphological
features and connectivity, historically relying on staining brain tissue and
using light-microscopy imaging (Cajal & Sinchez, 1915; Strausfeld, 1976; Fischbach &
Dittrich, 1989).
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FIGURE 2.3: Drosophila melanogaster in biology research. Researchers leverage
(left, green) its fast reproduction cycle and available genetic tools (Brand & Perri-
mon, 1993), the possibility of making large-scale behavioral recordings (Branson et al.,
2009), large-scale calcium imaging of neural activity (Ahrens et al., 2013; Fiala et al., 2002),
precise electrophysiological measurements of neural activity (Wilson et al., 2004), tran-
scriptomic characterization of neuron types (Mortazavi et al., 2008), and measurements
of the connectome, every neuron and synaptic connection in the fly (Scheffer et al.,
2020; Dorkenwald et al., 2024; Schlegel et al., 2024). (right, magenta) At the same time, sig-
nificant gaps remain in our understanding of neuromodulation, neurotransmitter
and receptor types and locations, synaptic plasticity, glia cells, the role of local
field potentials, and gap junctions across the fly nervous sytem (Scheffer & Meinertzha-
gen, 2021). Original illustration by Franz Stimmele for the Machine Learning for
Science blog (Lappalainen, 2024).
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Fast-foward to today: The advancement reaches from nanoscale synapse-
level reconstructions initially of the central portion of the fly visual
system (Rivera-Alba et al., 2011; Takemura et al., 2015; 2017; Shinomiya et al., 2019; 2022),
to two recently finished reconstructions and characterizations of complete
visual systems at nanoscale resolution, one from a male fly (Nern et al,
2025), and one from a female fly (Matsliah et al., 2024). Today’s reconstruc-
tions rely on sophisticated electron microscopy pipelines, such as focused
ion beam scanning electron microscopy (FIB-SEM) (Knott et al., 2008) or
transmission electron microscopy (TEM) (Zheng et al., 2018), semi-automated
annotation with deep learning tools (Januszewski et al., 2018), and large-proof
reading efforts (Dorkenwald et al., 2022) using powerful platform-independent
and hardware-accelerated tools such as neuroglancer for real-time 3D
rendering and proofreading (Maitin-Shepard et al., 2021).

To give a brief overview of structure with numbers I refer to data from Nern
et al. (2025) which differ slightly from data in Matsliah et al. (2024) because
of inter-individual variation and reconstruction quality. Currier et al. (2023)
comprehensively reviews fly visual system anatomy and function.

The fly visual system consists of the compound eye, the external structure
supporting vision, and the optic lobe, the intrinsic nervous system structure.

The compound eye has ~80o hexagonally arranged ommatidia. Each omma-
tidium hosts up to eight photoreceptor neuron types (R1-R8). R1-R6 project
into the optic lobe’s lamina and R7-R8 project into the medulla neuropil (Fis-
chbach & Dittrich, 1989; Mishra & Knust, 2013).

The optic lobe comprises about 53,000 neurons and 49 million connections,
grouped into 732 systematically classified neuron types. Both optic lobes
combined host 75.7 % of neurons of the entire fly brain (Nern et al., 2025;
Dorkenwald et al., 2024), which demonstrates the important role vision plays for
the animals survival. It subdivides into five neuropils, separate tissues of
nerve fibers with synaptic connections.

The first neuropil, lamina, hosts about 7,000 neurons (13.2% of the optic
lobe neurons and 5% of the brain), grouped into 13 neuron types, with
low connectivity (Nern et al., 2025). Fibers in the lamina organize stereotyp-
ically into cartridges, which inherit the hexagonal arrangement from the
retina (Rivera-Alba et al., 2011). The lamina separates ON- and OFF-pathways
anatomically and sends projections via lamina monopolar neurons (L1-L5)
to the medulla (Rivera-Alba et al., 2011).

The second neurpopil, medulla, hosts about 42,000 neurons (79,2 % of the
optic lobe neurons and 30% of the brain), which group into 345 neuron
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types. It contains by far the greatest number of connections between neu-
rons among all five neuropils (Nern et al., 2025). The medulla can be subdi-
vided into ten layers of different innervation patterns and depths from
lamina neurons (L1-L5), retina neurons (R7-R8) and others. The medulla
hosts intrinsic neurons (Mi), transmedullary neurons (Tm), transmedullary
neurons with Y-shape (TmY), distal medulla (Dm) interneurons, and proxi-
mal medulla (Pm) interneurons. Neurons in the medulla contribute to ON
and OFF luminance pathways, object detection, color vision, and motion
detection (Currier et al., 2023; Matsliah et al., 2024). Medulla neuron types have
varying spatio-temporal receptive fields (Arenz et al.,, 2017) and serve as asy-
metric inputs to motion selective neurons (Takemura et al., 2017; Shinomiya et al.,
2019; Takemura et al., 2013). Tm and TmY neuron types innervate the lobula
and lobula plate (Nern et al., 2025; Fischbach & Dittrich, 1989; Matsliah et al., 2024). The
neurites in the medulla inherit retinotopic column coordinates from the
ommatidia and cartridge system.

The third neuropil, the accessory medulla, is a small and highly specialized
neuropil with only 131 neurons but 58 neuron types with moderate connec-
tivity per neuron. It serves as part of the circadian circuit (Helfrich-Forster et al.,
2007; Reinhard et al., 2024) and has no obvious retinotopic correspondance (Nern
et al., 2025).

The fourth neuropil, lobula, hosts 26,000 neurons (49 % of the optic lobe
neurons and 18.5% of the brain), which group into 422 neuron types and
has about half as much connectivity as the medulla. Connectivity in the
lobula plate again halfs in comparison to connectivity in the lobula. The
lobula and the fifth neuropil, lobula plate, form the lobula complex. The lobula
plate hosts about 13,000 neurons (24% of the optic lobe neurons and 9% of
the brain), which group into 126 neuron types. Among many innervations
from medulla neuron types, the lobula complex contains neurites of the
well-studied, columnar ON-edge motion detectors (T4a-T4d) (Takemura et al.,
2017), OFF-edge motion detectors (T5a-T5d) (Shinomiya et al., 2019). Moreovet,
it hosts lobula columnar neurons (LC) which relay motion and object infor-
mation to the photocerebrum in the central brain (Fischbach & Dittrich, 1989). The
lobula complex further inherits retinotopic columns through innervations
from the medulla (Nern et al., 2025).

The optic lobe resembles an almost crystalline architecture, like a convo-
lutional neural network. The following numbers illustrate this: While the
optic lobes together host 75.7 % of neurons of the entire fly brain, they
only host 8.7 % of neuron types in the fly brain (Nern et al., 2025; Schlegel et al.,
2024). Neuron typing in these studies is based on connectivity and morh-
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pology of neurons. Neurons with similar connectivity and morhpology
belong to the same neuron type. Therefore, these fractions illustrate that
neurons are abundant but less varied in the optic lobe in comparison to
other parts of the nervous system. This mirrors a core property of the vi-
sual system: To enable equivariant processing, the optic lobe consists of a
consensus circuit of neurons from equivalent neuron types that tiles the op-
tic lobe (Fischbach & Dittrich, 1989; Nern et al., 2015) and carries out nearly the same
mechanistic computation in each of many columns of the visual system in
parallel. Detailed reconstructions show that the majority of synaptic con-
tacts in the motion detection subsystem can be mapped onto a consensus
circuit (Takemura et al., 2008). Moreover, the polarity of synaptic connections
(excitatory or inhibitory), determined by a combination of transcriptomic
profiling of neurotransmitters and receptors with deep learning (Nern et al.,
2025; Davis et al., 2020; Eckstein et al., 2024), is the same for connected neurons
from the same neuron-type pair. The resulting consensus circuit approxi-
mates weight sharing as in convolutional neural networks (Section 2.2.2)
and enables equivariant local motion detection across the visual system.

2.3.3 Circuit mechanisms

A significant percentage of the fly brain is dedicated to vision. To study vi-
sual mechanisms that are fundamental for behavior, the fly is ideally suited
as a model organism because of the available toolsets for genetic control,
anatomical reconstruction, and measurement of neural activity and behav-

10T (Currier et al., 2023; Ryu et al., 2022).

On a functional high-level, the fly relies on visual information to navigate,
procreate, and survive. For instance, visual computation underlies opto-
motor responses (Bahl et al., 2013), walking (Creamer et al., 2018), and flight be-
havior (Fry et al., 2009), its courtship relies on visual mechanisms to target
mates (Yamamoto & Koganezawa, 2013), and its survival hinges on a recurrent vi-
sual machinery for fast motor planning to escape predators (Card & Dickinson,
2008).

On a lower-level, the information that the fly visual system extracts from
light contains cues such as luminances and colors in different parts of the
visual field, informing for instance phototaxis behavior (Carpenter, 1905; Heisen-
berg & Buchner, 1977; Miller et al., 1981) and circadian rythm (Helfrich-Forster, 2020).
Importantly, the fly visual system extracts optic flow, local motion across
the field of view (Gibson, 1950). Perceiving optic flow is essential for the fly’s
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ability for locomotion control, including its ability to walk and fly (Fry et al,
2009; Borst & Haag, 2002; Mauss & Borst, 2020). Combined with its ability to per-
ceive object shapes and sizes (Keles & Frye, 2017; Klapoetke et al., 2022), and its own
motion (Chiappe, 2023), the fly visual system encodes the behaviorally relevant
information to effectively identify, detect, and navigate around moving ob-
jects in its environment (Turner et al., 2022).

Theoretical research forwarded different models to explain how neural
circuits could implement motion detection (Hassenstein & Reichardt, 1956; Re-
ichardt, 1961; Barlow & Levick, 1965; Borst, 2000). Fundamentally, the Hassenstein-
Reichardt model explains local motion detection in a neuron as a mul-
tiplicative interaction between neighboring signals, where a temporal de-
lay on one side introduces directional asymmetry, producing a motion-
selective response (Hassenstein & Reichardt, 1956). The Barlow-Levick model ex-
plains local motion detection as the result of an inhibitory input that sup-
presses responses to motion in the null direction, producing direction se-
lectivity through asymmetric inhibition (Barlow & Levick, 1965). While these
results were particularly formative of much follow-up research, today’s ex-
perimental measurements offer a more nuanced view.

Today, an unprecedented wealth of knowledge on visual circuit mecha-
nisms exists, after about thirty years of experimentally measuring visual
neuron type responses in the fly to make mechanistic explanations (Grunt-
man et al., 2018; Groschner et al., 2022; Arenz et al., 2017; Hardie, 1991; Ranganathan et al.,
1991, Peretz et al., 1994; Nikolaev et al., 2009; Reiff et al., 2010; Clark et al., 2011; Freifeld et al.,
2013; Silies et al., 2013; Maisak et al., 2013; Strother et al., 2014, Meier et al., 2014; Behnia et al.,
2014; Fisher, Leong, et al., 2015; Hardie & Juusola, 2015; Leonhardt et al., 2016; Fisher, Silies,
& Clandinin, 2015; Yang et al., 2016; Serbe et al., 2016; Strother et al., 2017, Meier & Borst,
2019; Gruntman et al., 2019; Drews et al., 2020; Matulis et al., 2020; Ramos-Traslosheros & Silies,
2021a; Gruntman et al., 2021; Ketkar et al., 2022; Braun et al., 2023; Ammer et al., 2023; Pirogova
& Borst, 2023; Giir et al., 2024; Pang et al., 2025; Currier & Clandinin, 2025). Because this
research — in particular, the experimental work focusing on neuron types
central to motion detection mechanisms — is indispensable for validating
our method and model of the fly visual system, I will review the most im-
portant insights on a high-level to provide a scaffold for understanding the
description of the modeling work that follows.

Motion detection in the fly: From the retina to T4 and Ts

My description in the following focuses on aggregating core response
properties of motion detection subcircuit mediated by Ri1-R6, such as
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ON-selective, OFF-selective, and motion-selective responses across the
literature, even though this can only represent a coarse introduction to
the nuanced spatio-temporal response properties of individual neuron
types described in the cited literature. Moreover, while knowing the in-
hibitory and excitatory properties of synaptic connections which lead
to these responses is crucial for making mechanistic explanations, I will
factor out explanations of underlying neurotransmitter and receptor
interactions (Davis et al., 2020).

In the retina, photoreceptor neurons depolarize in response to photons that
pass through the ommatidial lenses and activate a biophysical machin-
ery of phototransduction, the translation of information encoded by pho-
ton number and wavelengths to voltage signals (Hardie, 1991; Ranganathan et
al., 1991; Peretz et al., 1994; Hardie & Raghu, 2001). These responses are fast: Fly
photoreceptors have a 10 times faster molecular machinery to transduce
photons than mammalian rods, resulting in sensitivity to up to 100 Hz
flicker (Hardie & Raghu, 2001). The photoreceptors transduce light in ultravio-
lett, blue, and spectral ranges. On a high-level, receptor types R1-R6 pri-
marily feed into the motion detection circuit and are sensitive to a broad
spectrum of light (Heisenberg & Buchner, 1977; Yamaguchi et al., 2008). R7-R8 primar-
ily feed into the color subsystem and are sensitive to UV, green, and blue
wavelengths (Morante & Desplan, 2008; Yamaguchi et al., 2010). However, interactions
across photoreceptor types and functional subcircuits make this functional
separation hold only coarsely (Wardill et al., 2012; Schnaitmann et al., 2013; Longden

etal., 2023).

In the Drosophila visual system, photoreceptors and many downstream
neurons communicate via graded, non-spiking potentials. Voltage signals
propagate passively along membranes without triggering action potentials,
enabling fast and energy-efficient analog computation (Kretzberg et al., 2001;
Juusola & Hardie, 2001; de Ruyter van Steveninck & Laughlin, 1996).

Lamina monopolar neurons forward spatio-temporally filtered signals
containing local information of luminance and contrast to medulla neu-
rons (Clark et al., 2011; Silies et al., 2013) and adapt in concert with photoreceptors
to varying light conditions (Nikolaev et al., 2009; Zheng et al., 2009). Importantly, in
the lamina, the fly visual system splits into ON and OFF pathways (Joesch
et al., 2010) — a common circuit design across species that allows full dy-
namic range encoding without increased metabolic cost (Borst & Helmstaedter,
2015; Gjorgjieva et al., 2014). L1 and L5 feed into ON-pathway medulla neurons
and L2 and L4 feed into OFF-pathway medulla neurons. L3 sends signals
to neuron types from both pathways.
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The spatio-temporal filtering properties across medulla neuron types vary.
Their responses are spatially and temporally filtered versions of the input
from lamina neurons (Groschner et al., 2022; Arenz et al., 2017; Strother et al., 2014, Meier
et al., 2014; Behnia et al., 2014; Fisher, Silies, & Clandinin, 2015; Yang et al., 2016; Serbe et al.,

2016, Strother et al., 2017; Ramos-Traslosheros & Silies, 2021a).

Abundant neurons in the medulla provide inputs to the motion-detector
neurons of type T4 and Ts5. T4 encode motion of light increment
edges (Gruntman et al., 2018; Groschner et al., 2022; Maisak et al., 2013; Leonhardt et
al., 2016; Fisher, Silies, & Clandinin, 2015; Strother et al., 2017, Gruntman et al., 2019; Ramos-
Traslosheros & Silies, 2021a; Gruntman et al., 2021), and T5 neurons encode motion of
light decrement edges (Muaisak et al., 2013; Fisher, Silies, & Clandinin, 2015; Gruntman
et al., 2019; Ramos-Traslosheros & Silies, 2021a). T4 and T5 neuron types split into
four subtypes each, encoding motion to each of four caridnal directions.
Their motion selectivity results both from anatomical and functional
asymmetries of their inputs (Borst et al., 2020).

In addition to the coarse summary of 32 neuron type responses we refer to
in our main work for model validation, the majority of the recently discov-
ered 732 neuron type (Nern et al., 2025) responses are still uncharacterized. It
is experimentally challenging to record with specificity from such a large
number of neuron types, which poses fundamental challenges to compre-
hensively describing circuit mechanisms at single-neuron resolution across
the circuit. Even with full measurement of 732 neuron type responses to
specific stimuli, no predictions could be made for unseen stimuli. Therefore,
our goals include combining existing theoretical and experimental neuro-
science knowledge with tools from deep learning to create a comprehen-
sive model of neural computation for hypothesis generation for instance
for such uncharacterized neuron type responses to arbitrary stimuli.

The fly visual system is now one of the best studied portions of an animal
brain, both structurally and functionally. Yet, many questions remain, in-
cluding, how do the 600+ uncharacterized neuron types contribute to com-
putation? We create a framework for connectome-constrained modeling to
discover and refine hypotheses for mechanistic computation of single neu-
rons inside biological neural networks.
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2.4 THE DEEP MECHANISTIC NETWORK

"Guided by connectomic and other data to optimize thousands or
even billions of parameters, machine-learning models could be trained
to produce neural-network behaviour that is consistent with the be-
haviour of real neural networks - measured using cellular-resolution
functional recordings.” — Jain (2023)

The deep mechanistic network (DMN) integrates knowledge from different
disciplines, such as connectomics and experimental neuroscience, compu-
tational neuroscience, deep learning, and probability theory (Fig. 2.4) into
a comprehensive computational model.

COMPUTATIONAL

DEEP LEARNING NEUROSCIENCE

Task Dynamic system

equations

DEEP MECHANISTIC
NEURAL NETWORK

Optimization Biophysics
Identifiability Interpreting
Algorithm computation
Parameter posterior Deep ensembles
Connectome Transcriptome
Dimensionality
reduction
Experimentation .
Clustering Hypothesis testing Neural activity Behavior
PROBABILITY NEUROSCIENCE

FIGURE 2.4: Deep mechanistic networks (DMN) at the intersection of deep learn-
ing, computational neuroscience, probability, and biological data. The DMN is a
machine learning framework that combines dynamic system formulations rooted
in biophysics with task-optimization algorithms from deep learning for training
unknown circuit parameters to infer computational mechanisms. The inference
leans on methods for approximate Bayesian inference, such as deep ensembles,
nonlinear dimensionality reduction, and clustering. DMNs are constrained by bio-
logical data of connectome, transcriptome, neural activity and behavior. The inter-
pretation of computation in the DMN can be done side-by-side with experiments
in the organism because the connectome establishes a correspondence of model
neurons to organism neurons.
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Our DMN of the fly visual system follows the dynamical system descrip-
tion derived from the biophysical background (Section 2.1):

' rest
T, Vi=Vyo — Vit Z Otyt; Oyt Nty w—u v —v; (V) + e (2.2)
j

This combines convolutional weight sharing and sparse connectivity (Sec-
tion 2.2.2) in a recurrent neural network (Section 2.2.3) with continous-time
modeling (Section 2.2.4) of graded potential neurons, like the ones in the
fly motion pathways (Section 2.3.3).

We assign parameters T, and V{fSt to each neuron of a neuron type t; in the
model for each neuron type identified in the fly connectome (Section 2.3.2
and 3.2.1). The parameters are unknown but required to simulate the sys-
tem dynamics.

We used the connectome to constrain the weights
Wi]' = O—titj “titj Ntitj,ui—uj,vi—vj (23)

of the model, assuming synaptic weight is proportional to synapse
count (Liu et al., 2022) (Section 3.5.1). Three components determine each
weight wy; from presynaptic neuron j (of type t;) to postsynaptic neuron i
(of type ty):

* sign oy, € {—1,+1} determined by transcriptomic profiling of neuro-
transmitters and receptors,

* connectivity and average synapse count Ntitj AuAv between neuron types
at retinotopic offset (Au, Av) = (u; —uj,vi —vj) from EM reconstruc-
tions, and

* scaling Xty trainable unitary strength factor (in V - s/vesicle, Sec-
tion 2.1.2).

Connections between neurons of the same types share parameters, imple-
menting the crystalline structure of the fly visual system as a convolutional
architecture (Section 2.2.2). Our choice to use one scaling factor ot; per
neuron-type pair balances connectome constraint with optimization flexi-
bility. Stronger constraints (such as a single global « or per-neuron-type
ot;) would provide less flexibility to the model to solve the task, while
weaker constraints (such as per-connection o;) would discard the connec-
tome structure.

We compile a consensus circuit model spanning 721 columns from the
average filters, corresponding to the count of 700-goo ommatidia typically
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found in the fly eye (Gotz, 1964) and the connectivity of the visual sys-
tem’s central columns. The resulting model comprises 45,669 neurons and
1,513,231 neuron-to-neuron connections, belonging to 64 identified neuron
types (Section 2.3.2).

We trained the model using backpropagation through time (Section 2.2.5
and 3.5.5) on the computer vision task Sintel for computing optic flow in
naturalistic scenes (Butler et al., 2012) (Sections 2.2.6 and 3.5.5). Because of the
non-identifiability of solutions, we train deep ensembles of equivalent mod-
els and analyze them jointly (Section 2.2.7). The model allows us to com-
pare simulated voltage and tuning properties at single neuron resolution
(Sections 2.3.3) to existing experimental measurements, an advancement
over creating representation level correspondences only (Section 2.2.6). We
characterize all our comparisons statistically across a deep ensemble of 50
task-optimized models (Section 2.2.7 and 3.2.2).

We generated 478 pages of dynamical system characterization for single
neurons and different input stimuli across the whole ensemble as a tool
for mechanistic discovery with the model (Section 7.1). We publish the soft-
ware and pretrained models with tutorials as tools for computational ex-
periments, modeling, and generating hypotheses to inform experiments 3.

While the present model does not account for all biological details, as
for instance information of gap junctions (Ammer et al., 2015) or neuro-
modulation (Strother et al., 2018) is still missing, the here developed DMN
framework can be applied to end-to-end modeling of connectome and
task-constrained neural networks in general. It is for instance already
successfully applied in modeling of other neural system connectomes and
tasks (Ozdil et al., 2024), to different neuron models with more realistic synap-
tic dynamics (Section 4.2), or in combination with mechanical simulation
of whole-bodies (Wang-Chen et al., 2024; Vaxenburg et al., 2025).

3 https://github.com/Turagalab/flyvis
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We can now measure the connectivity of every neuronin a neural circuit'™®, but we
cannot measure other biological details, including the dynamical characteristics of
each neuron. The degree to which measurements of connectivity alone caninformthe
understanding of neural computation is an open question'®. Here we show that with
experimental measurements of only the connectivity of a biological neural network,
we can predict the neural activity underlyingaspeci ed neural computation. We
constructed amodel neural network with the experimentally determined connectivity
for 64 cell typesin the motion pathways of the fruit y optic lobe!®but with unknown

parameters for the single-neuron and single-synapse properties. We then optimized
the values of these unknown parameters using techniques from deep learning”, to
allow the model network to detect visual motion*. Our mechanistic model makes
detailed, experimentally testable predictions for each neuronin the connectome.
We found that model predictions agreed with experimental measurements of neural
activity across 26 studies. Our work demonstrates a strategy for generating detailed
hypotheses about the mechanisms of neural circuit function from connectivity
measurements. We show that this strategy is more likely to be successful when
neurons are sparsely connected—a universally observed feature of biological neural
networks across species and brain regions.

Electrical signals propagating through networks of neurons form the
basis of computations such as visual motion detection. The propaga-
tion of neural activity is shaped by both the functional properties of
individual neurons and their synaptic connectivity. Additional fac-
tors'®®, including electrical synapses, neuromodulation and glia, are
known to further influence neural activity on multiple timescales.
Volume electron microscopy can now be used to comprehensively
measure the connectivity of each neuron in a neural circuit, and even
entire nervous systems'°. However, we do not yet have the means to
also comprehensively measure all other biological details, including
the dynamical properties of every neuron and synapse in the same
circuit®. For these reasons, there has been considerable debate about
the utility of connectome measurements for understanding brain func-
tion™. Itis unclear whether it is possible to use only measurements of
connectivity to generate accurate predictions about how the neural
circuit functions, especially in the absence of direct measurements
of neural activity from a living brain. There is considerable evidence
from computer science and neuroscience that there is not necessar-
ily a strong link between the connectivity of a neural network and its
computational function. Universal function approximation theorems
forartificial neural networks”imply that the same computational task
canbe performed by many different networks with very different neural
connectivity. Empirically, there exist many classes of general-purpose

artificial neural network architectures that can be trained to perform
the same computational task™. Such differences in connectivity can
correspond to qualitatively different computational mechanisms'.
Similarly, in neuroscience there have been competing proposals for the
same computation (for instance, the computation of visual motion)™%,
Furthermore, even circuits with the same connectivity can function
differently®. Thus, neither the connectivity of a circuit alone, nor its
computational task alone, can uniquely determine the mechanism of
circuit function®.

Here we show that the connectivity of aneural circuit, together with
knowledge of its computational task, enables accurate predictions of
therole played by individual neurons in the circuit in the computational
task. We constructed a differentiable” model neural network with a
close correspondence to the brain, whose connectivity was given by
connectome measurements and with unknown single-neuron and
single-synapse parameters. We optimized the unknown parameters
of the model using techniques from deep learning™, to enable the
model to accomplish the computational task?’. We call such models
connectome-constrained and task-optimized deep mechanistic net-
works (DMNs) (Fig.1a).

We applied this approach to model the motion pathwaysinthe optic
lobe of the Drosophilavisual system. We constructed aDMN with experi-
mentally measured connectivity', and unknown parameters for the

'Machine Learning in Science, Tiibingen University, Tiibingen, Germany. *Tiibingen Al Center, Tiibingen, Germany. *Janelia Research Campus, Howard Hughes Medical Institute, Ashburn,

VA, USA. *Computation and Neural Systems, California Institute of Technology, Pasadena, CA, USA. °Dept of Biological Sciences, University of Toronto Scarborough, Toronto, Ontario, Canada.
SMax Planck Institute for Intelligent Systems, Tiibingen, Germany. *e-mail: turagas@janelia.hhmi.org
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Fig. 1| Connectome-consirained and task-optimized models of the My visual
S¥stem. a, DMMNs aim to satisfy three constraints: the architecture is based on
connectome measurements (b-e); cellular and synaptic dynamics are given

by simple mechanistic models (I); and free parameters are task-optimized by
training the model to perform optic flow estimation (g). Graphics of fruit fly
and microscope were created with BioRender.com. b, Schematic of optic lobe
of 0. melanogasterwith several processing stages (neuropils) and cell types,
including photoreceptor (R1-R8), laminamonopolar (L), lamina wide-field
(Lawf}), medullaintrinsic {Mi), transmedullary {Tm) and T-shaped (T} neurons
(adapted from ref. 25, Springer Nature). Scale bar, 10 pm. ¢, Identified
connectivity between 64 modelled cell types, represented by total number of
synapses from all neurons of agiven presynaptic cell type to a postsynaptic cell
of agiventype. Amacrine (Am), centrifugal (C2-C3) and complex tangential (CT)
neurons are alsoincluded. Blue (red) colour indicates putative hyperpolarizing
{depolarizing) inputs; size of squares indicates number of input synapses.

single-neuron dynamics and the strength of a unitary synapse. We
optimized the model parameters on the computer vision task of detect-
ing motion in dynamic visual stimuli®. Visual motion computation
in the fly and its mechanistic underpinnings have been extensively
studied™. Thus, we were able to compare the detailed predictions
of our model with experimental measurements of neural activity in
response to visual stimuli, on a neuron-by-neuron basis. We found
thatour connectome-constrained and task-optimized DMN accurately
predicts the separation of the visual system into light-increment (ON)
and light-decrement (OFF) channels, as well as the generation of direc-
tion selectivity in the well-known T4 and TS motion detector neurons™.
We release our model as a resource for the community (https:/fgithub.
com/Turagalab,/flyvis).

DMN of the fly visual system

The opticlobes of the fruit fly are equivalent to the mammalian retina.
They comprise several layered neuropils whose columnar arrangement

T I L]
Ty

.

g
g

d, Retinotopic hexagonal lattice columnar organization of visual system model.
Each lattice represents acell type; each hexagon represents an individual cell.
Positions of photoreceptor ommatidia are aligned with downstream columns.
The model comprises synapses from all neuropils (Supplementary Fig. 1)

@, Example of convolutional filter, representing Mi? inputs onto T4d cells.
Values represent the average number of synapses projecting from presynaptic
Mi® cells in columns with indicated offset onto the postsynaptic dendrite of T4d
cells. T, Single-neuron and synaptic dynamics are given by simple mechanistic
maodels. Free parameters {magenta) are optimized by training the recurrent
network model to perform optic flow estimation. g, lustration of DMMN
performing optic flow estimation. Each hexagonal lattice shows a snapshot of
simulated voltage levels of all cells of each type in response to input to the
photoreceptors (R1-R8). Edges illustrate connectivity between cell types. A
decoder receives the simulated neural activity of all output neurons tocompute
optic flow. Parameters of DMM and decoder are optimized using deep learning.

has aone-to-one correspondence with the ommatidia, both possessing
aremarkably crystalline organization in ahexagonal lattice. Visual input
fromthe photoreceptorsis received by the lamina and medulla, which
send projections to the lobula and lobula plate™ (Fig. 1b). Many com-
ponents of the optic lobe are highly regular, with columnar cell types
appearing once per column, and multicolumnar neurons appearing
with only small deviations from a well-defined periodicity in columnar
space™®, Several studies have reported on the local connectivity inthe
optic lobe and its motion pathways'*. We assembled these separate
local reconstructions into a coherent local connectome spanning the
retina, lamina, medulla, lobula and lobula plate (Fig. 1c, Supplementary
Mote 1, Supplementary Fig. 1 and Supplementary Data files 1-3).

We approximated the circuitry across the entire visual field as per-
fectly periodic™™®, and tiled this local connectivity architectureina
hexagonal lattice across retinotopic space to construct a CoNsensus
connectome for 64 cell types across the central visual field of the right
eye (Fig. 1d, Methods, Extended Data Fig. 1, Supplementary Fig. 2 and
Supplementary Data file 4). By this assumption of translation invariance
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dueto periodic tiling, the synapse count between each pair of neurons
was the same across all pairs of neurons with the same presynaptic
and postsynaptic cell type and relative location in retinotopic space.
For simplicity, we refer here to this partial connectome of the motion
pathways as the connectome.

We built arecurrent neural network modelling these first stages of
visual processing in the optic lobe based on the connectome for the
righteye. Each neuronin this DMN corresponds toareal neuroninthe
fly visual system, belonging to anidentified cell type, and is connected
tootherneurons onlyifthey are connected by synapsesin the connec-
tome (Fig.1e). We constructed amodel with detailed connectivity, but
simplified models of single neurons and chemical synapses (Fig. 1f).
We used passive leaky linear non-spiking voltage dynamics to model
the time-varying activity of single neurons, as many neurons in the
early visual system are non-spiking. We modelled neurons with a single
electrical compartment, as this has previously been shown tobe agood
approximation given the smallsize of many neuronsin the optic lobe?.
The CT1(complex tangential) neuron, whichisamongthe largestin the
brain, spanning the entire optic lobe, was modelled with one compart-
ment per columninthe medullaandlobula, asitis highly electrotoni-
cally compartmentalized®® (Supplementary Note 2). We modelled the
graded-release chemical synapses between non-spiking neurons witha
threshold-linear function to approximate the nonlinear voltage-gated
release of neurotransmitters. The resulting network model follows
well-known threshold-linear dynamics and is piece-wise differentiable.
Such dynamics are typically used to approximate the firing rates of a
network of spiking neurons with the nonlinearity arising from spike
generation, whereas in our network, the nonlinearity represents the
voltage-gated neurotransmitter release. We used the cell-type struc-
ture of the connectome toreduce the number of free parametersinthe
model (Fig.1f). We assumed that neurons of the same cell type shared
the same neuron time constant and resting membrane potential. We
modelled synaptic weights as proportional to the discrete number of
synapses as reported in the connectome between aconnected neuron
pair?, with ascale factor representing the strength of aunitary synapse.
The unitary synapse scale factor and the sign of each synapse was the
same for all pairs of neurons with the same pre- and postsynaptic cell
type.Inotherwords, aconnection of five synapses from an Mil (medulla
intrinsic) neuron to a T4 (T-shaped) neuron is assumed to be exactly
halfas strong as ten synapses between another pair of neurons of the
same presynaptic and postsynaptic cell types, but could be stronger or
weaker than five synapses between neurons of a different cell-type pair,
forinstance, froma Tm3 (transmedullar) neuron to a T4 neuron. The
sign of each cell-type connection was determined by neurotransmitter
and receptor expression profiling*® (Methods and Supplementary Data
file2).Intotal, the connectome-constrained model comprises 45,669
neurons and 1,513,231 connections, across 64 cell types arranged in
a hexagonal lattice consisting of 721 columns, modelling the central
visual field of the roughly 700-900 ommatidia typically found in the
fruit fly retina®. Connectome constraints, and our assumption of spa-
tialhomogeneity (that is, the hexagonally convolutional structure of
the network), resultin amarked reduction to just 734 free parameters
for this large network model. The only free parameters in our model
are thesingle-neuron time constants and resting membrane potentials
(two parameters per cell type), and the unitary synapse strengths (one
parameter per type-to-type connection). Inthe absence of connectome
measurements, we would have needed to estimate well in excess of
amillion parameters corresponding to the weights of all possible
connections (Methods).

We used task optimization? to further constrain the parameters of
the model (that is, by training the model to perform a computational
task that is thought to approximate the computations carried out by
the circuit). We therefore implemented our recurrent DMN using the
PyTorchlibrary® (Methods) and used automatic differentiation to opti-
mize the model using gradient-based deep learning training methods™.
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As the computational task constraining the input-output function
of the circuit, we chose the computation of visual motion from natu-
ralistic stimuli*2. Motion computation in the fly visual system and its
mechanistic underpinnings have been extensively studied?. This com-
putation requires the neural circuit to compare visual stimuli across
space and time, and thereby critically relies on temporal integration
of visual information by the dynamics of the network. We reasoned
that training our model to perform the computer vision task of optic
flow computation'? could help usidentify circuit elementsinvolvedin
motion computation. As our model contains many of the circuit ele-
ments that have been experimentally characterized and implicatedin
the computation of visual motion, we could then validate our model
predictions.

Todecode optic flow from the DMN, we used a decoding network to
map therepresentation of motion used in the fly nervous systemto the
representation of optic flow specified by the computer vision task. This
two-layer convolutional decoding network is given only the instanta-
neous neural activity of the medulla and downstream areas as input.
Importantly, the decoding network cannot by itself detect motion,
which requires the comparison of current and past visual stimuli, but
must instead rely on the temporal dynamics of the DMN to compute
motion-selective visual features. The resulting combination of our
recurrent connectome-constrained DMN model and the feedforward
decoding network was then trained end-to-end: we rendered video
sequences from the Sintel database' as direct input to the photore-
ceptors of the connectome-constrained model, and used gradient
descent (backpropagation through time") to minimize the task error
in predicting optic flow (Fig. 1g and Methods).

DMN ensemble predicts known activity

We used only connectome and task constraints to construct our DMN,
without any measurements of neural activity. We can therefore vali-
date the model by comparing predictions of neural activity for each
of the 64 identified cell types to experimental measurements. As it is
possible that these constraints might not uniquely constrain model
parameters®, we generated an ensemble of 50 models, all constrained
with the same connectome, and optimized to perform the same task.
Each model in the ensemble corresponds to a local optimum of task
performance. As the models achieved similar (but not identical) task
performance, the ensemble reflects the diversity of possible models
consistent with these constraints. The ensemble of models found a
variety of parameter configurations (Supplementary Fig. 3), and exhib-
ited superior task performance toboth the decoder network alone and
models withrandom parameter configurations (Extended Data Fig. 2a).
Wefocused onthe ten models that achieved the best task performance
(Fig. 2a). We simulated neural responses to multiple experimentally
characterized visual stimuli, and comprehensively compared model
responses for each cell type to experimentally reported responses
from 26 previously reported studies (Supplementary Note 3 and Sup-
plementary Data files 5and 6).

First, neural responsesin the fly visual system are known to segregate
into ON- and OFF-channels® defined by whether a neuron depolar-
izes more strongly to an increase or decrease in stimulus intensity,
respectively, a hallmark of visual computation across species***. We
probed the contrast preference of each cell type using flash stimuli*
and found that the ensemble predicts the segregation into ON- and
OFF-pathways with high accuracy: the median flash response index
(FRI) across the ensemble predicts the correct ON- and OFF-preferred
contrast selectivity for all 32 cell types for which contrast selectivity
has been experimentally established (terminals of CT1in the medulla
and lobula are listed as CT1(M10) and CT1(Lol)). This is also the case
for the model with the best task performance (task-optimal model),
which correctly predicts the preferred contrast of 30 of 32 cells (Fig. 2b).
Furthermore, the ensemble provides predictions for the remaining
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Flg. 2| Ensembiles of DMNs predict tcuning propertles. a, We task-optimized
50 connectome-constrained DMMNs, yielding different solutions for the
biophysical parameters (magenta), and compared the tuning properties of
their cell types to experimental measurements. Inset: distribution of task
errors. Blue: ten best models; also shownin b-d. b, ON- and OFF-contrast
selectivity indices (FRI) for each cell type from ten models with best task
performance (ten worstmodels in Extended Data Fig. 6). Yellow: cell types
known to be ON-selective. Violet: known OFF-selective types. Black: selectivity
not yet established experimentally. Bold: inputs to optic flow decoder.

33 cell types, and consistency across the ensemble provides a measure
of confidence in the predictions (Fig. 2b).

Second, a major result in fly visual neuroscience has been the
identification of the T4 (ON) and T5 (OFF) neurons as the first
direction-selective neurons with four subtypes (T4a, T4b, T4c and
T4d, and T5a, T5b, T5c and T5d), each responding to motion in the
four cardinal directions”. We characterized the motion selectivity of
all 64 cell types by their responses to ON- and OFF-edges moving in 12
different directions. We found that the ensemble of models correctly
predicts that T4 neurons are ON-motion selective, and T5 neurons are
OFF-motion selective (Fig. 2c). The ensemble also correctly predicts

€, Direction selectivity index (D51) from neural responses to moving edges;
same ten models as above. d, Correlations between measurements and
predictions of neural activity from seven types of DMN with different
connectome and parameter constraints: FR1(pink); motion-tuning curves for
T4 {red) and T5{turquoise); dashesindicate median correlation across models.
The first DMN type on the left corresponds to the main DMNs analysedinb.c
and all subsequent figures; the remaining six DMNs incorporate fewer
constraints. Ten best task-performing models from each DMN type.

the lack of motion tuning in the input neurons to T4 and T5 motion
detector neurons (Mil, Tm3, Mi4, Mi9, Tm1, Tm2, Tm4, Tm?and CT1;
Methods and Supplementary Data file 7).

Our models also suggest the possibility that the transmedullary
cell types, TmY3, TmY4, TmY5a, Tm¥13 and TmY18, might be tuned to
ON-motion. Of these cell types, TmY3 neurons do not receive inputs
from other known motion-selective neurons suggesting the possi-
bility that these neurons constitute a parallel motion computation
pathway from T4 and T5 neurons (Extended Data Figs. 3 and 4 and
Supplementary Note 4). We questioned whether our model predicted
motion selectivity for all cell types with asymmetric, multicolumnar
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inputs, as thisis anecessary connectivity motif for direction selectivity.
On the basis of their local spatial connectivity profiles, we estimated
that19 cell types receive asymmetric, multicolumnar inputs (Methods
and Extended Data Fig. 5b), but found that only 12 are predicted to be
motion selective by the ensemble (Methods). Spatial offset of excita-
tory and/orinhibitoryinputs did not correlate strongly with direction
selectivity (Extended DataFig. 5c,d). This suggests that our model inte-
grates connectivity across the entire network with the task constraint
to determine which neurons are most likely to be motion selective,
rather than simply focusing on local connectivity.

Connectome and task are both necessary

We investigated the importance of connectome constraints and task
optimization to enable accurate predictions of neural activity. We found
that both task optimization and detailed connectome constraints at
the single-neuronresolution were critical to the prediction of the pre-
ferred contrast of the 32 characterized cell types, and the preferred
direction of motion for the T4 and T5 subtypes (Fig. 2d and Extended
DataFig. 2).

We conducted ‘ablation’ studies comparing the DMN ensemble stud-
iedin this paper (full DMN) with arange of models with other modelling
assumptions. First we verified theimportance of task optimization by
constructing anensemble (random DMN) with random single-cell and
synapse parameters, and full connectome constraints. This ensemble
yielded accurate predictions of preferred contrast, but poor predic-
tions of direction selectivity and preferred direction.

We thenstudied which aspects of the connectome must be measured
accuratelytolead toaccurate predictions. We found that task-optimized
models with access to only cell-type connectivity predicted neural
activity poorly. We then considered several scenarios adding more
connectome measurements beyond cell-type connectivity. We con-
sidered several scenarios: access to synapse signs and single-neuron
connectivity but not strength, requiring task optimization of synapse
counts; access to signs, but requiring optimization of single-neuron
connectivity and synapse counts; full connectome measurements but
optimization of synapse signs; access to connectivity but optimization
ofboth synapse counts and signs. Across these modelling assumptions,
we found that accurate predictions of contrast preference (FRI) were
possible as long as measurements of the connection-signs were avail-
able, and that accurate predictions of the direction selectivity—but
not preferred direction—could be achieved with measurements of
cell connectivity, without the need for synapse count measurements
(Extended Data Fig. 2c). This demonstrates the importance of both
detailed connectome measurements and task optimization to achieve
accurate predictions of neural activity.

Across the ensemble constrained by all connectome measurements
and task training, we found that models that exhibited lower task
error (Methods) also had more realistic tuning: models with higher
task performance predict the direction selectivity index of T4 and
T5 cells and their inputs better (r=0.60, P=2.6 x10 ¢; Extended Data
Figs. 2e and 6b). This suggests the possibility of using task error to
rank models in terms of their likelihood to accurately predict neural
activity.

Our model relies on an accurate classification of neurons into cell
typesto share single-neuron and synapse parameters across all neurons
of the same cell type. We investigated the degree to which we could
coarse-grainthe cell-type categorization, leading to fewer cell types and
fewer parameters (Extended Data Fig. 2a-d). We found that grouping
the four T4 subtypes into a single T4 cell type, and grouping the four
T5 subtypes into a single T5 cell type, had no negative impact on the
quality of ensemble predictions. However, grouping all 37 excitatory
celltypesintoasingle E-type, 22 inhibitory celltypesinto asingleI-type,
and 4 mixed cell typesinto asingle mixed type, led to poor performance
on par withthe random DMN.
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Predictions cluster across DMN ensemble

We sought to determine how similar or dissimilar the predictions of
different modelsinan ensemble with the same connectome constraints
and task optimization are. To address this for each cell type, we simu-
lated neural activity in response to naturalistic video sequences from
the Sintel dataset. We then used uniform manifold approximation
and projection® to perform nonlinear dimensionality reduction on
high-dimensional activity vectors of a representative neuron of each
cell type across the model ensemble, and clustered the modelsin the
resulting two-dimensional projections (Fig. 3a and Methods). For many
cell types, we found that models predict strongly clustered neural
responses (Supplementary Data file 7). For T4c neurons, for exam-
ple, we found three clusters corresponding to qualitatively distinct
responses of this cell type for naturalistic inputs: two clusters con-
tain models with direction-selective T4c cells (Fig. 3a,b) with up- and
down-selective cardinal tuning, respectively, whereas neurons in the
third cluster are not direction-tuned. The direction-selective cluster
withthe (correct) upward preference has the lowest average task error
(circular marker, average task error 5.297), followed by the cluster with
the opposite preference (triangular marker, average task error 5.316).
The non-selective cluster has the worst performance (square marker,
averagetask error 5.357), suggesting that models with accurate tuning
correlate with lower task error (see also Extended Data Fig. 2e).

We sought to determine what differences in circuit mechanisms
underlie the different predictions for direction selectivity inthe three
clusters (Fig. 3c). Our results showed that direction selectivity in the two
tuned clustersis associated with opposite preferred contrast tuning of
Mi4 and Mi9 neurons, which provide direct flanking inhibitory input
to T4 neurons (Fig. 3d). Models with the correct direction selectivity
for T4 neurons also predict the correct contrast selectivity for Mi4 and
M9 neurons, and vice versa (Fig. 3e).

Thus, theensemble can be used to provide hypotheses about differ-
ent circuit mechanisms that might underlie the response properties of
individual cells. Furthermore, it shows that experimentally measuring
the tuning of one neuron automatically translates to constraints on
other neuronsinthe circuit. Here, filtering models in the ensemble with
the experimentally measured direction selectivity for the T4cneurons
(by only selecting models from the correct cluster) is sufficient to cor-
rectly constrain the tuning of both Mi4 and Mi9 neurons.

Predicted mechanism of T4 and T5 tuning

Our DMN modelling approach enables alarge number of model-based
analyses, which canilluminate the mechanistic basis of computationin
acircuitand suggest new visual stimuli for experimental characteriza-
tion. Weillustrate these analyses using averages from the model cluster
with the best task performance (task-optimal cluster), focusing on
the well-studied T4 and T5 neurons (Fig. 4). See Supplementary Data
file 7 for acomprehensive set of analyses for all cell types and mod-
els. In the task-optimal cluster, the four subtypes of the T4 neurons
respond strongly to bright (ON) edges, and the four subtypes of the T5
neuronsto dark (OFF) edges, movingin the four cardinal directions, in
agreement with experimental findings*>"**° (Fig. 4a). We probed the
mechanism of direction selectivity in T4 and T5 neurons (Fig. 4b and
Extended Data Figs. 7 and 8). Examining the input currents to asingle
T4 neuron (Extended Data Fig. 7a), we found that fast excitatory input
and offset delayed inhibitory input currents enable T4 in the model
to detect motion, in agreement with experimental findings?. The dif-
ferential response of T4 neurons to motioninthe preferred versus null
directionis primarily produced by the differential timing of inhibition
from Mi4. Additionally, excitatory T4-to-T4 currents between neurons
with the same preferred direction lead to an increased response to
coherent motion across the visual field. Although research into T4
motionselectivity haslargely focused on therole of feedforward inputs,
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Flg. 3| Cluster analysls of DMN ensembles enables hypothesis generation
and suggests experimental tests. We clustered 50 DMMNs after carrying out
nonlinear dimensionality reduction of their responses to naturalistic scenes
foreach cell type, and aimed to identify whether clusters correspond to
qualitatively different tuning mechanisms. a, Responses of T4c cells exhibit
three clusters, two with OM-motiondirection selectivity (circular and triangular
marker)and one {square marker) without. b, T4c tuningin the three clusters.
Circular marker: upwards tuning (cluster with lowest average task error 5.297;
black: known tuning of T4#c). Triangular marker: downwards (5.316 error).
Square marker: no motion tuning (5.357 error). €, Schematic of corresponding
ON-motion detection pathway. d, Connectivity of majorinput elements to T4c.
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our modelling predicts an important role for the lateral connectivity
between T4 neurons. The mechanisms in our model for T5 motion
computation are similar (Extended Data Fig. 8a), with differential timing
ofinhibition from CT1, as well as excitation from Tm?2, contributing to
motion-selective responses.

Torelate the mechanism of direction selectivity to the well-studied
mechanisms of preferred direction enhancement and null direc-
tion suppression, we compared the responses of T4 and T5 neurons
to moving bars and static bars as in ref. 27. Consistent with voltage
measurements**®, voltage response predictions by our model show
null direction suppression but no preferred direction enhancement
(Extended Data Figs. 7b and 8b).

We computed and compared the spatial and temporal receptive
fields of the major columnar input neurons to T4 and T5 neurons. These
input neurons have been the focus of multiple experimental studies
of the motion detection pathways®#* (Fig. 4d). In agreement with
experimental findings™*, the prediction of the DMNs is that Tm3and
Tm4 have broad spatial receptive fields (two-column radius, 11.6%),
whereas Mil, Mi4, Mi9, Tml, Tm2, Tm®and CT1compartments in both
medulla and lobula have narrow spatial receptive fields (single-column
radius, 5.87).

We characterized the temporal response properties of cells in the
motion pathways, including the lamina monopolar cells (L1-L5) and
directinputs to the T4 and T5 neurons. We simulated neural responses
to single-ommatidium flashes of varying contrast and duration and
compared them to empirically characterized temporal responses
(Fig. 4e). The model accurately predicts the preferred contrast of each
cell type(that is, whether they depolarize more strongly to ON or OFF
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withineach cluster reveal dependencies between T4 tuning and that of Mi4 and
Mi? cells in the ensemble: switching Mi4 (known ON-contrast selective) and
Mi® (known OF F-contrast selective) contrast preferences results in directionally
opposite motion-tuning solutions in T4, DMNs in first cluster (T4c in DMN
upwards tuned, circle) exhibit ON-selectivity for Mil, Tm3, Mi4 and CT1{M10),
and OFF-selectivity for Mi%. For ON-motion stimuli, in these DMNs T4c receives
central depolarizing input from Mil and Tm3 and dorsal hyperpolarizinginput
from Mi4 and CT1(M10).

single-ommatidium flashes; 5 ms to 300 ms duration; Methods). These
cells either depolarize (which we call ON-selective) or hyperpolarize
(whichwe call OFF-selective) in response to light-increment flashes. The
temporal response properties are correctly predicted for all except the
Tm4 cellinthis model: for major T4 inputs, Mil, Tm3 and Mi4 respond
with transient depolarization to ON-flashes. By contrast, CT1{M10)
responds with alonger sustained depolarization. Mi® hyperpolarizes.
For major T5 inputs, Tml, Tm2, Tm? and CT1{Lol) respond with tran-
sient hyperpolarization. Tm4 is incorrectly predicted to depolarize.
For lamina cell types, the DMNs predict biphasic hyperpolarization
inL1and L2 and monophasic hyperpolarization in L3 and L4, as well
as depolarizationin L5.

For motion-selective neurons such as T4 and T5, the spatio-temporal
receptive fields are not separable in space and time. We character-
ized the full spatio-temporal receptive field for T4c and T5c neu-
rons (Fig. 4f) using single-ommatidium ON- and OFF-flashes (20 ms;
Methods). ON-flashes on the leading side of the receptive field of the
ON-contrast, upwards-direction-selective T4¢ cell lead to fast depo-
larization, whereas ON-flashes on the trailing side lead to delayed
hyperpolarization, again matching experimental findings™. As T5¢
is OFF-selective, its OFF-impulse responses are inverted, resembling
the T4c spatio-temporal receptive field (Extended Data Fig. @a). This
reflects that T5c implements a similar motion-tuning mechanism
to OFF-edges as T4c to ON-edges, in agreement with experimental
findings*".

Finally, we show that the model can be used to design optimized
stimuli. Weused the task-optimal model to screen for video sequences
from the Sintel dataset that elicited the largest responses in the
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motion-selective neurons (Fig. 4f, Methods and Supplementary Data
file 7 for all cell types). One might expect that pure ON- or OFF-stimuli
would elicit the largest responses in T4 and T5, respectively. However,
we found both ON-and OFF-elements in optimized stimuli, suggesting
aninterplay between ON- and OFF-pathways. Thestimulus that elicited
the strongest response in the T4c cell was a central OFF-disc followed
by an ON-edge moving upwards, matching the preferred direction of
the cell. Similarly, for the T5c cell, the stimulus that elicits the strongest
responseis a central ON-disc followed by an OFF-edge moving upwards
in the preferred direction of the cell (Extended Data Fig. 9c for corre-
sponding full-field naturalistic stimuli, numerically optimized stimuli
and preferred moving-edge stimuli). Taken together, these findings
show that the model predicts a large number of tuning properties for
the T4 and T5 cells and their inputs.

Sparsity leads to accurate predictions

Here we consider when connectome-constrained and task-optimized
DMMNmodels might accurately predict neural responses atsingle-neuron
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measurements™*, , Single-ommatidium flash responses agree with
experimental measurements**, with the exception of Tm4 (red cross).

T, Stimulus sequence predicted to elicit the strongest responses in T4c and T5c
cells. A central OFF-disc followed by an ON-edge moving upwards elicits the
strongestresponse in a T4c cell (ON-disc followed by OFF-edge for T5c).

—mn —'IB:}

resolution. Sparse connectivity is a hallmark of biological neural cir-
cuits. We questioned whether sparse connectivity enables DMNs to
make accurate predictions of neural activity. For sparsely connected
circuits—assuming the connectome is known—there are fewer synapse
parameters left to estimate using task optimization. We reasoned that
such networks might support fewer possible mechanisms by which to
perform agiven task, and so that a task-optimized DMN model is more
likely to find the true mechanism and accurately predict single-neuron
activity.

We tested this hypothesis in a simulation (Fig. 5), by constructing
feedforward artificial neural networks solving the classic MNIST (Mod-
ified National Institute of Standards and Technology) handwritten
digitclassification task. These networks had varying degrees of sparse
connectivity, and random assignment of neurons as excitatory and
inhibitory respecting Dale’s law (25 ground-truth networks for each
sparsity level, Methods). We then simulated the process of making
connectome measurements from these ground-truth networks, and
building connectome-constrained task-optimized DMN simulations
of each ground-truth network (Fig. 5a).
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Fig. 5| Connectome measurements conscrain neural necworks in

circults withsparse connectivity. a, We constructed synthetic ‘ground-
truth connectome” networks with varying degrees of sparse connectivity for
classifying handwritten digits. For each ground-truth connectome network,
we simulated connectome measurements and constructed aconnectome-
constrained and task-optimized the unknown parameters (magenta) in the
‘simulzted network” (Methods). We measured the correlation of the neural
response vector, across all stimuli, between a ground-truth (dark green) and a

As the degree to which connection strength can be inferred from
noisy connectome measurements is still unknown, we simulated two
settings. In the first, we assumed that connectome measurements
reveal connectivity but not connection strength. In this setting, DMNs
were task-optimized to infer both the resting membrane potential of
each neuron, and the connection strength of each connected pair of
neurons. In the second, we assumed that the measurements additionally
reveal a noisy estimate of strength, which was used as a soft constraint
during task optimization.

Consistent with our hypothesis, our results showed that sparsity
in the connectome greatly improves the accuracy of neural activity
predictions with measurements of connectivity alone (Fig. 5b and
Supplementary Fig. 8; median Pearson correlations of 0.85 for 10%
connectivity versus 0.38 for 80% connectivity, 100 randomly selected
neurons from 25 randomly generated ground-truth networks). How-
ever, with the additional availability of connection strength estimates,
we find that DMN simulations accurately predict neural activity even
in the absence of sparse connectivity (median Pearson correlation of
=0.9 across all connectivities).

Our model of the fly visual system liesinanintermediate regime with
regards to our knowledge of connection strength. We assumed that
connectome measurements provided relative connection strength
but not absolute connection strength, as we assumed that the unitary
synaptic strength was unknown but the same for connections of the
same cell-type pair. Thus, we attribute the success of our visual system
model at predicting neural activity to both the sparse structure of con-
nectivity in this circuit and also the estimates of connection strength
from the synapse count.

Discussion

We constructed a neural network with connectivity measured at the
microscopicscale. We also required that, at the macroscopicscale, the
collective neural activity dynamics across the entire network resultinan
ethologically relevant computation. This combination of microscopic
and macroscopic constraints enabled us to constrain a large-scale
computational model spanning many tens of cell types and tens of
thousands of neurons. We showed that such large-scale mechanis-
tic models could accurately make detailed predictions of the neural
responses of individual neurons to dynamic visual stimuli, revealing
the mechanisms by which computations are performed. Knowledge

simulated (light green) network. b, Median neural response correlation
coefficients from 100 randomly sampled neuron pairs from each layer and
across 25 network pairs. Two conditions were considered in which connectome
measurementsrevealed either only binary connectivity (blue) or also connection
strength (orange). The fly visual system model presented here probably falls
inthe region between the two curves, asmeasured synapse counts inform
relative connection strengths between pairs of neurons for the same pairof cell
types, but not absolute connection strength.

of the connectome played a critical role inthis success, in part by lead-
ing to a massive reduction in the number of free model parameters.

We have taken a reductionist modelling approach, simplifying the
modelling of individual neurons and synapses, to focus on the role
played by the connectivity of a neural network. We found that for the
motion pathways of the fruit fly visual system, this model correctly
predicts many aspects of visual selectivity. We considered only the role
of this circuit in detecting motion, which is but one of many computa-
tions performed by the visual system®. Our reductionist model cannot,
for example, account for the role played in this circuit by electrical
synapses* nmonlinear chemical synapses*” and neuromodulation®®.
However, richer models of neurons, synapses, plasticity and extrasyn-
aptic modulation, along with a broader range of ethologically relevant
tasks, can enable accurate modelling of these and other effects in the
fly visual system and beyond.

Task-optimized artificial neural network models, for instance of
mammalian visual pathways®, have previously demonstrated only
a coarse correspondence of the population neural activity between
model layers and brain regions. By contrast, every neuron and synapse
inour connectome-constrained model**-** has a direct correspondence
to neurons and synapses in the brain. This correspondence enables
highly detailed experimentally testable predictions at the single-neuron
resolution. Thus, ourstudy more directly links artificial neural network
models to the biological neural network.

Our modelling approach provides a discovery tool, aimed at using
connectome measurements to generate detailed, experimentally test-
able hypotheses for the computational role of individual neurons.
Measurements of neural activity are necessarily sparse and involve
difficult trade-offs. Activity can be measured in limited contexts,
and either for a limited number of neurons or for a larger number of
neurons with poorer temporal resolution. Connectome-constrained
DMN models generate meaningful predictions evenin the complete
absence of neural activity measurements, but can be further con-
strained by sparse measurements of neural activity as we showed
(Fig. 3), or indeed directly fitted to measured neural activity™ and
behaviour®.

Whole-brain connectome projects have just been completed for
the larval and adult fruit fly"*=* including two new connectomes of
the entire fruit fly optic lobe®*, and whole-mouse-brain connectome
projects are now being discussed™. Large-scale whole-nervous-system
models™** will be of critical importance for integrating connectomic,
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transcriptomic, neural activity and animal behaviour measurements
across laboratories, scales and the nervous system®. Furthermore, with
the recent development of detailed biomechanical body models for
the fruit fly**°, we can now contemplate constructing whole-animal
models spanning brain and body.
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Methods

Construction of spatially invariant connectome from local
reconstructions

We built a computational model of the fly visual system that is con-
sistent with available connectome data’, has biophysically plausi-
ble neural dynamics, and can be computationally trained to solve an
ethologically relevant behavioural task, namely the estimation of optic
flow. To achieve this, we developed algorithms to blend annotations
from two separate datasets by transforming, sanitizing, combining
and pruning the raw datasets into a coherent connectome spanningall
neuropils of the opticlobe (Supplementary Note1and Supplementary
Data files1-3).

The original data stem from focused ion beam scanning electron
microscopy datasets from the FIYEM project at Janelia Research
Campus. The FIB-25 dataset volume comprises seven medulla col-
umns and the FIB-19 dataset volume comprises the entire optic lobe
and, in particular, detailed connectivity information for inputs to
both the T4 and T5 pathways®*. The data available to us consisted
of'1,801 neurons, 702 neurons from FIB-25 and 1,099 neurons from
FIB-19. For about 830 neurons, the visual column was known from
hand annotation. These served as reference positions. Of the 830
reference positions, 722 belong to neuron types selected for simula-
tion. None of the TS5 cells, whose directional selectivity we aimed to
elucidate, was annotated. We therefore built an automated, proba-
bilistic expectation maximization algorithm that takes synaptic con-
nection statistics, projected synapse centre-of-mass clusters and
existing column annotations into account. We verified the quality of
our reconstruction as described in Supplementary Note 1. Only the
neurons consistently annotated with both100% and 90% of reference
positions used were counted to estimate the number of synapses
between cell types and columns, to prune neuron offsets with low
confidences.

Synaptic signs for most cell types were predicted on the basis
of known expression of neurotransmitter markers (primarily the
cell-type-specific transcriptomics data from ref. 30). For a minority
of celltypesincludedin the model, no experimental data on transmit-
ter phenotypes were available. For these neurons, we used guesses of
plausible transmitter phenotypes. To derive predicted synaptic signs
fromtransmitter phenotypes, we assigned the output of histaminergic,
GABAergic and glutamatergic neurons as hyperpolarizing and the out-
put of cholinergic neurons as depolarizing. In a few cases, we further
modified these predictions on the basis of distinct known patterns
of neurotransmitter receptor expression (see ref. 30 for details). For
example, output from R8 photoreceptor neurons, predicted torelease
both acetylcholine and histamine, was treated as hyperpolarizing or
depolarizing, respectively, depending on whether a target cell type is
known to express the histamine receptor gene ort (which encodes a
histamine-gated chloride channel).

Representing the model as a hexagonal convolutional neural
network

Our end-to-end differentiable® DMN model of the fly visual system
can be interpreted as a continuous-time neural ordinary differential
equation®® with a deep convolutional recurrent neural network®
architecture that is trained to perform a computer vision task using
backpropagation through time®**. Our goal was to optimize a simu-
lation of the fly visual system to perform a complex visual informa-
tion processing task using optimization methods from deep learning.
One hallmark of visual systems that has been widely exploited in such
tasks is their convolutional nature®® (that is, the fact that the same
computations are applied to each pixel of the visual input). To model
the hexagonal arrangement of photoreceptorsin the fly retina, we
developed a hexagonal convolutional neural network (CNN) in the
widely used deep learning framework PyTorch? (ignoring neuronal

superposition’), which we used for simulation and optimization of
the model. We model columnar cell types, including retinal cells, lamina
monopolarand wide-field cells, medullaintrinsic cells, transmedullary
cellsand T-shaped cells, as well as amacrine cells. The model comprises
synapses from all neuropils and downstream- and upstream-projecting
connections from the retina, lamina and medulla.

Neuronal dynamics
In detail, we simulated point neurons with voltages V;of a postsynap-
tic neuron i, belonging to cell type ¢; using threshold-linear dynam-
ics, mathematically equivalent to commonly used formulations of
firing-rate models™

Vi= Vit

i

rest
s+ Vi e o

Neurons of the same cell type share time constants, ., and resting
potentials, V[f“. Dynamic visual stimuli were delivered as external input
currents e;to the photoreceptor (R1-R8), for all other cell types, e;= 0.
Inour model, instantaneous graded synaptic release from presynaptic
neuronj to postsynaptic neuronis described by

Si=wif V= teNee, u of (V) (2)

comprising the anatomical filters in terms of the synapse count from
electron microscopy reconstruction, N, , ,, at the offset location
u=u; wand v=v; v;inthe hexagonal lattice between two types
ofcells tandt and furthercharacterlzed byasign, ,, { 1+1}and
anon- negatlve scaling factor, .
The synapse model entails a trainable non- negative scaling factor
per filter that is initialized as

_ 0.1

;= ,
v Nt,,tj u, v

with the denominator describing the average synapse count of the
filter. Synapse counts, N, , from the connectome, andsigns, ,,
from the neurotransmitterand receptor profiling, were kept fixed. The
scaling factor was clamped during training to remain non-negative.

Moreover, atinitialization, the resting potentials were sampled from
a Gaussian distribution

t
V;?S "’N(ﬂvrest, 5resl)

with mean p1, rese = 0.5 (a.u.) and variance 2..=0.05 (a.u.). The time
constants were initialized at , =50 ms. The 50 task-optimized DMNs
were initialized with the same parameter values. During training, in
Euler integration of the dynamics, we clamped the time constants as

;=max(; t),sothattheyremainabove theintegrationtimestep ¢
atall times.

In total, the model comprises 45,669 neurons and 1,513,231 syn-
apses, across two-dimensional (2D) hexagonal arrays 31 columns
across. The number of free parameters is independent of the number
of columns: 65 resting potentials, 65 membrane time constants, 604
scaling factors; and connectome-determined parameters: 604 signs
and 2,355 synapse counts. Thus, the number of free parametersin the
visual system model is 734.

In the absence of connectome measurements, the number of
parameters to be estimated is much larger. With T= 65 cell types
(counting CT1 twice for the compartments in the medulla and
lobula) and C =721 cells per type for simplicity, the number of cells
inour model would be TC=46,865. Assuming arecurrent neural net-
work with completely unconstrained connectivity and simple dynam-
ics ;V;= wy f(V)) + V{*t, we would have to find (TC)* +2(TC) =
2,196,421, 955 free parameters. Assuming a convolutional recurrent
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neural network with shared filters between cells of the same post-
synaptic type, shared time constants and shared resting potentials,
the amount of parameters reduces markedly to T2C+2T=3, 046, 355.
Further assuming the same convolutional recurrent neural network
but additionally that convolutional filters are constrained to F =5
visual columns (thatis, the number of presynapticinput columnsin
the hexagonal lattice is P=3F (F+1) +1), the amount of parameters
reducesto T2P+2T =384, 605. Assuming as in our connectome that
only Q=604 connections between cell types exist, this reduces the
number of parameters further to QP+2T7T=55,185. Instead of para-
metrizing eachindividual synapse strength, we assume that synapse
strengthis proportional to synapse count from the connectome times
a scalar for each filter, reducing the number of parameters to
Q+2T=734 while providing enough capacity for the DMNs to yield
realistic tuning to solve the task.

Convolutions using scatter and gather operations. For training the
network, we compiled the convolutional architecture specified by the
connectome and the sign constraints to a graph representation con-
taining: a collection of parameter buffers shared across neurons and/
or connections; a collection of corresponding index buffersindicating
where the parameters relevant to agiven neuron or connection canbe
foundinthe parameter buffers; and alist of pairs (presynaptic neuron
index, postsynaptic neuronindex) denoting connectivity. This allowed
us to efficiently simulate the network dynamics through Euler integra-
tion using a small number of element-wise, scatter and gather opera-
tions at each time step. We found that thisis more efficient than using a
single convolution operation or performing a separate convolution for
each cell type as each cell type has its own receptive field—some much
larger than others—and the number of cells per typeisrelatively small.

Optic flow task
Model training. An optic flow field for a video sequence consists of a
2D vector field for each frame. The 2D vector at each pixel represents
the magnitude and direction of the apparent local movement of the
brightness patternin animage.

We frame the training objective as a regression task

Y[n] = Decoder (DMN(XI[O], ..., X[n])),

with Y being the optic flow prediction, and X being the visual stimulus
sequence from the Sintel dataset, both sampled to aregular hexagonal
lattice of 721 columns. With the objective to minimize the square error
loss between predicted optic flow and target optic flow fields, wejjointly
optimized the parameters of both the decoder and the visual system
network model described above.

Indetail, for training the network, we added randomly augmented,
greyscaled video sequences from the Sintel dataset sampled to areg-
ular hexagonal lattice of 721 columns to the voltage of the 8 photore-
ceptor cell types (Fig. 1f and equation (1)). We denote a sample from a
minibatch of videosequencesasX RY:C, with Nbeing the number of
time steps, and Cbeing the number of photoreceptor columns. The
dynamicrange of theinput liesbetween 0 and 1. Input sequences dur-
ing training entailed 19 consecutive frames drawn randomly from the
dataset and resampled to match the integration rate. At the original
frame rate of 24 Hz, this corresponds to asimulation of 792 ms. We did
not find that an integration time step smaller than 20 ms (that is, a
frame rate of 50 Hz after resampling) yielded qualitatively superior
task performance or more realistic tuning predictions. We interpolated
the target optic flow intime to 50 Hz temporal resolution. Toincrease
the amount of training data for better generalization, we augmented
input and target sequences as described further below. At the start of
each epoch, wecomputed aninitial state of the network’s voltages after
500 ms of grey stimulus presentation to initialize the network ata
steady state for each minibatch during that epoch. The network

integration for a given input X results in simulated sequences of volt-
agesV RV with T, being the total number of cells. The subset of
voltages,V,,, R"'2-€ oftheDcelltypesintheblackrectanglein Fig.1g
was passed to a decoding network. For decoding, the voltage was rec-
tified to avoid the network finding biologically implausible solutions
by encodingin negative dynamic ranges. Furthermore, it was mapped
to Cartesian coordinates to apply PyTorch’s standard spatial convolu-
tion layers for decoding and on each time step independently. In the
decoding network, one layerimplementing spatial convolution, batch
normalization, softplus activation and dropout, followed by one layer
of spatial convolution, transforms the D feature mapsinto the 2D rep-
resentation of the estimated optic flow, Y RV-*€,

Using stochastic gradient descent with adaptive moment estimation
( ,=0.9, ,=0.999,learning rate decreased from5x10 *to5x10 ®in
tensteps over iterations, batch size of four) and the automatic gradient
calculation of the fully differentiable pipeline, we optimized the bio-
physical parameters through backpropagation through time such that
they minimize the L2-norm between the predicted optic flow, Y, and
the ground-truth optic flow, Y:

LY, V)=|Y Y.

We additionally optimized the shared resting potentials for 150,000
iterations, using stochastic gradient descent without momentum, with
respect to a regularization function of the time-averaged responses
to naturalistic stimuli of the central column cell of each cell type, ¢,cneralr
to encourage configurations of resting potentials that lead to non-zero
and non-explodingactivity inall neurons in the network. We weighted
thesetermsindependentlywith =1, encouragingactivity greaterthan
a,and =0.01, encouragingactivity lessthana.Wechose |, =0.1and
a=>5inarbitrary units. With Bbeing the batch size and Tbeing the num-
ber of all cell types, the regularizer is

_ 1
(V a)? ifV="

-V N
R(V) BT n

Vbtcentral[n] a

(V a)?, ifV>a.

b teentral

Weregularly checkpointed the error measure L (Y, Y) averaged across
a held-out validation set of Sintel video clips. Models generalized on
optic flow computation after about 250,000 iterations, yielding func-
tional candidates for our fruit fly visual system models that we analysed
with respect to their tuning properties.

Task-optimization dataset. We optimized the network on 23 sequences
from the publicly available computer-animated film Sintel'>. The
sequences have 20-50 frames, at aframe rate of 24 frames per second
andapixel resolution of 1,024 x 436. The dataset provides optical flow
in pixel space for each frame after the first of each sequence. As the
integration time steps we use are faster than the actual sampling rate
ofthe sequences, weresample input frames accordingly over time and
interpolate the optic flow.

Fly-eye rendering. We first transformed the RGB pixel values of the
visual stimulus to normalized greyscale between 0 and 1. We translated
Cartesian frames into receptor activations by placing simulated pho-
toreceptorsina 2D hexagonal array in pixel space, 31 columns across
resultingin 721 columnsintotal, spaced 13 pixels apart. The transduced
luminance at each photoreceptor is the greyscale mean value in the
13 x13-pixel region surroundingit.

Augmentation. We used: random flips of input and target across one
of the three principal axes of the hexagonal lattice; random rotation
of input and target around its six-fold rotation axis; adding element-
wise Gaussian noise with mean zero and variance ,=0.08 to the
input X (then clamped at 0); random adjustments of contrasts,
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logc ~ MO, 2=0.04)andbrightness, b~ N(0,
withX =c(X 0.5)+0.5+cbh.

In addition, we ‘strided’ the fly-eye rendering across the rectangu-
lar raw frames in width, subsampling multiple scenes from each. We
ensured that suchsubsamples from the same scene were not distributed
acrosstraining and validation sets. Input sequences in chunks of 19 con-
secutive frames were drawn randomly in time from the full sequences.

2=0.01), of theinput

Black-box decoding network. The decoding network is feedforward,
convolutional and has no temporal structure. Aspects of the architec-
ture are explained in the section entitled Model training. The spatial
convolutions have a filter size of 5 x 5. The first layer transforms the
D =34 feature maps to an eight-channel intermediate representa-
tion, whichis further translated by an additional convolutional layer
to a three-channel intermediate representation of optic flow. The
third channel is used as shared normalization of each coordinate of
the remaining 2D flow prediction. The decoder uses PyTorch-native
implementations for 2D convolutions, batch normalization, softplus
activation and dropout. We initialized its filter weights homogene-
ously at 0.001.

Model characterization

Task error. To rank models on the basis of their task performance, we
computed the standard optic flow metric of average end-to-end point
error (EPE)”?, which calculates the average over all time steps and pixels
(thatis, here columns) of the error

o 1
EPE(Y,Y)= NC

n ¢

JOplnl J InD?+ (3 lnl . [n])?

between predicted optic flow and ground-truth optic flow and averaged
across the held-out validation set of Sintel sequences.

Importance of task optimization and connectome constraints.
We generated DMNs with different constraints to assess their relative
importance for predicting tuning properties. First, we studied the
importance of task optimization of DMN parameters. We cre-
ated 50 DMNs with random Gaussian-distributed parameters, and
task-optimized only their decoding network, to obtain baseline values
for both the task error and the accuracy of predicting tuning curves
without task optimization of the DMN.

In the full DMN, we constrained single synapses by connectome
cell-type connectivity, cell connectivity, synapse counts and synapse
signs (equation (2)) and task-optimized the non-negative type-to-type
unitary synapse scaling factor Lo Next, we trained five additional
task-optimized DMNs with different connectome constraints (Fig.2d
and Extended Data Fig. 2a-d).

Inthese five additional types of DMN, we additionally task-optimized
thetermsinbold, rather than using connectome measurements, related
to synaptic currents from a presynaptic cell j to a postsynaptic
cell i: known single-cell connectivity, unknown synapse count:
Wj= Mg o o iNWhichm, -, ,isnon-negative; known cell-
type connecthlty, unknown smgle -cell connectivity and synapse
CoUNts:w; ;= My 3< 4 o, ur v<3 (thatis, forall connected cell
types, a connectlon welght was learned for all cells up to a distance of
three columns in hexagonal coordinates, with known signs); known
single-cell connectivity and synapse counts, but unknown synapse
signs:w,;=a, (O, Ny. ., «, , (thatis, connection weights were fixed by
measurements, but S|gns optimized); known single-cell connectivity,
but unknown synapse signs and synapse counts: w, =Wor o v (that
is, all non-zero connection weights were optlmlzed mcludlng their
signs); or known cell-type connectnvnty,unknown single-cell connectiv-
ity, synapse counts and synapse signs: w; ;=W, ;. 3< 4, v, u+ v<3 (that
is, forall connected celltypes, a connectlon welght andsignwaslearned
forall cells up to distance of three columns). We trained 50 models per

DMN type. The task-optimized parameters in each case are highlighted
using bold symbols. We randomly initialized the models with
m, W, N/\/(O, ﬁ) in which n;, is the number of cell connections
and mis non-negative, and o, { 1,1}with equal probability.

Unconstrained CNN. We trained unconstrained, fully convolutional
neural networks onthe same dataset and task to provide an estimate of
alower bound for the task error of the DMN. Optic flow was predicted
by the CNN from two consecutive frames

Y[n]=CNN(X[n],X[n 1I).

with the original frame rate of the Sintel film. We chose 5 layers for the
CNNwith 32,92,136, 8 and 2 channels, respectively, and kernel size 5
for all but the first layer, for which the kernel size is 1. Each layer per-
formsa convolution, batch normalization and exponential linear unit
activation, except the last layer, which performs only a convolution.
We optimized anensemble of 5 unconstrained CNNs with 414,666 free
parameters each using the same loss function, L (Y, ¥), as for the DMN.
We used the same dataset (that is, hexagonal sequences and augmen-
tations from Sintel) for training and validating the CNN as that used for
training and validating the DMN, enabled by two custom modules
mapping from the hexagonal lattice to a Cartesian map and back.

Circular flash stimuli. To evaluate the contrast selectivity of cell
types in task-optimized models, we simulated responses of each
DMN to circular flashes. The networks were initialized at an approxi-
mate steady state after 1s of grey-screen stimulation. Afterwards the
flashes were presented for 1s. The flashes with a radius of 6 columns
were ON (intensity /=1) or OFF (/=0) onagrey (/=0.5) background.
We integrated the network dynamics with anintegration time step of
5ms. Werecorded the responses of the modelled cells in the central
columns to compute the FRI.

FRI. Toderive the contrast selectivity ofacell type,
FRIas

t;, we computed the

peak (I 1) rFeak (I 0)

Ceentral central

T peak (I 1)+r5eak (I 0)

Ceentral

from the non-negative activity

rPe () = maxV

Lenlral

[n1 (D1,

Ccentral central

[nl(H) + ImiInK

from voltage responses Vi e 1 (D) tO circular flash stimuli of intensi-
ties/ {0, 1}lasting for 1s after 1s of grey stimulus. We note that our
index quantifies whether the cell depolarizes to ON- or to OFF-stimuli.
However, cells such asR1-R8, L1and L2 can be unrectified (that s, sen-
sitive to both light increments and light decrements), which is not
captured by our index.

For the Pvalues reported in the results, we carried out a binomial
test with probability of correct prediction 0.5 (HO) or greater (H1) to
test whether both the median FRI from the DMN ensemble and the
task-optimal model can predict the contrast preferences. Additionally,
we found for eachindividual cell type across 50 DMNs that predictions
for 29 out of 31 cell types are significant (P < 0.05, binomial).

Moving-edge stimuli. To predict the motion sensitivity of each cell
type in task-constrained DMNs, we simulated the response of each
network, initialized at an approximate steady state after 1s of grey-
screen stimulation, to custom generated edges moving to12 different
directions,  [0°30°,60°, 90°,120° 150°,180°, 210°,240°,270°,
300°,330°]. We integrated the network dynamics with anintegration
time step of 5 ms. ON-edges (/=1) or OFF-edges (/= 0) moved onagrey
(/=0.5) background. Their movement ranged from 13.5° to 13.5°
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visual angle and we moved them at six different speeds, ranging
from13.92°s 't0145°s '(S  [13.92°s 1,27.84°s 1,56.26°s 1,75.4°s !
110.2°s 1,145.0°s 1). In Fig. 2d, we report the correlation between
predicted motion-tuning curves to the single experimentally measured
tuning curve. We take the maximum correlation across six investi-
gated speeds to make the correlation measure robust to potential
variations in preferred speeds.

DSI. We computed a DSI” of a particular type ¢; as

| PR (,S, Yexp(i )l

DSI I centml
= |§|5 s max| P s, )
I H central
fromrectified peak voltages
ek (1S, )= maxV¢ . [nl0,S, ),

Ceentral Ecentral

elicited from moving-edge stimuli. We rectify the voltage to quantify
the tuning of the effective output of the cell, and to avoid the denom-
inator becoming zero. We parameterized movement angle ,inten-
sities/ I,andspeedsS Softhemovingedges.Totaketheresponse
magnitudes into account for comparing the DSI for ON- and for
OFF-edges, we normalized by the maximum over both intensities in
the denominator. To take different speeds into account, we averaged
overS.

Normalization of model neural activity for averaging across models
in a cluster. Threshold-linear networks have arbitrary units for the
voltages and currents. Therefore, we normalized the neural activity
before averaging the neural activity predictions from different models.
For asingle cell or cell type ¢, we first divided responses (voltages or
rectified voltages) by the root mean square across the cell’s responses
to the naturalistic stimuli:

_nlnl

r1n] = H*Rnat

,

inwhichRM™ RSV is the cell’s response vector to S sequences from
the Sintel dataset with N time steps and r,[n] is the cell’s response to
any stimuli. This normalization makes averages (Fig. 4a,b,d-e and
Extended Data Figs. 4, 7, 8, and 9a,b) independent to variation in the
scale of neural activity from model to model. We normalized input
currents equivalently (Fig. 4b and Extended Data Figs. 4, 7, and 8) by
the same normalization factor. We exclude solutions for which the
denominator becomes zero.

Determining whether a cell type with asymmetric inputs counts
as direction selective. We counted a cell type as direction selective
if the DSIs from its synthetic measurements were larger than 99% of
DSIs from non-motion selective cell types (that is, those with sym-
metric filters). We note, however, that estimates of the spatial asym-
metry of connectivity from existing connectome reconstructions can
be noisy.

For deriving the 99% threshold, we first defined a distribution
p(d”ity,,) over the DSIfor non-direction-selective cells, from peak
responses to moving edges of cell types with symmetric inputs, ty,.
We computed that distribution numerically by sampling

peak :
|- reee (LS, Dexpi |

| rPeak (s, )

Ceentral

for100 independent permutations of theangle *.Weindependently
computed d* for all stimulus conditions, models and cell types with

symmetric inputs. From p(d*ltsym) , we derived the threshold
dpresn = 0.357 as the 99% quantile of the random variable d*, meaning
that the probability that a realization of d* > d e is less than 1% for
cell types with symmetricinputs. To determine whether an asymmet-
ric cell type counts as direction selective, we tested whether syntheti-
cally measuring direction selectivity larger than d,., in that cell type
is binomial with probability 0.1 (HO) or greater (H1). We identified 12
cell types with asymmetric inputs (T4a, T4b, T4c, T4d, T5a, T5b, T5c,
T5d, TmY3, TmY4, TmY5aand TmY18) as direction selective (P < 0.05)
from our models, and 7 cell types with asymmetricinputs to not count
as direction selective (T2, T2a, T3, Tm3, Tm4, TmY14 and TmY15; see
Extended Data Fig. 5 as reference for cell types with symmetric and
asymmetric inputs).

Uniform manifold approximation and projection and clustering.
We first simulated central column responses to naturalistic scenes
(24 Hz Sintel video clips from the full augmented dataset) with an
integration time step of 10 ms. We clustered models in feature space
of concatenated central column responses and sample dimension.
Next, we computed a nonlinear dimensionality reduction to two
dimensions using the UMAP (uniform manifold approximation and
projection) algorithm, and fitted Gaussian mixtures of 2to 5 com-
ponents, with the number of components that minimize the Bayes-
ian information criterion, using the Python libraries umap-learn and
scikit-learn®™,

Single-ommatidium flashes. To derive spatio-temporal recep-
tive fields of cells, we simulated the response of each network to
single-ommatidium flashes. Flashes were ON (/=1) or OFF (/=0) ona
grey (/= 0.5) background and presented for [5, 20, 50,100,200,300] ms
after 2 s of grey-screen stimulation and followed by 5 s of grey-screen
stimulation.

Spatio-temporal, spatial and temporal receptive fields. We derived
the spatio-temporal receptive field (STRF) of a cell type ¢ as the
baseline-subtracted responses of the central column cell to single-
ommatidium flashes J (u, v) at ommatidium locations (u, v):

STRE, . [nlw )=V, [n(J(w,0) V; [n=01((u,0).

central central

We derived spatial receptive fields (SRFs) from the responses to
flashes (20 ms in Fig. 4d) J(u,v) at the point in time at which the
response to the central ommatidium impulse is at its extremum:

SRF (u, v) =STRF (n=argmax, ISTRF[r](0,0)|,u,v).

We derive temporal receptive fields (TRFs) from the response to a
flash / (0, 0) at the central ommatidium: TRF[n] = STRF[n] (0, 0). For
averaging receptive fields across multiple models, we first normalize
the voltages as described above.

Maximally excitatory naturalistic and artificial stimuli. First, we
found the naturalistic maximally excitatory stimulus, X* by identifying
the Sintel video clip, X, from the full dataset with geometric augmenta-
tions that elicited the highest possible response in the central column
cell of a particular cell type in our models.

(X).

X*=argmaxV,
X Sintel

central

Next, we regularized the naturalistic maximally excitatory stimulus,
toyield X, capturing only the stimulus information within the receptive
field of the cell, with the objective to minimize

LX)= IV, X [n,cl 0.5]72.

n

1
OOV, OO+
c
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The first summand preserves the central response to X*, and the
secondregularizes theirrelevant portions of the stimulus outside the
receptive field togrey (/=0.5).

Inaddition, we computed artificial maximally excitatory stimuli”.

Model selection. To describe the most data-consistent motion tuning
mechanisms predicted by the ensemble at the level of single-cell cur-
rents, for Extended Data Figs. 4, 7 and 8, we automatically selected
those models from the ensemble with tuning matching to empirical
data. Specifically, we selected models with correct contrast tuningin
the respective target cells and their inputs (Fig. 4c and Extended
Data Fig. 3d), with the DSl larger than the threshold d* derived above,
and with a correctly predicted preferred direction (45° acceptance
angle, assuming 225° for TmY3).

Training synthetic connectomes

Training feedforward synthetic ground-truth connectome net-
works. Sparsified feedforward neural networks with six hidden layers
(linear transformations sandwiched between rectifications) with equal
number of neurons in each hidden layer functioned as ground-truth
connectome networks. The main results describe networks with 128
neurons per hidden layer. We interpret the individual units as neurons
with voltage

- rest _
Vi = Sij + Vi =
J J

rest
Fmf (V) +ViEs,

with presynaptic inputs s; and resting potentials Viet. The
connectome-constrained synapse strength, w, is characterized by the
adjacency matrix c;, thesigns ;, and the non-negative weight magni-
tudes my. c;=1if the connection exists, else ¢;= 0. To respect Dale’s
law, the signs were tied to the presynaptic identity, /.

We identified the parameters ;, m; and V;*by task optimization
on handwritten digit classification (Modified National Institute of
Standards and Technology (MNIST) database)”. We determined adja-
cency matrices, Cij» for a given connectivity percentage using an
iterative local pruning technique, the lottery ticket hypothesis algo-
rithm””. The algorithm decreases the connectivity percentage of the
ground-truth connectome networks while maintaining high task
accuracy.

We optimized the ground-truth connectome networks and all simu-
lated networks described below in PyTorch with stochastic gradient
descent with adaptive moment estimation (ADAM with AMSGrad),
learning rate 0.001, batch size 500, and an exponentially decaying
learning rate decay factor of 0.5 per epoch. To constrain the weight
magnitudes to stay non-negative, we clamped the values at zero after
each optimization step (projected gradient descent). The parameters
after convergence minimize the cross-entropy loss between the pre-
dicted and the ground-truth classes of the handwritten digits. More
implementation detail is available in Supplementary Note 5.

Simulated networks with known connectivity and unknown
strength. Simulated networks inherited connectivity, c;, and synapse
signs, ;, from their respective ground-truth connectome networks.
Insimulated networks, signs and connectivity were held fixed. Weight
magnitudes, m;, and resting potentials, Ve, wereinitialized random-
ly and task-optimized. Just like ground-truth connectome networks,
simulated networks were trained on the MNIST handwritten digit clas-

sification task until convergence.

Simulated networks with known connectivity and known strength.
Alternatively, we imitate measurements of synaptic counts from the
ground-truth weight magnitudes:

Ay=my ;with j~uUd 1+ ),

withmultiplicative noise to imitate spurious measurements. We used
= 0.5for the main results. Weight magnitudes were initialized at the

measurement, /7, and task-optimized on MNIST with the additional

objective to minimize the squared distance between optimized and
measured weight magnitudes, m; (L2 constraint, Gaussian weight
magnitude prior centred around the simulated network’s initialization).
We weighted the L2 constraint ten times higher than the cross-entropy
objective to keep weight magnitudes of the simulated networks close
to the noisy connectome measurements. Resting potentials, V', were
again initialized randomly and task-optimized.

Measuring ground-truth-simulated network similarity. Ground-
truth-simulated network similarity was measured by calculating the
median Pearson’s correlation of tuning responses (rectified voltages)
of corresponding neurons in the ground-truth-simulated network
pair.Ineachof the 6 hiddenlayers, N =100 randomly sampled neurons
were used for comparison. Response tuning was measured over input
stimuli from the MNIST test set (N =10,000 images). Results are medi-
ansover allhiddenlayers and over 25 ground-truth-simulation network
pairs.

Reporting summary
Furtherinformationonresearch designisavailable in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

Data, trained models and interactive notebooks are available at https://
www.github.com/TuragaLab/flyvis.

Code availability
Codeis available at https://www.github.com/TuragalLab/flyvis.
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Extended DataFig.2 | DMN benchmark of connectomic constraints.

(a-d) How wouldincomplete knowledge of connectome affect the

tuning predictions? We artificially varied DMNs with random parameters,
connectome-constrained or task-optimized parameters. Five experiments:
Four ‘Synapse-optimized models’, one ‘Fully optimized’. Details in Methods.
How would incomplete knowledge of cell types affect the tuning
predictions? We artificially assumed some cell types to be indistinguishable,
withshared physiological parameters (resting potentials, time constants,

and unitary synapse strengths). Two experiments: (1) ‘Full DMN Merge T4, TS’
assumes that T4 and T5 subtypes were indistinguishable, reducing the number
of celltypesto 58.(2) ‘Full DMN Merge E/I’ assumes that we had three cell
types, excitatory (37 cell types), inhibitory (22 cell types) or both (4 cell types),
based on our knowledge of synapse signs. Tuning predictions are shownin
comparison to the FullDMN and the DMN with random parameters.

(a) Task error. (b) Predicted correlations to flash response indices, T4, and T5
motion-tuning curves (10 best models). (c) Predicted correlations to known
direction selectivity indices. (d) Distances between known preferred directions
and predicted preferred directions for T4 and T5 neurons. (e) Better task-
performing models predict motion-tuning neurons better. We correlate
predicted tuning metrics from each model to the known tuning properties to
understand when better performing models give us better tuning predictions.
(orange) When correlating the direction selectivity index of each model to the
binary known properties for T4 and T5and their input cell types, we find that
this correlationis higher for better performing models (Pearson correlation,

r= 0.60,p=2.6x10 ° %Cl=[ 1, 0.42],df=48).(magenta)While
themodels predicted the known contrast preferences generally well, the
correlation of flash response index to the binary known contrast preferences of
31celltypesdid notsignificantly increase with better performing models.
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naturalistic scenes for each cell type, and aimed to identify whether clusters
correspond to qualitatively different tuning mechanisms. (b) Dimensionality
reduction on TmY3 responses to naturalistic stimulireveals 4 clusters of DMNs
with average task errors 5.298 (circle), 5.317 (triangle), 5.328 (square) and 5.331
(star). Across clusters, TmY3 shows different strengths of direction selectivity
(evaluated with moving edge stimuli). ON-edge direction selectivity is strong
inthe firstand the third cluster. (c) Normalized peak responses of TmY3 to
moving edge stimuliin the DMNs of each cluster. (d) Major cell types and

flash response index

known OFF-selective

synaptic connectionsin the pathway that projects onto TmY3 (simplified).

(e) Theinputelements of TmY3 with the highest amount of synapsesare L4, L5,
Tm2, Tm3, Mil, Mi9, and Mi4. The asymmetries of their projective fields could
allow TmY3 to become motion selective. (f) Dependencies between TmY3
tuning and the contrast preference of its input cells. For clustersinwhich
TmY3ismotionselective, cluster 1(TmY3 tuning to downwards/front-to-back
motion, circular marker) indicates ON-selectivity for Tm3, Mil, and Mi4 cells,
and OFF-selectivity for L4, Tm2, and Mi9 cells, in agreement with known
selectivities. In contrast, cluster 3 (TmY3 tuning to upwards/back-to-front
motion, square marker) indicates ON-selectivity for Mi9 in contradiction to
theknownselectivities and hence ruling out the third TmY3 tuning solution.



Article 3.6 DATA AND CODE AVAILABILITY 65

a TmY3 b Tmy3

convolutional filters
(anatomical receptive fields)

- " PD ND
z Mit L5 Measured Measured
H 4 * 3
g Tm3 Tma - I\ 40-ms flash
= 56deg/s
“ 2
input currents TmY3 Tm2 I T I T
0.0 0.5 0.0 0.5
— Mi1 TmY3 Tm16 ——TmY15 -
—L5 Tm2 TmY5a — Mi14
——Tm3 L2 Mi10 ——Mi4 L2 L4
——Tmé4 L4 Mi9  —— null direction
—————— 30-ms flash
. : o —"/\,\/ 75degls
Tm16 TmY5a
[ T [ T
0.0 0.5 0.0 0.5
Mi10 Mi9

TmY15 Mi14 J\/4 20#&113932
: s S

Mid I T I T
0.0 0.5 0.0 0.5
T T T T T 1 * time (s)
0.0 0.2 04 0.6 08 1.0
time (s)

currents (a.u.)

Extended DataFig.4| TmY3 motion detection mechanisms hypothesized by the model. (a) Responses to PD and ND ON-edge motion and contributions from
input elements. (b) PD enhancement and ND suppressionin TmY3 in the model.



66

MAIN RESULTS: CONNECTOME-CONSTRAINED NETWORKS

a
§ e= 3| == excitatory == inhibitory
220
©
o
310
o
o
g 0
R R E R R N R E R L TR PR L L PR EE TS P R
: § VACERRE Cinaa LA ARG 3 13333
= 5 F o FFFRFEF
(8}
b
@
E == excitatory e inhibitory
% example
% 3 center of mass offset I
22
0
H | y PR BN
»n 9 ? ¥ ¥ ) 9 - p & *
R ity L Lt L b n L BT, tLLULLLE L
© - * + - * ¥ * -t *
E0Jiese lala -....a..u 't+% teledallee **? 4 Il LA LL.. Tlﬁ A1difssel 2. 1l X;Lﬂ' ‘?'f
"5 IIIIIIIIIJ\III!IIIIIII,_I\IIIIIIIIIII(\IIIIIIIIIIIIIIII;II‘I}IIII('I)vI“I,OI’OI(éJ_wl)aI)
ral CANMTNONONOrTT2O0OTR-ANMETCD T 20T -—NY DL ENNOOTNOLTO N Tm T Q0O O
= SIS 0O WY e o~ OHOLVVLVW AN >OV>T - O
3 r!n:n:n:L’CL’CCCIIL)Egg._._,_,_'E—‘JJ—‘\S/EF|-|—|—,EEEE"E§<O§§§§§§EE'_'_'—’_EEEEEEEEEEEEEEEEE
] = - =4 D—l—l—'—l—l—l—b—l—b—i_l—'_}_}_}_}_
o - =
o o
c d
_ 015 Tdc _ 015 Tac
@ o . 2 . °
2 010 TmY18 Z 010 TmY18
& Tad Tmy3 T4a TmY4 & Pad Y4 T4a
3 Tdb Taysa B 3 TmY5a 8"%4b T5b
£ 005 E yoa s £ 005 i B T5a 5
? d T5 °
0.00 |°0%ﬂ%°|qs%':°979'1—§9°|000§| 2 ol°° T ’ T 1 0.00 ?:@”:""f oq’egfsc Od) 7 > o| T T 9
0.0 0.2 0.4 0.6 0.8 1.0 1.2 14 1.6 0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75

average excitatory center of mass offset (columns)
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of synapticinputs against median predicted direction selectivity index for all
celltypes. Datapoints for cell types that were predicted as significantly motion
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Extended DataFig. 6 | Predicted tuning withrespect to task-performance.
(a) Flashresponseindex computed as the max-abs-scaled peak response to an
offflash subtracted from the max-abs-scaled peak response toan on flash -
both of approximately 35° radius and presented for1s after 2 s of grey input.
Values above O indicate on-polarity, values below zero indicate off-polarity.

Known on-polar and off-polar cell types are colored in yellow and magenta.
(b) Single-cell type direction selectivity of best 20% task-performing models
versus worst 20% task-performing models of an ensemble of 50 models as a
result of peak voltage responsesin central columnsto on-edges and off-edges
moving towards all possible directions on grey background.
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Extended DataFig.7| T4 motion detection mechanisms hypothesized

by themodel. (a) Across all T4 cell types (here T4c, Supplementary Fig. 5 for
other T4 types), our model predicts that T4 depolarizationin response to PD
ON-motion (black, solid) is driven by excitatory Mil current inputs (darkest red,
solid) from roughly atwo-column radius of Mil cells. Excitatory inputs from
neighboring T4 cells of the same type increase the T4 PD-motion response
(third darkest red, solid). Tm3 and Mil cells excite T4 agnostic to PD vs. ND
motion. For ND-motion, Mi4 cells cancel excitatory currents from Mil with
matchinginhibition from the trailing side of the receptive field (darkest blue,
dashed). Theinhibition from Mi4 cellsis delayed for PD-motion (darkestblue,
solid), allowing strong depolarization of T4. CT1shadows the Mi4 mechanism
with similar but weaker inhibition from the same location of the receptive field

(second darkest, blue). Our model suggests mechanisms involving Mi9 cells
and TmY15 cells: both contribute to T4 motion detection by different inhibitory
mechanisms for PD-motion with respect to ND-motion. (b) ‘Measured”:
Predicted T4cresponses tobars moving in PD (left column) and in ND (right
column) at varied speeds (saturated red and blue). ‘Linear sum’: linear sum

of responses to individually flashed frames that constitute the moving bar
video (faintred and blue). Faint grey traces in background of first panel show
individual flash responses before linear summation. Flash durationin each
location matched to length of stay at the locationin the moving bar video. Bars
were approximately 9° wide and 20.25° high and moved across 45° with respect
toreceptive fieldin the center. This figure should be compared to Gruntman
etal.?, Fig. 4f.
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Extended DataFig. 8| T5 motion detection mechanisms hypothesized

by the model. (a) Across all T5cell types (here T5c, Supplementary Fig. 6 for
other T5types), our model predicts that T5 depolarizationin response to PD
OFF-motion (black, solid) is driven by excitatory Tmland Tm9 input currents
(darkest and second darkest red). Tml currents come froma centered,
two-column radius of Tmlcells. Tm9 inputs come from cells of fset by one
column towards the leading side of the receptive field. We observe delayed
excitation from Tm9 cells for ND-motion. The PD-motion responseisincreased
through excitatory inputs from the neighboring T5 cells of the same type (as for
T4 cells), not providing excitation for ND-motion. CT1(Lol) cells cancel excitatory
currents with strong inhibitory currents from the trailing side of the receptive

field leading to the weak ND response. For PD-motion, inhibition from CT1(Lo1)
cellsis delayed allowing strong T5 depolarization. (b) ‘Measured”: Predicted
T5cresponsesto barsmovingin PD (left column) and in ND (right column) at
varied speeds (saturated red and blue). ‘Linear sum’: linear sum of responses
toindividually flashed frames that constitute the moving bar video (faintred
andblue). Faintgrey traces inbackground of first panel show individual flash
responses before linear summation. Flash durationin each location matched to
length of stay at thelocation in the moving bar video. Bars were approximately
9°wide and 20.25° high and moved across 45° withrespect toreceptive fieldin
the center.
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In this chapter, I emphasize new opportunities, discuss advanced modeling
techniques, and share insights gained from model development.

Part of the work presented here was created in close collaboration with a
team in the Mackelab. The active, collaborative teamwork has started with
L. Ulmer who joined us on the project as a M.Sc. student in March 2023,
around the time when we preprinted the manuscript. Over the past two
years, as part of this team usually consisting of four or five members, I
contributed much of my work time to supervising and guiding peers, es-
tablishing shared software and infrastructure, and fostering a collaborative
research culture aimed at generating quality-controlled modeling results.

That said, many results are still work-in-progress such that I can only pro-
vide outlooks rather than preliminary results.

4.1 TOWARDS NEW CONNECTOME MODELS

Can our techniques for connectome-constrained simulation be applied to
other nervous systems?

The advent of full nervous system reconstructions of the fly (Section 2.3)
shortly after we published our techniques for connectome-constrained sim-
ulation, optimization, and hypothesis generation represents a wealth of op-
portunities for testing the connectome-constrained modeling approach and
make new model-driven neuroscientific discoveries in the fly. Initial compa-
rable modeling results are fruitful. For instance, a model of a portion of the
central brain underlying antennal grooming behavior suggests new circuit
motifs (Ozdil et al., 2024) and a model of the head-direction circuit underly-
ing self-motion perception demonstrates that self-supervised and unsuper-
vised training can be viable alternatives to supervised task-optimization of
neural parameters (Duan et al., 2025). Others have created a simulation of most
of the connectome and predict behaviorally relevant neural computation by
simply using a leaky integrate-and-fire neuron model with manually set
parameters without any machine learning (Shiu et al., 2024).
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The new vastness of connectome data allows unprecedented analyses, even
across individuals and sex. Over the next decade, while new connectome
data is on the way, many novel structure-function relationships underlying
behavior will be discovered.

4.1.1  Towards a whole fly nervous system model

Given the recent data, we can make first estimates of how many unknown
parameters a DMN of the whole fly nervous system has.

To simulate the whole nervous system, we would have to simulate about
140,000 neurons for the central brain and 23,000 neurons for the ventral
nerve cord (Fig 4.1a, Section 2.3). A DMN with 163,000 neurons and of the
form presented here (Section 2.4) will have an order of magnitude more
parameters than the visual system model. Compared to the 64 neuron types
of only the fly visual motion pathway we modeled, the whole brain has
about 8,500 neuron types (Schlegel et al., 2024) and the VNC about 110 (Allen
et al., 2020). A full nervous system DMN will therefore have at least 17,220
unknown parameters for neuron type time constants and resting potentials.

Compared to the 1,500,000 synapses of our fly visual system model, a
model of the whole nervous system has approximately 140,000,000 chem-
ical synapses (Section 2.3). However, the count of neuron type to neuron
type connections determines parameter count rather than individual con-
tacts as long as we can continue to estimate unitary scaling factors for
synapse strength on neuron type level. Schlegel et al. find 572,980 neuron
type to neuron type connections in the brain of which 16%, 91,677, were
found to have a 90% chance of persisting across hemispheres but account
for 79% of all synapses. In other words, we would require something be-
tween 91,677 to 572,980 unitary scaling factors for the brain of the simu-
lation, depending on cut-offs, and likely a couple hundred more for the
VNC.

Therefore, the total count lies between 108,897 and 540,200 required un-
known parameters in a DMN of the whole nervous system — two to three
orders of magnitude higher than in the present model with 735 unknown
parameters. In this context, it is somewhat surprising that a model of the
whole-brain connectome with only 10 distinct parameters could make ac-
curate predictions for a part of the system (Shiu et al., 2024). In our model,
we found that we can predict individual subtype selectivity across T4 and
Ts subtypes well and potentially even better when we constrained them
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to share parameters (Fig 4.1b). Taken together, this suggests that we can
likely share parameters more coarsely, for instance across cells of the same
neuron type family or hemilineage, which would reduce the amount of
parameters needed to simulate the system.

What are the memory requirements for such a model? Training a single
model (from an ensemble) at 20 ms integration timesteps currently re-
quires about 3GB of GPU memory, or about 0.004 GB per free parameter.
With the above parameter count, and the calculated ratio, assuming task-
independent requirements, we can estimate a full nervous system model
coarsely requires 435 to 2161 GB GPU memory, equivalent to 6-27 Nvidia
A100 graphic cards. A costly but feasible hardware requirement.

For a statistically powerful characterization of possible structure-function
relationships (Section 2.2.7), one will need to train ensembles of equiva-
lent models to characterize degenerate solutions. Assuming 50 equivalent
models would be sufficient (which could be an underestimate), a whole
nervous system DMN will already require 271 to 1,350 A100’s for training
one ensemble in parallel. From our previous experience, we can roughly
estimate the speed-up that model-based function characterization per neu-
ron type offers. This is a strong oversimplification, might miss data points,
and should be taken with a grain of salt:

Over the last three decades, researchers who made the 26 studies we cited
centrally in our paper, contributed to characterizing the function of 32
neuron types. This represents about 1.07 neuron type function character-
izations per year for the whole system. With our connectome-constrained
model, we characterized 64 neuron types within approximately 5 years,
or in other words we made 13 neuron type characterizations per year —
an order of magnitude increase over the previous number and others will
be faster in future. While a model hypothesis is not the same as an ac-
tual experimental measurement, we will be able to generate functional hy-
potheses for hundreds to thousands of neuron types a year with future
connectome-constrained models. Likely no human researcher will be able
to manually screen all these model hypotheses, but also not validate them
with experimental measurements in the animal. While coarse, these simple
calculations suggest that and why the ambition of brain modeling will re-
quire reliable machine learning methods and analysis software for massive
industrial-type scale and automation.
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FIGURE 4.1: Towards whole-nervous system understanding with model-driven
function discovery on neuron type level. (a) Neuronal wiring diagrams of the
adult Drosophila brain and ventral nerve cord, adapted from (Dorkenwald et al., 2024)
and (Tukemura et al., 2024). Brain refers to the two optic lobes on the left and right
and the central brain in the center. (b) Tuning predictions of two different DMN
ensembles with old connectome (50 models each). "Full DMN" infers time con-
stants, resting potential, and synaptic scaling factors for each T4 and T5 subtype
separately. "Full DMN Merged Ty, T5" shares these parameters across T4 and T5
subtypes. Higher correlation means better predictions.

4.1.2  Towards new optic lobes models

As a second step towards the whole-connectome simulation, we are actively
working on simulating the new optic lobe connectome (Nern et al., 2024), now
one of several comprehensive reconstructions (Dorkenwald et al., 2024; Schlegel
et al., 2024; Matsliah et al., 2024). This represents its own opportunities and chal-
lenges.

The new male connectome dataset (Fig. 4.2a) comes at isotropic resolution
of 8 nm, with complementary mesoscale light microscopy images and is
densely reconstructed (Nern et al., 2025). However, truncations of retina and
lamina represented the first challenge for faithful connectome-constrained
simulation (Fig. 4.2b). In preparation for simulation, one has to manually
reconstruct these parts of the fly visual system based on partial EM recon-
struction and mesoscale anatomical data from light microscopy imaging.

Big neurons represent the second challenge. Neurites of most neuron types
contained in the motion circuit connectome are local, but neurites of in-
terneurons and neuron types downstream of the motion detection circuit
often span many visual columns. 50% of the anatomical receptive fields
in the model with the old motion pathway connectome have a radius of
less than two columns. The neuron types from this model still account
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FIGURE 4.2: New optic lobe. (a) Neuronal wiring diagram of the left optic lobe.
Image adapted from FlyEM / HHMI Janelia Research Campus, licensed under
CC BY. (b) Truncated optic lobe volume and complementary light microscopy
data, adapted from (Nern et al., 2025). (¢) Radius (maximum extent) of anatomical
receptive fields of the old fly visual system data limited to the motion detection
pathways vs. the new whole-visual system data.

for 67.4% of cells in the optic lobe'. In contrast, with the full visual sys-
tem connectome, 50% of all anatomical receptive fields extend beyond five
columns, with a long tail corresponding to connections spanning tens of
columns (Fig. 4.2c). Note, that these numbers might vary depending on
the applied synapse thresholds. We could previously model columnar ter-
minals of the large amacrine cell CT1 that span the entire field of view
as independent columnar point neurons, because they are electrotonically
compartmentalized (Meier & Borst, 2019). However, it is unknown which other
neurons are compartmentalized too or for which neurons morphological
properties support function and are thus required in modeling. One might
be able to guess from EM data based on anatomical features whether ter-
minals are electrotonically compartmentalized (S. Seung private communi-
cation), however a comprehensive characterization would be useful.

The third challenge are spiking neurons. While many neurons in the fly
visual system communicate via graded potentials, certain neuron types are
known to spike, but this has not been catalogued extensively. A comprehen-
sive dataset reporting spiking vs. non-spiking neuron types would help for
combined modeling of spiking and graded potential neurons within the
same neural network.

New models might represent point neurons with graded potential together
with spiking multi-compartment neurons and vice versa. This poses chal-
lenges to numerical integration and optimization. Progress in large-scale
and automated modeling will therefore hinge upon comprehensive char-
acterization of these properties and better machine learning tools for nu-

1 tinyurl.com/flyvis
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merical integration and optimization. Good computational infrastructure
can compensate prospective demands for simulating heterogeneous graph-
neural networks of stiff differential equations. While facing significant chal-
lenges, I think as demonstrated by recent work on connectome analysis and
simulation (Lappalainen et al., 2024, Seung, 2024; Shiu et al., 2024; Seung, 2025; Zhao et al.,
2024), the scientific opportunities for discovery are exciting and we have
more questions than ever before — which justifies the expenditure.

4.2 TOWARDS MODELING BETTER NEURAL AND SYNAPTIC DYNAMICS

The main work describes electrical signals in neurons as passive-point volt-
ages and chemical synaptic input as instantaneous graded potentials (Sec-
tion 2.1.2). These simplifications have functional limitations. This section
presents extensions to the DMN framework: conductance-based synapses,
morphologically detailed active neurons, and integration of neural activity
measurements.

4.2.1  DMNs with conductance-based synapses

The molecular machinery at a real synapse is complex as its local molecu-
lar mechanisms, such as ion channel trafficking, interact with more global
mechanisms such as voltage-dependent ion channel opening, and conse-
quences for network function and behavior are often opaque (Destexhe &
Marder, 2004, Scott & Frank, 2023).

Importantly, voltage dependence causes postsynaptic potentials from mul-
tiple inputs to interact nonlinearly, rather than summing linearly as in
current-based models. The real biological complexity allows the brain to
implement interactions of inputs resulting in nonlinear computations in
different ways (Koch, 2004).

For instance, the fly motion detecting neurons implement a nonlinear mul-
tiplication mechanism: Coincidence of glutamatergic inhibition and cholin-
ergic excitation leads to sharpened directional tuning curves (Groschner et al.,
2022). This motivates to model the DMN with conductance-based synapses
in future (Equation 2.1). Unlike current-based DMNs, which assume fixed
postsynaptic potentials regardless of voltage state, conductance-based mod-
els dynamically modulate current flow based on both synaptic input and
membrane potential (Section 2.1.1).
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Conductance-based models capture multiplicative amplifications (Groschner
et al., 2022) in ways current-based models cannot, however, demonstration
of such effects with conductance-based dynamics trained on the motion
detection task is part of future work.

In general, modeling more biological complexity requires to introduce
more free parameters which can affect the degenerate solution space in
unforeseen ways. More free parameters can introduce more equivalent so-
lutions with the same loss (Zhao et al., 2025). While we have a general strategy
to characterize such solution spaces (Sections 2.2.7 and 3.5.6), a theoretical
framework to analyze the symmetries and degeneracies induced by these
dynamics would help interpret learned solutions.

4.2.2  DMNs with spiking neurons, morphology, and JAXLEY

Passive point neurons with graded potentials are a good reduced model
of the fly visual system because its neurons are small and potentials are
graded. Detailed single neuron simulation of a T4 cell with and without
morphological detail results in equivalent dynamics (Gruntman et al., 2018).
However, other neural systems implement mechanisms that rely on the
precise morphology of individual cells to support specific functions.

Perhaps the most related example to this work where morphological com-
putation is essential is motion detection in the mammalian retina. Different
locations in the dendrites of starburst amacrine cells tune to different car-
dinal directions (Euler et al., 2002), a computation that is implemented in the
fly by T4 and Ts subtypes (Borst & Helmstaedter, 2015).

How to model morphological detail? To capture morphology-dependent
computations, we need modeling approaches that go beyond point neurons.
Cable theory describes voltage propagation over geometries using partial
differential calculus. It results in a recipe for how neural morphologies
can be segmented and recombined to a morphologically detailed neuron
simulation (Dayan & Abbott, 2005; Rall, 1989).

To use a gradient-based optimization approach as in DMNs, such a sim-
ulator must be differential. Existing detailed neuron simulators provide
substantial functionality to configure detailed networks of neurons with
different ODEs but they are non-differentiable (Hines & Carnevale, 1997; Goodman
& Brette, 2008; Gewaltig & Diesmann, 2007). Gradient-based training of spiking
Hodgkin-Huxley-type models works for single neurons (Doya et al., 1993),
but whether connectome-constrained models of morphologically detailed,
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conductance-based neurons work under gradient-based task-optimization
is not well understood. While we built FLyvis as a solution in Pytorch
for connectome-constrained optimization of differentiable networks, its
extended features focus more on custom and flexible ensemble analy-
sis, rather than flexible configuration of network structure and detailed
synaptic dynamics as in NEURON.

This, among others, motivates a NEURON-like simulator that is differentiable
and built with modern deep learning tools. In recent collaborative work,
led by M. Deistler, we built a differentiable simulator called jaxLEY that
is flexibly configurable and capable of simulating large networks of spik-
ing and morphologically detailed neurons (Deistler et al., 2024). Like NEURON
it handles numerically integrating morphologically detailed neurons, but
also supports automatic differentiation via JAX (Bradbury et al., 2018) for train-
ing of neural parameters.

This capability is also relevant for fly brain modeling, since the fly brain
combines graded-potential and spiking neurons. Accurate connectome-
constrained modeling of the full fly brain therefore requires integrating
different neuron and synapse models within a single computational
framework.

4.2.3 DMNs trained on measurements of neural activity

When building a DMN, the ultimate goal is a testable, model-driven theory
for an unknown mechanistic computation underlying behavior. The model
should therefore "know" all known mechanisms. After task-optimization
and clustering of the DMN ensemble, we use known mechanisms to fil-
ter models to refine their generated predictions (Section 2.2.7 and 3.2.4).
However, our differentiable simulator is technically capable to fit directly
to measurements of neural activity. Training DMNs on measurements of
neural activity enables data-driven improvement of neural and synaptic
dynamics.

Such measurements of neural activity are abundant, however, inclusion of
them into DMNs face a number of challenges, for instance:

1. Measurements of neural activity have no standards. For instance, dif-
ferent labs use different recording methods from electrophysiology to
calcium and voltage imaging. Experimental setups and data formats
differ.
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2. Measurements of neural activity are sparse. To correctly constrain dis-
tributed computations, we may need recordings of the coordinated ac-
tivations of many neuron types, but only few neurons can be recorded
at once with neuron type specificity.

3. Measurements of neural activity are usually responses to simple labo-
ratory stimuli. Most informative for model building would be record-
ings of responses to naturalistic stimuli, because they broadly cover
the support of the natural distribution of inputs a fly encounters.
However, most existing measurements are responses to simple labo-
ratory stimuli like flashes or moving bars because they are not made
for model building but for mechanistic interpretation.

Our naturalistic task-optimization approach compensates for a lack of
recordings of neuron type specific responses, allowing the model to dis-
tribute computation that is still plausible on a high-level. But, as we found,
task-optimized models are also degenerate at single-neuron level (Sec-
tion 3.2.4). How to integrate activity measurements into task-optimized
DMNs with machine learning?

A practically convenient solution would be to be able to train the DMN
to integrate neural activity measurements as they are becoming available,
gradually fine-tuning the model. However, as demonstrated in Linda Ul-
mer’s M.Sc. thesis work (Ulmer, 2024) (co-supervised by me and Prof. Macke),
sequentially learning different objectives (task and neural activity measure-
ments) leads to decrease in performance on the previous objective. This is a
problem commonly known as catastrophic forgetting (French, 1999). Sequential
fine-tuning does not work, but training the DMN simultaneously on mul-
tiple objectives leads to DMNs that "know": Training on optic flow from
Sintel simultaneously to tuning curves of T4 subtypes from (Maisak et al,
2013), directly results in all models belonging to the cluster that makes the
correct tuning prediction (Ulmer, 2024).

However, the aforementioned challenges in terms of the data foundation re-
main. Moreover, detailed alignment between stimulated real neurons and
simulated model neurons is difficult. More robust data foundations and
methods will facilitate building a closed-loop between model and experi-
ment in future.
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4.3 TOWARDS BETTER OPTIMIZATION

While the theory of DNN optimization is quickly sketched, actually de-
veloping DMNs and optimizing their parameters with tasks and measure-
ments of neural activity requires detailed development work. The hypothet-
ical ideal optimization algorithm works equivalently well across different
neuron and synapse models, initializations, network structures, numerical
integrators, and objectives, such as tasks or neural activity measurements. It
allows refining the model with new measurements without training on all
data to facilitate building a closed-loop between modeling and experiment.
However, in reality, different combinations of modeling and optimization
choices result in different DMN solutions. I discuss relevant considerations
below.

4.3.1  Optimization strategies and training challenges

For building a DMN from scratch, it is advisable to first overfit the net-
work on a single sequence or batch to debug the pipeline. Next, ideally es-
tablish the analysis pipeline for accurate prediction of known mechanisms
and further mechanistic interpretation. A stable analysis pipeline ensures
that effects of varying hyperparameters in training experiments become
tractable.

Once a model trains on the task and generates mechanistic predictions, one
usually wants to test different conditions as controls. Would the model pre-
dict the same mechanism if we were to change X? Many choices go into
the modeling, such as neuron and synapse model, initialization, synapse
thresholding, numerical integration, loss function, but also detailed techni-
cal choices such as learning rate, learning rate scheduling, parameter pe-
nalization, gradient clipping, training sequence length, type of optimizer,
type of steady-state accomodation, augmentation, parametrization, or de-
coder architecture (Section 3.5). To characterize the influences of modeling
choice, first pick a baseline model to compare to. Then train a new model
under only one changed condition a time. While changing more than one
condition at once has a chance of resulting in a better model in some met-
rics, it will preclude to explain why. Note that tracking the effect conditions
have on training results requires to train enough equivalent models (a big
ensemble) for statistical power against the baseline, because the optimiza-
tion is stochastic.
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In conclusion, optimizing a connectome-constrained DMN and derive pre-
dictions from it is hardly self-propelled. One might discover many pitfalls
in the process, from unbound parameters (e.g., Ty, < At) leading to state
divergence to more complex challenges, such as vanishing and exploding
gradients (Section 2.2.5) when optimizing over longer sequences. Eventu-
ally, rigorous experimentation making only one change at a time can result
in a higher-level intuition and confidence of the predictions that are robust
or sensitive to modeling choices.

Once our training and analysis pipelines were stable, we found that pre-
dictions varied in the details such as preferred directions, but higher-level
predictions, such as general T4 and T5 motion sensitivity, or FRI predictabil-
ity, were robust across differently (but reasonably) configured ensembles,
because of connectome and task-constraints (Section 5.1.1).

4.3.2  Parameter initialization

How to initialize the DMN for optimization? Parameter initialization plays
a critical role for stable network and optimization dynamics.

Training of deep feedforward neural networks common in deep learning
relies on specialized weight initialization to enable successful task optimiza-
tion (Glorot & Bengio, 2010; He et al., 2015). Parameters must be initialized within
a functional regime where activations neither explode nor vanish. Effec-
tive initialization strategies achieve this by controlling the variance of layer
activations.

However, these insights — while empirically validated in feedforward net-
works — do not directly extend to recurrent continuous-time dynamical
systems such as DMNs. These systems can exhibit a wide range of dynami-
cal behaviors (Strogatz, 2001), including nondeterministic and chaotic dynam-
ics. Such behavior depends on the spectral radius (i.e., the largest eigen-
value) of the recurrent weight matrix and its interaction with initializations
of biases and time constants.

For the main work, we developed simple heuristics, including to initialize
synapse strengths to small values to avoid runaway excitation, biases in the
center of the dynamic range of the input to ensure baseline activity, and
time constants 2-3 times higher than the integration timestep to balance
responsiveness with temporal stability.
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As experimentalists do with the real fly, we present gray-scale stimuli to the
model to drive it toward a steady state, where V ~ 0. The goal is to avoid
arbitrary transient dynamics during stochastic gradient descent by always
starting from a consistent reference state — neutral to input centered in the
dynamic range. However, depending on the initialization, networks may
initially exhibit unstable, vanishing, or oscillatory dynamics.

Heuristically, in our model, favorable initial steady-state dynamics resem-
ble exponential growth or decay toward a sustained response, or transient
activity followed by a stable plateau — consistent with the bandpass filter-
ing properties of neuron types in the fly visual system (Section 2.3.3).

Models initialized with random parameters such that they exhibited these
favorable dynamics, tended towards predicting tuning properties accu-
rately, but less accurately than task-optimized models and we were unable
to decode motion from them (Section 3.2.2).

Parameter initializations subtly influence the generated neural tuning pre-
dictions after task-training. Characterizing solutions across broadly initial-
ized ensembles accounts for this uncertainty, but in principle without guar-
antee that the number of models and the spread of the initialization is suf-
ficient to capture the correct solutions. How predicted tuning distributions
across an ensemble vary depending on initialization is subject to further in-
vestigation. Another future direction can be the development of algorithms
that discover good initializations for mechanistic models automatically, for
instance through self-supervised pretraining, or train well directly, largely
agnostic to initialization.

4.3.3 Dead neuron types and auxiliary activity targets

When visualizing whole-network activity through animated movies, we
found that individual trained networks often contain a subset of neuron
types with zero activity across all naturalistic stimuli, typically around 5%
of all types. We call them dead neuron types. The specific neuron types that
are dead vary across models, and some models exhibit no dead types at all
(Fig. 4.3a).

To reduce the number of dead neuron types, we introduced an activity
penalty that adapts resting potentials based on whether activity lies below
or above a set threshold (Section 3.5.5). This penalty shifts resting poten-
tials to bring postsynaptic voltage into a regime more favorable for ReLU
activation, thereby reducing the prevalence of dead neuron types.



4.3 TOWARDS BETTER OPTIMIZATION

Across two ensembles, the activity penalty reduced the percentage of dead
neuron types from 3.7% to 2.0% (Fig. 4.3).

Since the activity penalty constitutes an objective independent of the main
task objective yet facilitates training, it serves as an auxiliary target. More
generally, auxiliary targets act as regularizers that guide the network to-
ward desirable dynamical system behavior or target statistics. In this sense,
incorporating sparse measurements of neural activity during training
alongside the task objective is a form of auxiliary target training.

A future direction is to design auxiliary targets that accelerate training to-
ward better task performance and neural tuning predictions. Such targets
could also support pretraining by steering the system toward favorable ini-
tial parameter states.

4.3.4 Tasks and decoder

An advantage for modeling the fly visual system is its well-defined high-
level tasks, primarily to detect motion for navigation, and our extensive
knowledge of its implementation (Section 2.3.3). The local reconstructions
that we combined into a coherent connectome originate from research that
explicitly focused on reconstructing the motion detection pathways for
structural analysis (Section 2.3.2). Besides motion, the fly visual system
processes color and object shapes and these high-level functions have re-
cently been associated with hypothetical subcircuits in the complete brain
reconstruction (Matsliah et al., 2024).
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FIGURE 4.3: Dead neuron problem. Comparison of dead neuron types across two
ensembles of 50 models each trained without activity penalty (blue) or with activ-
ity penalty (orange). Sorted from left to right by highest to lowest counts across
ensemble without activity penalty.
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Our model corresponds to the first stages of the motion detection sub-
system. Its circuit structure and high-level function align. How well can
connectome-constrained DMNs predict neural activity when the task is
misaligned to circuit structure?

To address this question, we trained the DMN on other plausible visual
tasks, including the autoencoding of a scene. Tuning predictions from such
DMN’s were less accurate than tuning predictions from DMNs trained on
the motion detection task and as accurate as tuning predictions from mod-
els with random parameters (Fig. 4.4).

We extended this analysis in follow-up work with F. Pei and in ongoing
work with I. Omolayo. Our results corroborated that only training on mo-
tion targets would accurately predict tuning. Additionally, we showed that
training DMNs on the same motion targets but with different input types
(shapes, gratings, MNIST, textures) would result in better predictions of
DSIs than from DMNs with random parameters. However, the choice of the
input type strongly influences the directions which T4 and T5 neuron types
predominantly tune towards, which cannot be captured by the direction-
agnostic DSI. In other words, depending on the input type, predictions fall
into different predominant clusters among the degenerate solution space
representing different predictions of preferred directions of neurons.

The choice of high-level task is always accompanied by the technical choice
of decoder. Typically, task variables are not directly represented in the state
space of neural activity. Therefore, decoders translate from neural activity
space to task variable representation. For decoder design, we considered
four things important:

® The decoder is small, yet allows the combination of connectome-
constrained network and decoder to generalize on the task.

* Decoder weights are isotropic at initialization to avoid introducing a
structural bias that confounds the connectome-constraint.

¢ The decoder cannot solve the task alone.

¢ It decodes from a large superset of neuron types known to be motion
selective, to avoid tapping into a circular argument fallacy.

Specifically, our decoder is a CNN with 7,400 parameters. It reads out 34
neuron types with 8 filters, nonlinearity, normalization to improve train-
ability, dropout for generalization, and a second linear convolutional layer
translating to the two dimensional optic flow representation. To prevent
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FIGURE 4.4: Tuning predictions from DMNs trained on motion, with random
parameters, and for autoencoding scenes. (a) DMNs trained on the motion task
predict FRIs, T4 and T5 tuning most accurately. Best 20% task-performing models
from each ensemble. Each datapoint represents one model of the ensemble. (b) The
same holds for the predicted direction selectivity index and (c) predicted preferred
directions.
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a ON and OFF direction selectivities of decoded cell type across ensemble b Task error increase through dropout
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FIGURE 4.5: Decoded neuron type influence on task performance. (a) DSIs for
each decoded neuron type across ensemble. (left) ON-edge DSIs. (right) OFF-edge
DSIs. (b) Increase in task error when neuron type activity is replaced by average
response to naturalistic scenes at the decoding stage. As a baseline, in the left-most
condition "all", all responses are replaced by the neuron type’s average responses
such that motion detection is impossible.

that the decoder introduces a structural bias, we homogenously initialize
its weights.

To confirm that the trained decoder uses the motion detecting neuron types
in the fly visual system model, we analyzed the task error increase when
replacing the dynamic neuron type activity with the average responses at
the decoding stage (Fig. 4.5). We observed that task error increases for each
neuron type, but the largest increase in task loss when replacing T4 activity
(Fig. 4.5¢). This suggests that the decoder indeed uses the motion detecting
neurons and primarily attends to ON-motion selective T4 neurons.

In summary, the task-optimization approach requires careful consideration
of the alignment of task and neural circuit. Choices in decoder design can
influence the neural tuning predictions. Mechanistic assumptions on the
interplay between network and decoder can be tested via post-hoc anal-
ysis. While it worked here, we have no general recipe for decoding from
connectome-constrained neural networks. Future work should be guided
towards a benchmark across different combinations of connectome, task,
and decoder networks.

4.3.5 Parameter degeneracy and hypothesis generation under non-identifiability

We trained DMNs on naturalistic visual tasks with rich data augmenta-
tion, enabling them to generalize the motion detection function across a
broad distribution of inputs (Section 2.2.5). The resulting models perform
consistently on the high-level motion detection task and reliably reproduce
known tuning properties across the ensemble. However, the models are
non-identifiable: For example, the predicted function of T4c neurons sep-
arates into three distinct clusters across the ensemble (Fig. 4.6a,b), each
supported by many different trained parameter combinations of T4c time
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constants, resting potentials, and input scalings (Fig. 4.6c). Clustering and
parameter degeneracy across all other neuron types are illustrated in the
478-page supplement accompanying the main publication (Lappalainen et al.,
2024).

In summary, despite non-identifiability at the parameter level, functional
structure can emerge at the ensemble level. This highlights the need for
ensemble-based approaches when using connectome-constrained models
to generate mechanistic hypotheses. Rather than aiming for a single “cor-
rect” model, our strategy identifies classes of plausible mechanistic solu-
tions - each representing a distinct, testable hypothesis - under fixed struc-
tural constraints but variable dynamics.

Such ensemble-based hypothesis generation turns non-identifiability from
a modeling limitation into a discovery opportunity. While convergence to
different solutions across equivalent runs might be mistaken for subop-
timal optimization, it instead reflects the inherent underdetermination of
the system. Embracing this variability through ensemble modeling allows
us to recover structure in function space - revealing multiple plausible solu-
tions that are consistent with the data and structural constraints, and that
can guide experimental investigation in a closed-loop research process with
the model.
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FIGURE 4.6: Function-space clustering, parameter degeneracy, and hypothesis
generation under non-identifiability. (a) Responses of T4c cells reveal three clus-
ters. (b) T4c tuning in the three clusters. Circular marker: upwards tuning (clus-
ter with lowest average task error 5.297; black: known tuning of T4c). Triangular
marker: downwards (5.316 error). Square marker: no motion tuning (5.357 error).
(c) Task-constrained parameters of T4c across clustered models. Clusters along
columns and parameter types along rows: time constants, resting potentials, and
scaling factors. Blue scatter shows the task-optimal model within the cluster.
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4.4 SOFTWARE & INFRASTRUCTURE

In computational science, software and infrastructure define the bound-
aries of what is feasible, scalable, and shareable. Because the software tools
determine what questions we can ask and how quickly we can answer
them, they become inseparable from the scientific contribution itself. This
section analyzes the software and infrastructure underlying the modeling
work in this thesis and how they shaped the research trajectory and enabled
key scientific results.

4.4.1  The research-engineering tension: Infrastructure enables science

In machine learning for science, we navigate a fast-paced and multi-faceted
research environment. Our work involves iterating rapidly between explor-
ing data and models, building infrastructure, hypothesis-driven modeling,
analyzing and communicating results. This creates a constant tension be-
tween investing in intentional software engineering and prioritizing new
experiments for timely results.

The impact of infrastructure on scientific outcomes became clear through
specific examples. Early experiments had to be rerun due to missing config-
uration tracking, delaying insights. More importantly, training single mod-
els obscured key mechanistic patterns because of the solution degeneracy
(Section 4.3.5). Once we built methods for ensemble training and analysis,
these patterns became visible, enabling connectome-constrained models to
make consistent and interpretable mechanistic predictions (Section 3.2.4).

Infrastructure development directly enabled several key scientific outcomes
(Table 4.1), while delays in scaling or robustness stalled progress.

4.4.2  From explorative code to refined research tools

The evolution of our infrastructure needs is best illustrated through two
codebases that represent different phases of the research process: First the
exploratory development repository pvs-sim?, and later a refined public
release and the parent for our new models, FLyvis3. This evolution from
exploration to communication and collaboration illustrates how infrastruc-

2 https://github.com/TuragalLab/dvs-sim
3 https://github.com/TuragalLab/flyvis
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Table 4.1: Infrastructure decisions and their impact on research capabilities.

Infrastructure
Decision

Motivation

Impact on Research

Tracking experiment
configuration
comprehensively and
flexibly with HYDRA

Building ensemble
training and analysis
pipeline

Automating analysis
and visualization
pipeline with
PAPERMILL

Integrating XARRAY +
JOBLIB

Prevent experiment
loss

Scale beyond
individual models

Analyzing and
documenting
generated model
hypotheses per
neuron type
Running
comparisons across
differently
configured
ensembles

Manage
high-dimensional
data and storage
efficiently

Enabled reproducibility and
explainability of training
runs and analyses due to
clear parameter settings

Revealed consistent patterns
invisible in single runs

Generated large-scale
analysis (Section 7.1) as
research tool, aiding pattern
discovery

Revealed consistent patterns
and variability across
differently configured
ensembles, strengthened
confidence in main results

Scaled analysis pipeline for
taster modeling research and
development
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ture needs change as research matures. Dvs-siM remains private and is not
intended for release, but anyone looking for analysis code missing from
FLYVIS can contact us via email.

4.4.2.1 DVs-SIM: Experimentation and automation

The pvs-sim repository documents the project’s exploratory phase. Its code
churn (Munson & Elbaum, 2002) — more than 230,000 lines added and 120,000
deleted (excluding notebooks) — reflect frequent iteration from initial pro-
totype to final result (Table 4.2). The notebook content, close to one million
lines across 1,908 notebooks, reflects both manual prototyping and explo-
ration and the computational artifacts created from a custom, parametri-
cally executed ensemble pipeline after running many comparisons.

Among others, the automated analysis and visualization pipeline allowed
us to generate a supplement of 478 pages detailing individual neuron type
properties (structural and functional) in a systematic way (Section 7.1). We
created this not only for providing a comprehensive supplement but heav-
ily used it during the scientific process. The systematic documentation en-
abled us to identify patterns across models and neuron types that would
have been rather difficult to detect through manual analysis, for instance,
the relationship between asymmetric and symmetric inputs and the model
predictions for motion tuning neuron types across the system. pvs-sim inte-
grates PAPERMILL (a toolbox for parametrizing and automatically executing
Jupyter notebooks) and establishes template notebooks for analysis to avoid
duplicating notebooks and running them manually for each model run and
for producing standardized analysis outputs. In pDvs-siM, notebooks play a
central role not only for prototyping, but also for managing experimental
workflows and computationally intensive distributed workloads.

4.4.2.2  FLYVIs: Communicability and collaboration

The follow-up repository, FLYv1s, was built for clarity, reusability, and col-
laboration. The notebook count was reduced from 1,908 to 13 and the
Python codebase condensed by two-thirds (Table 4.2), marking a shift from
exploratory infrastructure to a focused research tool. We refactored and
renamed code for consistency with the publication, emphasizing documen-
tation and usability over feature breadth — a time-consuming but crucial
step for scaling and teamwork.
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FLYVIS also addressed core limitations of Dvs-siM, particularly in model
evaluation and data handling. Evaluating ensembles required managing
large, labeled multi-dimensional datasets efficiently. We replaced the cus-
tom solution in Dvs-siM with a cleaner backend combining XARRAY (Hoyer
& Hamman, 2017) for labeled arrays and JOBLIB (Joblib Development Team, 2020) for
caching and parallel computation. The resulting system returns xarray
datasets from native function calls, either computing or loading from disk,
and integrates seamlessly with the Python data stack (NUMPY, PANDAS,
MATPLOTLIB).#

This refactor removed thousands of lines of custom code and established a
consistent API for stimulus-response datasets, turning a major bottleneck
into a streamlined analysis process. Together with improved documenta-
tion, it provides a strong foundation for effective collaboration and future
model development.

Table 4.2: Repository statistics showing the evolution from exploratory
(Dvs-siM, commit biecasie) to communicable (FLyvis, commit
ces55ee) research infrastructure (my contribution percentages in

parentheses).
Metric dvs-sim flyvis
Commits 401 (91%) 263 (93%)
Lines added (.py) 230,431 (97%) 101,137 (93%)
Lines deleted (.py) 120,351 (99%) 65,295 (98%)
Current lines (.py) 113,815 (97%) 35,752 (91%)
Notebook lines (code/markdown) 973,713 (100%) 2,594
Notebook files with commits 1,908 (100%) 13

4.4.3 Collaborative research through processes and infrastructure

Developing this infrastructure required iterative refinement and occasional
missteps (e.g., initially overlooking XxARRAY), but ultimately established a
robust and collaborative development process. Automatic GitHub work-
flows, issue tracking, and code review enables us now to make distributed
contributions and perform reproducible analyses.

4 Thanks G.-].B. for the hint.
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We created the GitHub organization flyvis intended for inter-institutional
collaboration on our software tools for connectome-constrained modeling.
In addition, we published some self-contained software byproducts of this
work, such as DATAMATES for experiment data tracking and MPLIMATE® for
creation of animations with matplotlib, which have proven useful beyond
the main project.

Complementary to the main theme, I could contribute with software and
infrastructure concepts to JAXLEY (Section 4.2.2). For instance, for finding
better ways of optimizing the MNIST network with over 100,000 parame-
ters, we used DATAMATE for tracking step-by-step cause and effect of con-
figuration changes and model improvements, and eventually finding good
model solutions. This demonstrates how following systematic processes
and infrastructure approaches can facilitate contributions across computa-
tional research.

Lastly, software projects vary fundamentally in nature — and it is easy to
accidentally dismiss the different nature of computational research projects
and their requirements. To provide two differing examples (but many ex-
amples exist): JAXLEY represents a software project with a clear technical
scaffold, scope, and goal — in part inherited from NEURON. FLyVIs distills
step-by-step model training and analysis from originally many design arti-
facts from pvs-siM to understand complex cause and effect relationships in
building connectome-constrained models.

4.4.4 Lessons for computational research

The following lessons, though not claiming to be exhaustive, summarize
how infrastructure choices directly influenced scientific progress in this
project.

Ensemble infrastructure reveals patterns invisible in individual runs. Our experi-
ence shows that training individual models can be misleading — the degen-
eracy and consistency patterns that enabled mechanistic predictions only
became apparent when we built infrastructure to systematically analyze en-
sembles. Scalable, automated approaches can fundamentally change what
we see and discover.

5 https://github.com/flyvis/datamate
6 https://github.com/lappalainenj/mplimate
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Scale and document systematically, not just finally. The 478-page automated
supplement became a research tool that enables pattern recognition across
models and neuron types. Infrastructure that generates systematic result
documentation during the research process can accelerate discovery itself
and provide unexpected analytical capabilities.

Configuration tracking enables reproducibility and explainability. Systematic
tracking ensures reproducibility and explainability, preventing setbacks by
being unable to recreate insightful or promising preliminary findings.

Understand the project and software requirements. A neural simulator extend-
ing established paradigms has different software requirements than a
framework for exploratory connectome-constrained modeling. One bene-
fits from defined scopes, the other requires the right balance of flexibility
and robustness in designs that can evolve as the scientific questions
themselves develop. Recognizing such distinctions allows aligning design
decisions and timelines constructively with project goals.

Leverage existing tools early. Before building from scratch, research existing
alternatives. Established open source libraries such as PYTORCH (Paszke et
al., 2017), NUMPY (Pedregosa et al., 2011), MATPLOTLIB (Hunter, 2007), and SCIKIT
LEARN (Pedregosa et al., 2011) and many others provide more robust founda-
tions than custom solutions, even when they require learning new ap-
proaches. By learning to build efficiently on established tools, one can im-
prove code quality and contribute to the broader community through ex-
isting open source libraries. Time invested in understanding existing tools
can pay dividends in reduced future maintenance and better integration
with the broader scientific ecosystem. Eliminating thousands of lines of
code by combining XARRAY (Hoyer & Hamman, 2017) and JOBLIB (Joblib Development
Team, 2020) in a novel way for caching high-dimensional labeled tensors on
the disk illustrates this broader principle.

Infrastructure decisions shaped the questions we could ask and how
quickly we could answer them. Moving from individual model results to
ensemble methods exemplifies how scalable methods can make the dif-
ference between scientific dead ends and breakthroughs. Computational
research therefore requires deliberate attention to software engineering
practices, institutional support for such efforts, and recognition that
building sustainable infrastructure is itself a scientific contribution.



EXTENDED RESULTS II: INTERPRETING
STRUCTURE-FUNCTION RELATIONSHIPS

This second extended results chapter investigates open questions and
techniques for extracting discoveries and mechanistic insights from
connectome-constrained models.

5.1 WHICH CONSTRAINTS MATTER MOST FOR NEURAL PREDIC-
TIONS?

The success of deep learning approaches to high-level brain modeling in
the absence of connectivity data (Section 2.2.6), suggests evaluating the
method validity when actually integrating biological structure — and more
generally to ask which constraints are (more) important for predicting neu-
ral activity — structural or functional constraints?

5.1.1 Dissecting connectome and task constraints for neural activity predictions

DMNs combine the top-down training on a deep learning task with the
bottom-up construction of the network from the connectome and mecha-
nistic equations for neural activity (Section 2.4). Our results demonstrate
that networks whose parameters are connectome-constrained and trained
to perform the circuit task accurately predict neural activity across the lit-
erature (Section 3.2.2).

For understanding the relative importance of different constraints, we de-
veloped additional weight expressions (Table 5.1) of the synapse weights
(Equation 2.3) to integrate constraints selectively for comparison groups
we found reasonable. The results from Section 3.2.3 are summarized here.

The constraints from the connectome can be separated into four elements:
Neuron-type connectivity, synapse signs, single-neuron connectivity, and
synaptic counts. All our comparisons integrate knowledge of neuron-type
connectivity, because our evaluation metrics rely on predicting function
based on the identified neuron types. We evaluated five recombinations (Ta-
ble 5.1), but ruled out evaluating the case in which one knows the synapse
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# Synapse signs Single-neuron Synapse Task-trained Weight expression
connectivity counts constraint(s)

1 Known (O‘titj) Known (Au, Av) Unknown Synapse counts and Wij = Ot ;Mg Aw,Av
unitary scaling

2 Known Unknown Unknown Average convolutional wy; = Ot ;M t;,—3< Aw,Av,Aw<3
filter*

3 Unknown Known Known (N.) Synapse sign (Dale’s  wij = o+ 04, N, au,av
principle) and unitary
scaling

4 Unknown Known Unknown All weights Wij = W t;AuAvy

Unknown Unknown Unknown All weights Wij = Wi t;,—3<Aw,Av,Aw<3

Table 5.1: DMN with different connectome constraints for testing impor-
tance of constraints for neural activity predictions. All models
include neuron-type connectivity; shown are different combina-
tions of constraints and which were task-trained. *Average convo-
lutional filters represent the anatomical receptive fields of neuron
i of type ti.

count but does not know the single-neuron connectivity, because in prac-
tice we know the mesoscale single-neuron connectivity when we know the
synapse counts from nanoscale measurements.

We found that DMNs with full connectome constraints and task-training
predict neural activity most accurately (with median correlation: 0.82,
Fig. 5.1), suggesting both the connectome and functional constraints from
the task are necessary for the best predictions. DMNs with random parame-
ters instead of gradient-based task-optization predict neural activity worse
(median correlation: 0.42). Note that the distribution parameters must
still be chosen reasonably for random parameter sampling. In contrast,
task-trained DMNs with only one less element of connectome constraints,
predict neural activity even worse than models without task-training:
DMNs without synapse counts result in a median correlation of 0.253
(DMN #1), and without signs in a median correlation of 0.322 (DMN #3).
DMNs without connectivity and synapse counts but with signs result
in a median correlation of 0.326 (DMN #2), indicating that the signs of
connections are the most constraining element besides neuron-type con-
nectivity. Finally, task-trained DMNs without signs and synapse counts or
additionally without single-neuron connectivity hardly predict any neural
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FIGURE 5.1: Predicted neural activity correlations to known tunings across seven
configurations. Full DMN refers to an ensemble of models with full connectome
constraints and task-training. Random parameter DMN uses full connectome con-
straints but random parameters instead of task-training. DMNs #1-5 use only se-
lected connectome-constraints listed in Table 5.1. Each scatter point represents one
of the top 20% best task-performing models of each ensemble. Correlations are me-
dian values across FRI, T4 and T5 tuning correlations as specified in Section 3.2.3.

activity (median correlation: 0.109, DMN #4; median correlation: 0.075,
DMN #5).

Our result highlights the importance of both bottom-up structural con-
straints and top-down functional constraints in theoretical models of neu-
ral circuits for making mechanistic predictions at the single-neuron level.
However, based on this analysis and results from Shiu et al. (2024), 1 sug-
gest that for making predictions of neural mechanisms one should start
with evaluating connectome-constrained networks with manually selected
or randomly sampled parameters before developing the deep learning ma-
chinery for task-training.

5.1.2 Is the brain’s wiring task-optimal?

Among others, evolutionary pressures, such as survival and reproduction,
shape how biological neural networks must function. In contrast, in ma-
chine learning, we minimize specific mathematical expressions to shape
artificial neural networks for task performance. What constitutes optimal
neural network design? While we cannot answer this question with this
model, our results provide a partial answer.

We trained several neural networks with selected connectome constraints
or without connectome constraints on the same task and compared their
task error (Fig. 5.2).
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FIGURE 5.2: Task error comparison across nine model types. Lower is better.
FlowNet-type CNN refers to an ensemble of deep hierarchical CNNs with 414,602
parameters that process two subsequent frames to predict the optic flow. As previ-
ously, Full DMN refers to an ensemble of models with full connectome constraints
and task-training. Grey line indicates its median task error. Random parameter DMN
uses full connectome constraints but random parameters instead of task-training.
DMNs #1-5 use only selected connectome constraints listed in Table 5.1. For DMNss,
each scatter point represents one of the top 20% best task-performing models of
each ensemble. Decoder refers to an ensemble of the CNN that decodes the DMN
activity.

We found that the deep hierarchical FlowNet-type CNN (Dosovitskiy et al., 2015)
with unconstrained convolutional filters (414,602 free parameters) and
which compares only two subsequent frames outperforms the Full DMN
(735 free parameters) on the task (Fig. 5.2). DMN #5 without synapse
signs, counts, and single-neuron connectivity achieves the second best
task performance, closely followed by DMN #2 whose connectivity is still
constrained by the signs of connections. DMNs #3 without sign constraints
compute motion as well as the Full DMN. DMNs with known connectivity
but unknown synapse counts compute motion worse (#1 and #4). Our
results also confirm that the DMNs with random parameters and the
decoder (7427 free parameters) alone cannot compute motion.

We do not know how the real fly ranks on the task error axis among these
comparisons, but the gap between the FlowNet-type CNN and the Full
DMN suggests that the structure of the reconstructed partial fly connec-
tome is worse at computing the input and output relationship of the Sintel
data — however, alternative causes such as choices in model design and
optimization are not ruled out by this comparison. Additionally, the better
task-performance of DMN #5 and #2, which train the average convolutional
filters instead of using the fly visual system reconstruction, suggests that
better filters than the reconstructed exist.

However, the Full DMN lies on the Pareto front of the number of unknown
(and therefore task-trained parameters) and the task error among these
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FIGURE 5.3: Task error against number of free parameters. Fewer unknown pa-
rameters and lower task error are generally better. In this comparison, the Full
DMN lies on the Pareto front of these two dimensions. Note that parameter types
differ across the model types in this high-level comparison.

comparisons (Fig. 5.3). Of course, the real fly brain is additionally exposed
to metabolic budget constraints that compete with computational goals.
Its nervous system computes on a power budget of approximately 120
nanowatts (Scheffer, 2021) — several times less than the power budget of a
quartz watch.

While these results provide insights into optimal neural network design,
they do not conclusively answer this question. Optimization algorithms
play a role in this comparison and RNNs are known to be harder to opti-
mize than CNNs (Section 2.2.5). Moreover, the free parameter types differ
across these model types, making it speculative to establish a comparison
and Pareto front. Similar computational experiments with different model
types and task datasets (including motion detection tasks) can be done
to consolidate or refute these results. Ideally, one can close the loop with
experimental measurements that allow us to place the real fly and other or-
ganisms for comparison on the axis of task error on the Sintel task. While
task performance of neural networks is frequently compared to human task
performance in deep learning (Jacobs & Bates, 2019), experiments for evaluat-
ing motion detection performance in the fly across a deep learning dataset
have not yet been developed.
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5.2 BRIDGING MODEL AND EXPERIMENTAL VARIABILITY

Different experimental labs use different LED displays for stimulus presen-
tation, stimulus types, neural activity recording techniques, and postpro-
cessing methods for investigating the nervous system function of the fly.
Validating our model with respect to the variability in existing experimen-
tal measurements has been challenging.

For instance, calcium measurements can lead to nonlinear amplifications of
certain neural tuning that cannot be observed in equivalent voltage record-
ings (Wienecke et al., 2018; Mishra et al., 2023). This is particularly relevant when
interpreting underlying mechanisms of observed tuning such as preferred
direction (PD) enhancement and null direction (ND) suppression in motion
detection. Calcium indicators amplify depolarizations nonlinearly but have
little effect on hyperpolarizing responses. As a result, PD enhancement-
driven by excitation-can appear overemphasized, while ND suppression-
driven by inhibition-can be underestimated in calcium measurements. Our
model revealed ND suppression but no PD enhancement (Section 3.2.5),
which eventually aligned with voltage recordings (Gruntman et al., 2018; 2019),
even if early calcium imaging studies had suggested otherwise.

Evaluating how well our model matched the fly often required critically
reflecting on our own modeling and evaluation assumptions and taking
the detailed experimental methods into account. We found we can more
often than not use our own stimuli for accurate mechanistic interpretation,
aligning mechanistic interpretations between our model and different ex-
periments.

For instance, motion sensitivity can be characterized with moving grat-
ings (Groschner et al., 2022; Maisak et al., 2013; Strother et al., 2017, Gruntman et al.,
2019; Ramos-Traslosheros & Silies, 2021b), moving bars (Gruntman et al., 2018; Leonhardt
et al., 2016; Fisher, Silies, & Clandinin, 2015, Gruntman et al., 2019; 2021), Or moving
edges (Maisak et al., 2013, Fisher, Silies, & Clandinin, 2015, Strother et al., 2017, Gruntman
et al., 2021) but we found moving edges are a good common denominator
for establishing coarse model correspondences across the literature, even
though such alignment may break down in finer detail. As another ex-
ample, spatiotemporal receptive fields are typically characterized using
white-noise stimuli (Arenz et al., 2017; Currier & Clandinin, 2025) and reverse corre-
lation, whereas our method uses the ideal single-ommatidium excitability
of our model.
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FIGURE 5.4: Precise mechanistic interpretation is sensitive to stimulus type and
metric. (a) Flash response indices to single-column flashes of neuron types in the
model for which such selectivity was known at the time of modeling (new mea-
surements now exist (Currier & Clandinin, 2025)). (b) Equivalent flash response indices
to full-field flashes. (c) Comparison scatter plot of FRIs from (a) and (b). Neuron
types known to depolarize to central light-increment flashes in yellow, neuron
types known to hyperpolarize in magenta.

Similarly, different future computational projects to model the same
connectome-constrained system may evaluate models with different stim-
ulus types or postprocessing, too.

For instance, our flash response index is not a comprehensive measure to
characterize neuron type function as its outcome depends on flash param-
eters. A neuron with a center-surround receptive field would be classified
as ON-selective with a small flash that only hits the excitatory center but
classified as OFF-selective with a larger flash that also hits the inhibitory
surround. Therefore, the flash response index is in fact a function of the
flash size, shape, and location (Fig. 5.4).

Similarly, orientation selectivity measurements illustrate how stimulus
choice affects model validation. T4 and T5 neurons in the fly visual sys-
tem detect motion and orientation of edges orthogonal to the preferred
direction of motion (Fisher, Silies, & Clandinin, 2015). When we evaluated the
orientation selectivity predicted by our model (Fig. 5.5), we found both
agreement and disagreement with experimental results depending on the
stimulus type used. The model accurately predicts high orientation selec-
tivity in T4 and T5 neurons, and orientation selectivity axes in response
to oriented edges correspond to experimental measurements for T4 and
Ts (Fig. 5.5b). However, with oriented bars, the model accurately predicts
orientation selectivity axes for T4 but not for Ts5 (Fig. 5.5¢). Additionally,
the model incorrectly predicts no orientation selectivity for TmY9 (Seung,
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FIGURE 5.5: Orientation selectivity predicted by the model. (@) Orlentatlon se-
lectivity index (OSI) (Mazurek et al., 2014) across neuron types from 10 best task-
performing models from the ensemble, computed from responses to oriented
edges. (b) Orientation tuning curves to edges of T4 (red) and T5 (blue) subtypes.
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2024), correctly predicts orientation selectivity for T2 and TmY5a, but falsely
predicts none for Mi1 (Currier & Clandinin, 2025). To better align model analysis
with experiments, one can use full-field gratings (Fisher, Silies, & Clandinin, 2015)
as commonly used in experimental studies.

Our model also enables validation through in-silico silencing experiments
that can be qualitatively compared to experimental perturbations. We sim-
ulated the silencing experiments reported by Strother et al. (2017) by clamp-
ing inputs to T4c neurons to zero and comparing the effects to their exper-
imental results using shibire-mediated silencing. Despite methodological
differences — our voltage measurements versus their calcium imaging, and
our complete input clamping versus their synaptic transmission blocking —
the model correctly captures experimental finding qualitatively: Removal
of Mi1 excitation eliminates the T4c response, removal of Tm3 excitation de-
creases but does not eliminate the T4c response, Mig removal does not elim-
inate the T4c response, and Mig silencing has no effect on T4c (Section 7.1).
The overall agreement demonstrates how connectome-constrained models
can predict causal experimental outcomes and be validated beyond correl-
ative measures.

Work targeting the standardization of experiments and computational
methods accelerates closing the modeling and experiment loop by reduc-
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ing epistemic uncertainties. In turn, existing models can help guide the
choice of experimental methods.

5.3 UNDERSTANDING MODEL VARIABILITY THROUGH ENSEMBLE
ANALYSIS

As seen previously, connectome-constrained models trained on the same
task can converge to different solutions with similar performance. There-
fore, we train an ensemble of equivalent models which spans a range of
task-compatible neural mechanisms. Understanding consensus from the
variability in the ensemble is crucial for generating reliable mechanistic
hypotheses from the model and identifying which predictions are robust
versus which reflect degeneracies in the solution space.

5.3.1 Distilling predictions from ensembles: Finding consensus in model diver-
sity

We found specific symmetries in our DMN such as T4 and T5 subtypes
that can have the other subtype’s preferred direction selectivity after model
training. We demonstrated how constraints from measurements of neural
activity of one neuron type ruled out symmetric solutions, also across sev-
eral other neuron types (Section 3.2.4). While such promising strategies
for hypothesis refinement exist, dealing with symmetries in model iden-
tification remains inevitable because of the nature of the inverse problem
(Section 2.2.7).

To find consensus across models, we used nonlinear dimensionality re-
duction and clustering. Specifically, we used uniform manifold approxima-
tion and projection (UMAP) (McInnes et al., 2018), but several other applicable
methods exist (Cunningham & Yu, 2014, Maaten & Hinton, 2008; Hinton & Salakhutdi-
nov, 2006; Scholkopf et al., 1998), including t-distributed stochastic neighbor em-
bedding (t-SNE) (Maaten & Hinton, 2008), kernel principal component analysis
(kPCA) (Schilkopf et al., 1998), and autoencoder-based embeddings (Hinton &
Salakhutdinov, 2006). These dimensionality reduction methods trade off local
and global structure preservation, computational speed, and parameter op-
timization complexity.

However, UMAP itself involves stochastic optimization, leading to vari-
ability in embeddings across different random seeds. Subsequent unsuper-
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vised clustering of models with Gaussian mixture models based on the
UMAP embeddings can therefore vary in their consistency. Note that, be-
cause of an uncharacterized implementation issue in the current UMAP
package, even results with set random seeds can differ across reruns —
which admittedly caused confusion and delays during our model evalua-
tion'. Therefore, we carefully evaluate clusters found by nonlinear dimen-
sionality reduction and unsupervised clustering by analyzing their sensi-
tivity to hyperparameters and investigating the data features that separate
them.

Eventually, we found that average neuron-type activity predictions from
the best average task-performing model clusters accurately capture ex-
perimental measurements (Background Section 2.2.7 and Manuscript
Section 3.2.5).

As another strategy for distilling predictions from several models, we fil-
tered models based on known neuron selectivity of motion detector neuron
types and their inputs (Section 3.5.6).

While this results in several viable models per motion detector neuron type,
no single model instance from the main paper ensemble captures all input
properties and all motion detector neuron type selectivities accurately si-
multaneously. Since hypothesis generation is faster with a single model,
being able to efficiently distill clustered solutions into a single model in-
stance, for instance using a supervised teacher-student framework where
the teacher signal corresponds to averages from the best task-performing
clusters, would represent a future method improvement for making mech-
anistic predictions from the model.

More broadly, ongoing research is concerned with mechanistic analyses
of symmetric solutions within a teacher-student framework, uncovering a
variety of symmetry types in artificial neural networks at single-neuron
resolution (Simsek et al., 2021; Martinelli, Simsek, Brea, & Gerstner, 2023). For instance,
groups of neurons are found to approximate the same output as a single
neuron and therefore function as its proxy. Such proxy relationships repre-
sent symmetric solutions where different neuron types perform equivalent
functions, maintaining the same task performance despite different neural
computation.

In a similar spirit, we also asked which neuron types can act as functional
proxies for other neuron types across the ensemble.

1 https://github.com/Imcinnes/umap/issues/1080
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5.3.2 Neural function degeneracies and symmetries across the ensemble
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FIGURE 5.6: Characterizing the functional space predicted by the whole ensem-
ble. Simulated voltage responses to naturalistic stimuli nonlinearly reduced to
two dimensions. Response embedding of voltage from one representative neuron
per neuron type and from each of 50 models, resulting in 3,250 scatter points. (a)
Embedding points colored by flash response index (FRI) (Section 3.5.6). Yellow
means ON-selective, magenta means OFF-selective. (b) Colored by direction selec-
tivity index (DSI) (Section 3.5.6). Red means ON-direction selective, petrol means
OFF-direction selective. (c) Colored by "DSI vector": That is the vector pointing to-
wards the predicted preferred motion direction for the preferred motion-contrast
of length of the normalized DSI.

downwards

In future, one can build a connectome-constrained model of billions of
neurons and optimize it on a high-level objective, like a task or behavioral
data. Like the real brain, the in-silico model remains complex and must
be evaluated step-by-step. Our model has already 45k neurons and 1.5M
neuron-to-neuron connections. While we can rely on neuron types, is there
a more general strategy on how to start analyzing such a model, potentially
providing overview insights even in the absence of neuron types?

What is the functional space spanned by neurons in the trained ensem-
ble of the connectome-constrained model? How degenerate are individual
neurons across the ensemble? Which neurons can act as proxies for other
neurons because of a lack of constraints?

To address these questions, we expand our nonlinear dimensionality re-
duction and unsupervised clustering analysis to be agnostic to the neuron
type: Treating responses from a representative neuron of each neuron type
as independent allows us to embed and cluster the entire functional space
spanned by the model ensemble (Fig. 5.6).
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One can expect around ten different functional clusters: ON-selective neu-
rons, OFF-selective neurons, ON-selective motion-tuned neurons to either
of four cardinal directions, and OFF-selective motion-tuned neurons to ei-
ther of four cardinal directions. As expected, we find two high-level clus-
ters: ON-selective and OFF-selective neurons (Fig. 5.6a). Moreover, unam-
biguously, we find four ON-selective, motion-tuned clusters to each cardi-
nal direction (Fig. 5.6 a-c). OFF-motion selective clusters are less clearly
pronounced in the embedding, likely because OFF-motion selectivity is
generally less pronounced in this ensemble, consistent with the main paper
results.

ad Response embedding with b withT4 input type annotation C with T4 type annotation
photoreceptor type annotation

T4d(5)
Tac(31)

T4a(26)
T4b{19)
T4d(23), a1 )

upwards

front- back-

= w) to-back to-front
! I ]
-1 0 1

downwards

flash response index flash response index

FIGURE 5.7: Identifying function degeneracy of ON-pathway neuron type in
model. As in Fig. 5.6: Simulated voltage responses to naturalistic stimuli non-
linearly reduced to two dimensions. Response embedding of voltage from one
representative neuron per neuron type and from each of 50 models, resulting in
3,250 scatter points. Clusters labeled by occurrence of neuron type from ensem-
ble, counts in parenthesis adding up to 50 models across entire embedding. Only
scatterpoints from investigated neuron types are colored, remaining scatter points
are black. (a) Embedded and clustered responses of photoreceptor neuron types
R1-R6 are highlighted. Points colored by flash response index (FRI) (Section 3.5.6).
Yellow means ON-selective, magenta means OFF-selective. (b) Equivalently, em-
bedded and clustered responses of major T4 input types: Mi1, Mig, Tm3, and Mio.
(c) Embeeded and clustered responses of T4 neuron types, colored by "DSI vec-
tor". The vector points towards the predicted preferred motion direction for the
preferred motion-contrast of length of the normalized DSI.

While the embedding and clustering is agnostic to the neuron type, in fact
we know the underlying neuron types and can label each data point by
it. This gives an impression of how degenerate predictions for function of
specific neuron types are and clarifies the identity of less expected clusters.
For instance, a large functional cluster belongs to the photoreceptor neu-
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rons (Fig. 5.7a), likely because they are the only neurons in the circuit that
receive external input. While the vast majority of photoreceptor neurons
concentrates in that ON-selective cluster, some models predict photorecep-
tor function as OFF-selective neuron type — even though with near-zero
flash response index.

Expanding our analysis to the major T4 input neuron types, we observe
a pattern consistent with earlier observations (Section 3.2.4): Some models
predict the opposite contrast selectivity for Mi4 and Mig neurons (Fig. 5.7b),
while Tm3 and Mi1 are accurately predicted with consistency. Eventually,
we also observe the clear functional separation into neurons tuning to-
wards all four cardinal direction belonsg to T4 subtypes and we observe
the known model degeneracy between pairs of T4 subtypes (Fig. 5.7c) for
detecting either upwards or downwards motion or front-to-back or back-
to-front motion.

Of course, this analysis is not limited to these neuron types: We find for in-
stance accurate clustering of L1-L5 neuron types, while models are most de-
generate in L3 neurons (Fig. 7.1a). We find that most of the major T5 input
types accurately fall into the OFF-selective cluster (Fig. 7.1b). Additionally,
we find that T5 neuron types mostly distribute in the OFF-selective clus-
ter without clear clustering here, and have symmetries with T4 subtypes
(Fig. 7.10).

Characterizing the function space spanned by the ensemble through non-
linear dimensionality reduction and clustering in conjunction with anno-
tation of neuron labels and computed tuning indexes, represents a gen-
eral strategy to gain an overview over the function of all neurons in a
connectome-constrained model. While the analysis here is exemplary and
uses neuron type knowledge, it does not rely on it and can be applied to
any neural activity tensor — whether modeled or measured in the living
system. However, we do not discover a completely novel functional cluster,
indicating that either: (1) the structure to support such a functional clus-
ter exists inside our connectome reconstruction, but we cannot predict the
cell function from the task training, or, (2) structures to support additional
functional clusters do not exist inside our connectome reconstruction.

5.3.3 Full characterization of ON-motion-detection degeneracy

While our model predicts direction-selectivity properties accurately across
T4 and Ts subtypes, it suggests direction-selectivity with statistical signifi-
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FIGURE 5.8: Full characterization of ON-motion detection degeneracy in the
model across ensemble. As in Fig. 5.6 and 5.7: Simulated voltage responses to
naturalistic stimuli nonlinearly reduced to two dimensions. Response embedding
of voltage from one representative neuron per neuron type and from each of 50
models, resulting in 3,250 scatter points. Clusters labeled by occurrence of neuron
types, annotated in columnar fashion. Only scatterpoints from investigated neu-
ron types are colored, remaining scatter points are black. From left to right: Down-
wards ON-motion selective cluster (yellow) contains T4c, T4d, T5c, T5d; Back-to-
front ON-motion selective cluster (green) contains CT1(Lo1), T2a, T4a, T4b, Tsa,
Tsb, Tsc, Tsd, Tm2, Tmyg, TmY3, TmY14, and TmY18; Front-to-back ON-motion se-
lective cluster (red) contains L5, C3, CT1(M10), Mig, Mi1o, T2a, Tg4a, T4b, T4c, T4d,
Tsb, TmY3, and TmY18; Upwards ON-motion selective cluster (blue) contains T4c,
T4d, T5c, Tsd, and TmY1s.

cance across the ensemble also for neuron types TmY3, TmY4, TmY5a, and
TmY18 (Section 3.2.2 and 3.5.6). We reported a full analysis on TmY3 (Sec-
tion 3.2.2), because the other neuron types receive direct or second-order
input from motion selective T4 and T5 neurons in our model.

While the incompleteness of the connectome reconstruction we worked
with for this model version (Section 2.3.2) limits the mechanistic inferences
that we can make confidently, we developed strategies for generating fur-
ther mechanistic insights.

As an example, one may wonder what other neuron types function as prox-
ies for T4 neurons. We discovered that T4 neurons clustered in function
space into four distinct clusters with high direction selectivity (Fig. 5.7). By
definition of the clusters, other neuron types in these clusters have similar
function and can therefore act as direct proxies of the corresponding T4
subtype in the models. Analysis reveals moderate degeneracy in upwards
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and downwards ON-motion selective clusters with occurrence of T4c, T4d,
Tsc, and Tsd neuron types and one occurrence of a TmY13 neuron type
in the upwards selective cluster (Fig. 5.8). Front-to-back and back-to-front
motion selective clusters are more degenerate, with prevalent occurrence
of T4a and T4b types, TmY3, TmY18, and irregularly T5 subtypes. Occa-
sionally, known non-motion selective neuron types, including inputs to T4
and Ts5 such as CT1, Mig, Tm2, and Tmg4 fall into these clusters. However,
such stray occurrences are not significantly observed across the ensemble
such that these hypotheses are ruled out already by neuron-type specific
clustering and task error sorting of clusters (Section 5.3.1).

This analysis provides a comprehensive high-level overview of neuron func-
tion in the model, enabling discovery of new neuron type functions while
taking existing functions into account. This approach may be particularly
useful when large models hinder manual analysis of every neural response
time course, for instance with future connectome-constrained models based
on the full reconstructions of the optic lobe (Nern et al., 2025; Matsliah et al., 2024).

5.4 FORMALIZING INFERENCE IN DEEP MECHANISTIC NETWORKS

Because many structures can have the same function and the same struc-
ture can have many functions, we face an inverse problem when trying to
infer neural function with the connectome and a high-level task. We real-
ized that we need to infer distributions over possible neural functions that
are consistent with all measurements to make mechanistic predictions.

We found deep ensembles of connectome-constrained neural networks can
generate hypothesis for neural function effectively and allow refinement.
Using nonlinear dimensionality reduction and clustering, we found sev-
eral proposed solutions per neuron type and analyzed them jointly for cer-
tain neuron types to make informed guesses of how neural structure and
function are related within the constraints our model has (Section 3.2.4).
Across neuron types, predicted responses clustered strongly, boiling down
the inverse problem to only a few possible solutions. We found that model
clusters with the best average task performance resulted in accurate predic-
tions for many neuron types (Section 3.2.5).
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5.4.1 Towards a probabilistic framework for function inference with connectome-
constrained models

Building on the probabilistic deep learning framework (Section 2.2.7, using
the same notation here) and our insights using the DMN (Section 3.2.4 and
5.3.1), we specify the inference approach in the following.

Treating the stochastic optimization as the source of posterior variation, for
our DMN ensemble with M models, each converged solution 0}, represents
a sample from the approximate posterior p(6|D, W), where D = {(x;, ys )};1
denotes our training data and W specifically denotes the connectome con-
straints. The ensemble provides Monte Carlo estimates of neural functions:

1 M
]Ee~p(9\D W) Z V X 6*

m:]

However, when the posterior is multimodal or when different parameter
configurations produce multimodal functional outputs, averaging across
all models can obscure differences. We found that functional clustering in
model activity space allows us to detect distinct hypotheses. We employed
a two-stage analysis:

1. Functional clustering. We cluster models based on neural response sim-
ilarity (from responses to naturalistic stimuli xn,t.) using dimensionality
reduction (UMAP) based on pairwise correlation, followed by Gaussian
mixture modeling;:

u™ = UMAP,p (V™ (xnat.))

K
plw) = ) mN(wilwe Zi)
k=1

The main drawback of this specific method is that nonlinear dimension-
ality reduction can be sensitive to hyperparameter settings, which is data
dependent (Section 5.3.1).

Choosing the number of mixtures K that minimizes the negative log-
likelihood results in K distinct functional clusters {Mj, M, ..., Mg}, each
representing a different computational hypothesis.
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2. Task-error ranking. We rank clusters by their average task performance,
usually selecting the best-performing cluster(s):
M* = arg min Ep e, [Lask (03]
13
where L (05,) = —logp(ylx, 07,) can be interpreted as the negative log-

likelihood under the model, connecting our approach to maximum likeli-
hood estimation.

3. Mode-conditional inference. For the selected cluster M*, we compute mode-
specific neural function estimates. Since models produce neural responses
at different scales, we first normalize each model’s responses by their mean
absolute activity (Section 3.5.6):

) 1 Vi™ (x, 0%,)
=G 2 P
meM* IE:x’~p(x) [|Vi (x’, 05,)]

This approach allows us to identify and characterize distinct mechanistic
hypotheses while avoiding the averaging artifacts that can occur when com-
bining fundamentally different solutions.

5.4.2 Towards applications for experimental design

Our ensemble clustering framework provides a principled approach for de-
signing experiments that efficiently resolve mechanistic uncertainties. By
analyzing disagreements across clusters in our model ensemble, we can
identify specific computational mechanisms where models diverge, trans-
lating these divergences into testable experimental predictions.

For example, as an illustrative case using already known properties, if our
clustering reveals that models disagree about whether Mig neurons depo-
larize or hyperpolarize to light-increment stimuli, experimentalists can pri-
oritize measuring Mi4 responses to light-increment and light-decrement
flashes for distinguishing between these hypotheses. Such targeted mea-
surements can efficiently resolve which computational hypothesis is cor-
rect. For instance, if Mi4 is indeed depolarizing to light-increment stimuli,
as experiments suggest, this supports models where T4c detects upward
motion rather than downward motion.

More generally, by identifying which aspects of neural activity vary most
across clusters, DMNs can guide experimentalists toward the measure-
ments that will be most informative for resolving mechanistic uncertainties.
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For instance, ensemble disagreements about depolarization or hyperpolar-
ization suggests using flashes of different contrasts, while disagreements
about temporal dynamics suggest testing with stimuli at specific frequen-
cies.

To close the loop between modeling and experiments, models need to in-
tegrate new experimental measurements Dyey. While exact Bayesian up-
dating is intractable, we can approximate this process. Given a posterior
approximation p(0|D, W) from our ensemble M* and new neural activity
measurements, we can update the model:

p(e|@/ Drnew, W) X P(em, W) 'P(Qnew|9,W)

In practice, on a high-level, we perform such updates through two comple-
mentary approaches:

1. Training the ensemble with an augmented loss function that includes both
task performance and neural activity matching:

Lcombined (9 ) = Lta\sk ( 0 ) + ALneural ( 0, ‘Dnew)

Training is principled as it can discover new solutions consistent with the
data, but to integrate new data, we usually need to retrain, requiring sig-
nificant computational resources and potentially careful tuning of loss bal-
ancing (Section 4.2.3).

2. Filtering the existing ensemble to retain only models consistent with the
new measurements (Section 3.5.6):

Mittered = {me M*: Lneural(efnr Drew) < €}

Filtering a task-trained ensemble of M = 50 models is computationally
efficient but can reduce ensemble size significantly if new measurements
are highly constraining, with no guarantee that a compatible model exists.
Thresholds € can be determined through percentiles of computationally
derived null-distributions (see for instance, Section 3.5.6).

We recommend filtering for initial exploration and validation, reserving
retraining for cases where filtering eliminates too many models or when
fundamentally new neural responses need to be included.

Future work can explore active learning approaches to automatically pro-
pose the most informative experiments based on ensemble uncertainty.
Active learning approaches rely on calibrated uncertainties, because the
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model uncertainty must correlate to its inaccuracy to request the most infor-
mative new experiments. In follow-up work with P. von Bachmann (von Bach-
mann, 2023), we analyzed how calibrated deep ensembles of deep mechanis-
tic synthetic connectome networks are and found they were well-calibrated,
aligning with other empirical findings (Lakshminarayanan et al., 2017). Moreover,
mixtures of laplace approximations (Eschenhagen et al., 2021) can effectively ap-
proximate posterior modes from a smaller number of ensemble members
(such as M =5).

The iterative refinement process presented here can guide experimental
design and enables model ensembles to progressively converge toward the
true biological function.

113







FINAL DISCUSSION

6.1 CORE FINDINGS AND CONTRIBUTIONS

In this work, we asked: Can we build dynamic computational models of the
brain from its connectome, integrating single-neuron mechanisms and task-
computation with machine learning? How can we construct such models,
and what tools enable us to evaluate them?

To that end, we specifically constructed a computational model of the fly
visual system from a nanoscale connectome reconstruction. We built the
model based on 64 identified neuron types and the nearly convolutional na-
ture of the fly visual system (Section 2.3.2 and 3.2.1). We assumed passive-
point neurons, because the small neurons in the fly that we model are non-
spiking. We equipped each of 45,669 model neurons in the connectome-
constrained network graph with continuous-time dynamics (Section 2.1.1
and 2.4). We constrained the 1,513,231 neuron-to-neuron connections with
corresponding synapse counts from the connectomic measurement.

We implemented the network in PYTORCH (Paszke et al., 2019) to obtain gradi-
ents for training the neural parameters of the system of differential equa-
tions with backpropagation through time (Section 2.2.5 and 3.2.1). We rep-
resent the network as a sparse graph, and the convolutions using scatter
and gather operations for efficient task-training of the model with sparse
connectome-constrained connectivity (Section 3.2.1 and 3.5.4). We trained
it on the Sintel optic flow task (Butler et al., 2012), because motion detection
underlies the fly’s ability to navigate (Section 2.3.3 and 3.5.5).

While developing the model, training paradigm, methods and carrying out
training and analysis, we gradually built a comprehensive compute soft-
ware and infrastructure for careful experimentation (Section 4.4). System-
atic experimentation with this framework enabled consolidation of artifacts
of model design, such as the neuron dynamic equations (Section 2.1 and
3.5.3), the precise parametrization of the synaptic strengths (Section 2.4 and
3.5.3), the custom stimuli and tuning indices for evaluating the model (Sec-
tion 3.5.6 and 3.5.7), ways of training (Section 4.3.1 and 3.5.5), and of par-
alleling model computation to knowledge from the literature (Section 2.3.3
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and 3.2.4). We curated and open-sourced our code' and provide a full char-
acterization of the model ensemble for each cell type across 478 pages of
supplementary information.

The trained model ensemble predicts single-neuron tuning properties
across the fly visual system, accurately capturing functional properties
across experimental literature that comprises several decades of exper-
imental work at the level of neuron types (Section 3.2.2). The model
predicts the segregation into ON and OFF-pathways for motion detection
(Section 3.2.2), T4 and Ts5 motion tuning to all cardinal directions and
hypotheses for detailed underlying synaptic mechanisms (Section 3.2.5).
Moreover, we derived hypotheses from it for selectivity in 32 uncharac-
terized neurons, most notably motion-selectivity in TmY3 (Section 3.2.5
and Fig. 3.ED2) — a neuron type that was previously not considered to be
motion selective .

This work presents a novel and general strategy for building a computa-
tional brain model from a connectome using machine learning. Careful
model design with connectome constraints and suitable neuron dynamics
combined with a high-level computational task allow our model to gen-
erate mechanistic insights about neural computation in the fly — even
without explicitly requiring knowledge of the dynamic computation of
each neuron. Our results suggest it is generally possible to derive accu-
rate dynamical models of neural circuits from bottom-up and top-down
constraints despite the challenging nature of the high-dimensional inverse
problem. We demonstrate, with nonlinear dimensionality reduction and
clustering, that predicted neural responses cluster across degenerate pre-
dictions from the ensemble. Our method allows to generate and refine hy-
potheses about neural computation across variable and high-dimensional
solution spaces. This represents a strategy to address the challenging in-
verse problem within a framework that can be tied to Bayesian inference
for iterative model and experimental design, for a principled model-based
scientific discovery loop.

Our work demonstrates how connectomes can be useful for predicting
neural circuit function when combined with task constraints and machine
learning. Our approach can be broadly applied to end-to-end connectome-
constrained modeling and enables new future model-based research of ner-
vous systems function using connectomes.

1 https://github.com/TuragalLab/flyvis
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6.2 CONTEXT

6.2 CONTEXT

Model neurons, in this work, have a direct correspondence to neurons in
the fly brain, enabling detailed mechanistic model interpretation and gener-
ation of experimentally testable hypotheses about neural computation. Pre-
vious studies of task-optimizing artificial neural networks as models for
neural systems, only demonstrated high-level similarity between popula-
tion level representations of brain regions and model layers (Section 2.2.6).

Other task-optimized models with unit correspondence to neurons in the
fly visual system exist. They provided intriguing early evidence that one
could predict function from structure with task-training of connectome-
constrained neural networks. These were either based on a small circuit,
linear-nonlinear receptive field model (Mano et al., 2021), or a discrete RNN
constrained by partial reconstruction of the motion pathways (Tschopp et al.,
2018). Instead, our neuron model derives from a detailed biophysical model
of continuous-time neural dynamics (Section 2.1.2) and simulates voltages
across a comprehensive connectome reconstruction of the motion pathway
(Section 2.3.2), allowing establishing detailed comparisons of circuit dy-
namics to experimental measurements (Section 3.2.5).

We found that task-training resulted in diverse neural tuning predictions
across an ensemble of equivalently trained models. Previous work made
a similar observation in a single-neuron model constrained by a neuron’s
morphology and its high-level task (Zhou et al., 2022). Here we find degen-
eracies in most neuron types across the system and developed a general
strategy to characterize such degeneracies and distill mechanistic hypothe-
ses from the consensus across model ensembles (Section 2.2.7 and 3.2.4).

We demonstrated that degenerate solutions could be refined effectively
by filtering the ensemble with knowledge of neural activity of one
neuron, resulting in accurate tuning predictions from the connectome-
constrained model (Section 3.2.4). A more principled approach, though
more computationally intensive, integrates knowledge of neural activity
directly through simultaneous gradient-based optimization on the task
objective and a neural activity objective (Section 4.2.3 and 5.4). While
previous work demonstrates integration of neural activity measurements
into connectome-constrained models of the full connectome of C.elegans
with machine learning approaches (Warrington et al., 2019; Mi et al., 2022), and
investigates requirements for identifying dynamical system computa-
tion at single-neuron level with connectome-constrained models and
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neural activity measurements (Beiran & Litwin-Kumar, 2024), simultaneous task-
optimization and training on neural activity of a connectome-constrained
neural network — integrating both single-neuron dynamic constraints and
system-level computation — represents a novelty.

Complementarily, measurements of behavior (Branson et al., 2009) can be used
to build connectome-constrained models, which can lead to insights about
single-neuron computation even in the absence of detailed connectomic
constraints (Cowley et al., 2024). Such models rely on artificial neural network
architectures for encoding and decoding to bridge gaps in the connectome
reconstruction, particularly in modeling sensory circuits and motor out-
puts.

The recent arrival of whole-brain reconstructions of the fly (Section 2.3) al-
lows unprecedented scale of connectome-constrained modeling for model-
driven discovery of circuit and behavioral computation in the fly. As an
early example, Shiu et al. (2024) built a point-neural network with a leaky-
integrate and fire neuron model with ten parameters. Nine parameters
were selected from the literature and the tenth parameter, synaptic strength,
was manually tuned to match the measurements of spiking statistics of a
target neuron to controlled input. While "precise dynamics may be poorly
simulated by the computational model" (Shiu et al., 2024), the model predicted
neurons activated by sugar, neurons that are part of the antennal grooming
circuit, and neurons that drive proboscis extension. While this work did
not analyze degenerate solutions across model ensembles as we do (Sec-
tion 2.2.7), their successful identification of behaviorally relevant neural ac-
tivity suggests they may have targeted relatively less degenerate subcircuits
or that the degeneracy is an artifact of our modeling choices, whereas the
latter explanation seems unlikely given the theoretically established non-
identifiability and symmetry properties of neural networks (Section 6.3.4).

6.3 STRENGTHS, LIMITATIONS, AND WHAT'S NEXT?
6.3.1 Realism of anatomical constraints

We focused on simulating the fly visual system, specifically the motion
pathways, based on the only available reconstruction at the time (Sec-
tion 2.3.1 and 2.3.2). The fly visual system offered extensive physiological
characterization, high precision reconstruction, and defined tasks with
overlap to existing deep learning for computer vision datasets.
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For model input, we rendered video sequences with a flat hexagonal box
filter. This is arguably a crude but fast abstraction of phototransduction by
retina lenses in the central portion of the compound eye. For more anatom-
ical realism with nuanced functional consequences, future models may re-
quire modeling the full spherical extend of the eye (Nern et al., 2025; Zhao et al.,
2022) with ray tracing (Millward et al., 2022) and optical lens properties that are
aligned with the ecological demands of the species (Gonzalez-Bellido et al., 2011;

Fenk et al., 2022).

We tiled the optic lobe into retinotopic, hexagonally arranged columns and
used average synapse counts from reconstructions within these columns to
define a local convolutional filter for each connected pre- and postsynaptic
neuron type. To build a comprehensive optic lobe model from such local re-
constructions, we assumed perfect convolutional symmetry and compiled
a graph for describing full optic lobe connectivity from average convolu-
tional filters across hexagonal columns corresponding to retinal columns
of the central portion of the compound eye. The optic lobe model repre-
sents the almost-convolutional consensus circuit of the motion detection
pathways in the fly (Section 2.3.2).

According to new data, the neuron types in our model account for 29K neu-
rons® of 43K optic lobe neurons with inputs in the optic lobe, correspond-
ing to 67.4% of all optic lobe neurons and 41.7% of neurons (assuming right
and left visual system equivalence) of the whole fly brain (Dorkenwald et al.,
2024). From the new data, we build both new models with the same neu-
ron types and average convolutional filters for comparison to the previous
model, and new models that will integrate all reconstructed neurons and
synapses of the visual system, such as new instrinsic neurons types, in-
cluding for instance interneuron types Pm, Dm, and Cm; new connecting
neuron types, including, for instance, Y neuron types connecting medulla,
lobula and lobula plate; output neuron types, including for instance LC
neuron types projecting to the central brain; and centrifugal neuron types,
including for instance LoVC neuron types projecting from the central brain
to the optic lobe (Nern et al., 2025).

A model integrating the full eye anatomy and optic lobe reconstruction
supports the model-driven investigation of questions such as the functional
implications of retinal movement (Fenk et al., 2022) or anatomical differences
in peripheral regions of the fly visual system (Nern et al., 2025; Zhao et al., 2022),
the plausibility of fundamental motion detection along six axes instead

2 https:/ /tinyurl.com/flyvis
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of four cardinal directions (Henning et al., 2022), the precise structure-function
relationship of polarized vision (Wernet et al., 2012), and generally the existence
of hypothetical subcircuits specialized for different functions (Matsliah et al.,

2024).

6.3.2 Dynamical system realism

We model neurons with passive, continuous-time graded voltages and
current-based synaptic transmission (Section 2.1). Our model integrates
synaptic connectivity, synapse counts and signs from neurotransmit-
ter and receptor profiling. While this model captures the key dynamic
computational mechanisms for motion detection (Secion 2.3.3), it still
lacks integration of important elements known to contribute to dynamic
signaling between neurons, such as gap junctions, glia cells, and neuro-
modulators (Bargmann & Marder, 2013).

Efforts for systematic mapping of gap junctions, glia cells, neurotransmit-
ter, and receptor types are on the way (Scheffer & Meinertzhagen, 2021), while
systematic methods for mapping neuromodulator signaling are still lack-
ing (Nern et al., 2025). Moreover, synaptic strength changes at the timescale of
minutes (Hige et al., 2015) to hours (Baltruschat et al., 2021), and changes in synap-
tic connectivity numbers on the timescale of hours (Bushey et al., 2011; Sugie et al.,
2018) are incompletely understood (Scheffer & Meinertzhagen, 2021). Moreover, the
fly nervous system adopts a mixed code of signaling via graded potential
and spikes (Section 2.3.3), but also oscillatory mechanisms play a role in
computation (Grabowska et al., 2020).

As demonstrated here and elsewhere, modeling with limited measure-
ments offers chances to generate plausible hypotheses for yet unknown
or unmeasurable biological quantities and dynamics. New connectome-
constrained models (Section 4.2) can combine graded potential neurons
with spiking HH-type neurons as a more realistic dynamical system de-
scription for many real neurons in the fly brain. More detailed models
can serve for instance to infer unknown signs of connections (Mi et al,
2022), channel dynamics (Gongalves et al., 2020), or synaptic plasticity mech-
anisms (Lappalainen et al., 2019; Confavreux et al., 2023) with machine learning
methods.

While we can constrain models with the limited data that we have and
flexibly parametrize the unknowns for inference, this comes with in-
creased computational requirements, in practice requiring to find the right
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balance between detail and reduction (Herz et al., 2006). The choice of exact
parametrization and biophysical details to include remains hypothesis-
driven, suggesting that iterative refinement should encompass not only
parameter optimization with neural activity constraints, but also the sys-
tematic evaluation of different dynamical system components (Schrider &
Macke, 2023) to identify those essential for neural computation.

6.3.3 Task constraints

To find plausible solutions for the unknown neural parameters, we trained
the connectome-constrained model on the optic flow computer vision task
Sintel (Section 3.5.5). The connectomic reconstruction of the fly visual sys-
tem focuses on the motion detection pathway (Section 2.3.2), such that the
task we chose directly corresponds to the function of the system that we
model. Our control experiments, evaluating models with random parame-
ters, training the model on an autoencoding task (Section 4.3.4), and pre-
liminary results to train it on a larger variety of task representations to un-
derstand how different task elements constrain the same system, suggest
that a motion computation task is required for accurate tuning predictions.
Conversely, the high performance of FlowNet-type CNNs (Section 5.3) with
temporal context of only two frames, corresponding to 83 ms, demonstrates
that good performance on the optic flow task does not require temporal
computation from long contexts — which could be an advantage for RNN
optimization in face of vanishing and exploding gradients.

Other systems within the fly, including the central brain and its various
subcircuits for olfaction, gustation, audition and mechanosensation might
have longer context requirements, which could add an additional chal-
lenge in terms of network optimization to finding a suitable task defini-
tion. For modeling other nervous systems, labeled task datasets contain-
ing input-output pairs might be harder to come by. Deep learning offers
self-supervised tools, such as contrastive learning (Hadsell et al., 2006), that
can train connectome-constrained models using only input data without
explicit task labels (Duan et al., 2025). Contrastive objectives act directly on
the activity patterns or learned representations, typically encouraging sim-
ilar representations for similar inputs and dissimilar representations for
dissimilar ones (Chen et al., 2020; He et al., 2019), aligning representation correla-
tions (Zbontar et al., 2021), or maximizing information-theoretic quantities (van
den Oord et al., 2018) or manifold capacity (Yerxa et al., 2023). While models trained
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with self-supervised objectives can capture neural representations (Nejad
et al., 2025), such training usually requires careful input augmentations to
produce meaningful pairs, a principled choice of objective function, and
thoughtful selection of model units over which to apply the objective.3

Straightforward and complementary to task-optimization or self-supervised
training of connectome-constrained models is the use of constraints from
measurements of neural activity (Beiran & Litwin-Kumar, 2024) (Section 4.2.3)
and behavior (Ozdil et al., 2024). Integrated in whole-body simulations (Wang-
Chen et al., 2024; Vaxenburg et al., 2025), future connectome-constrained models
integrated with whole-body simulations will have access to unlimited
high-level behavioral task data, complemented by sparse ground-truth
neural measurements.

6.3.4 Non-identifiability

We refine functional predictions despite parameter non-identifiability to
generate accurate predictions (Section 4.3.5) by focusing on the functional
consensus of an ensemble of equivalent models. Our ensemble approach
thus transforms the challenge of non-identifiability into an opportunity to
explore the full space of functionally plausible solutions (Section 5.3). Our
method for discovering functional clusters and resolving symmetries with
sparse knowledge of neural activity is generally applicable. However, as a
possible consequence of non-identifiability and potentially model misspeci-
fication, an ensemble comes with no guarantee of discovering all functional
clusters, and the correct tuning prediction might not lie within the hypothe-
ses generated by the models.

Non-identifiability emerges when two or more parameter sets result in the
same loss values. The loss function is symmetric under such parameter
sets, therefore they are called symmetries. The ability of neural networks
to exploit symmetries, for instance through overparametrization — giving
a neural network many more parameters than required to solve a task —
facilitates task generalization in certain instances (Advani & Saxe, 2017; Neyshabur
et al., 2018; Martinelli, Simsek, Gerstner, & Brea, 2023) but hinders identifiability.

While the relationship between non-identifiability, symmetries, and gen-
eralization requires further research, recent work suggests that over-
parametrization combined with symmetry reduction can be used to iden-

Preliminary follow-up results on contrastive learning in DMNs with I. Omolayo are not
addressed in this thesis.
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tify a neural network from its inputs and outputs (Martinelli, Simsek, Gerstner,
& Brea, 2023). In general, deep learning benefits from using overparametriza-
tion as a soft inductive bias for finding "simple" data-consistent parameter
solutions that achieve good task generalization (Wilson, 2025).

Similarly, future studies could apply soft inductive biases to connectome-
constrained models, allowing flexible model definition that could poten-
tially compensate for model misspecification while expanding the space of
generated hypotheses. The resulting functional and parameter symmetries
in connectome-constrained modeling can then be refined through cluster-
ing and analysis to generate precise hypotheses about neural function.

6.3.5 Closing the loop to experimental measurements of neural activity and be-
havior

Our model accurately predicts neural activity across measurements from
26 papers encompassing several decades of experimental research (Sec-
tion 3.2.2). Predicted tuning properties include direction selective responses
of T4 and T5 neurons and detailed hypotheses for the underlying synaptic,
linear, and nonlinear mechanisms (Section 3.2.5). The T4 and T5 responses
in the fly underlie optomotor response (Bahl et al., 2013), walking (Creamer et al.,
2018), and flight behavior (Fry et al., 2009), directly providing a bridge for link-
ing model to fly behavior. In addition to demonstrating that the model pre-
dicts voltage responses and tuning properties that highly correlate to mea-
surements of neural activity underlying behavior, we demonstrated that
the model can accurately predict key observations from silencing (Strother
et al., 2017) (Section 7.3)4.

In terms of candidate experiments, the model predicts ON-sensitivity to
front-to-back motion for TmY3 (Section 3.2.5 and Fig. 3.ED2) and TmY5a
neurons (Section 3.2.5 and 7.1), suggesting potential motion sensitive
neuron types besides T4 and Ts5 neurons. Latest large-scale characteriza-
tion (Currier & Clandinin, 2025) includes characterization of direction selectivity
in TmY3 and TmYsa neuron types from spatio-temporal receptive field
mappings convolved with moving gratings, which is a linear response
model. This empirically derived model does not corroborate our finding
of potential TmY3 motion sensitivity but predicts motion sensitivity for
TmYsa neurons. This does align with predictions from our connectome-

Preliminary follow-up results on targeted silencing of neurons and connections with
Z.Stefanidi are not addressed in this thesis.
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constrained and task-optimized model ensemble. Future work will show
whether these predictions also hold in models using the new connectome
data, and whether they can be confirmed through experiments in the real
system. Intriguingly, TmYsa neurons are the most connected hubs in the
visual system in terms of input perplexity times output perplexity (Matsliah
et al., 2024) and their precise functional role in the circuit might be more
nuanced.

In general, the model can generate neuron specific response predictions to
any visual stimulus or perturbation. Conversely, it enables the design of
visual stimuli and perturbations that elicit targeted responses in specific
model neurons. We demonstrate this by reporting maximally excitatory
stimuli for each neuron type, predicting for instance that T4 and T5 neurons
would depolarize more strongly by their preferred stimulus if it is preceded
by a null-contrast luminance component. However, we have only touched
upon the possible in-silico analyses and hypothesis generations that a dy-
namical system model with unit correspondence offers for investigating
neural network function. New models will integrate new connectomic data
to generate hypotheses for neural activity of less understood pathways,
such as the output neurons of the visual system (Nern et al., 2025) and in-
tegrate connectome-constrained models with whole-body simulations for
direct simulation of behavior. In new analyses we can then adopt targeted
silencing strategies to causally investigate how neural activity may underlie
behavior.

Besides, testing the predictive capabilities of connectomes represents a new
incentive for experimentalists to record neural activity data at a large-scale,
across many neurons and of the whole system simultaneously (Currier &
Clandinin, 2025). While such large-scale response measurements will greatly
benefit new connectome-constrained models, ideally these measurements
would be designed specifically for connectome-constrained modeling re-
quirements. This could be done by measuring neural responses based on
a vast set of standardized naturalistic stimuli that evoke the majority of
possible responses of the system.

Eventually, an important goal is to create a closed loop between modeling
and experimentation. Calibrated models can inform the most informative
experiments and experiments can be used to update models. While we al-
ready create these loops conceptually through our analyses (Section 3.2.4),
practical application will benefit from principled methods including a
seamless software solution that directly enables experimentalists to work
and update the model.
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6.3.6 Computational infrastructure and scalability

We have not only published our pretrained models, but also published FrLy-
vis as a tool for abstracting and automating the computational research
process from model training to model analysis. While flyvis is still under-
going a lot of enhancements internally, the model (Wang-Chen et al., 2024) and
general framework (Ozdil et al., 2024) were already adopted by several other
computational and experimental researchers. Currently, our graphical user
interface for using the model for hypothesis generation is limited to tutorial
notebooks. In future, building a graphical user interface for integrating con-
nectome and model with all hypothesis generation and model refinement
tools holds enormous potential to make the model more easily accessible
to experimentalists and theorists alike for transforming neuroscience to a
more model-driven discipline.

A graphical frontend with a generic API can use various neural simula-
tors as a backend. For instance, FLYVIS, JAXLEY, Or SSNTORCH (Eshraghian et al.,
2023). The latter supports training spiking neural networks using surrogate
gradients, which currently neither FLYVIS nor JAXLEY support.

Future large-scale neural circuit simulation research benefits from methods
and interfaces for combined modeling and optimization of graded potential
subnetworks with spiking subnetworks (Section 4.2.2). Similarly, it needs
robust methods to integrate new neural activity measurements into mod-
els (Section 5.4). Future frameworks should ideally report and use model
uncertainty and calibration for model refinement.

Connectome-constrained modeling could benefit from moving from a
monolithic approach of whole-nervous system modeling to more modu-
larized models that interface with each other — possibly also agnostic to
simulator libraries — for reasons such as robust parallelization of research
and scalability. This parallels how software engineering in general has
moved from monolithic architectures to microservices (Newman, 2022). Sensi-
ble first steps towards compatible models simulating subcircuits that can
be combined to bigger systems would be creating models whose neural
activity is confined to a desired unit system, and, for models agnostic to
simulator frameworks, establishing API formats for simulated state vari-
ables and gradients. While recent research demonstrates that the fly brain
consists of many small circuits largely operating independently of each
other (Pospisil et al., 2024), likely more work investigating the structural (Seguin
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etal., 2025) and functional modularization, or for building agnostic interfaces,
might be required.

Beyond computational infrastructure, another practical challenge we faced
was literature integration, for which a recent technological breakthrough
might be a straigthforward solution. The comparison across experimental
work required a lot of painstaking literature research. Today’s LLM assis-
tants can search publication databases and retrieve relevant findings about
the fly based on text similarity. Such a database will help use LLM assis-
tance for significantly speeding up model validation across heterogeneous
experimental literature.

6.4 SO WHAT?

Neuroscience asks how the brain gives rise to behavior — a question posed
at the beginning of this thesis. Even a biological organism as small as the
fly thrives in the real world, efficiently integrating multi-modal sensory
information to produce behavior with only 140,000 neurons and negligi-
ble energy requirements. Understanding how, at single-neuron resolution,
remains fundamentally challenging.

The substantial investments in reconstructing nanoscale connectomes have
been controversial precisely because these wiring diagrams alone cannot
reveal brain function — the electrical dynamics that underlie behavior. Our
work directly addresses this controversy by demonstrating that connec-
tomes, when combined with task constraints and machine learning, can
accurately predict neural circuit function.

Our deep mechanistic network approach bridges the gap we identified be-
tween mechanistically detailed models of small circuits and task-optimized
artificial neural networks. By building models where each unit corresponds
to an actual neuron in the fly visual system and training them on ecolog-
ically relevant tasks, we show that connectomes provide useful scaffolds
for understanding neural computation. This represents a crucial first step
toward addressing the central challenge: understanding how large brain
networks coordinate single-neuron activity to produce behavior.
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6.5 CONCLUSION

Our work demonstrates that we can predict neural function from connec-
tome structure by combining anatomical constraints with machine learning.
Our connectome-constrained model of the fly visual system — representing
64 neuron types, 45 thousand neurons and 1.5 million neuron-to-neuron
connections, equipped with biologically founded dynamics, and trained
on a motion detection task — accurately reproduces functional properties
from decades of experimental literature and generates novel, testable hy-
potheses about uncharacterized neurons.

We developed methods to handle non-identifiability through ensemble
analysis and refinement with neural data, establishing a general computa-
tional framework that transforms connectomes from static diagrams into
accurate dynamic models of neural computation. Our DMN approach
bridges the gap between detailed biophysical models and task-trained
artificial neural networks, enabling mechanistic understanding at single-
neuron resolution across a large task-performing nervous system model.

Looking forward, several directions emerged through our work towards
building comprehensive whole-brain or even whole-animal models in fu-
ture work. Including for instance and on a high level: incorporating new
connectome data and more realistic biophysical components, developing
principled methods for integrating neural activity measurements and be-
havioral constraints to refine predictions, and creating accessible compu-
tational infrastructure that enables a closed-loop between modeling and
experimentation, accelerating discovery in systems neuroscience.

The impact of connectome-constrained modeling becomes clear when we
consider the scale of discovery it enables. Over the past three decades, ex-
perimental studies have characterized the responses of approximately one
neuron type per year in the fly visual system. With our approach, we char-
acterized 64 neuron types in five years — an order of magnitude increase
(Section 4.1.1). As we scale to whole-brain models with thousands of neu-
ron types, this acceleration in hypothesis generation will fundamentally
change how we approach systems neuroscience, necessitating new auto-
mated analysis methods and experimental validation strategies.

While we demonstrated our approach using the fly visual system — which
has favorable properties for modeling — the deep mechanistic network
framework provides a general strategy for connectome-constrained model-
ing. As discussed earlier (Section 2.3.1), organisms like C. elegans with its
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complete connectome and emerging whole-brain reconstructions of other
species each present unique modeling challenges and opportunities.

The principles of our approach — parametrizing unknowns, optimizing via
tasks, and distilling predictions from model ensembles — provide a foun-
dation for using connectomes with task constraints and machine learning
to reveal how neural structure gives rise to function. As more data be-
comes available and tools for iterative model refinement advance, these
principles can guide future connectome-constrained modeling efforts. Our
work represents a crucial step toward more comprehensive and detailed
model-driven systems neuroscience.
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types L1-L5, (b) labeled T5 input types, and (c) labeled T5 neuron types.

7.1 LINK TO 478-PAGE SUPPLEMENT

We generated a supplement (Lappalainen et al., 2024) publicly available at https:
/ /tinyurl.com/478-pages (this shortened link redirects to the static ZIP file
hosted by the Springer Publishing Group), containing the following analyses
for each cell type:

1. Anatomical receptive fields

2. Anatomical projective fields

3. Clustering of the responses to naturalistic stimuli
Responses to flashes

Cluster-average responses to single-ommatidium flashes
Peak responses to moving edges

Peak responses to moving edges from task-optimal models

Responses to moving edges from task-optimal models

o N ok

Peak responses to moving bars
10. Peak responses to moving bars from task-optimal models

11. Responses to moving bars from task-optimal models
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12. Spatio-temporal receptive field
13. Maximally excitatory stimuli

14. Task-constrained parameters
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Supplementary Figure 1: (A) FIB-19 synapse center-of-mass superclusters. The clusters form two strata in the medulla
(ME), and in the lobula (LO) and lobula plate layers (LOP, 1-4) additionally. Each dot corresponds to the center-of-
mass of all synapses belonging to the super-cluster. Typically, each diverging arborization of a cell becomes a distinct
location, which helps our probabilistic model to project 3D positions of synapses into retinotopic 2D planes, despite
the lobula having a different spatial orientation (perpendicular) than the medulla and lobula (Fig. 1a and c). (B) FIB-
25 synapse center-of-mass superclusters. The clusters form two strata (ME) in the medulla. (C) MilO cell type in
FIB-19 with no pre-annotated lattice positions. The seven cell specimen (hexagons) are recovered by our probabilistic
algorithm. Individual synapses and synapse center-of-mass projections are superimposed. (D) T4a cell type in FIB-25
with eight pre-annotated (an) and two recovered (al) lattice positions. The projected synapse positions show directional
displacement consistent with the direction selectivity of T4a cells (Fig. 3a).
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Supplementary Figure 2: Statistics of derived connectome. (a) (left) Half of the 65 cell types receive input from
more than ten other cell types, while the other half receives input from less than ten. (right) Half of the 65 cell types
project onto more then six other cell types, while the other half projects onto less than six. (b) (left) Half of the 65
cell types receive input from 21 up to 200 cells, while the other half receives input from less than 21 cells. (right)
Half of the 65 cell types project output onto 20 up to 200 cells, while the other half projects output onto less than 20
cells. (c) Half of the connections are characterized by less than 1.6 synapses while the other half are characterized by
1.6 up to hundreds of synapses. (d) A pair of presynaptic and postsynaptic cell type is connected by 5.5 synapses in
half of the cases and by more than 5.5 up to hundreds in the other half of the cases. (e) (left) Half of the 65 cell types
receive input from less than 93.6 synapses and the other half between 93.6 to 400 synapses. (right) Half of the 65 cell
types project less than 55.9 synapses and the other half projects between 55.9 to 600 synapses. (f) Separating (e) into
excitatory and inihibitory synapses, (left) we see that half of the 65 cell types receive excitatory inputs from less than
52.3 synapses and the other half from 52.3 to hundreds. Half of the 65 cell types receive inhibitory inputs from less
than 39.2 synapses and the other half from 39.2 to hundreds. (right) Half of the 65 cell types project less than 22.1
excitatory synapses and the other half from 22.1 to hundreds. At least half of the 65 cell types project no inhibitory
synapses and the rest project between zero to hundreds.

133




PUBLIC SUPPLEMENTARY INFORMATION

134

resting potentials

mmm task-optimized parameter of the best 20% models
W task-optimized parameter of the worst 20% models

O best task-performing model

‘lhw'.iq”u“;wz‘ &Y‘”u&. l"’ﬂ“ﬂ“?‘”e’&'“"”’zl’"m"“”“ﬂr'w““"“?’““ﬁ'

o

1
0
1

 SLAWL O stAwL
F shawL [ ShAwL
- phAwL O viAWL
- ELAWL [ EHAWL
F oLAwL 1 olAwL
- 6AWL e
F egawr —— T
F pAwy B vAwL
- e oS AL
Foewl o o - ocwl
- szl o= - gruL
I ogwL T—=b[ oewL
oy = oL
F 6w | ewL
F oguy —— { e
I aguy. |- aswL
- eqwy —— 11T
 Agwy — =B | Acwl
F pwy ==
Fewl B ewl
Fzwl =l
g — - L
I PsL [ PSL
Fos1 fr— Y T8
asL YT
esL o Bl
FPrL e Py
FovL b orL
FavL o arL
Ferl e
el o —— T m
Feet § ol eL m.
FeL m b £
Mo —pr w
s = — YL
[ rLn e B4l
Feum = eun
e —o—m | zun
F o [
oL —= o
- 6N o e
- viN b R0
Few — ]
Fan —dFon
o of MW
[ (LWL O - (OLW)LLD
F (oNL1o =% (loM1o
€0 —— [ €0
e —_— 12
- wy TR wY
L ame =
- ume o [ umer
Fal ¥
v —=rn
el e Y
ra —)
F o1
ey of 8y
oy —— Y]
oy oF 9
oy ofF sy
vy oF v
ey [ Y
o oF
Sy oL 1
T T T T )
S 3 8 & 5 o
o ()" o

\B7

dogﬂa%hﬂgyddohu.‘ﬂ adayaddada

b

#Txﬁﬂﬁ%aonmo

dgalota

ﬂnaed i

Lh&,atl.uldl dbd

.,...,..,,..,..,¢??$?44...,..h...,......

ol

Hoakossd

TT T T T T T T T T T T T T T T T T T T T T T i T T T T rrTTrTTirT

AWL<-PIN

~_2Axmo
O0LW)LLO<-€D
wy<-£J
MET<-€D
71<-€0

PSL<dsL 8 ggwi<gguwL
qG1<-qG1 BGW] <-qGui|
QvLl<-qSL OLIN<-qGW1
mhA‘amh —O= EIN<-qsWL

ioL10<-q51 oW <eguil
SlAWl<-eG| Bguw| <-eguy

EGL<BGL - = WL <AGWL
eyl<eSL —= WL <AGUL
(oML LO<-egL AWL<puwl
SLAUL<PYL G

LA R
3
£
g
"
<+
E

oo
23
CEE
A
“
Tid
FEE
=

smgag

Me<-gw)
J<gwi

LAULL<ZW]
LAWL<-gwL
LAWY <-gw)
AL <-gll]

LAWL<-PSL
AWL<PGL

S
¥,

(101 IO<0G1
SLAW[<GG )
pLAWL<ST
cuil<-gg L

ﬂ T‘Nﬂ“uda} o4l NJ o, nh‘ﬂ 4 ]%

&
=
&

B ovL<9GL
B
= o2l

0.4

024
o0l
044
024
0.0+
0.4

(ne) o

iﬁ%«ma...“ ” JI aliigd ﬂ;ﬂ“ TR RN CYIPITISI |1V OAOT %Z S oot encerthidlit

0.2
0.0

BLAWL<-BLAWL

PIN<-OGWL
9G] <-qgUIL.

f learned parameters of best 20% models vs. worst 20% models. (a) Task-

1CS O]

Statist

optimized resting potentials. (b) Task-opt

Supplementary Figure 3

factors.

ing

tants. (c¢) Task-optimized filter scal

imized time cons



PUBLIC SUPPLEMENTARY INFORMATION 135

e ON-edge response

90°

A - AR DR RS
"\O" \ 9@/

lg
13

v Vs "\
ON-edges 3, T4a T4b T4d

g = OFF-edge response
/(7' _g L 45 /90 45 ?O 45° /90 45°

v © /

"o LGS @G
Y \v/ (T @ y,
OFF-edges T5a T5b T5¢ T5d

front

Supplementary Figure 4: Motion tuning predictions for T4 and TS subtypes to preferred and null contrast edges
in the task-optimal model.



136 PUBLIC SUPPLEMENTARY INFORMATION

o

convolutional filters
(anatomical receptive fields)

convolutional filters
(anatomical receptive fields)

3 Mi1 T4a 3
.3 8 Mi1 T4b
[0} o
g Y g
2 2 -
0.0 0.2 0.4 06 0.8 1.0 Tm3 T4d
Tm3 T5b
input currents . input currents
T5a Mi10  =—— CT1(M10) T5a c2
e — o w4 T T o — Tmvis - nuia
C3 —— TmY15 == null direction _— o == nulldirection "
Tm3 Mi10 —— CT1(M10) c3 Mi10
F
c3 Mi10 ¢
v
. Mi9 TmY15
- Mi9 TmY15 -
E] < ] b -
a ¥ H / "\ < Y
2 - £ =====
e [ —— A (L) Mi4
3 CT1(M10) Mi4 - NNy —
8 8
r T T T T 1 r T T T T 1
0.0 02 04 06 08 10 0.0 02 04 0.6 08 10
time (s) time (s)

convolutional filters
(anatomical receptive fields)

convolutional filters
(anatomical receptive fields)

3 Mit Tm3 3
& <& Mi1 T4d
o o
g - g
S E .
Tac T4b 0.0 0.2 0.4 06 0.8 1.0
Tm3 T5d
input currents input currents
—_— Mi1 T4a Mi10 = CT1(M10) T4a Ts5¢c
Mi1 T5d Mi9 — Mid
_— 1""::3 gc _— ¥r§¥15 _ mjﬁ direction — T4d Mi10 TmY15 == null direction
48 Tm3 €3 —— CTI(M10) Mi10 c3
Y c3 Mi10
.
-
TmY15
—~ Mi9 TmY15 ~
s s *
e &
2 e ————————————] 2
5 * 5 Mi4
3 Mid 3 e,
- . .
r T T T T 1 r T T T T 1
0.0 02 04 06 08 1.0 0.0 02 04 06 08 1.0
time (s) time (s)

Supplementary Figure 5: T4 motion detection mechanisms.
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Supplementary Figure 7: Contribution of all decoded cell types to the motion detection task. (a) Direction selec-
tivity indexes for each decoded cell type and each model from the ensemble of 50 models. (left) Direction selectivity
indices from responses to moving ON-edges. (right) Direction selectivity indices from responses to moving OFF-
edges. (b) Task error increase if all respective decoded cell responses are replaced by their cell type’s spatio-temporal
averages to the naturalistic input at the decoding stage. This measures the cell type’s contribution to the motion detec-
tion task. As a baseline, the left-most column shows the per model task error increase if all decoded cell responses are
replaced by their cell type’s spatio-temporal averages, i.e. no motion can be detected. The decoder attends primarily
to the ON-motion selective T4 cell types.
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Supplementary Figure 8: Investigating the role of sparse connectivity with synthetic networks for MNIST hand-
written digit recognition. (a) Median hidden-layer response correlation as a function of synthetic network connec-
tivity percentage for task and connectome constrained models that had access to only connectivity information but
not connection strength. (b) Median hidden-layer response correlation as a function of synthetic network connectivity
percentage for task and connectome constrained models with access to noisy estimates of connection strength (multi-
plicative noise levels of 0 = 0.1,0 = 0.25, and o0 = 0.5, respectively). Connectome constrained models were task
optimized with a soft (L2) constraint with the noisy connectome measurements.
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Supplementary Note 1. Probabilistic model for automatic construction of
connectome

The EM-datasets primarily contain the lamina projections, medulla (FIB-25), lobula and lobula plate (FIB-
19) cells, and the important cell types of the primary motion detection circuit (T4, T5). In total, they contain
1801 neurons (702 from FIB-25 and 1099 from FIB-19), with hand-annotated positions available for 830
of these neurons (SI Figure 1). To accurately localize the remaining neurons and synapses and to derive
cell-type connectivity (Fig. 1b), we build a probabilistic expectation maximization algorithm that takes
synaptic connection statistics, projected synapse center-of-mass clusters and existing column annotations
into account. We verified the quality of our reconstruction, concluding that even in the absence of 90% of
the hand-annotations available to us, we could accurately position the majority of the neurons in our circuit
reconstruction (SI Table 1, SI Figure 9). In the absence of ground-truth annotations, we verified the quality
of our reconstruction by the recovery and consistency rates (Table 1). The recovery rate is defined as the
ratio of reference positions successfully recovered by our algorithm after removing a random proportion of
reference positions from the data. For each 10% of the reference positions removed, on average, only 2.5%
are not correctly recovered. The consistency rate is defined as the fraction of neurons obtaining the same
position between evaluations of the algorithm starting with a different fraction of reference positions. For
each 10% of the reference positions removed, on average, an additional 3.9% of neurons are not consistently
estimated. We found that even just 10% (83 positions) of the available ground truth was sufficient to robustly
position the majority of the neurons (64.3%, 534 positions) into the correct columns, and annotate 48% (865
neurons) perfectly consistent.

Probabilistic expectation maximization for unassigned neurons. Each neuron is either annotated in
the dataset (in K), assigned to a position (in A) by our algorithm, or still under evaluation (in set ).
Iteratively, the EM-expectation step updates the normal distribution (i ¢,y )» T ¢,(y,2)) Of €xpected synapse
counts between neurons, while the EM-maximization step updates the positions (y, =) of all neurons not yet
assigned to a column (set If).

Synapse center-of-mass as a neuron column position proxy. For offset assignment, we take the center-
of-mass of all synapses belonging (pre- or postsynaptic) to a neuron into account. These are generally
a more useful hint than the physical location of the cell body, as the cell bodies are mostly positioned
on the side of the neuropiles, and not near the column to which the neuron belongs to, but most cells
have a majority of synapses in close proximity to their own column. Since many neurons span more than
one layer in a neuropile, or even multiple neuropiles, we first group all synapses per neuron into clusters,
and then assign the center-of-mass of these clusters to one of up to N = 5 super-clusters (approximately
matching the medulla, lobula and lobula plate). Clustering is done via k-means with the ideal number of
clusters determined by silhouette scores. The super-clusters allow to project 3D synapse coordinates onto a
retinotopic 2D hexagonal lattice with a simple projection and affine transformation.

Hybrid cost-model for neuron-position likelihood estimates. Prior knowledge about the normal dis-
tribution (i ¢ (y.2)s Ts.t,(y,z)) Of expected synapse counts between neurons from existing annotations is
required to express the probability of any cell specimen c to be located at position (y, ). This metric cor-
relates a neuron to all pre- and postsynaptic neurons it is connected to, of which some already have a fixed,
known position. Thereby, the neighbouring neurons with known position (in /C and .A) contribute to stabilize
the probabilities of unassigned neurons (in set I{). For columnar, spatially repeated neurons, we can also
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assume that only one neuron per position is present. This prior rapidly discounts the number of possible
positions an unassigned neuron can have, each time another neuron becomes assigned (moves from I/ to A).

Fusion of separately evaluated datasets. Since FIB-19 and FIB-25 are evaluated separately, we have to
combine the estimated parameters of both models to a single, coherent model. The datasets overlap partially,
in terms of the neurpoiles and cell types covered, and our method therefore fuses the model by always taking
the larger estimated parameter.

FIB-19 FIB-25
st (y,x) = max(:us,t,(y,:r)’ Ns,t,(y,x)) D

This method of model fusion only underestimates the number of synapses between two neurons if they have

connections in two different neuropiles, and if each neuropile is exclusively covered by only one dataset.

Pruning spurious synapses. Some automatic annotations, which are not proof read in the FlyEM DVID
data, contain a large number of autapses per neuron on most neuron types, arising from wrongly de-
tected synapses in the cell bodies themselves. Additionally, there are many statistically insignificant single
synapses left from the assignment algorithm. We imposed the following additional filter on our estimated
model parameters, to remove both autapses and spurious connections with less than one synapse on average.

0 ifs=tA(y,z) =(0,0)
s, t,(y,x) = (Z) if s t,(y,x) <1 (8)
Hst (ye) Otherwise

Finally, neuron types without connections and synapses with either missing target or source can be removed.
The resulting mean synapse counts f ; (,, ) form the convolutional filters for our simulation.

Reference positions [ 1.0 09 08 07 06 05 04 03 02 0.1 [ average
Recovery rate 0.870 0849 0.820 0.807 0790 0754 0730 0707 0.669 0.643
Recovery rate delta 0020 0.029 0013 0017 0036 0024 0023 0039 0025 | 0.025
Consistency rate 0790 0728 0701 0.682 0.638 0.609 0552 0546 0.480
Consistency rate delta 0062 0.027 0.019 0.044 0.029 0.057 0.006 0.066 | 0.039

Table 1: Recovery and consistency of columnar cell position estimation.

Pos. removed [%] ‘ 0 10 20 30 40 50 60 70 80 90 100
Reference positions 830 747 664 581 498 415 332 249 166 83 0
Combined 1801 1459 1305 1346 1248 1152 1229 1081 972 944 0
FIB-25 702 592 573 566 538 509 491 464 445 399 0
FIB-19 1099 867 732 780 710 643 738 617 527 545 0
Combined (annotated) 721 708 694 684 658 643 626 576 566 499 0
FIB-25 (annotated) 393 387 379 375 360 353 339 307 304 272 0
FIB-19 (annotated) 328 321 315 309 298 290 287 209 262 227 0

Table 2: Results of the probabilistic model construction.
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Supplementary Figure 9: Results of the probabilistic model construction.
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Supplementary Note 2. Manually constructed connectome components

Lamina and ommatidia model Since neither FIB-19 nor FIB-25 contain the connections of the omma-
tidia or first neuropile, the lamina [89, 90], we reused and refined the existing hand-crafted model from our
previous work [91], which is based on data from Rivera-Alba et al. [92] and Tuthill ef al. [93, 94].

Non-columnar single CT1 cell model While we did in general not model any neurons with large tan-
gential branches, such as Mt, Mt, Pm, Dm, which span many columns and are therefore insufficiently seg-
mented in FIB-19 and FIB-25, we did model the single CT1 cell present in the lobula CT1(Lo1) and medulla
CT1(M10) [95]. Because a multi-compartment model with bidirectional electrical synapses resulted often
in oscillatory dynamics in earlier modeling attempts and because CT1 terminals were found to act as func-
tionally independent units [96] we modelled CT1 as two anatomically separate cell types CT1(Lol) and
CT1(M10).

Non-columnar periodic cells Because lamina-wide-field neurons, Lawf1 and Lawf2, do not occur in each
individual column but more sparsely, we modeled them with an inferred spatial stride to occur more sparsely
resulting in 123 cell of each type in our model (there are approx. 140 Lawf2 neurons per optic lobe, and
each of approx. 700 columns is innervated by approx. 5 Lawf2 cells [94]).

Hexagonal lattice rendering of connectome For compilation into the hexagonal grid, the convex hull of
the filters is filled with ones to remove spatial discontinuities. Although these are considered mostly false
positives from the connectome reconstruction [97], this allowed for weak autapses in our hexagonal model
that did not affect the tuning predictions.

Additional proofreading We manually proofread filters on the hexagonal lattice and compared them to
the reported filters in the literature to ensure overall correspondence. We found that the reconstruction did
not fully capture the asymmetry reported in [90] of the TS5 anatomical receptive field of Tm9, which we then
substituted by a Gaussian at the reported offset column scaled by the reported number of input synapses. For
few T4 and T5 inputs the number of input synapses reported in the literature[90] slightly deviated from our
reconstruction. To get a better initialization of our filter scale we scaled them to closely match the number
of input synapses reported[90].

Supplementary Note 3. Model predictions agree with experimental mea-
surements of neural activity across 26 studies

We compared simulated model responses for each cell type to experimentally reported responses. We found
that the 10 models which achieved the best task performance predict neural responses in consensus with
experimental measurements across 26 studies[88, 96, 98, 99, 100, 101, 102, 103, 104, 105, 106, 107, 108,
109, 110, 111, 112, 113, 114, 115, 116, 117, 118, 119, 120, 121].
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Supplementary Note 4. Models predict motion tuning for TmY3

Amongst models with the best task performance, TmY3, TmY4, and TmY 18 are often ON-motion selective
(Fig. 2¢). As these neurons have yet to be experimentally characterized, we analyzed these prediction in
our models. Since TmY3 neurons do not receive inputs from other known motion selective neurons, we
were intrigued by the possibility that they might directly compute a motion signal and possibly constitute a
parallel pathway to the well-known T4 and TS5 neurons. In contrast, TmY4 and TmY 18 cells receive inputs
from T4 cells, potentially inheriting their motion tuning.

In the model ensemble, we found four distinct clusters for TmY3 (Fig. 4b). In the task-optimal cluster
(circular marker) TmY3 responds to ON-edges from front to back or downwards (Fig. 4c). In contrast, in
the second cluster (triangular marker), TmY3 is not direction selective. In the third cluster (square marker)
TmY3 is direction selective to ON-edges moving from the back to the front. In the fourth cluster (star
marker), TmY?3 is, again, not direction selective. Together, the ensemble suggests ON-motion sensitivity for
TmY3, but different clusters disagree in their predictions for direction and contrast selectivity.

In our connectome data, the strongest input elements of TmY3 by number of synapses are L4, L5, Tm?2,
Tm3, Mil, Mi9, and Mi4 (Fig. 4d and e). While none of these input neurons are motion-selective, the
asymmetries in their connectivity to TmY3 might allow it to detect motion. We asked if we could better
constrain our predictions by asking which clusters also predicted the correct preferred contrast for these
input neurons. We found that the first model cluster (Fig. 4b, circular marker), in which TmY3 is tuned
to front-back or downwards motion, most accurately captures the known contrast selectivity of all TmY3
input cells (Fig. 4f). In contrast, all three other clusters fail to consistently capture the OFF-selectivity of
Mi9. Thus our model proposes TmY3 as a novel candidate motion detector independent of the well-known
T4 and TS motion pathways with the putative mechanism for the task-optimal cluster shown in Extended
Data Fig. 5. Examining the mechanism of direction selectivity, we find null direction suppression but no
preferred direction enhancement, consistent with previous experimental findings for T4 [88] and T5 [115].

143




144

1062

1063

1064
1065

1066

1067
1068
1069

1070

1071
1072
1073
1074
1075

1076

1077
1078
1079
1080
1081

1082

1083
1084

1085

PUBLIC SUPPLEMENTARY INFORMATION

Supplementary Note 5. Investigating the role of sparse connectivity with
synthetic networks for MNIST digit recognition

Training feedforward synthetic networks The weight matrix for each layer in Dale’s-law-based syn-
thetic networks (DLTrues) is decomposed into three components: binary adjacency matrix, non-negative
weight magnitudes, and a sign vector.

Worrrue = Corrrue © Worrrue @ [1 @ Sprrrue) s
where Cp1rrye = binary adjacency matrix,
Whirrue = non-negative weight magnitudes of true network,

SpLTrue = Sign vector

By means of projected gradient descent, Wp1 e is enforced to be non-negative and is initialized from the
absolute value of the He initialization distribution [122]. Although sign vector Spyrrue 1S randomly initial-
ized with equal probability to be either -1 or +1 to represent inhibitory and excitatory synapses respectively,
its elements are allowed to assume values in R over the course of training.

Inducing sparsity Binary adjacency matrix Cpprrye 1S initialized to be a unit matrix and is later updated
according to the desired true network connectivity level. Following the LTH algorithm, a portion of the
lowest-magnitude weights, designated to be pruned, were identified from Wprrrue © [1 ® Sprrrue). For
pruning synapses, the corresponding entries in the adjacency matrix Cprrrue Were then set to zero. After
each pruning iteration, weight magnitudes were reset back to their original initialization, followed by a final
training run post-pruning.

Training with/without sign constraints In addition to a Dale’s-law-based sign constraint, we also exper-
imented with networks trained without any sign constraint. No restrictions were imposed on the nature of
outgoing synapses i.e., a neuron can have both excitatory and inhibitory outgoing synapses. For true net-
work variants trained without a sign constraint, 1 ®spp,rr,e Was simply replaced by a sign matrix Syonprrrue
initialized in a similar fashion; that is, all entries were initialized to be in {—1, 41} with equal probability.
We will refer to true networks trained without a sign constraint as nonDLTrues.

WnonDLTrue = nonDLTrue © WnonDLTrue © SnonDLTrue»
where C\onprrrue = binary adjacency matrix,
WhonprTrue = NOn-negative weight magnitudes of true network,

SnonDLTrue = Sign matrix

Training simulated networks As elements in a true network’s Sprrrue OF ShonprrTrue are allowed to
assume values in R while training, only the signs of these elements are inherited by the true networks’s
respective simulated network.
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U /
Whisimulated = Corrrue © Wirsinuiatea @ [1 2 SDLTrue] ;
where Cp1rrye = binary adjacency matrix from corresponding DLTrue,
/ _ . . . .
Whlsimulateq = Non-negative weight magnitudes of simulated network,

Shirrue = signs of elements in Sppryye

! !
WnonDLSimulated = C’nonDLTrue © WnonDLSimulated © SnonDLTrue’

where C\ onprrrue = binary adjacency matrix from corresponding NonDLTrue,

L aDLSimulateq = NOn-negative weight magnitudes of simulated network,

! . .
Shonprrrue = signs of elements in Shonprrrue

Extended Data Fig. 8 A shows median hidden-layer tuning correlations for networks trained with and with-
out Dale’s law sign constraint for three different architectures.

Training simulated networks that had access to weight magnitudes Three levels of multiplicative noise
o = 0.1,0.25,0.5 were explored, inducing low-noise, medium-noise, and high-noise weight estimates,
respectively. Each noise level represents the maximum percentage by which a weight magnitude could be
perturbed.

Wsimulated.nic = X © WTrue»
where X;; = Uniform(1 — o, 1+ 0)

Simulated networks were trained with a Gaussian prior on the weights centered around the noisy initializa-
tion. In effect, this additional loss term penalizes trainable weights for deviating from their noisy initializa-
tion.

2 : 2
‘Cweight,prior = Ecross,entropy + A [WSimulated - WSimulated,Init]

Extended Data Fig. 8b shows median hidden-layer tuning correlations for networks with low-, medium-,
and high-noise weight perturbations.
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Manuscript Title: Connectome constrained networks predict neural activity across the fly
visual system

Reviewer Comments & Author Rebuttals
Reviewer Reports on the Initial Version:

Referees' comments:
Referee #1 (Remarks to the Author):

This manuscript addresses the fundamental question whether connectomes (mutual connectivity
between many neurons) can predict functions of individual neurons in a network when the
computation of the network is known. The authors address this question in the visual system of
Drosophila. They use recent connectomics datasets to create simulations of the visual neuropils with
biologically realistic neuron types, spatial arrangement, and connectivity. Parameters describing
individual neurons and synapses were adjusted by training networks to detect optic flow. Training
improved model performance compared to untrained models with realistic connectivity. Some
networks, but not others, reproduced known functional properties of individual neurons such as
directional motion sensitivity of T4 and T5 cells. Model neurons showed more biologically realistic
properties when connectivity was sparse.

The authors conclude that network models reproducing biological mechanisms of computation can
be found by including connectomes as constraints in networks trained end-to-end on a
computational task (“DMNs”). They emphasize that it is not necessary to include additional
information from neuronal recordings or biophysical measurements. They further propose
connectome-constrained network modeling as a tool to discover computational functions and
meaningful experiments. These conclusions are based on the observation that some models
reproduced functional properties of single neurons such as the motion-sensitive T4 and T5 cells and
therefore reproduce the biological mechanism of motion detection. This is indeed a remarkable
result. But other models also detect optical flow and fail to reproduce single-neuron properties.
Additional knowledge from single-neuron recording experiments (or other sources) is therefore still
required to select biologically realistic models. It is also not clear how the approach may or may not
generalize to other systems given that the Drosophila visual system is a highly specialized, repetitive,
extensively studied network of graded potential neurons. In summary, | believe that the results of
this study are remarkable and demonstrate that including knowledge about synaptic connectivity
into network simulations can take us a huge step forward towards mechanistic modeling of
biological neural networks. This is clearly an important result but it remains open whether the
approach can be generalized with similar success to other brain circuits.

The main result of the study is the general notion that mechanistic modeling of biological neural
networks can be achieved by including connectomes as constraints. So far, the study did not
produce major new insights into the function or structure of visual processing in Drosophila. A
prediction from this study is that neuron TmY3 may be a previously unrecognized motion-sensitive
neuron, but this prediction remains to be tested experimentally.



150

PUBLIC PEER REVIEW FILE

Specific points:

1. The main message of this manuscript is not a deeper understanding of visual processing in
Drosophila but the general notion that connectomes help (massively) to create biologically realistic
network models. Indeed, the authors emphasize that their “...modeling approach provides a
discovery tool...”. It is thus important to get a good idea how the DMN approach generalizes to other
brain circuits. The DMN approach is likely to be facilitated by features of the Drosophila visual
system such as graded synaptic transmission and a highly repetitive architecture. More insight into
the potential for generalization of this approach would be useful (see also below).

2. The graded potential neurons used in this study are biologically realistic for the Drosophila visual
system but not for most other brain circuits. It may be more difficult to get DMNs to reproduce
biological mechanisms of computation with spiking neurons. This may be a limitation of the
approach that should be discussed (or explored, if possible).

3. The repetitive layout of the Drosophila visual system facilitates network modeling, and so does
the extensive knowledge of cell types in this system. How would the DMN approach be affected if
knowledge of the connectome were less complete, as is often the case in other brain circuits? How
would it be affected if cells were divided into fewer distinct types?

4. An interesting observation is that the same neurons in different networks do not always show the
same functional properties and form discrete clusters in functional space. For T4c cells, for example,
3 clusters were found but only one represents biologically realistic neurons with correct motion
sensitivity. This observation is interesting because it can, in principle, be a starting point to explore
general principles of network design. On the other hand, it means that the DMN approach alone is
not sufficient to predict mechanisms of computation, even in this well-established system.
Additional knowledge (here: true motion sensitivity of T4 cells) is necessary to distinguish
biologically realistic from unrealistic networks. Such knowledge may be hard to come by in other
systems. This is a (potentially serious) limitation of the DMN approach that needs to be discussed
more. What type of additional information would be most useful to resolve “cluster ambiguities”?

5. The authors emphasize that DMNs can reproduce biological mechanisms of computation, but they
do not go very far in analyzing computational mechanisms beyond current knowledge. So far, they
mainly asked whether known mechanisms are reproduced in the DMN. For example, motion
sensitivity of T4 cells involves direction-dependent temporal shifts between excitatory and inhibitory
input currents, which is reproduced by the model. However, the authors could go further and
manipulate specific connections to verify that motion sensitivity is indeed generated by the expected
implementation of a computational strategy (combination of Hassenstein-Reichardt and Barlow-
Levick models) in neural circuitry. Such an analysis should have potential to uncover novel, unknown
functions. Similarly, they could use specific manipulations of connectivity to analyze the mechanisms
of motion sensitivity in TmY3, following up on the speculations put forward in the text. Generally,
the ability to manipulate connections in a biologically realistic simulation has interesting potential
because this is often not possible experimentally.

6. The authors suggest that TmY3 is a novel motion-sensitive neuron that has not been recognized
previously and computes motion independently from T4 and T5 cells. It is also predicted that other
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neurons should be motion sensitive (TmY4, TmY18), probably because they receive input from T4
and T5. So far, these predictions have not been tested experimentally. Doing so could substantially
enhance the impact of this study.

7. Abstract: “...we show that with only measurements of the connectivity of a biological neural
network, we can predict the neural activity underlying neural computation”. This statement is not
correct. DMNs also use knowledge of the computation (input-output) for training, and additional
knowledge is required for model selection (for example activity/tuning of T4/T5 cells).

8. How good is the optic flow detection achieved by DMNs? The quantification by the error measure
is not very intuitive. It shows that training improves performance, but unconstrained CNNs still
achieve much better performance than trained DMNSs. It would be good to provide more

information to get a better intuition how well a DMN is performing in comparison to a real fly.

Minor comments:
9.Ln 481: Fig 1g

Referee #2 (Remarks to the Author):

The authors use connectome data from the fly visual system combined with optic flow training to

produce a task-performing mechanistic model with interpretable parameters. Comparing to previous
data, the model captures many of the tuning properties of fly visual neurons.

There has been some previous work that uses connection data to define model architectures for
task-training. The authors may want to cite some of this work from C. elegans (e.g.
https://www.ncbi.nim.nih.gov/pmc/articles/PMC8253844/ and
https://arxiv.org/pdf/2201.05242.pdf). The present work is novel in my opinion in the extent to
which it compares the neural parameters of the trained model to data.

It would probably be good to provide a contextualization of the DMN task performance and
parameter recovery by pulling in some more of the supplementary results (at least more quantified
descriptions of them in the text). For example, the main text does not convey how relatively minor
the enhancement in performance on the task is for the DMN vs random model, in the context of
how well the unconstrained CNN can perform. Also, it seems relevant to note that the random
models are still positively correlated with cell tuning and the flash response results can be captured
by even the poorly performing DMNs.

Are the T5 off-motion selective neurons in 2c supposed to be tuned to on-motion as well? Or is this a
way in which the model does not fit the data? This should be spoken to in the paper.

| have several concerns/questions regarding the synthetic connectome experiments in the MNIST-
trained networks. First, | do not understand the motivation behind the version with noisy weight
estimates where getting the correct weights is baked into the objective function. What do we learn
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from seeing that a network initialized with roughly the correct weights can explicitly learn to recover
those weights (regardless of sparsity)?

For the connectome-only version, this still does not seem to necessarily support what the authors
seem to be claiming about it. Specifically in the absence of any information that leads to unique cell
IDs, comparison of tuning across networks is meaningless. With a sparse network (including the fly
connectome) the pattern of connections a cell makes can be a unique identifier for it, and therefore
these cells can be labeled as the same and their tuning can be compared across networks. Such
unique identities are not possible in densely connected networks. Therefore, the tuning comparisons
done here are essentially as if two random neurons were picked across models and expected to have
the same tuning. The fact that a random pairing of neurons does not display the same tuning does
not mean these networks are not learning the same mechanisms. In fact, ED Fig 9a shows that Dale's
law helps with the correlation, which is likely because having a weight constraint offers some kind of
(weakly) unique identifier. Also, how were the signs decided for units in these networks?

Clarifications:

Can the authors better explain the differentiation between synapse count and the scalar? It seems
the scalar and the count are held constant for all pairs of cells with the same pre- and post-synaptic
cell type, so what extra information does having the count as part of the equation provide?

How do the 50 ensemble models differ? Just different draws from the same distribution of resting
potentials?

Referee #4 (Remarks to the Author):

Lappalainen et al. build an optic lobe connectome-constrained neural network called a task-
optimized deep mechanistic network (DMN), and optimize for a computation performed by that
biological circuit (motion detection). They show that constraining both the connectivity and
computational task reproduces some of the experimentally determined tuning of specific neurons,
and makes predictions about the tuning properties of other neurons in the network that have yet to
be experimentally measured. Finally, the paper argues that, for sparse networks (such as some
biological neural networks), knowledge of the connectivity, signs of connections, and an estimate of
connection strength may be sufficient to predict the mechanism by which the circuit performs a
known computational task.

I am in general enthusiastic about the study - it is a useful simulation of a portion of real, complex
neural network (64 cell types and 721 columns, plus 1 inhibitory cell type that extends across
columns, but missing all of the feedback and neuromodulatory connections) and shows how
connectivity shapes many of the known properties of a neural network - the optic lobe is an ideal
test case as its cell types have been studied extensively over the past 60 years. Figures 3 and 4 in
particular are quite nice - 1) comparisons between the best performing model’s T4/T5 cells and the
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response properties of their inputs to known tuning curves and responses (although | have concerns
about some of the details - see below) and 2) comparisons between different models to understand
what properties of particular cell types define the best performing models. This is a nice study that
will form the basis for simulations of larger biological networks, for fly, and other species. However, |
have several concerns about the modeling, model predictions, and interpretations of the results that
should be addressed.

The authors build a hybrid optic lobe connectome from several different datasets - the choices they
made in how to combine these datasets must be made transparent in the paper. Ideally, they would
present a Supplemental Figure devoted to how this was done and how they handled any
discrepancies or differences between the datasets. If there were no discrepancies or differences this
should also be explained. It is difficult to interpret the findings from the model without a thorough
understanding of how the connectome-constrained model was built. Related to this point, | assume
the signs of connections were taken from the literature? Can the authors provide citations for these
(and can they compare against the same cell type in the open FlyWire/FAFB whole-brain
connectome dataset, for which neurotransmitter predictions (from Eckstein et al.) are available in
the optic lobe)?

Related to the point above, the authors perform a sort of normalization step with the data so that
they can model every column identically (making sure synapse numbers are the same in each
column) - this ignores heterogeneity across columns (that might be important for motion detection).
Can the authors provide more detail on how this simplification deviates from the actual connectivity
(how much heterogeneity is there across columns?) and show how this choice affects modeling

results (if they incorporate some of the heterogeneity into the model, how do the results change)?
The manuscript claims that the actual OL connectivity was critical. Extended Data Figure 3 shows
that a task-optimized DMN outperforms a DMN with random parameters. But what is missing is a
demonstration that the specific connectivity of the fly visual system is what enables optimal
performance, rather than a generic neural network with the same level of sparseness and gross
connectivity statistics of the biological network. How would a task-optimized artificially generated
network (constrained by biological connectivity statistics, rather than the exact connectivity of the
fly visual system) perform compared to the task-optimized DMN and the random DMN?

Neurons are modeled with leaky linear non-spiking voltage dynamics and as point-neurons with a
single electrical compartment. The authors show abundant tuning/response data for each model cell
type, but they should compare the detailed temporal dynamics and delays (critical for motion
detection) of model responses to real recordings of these same neurons (if this is present
somewhere in the supplement, apologies if | missed it). Many optic lobe neurons have been
recorded via Ca++ imaging, voltage imaging, or electrophysiology (e.g., compare with published
responses in Behnia et al. Nature 2014 or Yang et al. Cell 2016).

The L1 and L2 neurons are categorized as “known OFF selective” (Fig. 2b), but this deviates from my
reading of the literature - shouldn’t they show similar responses to both on and off flashes? Also, the
responses of L1 and L2 in Fig. 3e are shown as monophasic and producing an off response - shouldn’t
they be biphasic (in contrast with the responses for L3 and L4, which do look biphasic)? These
potential mismatches between the literature and model results have me concerned that the model
is not producing the expected responses for cell types that have been extensively studied (like L1
and L2).

Given the constraints provided by the connectome, there are only 734 free parameters in the model
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(resting membrane potential for each cell type (65) and unitary synapse strength (604)) - but the
authors could have also included the synapse NL as a free parameter (varying across synapses) - how
would this have affected modeling results? Is there a reason they need to limit to ~700 free
parameters? The question has to do with the choice of which parameters to fix across the model and
which to vary - how much do these choices affect results?

The authors optimize the model network to perform a particular motion vision task - this makes a lot
of sense given that the major function of the optic lobe is to detect motion, but it is not clear how
the results depend on this specific task - this needs to be addressed. What differences might they
observe or expect if the network was optimized to perform a different task that the fly optic lobe
mediates (for example, color or shape detection) or a specific fly behavioral task (like the optomotor
response) - how would optimizing for a different task change the responses properties of neurons in
the network? Addressing this question is critical for understanding the constraints of the
connectome.

Model responses to moving edges in Fig. 2c: Why do many of the models show that T5 is responsive
to ON moving edges (which it is not)? Could this be expanded upon in Figure 4 (that compares
different models)?

I’'m concerned about claims that the mechanism of motion detection matches experimental findings:
The mechanism of how direction selectivity in T4 and T5 cells emerges is still debated. Haag et al.
suggest there is both PD enhancement and ND suppression; Gruntman et al. argue for ND
suppression only; Wienecke et al. argue for neither. It seems likely that the mechanism is different
for the ON and OFF pathways. The manuscript shows that the tuning of T4 and T5 cells and their
inputs (in some models) qualitatively matches the experimentally measured tuning, but can the
authors clarify which mechanism of direction selectivity is matched/favored by their models?

The authors have missed an opportunity to test their model through silencing experiments - inputs
to T4 and T5 cells have been silenced experimentally (Strother et al. 2017; Serbe et al., 2016) - does
silencing these neurons in the trained models recapitulate experimental findings/impair motion
detection by the decoder network?

Of the 19 cell types with asymmetric inputs, only 12 are predicted to be motion selective - can the
authors comment on differences between the inputs of these 12 and the other 7?

One of the most exciting findings is the prediction that TmY3 could possess direction selectivity
independent of the T4/T5 pathway. This is a bold claim - that the model can be used to identify new
motion sensors in the fly visual system that has been studied for more than 60 years. It seems
reasonable (and feasible given that the authors’ local collaborators) to ask the authors to validate
this prediction with experimental data - whereas elsewhere the authors rely on published
experimental data for comparisons, this prediction would require new experiments. Further, the
authors could discuss if TmY3 is expected to function like an HR detector or BL detector, or is
direction selectivity predicted to arise via a different mechanism?

| would like to see some of the statistics of the decoder network. The manuscript argues that it
cannot compute motion itself, but is this true? Does the decoder only depend on the output of
direction-tuned neurons? Does it perform equally well when the weights for non-direction tuned
neurons are forced to zero? What is the minimal set of T and Tm cells required to detect optic flow?

Minor comments

Figure 1 depicts a male fly, though much of the connectome data used, | believe, comes from female
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flies.

Winding et al. 2023 larval connectome paper should also be cited at line 7.

The meaning of lines 99-101 is not clear. The text argues that the DMN was optimized for a
computational task performed by the real biological network (i.e. fly visual system), but citations 44
& 76 refer to mammalian cortex.

Line 119: typo in “backpropagation”

Line 105 says that motion detection is a “challenging” computation. “Challenging” is too subjective a
term and can be removed. Arguably, theoretical models for motion detection proposed in the 1960’s
by Hassenstein & Reichert and Barlow & Levick are relatively simple.

Lines 283-285 claim that networks with different sparsity must use different computations. Why
must this be true?

Lines 333-336 claim that “DMN models generate meaningful predictions in absence of neural activity
measurements... (Fig 4)” feels too strong, since knowing actual tuning of Mi9 was critical in
determining “correct” tuning of T4.

The limitations of the approach (e.g. simplistic modeling of neural dynamics, and lack of electrical
synapses, neuromodulation and glia) are introduced at the outset. It would be nice if these
limitations were further elaborated/explored in the discussion.

Line 1038: Missing reference to extended data figure.
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Author Rebuttals to Initial Comments:

We thank Editor and the reviewers for the constructive and detailed comments, and for
appreciating the i mportance of the study. We are excited about the assessment of our results
as remarkable (R1) and a huge step towards mechanistic modeling of biological neural
networks (R1) , as novel (R2), and that our study will form the basis for simulations of | arger
biological networks, for fly, and other species (R4). In our study, we provide an approach for
turning a connectome i nto detailed hypotheses of how the neural circuit works, and which
neurons are i nvolved i n which computations. We show that our approach makes concrete
predictions at the | evel of single-cell responses, which are surprisingly accurate, as we showed
by testing i ts predictions against measurements made across 26 studies (and our study makes
a | arge number of additional predictions).

Remarkably, connectome-constrained neural networks seem to | earn solutions which are
surprisingly similar to the ones i mplemented i n the fly, at the | evel of yielding predictions for i
ndividual cell tuning and even circuit mechanisms. This finding goes vastly beyond previous
NeuroAl' approaches e.g. i n the mammalian cortex, i n which the correspondence between
artificial and biological networks was weaker, | argely at the | evel of brain regions, and which
provided limited mechanistic circuit-level insights.

Importantly, our methodology provides a new approach to generate meaningful hypotheses
before making any activity measurements. The timeliness and i mportance of our approach and
findings i s underscored by recent developments: High-profile releases of connectomes have
provided an unprecedented abundance of neural connectivity measurements, i ncluding many
neurons from which activity measurements are unavailable (and | ikely will not be available for
some time). This data gap highlights the dire need for frameworks to extract an understanding of
how neural systems perform computations, and hence the importance of our approach.

Indeed, i n a comment i n Nature | ast month (“How Al could | ead to a better understanding of
the brain”, 07/11/23), Viren Jain writes that “ Guided by connectomic and other data to optimize
thousands or even billions of parameters, machine-learning models could be trained to produce
neural-network behaviour that i s consistent with the behaviour of real neural networks —
measured using cellular-resolution functional recordings.” and “Researchers could evaluate such
models, for i nstance, by comparing their predictions about the neural activity of a system with
recordings from the actual biological system. ” This i s, precisely, what our study i s successfully
doing. We believe that the reviewers appreciated both the i mportance of the study, and the
central messages.
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At the same time, their comments also revealed opportunities for strengthening our manuscript.
In addition to multiple clearer explanations, the updated manuscript now includes substantial
additional analyses (details below):

1.

To show that our models can be used to study circuit mechanisms underlying specific
computations, we analyzed circuit mechanisms of direction selectivity in T4, T5 and
TmY3, both by inspecting the current distributions from each cell type and by simulating
inactivation experiments which we compared to published experimental measurements,
finding yet more agreement. For instance, while research into the mechanism of T4
motion selectivity has largely focused on the role of feedforward inputs, our new analysis
shows a novel prediction suggesting an important role for the significant lateral
connectivity between T4 neurons enhancing responses to coherent motion across the
visual field.

We conducted a large set of additional numerical experiments to analyze how specific
constraints [cell connectivity, synapse counts, synapse signs] contribute to the prediction
of tuning properties. These results provide a clear account that all of these constraints
are necessary for obtaining a close match between model activity and empirically
measured tuning.

We now also provide a detailed analysis of the temporal properties of major inputs to T4
and T5 cells, providing an example of how our modeling approach can be used as a
hypothesis generated for detailed dissection of neural circuits.
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1 Referee #1 (Remarks to the Author):

2

3 This manuscript addresses the fundamental question whether connectomes (mutual connectivity between
4 many neurons) can predict functions of individual neurons in a network when the computation of the
5 network is known. The authors address this question in the visual system of Drosophila. They use recent
6 connectomics datasets to create simulations of the visual neuropils with biologically realistic neuron
7 types, spatial arrangement, and connectivity. Parameters describing individual neurons and synapses
8 were adjusted by training networks to detect optic flow. Training improved model performance compared
9 to untrained models with realistic connectivity. Some networks, but not others, reproduced known
10 functional properties of individual neurons such as directional motion sensitivity of T4 and TS5 cells.
11 Model neurons showed more biologically realistic properties when connectivity was sparse.

12 The authors conclude that network models reproducing biological mechanisms of computation can be
13 found by including connectomes as constraints in networks trained end-to-end on a computational task
14 (“DMNs”). They emphasize that it is not necessary to include additional information from neuronal
15 recordings or biophysical measurements. They further propose connectome-constrained network modeling
16 as a tool to discover computational functions and meaningful experiments. These conclusions are based
17 on the observation that some models reproduced functional properties of single neurons such as the
18 motion-sensitive T4 and T5 cells and therefore reproduce the biological mechanism of motion detection.
19 This is indeed a remarkable result. But other models also detect optical flow and fail to reproduce
20 single-neuron properties. Additional knowledge from single-neuron recording experiments (or other
21 sources) is therefore still required to select biologically realistic models.

22 It is also not clear how the approach may or may not generalize to other systems given that the
23 Drosophila visual system is a highly specialized, repetitive, extensively studied network of graded
24 potential neurons. In summary, I believe that the results of this study are remarkable and demonstrate that
25 including knowledge about synaptic connectivity into network simulations can take us a huge step forward

26 towards mechanistic modeling of biological neural networks. This is clearly an important result but it
27 remains open whether the approach can be generalized with similar success to other brain circuits.

28 The main result of the study is the general notion that mechanistic modeling of biological neural networks
29 can be achieved by including connectomes as constraints. So far, the study did not produce major new
30 insights into the function or structure of visual processing in Drosophila._A prediction from this study is
31 that neuron TmY3 may be a previously unrecognized motion-sensitive neuron, but this prediction remains
32 to be tested experimentally.

33

34 Thank you for your comments, and for appreciating the importance of the central question of our
35 study and its results-- indeed, we also find it remarkable that a large number of single-cell
36 properties can be predicted from connectome- and task-constraints alone. Our large circuit
37 model can be mapped onto individual cells and performs motion computation while capturing an
38 impressive amount of biological realism.

39

40 We should clarify that our goal with this study was to evaluate the utility of a connectome by
41 demonstrating how far we can get while only relying on measurements of
42 connectivity---essentially a show-case of how powerful connectomic measurements can be.
43 While we do still find the degree of accuracy and specificity of the predictions remarkable, we
44 also emphasize that it would be unrealistic to expect such a model to be correct in all its details.
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45 We did not intend to claim that experimental measurements of neural activity are not needed.
46 We wholeheartedly agree that measurements and perturbations of neural activity and behavior
47 will be essential for going beyond the current results. And in our paper, we show an example of
48 how such measurements can be incorporated to refine our hypotheses [I. 197-222, Fig. 3].

49

50 We will respond to your additional questions and concerns (how important are single-neuron
51 recordings for selecting realistic models, how well does this generalize to other circuits,
52 predictions about TmY3) below.

53

54 Specific points:

55 1. The main message of this manuscript is not a deeper understanding of visual processing in Drosophila
56 but the general notion that connectomes help (massively) to create biologically realistic network models.
57 Indeed, the authors emphasize that their “...modeling approach provides a discovery tool...” . It is thus
58 important to get a good idea how the DMN approach generalizes to other brain circuits. The DMN
59 approach is likely to be facilitated by features of the Drosophila visual system such as graded synaptic
60 transmission and a highly repetitive architecture. More insight into the potential for generalization of this
61 approach would be useful (see also below).

62

63 Thank you for appreciating our central results. Indeed we have demonstrated our method in the
64 fruit fly optic lobe, where until recently our understanding of circuit connectivity was most
65 comprehensive, with 64 cell types and their connectivity mapped. The study of the optic lobe is
66 supplemented by numerical experiments with MNIST. In principle, we cannot rule out the
67 possibility that our method will only work in the fruit fly visual system (note, however, that even
68 then the recent full-brain connectomes would still yield a deluge of data to apply our method
69 on...). But we can clarify why we believe the fly visual system will not be unique:

70 1. repetitive architecture: in our modeling, the highly repetitive architecture was exploited to

71 extrapolate a connectome for the whole eye. With a full connectome, the number of
72 unknown parameters in our model would still remain identical, and the model fitting
73 procedure would remain largely the same (very minor difference: convolutions would be
74 replaced by sparse matrix multiplications). The parameters in our model only depend on
75 the number of cell types, and not on their spatial organization. With full connectomes for
76 the fly visual system now becoming available, it will become possible to directly compare
77 the predictions of convolutional models to non-convolutional ones. [However, we note
78 that most published activity measurements also aggregate across columns, so
79 fine-grained validation of non-convolutional models will be challenging.] Finally, we note
80 that the mammalian retina is another model system for which our architecture will be
81 directly applicable, and for which one will also have to use repetitive structure to
82 extrapolate incomplete connectome reconstructions.

83 2. graded synapses: Yes, our model is based on graded synapses. However, we note that
84 the network equations resulting from our modeling choices result in overall dynamics
85 which are given by threshold linear network dynamics. Threshold linear dynamics have
86 been used extensively to approximate the firing rates in spiking neurons with non-graded
87 (quantal) synapses on a wide range of circuits, and our formalism will likewise be useful

88 for building connectome-constrained models of such circuits.

159
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89 3. More generally, the approach of constructing a connectome constrained deep

90 mechanistic network is not confined to the specific single neuron and synapse model
91 used in this study. Indeed we believe a more expansive approach where we also search
92 over the space of single neuron and synapse models would be productive and enable
93 the inference of the best model class for each system. The main idea behind our work is
94 to use machine learning to constrain a model simultaneously with the connectome and a
95 computational task.

%

97 We agree that it is important to understand the generality of the DMN technique. We eagerly
98 await the mapping of more connectomes and future work modeling other circuits and other
99 model organisms. In the revised paper, we have provided additional clarifications and
100 explanations of these points in the Discussion [l. 360-371].

101

102 2. The graded potential neurons used in this study are biologically realistic for the Drosophila visual
103 system but not for most other brain circuits. It may be more difficult to get DMNs to reproduce biological
104 mechanisms of computation with spiking neurons. This may be a limitation of the approach that should be
105 discussed (or explored, if possible).

106

107 We agree that standard backpropagation through time is not readily applicable as a gradient
108 estimator for spiking neural networks, so that optimization of spiking neurons might pose
109 additional computational challenges. However, there has been much recent progress in the
110 training of spiking neural networks with surrogate gradient methods, (e.g. Zenke et al 2018
111 Neftci et al 2019, Wang et al 2020) Further, reinforcement learning algorithms which have been
112 used to optimize robotics/physics simulations without the need for gradients are also readily
113 applicable to train spiking networks. We will note that, in Mi et al ICLR 2022, we already
114 demonstrated the training of a more complex (albeit still non-spiking) biophysical synapse
115 model. Therefore, while this is definitely an area where more research will be important for future
116 studies modeling spiking circuits, we do not think that this poses a limitation to the applicability of
117 the DMN approach. We have clarified this in the Discussion.

118

119 3. The repetitive layout of the Drosophila visual system facilitates network modeling, and so does the

120 extensive knowledge of cell types in this system. How would the DMN approach be affected if knowledge
121 of the connectome were less complete, as is often the case in other brain circuits?

122

123 The hexagonally convolutional structure of the optic lobe, and the extensive knowledge of
124 cell-types in it, was primarily useful for two reasons: First, it allowed us to construct a network
125 model even from incomplete connectomic measurements, as we were able to use the
126 assumption of columnarity to fill in’ missing measurements. Second, it allowed us to validate the
127 model by comparing predictions of the model with the extensive literature on estimates of
128 single-cell selectivity. Third, the availability of cell-types reduces the number of free parameters
129 (if one assumes parameters to be shared across cell-types).

130

131 However, the approach could equally well be applied in a setting one has no spatial structure in
132 the connectome whatsoever, and possibly even not (agreed-upon) cell-types: Indeed, in Figure
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133 6, we demonstrate (on the MNIST dataset) that single-tuning in a neural network can be
134 recovered from dense connectomic measurements-- this example neither has convolutional (i.e.,
135 columnar) structure, nor does it rely on any notion of cell types. Therefore, a repetitive structure
136 is not critically needed for the DMN approach. In particular, the approach can be directly applied,
137 e.g., to any other brain area in the fruit fly brain/VNC, or dense reconstructions of cortical tissue
138 in the mouse or zebrafish, or the mammalian retina (which even also follows a stereotyped
139 spatial arrangement).

140

141 Obviously, some way to link model-predictions with experimental measurements is required to
142 validate DMNs--- this could be a notion of cell-types (to compare model predictions to either
143 single-cell tuning, or aggregate statistics across many types of a cell), or a means to directly
144 perturb single-cells. However, this is true for any computational network model in neuroscience.
145

146 To more concretely illustrate the importance of connectomic constraints and cell-types for
147 scaling-up brain models with single-cell fidelity, it is useful to consider the case of a
148 whole-Drosophila DMN: This would have about 130,000 neurons (Lin et al 2023). Assuming an
149 unconstrained RNN with passive point neuron voltage dynamics and instantaneous graded
150 release synapses, we would have to find 16,952,040,000 connection strengths and 260,400
151 neuron parameters in this case (time constant and resting potential per cell). With the
152 approximately 4,200 cell types (Schlegel et al 2023) reported from the connectome and
153 approximately 30,435 cell-type to cell-type connections that are conserved across the
154 hemispheres, our DMN approach would reduce the number of free parameters in a
155 whole-Drosophila DMN to approximately 38,835 (time constant and resting potential for each
156 cell type and 30,435 synapse count scaling factors). l.e. only 0.00023% of the number of
157 parameters that need to be estimated in the naive setting without the connectome-- we posit the
158 DMNs will make it possible to build whole-brain models of behavior from connectomes.

159

160 We tested these ideas explicitly and now address this question in Fig 2d and in the Results [l.
161 171-191].

162

163 How would it be affected if cells were divided into fewer distinct types?

164

165 The DMN approach is independent of the number of distinct cell types. Cell types facilitate the
166 understanding of neural circuits in general, and our approach leverages cell types to reduce the
167 number of parameters in our model, by assuming that cells of the same type share the same
168 parameters. If there are fewer cell types, we would thus have fewer (free) parameters --
169 conversely, if there are more cell types (or cells which can not be assigned to any type, and
170 therefore need to have their own parameters) we would have more parameters. Of course, the
171 degree to which this assumption (cells of the same type share parameters) is an empirical
172 question which might have different answers for different model systems. Note that, in Figure 6,
173 we demonstrate a setting in which we do not have any cell types at all and still derive accurate
174 neural tuning predictions due to the sparse nature of synaptic connectivity.

175

161
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176 In the future, it is likely that a deeper understanding of the function of specific neurotransmitters,
177 receptors, and synaptic morphology, combined with the ability to infer such synaptic functional
178 parameters from electron microscopy (Eckstein 2020) will enable us to share synaptic
179 parameters based on these, rather than cell types.

180

181 4. An interesting observation is that the same neurons in different networks do not always show the same
182 functional properties and form discrete clusters in functional space. For T4c cells, for example, 3 clusters
183 were found but only one represents biologically realistic neurons with correct motion sensitivity. This
184 observation is interesting because it can, in principle, be a starting point to explore general principles of
185 network design. On the other hand, it means that the DMN approach alone is not sufficient to predict
186 mechanisms of computation, even in this well-established system. Additional knowledge (here: true motion
187 sensitivity of T4 cells) is necessary to distinguish biologically realistic from unrealistic networks. Such
188 knowledge may be hard to come by in other systems. This is a (potentially serious) limitation of the DMN
189 approach that needs to be discussed more. What type of additional information would be most useful to
190 resolve “cluster ambiguities”?

191

192 We agree that connectome+task-constraints, by themselves, are unlikely to be able to identify a
193 unique model in general. We should clarify, we deliberately did not utilize the “well-established”
194 nature of this circuit in constructing the model, since we did not use the extensive neural activity
195 measurements in the model construction. In that sense, our work attempts to show how far we
196 can get with as little experimentation in the living animal as possible. Indeed, it is very easy to
197 construct DMN models to be additionally constrained with neural activity and perturbation
198 experiments, as well as measurements of behavior. We propose that connectome constrained
199 DMN models should serve as an integral part of the hypothesis-experiment loop. As we show in
200 Fig 3, DMN ensemble hypotheses can be used to suggest targeted experiments distinguishing
201 between model classes. And these new experiments would then be used to refine hypotheses
202 via new DMN models constrained with all available measurements of connectivity, neural
203 activity, and behavior.

204

205 We clarify that many predictions, for instance the contrast preferences of most neurons, are
206 correctly predicted without the need for further experimental measurements. In particular, all
207 analyses in Figure 2 [prediction of on/off tuning on flash responses, direction selectivity] and
208 Figure 4 [DMNs largely recapitulate known mechanisms of motion computation], are across the
209 entire ensemble of networks, and are not conditioned on the true motion sensitivity of T4 cells.
210

211 We do use true contrast preferences to show (in Figure 38) how to deal with cases in which the
212 ensemble is not uniquely constrained, and show (arguably remarkably) how these constraints
213 do identify a small number of highly specific and experimentally testable hypotheses. The goal
214 of our analysis was to highlight how our general approach which generates multiple hypotheses
215 can be combined with further experimental measurements. The DMNs demonstrate that these
216 constraints lead to a handful of highly specific and experimentally testable predictions for neural
217 tuning: One single tuning measurement (in this case T4c) is sufficient to identify the correct
218 cluster, and thereby to also constrain the selectivity of the other cells in the circuits. [Even for
219 T4c, the hypothesis cluster with the ‘correct’ tuning actually has the best average
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220 task-performance, which is used in Figure 4]. We use a similar approach in Figure 5, to narrow
221 down predictions for the tuning of TmY3-- while, across the ensemble, there is a variety of
222 predictions for TmY3, selecting only ensemble-members with the correct T4c tuning leads to
223 clear predictions for TmY3.

224

225 We do not agree that the inability to perform experimental measurements of neural activity in a
226 given circuit is a “(potentially serious) limitation of the DMN approach”. With the connectome and
227 our DMN approach, at least we can make a small number of hypotheses for such a circuit [as
228 demonstrated in Figures 3 and 5]. In contrast, without the connectome+DMN we would have no
229 hypotheses at all. Obviously, the issue of not being able to make physiological measurements is
230 unrelated to DMNs---in the end measurements will always be useful or even critical, but we do
231 expect that DMNs will be a very powerful way to dramatically reduce the number of
232 neurophysiological measurements needed to characterize complex neural systems.

233

234 We have clarified this point in the Discussion [l. 381-388].

235

236 5. The authors emphasize that DMNs can reproduce biological mechanisms of computation, but they do
237 not go very far in analyzing computational mechanisms beyond current knowledge. So far, they mainly
238 asked whether known mechanisms are reproduced in the DMN. For example, motion sensitivity of T4 cells
239 involves direction-dependent temporal shifts between excitatory and inhibitory input currents, which is
240 reproduced by the model. However, the authors could go further and manipulate specific connections to
241 verify that motion sensitivity is indeed generated by the expected implementation of a computational
242 strategy (combination of Hassenstein-Reichardt and Barlow-Levick models) in neural circuitry. Such an
243 analysis should have potential to uncover novel, unknown functions. Similarly, they could use specific
244 manipulations of connectivity to analyze the mechanisms of motion sensitivity in TmY3, following up on
245 the speculations put forward in the text. Generally, the ability to manipulate connections in a biologically
246 realistic simulation has interesting potential because this is often not possible experimentally.

247

248 We are grateful for this suggestion. Based on your suggestion, we have now added extensive
249 new analyses and a completely new section that explores these questions: We have further
250 studied the circuit mechanism of direction selectivity in T4, T5, and TmY3 neurons through a
251 combination of techniques and indeed find a combination of preferred direction enhancement
252 (Hassenstein-Reichardt) and null direction suppression (Barlow-Levick) mechanisms for T4, T5,
253 and TmY3.

254

255 In our mechanistic model, we can inspect the input current contributions from each cell type and
256 study the differences in these contributions for motion stimuli in the preferred and null directions.
257 This allows us to directly inspect the contribution of neurons to a computation without needing to
258 perturb the circuit through inactivation [however, we also report predictions for inactivation
259 experiments below, see below]. For T4 neurons, we observe null direction suppression mediated
260 by inhibition from Mi4, and also significant enhancement of coherent visual motion mediated by
261 excitatory T4 to T4 connectivity, attributing a role for this lateral connectivity. For TS neurons, we
262 observe null direction suppression mediated by CT1 inhibition and consistent excitatory input

163
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263 from neighboring T5 to T5 neurons and by excitatory input from Tm9. For TmY3, we see null
264 direction suppression predominantly via Mi14 and Mi4 inhibition and excitation via Mi1 and L5.
265

266 We summarize these findings now in the main manuscript by adding text in the Results [l.
267 237-249], Fig 4b showing input current contributions of T4c. And Extended Data Figs 4, 5, 6
268 showing detailed input current analysis for preferred and null direction stimuli for all T4 and T5
269 subtypes, and for TmY3. Extended Data Fig 4 showing input current analysis for T4 subtypes is
270 copied below.
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273 In addition, we now simulated the requested silencing of T4 inputs, and compared model
274 predictions to experimental results reported in Strother et al, Neuron, 2017, finding good
275 agreement for most effects, as shown below. For these results, we averaged model-predictions
276 over all models in the model-cluster with correct T4c tuning (which is also the best
277 task-performing cluster). The two columns in panel a below are direct copies of Strother et al
278 2017 Figures 3b [left column] and 3c [right column], and panel b shows, for comparison, the
279 output of our analyses. We emphasize that, for these analyses, only a qualitative comparison of
280 the effect is meaningful-- for example, Strother et al report Delta F/F from calcium imaging,
281 whereas we show standardized voltage responses. In addition, our ‘silencing’ analyses are
282 based on simply clamping the respective T4c inputs to 0, which is likely a crude approximation
283 of the effect of blocking synaptic transmission with shibire(ts1) and temperature increases.
284 Nevertheless, the models correctly capture that: i) Removal of Mi1 excitation removes the T4c
285 response ii) Tm3: Removal of Tm3 excitation decreases, but does not remove, the T4c
286 response. iii) Mi4: Removal of Mi4 does not remove the T4c response [it does, however, lead to
287 a prolonged response in the network model which is not observed experimentally] iv). Mi9: no
288 effect on T4c.
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291 6. The authors suggest that TmY3 is a novel motion-sensitive neuron that has not been recognized
292 previously and computes motion independently from T4 and TS5 cells. It is also predicted that other
293 neurons should be motion sensitive (TmY4, TmY18), probably because they receive input from T4 and T5.
294 So far, these predictions have not been tested experimentally. Doing so could substantially enhance the
295 impact of this study.

296

297 This study has been conducted by computational labs enabled by the availability of this rich and
298 large dataset. We agree that experimental validation of this prediction would be very exciting--
299 but as computational labs, we do not have direct access to experimental resources, and are
300 therefore eagerly awaiting whether this prediction will bear out. Nonetheless, we have been
301 informed by our colleague Michael Reiser, that unpublished work in progress in his lab does
302 indeed hint at motion selectivity for TmY3. He says the whole picture for this cell type is more
303 interesting and complex and they plan to report the results of their study in the near future.

304

305 In the meantime, we do wish to emphasize that no neural activity measurements were used in
306 constructing our model, therefore we have already tested the predictions of our model against
307 experimental measurements of neural activity across 26 studies. Furthermore, we provide a
308 large supplement with hundreds of pages worth of experimentally testable predictions, of which
309 this is but one prediction. We do hope that these predictions, and the fact that we are willing to
310 publish them and ask the community to verify or refute them, already strongly speak to the utility
311 and realism of our model approach.

312

313 7. Abstract: “...we show that with only measurements of the connectivity of a biological neural network,
314 we can predict the neural activity underlying neural computation”. This statement is not correct. DMNs
315 also use knowledge of the computation (input-output) for training, and additional knowledge is required
316 for model selection (for example activity/tuning of T4/T5 cells).

317

318 We apologize for the confusion. We meant to highlight the fact that our model was constructed
319 using experimental measurements of only connectivity, and not also neural activity, etc. Indeed,
320 knowledge of the computation was also necessary. We have now updated the sentence to read
321 “We show that with experimental measurements of only the connectivity of a biological
322 neural network, we can predict the neural activity underlying a specified neural computation.”
323

324 8. How good is the optic flow detection achieved by DMNs? The quantification by the error measure is not
325 very intuitive. It shows that training improves performance, but unconstrained CNNs still achieve much
326 better performance than trained DMNs. It would be good to provide more information to get a better
327 intuition how well a DMN is performing in comparison to a real fly.

328

329 We agree that comparisons of optic flow estimation between the model and the real fly would be
330 interesting. One challenge, however, is that our model is focused on computation of local motion
331 (in particular, the model does not include LPTCs which spatially integrate local motion signals),
332 whereas experimental characterization (e.g. optomotor responses) has focused on global
333 computation of motion by the real fly on relatively simple stimuli (moving gratings). Indeed, the



PUBLIC PEER REVIEW FILE

334 qualitative tuning of behavioral responses depends strongly on the actual behavioral task (see
335 e.g. Creamer et al 2018).

336

337 Please note that the goal of task optimization is simply to constrain the parameters of the
338 connectome network enough to make good predictions of neural activity. The accuracy of neural
339 activity predictions is our main goal and the absolute accuracy of the optic flow estimation is not
340 as relevant. Indeed, because we use a blackbox motion decoder network to predict optic flow,
341 the nature of this decoder could lead to better or worse detection of optic flow compared to the
342 real fly, even if the resulting connectome network predicted neural activity with perfect accuracy.
343

344

345 Minor comments:

346 9. Ln 481: Fig Ig

347

348 Thank you, fixed.

167




168 PUBLIC PEER REVIEW FILE

349 Referee #2 (Remarks to the Author):

350

351 The authors use connectome data from the fly visual system combined with optic flow training to produce
352 a task-performing mechanistic model with interpretable parameters. Comparing to previous data, the
353 model captures many of the tuning properties of fly visual neurons. There has been some previous work
354 that uses connection data to define model architectures for task-training. The authors may want to cite
355 some of this work from C. elegans (e.g. https:.//www.ncbi.nlm.nih.gov/pmc/articles/PMC8253844/ and
356 https://arxiv.org/pdf/2201.05242.pdf). The present work is novel in my opinion in the extent to which it

357 compares the neural parameters of the trained model to data.

358

359 Thank you for your comments and appreciating the novel contributions of our work. We agree
360 that the two studies the reviewer mentioned are relevant work, and have now cited them in the
361 revised manuscript [Il. 102]. At the same time, we do want to emphasize that our work goes
362 substantially beyond these two studies: Sakamoto et al trains a model of 69 motor cells and 95
363 muscle cells to reproduce realistic locomotion patterns in C elegans, and shows that a
364 connectome-constrained network can be successfully trained to solve this task. Bhattasali et al
365 train a neural network architecture inspired by C elegans locomotion circuits, and analyzes the
366 properties of the resulting networks (e.g. in terms of inductive bias).

367

368 However, neither of these two studies perform any comparison of the neural activity predicted by
369 the model with experimental measurements. Thus, the primary contribution of our paper--
370 namely, that task-trained connectome-constrained models can predict neural activity remarkably
371 well-- is a clear advance over both of these studies. We achieved these results in a vastly more
372 complex model system (fruit fly visual system vs. C elegans), which also required us to address
373 substantial engineering challenges (e.g., implementing differentiable simulations of convolutional
374 recurrent networks defined on hexagonal grids).

375

376 It would probably be good to provide a contextualization of the DMN task performance and parameter
377 recovery by pulling in some more of the supplementary results (at least more quantified descriptions of
378 them in the text). For example, the main text does not convey how relatively minor the enhancement in
379 performance on the task is for the DMN vs random model, in the context of how well the unconstrained
380 CNN can perform. Also, it seems relevant to note that the random models are still positively correlated
381 with cell tuning and the flash response results can be captured by even the poorly performing DMNs.

382

383 Thank you for this excellent suggestion which has helped us to considerably expand our study:--
384 You are raising an important point about how (quantitatively) good different models are at
385 predicting different tuning properties, and how specific constraints [cell connectivity, synapse
386 counts, synapse signs] contribute to the prediction of tuning properties.

387

388 Your comment (and a related comment by reviewer 4, see below) inspired us to perform a large
389 set of additional experiments to tackle this question more systematically. Briefly, we constructed
390 a set of 9 different model ensembles for which we systematically varied which parameters were
391 constrained by connectomic measurements, or which were set by task-optimization. We find
392 that:
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393

394 1.  The preferred contrast as measured by flash response index (FRI) is generally well
395 predicted across model ensembles provided with connectome derived connectivity at
396 the cell-type resolution and synapse signs. Thus, cell-type connectivity and synapse
397 signs are crucial, but all other parameters --- including synapse counts and single cell
398 parameters --- can be randomized or task optimized, and are not critical for predicting
399 FRIs.

400 2. DSI: Accurate predictions of the direction selectivity index (DSI) requires
401 cell-connectivity. However, it does not require synapse counts or synapse signs.

402 3. Preferred directions: To achieve the correct cardinal direction tuning, we need all
403 connectome constraints [i.e., all of cell-connectivity, synapse counts, synapse signs].

404

405 Thus, these results are still entirely consistent with our overall findings, but provide a detailed
406 picture of the relative importance of different constraints. We are very grateful for your
407 suggestion which we believe to have considerably strengthened the paper. A summary of these
408 additional results has now been added to Figure 2 of the main paper (new Figure 2d, see
409 below), a brief description of these results is now described in the corresponding section in
410 Results [I. 171-191], and a new Extended Data figure 9 (see below) includes a full summary of
411 results.

412

413 Your second question as to why unconstrained CNNs outperform the DMNs-- we do believe that
414 this is simply because of the flexibility of the unconstrained network, as they have 414,602 free
415 parameters to transform the naturalistic movie sequences to pixel-wise motion (instead of only
416 734 free parameters plus 7,427 decoder parameters for the DMNSs). This is consistent with
417 general findings in deep learning that, in most settings, task-training models with more
418 parameters typically leads to better performance, given enough training data.

419

420

d Match of neural activity measurements with predictions from DMNs with different parameter and connectome constraints
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425 Are the TS5 off-motion selective neurons in 2¢ supposed to be tuned to on-motion as well? Or is this a way

426
427
428
429
430
431
432
433

in which the model does not fit the data? This should be spoken to in the paper.

We have clarified this in the updated version of the manuscript in the Results [I. 231-236] and
added Extended Data Fig 13. Comparing the relative strength of direction selectivity to edges of
ON vs OFF contrast, we find that all four T4 subtypes are correctly predicted to respond more
strongly to ON edges than OFF, and three out of four T5 subtypes are correctly predicted to
respond more strongly to OFF than ON edges (Extended Data Fig. 13).

434 Across our model ensemble, we find that T5 neurons are predicted to be off-motion selective in

435
436
437
438
439
440

more models than on-motion selective (p=0.0009). However, we do find substantial variability in
the prediction for T5 on-motion selectivity. When we also filter the ensemble to only select
models which exhibit the correct contrast-tuning [to flashes] and the correct preferred directions,
then these models only predict very weak on-motion tuning for T5 cells. For this selection of
models, we show below the model responses to motion in the preferred contrast vs
non-preferred/null contrast.
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445 [ have several concerns/questions regarding the synthetic connectome experiments in the MNIST-trained
446 networks. First, I do not understand the motivation behind the version with noisy weight estimates where
447 getting the correct weights is baked into the objective function. What do we learn from seeing that a
448 network initialized with roughly the correct weights can explicitly learn to recover those weights
449 (regardless of sparsity)?
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450 For the connectome-only version, this still does not seem to necessarily support what the authors seem to
451 be claiming about it. Specifically in the absence of any information that leads to unique cell IDs,
452 comparison of tuning across networks is meaningless. With a sparse network (including the fly
453 connectome) the pattern of connections a cell makes can be a unique identifier for it, and therefore these
454 cells can be labeled as the same and their tuning can be compared across networks. Such unique identities
455 are not possible in densely connected networks. Therefore, the tuning comparisons done here are
456 essentially as if two random neurons were picked across models and expected to have the same tuning.
457 The fact that a random pairing of neurons does not display the same tuning does not mean these networks
458 are not learning the same mechanisms. In fact, ED Fig 9a shows that Dale's law helps with the
459 correlation, which is likely because having a weight constraint offers some kind of (weakly) unique
460 identifier. Also, how were the signs decided for units in these networks?

461

462 Thank you for pointing out that this section was difficult to follow. We have rewritten this whole
463 section [I. 313-350] to clarify the motivation and the results. We also clarify below:

464

465 When might connectome constrained and task-optimized DMN models accurately predict neural
466 activity? Sparse connectivity is a hallmark of biological neural circuits, and in this section, we
467 ask whether sparse connectivity enables DMN models to make accurate predictions of neural
468 activity. For sparsely connected circuits---assuming the connectome is known---there are fewer
469 synapse parameters left to estimate using task-optimization. We hypothesized that such
470 networks might support fewer possible mechanisms by which to perform a given task, compared
471 to more densely connected circuits, and so a task-optimized DMN model is more likely to find
472 the true mechanism and accurately predict neural activity.

473

474 We addressed this hypothesis in simulation, by constructing feedforward artificial neural
475 networks solving the classic MNIST handwritten digit classification tasks (Fig 6a). These
476 networks had varying degrees of sparse connectivity, and random assignment of neurons as
477 excitatory and inhibitory respecting Dale’s law (25 groundtruth networks for each sparsity level,
478 Methods). We simulated the process of making connectomic measurements from these
479 groundtruth networks, and used those measurements to build connectome-constrained
480 task-optimized DMN simulations of each groundtruth network. Since there is still uncertainty
481 about the degree to which connection strength can be inferred from noisy connectomic
482 measurements of synapse count, we simulated two settings. First, that connectomic
483 measurements reveal connectivity but not connection strength. Or second, that connectomic
484 measurements reveal connectivity and additionally a noisy estimate of strength. We then asked
485 how well each task-optimized DMN simulation predicted the neural activity of its corresponding
486 groundtruth network, as a function of the sparseness of the connectivity.

487

488 When connectivity is assumed to be known but not connection strength, DMN simulations were
489 connectome-constrained and task-optimized to estimate both the resting membrane potential of
490 each neuron, as well as the connection strength of each pairs of neurons (provided they were
491 connected in the in the corresponding groundtruth network, all other connections were kept at
492 zero). When connectomic measurements can be assumed to also provide noisy estimates of
493 strengths, task-optimization was used to denoise the noisy estimates: We used the noisy
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494 estimates as a prior on the strength of each connection, to regularize the task-optimized
495 connection strength towards the noisy measurement.

496

497 Consistent with our hypothesis, we found that when connection strengths cannot be inferred
498 from connectomic measurements, sparsity in the connectome greatly improves the correlation of
499 neural activity between a groundtruth network and its DMN simulation at the single neuron level
500 (Fig 6b, median Pearson correlations of 0.85 for 10% connectivity vs 0.38 for 80% connectivity,
501 100 randomly selected neurons from 25 randomly generated groundtruth networks). Conversely,
502 when noisy estimates of connection strengths can additionally be inferred from the connectome,
503 we find that DMN predictions of neural activity correlate well independent of connection sparsity
504 (median Pearson correlation >0.9 for all connectivities).

505

506 In our fly visual system model, we assumed an intermediate regime: Pairs of connected
507 neurons of the same pre- and post-synaptic cell type likely express the same neurotransmitter
508 and receptor combination leading to a common unitary synapse strength for all such
509 connections. So our model assumes the synapse count reveals the relative magnitude of
510 connection strength between all such connections. However, our model assumes that absolute
511 connection strength is unknown from the connectome, since the strength of a unitary synapse
512 might vary across cell types expressing different neurotransmitters and receptors. In other
513 words, 5 synapses between Mi1 and T4 neurons could be stronger or weaker than 5 synapses
514 between Mi9 and T4 neurons, but 5 synapses between Mi1 and T4 neurons is assumed to be
515 exactly half as strong as 10 synapses between Mi1 and T4 neurons.

516

517 Finally, we agree with your point about the correspondence of neurons between groundtruth
518 networks and their DMN simulations. In our modeling, we assumed that neurons can be
519 uniquely identified and put in correspondence. Experimentally, morphology and gene expression
520 genes are frequently used in addition to connectivity, in order to identify neurons uniquely.
521 However, if we restrict ourselves to identifying and corresponding neurons solely based on
522 connectivity, this is still possible, except in the extreme case of dense all-to-all 100%
523 connectivity, since all neurons will have the same connectivity profiles. For simplicity, we now
524 drop this last data point in our figure, which is not needed to show the overall trend that
525 sparseness improves the accuracy of DMN predictions of neural activity.

526

527

528 Clarifications:

529 Can the authors better explain the differentiation between synapse count and the scalar? It seems the
530 scalar and the count are held constant for all pairs of cells with the same pre- and post-synaptic cell type,
531 so what extra information does having the count as part of the equation provide?

532
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533
534
535 For each pair of cells i and j, the corresponding filter weight wij is determined by three factors:
536 The synapse sign sigma_ti_tij and the scaling coefficient alpha_ti_tj which are indeed the same
537 for each pair of pre- and post-synaptic cells. The third contribution comes from the synapse
538 counts-- however, and importantly, the synapse counts do not only depend on the cell-types, but
539 also on the relative spatial offsets of the two specific cells. This is denoted by the coordinate
540 subscripts \Deltau=u_i - u_j, \Deltav = v_i - v_j which are the relative columnar offsets of a
541 postsynaptic target cell i of type t i and a presynaptic source cell j of type t j in the
542 two-dimensional hexagonal coordinate system.

543

544 Thus, the synapse counts determine the shape of the filter [as visualized in Figure 1e,
545 copy-pasted above for easy reference], whereas the scalar scales the overall strength of the
546 filter. In total, the model is based on 2355 (non-zero) synapse counts, and 604 (non-zero)
547 connection-filters, and hence there are 604 scalars that are trained. We have updated the
548 description of the model in Results [I. 81-101] to clarify this.

549

550 How do the 50 ensemble models differ? Just different draws from the same distribution of resting
551 potentials?

552

553 The 50 models are initialized at a random location in the parameter space and also differ in the
554 stochastic optimization. This includes the order by which samples are drawn from the Sintel
555 dataset and their randomized augmentation (random flips, rotations, pixel-wise gaussian noise,
556 random contrast and brightness). We have updated the description of the model in Methods [l.
557 491-493 and 580-588] to clarify this.
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558 Referee #4 (Remarks to the Author):

559

560 Lappalainen et al. build an optic lobe connectome-constrained neural network called a task-optimized
561 deep mechanistic network (DMN), and optimize for a computation performed by that biological circuit
562 (motion detection). They show that constraining both the connectivity and computational task reproduces
563 some of the experimentally determined tuning of specific neurons, and makes predictions about the tuning
564 properties of other neurons in the network that have yet to be experimentally measured. Finally, the paper
565 argues that, for sparse networks (such as some biological neural networks), knowledge of the connectivity,
566 signs of connections, and an estimate of connection strength may be sufficient to predict the mechanism by
567 which the circuit performs a known computational task.

568

569 I am in general enthusiastic about the study - it is a useful simulation of a portion of real, complex neural
570 network (64 cell types and 721 columns, plus 1 inhibitory cell type that extends across columns, but
571 missing all of the feedback and neuromodulatory connections) and shows how connectivity shapes many
572 of the known properties of a neural network - the optic lobe is an ideal test case as its cell types have been
573 studied extensively over the past 60 years. Figures 3 and 4 in particular are quite nice - 1) comparisons
574 between the best performing model’s T4/T5 cells and the response properties of their inputs to known
575 tuning curves and responses (although I have concerns about some of the details - see below) and 2)
576 comparisons between different models to understand what properties of particular cell types define the
577 best performing models. This is a nice study that will form the basis for simulations of larger biological
578 networks, for fly, and other species. However, I have several concerns about the modeling, model
579 predictions, and interpretations of the results that should be addressed.

580

581 Thank you for enthusiastic support of our work, and for your constructive suggestions which
582 have helped us to substantially strengthen our work. Based on your suggestions, we have now
583 exhaustively detailed how we constructed the DMNs from connectomic data with new tables and
584 descriptions [Supplementary Information, Supplementary Data: connectome_constructions.csy,
585 connectome_construction_merge fib19 fib25.json]. We have also provided extensive new
586 analyses to characterize which aspects of the connectomic data (e.g., cell-type connectivity,
587 synapse counts, synapse signs) are important for achieving a close match between model
588 predictions and neural activity measurements [new main paper Fig. 2d, Extended Data Fig. 9],
589 described in detail in the response to R2. In addition, we performed additional analyses of the
590 L1-5 cell types. Additionally, we characterized the input asymmetries and their relationship to the
591 predicted direction selectivity indices [Extended Data Fig. 2].

592

593 The authors build a hybrid optic lobe connectome from several different datasets - the choices they made
594 in how to combine these datasets must be made transparent in the paper. Ideally, they would present a
595 Supplemental Figure devoted to how this was done and how they handled any discrepancies or differences
596 between the datasets. If there were no discrepancies or differences this should also be explained. It is
597 difficult to interpret the findings from the model without a thorough understanding of how the
598 connectome-constrained model was built.

599

600 Related to this point, I assume the signs of connections were taken from the literature? Can the authors
601 provide citations for these (and can they compare against the same cell type in the open FlyWire/FAFB

175
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602 whole-brain connectome dataset, for which neurotransmitter predictions (from Eckstein et al.) are
603 available in the optic lobe)?

604

605 Thank you for pointing out this omission. We have now included extensive tables documenting
606 the source of the connectivity, signs, and neural activity measurements for each cell type in the
607 Supplement. A description of the algorithm used to generate the filters (spatial connectivity
608 between cell types) is also given in the Supplement.

609

610 Regarding the comparison to the neurotransmitter predictions from Eckstein et al.: the signs of
611 our connectivity are not computational predictions but actually based on direct experimental
612 measurements of the neurotransmitter and receptors expressed by each cell type, as given by
613 Davis et al. 2020. We have now clarified this in the Results [I. 89-90] and Methods [l. 455-464].
614

615 Related to the point above, the authors perform a sort of normalization step with the data so that they can
616 model every column identically (making sure synapse numbers are the same in each column) - this ignores
617 heterogeneity across columns (that might be important for motion detection). Can the authors provide
618 more detail on how this simplification deviates from the actual connectivity (how much heterogeneity is
619 there across columns?) and show how this choice affects modeling results (if they incorporate some of the
620 heterogeneity into the model, how do the results change)?

621

622 At present, the best investigation of synapse count variability across columns in the fly optic lobe
623 comes from only a local analysis of 7 columns in Takemura 2015, showing a variability of
624 synapse count of roughly 10% between neighboring columns. It is also known that the color and
625 polarization pathways introduce larger-scale deviations in the presence or absence of neurons in
626 a perfect hexagonal lattice beginning with the random organization of the pale and yellow
627 photoreceptors and the dorsal rim specialization of polarization sensitive photoreceptors (Kind et
628 al 2021). More comprehensive studies of variability across the entire optic lobe are a substantial
629 undertaking and await the full completion and analysis of Flywire and Janelia optic lobe
630 connectomes.

631

632 We agree that with these new datasets, it will be possible to explicitly study the importance of
633 spatial/retinotopic deviations from the simplifying assumption of perfect homogeneity of
634 connectivity across the connectome which was essential for the present study. It is worth
635 pointing out that not only our model, but also the experimental literature characterizing the
636 neural activity patterns of each cell type, which we use as validation, invariably averages across
637 neurons. Thus both our model and experiment make the same assumption of spatial
638 homogeneity.

639

640 The manuscript claims that the actual OL connectivity was critical. Extended Data Figure 3 shows that a
641 task-optimized DMN outperforms a DMN with random parameters. But what is missing is a
642 demonstration that the specific connectivity of the fly visual system is what enables optimal performance,
643 rather than a generic neural network with the same level of sparseness and gross connectivity statistics of
644 the biological network. How would a task-optimized artificially generated network (constrained by
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645 biological connectivity statistics, rather than the exact connectivity of the fly visual system) perform
646 compared to the task-optimized DMN and the random DMN?

647

648 Thank you for this suggestion. In response to your comment and a similar issue raised by
649 Reviewer 2, we performed a large set of experiments to characterize the importance of different
650 aspects of the connectivity [cellular resolution connectivity, synapse counts, synapse signs] and
651 how they relate to both task performance and accuracy of predicting neural activity, (for details
652 also see our reply to referee 2 above) and added Fig 2d and Extended Data Fig 9 and to the text
653 in Results [Il. 171-191]. This analysis based on your comment substantially clarifies our
654 understanding of the importance of connectomic constraints as well as task optimization.

655

656 In summary, we found that both task optimization and detailed connectomic measurements at
657 the single neuron resolution were critical to prediction of preferred contrast of the 32
658 characterized cell types, and preferred direction of motion for the T4 and T5 subtypes, at the
659 single neuron resolution (Fig 2d, Extended Data Fig 9). A DMN model ensemble with full
660 connectomic constraints but no task optimization (randomized unknown single cell and synapse
661 parameters) led to accurate predictions of preferred contrast, but poor predictions of direction
662 selectivity and preferred direction. Task-optimized DMN ensembles which assumed the
663 absence of full connectomic measurements of single cell resolution connectivity, synapse
664 counts, or synapse signs, and therefore used task optimization to infer any of these parameters
665 struggled to correctly predict the preferred direction of motion. However, accurate predictions of
666 the direction selectivity --- but not preferred direction --- could be achieved with measurements
667 of cell-connectivity without synapse counts (Extended Data Fig 9c). This demonstrates the
668 importance of both detailed connectomic measurements and task optimization to achieve the
669 best predictions of neural activity.

670

671 Regarding the high-level task performance of differently constrained models: consistent with
672 general findings in deep learning, we find that task-training models with more parameters
673 typically leads to better asymptotic performance.

674

675 In addition to the task-performance of the unconstrained CNN with 414,602 free parameters, we
676 now show task-performances for the other DMN variations we describe in Figure 2d and in
677 Extended Data Figure 9, showing e.g. that an unconstrained DMN (only constrained by cell-type
678 connectivity) with 11,593 free parameters (+ 7427 decoder parameters) performs only marginally
679 better than the DMN constrained by all known connectomic-constraints with only 734 free
680 parameters (+ 7427 decoder parameters).

681

682 While gradient-based methods on unconstrained networks find better solutions in terms of
683 task-performance, our comparison suggests that the full connectomic constraints of the optic
684 lobe provide a good structural initialization for the high-level task and for predicting
685 single-neuron tuning properties.

686

687

177
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688 Neurons are modeled with leaky linear non-spiking voltage dynamics and as point-neurons with a single
689 electrical compartment. The authors show abundant tuning/response data for each model cell type, but
690 they should compare the detailed temporal dynamics and delays (critical for motion detection) of model
691 responses to real recordings of these same neurons (if this is present somewhere in the supplement,
692 apologies if [ missed it).

693 Many optic lobe neurons have been recorded via Ca++ imaging, voltage imaging, or electrophysiology
694 (e.g., compare with published responses in Behnia et al. Nature 2014 or Yang et al. Cell 2016).

695 The L1 and L2 neurons are categorized as “known OFF selective” (Fig. 2b), but this deviates from my
696 reading of the literature - shouldn 't they show similar responses to both on and off flashes?

697 Also, the responses of L1 and L2 in Fig. 3e are shown as monophasic and producing an off response -
698 shouldn 't they be biphasic (in contrast with the responses for L3 and L4, which do look biphasic)? These
699 potential mismatches between the literature and model results have me concerned that the model is not
700 producing the expected responses for cell types that have been extensively studied (like L1 and L2).

701

702 Thank you for pointing out these details. We indeed agree that it is important to validate our
703 model predictions for the function of the critical L1-L5 visual neurons.

704

705 First, we apologize for being unclear in our terminology. With “known OFF selective”, we meant
706 to say that cells of these cell types depolarize in response to a light-decrement (and
707 hyperpolarize in response to a light-increment) which is in agreement with the literature [Reiff
708 2010, Clark 2011, Freifeld 2013, Strother 2014, Fisher 2015, Yang 2016, Drews 2020, Matulis
709 2020, Kettkar 2022]. We clarified our terminology in the manuscript [I. 142-143].

710

711 Regarding your second question: thank you very much for pointing out this fine-grained
712 mismatch between the model presented in Fig. 4e (former Fig. 3e) and the literature. We found
713 that other models in the ensemble correctly capture L1 and L2’s biphasic tuning. You helped us
714 realize the limitation of grounding our current Figure 4 only on the single model with the best
715 performance on the optic flow task. Instead, now we updated Figure 4 to show average tunings
716 from the best-task-performing cluster of models from the ensemble of 50 models for each of
717 these cell types. We found that the average response of models from this task optimal cluster
718 consistently provide better predictions.

719

720 We have included a new version of Figure 4e with additional L1-L5 tuning predictions from our
721 model: L1 and L2 are indeed correctly predicted as biphasic on average and across a range of
722 single-ommatidium flash durations of both ON and OFF contrast (see below).

723 We believe that this substantially strengthens the validity of our model predictions and our
724 claims. We emphasize once more that our models are not constrained on any neural activity
725 measurements (but only on the connectome and the optic flow task) -- thus while we do not
726 expect that they capture all detailed tuning properties, they nevertheless yield remarkably
727 accurate predictions for single-cell tuning.



PUBLIC PEER REVIEW FILE

e Predicted flash responses of
motion detector input and lamina neurons

T4 inputs T5 inputs lamina cells
A QT g—U
@’— QM2 ﬁ& L2
S Tmd @— L3

" ™ Y
=S S CTI(Lo1) DD 15

activity (a.u.)

o
728 single ommatidium flashes 100_ms
729
730
731

732 Given the constraints provided by the connectome, there are only 734 free parameters in the model
733 (resting membrane potential for each cell type (65) and unitary synapse strength (604)) - but the authors
734 could have also included the synapse NL as a free parameter (varying across synapses) - how would this
735 have affected modeling results?

736 Is there a reason they need to limit to ~700 free parameters? The question has to do with the choice of
737 which parameters to fix across the model and which to vary - how much do these choices affect results?
738

739 In this work, we focused on building the simplest possible model consistent with measured
740 connectomes, and evaluating to what extent it is sufficient to account for neural tuning. We
741 agree that our framework would be the perfect testing ground to explore a larger class of
742 mechanistic single neuron and synapse models and this would be exciting future work.

743

744 Our deliberate choice of the threshold-nonlinearity (ReLu) reduces the number of possible
745 parameters because it is scale invariant. Rescaling the nonlinearity in this model is equivalent to
746 rescaling the unitary synapse strength parameter \alpha, and shifting the nonlinearity
747 corresponds to changing the resting membrane potential. For this reason we did not add
748 additional parameters to the nonlinearity. But for other nonlinear functions, additional parameters
749 could indeed be explored.

750

751 Relevant to this question, we also characterized the number of parameters in the models we
752 described above, and in Fig 2d and Extended Data Fig. 9 to characterize the relationship
753 between connectome-constraints and task-optimization — which includes models with different
754 parametrization of synapses and their numbers of free parameters. We characterize in detail
755 how much the choices of these constraints affect the results above. We do emphasize that our
756 approach is not computationally limited to ~700 free parameters (and this is also shown in these
757 additional analyses in which we optimize over much bigger parameter sets), but a modeling
758 choice.

759

179
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760 The authors optimize the model network to perform a particular motion vision task - this makes a lot of
761 sense given that the major function of the optic lobe is to detect motion, but it is not clear how the results
762 depend on this specific task - this needs to be addressed. What differences might they observe or expect if
763 the network was optimized to perform a different task that the fly optic lobe mediates (for example, color
764 or shape detection) or a specific fly behavioral task (like the optomotor response) - how would optimizing
765 for a different task change the responses properties of neurons in the network? Addressing this question is
766 critical for understanding the constraints of the connectome.

767

768 We focused on a local motion detection task since the connectome available to us largely
769 focused on reconstructing the circuitry of local motion processing the optic lobe. We agree that
770 an exciting future direction would be to investigate and reverse engineer the panel of tasks for
771 which the circuitry of the optic lobe is optimally evolved over evolutionary time-scales. As you
772 suggest, task optimization across a large variety of behaviorally relevant tasks will likely be
773 critical for constructing accurate future models of the entire optic lobe, which must support all
774 visually guided behavior.

775

776 Model responses to moving edges in Fig. 2c: Why do many of the models show that T5 is responsive to ON
777 moving edges (which it is not)? Could this be expanded upon in Figure 4 (that compares different
778 models)?

779

780 In our model ensemble, we find that TS5 neurons are more often and more strongly predicted to
781 be off-motion (p=0.0009). However, it is the case that across the entire ensemble, we do find
782 substantial variability in the prediction for T5 on-motion selectivity. When we also filter the
783 ensemble to only select models which exhibit the correct contrast-tuning [to flashes] and the
784 correct preferred directions, then these models only predict very weak on-motion tuning for T5
785 cells (see details in the Figure below, which is replicated here again). Thus, while the ensemble
786 as a whole is not inconsistent with the data, there is considerable variability. We have clarified
787 this in the Results [l. 231-236].
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790

791 I'm concerned about claims that the mechanism of motion detection matches experimental findings: The
792 mechanism of how direction selectivity in T4 and TS5 cells emerges is still debated. Haag et al. suggest
793 there is both PD enhancement and ND suppression, Gruntman et al. argue for ND suppression only;
794 Wienecke et al. argue for neither. It seems likely that the mechanism is different for the ON and OFF
795 pathways. The manuscript shows that the tuning of T4 and T5 cells and their inputs (in some models)
796 qualitatively matches the experimentally measured tuning, but can the authors clarify which mechanism of
797 direction selectivity is matched/favored by their models?
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798
799 Thank you for this suggestion. We have further studied the circuit mechanism of direction
800 selectivity in T4, T5, and TmY3 neurons through a combination of techniques and indeed
801 predominantly find null direction suppression (Barlow-Levick) mechanisms for T4, T5, and TmY3
802 but also enhancement of coherent motion across the visual field through lateral interactions
803 between T4 and T5 neurons of the same subtype.

804

805 In our mechanistic model, we can inspect the input current contributions from each cell type and
806 study the differences in these contributions for motion stimuli in the preferred and null directions.
807 This allows us to directly inspect the contribution of neurons to a computation without needing to
88 perturb the circuit through inactivation. For T4 neurons, we observe null direction suppression
809 mediated by inhibition from Mi4, and also surprisingly significant excitatory T4 to T4 input
810 attributing a role for this connectivity for the first time. For T5 neurons, we observe null direction
811 suppression mediated by CT1 inhibition and consistent excitatory input from neighboring T5 to
812 TS5 neurons and by excitatory input from Tm9. For TmY3, we see null direction suppression
813 predominantly via Mi14 and Mi4 inhibition and excitation via Mi1 and L5.

814

815 We summarize these findings now in the main manuscript in the Results [I. 237-249] and in Fig
816 4. In addition, we show full results for all T4 and T5 subtypes and for TmY3 as Extended Data
817 Figures.

818

819

820 The authors have missed an opportunity to test their model through silencing experiments - inputs to T4
821 and T5 cells have been silenced experimentally (Strother et al. 2017, Serbe et al., 2016) - does silencing
822 these neurons in the trained models recapitulate experimental findings/impair motion detection by the
823 decoder network?

824

825 Thank you for this suggestion. In addition to the analyses of input current contributions, we now
826 also simulated silencing experiments, and compared the model predictions with experimental
827 results reported in Strother et al, Neuron, 2017, finding good agreement for most effects, as
828 shown below. For these results, we averaged model-predictions over all models in the
829 model-cluster with correct T4c tuning (which, as explained above, is also the cluster with the
830 best task-performing model). The two column in panel a below are direct copies of Strother et al
831 2017 Figures 3b [left column] and 3c [right column], panel b shows, for comparison, the output of
832 our analyses. We emphasize that, for these analysis, only a qualitative comparison of the effect
833 is meaningful-- for example, Strother et al report Delta F/F from calcium imaging, whereas we
834 show standardized voltage responses. In addition, our ‘silencing’ analyses are based on simply
835 clamping the respective T4c inputs to 0, which is likely a crude approximation of the effect of
836 blocking synaptic transmission with shibire(ts1) and temperature increases. Nevertheless, the
837 models correctly capture that: i) Removal of Mi1 excitation removes the T4c response ii) Tm3:
838 Removal of Tm3 excitation decreases, but does not remove, the T4c response. iii) Mi4: Removal
839 of Mi4 does not remove the T4c response [it does, however, lead to a prolonged response in the
840 network model which is not observed experimentally] iv). Mi9: no effect on T4c.
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Our model
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845 Of the 19 cell types with asymmetric inputs, only 12 are predicted to be motion selective - can the authors
846 comment on differences between the inputs of these 12 and the other 7?

847

848 Thanks for this excellent suggestion. In response to your comment, we have now characterized
849 the asymmetries of the inputs and in comparison to the different direction selectivities that our
850 model predicts for these cells to understand the relationship (Fig. below). We find no ftrivial
851 relationship between the asymmetry of the inputs and the predicted direction selectivity. We
852 have included this new analysis as an Extended Data Figure and summarized in the Results.
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853
854

855 One of the most exciting findings is the prediction that TmY3 could possess direction selectivity
856 independent of the T4/T5 pathway. This is a bold claim - that the model can be used to identify new motion
857 sensors in the fly visual system that has been studied for more than 60 years. It seems reasonable (and
858 feasible given that the authors’ local collaborators) to ask the authors to validate this prediction with
859 experimental data - whereas elsewhere the authors rely on published experimental data for comparisons,
860 this prediction would require new experiments.

861

862 This study has been a substantial undertaking, conducted by computational labs enabled by the
863 availability of this rich and large dataset. This is a new era for computational neuroscience, one
864 in which an enormous number of detailed, comprehensive, and experimentally testable
865 predictions can be made through detailed and comprehensive modeling.

866

867 As we have responded earlier, we wish to emphasize that no neural activity measurements were
868 used in constructing our model, and we already tested the predictions of our model against
869 experimental measurements of neural activity across 26 studies. This is already a highly
870 nontrivial validation of our model. Further, our model makes hundreds of pages of experimentally
871 testable predictions (see supplement), of which this is but one prediction. We do not believe that
872 just one more experimental validation of just one of these hundreds of predictions is necessary
873 to substantiate the main claims of our paper.

874

875 Nonetheless, we are informed by our colleague Michael Reiser (HHMI Janelia), that unpublished
876 work in progress in his lab does indeed hint at motion selectivity for TmY3. He says the whole
877 picture for this cell type is more interesting and complex and they plan to report the results of
878 their own study in the near future.

879
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880 Further, the authors could discuss if TmY3 is expected to function like an HR detector or BL detector, or is
881 direction selectivity predicted to arise via a different mechanism?

882

883 As described in detail above, for TmY3, we see null direction suppression predominantly via
884 Mi14 and Mi4 inhibition and excitation via Mi1 and L5.

885

886

887 I would like to see some of the statistics of the decoder network. The manuscript argues that it cannot
888 compute motion itself, but is this true? Does the decoder only depend on the output of direction-tuned
889 neurons? Does it perform equally well when the weights for non-direction tuned neurons are forced to
890 zero? What is the minimal set of T and Tm cells required to detect optic flow?

891

892 Thanks for the suggestion. We now analyzed the relevance of each individual decoded cell type
893 for the optic flow task. We evaluated the increase in task-error when we replaced responses of
894 individual cells from a cell type by their spatio-temporal mean. We find that removing T4
895 subtypes strongly increases the task error. The decoder therefore most strongly relies on T4
896 cells which are predicted as on-motion detectors, but typically draws information from each
897 decoded cell type to encode the synthetic flow field. We have included this figure below as an
898 Extended Data Figure.

899

a ON and OFF direction selectivities of decoded cell type across ensemble
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9201

902 Minor comments
203

904 Figure I depicts a male fly, though much of the connectome data used, 1 believe, comes from female flies.
9205

906 We updated figure 1.

207

908 Winding et al. 2023 larval connectome paper should also be cited at line 7.

209

910 Thank you, we have fixed this, and additionally also cited the newly published Flywire pre-prints.
911

912 The meaning of lines 99-101 is not clear. The text argues that the DMN was optimized for a computational
913 task performed by the real biological network (i.e. fly visual system), but citations 44 & 76 refer to
914 mammalian cortex.

915

916 Thank you, fixed. The citations were meant for the general idea of “task optimization”.

917

918 Line 119: typo in “backpropagation’

’
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919

920 Thank you, fixed.

921

922 Line 105 says that motion detection is a “challenging” computation. “Challenging” is too subjective a
923 term and can be removed. Arguably, theoretical models for motion detection proposed in the 1960 by
924 Hassenstein & Reichert and Barlow & Levick are relatively simple.

925

926 Thank you, fixed.

927

928 Lines 283-285 claim that networks with different sparsity must use different computations. Why must this
929 be true?

930

931 We have no mathematical proof that this statement is true, so we have removed this claim.

932

933 Lines 333-336 claim that “DMN models generate meaningful predictions in absence of neural activity
934 measurements... (Fig 4)” feels too strong, since knowing actual tuning of Mi9 was critical in determining
935 “correct” tuning of T4.

936

937 The tunings of T4 and Mi9 are correctly predicted by the cluster with the best task performance.
938 While our DMN ensemble generates multiple hypotheses, task performance can be used to rank
939 these hypotheses, and as we show in Extended Data Fig. 11, DMN models with better task
940 performance are also more likely to correctly predict neural activity. Even if this were not the
941 case, our connectome-constrained and task-optimized DMN framework is able to generate just a
942 small number of reasonable hypotheses for the neural activity of each cell type, without the use
943 of any neural activity. In the absence of our method and the connectome, this hypothesis space
944 would be extremely large since any neuron could potentially take on any visual tuning. We feel
945 that we have proven that our model ensemble generates “meaningful predictions in the absence
946 of neural activity”, even if multiple hypotheses are generated.

947

948 The limitations of the approach (e.g. simplistic modeling of neural dynamics, and lack of electrical
949 synapses, neuromodulation and glia) are introduced at the outset. It would be nice if these limitations

950 were further elaborated/explored in the discussion.
951
952 We have now expanded discussion of this issue.
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Reviewer Reports on the First Revision:

Referees' comments:
Referee #1 (Remarks to the Author):

The authors have addressed most of my comments but one issue remains open. This concerns the
question how incomplete knowledge of the connectome or the catalog of cell types would affect
model performance. The importance of cell type information is of particular interest. Cell type
information in the Drosophila visual system is more detailed and more complete than in almost all
other circuits and species. How would model performance be affected if not all cell types were
known, or if similar cell types were indistinguishable? This could be simulated by pooling some cell
types, or by merging similar cell types. This knowledge would be valuable to assess the requirements
to generalize the DMN approach because cell type information in other systems is usually
incomplete or inaccurate. | recommend to the authors to address this issue, assuming that it can be
addressed by a modest amount of additional work.

Referee #2 (Remarks to the Author):

I thank the authors for their substantial work revising the paper. My concerns have been sufficiently
addressed and | think the new analyses determining which elements of the model and training

process are crucial for replicating specific response properties is insightful.

Referee #4 (Remarks to the Author):

Many of our comments and concerns have been adequately addressed by the inclusion of new data
and analyses - these include:

Additional supplemental data to document how the connectome was constructed from disparate
datasets.

Figure 2D and extended data figure 9 are a welcome addition to the manuscript. These show that
constraints from the connectome along with task optimization are required to accurately predict
direction selectivity, but that connectomic constraints alone are sufficient to predict ON/OFF
selectivity of cell types.

Updated analysis in Figure 4e, taking into account the best-performing cluster of models, captures
the experimentally measured tuning of lamina cells.

Extended data figure 2 addresses differences in asymmetric input to motion selective and non-
motion selective cell types, finding no strong correlation.

Some of our comments and concerns have been addressed, but have raised further questions:

Figure 4 and extended data figures uncovers a new potential mechanism for how direction
selectivity arises in T4 and T5 cells, as well as the hypothesized direction selectivity of TmY3. The
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DMN suggests that ND suppression is involved in computing motion in all three cell types. In
addition, lateral interactions between T4 and T5 neurons of the same subtype is suggested as a
novel mechanism for PD enhancement. This result seems to contradict experimental findings
showing that PD enhancement contributes significantly to direction selectivity in T4 and T5 cells (e.g.
Fisher et al., 2015; Haag et al., 2016 & 2017; Arenz et al., 2017). This discrepancy should be
discussed.

In silico silencing of inputs to T4c qualitatively recapitulate experimental findings from Strother et al
(2017). The authors say that for these simulations they “clamped the respective T4c inputs to zero”.
It is not clear if only the inputs to T4c were clamped to zero, or all outputs of the silenced
presynaptic cell type. The latter is a better approximation of the effect of a shibire(ts) experiment,
which silences all synaptic transmission, not only the synaptic transmission to the downstream
neurons of interest.

Extended data figure 3 is a welcome addition which shows some properties of the decoder network.
However, this has raised some further concerns. These data show that the decoder network
predominantly uses the output of T4 to compute motion. Incidentally, the DMN most accurately
predicts the experimentally measured tuning of T4 (compared to T5). Could it be that the
mechanism of direction selectivity in T4 is “simpler” or more directly constrained by the connectome
than, e.g., direction selectivity in T5 (or TmY3)? Therefore, the DMN and decoder network learn this
first, while direction selectivity in T5 is learned more sloppily (explaining the aberrant ON
responsiveness in T5 even in the best performing models)? This seems to be a limitation of the
whole approach, as it suggests that there are certain computations that the DMN is particularly good
at learning, or certain computations are more constrained by the connectome than others (this also
relates to our point below - how much of this is dependent on the specific task chosen?). If T4 is
excluded from the decoder, is the network better at learning the experimentally measured tuning of
T5? Does it affect the predicted tuning of TmY3?

One major concern is not addressed:

The authors explain that they chose local motion detection to optimize their model due to it being
an important and well-studied computation of the optic lobe. However, given the results presented
in extended data figure 3, it seems that training on one specific task allows the model to learn the
tuning of one cell type to the detriment of others. We still suggest that it would be useful to readers
(and within scope) to provide analysis to address how choice of decoder or task optimization affects
the learned tuning of neurons in the network. The authors make strong claims that connectivity
alone can be used to predict the function of individual neurons, but remains open as to how much
this depends on the specific task used.

Minor:

“Whole brain connectome projects have just been completed for the larval and adult fruit fly” -
larval connectome is not whole brain exactly (missing the SEZ) and adult whole brain connectome
should point to refs 11, 16, and 17.

The authors should reference the new publication
https://www.biorxiv.org/content/10.1101/2023.10.12.562119v2.full.pdf - this paper contains
connectivity of all neurons of one optic lobe (along with cell typing). The authors work here
preceded the completion of the Matsliah et al. wiring diagram, but it would be useful for the authors
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to note that going forward full connectivity could be used (rather than constructing an RNN from
disparate datasets), and that there are important differences in cell type classifications between
Matsliah et al. and this paper (for example, Tm5 and TmY neurons).

Relative to the points above, there are 148 references in this paper! Given that almost 100
references will need to be cut for publication (and choices will need to be made), the authors should
do this trimming for any further revision.

Connectome is used rather liberally throughout the manuscript (for example, in this sentence in the
Discussion “Knowledge of the connectome played a critical role in this success, in part by leading to a
massive reduction in the number of free model parameters.”) - however, the authors have used
wiring diagrams of portions of the optic lobe and generated an RNN from these constraints. Since
connectome, to my knowledge, implies completeness (one would not use the term genome to refer
to the sequencing of a subset of genes...), it would be less confusing for the authors to distinguish
their data sources from newer more complete wiring diagrams (suggestions: refer to the data
sources as partial connectomes or columnar connectomes or wiring diagrams).




190 PUBLIC PEER REVIEW FILE

Author Rebuttals to First Revision:

We thank you and the reviewers for their helpful comments. In this revision, we have performed
new experiments and analysis to address three main questions:

1. The importance of having detailed cell type annotations. With new experiments, we show
the results of coarse-graining our knowledge of the cell type of each neuron.

2. The mechanism of direction selectivity in T4, T5, and TmY3. With new analysis, we shed
light on whether we see signatures of preferred direction enhancement (no) or null
direction suppression (yes) and relate this to the literature.

3. The role of the computational task in task optimization. With new experiments, we show
the importance of choosing ethologically relevant tasks for task optimization.

We believe that these additional experiments and analyses strengthen our main claim, that with
(appropriate) task optimization, one can use connectomic measurements to construct
remarkably predictive mechanistic simulations of the fruit fly visual system at single cell
resolution.

A detailed response to the reviewers is attached.
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Referee #1 (Remarks to the Author):

The authors have addressed most of my comments but one issue remains open. This concerns the question
how incomplete knowledge of the connectome or the catalog of cell types would affect model performance.
The importance of cell type information is of particular interest. Cell type information in the Drosophila visual
system is more detailed and more complete than in almost all other circuits and species. How would model
performance be affected if not all cell types were known, or if similar cell types were indistinguishable? This
could be simulated by pooling some cell types, or by merging similar cell types. This knowledge would be
valuable to assess the requirements to generalize the DMN approach because cell type information in other
systems is usually incomplete or inaccurate. | recommend to the authors to address this issue, assuming that
it can be addressed by a modest amount of additional work.

We agree that an incomplete knowledge of the connectome could impact the usefulness of connectomic
constraints. We thank you for the suggestion of pooling cell types. Based on this suggestion, we performed
two experiments training new models with pooled cell types. We artificially assumed some cell types to be
indistinguishable, and thus modeled them with shared single neuron and synapse parameters (resting
potentials, time constants, and unitary synapse strengths). The figure below summarizes these results and is
now added as Extended Data Figure 15 of the revised manuscript.

1. Full DMN Merge T4, T5: We assumed that the four ‘T4’ subtypes were indistinguishable from each
other, and also that the four ‘TS’ subtypes were indistinguishable, pooling them into one T4 type and
one T5 type. This reduced the number of cell types to 58. We found that this model accurately
predicts neural tuning, presumably because these highly similar subtypes share the same
neurotransmitters, receptors, and biophysical properties.

2. Full DMN Merge E/l: We assumed that we had only three cell types, ‘excitatory’ (merging 37 cell
types), ‘inhibitory’ (merging 22 cell types) or ‘mixed’ (merging 4 cell types), based on our knowledge
of expressed presynaptic neurotransmitters and postsynaptic receptor types. This model performs
similarly to the random DMN model, poorly predicting tuning curves and direction selectivity index.
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Referee #2 (Remarks to the Author):

| thank the authors for their substantial work revising the paper. My concerns have been sufficiently addressed
and | think the new analyses determining which elements of the model and training process are crucial for
replicating specific response properties is insightful.

Referee #4 (Remarks to the Author):

Many of our comments and concerns have been adequately addressed by the inclusion of new data and
analyses - these include:

Ad(ditional supplemental data to document how the connectome was constructed from disparate datasets.
Figure 2D and extended data figure 9 are a welcome addition to the manuscript. These show that constraints
from the connectome along with task optimization are required to accurately predict direction selectivity, but
that connectomic constraints alone are sufficient to predict ON/OFF selectivity of cell types.

Updated analysis in Figure 4e, taking into account the best-performing cluster of models, captures the
experimentally measured tuning of lamina cells.

Extended data figure 2 addresses differences in asymmetric input to motion selective and non-motion
selective cell types, finding no strong correlation.

Some of our comments and concerns have been addressed, but have raised further questions:

Figure 4 and extended data figures uncovers a new potential mechanism for how direction selectivity arises in
T4 and T5 cells, as well as the hypothesized direction selectivity of TmY3. The DMN suggests that ND
suppression is involved in computing motion in all three cell types. In addition, lateral interactions between T4
and T5 neurons of the same subtype is suggested as a novel mechanism for PD enhancement. This result
seems to contradict experimental findings showing that PD enhancement contributes significantly to direction
selectivity in T4 and T5 cells (e.g. Fisher et al., 2015; Haag et al., 2016 & 2017; Arenz et al., 2017). This
discrepancy should be discussed.

Thank you for this comment. We now realize that our wording was potentially misleading due to the loaded
meaning of the words “enhancement” and “suppression” in the motion detection subfield. These terms are
used to refer to the nonlinear enhancement or suppression of the neural response to motion stimuli in the
preferred or null direction relative to a “linear sum” null model. We have now reworded these sentences in our
paper to make clear our original intent, which was to comment on a different effect.

Further, we now directly address the question of preferred direction enhancement (PDE) and null direction
suppression (NDS) relative to a “linear sum” model by performing a new analysis which exactly replicates the
voltage recordings and analysis of Fig 4 of Gruntman 2018 (replicated below). In our models, for all three cell
types T4c, T5c, and TmY3, we only observe NDS and no (nonlinear) PDE. These results for T4 and T5 are in
excellent agreement with Gruntman 2018 and Gruntman 2019. We should note that there is considerable
experimental disagreement on this topic, largely due to differences in experimental methodology (calcium
imaging vs voltage recordings). Therefore we emphasize that the predictions of voltage responses in our
model are in excellent agreement with measurements of voltage responses by Gruntman 2018 and Gruntman
2019.
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| Gruntman et al. 2018 Fig. 4 Il Model predictions for experiment data
a ND sequence
L & b & L L L L4 t
PD ND
G,L‘t“a : ) Measured Sum Measured Su
f‘
t, "\/\/—f 40-ms flash
5 56deg/s
%
[7 v . A )
R I T
P [ z
H 4 5 & & & & E t 0 1 0 1
PD sequence 250 ms b
b Measured moving bar (28°/s) response (cell 15) . Summed SPFRs

SPFR(t) /
z L LSPFR(Y —\/\,_,- 30-ms flash
250 ms 75deg/s

NN

[ T I T

d Averaged T4 recordings € Directional selectivity f 0 1 0 1
Measured Summed index PD ND

PDND Measured Measured

160-ms flash
% 4/\__ — N e |
—\/\,, 20-ms flash
80-ms flash 110deg/s
| ZA ~ 28°%s
40-ms flash v
| A 565 T T T T
2 0 1 0 1
= A 20-ms flash . .
=, JL . J\ s Nty 112%s timeins

250 ms

Measured

Summed

We have added these new results to the revised manuscript as Extended Data Fig 14.
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In silico silencing of inputs to T4c qualitatively recapitulate experimental findings from Strother et al (2017).
The authors say that for these simulations they “clamped the respective T4c inputs to zero”. It is not clear if
only the inputs to T4c were clamped to zero, or all outputs of the silenced presynaptic cell type. The latter is a
better approximation of the effect of a shibire(ts) experiment, which silences all synaptic transmission, not only
the synaptic transmission to the downstream neurons of interest.

Thank you for requesting this clarification. Indeed we clamped all outputs of the silenced presynaptic cell type
to zero, exactly as expected of a shibire(ts) silencing experiment. We have clarified this.

Extended data figure 3 is a welcome addition which shows some properties of the decoder network. However,
this has raised some further concerns. These data show that the decoder network predominantly uses the
output of T4 to compute motion. Incidentally, the DMN most accurately predicts the experimentally measured
tuning of T4 (compared to T5). Could it be that the mechanism of direction selectivity in T4 is “simpler” or
more directly constrained by the connectome than, e.g., direction selectivity in T5 (or TmY3)? Therefore, the
DMN and decoder network learn this first, while direction selectivity in T5 is learned more sloppily (explaining
the aberrant ON responsiveness in T5 even in the best performing models)? This seems to be a limitation of
the whole approach, as it suggests that there are certain computations that the DMN is particularly good at
learning, or certain computations are more constrained by the connectome than others (this also relates to our
point below - how much of this is dependent on the specific task chosen?). If T4 is excluded from the decoder,
is the network better at learning the experimentally measured tuning of T5? Does it affect the predicted tuning
of TmY3?

One major concern is not addressed:

The authors explain that they chose local motion detection to optimize their model due to it being an important
and well-studied computation of the optic lobe. However, given the results presented in extended data figure
3, it seems that training on one specific task allows the model to learn the tuning of one cell type to the
detriment of others. We still suggest that it would be useful to readers (and within scope) to provide analysis
to address how choice of decoder or task optimization affects the learned tuning of neurons in the network.
The authors make strong claims that connectivity alone can be used to predict the function of individual
neurons, but remains open as to how much this depends on the specific task used.

We believe that we have convincingly demonstrated our central claim: that task optimization (with an
appropriate task) leads to significantly more accurate predictions of neural activity, than without task
optimization (random parameters). We are not convinced that an expansive exploration of the choice of task
and decoder architectures will further strengthen this claim.

Nevertheless, we have now trained an additional DMN variation with a new autoencoding task (predicting the
input from the input) to address this concern. We do not expect this to be an ethologically relevant task, and
do not believe that the fly visual system preserves all the information from the visual inputs, but rather
computes behaviorally relevant features in a lossy manner. Further, this task does not force the visual system
to perform temporal computations on visual inputs in the same way as the optic flow task. Consistent with this,
we find that the DMN trained to perform autoencoding does not predict neural tuning more accurately than the
DMN with random parameters. This supports our claim that it is important to choose a behaviorally relevant
task for task optimization.
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Minor:

“Whole brain connectome projects have just been completed for the larval and adult fruit fly” - larval
connectome is not whole brain exactly (missing the SEZ) and adult whole brain connectome should point to
refs 11, 16, and 17.

The authors should reference the new publication
https://www.biorxiv.org/content/10.1101/2023.10.12.562119v2.full.pdf - this paper contains connectivity of all
neurons of one optic lobe (along with cell typing). The authors work here preceded the completion of the
Matsliah et al. wiring diagram, but it would be useful for the authors to note that going forward full connectivity
could be used (rather than constructing an RNN from disparate datasets), and that there are important
differences in cell type classifications between Matsliah et al. and this paper (for example, Tm5 and TmY
neurons).

Relative to the points above, there are 148 references in this paper! Given that almost 100 references will
need to be cut for publication (and choices will need to be made), the authors should do this trimming for any
further revision.
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Connectome is used rather liberally throughout the manuscript (for example, in this sentence in the
Discussion “Knowledge of the connectome played a critical role in this success, in part by leading to a
massive reduction in the number of free model parameters.”) - however, the authors have used wiring
diagrams of portions of the optic lobe and generated an RNN from these constraints. Since connectome, to
my knowledge, implies completeness (one would not use the term genome to refer to the sequencing of a
subset of genes...), it would be less confusing for the authors to distinguish their data sources from newer
more complete wiring diagrams (suggestions: refer to the data sources as partial connectomes or columnar
connectomes or wiring diagrams).

Thank you. We have addressed these minor comments. Regarding the larval connectome, we note that Winding et
al. 2023 claim to have mapped the “complete CNS”, writing on page 10: “Our EM volume contains the complete CNS
(brain, SEZ, and nerve cord), allowing us to assess communication between the brain and the rest of the CNS.”
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Reviewer Reports on the Second Revision:

Referees’ comments:

Referee #1:
Remarks to the Author:
The authors have addressed my concerns. | have no further points. Congratulations!

Referee #4:

Remarks to the Author:

The majority of minor comments have been addressed and terms “enhancement” and “suppression”
have been sufficiently clarified in the text. However, the reference list is still too long.

The addition of Extended Data Fig 14 and comparison to Gruntman et al. 2018 sufficiently addresses
our questions about the mechanism of direction selectivity in T4, T5 and TmY3 in the model.

Training the model on an autoencoding task addresses our concern about task optimization, and
does demonstrate that task optimization is required to predict known tuning of direction selective
cell types.

One comment is not yet addressed: the authors should explain (in the Discussion) why the DMN
seems to be better at predicting direction selectivity in T4 over T5. Could this be a limitation of the
model in the kinds of computations it can learn?
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