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Summary

Perceptual organization is a core process of human vision that transforms the
raw visual input into a structured, object-centric scene representation. Motion
information plays a central role in this process: On the one hand, perceiving motion
requires a perceptual organization process to establish an identity behind percepts at
different time points. On the other hand, motion information has been shown to be
a dominant cue that humans use to infer scene structure, for example by the Gestalt
principle of common fate. Moreover, motion has been shown to enable more efficient
processing by guiding attention to relevant areas of scenes, and to contribute to
learning perceptual organization during infancy.

In this thesis, we combine insights from psychology and neuroscience with recent
advances in machine learning in order study how motion motion promotes different
aspects of dynamic scene perception. First, we study the role of motion in guiding eye
movements as a basis for more efficient scene perception. Our analysis reveals several
strong effects of temporal patterns on eye movements in a data-driven manner, but
also identifies their scarcity in common benchmarks as a key limitation for modeling
this process. We propose a new benchmark that combines the respective cases from
several existing benchmarks to support future research on this topic. In our second
project, we take inspiration from developmental psychology and study the role of
motion for learning how to decompose a scene into objects. Trained this way, our
model reflects central capabilities of scene perception in humans, such as the ability to
complete partial objects and to generate novel scenes that systematically generalize
beyond the training distribution. Finally, we study the neural basis of motion
segmentation using a combination of computational modeling and experimental
psychophysics. We find striking differences between state-of-the-art computer vision
models and human perception in terms of appearance-independent segmentation of
moving random dot patterns. Furthermore, we show that a neuroscience-inspired
motion energy approach allows matching human perception and thus provide a
compelling link between the neural mechanisms of motion perception and the
Gestalt principle of common fate.

In summary, the projects in this thesis contribute to our understanding how motion
information promotes perceptual organization from an interdisciplinary NeuroAl
perspective. DNNss allow building more capable scientific models of human vision,
and thus enable novel insights into the perception of natural scenes. Conversely, we
show that insights from human vision can be successfully transferred to a computer
vision setting. Our work therefore contributes to a more holistic understanding of
human vision and provides insights that may inspire more capable machine vision
in the future.



Zusammenfassung

Die Wahrnehmungsorganisation ist ein Kernprozess des menschlichen Sehens, der
den rohen visuellen Input in eine strukturierte, objektzentrierte Szenendarstellung
transformiert. Bewegungsinformationen spielen in diesem Prozess eine zentrale
Rolle: Einerseits erfordert die Wahrnehmung von Bewegung einen Wahrnehmung-
sorganisationsprozess, um eine Identitidt hinter Wahrnehmungen zu verschiedenen
Zeitpunkten herzustellen. Andererseits hat sich gezeigt, dass Bewegungsinforma-
tionen ein dominanter Hinweis sind, den Menschen nutzen, um die Struktur einer
Szene zu erschlieflen, beispielsweise durch das Gestaltprinzip des gemeinsamen
Schicksals. Dariiber hinaus hat sich gezeigt, dass Bewegung effizientere Verarbeitung
ermoglicht, indem sie die Aufmerksamkeit auf relevante Bereiche von Szenen lenkt
und zur Erlernung der Wahrnehmungsorganisation in der frithen Kindheit beitragt.

In dieser Dissertation kombinieren wir Erkenntnisse aus der Psychologie und
Neurowissenschaft mit den jlingsten Fortschritten im maschinellen Lernen, um
zu untersuchen, wie Bewegung verschiedene Aspekte der dynamischen Szenen-
wahrnehmung fordert. Zuerst untersuchen wir die Rolle von Bewegung bei der
Steuerung von Augenbewegungen als Grundlage fiir eine effizientere Szenen-
wahrnehmung. Unsere Analyse zeigt mehrere starke Effekte von zeitlichen Mustern
auf Augenbewegungen auf datengetriebene Weise auf, identifiziert aber auch deren
Knappheit in gdngigen Benchmarks als eine wesentliche Einschrankung fiir die
Modellierung dieses Prozesses. Wir schlagen einen neuen Benchmark vor, der
die jeweiligen Fille aus mehreren bestehenden Benchmarks kombiniert, um die
zukiinftige Forschung zu diesem Thema zu unterstiitzen. In unserem zweiten
Projekt lassen wir uns von der Entwicklungspsychologie inspirieren und unter-
suchen die Rolle der Bewegung beim Erlernen der Zerlegung einer Szene in Ob-
jekte. Auf diese Weise trainiert, reflektiert unser Modell zentrale Fahigkeiten der
Szenenwahrnehmung bei Menschen, wie die Fihigkeit, unvollstindige Objekte zu
vervollstindigen und neue Szenen zu generieren, die systematisch tiber die Train-
ingsverteilung hinaus generalisieren. SchliefSlich untersuchen wir die neuronale
Grundlage der Bewegungssegmentierung mittels einer Kombination aus comput-
ergestiitztem Modellieren und experimenteller Psychophysik. Wir finden auffillige
Unterschiede zwischen modernen Computervisionsmodellen und der menschlichen
Wahrnehmung in Bezug auf das erscheinungsunabhédngige Segmentieren von sich
bewegenden Zufallspunktmustern. Dariiber hinaus zeigen wir, dass ein neurowis-
senschaftlich inspirierter Bewegungsenergieansatz die menschliche Wahrnehmung
nachbilden kann und somit eine iiberzeugende Verbindung zwischen den neu-
ronalen Mechanismen der Bewegungswahrnehmung und dem Gestaltprinzip des
gemeinsamen Schicksals bietet.



Zusammenfassend tragen die Projekte in dieser Dissertation zu unserem Verstandnis
bei, wie Bewegungsinformationen die Wahrnehmungsorganisation aus einer in-
terdisziplindren NeuroAl-Perspektive fordern. DNNs ermoglichen den Aufbau
fahigerer wissenschaftlicher Modelle des menschlichen Sehens und bieten somit
neue Einblicke in die Wahrnehmung natiirlicher Szenen. Umgekehrt zeigen wir,
dass Erkenntnisse aus dem menschlichen Sehen erfolgreich in einen Computer-
visionskontext iibertragen werden kénnen. Unsere Arbeit trdgt daher zu einem
ganzheitlicheren Verstdndnis des menschlichen Sehens bei und bietet Erkenntnisse,
die moglicherweise fahigere maschinelle Sicht in der Zukunft inspirieren konnten.

The summary was automatically translated to German using ChatGPT (https://chat.openai.com) and
proofread by the author
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1 Introduction

We perceive the visual world in a highly structured manner. When we look around,
we see a hierarchical structure of objects and object parts and the relations between
different objects. We see a world that is three dimensional, infer how objects continue
behind occluders and estimate their physical properties. Yet, the incoming visual
information is very unstructured: Millions of photoreceptor cells in our eyes measure
incoming light at every instant and provide a flood of isolated information about
the environment. Structuring this low-level visual information into high-level scene
percepts requires an active process known as perceptual organization (Wagemans,
2015).

The study of perceptual organization has a long history in psychology, neuro-
science and computational modeling. In the early 20th century, Gestalt psychol-
ogy emerged as an influential conception of perception from the study of motion
perception (Wertheimer, 1912) and pioneered the empirical study of perceptual
organization (Wagemans, Elder, et al., 2012; Wagemans, Feldman, et al., 2012). The
Gestalt psychologists formulated a series of principles that describe how human
perception groups elements in a scene and how foreground objects are segregated
from background. Supported by ever improving recording techniques, neuroscience
has complemented psychology during the second half of the 20th century with
a focus on understanding the neural mechanisms that implement human visual
perception (Kandel et al., 2021). In parallel, the steady advancements of computers
allowed to both contribute to the study of human vision using computational models
and increased interest in the underlying mechanisms driven by applications in
computer vision (Dayan & Abbott, 2001; Doerig et al., 2023; Hassabis et al., 2017).
As such, the study of perceptual organization is inherently multidisciplinary and a
full understanding requires insights from all three perspectives.

The perception of motion is deeply connected to perceptual organization in a
multi-faceted way. Firstly, perceiving motion requires to establish an identity behind
percepts at different time points. Solving this so called correspondence problem (Ullman,
1979) is a prime example of a perceptual organization process. Furthermore, motion
is a strong cue that humans use for decomposing a scene into objects. The principle
of common fate, often paraphrased as “what moves together, belongs together”, has
been repeatedly shown to strongly influence perceptual organization and motion
information has been shown to take precedence over other cues (Z. Huang & Zaidi,
2022; Wertheimer, 1923). Moreover, motion has been shown to be central cue for
the development of perceptual organization in infants. Already at a very young
age, infants are able to track moving objects and to use motion information to
reason about occlusions (Arterberry & Kellman, 2016; Kellman & Spelke, 1983).
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It has thus been hypothesized that motion information provides a learning signal
for appearance cues of perceptual organization. Finally, motion strongly attracts
attention and has been recognized as an essential factor for the efficiency of scene
perception by guiding human gaze (Spelke, 1990; Ullman et al., 2012).

While substantial progress in has been made during the last 150 years, a com-
prehensive understanding of perceptual organization remains elusive. Psychology
has demonstrated strong perceptual grouping phenomena using simple stimuli;
many questions remain, however, for fully understanding the perception of real
world scenes (V3, 2021). Neuroscience has uncovered mechanisms behind elemen-
tary perceptual processes including the perception of motion, but overall we are
far from understanding how perceptual organization principles are implemented
in the brain (Nishida et al., 2018). Advancing our understanding of how motion
promotes perceptual organization of real world scenes is thus an important direction
in research and impactful beyond vision science. Humans are visual animals, and
the structure of our visual representation is foundational for all higher cognitive
functions such as memorization, reasoning and planning. Better understanding
perceptual organization is therefore essential for a holistic understanding of the
human mind and has direct applications, for example in visual design (Lidwell et al.,
2010). Finally, better understanding perceptual organization guides the development
of more capable and better aligned computer vision systems (Sundaram et al., 2024).

In this thesis, we present work that adopts an interdisciplinary perspective to
examine the role of motion for structured scene perception in humans. The advent
of deep learning has enabled a new generation of computer vision models that rival
many human visual skills on natural images while showing intriguing parallels
to cortical processing in the human brain. As such, deep neural networks are
regarded as promising tools to advance our understanding of human vision (e.g.,
Wichmann and Geirhos, 2023). Most research that relates deep learning and human
vision so far has however focused on core object recognition in static images while
motion perception and perceptual organization has received much less attention.
The projects presented in this thesis contribute to closing this gap and provide novel
insights into the mechanisms underlying human perception of dynamic scenes from
a computational perspective.
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2 Background

2.1 Dynamic scene perception in humans

Motion psychophysics. The study of motion perception is a central topic in psy-
chophysics (Nishida et al., 2018, Wixted & Serences, 2018). It has long been realized
that perceiving motion does not require physical motion, as demonstrated by appar-
ent motion phenomena in Exner (1875). Rather, motion perception is based on solving
the problem of phenomenological identity (Ternus, 1926), or correspondence problem
(Ullman, 1979), that relates perceived patterns across time. During the last century,
researchers have systematically studied which stimulus properties are necessary
to evoke a percept of motion (e.g., Chubb and Sperling, 1988; Wertheimer, 1912).
The variety of conditions under which humans perceive motion has fueled a debate
about multiple different processes that interact in motion perception (Braddick, 1974;
Mather & Cavanagh, 1989; Petersik, 1991). It seems plausible that two different
processes contribute to motion perception: A low-level process that detects motion
over the entire visual field, and a higher-level process that is limited by attention to
tracking few individual objects (Cavanagh, 1991).

A challenge for any motion perception system is fact that local motion information
is ambiguous, known as the aperture problem. In the human visual system, elementary
motion detection is thus followed by a global integration process that takes into
account scene structure in order to resolve these ambiguities (Nishida et al., 2018).
This motion interpretation stage has been shown to interact with a diverse set
of capabilities such as the segmentation of moving objects (Braddick, 1993), the
perception of 3d structure (Ullman, 1997) and the perception of material properties
(Doerschner et al., 2011). A particularly striking example for the reach of this higher-
level interpretation process is our ability to see biological motion given only few
moving dots (Johansson, 1973). Due to the variety of motion phenomena and due
to the rich interaction with other aspects of vision, we do not yet have a complete
understanding of how humans perceive motion in complex natural scenes (Nishida
et al., 2018).

Motion neuroscience. A rich body of work in neuroscience complements research
in psychophysics with insights about the neuronal mechanisms that implement
motion perception. Direction selective cells, which signal motion in a specific
direction, are found across species and in many areas of the visual system (Barlow
& Hill, 1963; Mauss et al., 2017). Hassenstein and Reichardt (1956) proposed a
delay-and-compare mechanism for motion detection based on studying beetles. This
so called Reichardt detector has been extended (Barlow & Levick, 1965; van Santen
& Sperling, 1985) and experimentally verified in many other animals including
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humans (Borst & Egelhaaf, 1989). Another popular line of works approaches motion
perception as detection of spatio-temporal orientations using a motion energy model
(Adelson & Bergen, 1985; Watson & Ahumada, 1985). While this model has a
different internal structure, it has been shown to compute the same function as an
extended variant of the Reichardt detector (van Santen & Sperling, 1984).

In primates, direction selective cells are found as early as in the retina and V1, but
also in higher visual areas such as MT and MST (Albright, 1984; Duffy & Wurtz,
1991). While the cells in V1 respond to elementary motion in a small receptive
fields, many cells in MT respond to more complex motion patterns and have much
larger receptive fields. It is therefore assumed that these areas act as a motion
integration stage and unify the local motion signals into a globally coherent percept.
The influential model by Simoncelli and Heeger (1998) extended the motion energy
model with a second stage that implements an intersection-of-constraints mechanism
(Adelson & Movshon, 1982; Fennema & Thompson, 1979) in order to resolve
ambiguities. Such feedforward V1-MT models have been shown to explain a range
of the firing patterns in visual area MT (Rust et al., 2006; Simoncelli & Heeger,
1998) and have been linked to human perception (Nishimoto et al., 2011; Weiss
et al., 2002). Several works have further extended V1-MT models to allow for a more
complex integration of local motion beyond spatial averaging (Lidén & Pack, 1999;
Wu et al., 2010; Zarei Eskikand et al., 2016).

In summary, the mechanisms of motion detection are among the most extensively
studied subjects in neuroscience and a range of computational models have been
proposed that explain neural firing (Borst, 2000). While the elementary mechanisms
for motion detection are understood very well, we however do not yet have a
complete understanding of the mechanisms behind the integration and interpretation
of motion patterns in natural scenes (Nishida et al., 2018).

The role of motion for learning perceptual organization. The previous sections
have outlined the deep connection between motion perception and perceptual
organization in the adult visual system. Additionally, motion information has
been shown to be an important cue for learning perceptual organization in infancy
(Arterberry & Kellman, 2016). Several studies in developmental psychology revealed
distinct error patterns in young infants when perceiving partly occluded objects
(Kellman & Spelke, 1983) and an increase of capabilities in terms of visual complexity
during the first few months of infancy (Needham, 1998). Strikingly, it has been shown
that for moving objects, infant perception agrees with adult perception at a much
younger age (Spelke, 1990). It has thus been hypothesized, that infant perception
initially structures scenes purely by geometrical cues like motion and depth, and
that appearance cues are learned from these geometrical cues during infancy (1990).
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While the importance of motion for learning of perceptual organization in infancy
has been consistently demonstrated, we’re lacking a precise understanding of the
learning process that supports computational modeling.

The role of motion for efficient scene perception. Any animal or mobile robot
faces the challenge of an excess of visual information that must be processed in real-
time under tight energy constraints. In the human eye, only a small central are of the
retina, the fovea, has a high density of photoreceptors and provides high-resolution
visual information (Curcio et al., 1990). Multiple times per second, humans shift
their gaze to different locations of the scene and integrate the information into
a coherent percept of the surroundings (Yarbus, 1967). Motion plays a central
role in this process, which is ecologically plausible since nearby, moving objects
are highly relevant for survival. Accordingly, several studies have found a popout
effect of moving compared to static scene elements (Rosenholtz, 1999; Wolfe, 2000),
taking into account self-generated motion by body movements (Rushton et al., 2007).
Furthermore, studies on inattentional blindness demonstrate that many changes in
scenes, such as removed or relocated objects, are not noticed by humans if not
attended. Motion plays a central role for the success of this selective processing
strategy, since motion signals change in the environment and allows to reallocate
attention (Rensink, 2000). A comprehensive understanding of structured scene
perception in humans therefore requires understanding how motion influences
selective processing through eye movements and covert attention.

2.2 Dynamic scene perception in machines

The field of computer vision has studied how to engineer artificial vision systems
since decades (Szeliski, 2022). During recent years, the advent of deep learning
has enabled computer vision systems that rival human capabilities for many tasks
(LeCun et al., 2015). This recent wave of deep learning was driven by networks
trained to classify images of objects (K. He et al., 2016; Krizhevsky et al., 2012;
Simonyan & Zisserman, 2015) but has since been extended and adapted to a diverse
set of tasks including the perception of dynamic multi-object scenes. In the following,
we outline the most important landmarks as relevant for this thesis.

Object detection and segmentation. The successes of DNNs in image classification
directly transferred to object detection by methods that first propose a large number
of bounding boxes and then apply a CNN to classify the respective image crops
(Girshick et al., 2014). This two-stage approach has been improved over the years
(Girshick, 2015; Ren et al., 2015) and was extended to pixel-level segmentation
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(K. He et al., 2017; Kirillov et al., 2020). Furthermore, as an alternative to the
complex proposal-based methods, single stage architectures have been developed
that directly predict bounding boxes (Redmon et al., 2016; Tian et al., 2019) or
instance segmentation masks (Carion et al., 2020; Tian et al., 2020). All of these
methods rely on pretraining the visual representation for object classification on
ImageNet (Deng et al., 2009), followed by supervised finetuning using human-
labeled images from common benchmarks such as PASCAL VOC (Everingham et al.,
2010) or COCO (Lin et al., 2015). While this supervised approach to object detection
and segmentation successfully scales to complex real-world scenes, methods are
limited by the amount of human-labeled data and in particular the relatively low
number of labeled object classes (Joseph et al., 2021). Prior to the development of
the Segment Anything Model SAM (Kirillov et al., 2023) in parallel to this thesis, it
was therefore commonly believed that unsupervised approaches were necessary to
rival human object segmentation capability.

Object-centric representation learning. As an alternative to supervised instance
segmentation, the field of object-centric representation learning aims to develop
methods for the compositional representation of multi-object scenes that do not
require human labels. Beyond classical instance segmentation, most object-centric
methods further attempt to learn a more comprehensive scene representation, in-
cluding the compositional 3d structure and a structured representation of object
attributes and relations between the objects (Greff et al., 2020). Typical approaches
are based on autoencoders and trained to reconstruct the input scene (Burgess et al.,
2019; Eslami et al., 2016). To foster a decomposition of scenes into objects, these
methods rely on architectural biases such as the segregation of the latent representa-
tion into slots (Locatello et al., 2020) and the interaction of slots using graph neural
networks (Battaglia et al., 2018; Kipf et al., 2020). Several works have extended
these methods to videos based on a frame-by-frame reconstruction objective, loosely
resembling Hidden Markov models (J. Jiang et al., 2020; Kosiorek et al., 2018). Both
for images and videos, object-centric representation learning methods have been
successfully applied to simple synthetic scenes. However, these models have been
shown to fail for more complex scenes and in particular for textured objects (Karazija
et al., 2021; Weis et al., 2021), leaving a huge gap to their supervised counterparts.

Optical flow. In computer vision, the estimation of motion is typically framed as
estimating the optical flow between two successive frames (Black & Anandan, 1993;
Horn & Schunck, 1981). Optical flow estimation has been approached by using
CNNss that directly regress motion vectors from the input frames (Dosovitskiy et al.,
2015; Ilg et al., 2017) and are trained on large-scale datasets (Mayer et al., 2016).
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Further improvements have been enabled by architectures that take inspiration from
classical optimization based method (D. Sun et al., 2018; 2020; Teed & Deng, 2020).
As an alternative to supervised training on synthetic videos, classical warping-based
optimization objectives have been repurposed as a loss for training optical flow
estimation networks (Jonschkowski et al., 2020; Meister et al., 2018; Stone et al.,
2021). On established benchmarks (Butler et al., 2012; Menze et al., 2015), these
methods have reached sub-pixel accuracy and are successfully used for a range of
downstream tasks.

Motion segmentation. The recent advancements in segmentation and optical flow
estimation have been combined in order to segment moving objects. A classical
approach to motion segmentation integrates optical flow into point trajectories
spanning multiple frames and performs clustering to find moving segments (Brox
& Malik, 2010; Keuper et al., 2015). More recently, deep neural networks for
segmentation have been trained with optical flow as input (Lamdouar et al., 2020;

2021; Tokmakov et al., 2017), optionally in combination with RGB input (Dave
et al., 2019) or geometrical constraints (Bideau et al., 2018). Due to the strength
of image-based segmentation methods and the limited amount of human-labeled
videos, many video segmentation methods rely on segmenting frames individually
and using motion information only to segregate moving from static objects and to
match segments across frames (Oh et al., 2019; Ventura et al., 2019; Xie et al., 2024).
Beyond supervised segmentation, motion information is assumed to be a useful cue
for unsupervised learning of segmentation. With few exceptions (Mahendran et al.,
2018; Y. Yang et al., 2019), however, object-centric representation learning methods
did not use optical flow directly but rather relied on end-to-end reconstruction of
videos.

2.3 Connecting human and machine vision

The study of the human visual system and the engineering of machine vision
systems have an interconnected history. On the one hand, rebuilding human visual
capabilities is a central goal of computer vision. Human vision thus defines many
of the problem settings and better understanding the solutions that evolved in
biological vision has the potential to inspire computer vision research. On the other
hand, the techniques developed in computer vision enable more capable models of
human vision that might benefit our understanding of visual perception. The rise of
deep neural networks has reinforced interest in both directions and beyond vision,
often discussed under the term NeuroAl (Doerig et al., 2023; Zador et al., 2023).
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Neuro-inspired machine vision. Research on artificial neural networks has been
sparked from insights into the functioning of biological neurons (McCulloch & Pitts,
1943; Rosenblatt, 1958). Likewise, many further milestones during the following
decades have been inspired from findings in neuroscience (Fukushima, 1980;
Hopfield, 1982). While contemporary research on computer vision is advancing
rapidly based on engineering, many aspects in which human vision excels remain
unsolved. For example, deep neural networks have been shown to lack robustness
to noise (Geirhos et al., 2018) and generalize poorly to novel domains (Zhou et al.,
2023). Moreover, while humans are able to continuously learn throughout their
lifetime, deep neural networks suffer from catastrophic forgetting of previously learned
knowledge (French, 1999; McClelland et al., 1995). Finally, the human brain is still
orders of magnitude more efficient than state-of-the-art networks (Strubell et al.,
2019). Better understanding the solutions implemented in the human visual system
might therefore complement engineering-driven computer vision in these respects
(Hassabis et al., 2017). In particular, it is commonly assumed that learning a more
compositional representation of scenes is necessary to tackle several of these issues
(Lake et al., 2017).

DNNs as scientific models. Deep neural networks are able to solve vision tasks on
natural scenes while being based on principles inspired by neural networks in the
human brain. As such, DNNs have attracted great interest as scientific models of
human vision. Deep learning has been particularly successful for building predictive
models of neural firing, as it has been shown that DNNs trained on ImageNet
outperform previous methods in predicting the firing of neurons in higher visual
areas (Cadieu et al., 2014; Yamins & DiCarlo, 2016; Yamins et al., 2014). Moreover,
fitting DNNs to neural data directly has enabled better predictive models of neural
tiring across species (Cadena et al., 2019) that have been shown to captura neural
processing in closed loop experiments (Walker et al., 2019).

Beyond applications in neuroscience, DNNs are also tested as perceptual models
of human vision (Cichy & Kaiser, 2019; Serre, 2019). Despite achieving remarkable
performance for tasks defined on natural scenes, several works have revealed striking
differences between deep neural networks such as a bias towards texture (Geirhos
et al., 2019), susceptibility to adversarial examples (Szegedy et al., 2014) or lack
of generalization to novel viewpoints (Alcorn et al., 2019). Furthermore, direct
comparisons between DNNs and human perception are often limited by difficulties
due to the experimental paradigms (Funke et al., 2021).

Overall, DNNs are therefore considered as promising models in vision science
(Wichmann & Geirhos, 2023), with clear success cases such as neural prediction
and task performance that oppose striking differences from human vision. More-
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over, prior studies have dominantly focused on core object recognition on images
while comparing human and machine perception for other aspects such as motion
perception or segmentation has received much less attention. Psychophysics and
neuroscience provide a rich history of research on both perceptual phenomena and
neural mechanisms related to low-level motion perception while deep learning has
been highly successful in enabling high-level perceptual tasks such as segmentation.
We see studying the role of motion for structured scene perception therefore as a
particularly promising area for connecting human and machine vision.
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3 Measuring the Importance of Temporal Features in Video
Saliency

This chapter is based on the following publication:

¢ Matthias Tangemann, Matthias Kiimmerer, Thomas S.A. Wallis, and Matthias
Bethge. Measuring the Importance of Temporal Features in Video Saliency.
ECCV 2020. doi: 10.1007/978-3-030-58604-1_40.

This work was jointly conceptualized by all authors. The selection of datasets and
baseline models was collected by M.T. The design of the spatial baseline model was
heavily influenced by prior work of M.K., TW. and M.B. M.B. proposed to curate the
meta-benchmark. All experiments and analyses were implemented and executed
by M.T., who also wrote the initial draft of the paper. All authors contributed the
published version of the paper.

3.1 Motivation

Human vision is an active process. Multiple times per second, we shift our gaze to
areas of interest and integrate the visual information into a coherent percept of the
surrounding scene. Understanding which factors drive human eye movements is
thus essential for a comprehensive understanding of scene perception in humans
(Rensink, 2000; Rosenholtz, 1999), and has several applications in computer vision
(e.g., Guo and Zhang, 2010).

Models that predict where people look in images have been greatly improved
during recent years by adopting deep neural networks (X. Huang et al., 2015;
Kruthiventi et al., 2017; Vig et al., 2014). The leading DeepGaze model family
(Kiimmerer, Theis, & Bethge, 2015; Kiimmerer et al., 2017) introduced several
new modeling components following a probabilistic approach to gaze prediction.
Different from most prior models, DeepGaze predicts a spatial probability distribu-
tion and is trained to maximize the likelihood of the observed human gaze. The
tendency of humans to look at center of the images is modeled explicitly by fitting
a “center bias” distribution and using it as a prior in the model. Combined, these
design decision enabled to substantially improve the predictive performance on
established benchmarks (Bylinskii et al., 2019; Judd et al., 2012). Furthermore,
the probabilistic modeling framework allows to compare model predictions more
rigorously by quantifying the model prediction relative to the image-independent
center bias in an information theoretic framework. A gold standard model based
on inter-observer consistency further provides an estimate of the total information
that is predictable. Evaluating models based on information theoretic comparisons

25



Backbone Readout Finalization

average over time
conv 1x1
norm
softplus
conv 1x1
!
resize
blur
v
- .M
v
softmax
|
v

Figure 1: We constructed DeepGazeMR as a baseline model that cannot predict
temporal effects by design. DeepGazeMR averages VGG features over time
and predicts human gaze using a small readout network and subsequent
combination with a learned prior distribution. Figure used with permission.

thus allows to quantify model performances more precisely and has been shown to
unify previously diverging performance metrics (Kiimmerer, Wallis, & Bethge, 2015;
Kiimmerer et al., 2018).

Several works have extended eye movement prediction to videos. Recently, the
LEDOV (L. Jiang et al., 2018; 2019) and DHF1K (W. Wang et al., 2018) datasets
have been published which are large enough to support training and benchmarking
deep neural networks. Several models have demonstrated the improvements of
deep learning over classical methods also for predicting human gaze on video clips
(L. Jiang et al., 2018; Lai et al., 2020; Linardos et al., 2019; Min & Corso, 2019;
W. Wang et al., 2018). However, these works did not adopt the improved evaluation
framework relative to an image-independent baseline and a gold standard model
for estimating inter-observer consistency. Thus we do not know how close we are to
perfectly predicting human eye movements on videos. Moreover, it has not yet been
systematically evaluated to what degree temporal features are necessary to predict
human gaze in videos. In our project, we therefore aim to close this gap by a more
systematic evaluation of eye movement prediction models on videos.

3.2 Results and synopsis

In this project, we aim to better understand the importance of temporal features
to predict where people look when watching videos. To disentangle the influence
of spatial and temporal features on human gaze, we constructed a baseline model
named DeepGazeMR that cannot use temporal information by design (Figure 1). The
performance reached by this model therefore is a lower limit on the information
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that can be predicted from static appearance alone. We compared the predictions
of DeepGazeMR for every frame to a gold standard model as an estimate of inter-
subject consistency. Large performance differences between DeepGazeMR and the
gold standard reveal situations in which temporal information may by required to
predict where people look, which we confirmed by manual case studies.

The overall architecture of DeepGazeMR is based on the state-of-the-art image
model DeepGaze II (Kiimmerer et al., 2017), but we adapted the architecture of the
readout network for our setting. Crucially, features are averaged over time which
makes the model invariant to the order of input frames. We trained our model on
the LEDOV dataset (L. Jiang et al., 2018), and performed our final analysis on both
the LEDOV validation set and the DIEM dataset (Mital et al., 2011). Unfortunately,
we could not extend our analysis to the popular DHF1K dataset (W. Wang et al.,
2018) due to heavy artifacts in the dataset.

Time-agnostic models improve state-of-the-art for video gaze prediction. We
explicitly constructed DeepGazeMR as baseline model that cannot use temporal
information. To our surprise, this restricted baseline clearly outperformed previous
state-of-the-art models on the LEDOV dataset. The original DeepGaze II model
performed slightly better on the DIEM dataset. In both cases, however, all previous
video models were outperformed by models that could not use temporal information
by design.

Temporal effects are rare in established video datasets. By analyzing the failure
cases of our DeepGaze MR baseline, we were able to identify situations in which
temporal information is required in order to make an accurate prediction (Figure
2). Our study revealed several clear effects: 1. Interactions between objects shifted
gaze to the point of interaction and away from the objects centers. 2. Suddenly
appearing elements strongly attract human gaze. 3. Moving object parts attracted
more attention. While clear effects exist, these are very rare in the considered
datasets. When following the standard practice of averaging model performances
over the entire dataset, the ranking is therefore dominated by situations that do not
require temporal information. To support the focus on temporal effects, we compiled
the situations revealed by our analysis into a novel meta-dataset which we publicly
released for the evaluation of future models.

Video models did not learn to predict temporal effects. All prior video models
performed poorly when evaluated on our meta-dataset. For the situations considered
in our case studies, none of the established video models could predict human gaze
better than our spatial baseline. Although being designed and trained on video

27



ground truth

Ours

© ©
Y 8
© v
Q Q
a a
o @
¢ 9
o )
@ @
= >
2 2
o @
& b1
a a

TASED-Net ACLNet
TASED-Net ACLNet

STRA-Net

STRA-Ne

-
°© o

N

8 6 8
time (s) time (s)

Figure 2: Comparing the gold standard performance to our spatial baseline model
allows us to identify situations in which temporal patterns drive human
eye movements via case studies. Typical cases include interaction with
objects (left) or suddenly appearing objects (right). Prior video saliency
models did not improve over our spatial baseline in any of these cases.
Figure used with permission.

benchmarks, state-of-the-art models thus did not learn to predict the influence of
temporal patterns on human gaze.

3.3 Discussion and outlook

Our study revealed the striking failure of video saliency models to capture temporal
effects on human gaze. While we found clear cases in which temporal features
influence where people look in common datasets, none of the models was able
to accurately predict these effects. As such, these models are not yet adequate
predictive models of human gaze in dynamic scenes.

We see collecting better training data as the most promising approach for improv-
ing video saliency models. All state-of-the art models are based on deep learning
and their architectures allow for learning temporal features in principle. Deep
neural networks are however known to struggle with learning from imbalanced data
(Buda et al., 2018), so that previous models are most likely limited by the scarcity
of temporal effects in the training data. While it might be possible to improve the
training distribution by non-uniform sampling of the video clips during training,
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this will negatively affect the diversity of the training data. Moreover, extending
models with explicit mechanisms to capture known temporal effects might improve
performance in these cases, but doesn’t allow to discover unknown temporal effects
in a data driven way. We therefore hypothesize that ultimately it will be necessary
collect to training data that contains more temporal effects.

Our study further revealed critical shortcomings of the benchmarks used to eval-
uate video saliency models. During the last years, deep learning based models
have been continuously improving the state-of-the-art performance on established
benchmark datasets like LEDOV. Unlike commonly assumed, however, these perfor-
mance gains did not reflect the better use of temporal information to predict where
people look. This kind of benchmarking problem is particularly problematic for
deep learning, where benchmarks are used as the main and often only method for
model validation due to the inherent difficulty to interpret deep neural networks.
Solving the benchmarking problem is however easier to resolve in our case than
problems with the training data as it does not require collecting new data. With
our meta-benchmark we provide a viable extension to the established benchmarks
that explicitly measures the influence of temporal features on human gaze. For any
improvements in model mechanisms or training data, it is thus possible to evaluate
success in learning temporal effect in comparison to established models (e.g., Kocak
et al., 2022).

In summary, our study highlights the importance of data quality and evaluation
protocols for the successful application of deep neural networks. Limitations of
the available eye movement datasets restrict the scope of current video saliency
models for now. Our analysis demonstrates clear temporal effects and suggests clear
directions for improvement, so that we see great potential for future deep video
saliency models.
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4 Unsupervised Object Learning via Common Fate
This chapter is based on the following publication:

¢ Matthias Tangemann, Steffen Schneider, Julius von Kiigelgen, Francesco Lo-
catello, Peter V. Gehler, Thomas Brox, Matthias Kiimmerer, Matthias Bethge,
Bernhard Schélkopf. Unsupervised Object Learning via Common Fate. CLeaR
2023.

This project was initiated by M.T. and M.B., and led by M.T. The experiments were
implemented and executed by M.T. and S.S. in close collaboration: M.T. rendered
the Fishbowl dataset and implemented the motion segmentation stage and the
architecture of the object and background models. S.S. implemented the scene
model. J.v.K. developed the mathematical formalization of the model. The initial
draft was written by M.T. and all authors helped to shape the project in internal
discussions and contributed to the published version of the paper.

4.1 Motivation

Humans perceive the visual world in a compositional fashion. We perceive scenes
as being composed of objects, which can be freely rearranged and recombined to
represent infinitely many scenes (e.g., Biederman, 1976, Feldman, 2003; Fodor
and Pylyshyn, 1988; Quilty-Dunn et al., 2023). This compositional representation
of scenes is commonly believed to be the foundation of humans’ capability to
quickly adapt to novel situations. In contrast, deep neural networks rival human
visual capabilities within the training regime (LeCun et al., 2015) but fail to learn a
compositional representation that generalizes systematically (Montero et al., 2021;
Schott et al., 2022).

The field of object-centric learning strives to learn a compositional scene repre-
sentation without human supervision (Goyal & Bengio, 2022; Greff et al., 2020;
Lake et al., 2017). Object-centric DNNs are typically based on autoencoders with a
latent representation that is factorized into slots by design and trained to reconstruct
the input scene (Burgess et al., 2019; Locatello et al., 2020; see Yuan et al., 2023
for a review). By adopting a variational autoencoder framework, this approach
can be extended to learn a distribution over scenes that allows for the generation
of novel scenes (e.g., Engelcke et al., 2021; Eslami et al., 2016). While these meth-
ods successfully learn an object-centric representation for simple synthetic scenes
composed of colored 3d primitives or digits, they have been shown to fail on more
complex scenes which involve textured objects (Karazija et al., 2021; Weis et al,,
2021). Moreover, previous approaches typically only learn to represent the visible
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object parts which prevents true compositional generalization as objects can only be
meaningfully rearranged if they are represented completely.

In this project, we aim to improve object-centric representation learning by taking
inspiration from human vision. A range of studies in developmental psychology have
allowed to draw conclusions about object learning in infants by using a habituation
paradigm to measure the perceptual similarities of scenes at different ages (Kellman
& Spelke, 1983; Needham, 1998; Spelke, 1990). These studies indicate that motion
and depth cues dominate visual perception in early infancy, while appearance
cues are only effective later. It has thus been hypothesized that the early cues
like the principle of common fate provide an internal learning signal for learning
the appearance of objects. While a line of work exists that extended object-centric
models to videos (e.g., Z. He et al., 2019; ]. Jiang et al., 2020; Kosiorek et al., 2018),
none of these methods attempted to use motion information more explicitly as
suggested by developmental psychology. In this project, we aimed to close this gap
by implementing an object-centric model that uses the principle of common fate to
identify objects and to self-supervise learning an internal object model that allows
to complete partial views.

4.2 Results and synopsis

We proposed a multi-stage generative model for compositional scene representation
(Figure 3). As the first stage, we used an off-the-shelf motion segmentation model
(Keuper et al., 2015) to detect moving regions in the scene. This candidate segmenta-
tion is then used as an internal signal to guide the learning of generative models that
represent backgrounds and objects, respectively. For both the object and background
models, we adopt a variational autoencoder framework but limit the reconstruction
loss to the regions that are predicted relevant by the motion segmentation. Finally,
the object and background models are combined into a generative, compositional
scene model that learns a distribution over object counts and arrangements.

To evaluate our model, we created a synthetic dataset positioned between the
simplistic datasets used by previous works and natural scenes. Additionally to the
input videos and ground truth segmentation, we rendered the unoccluded objects for
all evaluation videos in order to test the model’s capability for amodal completion.

Overall, we found that our infant vision inspired approach to object learning
improved over previous object-centric models in several ways:

The object model learns to represent complete objects. During training, the
motion segmentation stage only yields partial mask for the occluded objects. Nev-
ertheless, our object model successfully learned to reconstruct complete objects
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across various occlusion levels. This result indicates that learning complete objects
is the simplest internal model that explains the various partially occluded object
views during training, without requiring explicit supervision on the hidden parts.
Furthermore, we found that the ability of the model to complete objects critically
depends on the quality of the motion segmentation: Simulating a perfect motion
segmentation using ground truth data revealed a substantial gap to our model,
especially for highly occluded objects.

Our model scales to more realistic inputs. A model comparison confirmed previous
results which showed that existing object-centric models struggled to learn objects
for more realistic, textured scenes. In particular, we observed some models to learn a
viable scene reconstruction without a correct segmentation, and failures to generate
novel scenes. Our approach outperformed previous approaches both in terms of
compositional representation and visual quality.

Our model allows for controlled scene generation beyond the training distribution.
The scene model in our approach uses the object and background models as basic
building blocks, and only captures high-level scene parameters like the distribution
of object counts and locations. This compositional sampling process allows for
controlled interventions, such as moving or exchanging individual objects in a scene
(Figure 4). Moreover, it is straightforward to meaningfully generalize beyond the
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Figure 4: Our models represents scenes in a compositional way, and thus allows to
intervene on individual objects.

input data and create, for example, scenes with more objects as have been observed
during training.

Our model can quickly adapt to novel scene statistics. As the scene model only
captures high-level parameters, it can be quickly adapted to novel scene statistics
in a few-shot fashion. For example, given a scene in which objects only appear in
certain locations but never in others, the model can be fitted to this new scene statics
using only a single example video.

4.3 Discussion and outlook

In this project, we have shown that insights from developmental psychology can
be successfully transferred to a computer vision setting. Using common fate as an
internal learning signal allowed us to scale object-centric representation learning to
more realistic, textured inputs and to represent scenes in a more physically plausible
way. Following our work, several other groups have further improved the quality
and segmentation performance of motion-based object centric models (Bao et al.,
2022; 2023; Chen et al., 2022; Choudhury et al., 2022; Karazija et al., 2022).
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While the use of motion information is a promising path towards scalable object-
centric learning, alternative approaches have enabled improvements more quickly
during the years following our initial publication. Large-scale self-supervised models
like DINO (Caron et al., 2021; Oquab et al., 2024) have been demonstrated to learn
a visual representation that successfully transfers to many downstream tasks. While
not build as compositional models, applying standard object-centric learning or
clustering methods to their internal representation has resulted in scalable object
discovery (Seitzer et al., 2023; X. Wang et al., 2024; X. Wang et al., 2023; Zadaianchuk
et al., 2023). In the same way, non-compositional image generation models like Stable
Diffusion (Rombach et al., 2022) have been shown to learn a good basis for object
discovery as well (Couairon et al., 2024). Moreover, the Segment Anything Model
SAM has been a breakthrough in image segmentation which has been enabled by
supervised learning on carefully engineered training data at unprecedented scale
(Kirillov et al., 2023). The success of SAM challenges the necessity of human-like,
unsupervised segmentation learning for practical applications.

Beyond these advancements in computer vision, progress in Al has been mainly
driven by large language models (Brown et al., 2020; Touvron et al., 2023) and
extensions of these models to support vision (Liu et al., 2023; OpenAl et al., 2024).
While evidence from cognitive science shows that a compositional representation
precedes the emergence of language (Fedorenko et al., 2024), the available mass of
text on the internet represents a unique shortcut for engineering. After all, language
is an inherently compositional system that reflects human perception of the world, so
that training on large amounts of text is expected to foster learning a compositional
representation.

While classical object-centric learning might therefore seem less relevant now,
many of the underlying questions are not yet solved even by the most sophisticated
models. Several studies have pointed out striking failures of large multimodal
models to capture the fundamental spatial and physical regularities that govern
our visual environment (Bonnen et al., 2024; Ramakrishnan et al., 2024). Moreover,
object-level control is still an active area of research in state-of-the-art generative
models (Wan et al., 2024). Machine vision thus does not yet represent scenes as
a coherent spatial arrangement of three-dimensional objects and their physical
relations—which infants learn at very young age. Our model’s capability for amodal
completation by the representation of complete objects is a step in this direction at
a small scale. Insights from developmental psychology and careful comparison to
human perception have the potential to further guide the improvement of spatial
reasoning in large scale models.
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5 Object segmentation from common fate: Motion energy
processing enables human-like zero-shot generalization to
random dot stimuli

This chapter is based on the following publication:

¢ Matthias Tangemann, Matthias Kiimmerer, Matthias Bethge. Object segmenta-
tion from common fate: Motion energy processing enables human-like zero-shot
generalization to random dot stimuli. NeurIPS 2024.

This work was initiated and led by M.T. All authors supported the design of this
study. The model was designed by M.T., who also implemented and executed all
experiments. The paper was written by M.T., with valuable contributions from M.B.

5.1 Motivation

The principle of common fate, which states that elements that move together belong
together, is an essential cue utilized by the human visual system for perceptual
organization (Wertheimer, 1912). In the previous project, we took inspiration from
developmental psychology (Spelke, 1990) to develop a model that learns a com-
positional scene representation based on motion information. A critical factor for
learning a good scene representation was the quality of the motion segmentation,
which we assumed as given in the previous project by using an off-the-shelf approach
from computer vision. While this assumption is plausible from the perspective of
developmental psychology (Arterberry & Kellman, 2016), we don’t have a good
understanding yet of the mechanisms used by the human brain to segment moving
objects in real world scenes (Nishida et al., 2018). In this project, we therefore aimed
to find a good model of moving object perception in humans and tested a wide
range of computer vision models for alignment with human perception.

A crucial property of the principle of common fate in human vision is the ability
to detect moving objects irrespective of their visual appearance. This independence
from appearance is essential when using common fate as a learning signal for object
appearance in infancy, but also supports robust visual perception in cases where
appearance information is unreliable during adulthood. A striking example are
camouflaged animals, which are hard to detect based on their visual appearance but
easily spotted by humans when moving. In controlled vision science experiments,
many previous works have used random dot stimuli in order to study motion
processing in isolation (e.g., Johansson, 1973, Newsome and Pare, 1988). Based
on a natural video, it is possible to construct corresponding random dot stimuli
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Figure 5: We compared optical flow methods and a neuroscience inspired motion
energy model for the downstream task of appearance free motion seg-
mentation. For each motion estimation model, we trained a segmentation
network on vidoes of moving objects. We tested all models on i.i.d. eval-
uation videos and corresponding random dot videos which preserve the
motion but erase the appearance information of the original videos. The
neuroscience inspired motion energy model substantially outperforms all
optical flow models in terms of generalization to random dots.

that preserve the motion information of the original video but remove all appear-
ance information. Nevertheless, humans have been shown to reliably recognize
moving objects using motion information alone without prior exposure to random
dot patterns (Robert et al., 2023). In this project, we therefore evaluated which
computational models are aligned with human visual perception and support the
segmentation of random dot patterns.

5.2 Results and synopsis

Motion segmentation is typically approached as a two stage process. In the first stage,
a dense motion field is estimated for the input video which is then used as input for
the segmentation model. Using two-frame optical flow estimators for the first stage,
this approach has enabled impressive performance gains on standard computer
vision benchmarks (Tokmakov et al., 2019; Xie et al., 2022). For generalization
to random dot stimuli, the motion estimation stage should be ideally invariant to
changes in texture. We therefore focused on testing a large range of optical flow
models, while keeping the segmentation stage of the model fixed. Additionally
to standard optical flow models, we tested a neuroscience inspired motion energy
model (Simoncelli & Heeger, 1998). While originally developed to explain the firing
rates of neurons involved in motion perception in visual area MT, this model can
be applied to videos in a dense fashion and used as the first stage of a motion
segmentation approach.
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We created a benchmark dataset for testing generalization to random dot stimuli
(Figure 5). Using the Kubric simulator (Greff et al., 2022), we created videos of
scanned objects that are moving relative to the background. For each motion
estimation model, we used a subset of the videos to train the segmentation stage
for figure-ground segmentation. Critically, the training set only contained the
unmodified, textured videos. For evaluation, we applied the models to both the
original videos and the corresponding random dot videos from a separate validation
subset. The motion in both conditions is the same by construction, such that
appearance-agnostic models should reach the same performance for both conditions.
However, our analysis revealed a large difference between the computer vision and
neuroscience inspired models:

State-of-the-art motion segmentation does not generalize to random dots. Over-
all, the computer vision approaches excel on the ii.d. test set and allow for an
almost perfect segmentation of the original videos. However, all models performed
substantially worse for the random dot stimuli. This performance gap was particu-
larly the large for the most recent optical flow models that perform best in standard
benchmarks (e.g. Shi et al., 2023), with GMFlow (Xu et al., 2022) being a notable
exception.

A classic motion energy model enables generalization to random dots. Despite
predating deep learning and not being designed for dense motion estimation in
a computer vision setting, the motion energy model of Simoncelli and Heeger
(1998) can be successfully used in a modern motion segmentation pipeline. The
performance on the original videos does not match the performance enabled by state-
of-the-art optical flow models, but outperforms several of the early deep learning
based methods. Most importantly, however, the motion energy model substantially
outperforms all optical flow models in terms of generalization to random dots by a
huge margin.

While it has been shown that humans can classify objects in moving random
dot patterns (Robert et al., 2023), it has not been systematically tested before how
well humans can segment objects. We therefore performed a psychophysical shape
identification task to directly compare humans and machines (Figure 6). In each trial,
a random dot video was shown to the participants. After the video stopped playing,
the participants had to select one of two alternative shapes which they observed in
the video. We applied the segmentation algorithms to the same task, by using them
to segment the random dot video and predict the shape alternative with the larger
overlap as measured by IoU.
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Figure 6: We directly compared human and machines for random dot motion seg-
mentation in a psychophysical experiment. Participants had to identify a
shape in a random dot stimulus given two options that where only shown
after the video stopped playing. Only the motion energy model, but not
state-of-the-art optical flow models, enabled reaching human performance.

Only the motion energy model matches human perception in a direct comparison.
The human participants performed well in the task, reaching an accuracy of 80%
correct on average. While some of the optical flow based motion segmentation
models reached a non-trivial performance on this task, they fell behind human
capabilities by a substantial margin. The motion energy based motion segmentation
model was the only model to match human performance and performed similarly
as the best participants in our study.

5.3 Discussion and outlook

Deep neural networks have been described as “promising—but not yet adequate”
models of human vision (Wichmann & Geirhos, 2023). Much research has been com-
paring human perception and computer vision for the task of core object recognition.
Successes such as high task performance on natural scenes and prediction of neural
firing rates (Yamins et al., 2014) are accompanied by striking differences to human
vision (Geirhos et al., 2020). Motion perception is an essential aspect of human vision
where computer vision reached high task performance, but only few studies com-
pared humans and machines in this setting (Y.-H. Yang et al., 2023) and our work is
the first to compare humans and machines for the task of segmenting moving objects.
While humans are able to apply the Gestalt principle of common fate independently
of appearance, our analysis revealed a striking failure of state-of-the-art optical flow
models in this case. Our study therefore makes an important contribution towards a
comprehensive evaluation of DNNs as models of human vision and complement
other works on core object recognition that point out differences between human
and machine perception despite high task performance.

We see motion perception is particularly promising for closing the gap between
human perception and computer vision since the low-level mechanisms for mo-
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tion detection have been extensively studied in neuroscience. Starting with the
model proposed by Hassenstein and Reichardt (1956), numerous models of motion
perception have been proposed and extensively validated using psychophysical ex-
periments and neural recordings (Adelson & Movshon, 1982; Simoncelli & Heeger,
1998). Our study, as well as a parallel work by another group (Z. Sun et al., 2023),
demonstrate the possibility to transfer these approaches to modern computer vision.
Despite receiving much less attention than mainstream computer vision approaches,
the gap in task performance is surprisingly small. Therefore we hypothesize that
models which unify task performance with similarity to human perception are in
reach. Most importantly, these models have the potential to realize the promise of
deep neural networks as scientific models to bridge neural mechanisms and human
behavior (Doerig et al., 2023). Our work is an important step in this direction, as it
revealed a compelling link between the mechanisms of cortical motion processing
and the Gestalt principle of common fate.

Finally, our work might offer some inspiration to build better computer vision
systems for motion perception. The high performance of contemporary optical flow
networks comes at the prize of large models with high computational cost while
the motion energy energy model has several orders of magnitude fewer parameters
but offers promising performance. Inspiration from neuroscience might therefore
support applications where efficiency is critical, such as fast-moving mobile robots
where standard computer vision methods are not adequate (Falanga et al., 2020).
Moreover, established optical computer vision methods have been shown to be
highly susceptible to noise (Geirhos et al., 2018), while the motion energy model
was highly robust to appearance changes in our setting. Studies like ours, that are
positioned at the intersection of neuroscience and machine learning, might therefore
directly contribute the advancement of computer vision applications in these cases.
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6 Discussion

Humans excel at interpreting complex visual scenes by structuring raw sensory
input into high-level, object-centric representations. Motion is considered a key
cue in this process, influencing the development of visual perception, attention and
the grouping of scene elements. While extensive research has provided insights
into these aspects using highly controlled, artificial stimuli, recent advances in deep
learning have enabled models that predict human behavior and neural responses
in more naturalistic settings. However, prior studies have primarily focused on
modeling object recognition in static images. In this thesis, we extend this approach
to examine the role of motion in different aspects of scene perception.

* Chapter 3 investigates motion as an attention cue. Using eye-tracking data from
video datasets, we identified clear effects of motion on gaze behavior in natural
scenes. However, we also found that such effects are rare in existing bench-
marks. To address this, we introduced a meta-benchmark that consolidates
relevant cases across datasets.

e Chapter 4 explores motion as a learning cue. We developed a model that
learns to disentangle objects and background representations based on motion
information. This approach captures key aspects of human scene perception,
including the ability to infer occluded object parts and generate novel scenes
beyond the training distribution.

* Chapter 5 examines motion as a segmentation cue. Humans can segment objects
from the background in random-dot motion stimuli without prior experience.
We showed that a motion energy approach, unlike traditional optical flow
algorithms, enables this appearance-free motion segmentation and thus provide
a link between cortical mechanisms of motion processing and the Gestalt
principle of common fate.

This work bridges neuroscience, cognitive science, and artificial intelligence. A
central aspect of this emerging field of NeuroAl is the two way interaction between
those fields: Deep neural networks are used as scientific models with the aim to
improve our understanding of human vision, and human vision serves as inspiration
to build more capable artificial vision systems (Momennejad, 2022). In this spirit, the
following discussion first focuses on our findings regarding how the human visual
system utilizes motion. We then consider implications for artificial vision systems
before concluding with an outlook on research at the intersection of human and
machine vision.
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6.1 Human vision

Motion has long been recognized as a central cue in human vision, playing a crucial
role in directing attention (Rosenholtz, 1999), learning object representations (Spelke,
1990), and structuring visual scenes (Wertheimer, 1912). The studies presented in
this thesis reinforce the significance of motion in all these contexts. By leveraging
deep learning, we extend this line of research in several important ways, providing
new insights into how motion influences human vision in naturalistic settings and
by advancing the available tools to study these processes.

Classical studies on human vision have often relied on simple and controlled
stimuli, such as moving dots and gratings (Simoncelli & Heeger, 1998). While
these studies have been invaluable in identifying fundamental mechanisms, real-
world vision involves vastly more complex inputs. Deep neural networks have
demonstrated great task performance on natural inputs, and as such are considered
a promising method for scaling models of human vision (Wichmann & Geirhos,
2023). Our work contributes to realizing this potential and helps bridging the gap
between controlled experiments and real-world perception. In Chapter 3, we showed
that deep learning can be used to disentangle the influence of static and temporal
features in video saliency. By applying this method to an established eye-movement
dataset, we systematically identified cases where motion influences human attention
in a data-driven way. In Chapter 5, we combined a classical neuroscience-inspired
model of motion perception (Simoncelli & Heeger, 1998) with deep neural networks
into a figure-ground segmentation model for naturalistic videos. The interpretation
of motion patterns in terms of high-level scene structure has been recognized as an
important open question in motion perception (Nishida et al., 2018). By connecting
low-level mechanisms of cortical motion processing to the Gestalt principle of
common fate in naturalistic scenes, we made an important contribution to closing
this gap. Across projects, our work therefore advances a more holistic understanding
of human vision under more natural conditions.

While deep neural networks have generally been praised for their high task
performance, their usefulness as models for vision science has been questioned
(Bowers et al., 2023). In particular, critics argue that DNNs do not contribute
to our understanding of human vision because they are inherently difficult to
interpret. Our studies make relevant contributions to this debate. On the one
hand, our work on benchmarking video saliency models in Chapter 3 highlights
the risks of the benchmark-driven approach in contemporary machine learning.
Discrepancies between the intention of a benchmark and factors influencing good
performance may lead to false conclusions that are difficult to detect. On the
other hand, our work shows that these problems can be addressed through careful
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analysis. By using a restricted baseline model, we were able to reveal benchmark
shortcomings and provide a subset that allows for more rigorous testing of video
saliency models. Vision science has a long tradition of designing experiments and
controls to support reliable conclusions about human vision. When approaching the
design and evaluation of benchmarks with the same rigor, we see deep learning as
valuable addition to more established research methods. Furthermore, our work on
motion energy segmentation in Chapter 5 demonstrates that it is possible to combine
classical, interpretable models from computational neuroscience with deep learning
to unify interpretability and task performance. We see great potential in such an
“interpretability-by-design” approach for future research. In summary, our work
demonstrates that deep learning can be a useful tool to advance our understanding
of human vision, but, like any research method, it requires careful experimental
design and an awareness of its limitations.

Beyond scaling towards natural scenes, deep learning enables more specific formu-
lation of hypotheses. Developing an image-computable model requires specifying
a connection between low-level mechanisms and observed behavior—a link still
missing for many aspects of human vision (Doerig et al., 2023). Motion has long
been hypothesized as a key cue that infants use to decompose scenes into objects
(Spelke, 1990). Similarly, since the early works on Gestalt psychology, common fate
has been described as a fundamental principle for perceptual organization in the
adult visual system (Wertheimer, 1912). For both cases, we contributed to a more pre-
cise understanding of the underlying mechanisms by providing image-computable
models that are able to make predictions for arbitrary videos (Chapters 4 and 5).
The predictions of our models align with human perception in several ways, such as
amodal completion and the ability to segment random dot stimuli. Future experi-
ments may reveal differences between our models and human perception, leading
to refinements and improvements. In the spirit of the neuroconnectionist research
program (Doerig et al., 2023), we see the models proposed in this work as executable
hypotheses that advance our understanding of the connection between mechanisms
and behavior. In this way, our work represents a significant advancement in the
study of motion perception in humans.

Deep learning has substantially improved models of visual perception during the
last years. However, several challenges remain in building a complete computational
model of scene perception in human vision (Serre, 2019; Wichmann & Geirhos, 2023).
First, we don’t have a complete understanding of the similarities and differences
between human and machine vision yet. While many studies evaluated deep
neural networks as a model for core object recognition, other aspects like motion or
depth perception have just begun to be explored. Second, despite human-like task
performance offered by DNNs, more detailed analyses reveal differences between

45



human perception and computer vision in many cases, for example in terms of
error patterns or robustness (Geirhos et al., 2020). Third, we are lacking methods to
translate the predictive performance of DNNs into tangible explanations of human
perception (e.g. Saxe et al., 2021). This includes both tools for interpreting the
learning outcome of deep neural networks as well as tools for integrating classical,
interpretable methods with the power of deep learning.

In summary, this thesis extends research on motion perception in human vi-
sion by leveraging deep learning to analyze motion’s role in gaze behavior, object
learning, and segmentation. By pushing towards naturalistic stimuli, providing
image-computable models as executable hypotheses, and linking mechanisms with
behavior, we contribute to a more comprehensive understanding of motion in human
vision.

6.2 Machine vision

Throughout the history of artificial intelligence, inspiration from natural intelligence
has played a crucial role in advancing computational models (e.g., Fukushima, 1980;
Rosenblatt, 1958). Whether this approach remains valuable is an open debate (Hass-
abis et al., 2017; Zador et al., 2023). On the one hand, the human brain provides a
proven implementation for general intelligence and understanding the underlying
mechanisms would certainly be valuable for building an artificial models. However,
the mechanisms of the brain are most likely not the only possible implementation.
Recent developments, particularly in large language models, suggest a growing
divergence between the solutions driving human intelligence and artificial intelli-
gence. Our work contributes to this discussion by offering concrete examples of both
potential successes and limitations of biologically inspired Al
One of the most direct instances of inspiration from human vision in our work
is found in Chapter 4, where insights from from infant learning helped to improve
object-centric learning. While this approach was beneficial within the specific context
of object-centric representations, it remains an open question whether object-centric
learning itself is the right approach for artificial vision. Models such as the Segment
Anything Model SAM (Kirillov et al., 2023) demonstrate the strengths of supervised
learning, while representation learning approaches such as DINO (Caron et al., 2021;
Oquab et al., 2024) and CLIP (Radford et al., 2021) show that non-compositional
methods can be highly effective. These models, however, diverge significantly from
the way humans learn, reinforcing the question of whether biologically inspired
approaches are necessary for achieving artificial vision.
Despite these differences, there are reasons to seek inspiration from human vision,
particularly in designing interfaces between AI and humans. Al systems will
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increasingly interact with people, and their usability could benefit from making
errors that resemble human mistakes. This could also have implications for Al safety,
as systems that fail in ways understandable to humans may be easier to predict and
control (Mineault et al., 2024). Moreover, studies on human vision can guide Al
research by highlighting critical areas where artificial models diverge from human
perception. In Chapter 5, we have demonstrated striking differences between human
and machine motion perception in terms of robustness to appearance changes. Other
authors have shown, for example, substantial differences in humans and machines
regarding aspects of spatial vision (Bonnen et al., 2024, Ramakrishnan et al., 2024).
By identifying such discrepancies, research on human vision can provide insights
into improving artificial vision systems—regardless of whether the solutions come
from biological inspiration or engineering.

We see improving the efficiency of dynamic scene perception as a particularly
promising area where research on human vision might inspire artificial vision
systems. Typical state-of-the-art models treat motion as an extension of image-
based approaches rather than exploiting unique temporal properties of dynamic
scenes. For instance, optical flow networks often rely on only two frames, treating
motion as an image-matching problem rather than a true temporal inference task
(Xu et al., 2022). Similarly, methods for object tracking mostly follow a tracking-by-
detection approach and focus most of their computation on single-frame analysis,
with only minimal processing devoted to frame-to-frame associations (e.g., Lv et al.,
2024). Likewise, leading motion segmentation and video object segmentation models
prioritize segmenting individual frames before integrating them over time (Ravi
et al., 2024; Xie et al., 2024). This results in computational inefficiencies that make
deep learning models difficult to deploy in real-time applications that require high
frame rates. In contrast, biological vision systems, from insects to primates, exhibit
highly efficient motion processing mechanisms. Using a neuro-inspired motion
energy model in Chapter 5 has shown promising performance in direct comparison
with recent optical flow models, despite having several orders of magnitude fewer
parameters. We therefore see significant potential for further improving computer
vision systems by drawing from these biological strategies.

6.3 Outlook

The fields of neuroscience and artificial intelligence have a common history, and the
emerging field of NeuroAl renews the interest in bidirectional inspiration between
those fields (Doerig et al., 2023, Momennejad, 2022; Zador et al., 2023). The projects
in this thesis have contributed in both directions by using deep neural networks
as models of motion perception in humans and using insights from neuroscience
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and developmental psychology to build more capable machine learning models. In
the future, we see great potential for NeuroAl to advance our understanding of
intelligence. Benchmarks inspired from human capabilities may provide guidance
towards more capable and more reliable artificial vision systems, and mechanisms
evolved in biological brains may provide directions for increasing efficiency. In
particular, we expect substantial progress in understanding the human visual sys-
tem by using deep neural networks as scientific models. Deep learning is highly
successful in solving vision tasks for natural stimuli. While studies have shown
striking difference between contemporary DNNs and human perception, many
works, including our own, have also shown paths towards narrowing this gap in the
future (Geirhos et al., 2021; Jaini et al., 2024). Building a complete model of human
visual perception therefore seems possible, and we expect that working towards this
goal will significantly advance vision science.
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Abstract. Where people look when watching videos is believed to be
heavily influenced by temporal patterns. In this work, we test this
assumption by quantifying to which extent gaze on recent video saliency
benchmarks can be predicted by a static baseline model. On the recent
LEDOV dataset, we find that at least 75% of the explainable informa-
tion as defined by a gold standard model can be explained using static
features. Our baseline model “DeepGaze MR” even outperforms state-of-
the-art video saliency models, despite deliberately ignoring all temporal
patterns. Visual inspection of our static baseline’s failure cases shows
that clear temporal effects on human gaze placement exist, but are both
rare in the dataset and not captured by any of the recent video saliency
models. To focus the development of video saliency models on better cap-
turing temporal effects we construct a meta-dataset consisting of those
examples requiring temporal information.

Keywords: Gaze prediction - Saliency + Video - Temporal modelling -
Model evaluation

1 Introduction

The human visual system processes information from the environment selec-
tively. Several attention mechanisms limit the amount of information to be pro-
cessed and thus enable efficient perception of the world (e.g., [9]). The most obvi-
ous form of attention is the shifting of gaze, which orients the high-resolution
fovea towards areas of interest.

Modelling those gaze shifts is an important topic in computer vision. Predic-
tive models of human gaze have the potential to advance our understanding of
human visual attention, for example by aiding the development of hypotheses
that can be tested with human subjects [7]. Besides their scientific usefulness,
such models have various technical applications. They can be used for graphic
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design [6], automated cropping, video compression [11] or other computer vision
tasks (e.g., [48]).

Great progress has been made recently in predicting where people look in
still images. With the use of pre-trained models the performance improved from
1/3 to more than 80% of explainable information explained (e.g., [25,27]). Since
the human visual system developed in a dynamic environment, there is growing
interest to also model human gaze on videos. Previous studies revealed that
motion patterns are an important factor attracting visual attention [8,16,39]. All
recent video gaze models therefore are based on temporal modeling components
such as recurrent units or spatiotemporal convolutions to capture those dynamic
patterns.

To which degree those temporal patterns influence human gaze on natural
videos and to which degree the recent performance improvements in video gaze
prediction can be attributed to capturing these effects, however, has not been
evaluated thoroughly so far. With our work we aim at filling this gap, by pro-
viding a method to measure the influence of temporal patterns on human gaze.
We construct a static baseline model that by design cannot capture temporal
effects and compare its performance to a gold standard model estimating the
total information in the ground truth gaze data. The performance difference to
the gold standard then represents an upper bound to the influence of temporal
effects on the respective dataset. Furthermore, by looking at the largest fail-
ure cases of our static baseline, we can identify situations in the dataset where
human gaze is driven by temporal patterns. Evaluating gaze prediction models
on those situations then lets us draw conclusions about the capabilities of models
to predict temporal effects.

Applying this method to the recent LEDOV dataset [20] and state-of-the-art
video gaze models we arrive at the following conclusions: (1) Human gaze place-
ment on the videos contained in the LEDOV dataset is largely driven by spatial
appearance. (2) Clearly identifiable temporal effects on human visual attention
exist, but occur rarely in the videos considered. (3) We need to construct suit-
able video data sets to enable learning based models to capture temporal effects.
Indeed, we show that all other recent video gaze models with the capacity for
temporal modelling fail in the same situations as our restricted model.

We explicitly note that the main contribution of our work are above findings
and the proposed evaluation method that we need to come to those findings,
but not the static baseline model that is required for our analysis. Interestingly
though, our baseline model outperforms state-of-the-art video gaze prediction
models on the LEDOV and DIEM [34] datasets—despite deliberately ignoring
all temporal information.

To enable other researches to apply our proposed evaluation method more
easily, we collect a meta-benchmark from existing datasets that contains the
situations requiring temporal information revealed by our analysis. The perfor-
mance of new models on this meta-benchmark indicates how much an improved
predictive performance can be attributed to better handling of temporal effects.
We will make this meta-benchmark as well as our pre-trained baseline model
publicly available.
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2 Related Work

Substantial progress has been made on the task of gaze prediction for free view-
ing of images. While the influential model by Itti and Koch [18], inspired by
Treisman and Gelade’s feature integration theory [45], was devised to explain
effects observed in visual search originally, it also achieved first successes in
predicting where people look. Since then, more than 50 models have been pro-
posed predicting probable gaze locations based on image content (for a recent
comparison see, e.g., [12]). As in other areas of computer vision, the advent
of deep learning gave rise to models greatly improving state-of-the-art perfor-
mance [15,24,27,35,46]. DeepGaze II [27], the current state of the art model on
the MIT Saliency Benchmark [5], captures 81% of the explainable information
gain on that dataset (explainable information gain is an information-theoretic
analogue of explainable variance, see [25] for details).

In contrast, gaze prediction for videos only recently attracted more attention.
Several datasets and models have been developed, but neither a widely accepted
benchmark nor an estimate of the amount of explainable information in those
datasets exist. This makes an evaluation of the state of the field difficult.

Recently, two video gaze datasets have been introduced that are large enough
to train deep neural network based models: LEDOV [20] and DHF1K [47].
More recently, Wang et al. also provided gaze recordings for video segmentation
datasets [48]. The gaze recordings provided by Mathe and Sminichescu [32] for
the Hollywood and UCF-Sports dataset are large enough for deep learning based
approaches, but most of the subjects have not been recorded in the free-viewing
setting. Several small datasets exists that provide high-quality recordings (e.g.,
DIEM [34], for an overview see [20]).

Starting with an extension of the Itti and Koch model to videos [16,17],
several models predicting gaze specifically for videos have been proposed
[10,13,14,30,38,40,41,51-53]. The performance of video gaze models has been
greatly improved with the advent of deep learning. Bazzani et al. [3] trained
a recurrent neural network based on features extracted from a spatiotemporal
DNN predicting gaze using a mixture of Gaussians. The models by Wang et
al. [47] and Wu et al. [50] pair convolutional LSTM units with an attention
mechanism. Bak et al. [2] proposed a two-stream network using optical flow in
parallel to RGB features. This two-stream approach has also been combined
with convolutional LSTM units by [19,20] and with convolutional GRU and an
attention mechanism by [28]. Linardos et al. [31] proposed a model based on an
exponential moving average of frame-wise features. Very recently, [33] and [43]
proposed spatio-temporal encoder-decoder networks for video gaze prediction.
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3 Methods

The main objective of our work is to evaluate the influence of temporal patterns
on human gaze. To that end, we propose a baseline model that cannot learn
temporal patterns by design but predicts human gaze on videos solely relying
on static appearance. This baseline model is then compared to a gold standard
model as an estimate of the total information in the ground truth gaze data.
The performance difference between those models represents an upper bound of
the influence of temporal patterns on human gaze placement.

3.1 Center Bias

The center bias is an important lower baseline. It is obtained by blurring and
normalizing a histogram of all gaze positions in the training set. As humans tend
to look at the center of images [44] and videos are usually recorded such that
interesting objects are in the middle of videos, there is a clear bias in the gaze
data towards the center of the videos. The center bias therefore represents a
prior distribution of gaze position independent of visual content. Predicting this
spatial prior for every frame yields a lower baseline, comparable to the chance
level performance in classification tasks.

The center bias is much stronger in the beginning of each video due to the
subjects fixating the center of the screen before each trial. As described later,
we ignore this effect by not evaluating on the first 15 frames and confirmed
experimentally that a stationary center bias models the remaining data well.
Furthermore, we optimized the blur size using a grid search.

3.2 Gold Standard Model

The maximal performance that gaze prediction models can achieve is limited by
the consistency of the subjects and varies from frame to frame. We use a gold
standard model [49] to measure the inter-subject variability of the gaze positions.
The model predicts where each subject looked given the ground truth informa-
tion from all other subjects on the same frame. This is done by blurring the gaze
positions of all but one subject and performing leave-one-out cross validation.
Moreover, the prediction of the gold standard model is mixed with a uniform
distribution to handle outliers. The gold standard therefore predicts subjects to
look where other subjects look with a high probability, and to randomly look
anywhere on the image with a small probability defined by the mixing coeffi-
cient. The optimal blur size of the gaussian filter and the mixing weight of the
uniform distribution are determined using a grid search.

A high gold standard performance indicates very consistent gaze locations
across all subjects and vice versa. Therefore, the gold standard model yields an
estimate of the maximal performance that can be achieved for every frame. All
reported gold standard performances refer to the leave-one-subject-out perfor-
mance.
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3.3 Static Baseline Model

Our proposed evaluation method requires a static baseline model that cannot
handle temporal effects by design. Initial experiments revealed that DeepGaze 11
[27], the current state-of-the-art model for images, achieves a very competitive
performance when simply applied to videos frame-by-frame (see Sect.4). How-
ever, this instantaneous model ignores delays due to the required processing in
the human brain. This suggests a way to improve the DeepGaze II architecture
for videos by averaging deep features over multiple recent video frames. Based on
this approach, we propose a space-time separable variant of DeepGaze 11 using a
temporal box filter as static baseline model (see Fig. 1), which we call DeepGaze
Mean Readout (DeepGaze MR).

Backbone Readout Finalization

norm

softplus
conv 1x1
resize
blur

v

—

v
softmax

|

v

average over time
conv 1x1

Fig. 1. Architecture of our static baseline model “DeepGaze MR”: A feature represen-
tation is extracted from individual frames in a fixed size window using the VGG-19
network. A non-linear readout network transforms this representation into a priority
map by first averaging the feature channels over time, and then applying a series of
1 x 1 convolutions. The resulting map is then resized, blurred, weighted by the center
bias, and normalized to obtain the final prediction.

Input to our model is a fixed length window of consecutive frames, which
is used to predict the gaze distribution on the last frame (“target frame”) in
this window. We use a window length of 16 frames, which was the optimal value
found using a grid search (see supplement for details).

Backbone. Our model applies the VGG-19 network pretrained on Imagenet
[42] to every frame individually and extracts the representation from the last
convolutional layer (conv5_4) after the nonlinearity. We keep the parameters of
the backbone fixed to prevent overfitting.

Readout. A non-linear readout network is used to transform the feature repre-
sentation into a priority map of probable gaze locations. The readout network
first averages the feature representation over time. A series of 1 x 1 pixel convo-
lutions is then used to non-linearly combine the feature channels to the priority
map. Layer Normalization [1] is used after all but the last convolutional layer
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to stabilize training. As non-linearity we use the softplus function, which is a
smooth approximation of the commonly used ReLLU and avoided units zero-
ing out early in training. We use three convolutional layers with 32, 32, and
one channel, respectively. This optimal instantiation of the readout network has
been found using a random search (see supplement for details).

Finalization. Finally, the output of the readout network is turned into the pre-
dicted probability distribution: First, the priority map is resized to the resolution
of the input. It is then smoothed using a Gaussian with learnable standard devi-
ation per x and y dimension. The logarithm of the center bias density from the
training set is added to the map using a learnable weight, acting as a spatial
prior. Finally, a softmax is applied to obtain the predicted spatial probability
distribution of gaze locations.

Training. Our model is trained using maximum-likelihood learning (Kiimmerer
et al. [26] suggest that this allows for best metric scores in all classic saliency
metrics). Thus, the loss function is the average log-density at gaze locations for
each frame. We use the Adam optimizer [23] with a learning rate of 0.01, which
is decreased by a factor of ten after one and five epochs. In each epoch, only one
random target frame per video is used for training. Experiments confirmed, that
this training scheme is sufficient for our model to converge.

Since our model averages features over time, it is by design not able to rep-
resent temporal patterns such as movements, or appearing and disappearing
objects.

4 Experiments

In this section, we evaluate our baseline models described above on recent video
gaze datasets. We then analyse the baseline predictions in comparison to state-
of-the-art video gaze models to better understand the importance of temporal
effects in video saliency.

The evaluation of gaze prediction models comes with challenges: different
evaluation protocols and metrics typically lead to inconsistent model rankings.
Building on recent work to better understand this evaluation process, we first
describe and motivate the model evaluation approach used in this work.

4.1 Metrics

A large number of metrics exist that are used to evaluate gaze predictions (for
a review see [4]). As typically used, these metrics give rise to inconsistent model
rankings. Kiimmerer et al. [26] proposed to adapt a probabilistic setting, i.e.,
to formulate models so that they predict spatial probability distributions, train
them for log-likelihood and differentiate between predictions and derived saliency
maps. In this way, consistent model ratings can be achieved.

We adopt this setting in our work, and use information gain (average log-
likelihood per fixation compared to the center bias, [25]) as our primary metric.
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To enable a comparison to models that did not use a probabilistic approach, we
additionally evaluate the AUC [22], NSS [36], CC [21], KLDiv [29,37] and SIM
[22] metrics to judge the performance of our model relative to state-of-the-art.
To obtain an overall score for a model, the metrics are applied to the prediction
for every frame individually, and then averaged first over frames and then over
videos.

4.2 Datasets

The main dataset for this work is the LEDOV dataset [19]. It contains 538
short videos (11s on average) with eye tracking data of 32 subjects. The authors
removed smooth pursuits and saccades and artificially stabilized fixations dur-
ing their preprocessing, so this dataset does not allow to investigate the pre-
cise dynamics of individual gaze trajectories. However, the dataset covers the
common factors driving human gaze placement sufficiently well to develop and
compare models. All videos have been rescaled to 640 x 360px and resampled to
30Hz. Models from other groups are evaluated using the resolutions and frame
rates that the respective models have been trained on.

For additional analyses we are using the DIEM dataset [34] (84 videos, 66
subjects on average, mean duration 95.2s). The videos have been padded to
match the viewing conditions reported in the paper and rescaled to 640 x 480px.

The DHF1K dataset [47] is comparable in scope to LEDOV, but contains
artifacts in the provided gaze maps. As those artifacts affect the model scores and
make it impossible to properly evaluate the gold standard model, we excluded
this dataset from our analysis. In the supplemental information we provide more
details on this issue together with overall performance results which suggest that
our conclusions are also valid for DHF1K.

For all datasets, the subject had to fixate the center of the screen before each
trial. We do not evaluate models on the first 15 frames to ignore the centered
gaze due to the experimental paradigm.

4.3 Performance Results

In Table 1, we show the performances of our baselines and other recent gaze mod-
els on LEDOV. Despite deliberately ignoring all temporal effects, DeepGaze MR
performs very well and explains as much as 75% of the explainable information
(as a comparison, the state-of-the-art for images on MIT1003 is 81%). Moreover,
DeepGaze MR performs substantially better than DeepGaze II which confirms
the effectiveness of our proposed adaptations. Interestingly, in AUC our model
matches the gold standard performance, which might be due to the fact that
AUC saturates very quickly. Furthermore, the AUC metric might suffer from
the leave-one-subject-out cross validation applied in the gold standard.

We further compare the performances of our baselines to recent video gaze
prediction models: The DeepVS model [19,20] allows the most direct comparison,
as it was trained on the LEDOV dataset as well. ACLNet [47], SalEMA [31],
TASED-Net [33] and STRA-Net [28] are recent video gaze models developed
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on the DHF1K dataset [47]. For all models, we used the published weights and
adapted size and frame rate of the input videos to match the samples encountered
in the respective model training. As the results in Table 1 show, DeepGaze MR
clearly outperforms all evaluated previous state-of-the-art models on the LEDOV
dataset across all metrics, despite being designed as a static baseline model.

Table 1. Performance comparison of recent gaze prediction models on the LEDOV
dataset. The information gain can only be evaluated for models that predict a spatial
probability distribution. All models have been applied using the published weights.
TASED-NET, SalEMA, ACLNet and STRA-Net have been trained on the DHF1K
dataset, DeepGaze II on SALICON and MIT1003.

LEDOV val
Model ' IG | %  AUC | CC |KLDiv| NSS | SIM
Center bias 0 | 0 | 0833 0.157| 3.521 | 1546  0.062
TASED-Net [33] | - | - | 0.887 0.647 | 3.214 | 3.498 | 0.496
STRA-Net [28] | - | - |0.890 0.610  2.315 | 3.324 | 0.460
SalEMA [31] - | - 1 0.890 | 0.596 | 2.573 | 3.331 | 0.466
ACLNet [47] - | - 0.892 | 0.587 | 1.905 | 3.156 | 0.430
DeepVS [19] - | - 0894 0397 | 2445 | 3.098 | 0.210
DeepGaze 11 [27] | 1.216 | 62.8 | 0.908 | 0.588 | 1.259 | 3.368 | 0.434
DeepGaze MR | 1.445 74.6 0.917 0.665 1.105  3.857 0.498
Gold standard 1.961 | 100 | 0.917 - - 4.992 -
LEDOV test

Model ' IG | % | AUC | CC |KLDiv| NSS | SIM
Center bias 0 | 0 | 0844 0.142 | 3.689  1.585 | 0.057
SalEMA [31] - | - 0.897 | 0.590 | 2.377 | 3.152 | 0.465
TASED-Net [33] | - | - | 0.897  0.650  2.965 | 3.361  0.505
ACLNet [47] - | - 0.898 | 0.573 | 1.667 | 2.922 | 0.435
STRA-Net [28] | - | - |0.899 0.597  2.024 | 3.130 | 0.466
DeepVS [19] - | - 1 0.903 | 0.394 | 2398 | 3.081 | 0.218
DeepGaze 11 [27] | 1.117 | 61.0 | 0.909 | 0.606 | 1.195 | 3.403 | 0.447
DeepGaze MR | 1.367 | 75.5 0.920 0.667 1.035  3.657 0.506
Gold standard 1.810 | 100 | 0.920 - - 4.676 -

Additionally, we evaluated the models on the DIEM dataset. The size of
the dataset is rather small (84 videos), therefore we did not train but only
evaluate the models on this dataset. As the results in Table 2 show, our model
performs clearly better than all other video saliency methods on this dataset
except TASED-Net [33]. Interestingly, the original DeepGaze 11 model for images
performs even better than the variant adapted to videos.
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The performances on DIEM are worse than those on LEDOV for two reasons.
First, this dataset is much harder as the videos in this dataset contain much more
temporal activity. Second, the domain gap to LEDOV is rather large, as DIEM
contains cuts and many objects not present in LEDOV. The good performance
of DeepGaze II on this dataset could therefore be explained by the much broader
range of objects it has seen during training. Moreover, DeepGaze 1I is applied
purely frame-by-frame, so it probably copes better with the many cuts in DIEM.

4.4 Analyzing Temporal Effects

In the following, we try to better understand the influence of temporal infor-
mation on gaze placement. As motivated earlier, we use the information gain
difference of the gold standard and DeepGaze MR as an estimator of the infor-
mation that is not captured by our model. Since the model cannot learn temporal
patterns by design, temporal effects on human gaze placement should result in
large differences to the gold standard.

In Fig. 2 we plot the distribution of those differences grouped by video. The
median remaining information is close to Obit for roughly half of the videos
in the validation set. This indicates that our static baseline model successfully
predicts gaze positions on a large number of frames. However, the results also
clearly show two kinds of failure cases: (1) There are some videos for which
the average performance gap to the gold standard is large. For the first three
videos in the plot, the median difference is almost 2bit. (2) For other videos
there is a large number of outlier frames whose performance gap is much greater
than for most of the other remaining frames in the video. As our model is not
able to exploit temporal structure by design, they should include cases in which
temporal patterns affect human gaze placement.

We analyze the found failure cases in more detail by visualizing them in
Figs.3 and 4. We plot the NSS scores of the models over time (bottom) and
visualize the model log predictions at interesting frames (top, frame position
indicated by dashed lines in the NSS plot). As SalEMA averages features and
thus cannot handle temporal effects by design, we don’t consider it in this case
study. The figures reveal three common factors that strongly influence where
people look and are difficult for all models:

Interactions between objects occur in several of the videos. Here, most
subjects look at the interaction point, not at the objects themselves. This is
clearly observable in Fig.4b, when the child is feeding the giraffe or in Fig. 3a
when the robot is grabbing objects.

Suddenly appearing objects have a very strong ability to attract human
attention as well. As can be seen in Fig. 4a the shifting of the gaze to the appear-
ing text is very consistent across all subjects. We assume that this effect can
be observed with suddenly appearing objects in general, but cannot verify this
hypothesis properly due to the small number of samples. A related effect is the
appearing of the two persons due to the camera motion in Fig.4d. They also
clearly attract attention, however much less than the sudden appearing of the
text in Fig. 4a.
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Table 2. Performance comparison of recent gaze prediction models on the full DIEM
dataset. Due to the small number of videos, none of the models has been trained on
this dataset.

DIEM

Model IG % AUC | CC KLDiv | NSS | SIM
Center bias 0 0 0.892 [0.436 |1.511 | 2.053 |0.341
DeepVS [19] - - 0.853 |0.424 [2.070 |2.096 | 0.309
SalEMA [31] - - 0.911 |0.576 |1.743 |2.987 | 0.465
STRA-Net [28] - - 0.914 [0.595 [ 1.975 |3.069 |0.477
TASED-Net [33] - - 0.914 |0.621 | 2.098 |3.194 | 0.493
ACLNet [47] - - 0.914 |0.558 |1.468 |2.826 |0.428
DeepGaze MR 0.660 |43.1 10.920 0.602 |1.091 |3.116 0.471
DeepGaze II [27] | 0.674 | 44.0 | 0.926 | 0.619 1.058 |2.898 | 0.477
Gold standard 1.531 [100 |0.940 |- - 4.659 |-

o i

information gain difference it

gold standard - our model

|
)
%,

%,

Fig. 2. Distribution of the unexplained information across frames in the LEDOV val-
idation set (x-axis shows distinct videos). The remaining explainable information is
estimated by the difference of our model to the gold standard in bit using the infor-
mation gain metric. The videos marked are the largest failure cases of our model.

Movements of objects also clearly have the potential to change which parts
of a scene are observed. In Fig. 4c, none of the subjects looks at the gymnast’s
arms or hands, but all are looking at his torso that is moving in the respective
scene. This stands in contrast to most cases in which humans appear, where
subjects tend to look at people’s hands or faces. Also global camera movements
seem to be able to shift people’s gaze towards the side of the direction of the
movement, as indicated in Fig. 4d. However the effect in this example is small and
entangled with the appearing persons. A closer investigation would be necessary
to address this effect.

The temporal effects described are compiled from the qualitative analysis
of our model’s largest failure cases. As their number is small, the list given is
most likely not exhaustive. Moreover, it is not possible to reliably draw any
general conclusions about the relative strengths of those effects. However, the
cases presented clearly reveal the existence of such temporal effects and show
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Fig. 3. Failure cases with a high average difference to the gold standard: (a) Most of
the subjects look at the robot’s hand while it puts a glass into a dishwasher. The models
however distribute their prediction over the whole robot. (b) After roughly two seconds
a small penguin becomes visible under the big penguin in the foreground, shifting the
gaze of most subjects to the small penguin for the rest of the video. Markers on the
x-axis of the NSS plots indicate frames that are part of our proposed meta-benchmark
(see Sect.4.5).

that they are not captured by all recent video gaze models that should have the
capacity to model them.

4.5 Evaluating Temporal Modelling

The detailed analysis of the failure cases in the previous section showed that
none of the considered models was able to correctly predict cases in which tem-
poral information influences where people look. As our proposed method requires
training and evaluating two baseline models, the hurdle to apply it is quite high.
To facilitate applying our method to new models, we propose a principled new
meta-benchmark consisting of those hard cases.

Our meta-dataset contains all frames of videos where our static baseline’s
information gain is at least 1bit worse than the gold standard (indicated by
markers on the x-axis of the NSS plots in Figs. 3 and 4). We propose to run the
models on the full videos, but only average the performances over the frames
included in our meta-dataset. This evaluation scheme discards roughly 80% of
the frames in LEDOV and 65% of the frames in DIEM. As our model cannot
learn temporal effects by design, gaze on the discarded frames can be explained
by spatial features. The performance on the remaining frames reflects the ability
of models to handle cases in which temporal information is necessary much better
than existing benchmarks.
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Fig. 4. Failure cases due to localized events: (a) A text suddenly appearing draws
almost all attention for a short time, whereas the models predict people to mainly look
at the person talking. (b) When a child is feeding a giraffe, the subjects’ attention
focuses at their interaction point and not at the giraffe’s head that is looked at during
the remainder of the video. (¢) Gaze concentrates on the gymnast’s torso during a
swinging exercise, whereas other body parts are much less looked at. (d) Two persons
enter the scene due to the movement of the camera, which temporarily attracts the
attention of most of the subjects.
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Table 3. Performance of state-of-the-art models on our proposed meta-benchmark,
which discards frames in which the information gain of our model is more than 1bit
less as the gold standard. As our model cannot exploit temporal patterns, the reported
performances reflect the ability to handle cases in which temporal information is needed
to predict where people look much better.

Meta-Benchmark: LEDOV & DIEM

Model IG | % |AUC |CC |KLdiv|NSS |SIM
Center bias 0 0 0.853 | 0.274 2.580 |1.679 | 0.195
DeepVS [19] - - 0.854 |0.337 |2.599 |2.152 | 0.225
SalEMA [31] - - 0.887 | 0.477 |2.584 |2.596 | 0.394
STRA-Net [28] |- - 0.889 | 0.497 |2.681 |2.658 | 0.39
ACLNet [47] - - 0.891 |0.483 |2.044 |2.579 |0.377
TASED-Net [33] | - - 0.893 |0.583 2.995 | 2.855 0.430
DeepGaze MR 0.528 1242 0.898  0.454 |1.568 | 2.458 | 0.365
DeepGaze II [27]  0.787  36.1 | 0.908 0.507 | 1.420 2.693 | 0.389
Gold Standard 2.182 | 100.0 | 0.948 |- - 5.093 |-

In Table 3 we report the model performances on this meta-benchmark derived
from LEDOV and DIEM. As indicated by our previous analysis, all models con-
sidered in this work perform poorly. As this benchmark was derived from failure
cases of our model, the performance reduction of our model is disproportionally
large. When using DeepGaze 11 as a baseline model, our model performs much
better in this meta-benchmark (see supplement for details).

5 Discussion

Human gaze on dynamic stimuli such as videos is hypothesized to be strongly
driven by temporal patterns in the stimuli, e.g., temporal popup and motion
[8,16]. In this work, we measured the importance of temporal features in video
saliency. To that end, we developed and analysed DeepGaze MR, a static base-
line model predicting gaze positions on the LEDOV dataset, and compared it’s
performance to a gold standard model. DeepGaze MR is adapted from the suc-
cessful DeepGaze II model for still images and is not able to learn temporal
patterns by design. Nevertheless, our model outperforms previous state of the
art with a large margin on the LEDOV dataset and captures 75% of the explain-
able information gain.

When we analyzed failure cases of our model, we found clear temporal effects
that drove the subject’s gaze such as sudden appearances and movements and,
to a certain degree, also interactions. We found that the gold standard perfor-
mance and therefore the consistency among subjects is very high in those cases.
This confirms the hypothesis that temporal patterns are an important factor
influencing human gaze placement.
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Given this importance of temporal effects, we would expect a good video
saliency model to predict human gaze in those cases well. While our model
wasn’t able to capture those effects by design, we found that all other models
we tested consistently failed to capture those effects either. In particular, this
is the case also for models like DeepVS, ACLNet, STRA-Net and TASED-Net
that have explicitly been designed to capture temporal patterns.

We argue that the main reason for this shortcoming is a deficiency of the
datasets used to train video saliency models. Temporal patterns in the videos
can influence gaze placement in ways that are highly consistent over subjects
(Fig. 4, see also [8,16]). However, these effects turn out to be rare compared to
the influence of spatial patterns such as faces on gaze placement. We suppose
that they are so rare that current state-of-the-art models do not benefit from
investing modelling capacity into modelling them. This difficulty for learning-
based approaches to handle rare, but important, events correctly is a general
problem relevant for many fields. In autonomous driving, for example, it is crucial
to handle rare events correctly, e.g. when children running onto the street.

Several aspects can contribute to tackling this issue: the model architecture,
the loss function and the datasets.

Adding general temporal modelling components, as done by previous works
on video saliency, has shown to be ineffective to learn temporal effects. However,
our study reveals distinct temporal effects on human gaze. Models might benefit
from adding modules that are explicitly designed to detect effects that we know
to be relevant, such as appearing objects.

To evaluate models predicting gaze on videos, image-based metrics are typ-
ically applied per frame and averaged. As a result, some of the failure cases
seen above do not substantially affect the overall model performance as those
effects tend to be short compared to the whole video. This is opposed to our
subjective impression of the clear failure of the model on those samples. A loss
function that penalizes such failures more visibly would align the benchmark
results better with human judgement.

We see the most fundamental need for improvement in the datasets. Obvi-
ously, one could explicitly collect and add cases of relevant temporal patterns to
the training datasets. In particular, it would be possible to have multiple valida-
tion datasets tailored towards effects that might be considered relevant, such as
appearing objects, motion and interactions. In this way, one can quantitatively
judge how well new models incorporate effects that researchers consider relevant
for understanding behaviour, but that are rare in the usual training datasets.

Finally, we introduced a meta-benchmark derived from existing datasets
that allows to quantify the ability of models to handle those temporal effects
much better: Instead of averaging performances over all frames, we only consider
frames in which the information gain of our model is more than 1bit smaller than
the gold standard. As our model cannot learn temporal patterns, only frames
are discarded in which spatial information is sufficient. The low performance
of existing models on this meta-dataset confirms our previous analysis. We will
make a list of the frames we considered in this study available. In the future,
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our proposed benchmark could be improved by considering more datasets and
by improving our spatial baseline model.
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1 DHF1K Dataset

The gaze maps of the DHF1K dataset [6] contain artifacts in the gaze maps that
make it impossible to properly evaluate the gold standard model and most likely
affect model scores. Therefore, as stated in the main paper, we did not evaluate
models on DHF1K. Here we provide more details on this issue.

For the DHF1K dataset, gaze positions have been collected from 17 subjects
and provided as binary gaze maps for every frame. In Figure 1 we plot a his-
togram of the number of gaze positions per frame. The histogram clearly shows
that substantially more positions than subjects are given per gaze map for all
frames. On average, the number of gaze positions is ten times higher than the
number of subjects. The example gaze maps in Figure 2 show that the subject’s
gaze positions are represented as irregular clusters of multiple pixels and large,
grid-like structures in the map.
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Fig. 1: Histogram of the number of positions in the binary gaze maps provided
by the DHF1K dataset (17 subjects).
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Fig. 2: Example gaze maps from sample “0601” of the DHF1K dataset. The maps
represent gaze positions as irregular clusters of several pixels and contain large,
grid-like structures.

The gold standard model is based on leave-one-out cross validation across
subjects. The gaze maps provided with the DHF1K dataset however don’t allow
to determine the gaze locations for the individual subjects which makes it im-
possible to properly evaluate the gold standard model. Furthermore we expect
those artifacts to affect the metrics used to evaluate gaze prediction models:
depending on how many pixels are contained in any of the pixel clusters (which
have very diverse sizes), that cluster will contribute more or less to the loss on
this frame. For those reasons, we do not use the DHF1K dataset in our work.

Nevertheless, we evaluated the performance of our proposed model on the
DHF1K validation set. As the results in table 1 show, DeepGaze MR performs
better than many video saliency models. We did not adapt any hyperparame-
ters for this dataset, so it is likely that the performance of our method could
be improved further. The best performing model SalEMA [4] is based on an ex-
ponentially moving average, so similarly to our baseline model it cannot model
temporal effects by design either. Summing up, those results suggest that tem-
poral effects are of minor importance also for DHF1K.

2 Architecture Search

The architecture of DeepGaze MR described in the main paper has some impor-
tant hyperparameters: We determined the number of input frames using a grid



Measuring the Importance of Temporal Features in Video Saliency 3

DHF1K
‘ Model ‘ 1G ‘ AUC ‘ NSS ‘

Center bias 0 0.853 | 1.674
DeepVS [1] ~ | 0854 | 1.067
DeepGaze II [2] | 0.238 | 0.881 1.833
ACLNet [6] - | 0893 | 2.412
DeepGaze MR | 0.702 | 0.897 | 2.587
TASED-Net [5] - 0.901 2.822
SalEMA [4] - 0.905 | 2.849
Gold Standard - - -

Table 1: Performance of state-of-the-art models on DHF1K. Due to the artifacts in
the provided gaze maps the gold standard performance cannot be evaluated.

search and the depth and number of channels in the readout network using a
random search. In the following, we present the respective results in more detail.
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Fig. 3: Performance of a linear readout of VGG features averaged over time for
different window lengths. Each blue line represents a single iteration, for which

the same seed has been used for all window lengths. The black line represents
the average performance per window length.

To find the optimal window length we used a linear instantiation of our
model (i.e., only one convolutional layer in the readout network). We trained
this model as the model described in the main paper, except that we used a
learning rate of 0.001 which was decreased by a factor of 10 after 4 epochs. For
the grid search we trained the model using 9 different window lengths from 8
to 24 frames and repeated the grid search for 5 different seeds. For all window
lengths, the first 32 frames have been ignored for each video.

According to the results show in Figure 3, the optimal window length is 16
frames. However, the parameters seems to be not too sensitive as window lengths
of 12-18 frames yielded a very similar performance.
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Fig.4: Results of the random search for the optimal configuration of the read-
out network. (a) The distribution of performances achieved. The dashed line
indicates the performance of the best linear model. (b) The performance by the
number of layers in the readout network. (¢) The performance by the number of
channels in the first layer of the readout network.

Using the optimal window length of 16 frames, we then performed a random
search to find the optimal architecture of the readout network. We trained
100 models having two to five layers and [1, 2, 4, ..., 128] channels in each layer.

The results are summarized in Figure 4. As the distribution of model per-
formances in Figure 4a shows, most models clearly outperform the best linear
model from the previous experiment. So a non-linear readout network is clearly
needed for a good model. However, several different configurations of the readout
network achieved a similar and good performance. So the detailed configuration
of the readout network seems to be of minor importance.

Nevertheless, the random search revealed some trends. In Figure 4b, we plot
the model performance of the networks by the number of convolutional layers
used. The results indicate that the readout network should have a depth of at
least 3 layers. A readout network consisting of only two layers is clearly too
shallow and typically performs worse than deeper models.

Finally, we analyze the model performance depending on the number of chan-
nels in the first convolutional layer. Typically, this layer contains the majority
of the readout network’s parameters and therefore has a large impact on the
model’s capacity. As the results Figure 4c show, the number of channels in the
first layer has to be high enough. Having only one layer doesn’t allow the model
to learn feature interactions and is clearly outperformed by the readout networks
with higher capacity. Having 32 channels in the first layer seems to be optimal.
Interestingly, we didn’t see any signs of overfitting even for the biggest readout
networks. So moderately sized readout networks appear sufficient to capture all
available information for our architecture.

One of the simplest models reaching a top performance has 3 layers with 32,
32 and 1 channel, respectively. This is the architecture presented in the main
paper.
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Meta-Benchmark: LEDOV & DIEM

| Model | 1G % | AUC | CC [KLDiv ]| NSS [ SIM |

Center bias 0 0 [ 0869 [ 0258 | 2.607 [ 1.918 | 0.190
DeepVS [1] - - 10855 | 0327 | 2.580 | 2.115 | 0.218
SalEMA [4] - - ] 0.890 | 0.470 | 2.454 | 2.613 | 0.389
ACLNet [6] - - ] 0.893 | 0473 | 1.916 | 2.547 | 0.369
STRA-Net [3] - - | 0.896 | 0.498 | 2.345 | 2.699 | 0.397
TASED-Net [5] - - | 0903 | 0.567 | 2.625 | 3.078 | 0.448
DeepGaze I1 [2] | 0.326  14.8 | 0.903 | 0.445 | 1.545 | 2.041 | 0.354
DeepGaze MR | 0.799 36.2 | 0.913 | 0.543 | 1.325 | 3.069 | 0.419
Gold Standard 2.207 100 | 0.952 - - 5.490 -

Table 2: Performance of state-of-the-art models on a variant of our proposed meta-
benchmark, using DeepGaze II as a baseline instead of DeepGaze MR. Comparing
to the results of the original meta-benchmark, DeepGaze MR achieves much better
results.

3 DeepGaze II as Baseline for the Meta-Benchmark

In our main work, we proposed a meta-benchmark consisting of those frames for
which the information gain of the new DeepGaze MR model is more than 1bit
worse than the gold standard model. By using the DeepGaze MR model as a
baseline for defining the new benchmark, its results are disproportionally worse
than that of other models.

As a comparison, we report the results of the benchmark using DeepGaze 11
as baseline model in Table 2. This way, our model performs similar to DeepGaze
IT on the original meta-benchmark whereas DeepGaze II now performs substan-
tially worse. The results of the remaining models consistently improved compared
to the original meta-benchmark. This indicates, that the benchmark variant de-
fined using DeepGaze 11 is easier than the benchmark proposed in the paper.
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Abstract

Learning generative object models from unlabelled videos is a long standing problem relevant for
causal scene modeling. We decompose this task into three easier subtasks, and provide candidate
solutions for each of them. Inspired by the Common Fate Principle of Gestalt Psychology, we first
extract (noisy) masks of moving objects via unsupervised motion segmentation. Second, generative
models are trained on the masks of the background and the moving objects, respectively. Third,
background and foreground models are combined in a conditional “dead leaves” scene model to
sample novel scene configurations where occlusions and depth layering arise naturally. To evaluate
the individual stages, we introduce the FISHBOWL dataset positioned between complex real-world
scenes and common object-centric benchmarks of simplistic objects. We show that our approach
learns generative models that generalize beyond occlusions present in the input videos and rep-
resents scenes in a modular fashion, allowing generation of plausible scenes outside the training
distribution by permitting, for instance, object numbers or densities not observed during training.
Code: https://github.com/mtangemann/common_fate_object_learning

Keywords: object learning, scene modeling, scene generation, causal modeling, causal represen-
tation learning, generative modeling, common fate

1. Introduction

Machine learning excels if sufficient training data is available that is representative of the task at
hand. In recent years, this i.i.d. data paradigm has been shown not only to apply for pattern recog-
nition problems, but also for generative modeling (Goodfellow et al., 2014). In practice, the amount
of data required to reach a given level of performance will depend on the dimensionality of the
data. The generation of high-dimensional images thus either requires huge amounts of data (Kar-
ras et al., 2020) or methods that exploit prior information, for instance on multi-scale structure or
compositionality (Razavi et al., 2019).

Imagine we would like to automatically generate realistic images of yearbook group photos. A
“brute force” approach would be to collect a massive dataset and train a large GAN (Goodfellow

© 2023 M. Tangemann, S. Schneider, J. von Kiigelgen, F. Locatello, P. Gehler, T. Brox, M. Kiimmerer, M. Bethge & B. Scholkopf.
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Figure 1: We propose a multi-stage approach for learning object-centric generative scene models: (1)
Motion segmentation detects moving objects in the input videos. The predicted (noisy) segmentation masks
are used to (2A) extract object crops for training a generative object model and (2B) extract backgrounds
for training a generative background model. (3) A scene model combines the object and background models
to sample novel scenes, permitting interventions on variables such as the background and the number and
locations of fish.

et al., 2014), hoping that the model will not only learn typical backgrounds, but also the shape of
individual humans (or human faces), and arrange them into a group. A more modular approach, in
contrast, would be to learn object models (e.g., for faces, or humans), and learn in which positions
and arrangements they appear, as well as typical backgrounds. This approach would be more data-
efficient: each training image would contain multiple humans, and we would thus effectively have
more data for the object learning task. In addition, the sub-task would be lower-dimensional than
the original task. Finally, if we left the i.i.d. setting (by, say, having a second task with different
group sizes), some of the sub-models could be re-used and the modular approach would thus lend
itself more readily to knowledge transfer and “out-of-distribution” (0.0.d.) generalization.

Object-centric approaches aim to capture this compositionality and have been improved over
the past few years (e.g., Locatello et al. (2020); Engelcke et al. (2021)). However, these models tend
to be difficult to train and do not yet scale well to visually more complex scenes. In addition, the
commonly employed end-to-end learning approaches make it difficult to dissect the causes of these
difficulties and what principles may be crucial to facilitate unsupervised object learning.

In human vision, the Principle of Common Fate of Gestalt Psychology (Wertheimer, 2012),
which posits that elements that are moving together tend to be perceived as one, has been shown to
play an important role for object learning (Spelke, 1990). In our work, we show that this principle
can be successfully used also for machine vision as part of a multi-stage object learning approach
(Fig. 1): First, we use unsupervised motion segmentation to obtain a candidate segmentation of
a video frame. Second, we train generative object and background models on this segmentation.
While the regions obtained by the motion segmentation are caused by objects moving in 3D, only
visible parts can be segmented. To learn the actual objects (i.e., the causes), a crucial task for the ob-
ject model is learning to generalize beyond the occlusions present in its input data. To measure suc-
cess, we provide a dataset including object ground truth. As the last stage, we show that the learned
object and background models can be combined into an interventional world model (Scholkopf
et al., 2021) that allows generating manipulated novel scenes. Thus, in contrast to existing object-
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centric models trained end-to-end, we decompose object learning into evaluable subproblems and
test the potential of exploiting object motion for building scalable object-centric models that allow
for causally meaningful interventions in the scene generation process.

Summing up, the present work makes the following contributions:

¢ We provide the novel FISHBOWL dataset, positioned between simplistic toy scenarios and
real world data, providing ground truth information for evaluating causal scene models.

e We show that the Common Fate Principle can be succesfully used for object learning by
proposing a multi-stage object learning approach based on this principle.

¢ We demonstrate that the generative object and background models learned in this way can be
combined into flexible scene models allowing for controlled generation of novel images.

The dataset with rendering code and models including training code is available at
https://github.com/mtangemann/common_fate_object_learning.

2. Related Work

Modular scene modeling. The idea to individually represent objects in a scene is not new. One
approach, motivated by the analysis-by-synthesis paradigm from cognitive science (Bever and Poep-
pel, 2010), assumes a detailed specification of the generative process and infers a scene represen-
tation by trying to invert this process (Kulkarni et al., 2015; Wu et al., 2017; Jampani et al., 2015).
Many methods instead aim to also learn the generative process in an unsupervised way, see Greff
et al. (2020) for a recent survey. Several models use a recurrent approach to sequentially decompose
a given scene into objects (Eslami et al., 2016; Stelzner et al., 2019; Kosiorek et al., 2018; Gregor
et al., 2015; Mnih et al., 2014; Yuan et al., 2019; Engelcke et al., 2020; Weis et al., 2020; von
Kiigelgen et al., 2020; Burgess et al., 2019), or directly learn a partial ordering (Heess et al., 2011;
Le Roux et al., 2011). This sequential approach has also been extended with spatially-parallel com-
ponents by Dittadi and Winther (2019); Jiang et al. (2019); Lin et al. (2020b); Chen et al. (2020).
Other methods infer all object representations in parallel (Greff et al., 2017; van Steenkiste et al.,
2018), with subsequent iterative refinement (Greff et al., 2019; Veerapaneni et al., 2019; Locatello
et al., 2020; Nanbo et al., 2020). Whereas most of the above models are trained using a recon-
struction objective—usually in a variational framework (Kingma and Welling, 2014; Rezende et al.,
2014)—several works have also extended GANs (Goodfellow et al., 2014) to generate scenes in a
modular way (Yang et al., 2017; Turkoglu et al., 2019; Nguyen-Phuoc et al., 2020; Ehrhardt et al.,
2020; Niemeyer and Geiger, 2021). Those approaches typically use additional supervision such as
ground-truth segmentation or additional views, with Ehrhardt et al. (2020); Niemeyer and Geiger
(2021) being notable exceptions. While most methods can decompose a given scene into its con-
stituent objects, only few are fully-generative in the sense that they can generate novel scenes (Lin
et al., 2020a; Ehrhardt et al., 2020; Engelcke et al., 2020; von Kiigelgen et al., 2020; Engelcke et al.,
2021; Niemeyer and Geiger, 2021; Dittadi and Winther, 2019).

Our approach differs from previous works in the following three key aspects. First, previous ap-
proaches typically train a full scene model in an end-to-end fashion and include architectural biases
that lead to the models decomposing scenes into objects. While elegant in principle, those methods
have not been shown to scale to more realistic datasets yet. Using a multi-stage approach, as in
the present work, enables re-use of existing computer vision methods (such as unsupervised mo-
tion segmentation) for well-studied sub-tasks and therefore scales more easily to visually complex
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Figure 2: The FISHBOWL dataset: each video contains 128 frames with ground truth segmentation; render-
ings and masks (without occlusion) of every fish and background are provided in the validation and test sets.

scenes. Second, while some existing methods make use of temporal information from videos (Kipf
et al., 2022; Lin et al., 2020a; Crawford and Pineau, 2020; Kosiorek et al., 2018; Weis et al., 2020),
they do not explicitely use motion signals to discover (i.e., segment) objects or require weak su-
pervision (Kipf et al., 2022). Inspired by the development of the human visual system (Spelke,
1990), we instead explicitly include this segmentation cue in our approach. Third, most existing
fully-generative approaches use a spatial mixture model to compose objects into a scene (Ehrhardt
etal., 2020; Engelcke et al., 2020, 2021). While this simplifies training, it clearly does not match the
true underlying scene generation process. In this work, we instead follow the dead leaves model-
approach of von Kiigelgen et al. (2020) and scale it to more complex scenes.

Motion Segmentation. We require an unsupervised motion segmentation method that is able to
segment multiple object instances. For this, we build on a line of work that tracks points with
optical flow, and then performs clustering in the space of the resulting point trajectories (Brox and
Malik, 2010; Ochs et al., 2014; Ochs and Brox, 2012; Keuper et al., 2015). Motion segmentation
methods that require supervision (Dave et al., 2019; Xie et al., 2019; Tokmakov et al., 2017a,b)
or only perform binary motion segmentation (Yang et al., 2021, 2019; Ranjan et al., 2019) are not
applicable in our unsupervised setting.

Learning from motion. In the present work, we propose exploiting motion information to de-
compose a scene into objects, and to learn generative object and scene models. Motion information
is believed to be an important cue for the development of the human visual system (Spelke, 1990)
and has also been used as a training signal for computer vision (Bao et al., 2022; Chen et al., 2022;
Meunier et al., 2022; Pathak et al., 2017; Mahendran et al., 2018a,b). While similar in spirit, these
works however do not address learning of generative object and scene models.

3. The Fishbowl Dataset

Several video datasets have been used for object-centric represention learning before (e.g., Greff
et al. (2022); Weis et al. (2020); Yi et al. (2019); Ehrhardt et al. (2020); Kosiorek et al. (2018)). The
ground truth object masks and appearances provided by those datasets, however, only cover the vis-
ible parts of the scene. In order to evaluate the capabilities of the object model to infer and represent
the full objects even in the presence of occlusions, we propose the novel FISHBOWL dataset posi-
tioned between complex real world data and simplistic toy datasets. This dataset consist of 20,000
training and 1,000 validation and test videos recorded from a publicly available WebGL demo of
an aquarium,’ each with a resolution of 480 x 320px and 128 frames. We adapted the rendering
to obtain ground truth segmentations of the scene and the ground truth unoccluded background and
objects (Fig. 2). More details regarding the recording setup can be found in the supplement.

1. http://webglsamples.org/aquarium/aquarium.html, 3-clause BSD license
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4. A multi-stage approach for unsupervised scene modelling

We model an image x as a composition of a background (my = 1, %) and an ordered list of objects
(m;, x;), each represented as a binary mask m; and appearance x;. The background and objects
are composed into a scene using a simple “dead leaves” model, i.e., the value of each pixel (u, v) is
determined by the foremost object covering that pixel. We propose a multi-stage approach (Fig. 1)
for learning generative models representing objects, backgrounds and scenes in this fashion.

STAGE 1: MOTION SEGMENTATION—OBTAINING CANDIDATE OBJECTS FROM VIDEOS

As a first step, we use unsupervised motion segmentation to obtain candidate segmentations of
the input videos. We build on the minimum cost multicut method by Keuper et al. (2015), which
tracks a subset of the pixels through the video using optical flow and then, inspired by the Common
Fate Principle mentioned earlier, clusters the trajectories based on pairwise motion affinities. To
obtain background masks for training the background model, it is not necessary to differentiate
between multiple object instances. Hence, we use an ensemble of different background-foreground
segmentation models. More details are provided in the appendix.

STAGE 2A: OBJECT MODEL—LEARNING TO GENERATE UNOCCLUDED, MASKED OBJECTS

Object extraction. We use the bounding boxes of the candidate segmentation to extract object
crops from the original videos and rescale them to a common size of 128 x 64px. We filter out
degenerate masks by ignoring all masks with an area smaller than 64 pixels and only consider
bounding boxes with a minimum distance of 16px to the frame boundary. Accordingly, we extract
the candidate segmentation masks my, . .., mp for each crop. For notational convenience, we take
myg and m; to correspond to the background and the object of interest (i.e., the object whose bound-
ing box was used to create the crop), respectively, so that my, with & > 2 correspond to masks of
other objects.

Task. We use the segmented object crops for training a S-VAE-based generative object model
(Higgins et al., 2017). Input to the model is the object crop without the segmentation, output is the
reconstructed object appearance including the binary object mask. We train the model with the stan-
dard 5-VAE loss with an adapted reconstruction term including both the appearance and the mask.
For an input batch, let ¢ and my.x be the ground truth crops with candidate segmentations, and ¢
and m the reconstructed object appearances (RGB values for each pixel) and shapes (foreground
probabiliy for each each pixel). The reconstruction loss L for these objects is then the weighted
sum of the pixel-wise MSE for the appearance and the pixel-wise binary cross entropy for the mask:

L = 3 (3 mi . 0) e, 0) — €0 )|/ 32 ml ).
Lrms = 3 (Sm) +m{](u,0) - BCE[m{ (u,0), 10 (u, )}/ 3 +m{”)(u, v) ).

7 u,v u,v

As the task for the object model is to only represent the central object in each crop, we restrict the
appearance loss to the candidate mask of the object (m;) and the mask loss to the union of the
candidates masks of the object and the background (mg + m;). Importantly, the reconstruction loss
is not evaluated for pixels belonging to other objects according to the candidate masks. Therefore,
the object model is not penalized for completing object parts that are occluded by another object.
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Table 1: Segmentation performance of the unsupervised motion seg-
mentation (Keuper et al., 2015) for different optical flow estimators.

Optical flow IoU Recall

Estimator ~ Training data  Background Objects @0.0 @0.5

ARFlow  KITTI 0.874 0246 0828 0.199

ARFlow  Sintel 0.890 0243 0809 0213
Figure 3: Causal graph for our ~ARFlow  Fishbowl 0.873 0248  0.842  0.204
scene model: circles and diamonds  RAFT FlyingThings  0.930 0318  0.663 0.351
denote random and  deterministic  FOWNet2  FlyingThings — 0.934 0.365  0.674 0.416

quantities.

Learning object completion via artificial occlusions. To encourage the model to correctly com-
plete partial objects, we use artificial occlusions as an augmentation during training. Similar to a
denoising autoencoder (Vincent et al., 2008), we compute the reconstruction loss using the unaug-
mented object crop. We consider two types of artificial occlusions: first, we use a cutout augmen-
tation (DeVries and Taylor, 2017) placing a variable number of grey rectangles on the input image.
As an alternative, we use the candidate segmentation to place another, randomly shifted object from
the same input batch onto each crop.

Model. We use a 3-VAE with 128 latent dimensions. The encoder is a ten layer CNN, the appear-
ance decoder is a corresponding CNN using transposed convolutions (Dumoulin and Visin, 2018)
and one additional convolutional decoding layer. We use a second decoder with the same architec-
ture but only a single output channel do decode the object masks. During each epoch, we use crops
from two random frames from every object. We train our model for 60 epochs using Adam (Kingma
and Ba, 2015) with a learning rate of 10~%, which we decrease by a factor of 10 after 40 epochs. We
chose the optimal hyperparameters for this architecture using grid searches. More details regarding
the model architecture and the hyperparameters are provided in the supplement.

STAGE 2B: BACKGROUND MODEL—LEARNING TO GENERATE UNOCCLUDED BACKGROUNDS

Task. We use an ensemble of background extraction techniques outlined above to estimate back-
ground scenes for each frame. We train a 5-VAE on these backgrounds using the appearance loss
L R appear. With the inferred background mask, without any additional cutout or object augmentation.

Architecture. The 3-VAE has the same architecture as the object model, but only uses a single
decoder for the background appearance. We do not focus on a detailed reconstruction of background
samples and limit the resolution to 96 x 64px. When sampling scenes, the outputs are upsampled
to the original resolution of 480 x 320px using bilinear interpolation.

STAGE 3: SCENE MODEL—LEARNING TO GENERATE COHERENT SCENES

In the final stage, we combine the object and background model into a scene model that allows sam-
pling novel scenes. As the scene model can reuse the decoders from the previous stages, its main
task is to model the parameters defining the scene composition such as object counts, locations and
dependencies between the background and the object latents. Compared to an end-to-end approach,
the complexity of the learning problem is greatly reduced in this setting. It is straightforward to
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generalize the scene model beyond the training distribution: E.g., it is easy to sample more objects
than observed in the input scenes.

We use a scene model following the causal graph depicted in Fig. 3: First, we sample a back-
ground latent z*¢ which describes global properties of the scene such as its composition and illu-
mination; z2 is then decoded by the background model into a background image x(. Conditioned
on the background latent, we sequentially sample K tuples (zzpp, zios, z?fale) of latents encoding
appearance, position, and scale of object k, respectively; the number of objects K is sampled con-
ditional on z"¢ as well. Each appearance latent zipp is decoded by the object model into a masked

object o, = (m;, x;), which is subsequently re-scaled by zﬁfale and placed in the scene at position

ZEOS according to a dead-leaves model (i.e., occluding previously visible pixels at the same location).

Due to the formulation of the model, we are flexible in specifying the conditional and prior
distributions needed to generate samples. A particular simple special case is to sample all latents
(indicated as circles in Fig. 3) independently. This can be done by informed prior distributions,
or by leveraging the training dataset. In the former case, we sample z"2 and all z;pp from the
standard normal prior of the 3-VAE, but reject objects for which the binary entropy of the mask
(averaged across all pixels) exceeds a threshold (for figures in the main paper, 100 bits). We found
that empirically, this entropy threshold can be used to trade diversity of samples for higher-quality
samples (cf. supplement). For the coordinates, a uniform prior within the image yields reasonable
samples, and scales can be sampled from a uniform distribution between 64 x 32px and 192 X
96px and at fixed 2 : 1 ratio. Alternatively, all distributions can be fit based on values obtained
from the motion segmentation (object and background latents, distribution of sizes, distribution of
coordinates). We provide a detailed analysis in the supplement.

5. Experiments

Motion Segmentation. We quantify the quality of the motion segmentation approach to under-
stand which and how many errors are propagated to later stages. Motion segmentation was scored
as follows: For every frame, we matched the predicted and ground truth masks using the Hungar-
ian algorithm (Kuhn, 1955) with the pairwise IoU (Intersection over Union) as matching cost. The
frame-wise IoU scores were then aggregated as in the DAVIS-2017 benchmark (Pont-Tuset et al.,
2017) by first averaging IoUs over frames for each ground truth object, and then averaging over
objects. In Tab. 1 we report the segmentation performance separately for the background and the
foreground objects.

The best performance is reached when using optical flow predicted by the FlowNet 2 model, thus
we’re using this model for all subsequent experiments. Our setting seems to be especially difficult
for the ARFlow model. Different from the other networks, this model does not easily transfer from
unrelated training settings and doesn’t improve much when training on the Fishbowl data directly
using the default hyperparameters. It might however be possible to improve the model by adapting
the training setup to our dataset more closely.

Overall, the evaluation reveals two types of errors: (1) even the best model variant only detected
67.4% of all objects, i.e., one third of the objects are missed and get included in the background
masks. (2) The recall decreases when increasing the IoU threshold to 0.5, i.e., the predicted masks
are often not precise. While the motion segmentation therefore induces a sort of label noise, it has
to be considered that not all errors are problematic for the motion segmentation. In particular, this
holds for all objects that have not been detected at all and unsystematic errors.
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Table 2: Comparison of the reconstructions from the object model with the ground truth unoccluded objects.
The reconstructed masks are evaluated using the intersection over union (IoU), the appearance is evaluated
using the mean average error (MAE) of the RGB values (0-255) on the intersection of the ground truth and
predicted masks. Additionally, we report those metrics for hard samples in which at most half of the object
is visible (IoU@0.5 and MAE@0.5). We consider model variants that use different artificial occlusions
as augmentations during training. Furthermore, we compare the performance of each model variant when
trained on the motion segmentation and the ground truth masks, respectively. All results are averaged over
independent runs with 3 different seeds and reported with the standard error of the mean. As baseline we
report the IoU of the ground truth occluded masks with the ground truth unoccluded masks.

Training data Augmentation IoU T MAE | IoU@0.5 MAE@0.5 |

Motion None 0.820+£0.002 13.04£0.047 0.6694+0.002 24.3+0.037

Seementation Cutout 0.82240.001 13.04+0.032 0.6770.002 24.0+0.017
g Other object 0.8274+0.001 14.840.095 0.705+=0.001 23.4-+0.049

Ground Truth None 0.885+0.001 12.440.144 0.7384+0.002 17.540.210

Se"l‘;emat?on Cutout 0.887£0.001 12.3+0.035 0.743+0.003 17.3+0.087
g Other object 0.8834+0.001 14.14+0.250 0.782+£0.002 17.7£0.197

Baseline 0.915 0.271

Object model. To evaluate the capability of the object model to reconstruct complete objects
from occluded inputs, we extract object crops from the validation set using the bounding boxes
of the ground truth unoccluded masks. For those crops, we compare the masks and appearances
reconstructed by the model to the unoccluded ground truth (Fig. 2) using IoU and mean average
error (MAE), respectively. As we are only interested in the reconstruction error within the object
masks, we evaluate the MAE only on the intersection of the predicted and ground truth mask. We
consider the ground truth occluded segmentation masks as our baseline: they correspond to a model
that perfectly segments all visible object parts, but does not complete partial objects. We train
variants of the object model using all augmentation strategies described above. For comparison,
we also train each model variant using the ground truth occluded segmentation masks so that errors
propagated from the motion segmentation can be differentiated from errors inherent to the object
model.

As the results in Tab. 2 show, using another object from the input batch as artificial occlusions
results in the best IoU of 0.827. When considering only those objects that are occluded at least by
50%, the IoU drops to 0.705. This performance is substantially greater than the baseline (0.27),
which indicates that the model learns to complete partial objects even for those hard cases. In terms
of the appearance error, using the cutout augmentation performs best. Interestingly though, for both
the mask and appearance error, training without any augmentation at all reduces the performance
only slightly.

When training on the ground truth segmentation instead of the motion segmentation, the error
in terms of the IoU reduces by roughly one third. Performance gains can therefore be expected from
improving the generative object model and, to a lesser extent, the motion segmentation. Overall, the
object model seems to be quite robust to the label noise induced by the motion segmentation.

We visualize reconstructions and samples from the object model in Fig. 4. In agreement with
the quantitative results before, there is a visible quality difference between the model trained on
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Figure 4: Qualitative results from the object model using another object as augmentation. Left: Object
model trained on the masks predicted by motion segmentation. Right: Object model trained using ground
truth segmentations. Top.: Reconstructions of validation set elements. Middle: Reconstructions of validation
set elements that are occluded by 0.5+ 0.05. Bottom: objects sampled from the respective model. The shown
reconstructions and samples are not cherrypicked and do not use entropy filtering as in the scene model.

Original Image Scene re-sampling with matching latents Scene re-sampling with new latents

Figure 5: Samples from the training dataset in comparison to the scene model using the background and
object models trained on the motion segmentation and ground truth segmentation, respectively.

motion segmentation and ground truth segmentation, respectively. In some cases, parts of the fish
such as the tail fin is missing and in other cases, the mask covers areas not properly covered by the
appearance. In particular this holds for the hard cases with substantial occlusions. Moreover, the
samples from the model trained on motion segmentation masks seems to contain fewer sharks (a
rare class). The majority of the reconstructions and samples however looks convincing, with the
model capturing the relevant properties of the object masks and appearances.

Background model. We train two variants of the background model using the foreground/back-
ground segmentation and the ground truth segmentation masks, respectively. We show samples
from the former variants as part of the scene model in Fig. 5, and provide additional samples in
the supplement. We deliberately chose to not exhaustively tune the background model and defer
improvements (which are conceivable given the recent advances in high resolution image modeling
with VAEs) to future work. Within the scope of this work, we limit ourselves to the constrained
resolution resulting in blurry samples. They still reflect the main variations in the dataset, like the
overall illumination and background color.

Scene model. In Fig. 5 we visualize samples from the scene model following the scene statis-
tics from the training dataset. As before, we consider two variants of the scene model using the
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Reference
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Figure 6: Interventions on the scene properties of a sample from the unsupervised scene model. Top to bot-
tom: (i) Varying the number of objects, (ii) varying the object identities, (iii) varying the scales of individual
objects, (iv) changing backgrounds while keeping objects constant, (v) re-sampling locations of all objects.

background and object models trained on the motion segmentation and ground truth segmentation,
respectively. The samples from both models nicely resemble the scenes from the training dataset.
However, in both cases the errors from the object and the background model, as discussed before,
are also observable in the generated scenes.

A particular strength of our modular approach is that it allows to separately intervene on causally
independent mechanisms (Pearl, 2009; Scholkopf et al., 2021) of the scene generation. In Fig. 6 we
show such interventions on a sample from the unsupervised scene model. The number of objects,
their positions and sizes are all represented explicitly by the scene model so that we can manipulate
those scene properties separately. Moreover, the background and the objects are represented sepa-
rately by their respective latent codes so that we can exchange and manipulate each of those scene
components individually.

Modularity. A downside of end-to-end models are non-trivial dependencies between individual
components, making it harder to train and debug such models. In contrast, our modular approach
allows to exchange individual components in the object learning pipeline. In Figure 7, we show a
proof-of-concept for using a GAN (Mescheder et al., 2018) as part of a hybrid object model (image
modeling: GAN, mask modeling: VAE) within our framework.

5.1. Comparison to prior work

The previous experiments have shown that our modular object learning approach scales well to the
visually more complex FISHBOWL dataset. In the following, we compare our method with several

10



UNSUPERVISED OBJECT LEARNING VIA COMMON FATE
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Figure 7: The modularity of our multi-stage approach allows to easily exchange individual components.
Here, we replace the image-modeling part of the object model with a GAN instead of the previously used
VAE. As in our main model, this allows meaningful traversals/interventions since objects and their position-
s/sizes are presented as individual entities.

established approaches for object learning and scene generation. In each case, we summarize the
key findings and provide a more detailed treatment in the appendix.

A key feature of our model is the disentanglement of an object’s appearance and its location
in the scene. Several prior works approached learning such disentangled object models end-to-
end. We compare to SPACE (Lin et al., 2020b) as a representative method. SPACE includes a
mechanism for modelling occlusions, allowing it to model complete objects as in our approach. We
find that SPACE fails to learn the correct object notion on the FISHBOWL dataset. This is in line
with previous results showing that previous approaches do not scale well to textured data (Karazija
et al., 2021). When trained with our approach, the same object model as used by SPACE learns the
objects much better.

Another line of works doesn’t entangle object appearance and position, but rather learns a lay-
ered scene representation with each layer covering the entire image. We compared to GENESIS-v2
(Engelcke et al., 2021) as a recent, probabilistic variant of this approach. When trained with the
GECO objective as proposed by the authors, GENESIS-v2 learns to detect objects but fails at gen-
erating novel scenes. When using the original VAE objective, sampling from the model works but
objects are not recovered. Again, this is in line with previous work showing that object-centric
methods struggle on textured data (Karazija et al., 2021).

GANSs (Goodfellow et al., 2014) are a powerful method for generating images. We trained the
variant by Mescheder et al. (2018) on the Fishbowl dataset. Overall, the GAN is able to generate
images of convincing quality resembling the training images well. A particular strength of the GAN
in comparison to our method, is it’s ability to generate backgrounds with many details—which we
explicitly left for future work. Compared to our method, the GAN however lacks a principled way
to manipulate sampled scenes and to generalize beyond the training distribution.

11
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SPACE 4x4 SPACE 8x8

Input Reconstruction Detections Input Reconstruction Detections

GENESIS-V2

Figure 8: Qualitative comparison with other models trained on the FISHBOWL dataset. Top: SPACE (Lin
et al., 2020b), using 4x4 or 8x8 grid cells. Middle: GENESIS-v2 (Engelcke et al., 2021) trained both using
the GECO (top) and the original VAE objective (bottom). Bottom: GAN following Mescheder et al. (2018).

To evaluate how well our method transfers to other settings, we trained our model on the Re-
alTraffic dataset (Ehrhardt et al., 2020). In Fig. 26, we compare samples from our model to other
models for which results on the RealTraffic dataset have been reported by Ehrhardt et al. (2020).
Overall, our model transfers well to this real world setting, given that our model is used largely un-
changed. In comparison to the GAN-based RELATE and BlockGAN, the samples from our model
look slightly more blurry. However the results from our method clearly improve over the VAE-based
GENESIS model.

6. Discussion

The fields of machine learning and causal modeling have recently begun to cross-pollinate. Causal-
ity offers a principled framework to think about classes of distributions related to each other by
domain shifts and interventions, and independent/modular components (e.g., objects) that are in-
variant across such changes. Vice versa, machine learning has something to offer to causality when
it comes to learning causal variables and representations—traditionally, research in causal discov-
ery and inference built on the assumption that those variables be given a priori. Much like the shift
from classic Al towards machine learning included a shift from processing human-defined symbols
towards automatically learning features and statistical representations, causal representation learn-
ing aims to learn interventional representations from raw data (Scholkopf et al., 2021). It is in this
sense that we like to think of our scene model as a causal generative model. Its causal structure is
simple—its complexity lies on the side of representation learning.

12
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We propose a multi-stage approach for learning the model from unlabelled videos. Inspired by
the Gestalt Principle of Common Fate, we use candidate segmentations obtained from unsupervised
optic flow to weakly supervise generative object and background models, and combine them into
a scene model. The scene model is causal/mechanistic in the sense that it (1) learns complete ob-
jects (although occlusions are abundant in the training data)’ and (2) properly handles partial depth
orderings in the scene, the latter through the “dead leaves” approach—as opposed to the compu-
tationally simpler additive mixture approach which is common place in end-to-end scene models,
but contradicts the generative structure of scenes. Moreover, while many existing models only de-
compose and represent scenes, (3) our model can generate plausible novel and out-of-distribution
scenes (e.g., higher fish density, different sizes).

While learning object models as part of an end-to-end trainable object centric scene model might
have certain advantages, it has not been shown to scale to more realistic data yet. We instead chose
a multi-stage approach that allows developing and analyzing the modeling stages individually. This
approach allowed us to conclude that exploiting motion information for object discovery, as done
in the motion segmentation stage, is a valuable cue that greatly simplifies object learning. Also,
since the scene model uses the component models as modelling “atoms”, this naturally permits in-
tervening on the parameters defining the scene composition without side-effects, as stipulated by
the principle of Independent Causal Mechanisms (Parascandolo et al., 2018; Peters et al., 2017).

We evaluated the modelling stages on the novel FISHBOWL dataset, consisting of short videos
recorded from a synthetic 3D aquarium. Notably, we found that the generative object model proves
to be fairly robust to errors in the motion segmentation. We expect further performance gains to be
achievable by improving the visual fidelity of the generative object and background models (Razavi
et al., 2019; Vahdat and Kautz, 2020); however, this was not the motivation for the present work.

We see several ways to extend our model in the future, beyond improving the implementations
of the individual stages by taking advantage of progress in computer vision. One limitation of
using motion segmentation is that we can only decompose scenes of moving objects. This could
be addressed by integrating object models trained using our approach into an end-to-end scene
model (similar to Bao et al., 2022). When using a learning-based motion segmentation approach,
there could be a feedback circle with both models improving each other as training progresses and
this way closing the observed gap to using ground truth segmentations. Also, our object model
does currently not capture object motions. Given that the motion segmentation yields temporally
consistent segmentation masks, this could, in principle, well be included in our approach. Finally,
one could imagine also using interaction data where an agent intervenes in a scene and infers objects
from how it responds to those interventions.
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2. Inpainting takes place at the level of masks/shapes, rather than only for pixels as in most prior work.
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Appendix A. Additional details about the method
A.1. Motion segmentation

We use the original implementation of the motion segmentation by Keuper et al. (2015), but replace
the postprocessing required to obtain a dense segmentation with a simpler but faster non-parametric
watershed algorithm (Beucher and Meyer, 1993) followed by computing spatiotemporal connected
components (Silversmith, 2021).

To obtain background masks for training the background model, we aim for a low rate of fore-
ground pixels being mistaken for background pixels, while background pixels mistaken for fore-
ground are of less concern. Hence, we use an ensemble of different background-foreground seg-
mentation models from the bgslibrary (Sobral, 2013). Based on early experiments, we used the
PAWCS (St-Charles et al., 2016), LOBSTER (St-Charles and Bilodeau, 2014), ¥ — A estimation
(Manzanera and Richefeu, 2007) and static frame differences and label every pixel detected as fore-
ground by either of the methods as a foreground pixel. We found that this rather simple model can
faithfully remove the foreground objects in most of the cases.

A.2. Optical flow estimation

The quality of the motion segmentation critically depends on the quality on the optical flow es-
timation, so we explore different models for that step. ARFlow (Liu et al., 2020) is a state of
the art self-supervised optical flow method that combines a common warping based objective with
self-supervision using various augmentations. We use the published pretrained models as well as a
variant trained on the Fishbowl dataset.

To train ARFlow on the Fishbowl dataset, e build on the official implementation provided in
https://github.com/lliuz/ARFlow. We make the following adaptations to the original configuration
used for training on Sintel:

¢ The internal resolution of the model is set to 320x448 pixels.

* For training, we use the first 200 videos of the Fishbowl dataset. This amounts to 25.4K frame
pairs which is substantially more than the Sintel dataset (pretraining: 14,570, main training:
1041), which is the largest dataset on which ARFlow was originally trained. Initial exper-
iments using the first 1000 videos did not lead to an improvement in the training objective
compared to only using 200 videos.

* We train the model using a batch size of 24 and use 300 random batches per epoch. We
perform both the pretraining and main training stage, but using the same data for both stages.
The pretraining stage is shortened to 100 epochs, after which the training loss did not improve
further.

We selected above parameters by pilot experiments using the final training loss as criterion.
All other hyperparameters, in particular regarding the losses, the augmentations and the model
architecture, are used unchanged.

We remark that the hyperparameters are chosen differently for the two datasets used in the
original paper, so we conjecture that the performance on this model most likely improves when
closely adapting the training scheme to our setting.
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Similar augmentations as used by ARFlow can alternatively be used to synthesize training data
for supervised methods, as done for generating the FlyingChairs and FlyingThings datasets (Doso-
vitskiy et al., 2015; Mayer et al., 2016). We experiment with FlowNet 2.0 (Ilg et al., 2017) and the
more recent RAFT (Teed and Deng, 2020) trained on those two datasets.

A.3. Object model

We loosely build on the 5-VAE implementation by Subramanian (2020). We reimplemented the
training script and modified architecture details like the latent dimensionality due to differences in
the image size.

We use a CNN with 10 layers as an encoder. Each layer consists of a 3 x 3 convolution,
followed by layer normalization (Ba et al., 2016) and a leaky ReL.U nonlinarity with a negative
slope of 0.01. The decoders are built symmetrically by using the reversed list of layer parameters
and transposed convolutions. The decoders both use an additional convolutional decoding layer,
without normalization and nonlinearity. The detailed specification of the default hyperparameters
used by the object model is given in the following table:

Table 3: Default hyperparameters used for the object model.

Parameter Value

sample size 128 x 64

hidden layers: channels 32,32, 64, 64, 128, 128, 256, 256, 512, 512
hidden layers: strides 2,1,2,1,2,1,2,1,2, 1

latent dimensions 128

prior loss weight () 0.0001

mask loss weight () 0.1

learning rate, epoch 1-40 0.0001
learning rate, epoch 41-60  0.00001

We chose the parameters regarding the architecture based on early experiments by qualitatively
evaluating the sample quality. The learning rate and mask loss weight v where determined using
grid searches with the IoU of the mask as selection criterion. However, we noticed a high degree
of consistency between the rankings in terms of the mask IoU and appearance MAE. The best
reconstruction quality was obtained when not regularizing the prior (i.e., 5 = 0). We chose the final
value of § = 0.0001 as a compromise between reconsutruction and sampling capabilites based on
visual inspection of the results.

For the mask and appearance losses defined in the main paper, we use an implementation based
on the following PyTorch-like pseudo code:

def object_model_loss (image, mask_fg, mask_bg, gamma = 1., beta = 0.001):
# image (b,c,h,w), mask_fg (b,h,w), mask_bfg (b,h,w)

latents = encode (image)

mask_pred, img_pred = mask_decoder (latents), img_decoder (latents)
I_img = (mask_fg » mse(img_pred, image)) .sum()

I_mask = ((mask_fg + mask_bg) * bce(mask_pred, mask_£fg)) .sum()
L_reg = kl_divergence (latents)

Z_img, Z_mask = mask_fg.sum(), (mask_fg + mask_bg) .sum/()
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return L_img / Z_img + gamma * IL_mask / Z_mask + beta » L_reg

A.4. Background model

Training details We use a similar 3-VAE and training objective for the background model as for
the object model. Different to the object model, we do not predict the mask and instead only recon-
struct a non-occluded background sample. We sweep over learning rates in {1-1073,5-1074,1 -
1074} and B in {1072,1073,10~%,1073} and select the model with 3 = 1073 and learning rate
10~* which obtained lowest reconstruction and prior loss. A higher value for 3 caused the training
to collapse (low prior loss, but high reconstruction loss). As noted in the main text, the background
model performance (and resolution) can be very likely improved by using larger models, more hy-
perparameter tuning and better decoders suited to the high resolution. As noted in the main paper,
we omit these optimizations within the scope of this work and rather focus on the object and scene
models.

Implementation The background model loss is similar to the reconstruction loss of the fore-
ground model. We omit reconstructing the mask. In the input image for the background model, all
foreground pixels are replaced by the average background RGB value to avoid distorting the input
color distribution, refer to the example images in Fig. 12. The loss can be implemented as follows:

def background_model_loss (image, mask_bg, beta = 0.001):
# image (b,c,h,w), mask_fg (b,h,w), mask_bfg (b,h,w)

latents = encode (image)

img_pred = img_decoder (latents)

I_img = (mask_bg * mse(img_pred, image)) .sum()
I_reg = kl_divergence (latents)

Z_img = mask_bg.sum/()

return L_img / Z_img + beta * L_reg

A.5. Scene model

Mask temperature By default, the mask is computed by passing the logits obtained from the
object mask decoder through a sigmoid non-linearity for obtaining probabilities. During scene
generation, we added sharpness to the samples by varying the temperature 7, yielding an object

mask
1

S ETTETE) v

where x is the logit output by the mask decoder and the exponential is applied element-wise. “Cool-
ing” the model to values around 7 = 0.1 yields sharper masks and better perceived sample quality.
Note that the entropy threshold introduced in the next section depends on the value of 7.

Entropy filtering When sampling objects during scene generation, we filter the samples accord-
ing to the model “confidence”. A simple form of rejection sampling is used by computing the mask
for a given object latent, and then computing the entropy of that mask. Given a mask m(7), we
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adapt the sampling process considering the average entropy across all pixels in the mask,

| oA
Hy(m) = “WH Z Z m(u,v)logo m(u,v) + (1 — m(u,v))logy(l — m(u,v)) (2)

u=1v=1

and reject samples where Hy(m) exceeds a threshold. Reasonable values for a mask temperature
of 7 = 0.1 are around 100 to 200 bits. It is possible to trade sample quality and sharpness for an
increased variability in the samples by increasing the threshold.
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Appendix B. Additional details about the dataset generation

A demo of the original aquarium WebGL demo used for our experiments is available at webglsam-
ples.org/aquarium/aquarium.html. The original source code is released under a BSD 3-clause li-
cense (Google Inc.) and available at github.com/WebGLSamples/WebGLSamples.github.io.

We apply the following modifications to the original demo for our recording setup:

* We implemented a client-server recording setup: The client pulls recording parameters from
the server and sends back the recorded frames with ground truth segmentation to the server.
The server maintains the overall list of randomly sampled aquarium configurations and post-
processes the recordings into their final form. We run this setup in parallel on multiple nodes,
using the headless Chrome browser>.

 All samples are recorded for 128 frames at 30Hz. We modified the aquarium to only advance
to the next frame once the current frame is captured and sent to the server.

¢ For recording the masks, we modified the texture shaders to use a unique color for rendering
every object. Furthermore, we disabled all rendering steps modifying those colors (anti-
aliasing, alpha compositing).

* To make the recording fully deterministic, we disabled the bubbles in the aquarium.

* To increase the diversity of the fish in the aquarium, we applied random color shifts to all
fish textures except sharks, for which those color shifts look very unnatural. We shifted each
color by rotating each color value in the IQ plane of the YIQ color space. For each fish,
we independently and uniformly sampled one of 8 discrete color shifts regularly spaced in

0°,360°].

* During post-processing, we used ffmpeg” to rescale and centrally crop 480 x 320px from
every frame and encode all frames as a video. We cropped and rescaled the masks same way,
but exported them as json using the run length encoding provided by the COCO API.

* For recording the unoccluded ground truth, we used above setup to record and post-process
frames and masks of the validation and test samples, but only render the respective fish of
interest.

The code used to generate the dataset including all parameters will be made publicly available.

3. https://github.com/puppeteer/puppeteer/
4. https://ffmpeg.org
5. https://github.com/cocodataset/cocoapi
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Appendix C. Additional results
C.1. Objects extracted by the motion segmentation

The following figure shows examples of objects extracted from the original videos using motion
segmentation and the ground truth occluded masks, respectively. The figure reveals typical failure
modes, such as multiple fish that are segmented jointly, and parts of the background contained in
the object mask. Most of the fish however, are segmented very accurately.
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Figure 9: Objects extracted from the training videos that are used for training the object model. Left:
Objects extracted using the motion segmentation. Right: Objects extracted using the ground truth occluded
segmentation masks.
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C.2. Object model: additional reconstructions

In Fig. 10 we show additional reconstruction from the object model trained on motion segmentation
and ground truth occluded masks, respectively. Moderate occlusion levels up to 30% are handled
well by both variants. At higher noise levels however, only the variant of the object model trained
on the ground truth masks is able to correctly complete the partial objects.
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Figure 10: Reconstructions from the object model for input crops with different occlusion levels (0.0 = no
occlusion, 1.0 = fully occluded). For each occlusion level, the input images and the respective reconstructions
are shown. Both model variants are trained using another fish as artificial occlusion during training. Left:
Object model trained using the motion segmentation masks. Right: Object model trained using the ground
truth unoccluded masks.
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C.3. Object model: additional samples

The following figure shows additional samples from the object models trained using another object
as artificial occlusion (the same models as used for Fig. 4 in the main paper).
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Figure 11: Samples from the object model using another input object as augmentation during training.
These are the same models as used for Fig. 4 in the main paper. Left: Object model trained on the motion
segmentation. Right: Object model trained on the ground truth occluded masks.

C.4. Background Model: Inputs

The background model is trained on images pre-processed by an ensembling of foreground-background
algorithms from Sobral (2013). We use > — A (Manzanera and Richefeu, 2007), static frame dif-
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ferences, LOBSTER (St-Charles and Bilodeau, 2014) and PAWKS (St-Charles et al., 2016) with
standard hyperparameters set by Sobral (2013). The goal behind this choice is to detect as many
objects as possible and remove the amount of erroneously included foreground pixels — it might
be possible to even further improve this pre-processing step with different algorithms and hyperpa-
rameter tuning.

We give a qualitative impression of the background input samples in Fig. 12. Note that all
foreground pixels were replaced by the average color value obtained by averaging over background
pixels to avoid inputting unrealistic colors into the 3-VAE.

Figure 12: Input samples to the background 3-VAE. Objects were removed by applying an ensemble
of foreground-background segmentation algorithms. Images are resized to 96 x 64px to trade-off
training speed for sample quality.
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C.5. Additional samples from the scene model

Moving single objects

Changing object latents

Changing background latents

Figure 13: Two object “reconstructions”. Object latents are obtained from a reference sample. Our
modular scene model makes it straightforward to vary locations of single objects, exchanging single
objects, or changing the background without affecting the output sample (top to bottom).
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Figure 14: Additional samples from the scene model. Depicted samples use different (recon-
structed) backgrounds, samples from the object model are obtained from the standard normal prior
and filtered with 150 bit entropy threshold at 7 = 0.2, sample sizes are constrained on a reference
training sample, object positions are sampled independently from a uniform prior. Samples are not
cherrypicked.
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C.6. Conditional sampling from the scene model

We present conditional samples from the scene model. As a simple baseline, we use a k-nearest
neighbour approach for conditionally sampling object latents based on background latents. First,
we extract a paired dataset of background and foreground latents from the training dataset. Sec-
ond, we sample background latents from the standard Normal distribution (prior of the background
model). Third, we compute the 2% nearest neighbouring videos based on the L? distance from
the background latent. Fourth, we randomly sample a subset of foreground latents extracted by the
motion segmentation. Finally, we reconstruct the scene using the background latents along with the
chosen subset of foreground latents. We reject foreground latents with an entropy larger than 150
bit. Samples (non-cherrypicked) are depicted in Fig. 15.

Figure 15: Conditional samples from the model. Fish appearances (qualitatively, mainly the bright-
ness) now vary according to the background sample.
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Similarly, we can constrain other latents like the x and y positions to a particular background.
In Fig. 16 we show examples of constraining object locations based on a reference sample for both
the ground truth and motion segmentation object model.

Original Image Scene re-sampling with matching latents Scene re-sampling with new latents

o - - - -

Figure 16: Conditional sampling of object locations based on a reference scene. For matching
latents sampling, we extract the object latents and positions from the reference scene using the mo-
tion segmentation model. Samples obtained by matched sampling are more similar to the reference
scene than samples obtained by unconstrained sampling from the model priors.
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C.7. Entropy sampling

A1 Mask Entropy distribution A2 Predicting Entropy from
n=25,000 latents

1000
Train R2 ~0.46 (n=5,000)
TestR? ~0.45 (n=20,000)

Count

500

0 S ;
3 500 1000 1500 Maodel: Linear Regression, 128d

Mask Entropy [bits]

B Top 64/1000 samples in terms of Mask Entropy

S p—

el o —
gl >l
e N
e
e
Nt

==l

e
e

==
| <3
PN, .
-
|
D~

= S
Y

AL,

AL

o <
L NI

|

s
=
s
o
=

C Worst 64/1000 samples in terms of Mask Entropy

Figure 17: Details of entropy filtering when using the object model. (A1) Distribution of mask entropies
for a given foreground model, estimated over 25,000 randomly sampled objects. The distribution typically
peaks around 100 to 200 bits, makeing this a reasonable range for picking the cut-off. (A2) The 128d latent
vector of objects is reasonably correlated with the entropy (R? = 0.45), making it possible to alter the prior to
sample from to encourage low entropy samples. (B) 64 samples with the lowest entropy after drawing 1000
random samples from the object models and sorting according to entropy. While this strategy encourages
some non-plausible, low entropy objects (row 4 and 6), it generally filters the dataset for samples with sharp
boundaries and good visual quality. (C) 64 samples with the highest entropy after drawing 1000 random
samples from the object models and sorting according to entropy. With a few exceptions of plausible samples
(e.g. in row 2), most of the samples should be rejected in the scene model.
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Appendix D. Comparison to related methods
D.1. GAN Baseline

As a baseline method for generating novel scenes for the FISHBOWL dataset, we consider the GAN
used by Mescheder et al. (2018) for the CelebA-HQ dataset (Karras et al., 2018). We used the offi-
cial implementation available at https://github.com/LMescheder/GAN_stability, and only changed
the resolution of the generated images to 192 x 128px. For training, we used every 16th frame from
each input video in the training set rescaled to the resolution of the GAN, resulting in 160k training
images. We trained the model for 90 epochs.

Fig. 18 shows samples from the model in comparison to training frames. Overall, the GAN is
able to generate images of convincing quality resembling the training images well. A particular
strength of the GAN in comparison to our method, is it’s ability to generate backgrounds with many
details—which we explicitly left for future work. Several fish generated by the GAN however look
distorted, in agreement with previous works concluding that GANs are good at generating “stuff”,
but have difficulties generating objects (Bau et al., 2019). This becomes especially apparent when
visualizing interpolations in the latent space between samples, as done in Fig. 19.

Many differences between the samples generated by the GAN and our method, respectively,
stem from the GAN being able to learn the overall statistics of the scenes well, but not learning
a notion of objects. Compared to the GAN baseline, our object-centric approach offers several
conceptual advantages: (1) The background and the objects in each scene are represented individ-
ually by our method, which makes it straightforward to intervene on the generated samples in a
meaningful way (Fig. 6). While directions in the latent space of the GAN that correspond to se-
mantically meaningful changes in the image might well exist, the GAN framework does not offer a
principled way to find those directions without supervision. (2) While the GAN is able to generate
novel scenes, it cannot be used to infer the composition of input scenes. (3) An optimally trained
GAN perfectly captures the statistics of the input scene—making it impossible to generate sam-
ples beyond the training distribution. As our model explicitly represents scene parameters such as
the number and position of fish, our model can be used for controlled out-of-distribution sampling
(Fig. 6).
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Training images
1 1

Figure 18: Samples from a baseline GAN (Mescheder et al., 2018) trained on frames from the training set
of the FISHBOWL dataset. Top: Input frames from the dataset. Bottom: Samples generated by the GAN.
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Figure 19: Samples from the baseline GAN, obtained by interpolating the latent vectors between random
samples.

D.2. SPACE (Lin et al., 2020b)

SPACE (Lin et al., 2020b) is an object-centric representation learning method following the Attend-
Infer-Repeat (AIR) framework (Eslami et al., 2016; Crawford and Pineau, 2019). Different from the
AIR model, the detection of objects and inference of their latent representation is fully parallelized
to make the approach faster and more scalable. We trained SPACE on the Fishbowl dataset using
the implementation provided by the authors (https://github.com/zhixuan-lin/SPACE). We used the
default hyperparameters and trained two variants using a 4x4 and 8x8 grid of object detectors,
respectively. As for the GAN baseline in appendix D, we used every 16th frame for training this
model to keep the training time reasonable (160k frames in total). Despite the subsampling, this
is still substantially more data than the model was trained on in the original paper (60k images).
SPACE expects the input images to have equal width and height, therefore we used a central square
crop from every frame.

Training the model on a single Nvidia RTX 2080ti GPU is relatively fast (14h for the 4x4 grid
and 18h for the 8x8 grid), confirming the performance advantage of the parallel object detectors. As
the results in the Fig. 20 show, the object reconstructions from the model overall look reasonable.
Most structure in the background is missed by the model, however we conjecture that this might
be solvable by adapting the capacity of the background network. The visualization of the object
detections however reveals a more fundamental failure mode due to the grid structure used by the
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object detector in SPACE: Larger fish are split across several cells, even when using only 4x4 cells.
As each cell can only handle at most one object, decreasing the cell count further is not expected to
yield sensible results, as this limits the number of objects too much. Lin et al. (2020b) mentioned
this problem and introduced a boundary loss to address it, however on the Fishbowl dataset this does
not resolve the problem. We hypothesize that an approach based on a fixed grid, while adequate in
some cases and having substantial performance advantages, doesn’t work well with objects showing
large scale variations as present in our newly proposed dataset. We believe this is a limitation of
SPACE that cannot be resolved with further model tuning.

SPACE 4x4 SPACE 8x8

o - = ;'.1":;: ;l,,:‘:;
Input Reconstruction Reconstructed Object Input Reconstruction Reconstructed Object

Objects Detections Objects Detections

Figure 20: Scenes from the Fishbowl dataset reconstructed by SPACE Lin et al. (2020b). The model is
trained using the official implementation provided by the authors with the default parameters. The two
variants shown use grid sizes of 4x4 and 8x8, respectively.

We performed an additional experiment that integrates our approach with SPACE: As a first
step, we trained a variant of our object model that uses the glimpse encoder and decoder from
SPACE. We increased the learning rate to 0.0005 following an initial grid search, but otherwise left
all hyperparameters unchanged. As the second step, we included the pretrained glimpse encoder
and decoder into the SPACE model and trained the full model end-to-end as described above (using
a grid size of 4x4). When we continued to train the glimpse encoder and decoder in the end-to-end
setting, we noticed similar failures as described above. Therefore we froze the respective weights
after the pretraining step.

Figure 21 shows results from this model variant. Early during the training, the model is in many
cases able to detect the objects in the input scenes. This especially holds for larger objects that
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have been shown to be problematic for the end-to-end model before. Later during training SPACE
however increasingly uses the background model to also explain foreground objects. In addition, we
evaluated both the pretrained and end-to-end trained object model from SPACE using the ground
truth unoccluded objects. As the quantitative results in Table Tab. 4 show, the reconstruction of
the appearance works better with the SPACE object model than with our architecture®, but has a
substantial gap in the segmentation performance. More importantly, the results clearly show an
improvement of the motion segmentation based training over the original end-to-end approach,
confirming the qualitative results.

Overall those results show that our motion segmentation based approach for object-centric mod-
eling can also be used for scaling existing architectures to more complex settings. The off-the-shelf
SPACE model however still falls short of our scene model when trained this way. In the future we
see great potential in combining our object learning approach with state-of-the-art object-centric
scene models.

6. To some degree this is confounded with the worse segmentation performance, as the appearance error is only evalu-
ated on the intersection of the ground truth and predicted mask.
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Table 4: Quantitative evaluation of the SPACE object model trained end-to-end within SPACE and pretrained
based on motion segmentations using the same loss as our object model. The pretrained SPACE object model
and ours use the cutout augmentation. The metrics are the same as in Tab. 2.

Object model IoUT MAE| IoU@0.517 MAE@0.5]
SPACE (end-to-end) 0.533  12.3 0.425 16.4
SPACE (pretrained) 0.734  7.60 0.605 124
Ours 0.822 13.0 0.677 24.0
Baseline 0.915 0.271
Early training Late training
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Figure 21: Scenes from the Fishbowl dataset reconstructed by SPACE (Lin et al., 2020b). The glimpse
encoder and decoder where trained on the candidate objects given by the motion segmentation using the
object model loss proposed in this work. Afterwards, the remaining components where trained end-to-end
using the official implementation provided by the authors with the default parameters.
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D.3. GENESIS-v2 (Engelcke et al., 2021)

We trained GENESIS-v2 on the Fishbowl dataset using the official implementation by the authors
(https://github.com/applied-ai-lab/genesis) with default hyperparameters except for the image reso-
lution, number of object slots and batch size. We modified the model code to work for rectangular
images and used a resolution of 128x192 pixels. We trained GENESIS-v2 having 5 object slots on
4 Nvidia RTX 2080Ti GPUs using a batch size of 64. Initial experiments with 10 object slots lead
to the background being split up into multiple slots. As for the GAN baseline before, we used every
16th frame for training this model (160k frames in total).

In Fig. 22 we show qualitative results from GENESIS-v2 on the Fishbowl dataset. The recon-
structions of the model look somewhat blurry but capture the major structure in the input images
well. Importantly, the visualization of the segmentation map and the individual slots reveal that the
model succeeds in learning to decompose the scenes into background and objects. Sampling objects
and scenes however fails with this model configuration. Most likely this happens due to the GECO
objective (Rezende and Viola, 2018), that decreases the weight of the KL term in the loss function
as long as the log likelihood of the input sample is below the target value. Training GENESIS-v2
with the original VAE objective instead of GECO leads to better scene samples, the decomposition
of the scene however fails with this objective (Fig. 23).

As a comparison to the end-to-end training within GENESIS-v2, we trained a variant of our
object model using the architecture of the GENESIS-v2 component decoder. As encoder, we use a
CNN constructed symmetrically to the decoder, using regular convolutions instead of the transposed
convolutions. We trained the model with the Cutout augmentation and using the same loss and
training schedule as for the object model described in the main paper.

The results in Tab. 5 and Fig. 24 show that the model generally performs well, but worse than
our original object model. This can most likely be explained by the larger capacity of our object
model (10 vs 5 layers, 128 vs 64 latent dimensions) which seems to be necessary to model the
visually more complex objects in our setting. Also when trained separately, the object model has
difficulties with sampling novel fish, which can be addressed at the cost of worse reconstructions 25.

Overall we conclude that our modular object learning approach scales much better to visually
more complex scenes than end-to-end training as done by GENESIS-v2. Even when using the
GENESIS-v2 component decoder within our framework, the necessary trade-off between recon-
struction and generation capabilities seems to be more favorable when using our modular approach
as opposed to the end-to-end training. We remark that this comparison comes with a grain of salt:
We neither adapted the hyperparameters of GENESIS-v2 nor of our method and the same decoder
is used within GENESIS-v2 for the background, too. The strong qualitative difference in sample
quality however makes it unlikely that this explains all of the difference. Moreover, our approach
only addresses learning generative object models whereas GENESIS-v2 is also capable to infer the
decomposition of static input scenes. For the future, we therefore see much potential in combining
the respective strengths of both methods.
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Reconstructed Segmentation

Sampled Scenes

Figure 22: Qualitative results of GENESIS-v2 applied on the FISHBOWL dataset. The reconstruction in the
second row look somewhat blurry, but capture all major structure in the input images shown in the first row.
The visualization of the reconstructed segmentation shows that the model succeeds in decomposing the input
image into the background and the different objects. Sampling from the model however fails in this setting.
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Reconstruction

Segmentation

Samples

Figure 23: Qualitative results of GENESIS-v2 trained on the Fishbowl dataset using the default VAE objec-
tive instead of the GECO objective. Sampling from the model works much better in this setting; the model
fails however to segment the scene into the indiviual objects.

Table 5: Comparison of the reconstructions from the object model based on the GENESIS-v2 component
decoder with our original object model using the same metrics as in Tab. 2. Both models are trained using
cutout augmentation.

Training data Architecture IoU 1 MAE | IoU@0.5 1 MAE@0.5 |
Motion GENESIS-v2  0.779+£0.002  15.340.063  0.661+0.003  25.7+0.114
Segmentation Ours 0.8224+0.001  13.0+0.032  0.677+0.002  24.0£0.017
Ground Truth GENESIS-v2  0.844+0.001 13.7+0.109  0.7224+0.001  19.8+0.062
Segmentation Ours 0.8874+0.001  12.3+0.035 0.743+0.003  17.3£0.087
Motion Segmentation Ground Truth Segmentation
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Figure 24: Qualitative results when using the GENESIS-v2 object decoder as object model within our
modular training approach using the same loss and training schedule. Reconstructions and samples look
worse than with the original object model, hinting at the larger capacity of our object model being necessary
for our dataset.
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Motion Segmentation

Ground Truth Segmentation
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Figure 25: Qualitative results when using the GENESIS-v2 object decoder as object model within our
modular training approach using a larger weight of the KL divergence in the VAE training loss. At the prize
of worse reconstructions, the samples from the model can be substantially improved this way.

D.4. Comparison on the RealTraffic dataset

To evaluate how well our method transfers to other settings, we trained our model on the RealTraffic
dataset (Ehrhardt et al., 2020). As the resolution of the images is smaller in the RealTraffic dataset,
we reduced the object size threshold to 64px and the minimal distance to the boundary to 8px
for the object extraction. We trained the object model with the same architecture as used for the
Fishbowl dataset. Due to the smaller dataset size, we trained the model for 600 epochs and reduced
the learning rate only after 400 epochs. As the videos in the dataset were all recorded from the
same stationary traffic camera, we did not train a background model but used the mean-filtered
background directly. In contrast to the aquarium dataset, the object positions and sizes are not
distributed uniformly for this dataset. For the scene model, we therefore sample directly from the
empirical joint distribution of object positions and sizes (extracted from the object masks obtained
by the motion segmentation).
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Object Samples

GENESIS [15]

RELATE [13]

BlockGAN [B3]
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Figure 26: Results from our model trained on the RealTraffic dataset compared to results from other models
trained on this dataset.

In Fig. 26, we compare samples from our model to other models for which results on the Re-
alTraffic dataset have been reported by Ehrhardt et al. (2020). Overall, our model transfers well to
this real world setting, given that our model is used largely unchanged. In comparison to the GAN-
based RELATE and BlockGAN, the samples from our model look slightly more blurry. However
the results from our method clearly improve over the VAE-based GENESIS model.
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The adaptation of the scene statistics as described above works well for the object position, as
the cars are correctly positioned on the street only. We consider the possibility of this straight-
forward adaptation to novel scene statistics to be a nice advantage of our object-centric modeling
approach. In the future, this could be improved further by, e.g., learning to sample latent variables
conditioned on the object positions.
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Abstract

Humans excel at detecting and segmenting moving objects according to the Gestalt
principle of “common fate”. Remarkably, previous works have shown that human
perception generalizes this principle in a zero-shot fashion to unseen textures or
random dots. In this work, we seek to better understand the computational basis
for this capability by evaluating a broad range of optical flow models and a neuro-
science inspired motion energy model for zero-shot figure-ground segmentation
of random dot stimuli. Specifically, we use the extensively validated motion en-
ergy model proposed by Simoncelli and Heeger in 1998 which is fitted to neural
recordings in cortex area MT. We find that a cross section of 40 deep optical flow
models trained on different datasets struggle to estimate motion patterns in random
dot videos, resulting in poor figure-ground segmentation performance. Conversely,
the neuroscience-inspired model significantly outperforms all optical flow models
on this task. For a direct comparison to human perception, we conduct a psy-
chophysical study using a shape identification task as a proxy to measure human
segmentation performance. All state-of-the-art optical flow models fall short of
human performance, but only the motion energy model matches human capability.
This neuroscience-inspired model successfully addresses the lack of human-like
zero-shot generalization to random dot stimuli in current computer vision models,
and thus establishes a compelling link between the Gestalt psychology of human
object perception and cortical motion processing in the brain.

Code, models and datasets are available at https://github. com/mtangemann/
motion_energy_segmentation.

1 Introduction

Motion is a powerful cue that humans use to detect and segment visual objects. A striking example
are camouflaged animals, which are difficult to spot when stationary but become much easier to detect
when moving. Motion segmentation in humans is believed to be driven by the principle of common
fate [47, 48, 42], which posits that elements that move together, belong together. Remarkably, human
perception generalizes this principle in a zero-shot fashion to novel textures or moving random dots.
For example, the seminal work by Johansson [19] showed that humans can easily detect biological
motion from only few moving dots. More recently, Robert et al. [31] introduced random dot stimuli
called object kinematograms that preserve the motion in a video while ensuring that static appearance
cues are uninformative about the video contents (Fig. 1, example video in the supplemental material).
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Figure 1: We compare state-of-the-art optical flow estimators and a neuroscience inspired motion
energy model on a figure-ground segmentation task. For evaluation, we use random dot stimuli with
the same motion patterns as the original videos, but for which the appearance of each individual
frame is informative (example video in the supplemental material). The neuroscience inspired model
generalizes to these stimuli much better than state-of-the-art optical flow models.

Nevertheless, humans were able to classify the animals and objects in these videos based on motion
information alone.

In this work, we seek to understand the computational basis for appearance-agnostic motion perception
in humans which enables this zero-shot generalization to random dots. Recent advancements in
computer vision models for motion segmentation enable accurate segmentation of moving objects
in natural videos based on a combination of optical flow estimation networks with downstream
segmentation networks (e.g., [51]). However, it remains untested whether these models generalize
in a similar way as human perception. Since the motion estimation stage is critical for segmenting
moving objects, we focus on testing a broad range of state-of-the-art optical flow methods in
combination with a fixed segmentation network. Our analysis reveals that existing computer vision
approaches do not generalize in a human-like manner: Many high-performing models on natural
stimuli perform near chance level for random dots.

In the primate visual cortex, area MT is known to be involved in motion perception and interpretation.
Computational models for this area based on motion energy were proposed almost forty years ago
[1, 46] and since then have been shown to predict key characteristics of neural firing patterns [37].
Instead of matching deep features between two frames, these models rely on spatio-temporal filtering
in pixel space combined with a post-processing stage to resolve ambiguities. We demonstrate that
this mechanism can be successfully integrated with deep neural networks for motion segmentation
in realistic videos and reaches the performance of early deep learning based optical flow models on
the original, textured videos—which is remarkable considering that the motion energy model was
developed to explain the tuning of individual neurons and has several orders of magnitude fewer
parameters than typical optical flow networks. Crucially, the motion energy model substantially
outperforms all tested optical flow models in zero-shot generalization to moving random dots. In
a direct comparison with humans in a controlled psychophysics study, the motion energy based
approach is the only model that can match human capability.

In summary, our paper makes the following contributions:

* We show that a a broad range of state-of-the-art optical flow methods do not support
human-like motion segmentation that generalizes to random dot patterns.

* We demonstrate that a classical neuroscience model can be successfully integrated with deep
neural networks and generalizes to random dot stimuli.

¢ We conduct a psychophysical experiment to directly compare random dot motion segmenta-
tion in humans and machines. While state-of-the-art optical flow models fall short of human
performance, the motion energy model can match it.

These results establish a compelling link between the Gestalt psychology of human object perception
and cortical motion processing in the brain, showing that a motion energy approach can overcome the
lack of human-like zero-shot generalization to random dot stimuli in current computer vision models.
Integrating this mechanism with state-of-the-art optical flow methods is promising path towards more
robust motion estimation models.



2 Related Work

Motion energy. Modelling motion perception in humans has been frequently approached using
motion energy models. These models exploit the fact that a moving pattern corresponds to oriented
edges when considering a video as a spatio-temporal volume [1, 46]. Several models have been
proposed that build on this principle, aiming to explain the tuning properties of neurons found in
visual areas V1 and MT [37, 15, 32, 28]. With few exceptions [41, 38], these models have not been
used as a motion estimation models in a computer vision context. Our work is the first to study
motion energy models for moving object segmentation.

Optical flow estimation. Optical flow traditionally has been formulated as an optimization problem
with the goal of finding good matches between two frames [16]. During recent years, optimization
based methods have been superseded by deep neural networks that frame optical flow estimation as
an end-to-end regression task. FlowNet [11] pioneered this approach with a CNN that optionally
includes an explicit temporal matching operation. Following works contributed better training data
and proposed coarse-to-fine architectures to predict optical flow [17, 39, 40] which lead to substantial
performance improvements. More recently, models that iteratively refine a high resolution optical
flow map [43, 18] and Transformer-based models [36, 53, 54] have further improved state-of-the-art.
Some works have compared optical flow models to human motion perception [56, 41], however not
in the context of motion segmentation.

Motion Segmentation. The typical approach to motion segmentation is using optical flow as
input for a downstream segmentation model. One classic line of work computes point trajectories
from optical flow and then clusters the trajectories to segment moving regions [6, 29, 20]. Classical
geometric approaches to motion segmentation have been combined with deep learning in later work
[4, 5]. More recently, purely deep learning based approaches have been able to improve state-of-the-
art [44, 9, 22, 23, 51]. To achieve high performance on classical motion segmentation datasets, the
optical flow based motion segmentation is typically combined with appearance based segmentation
[9, 52]. In this work, we evaluate generalization to random dot stimuli for which appearance is not
informative, so we focus on purely motion-driven approaches.

3 Methods

The aim of this work is to evaluate which computational models match the capabilities of humans for
zero-shot motion segmentation of random dot patterns. We follow the standard motion segmentation
approach in computer vision and first use a motion model to estimate the motion in an input video,
followed by a segmentation network that predicts the foreground mask. In order for models to
perform well on zero-shot segmentation of random dot patterns, it is critical that the motion estimator
used by the model generalizes well to these random dot stimuli. Ideally, the motion estimator would
be invariant to changes in texture. Therefore, we focus on the motion estimation stage by evaluating
a broad range of optical flow models in comparison to a neuroscience inspired motion energy model.
As a segmentation model, we use the same segmentation architecture for all motion estimators which
we train from scratch for every model.

3.1 Optical Flow Models

We use a range of optical flow models that includes all major deep learning based approaches to optical
flow estimation. FlowNet 2.0 [17] was the first CNN based model that reached the performance
of classical, optimization based methods. We consider three variants of the model using different
combinations of subnetworks. PWC-Net [39] introduced a multi-scale approach that combined
operations from classical approaches (such as cost volumes and warping), with components from
deep learning. Different from previous models, RAFT [43] is not based on a coarse-to-fine approach
but rather on iterative refinement of a high resolution optical flow map derived from multi-scale
correspondences. GMA [18] extends the RAFT architecture by introducing a Transformer-based
module to better handle occlusions, which have been shown to be difficult for previous models. More
recently, GMFlow [53, 54] and FlowFormer++ [36] have been proposed as fully Transformer-based
architectures for optical flow estimation.



We use the implementations and checkpoints of these models from the MMFlow library [8], except
for FlowFormer++ and GMFlow for which we use the implementations and checkpoints provided by
the respective authors'2. For each architecture, we consider checkpoints trained on different datasets
that are common in the field, including the FlyingChairs [11], FlyingThings3d [24], Sintel [7] and
KITTI [25, 26]. In total, we evaluate 40 optical flow models.

We apply the models to predict multi-scale optical flow, in order to match the multi-scale features
predicted by the motion energy model. All of the optical flow models internally use several scales to
predict optical flow. However, this representation is followed by non-trivial processing to combine
motion information across scales, so that using this internal representation directly would most likely
lead to inferior performance. Therefore we use the unmodified models and scale the final optical flow
prediction to the desired resolutions using bilinear interpolation.

3.2 Motion Energy Model

Motion energy models are based on the insight that a motion pattern in a video corresponds to a
spatio-temporal orientation when the video is considered as an z-y-t volume [1, 46]. The motion
at every pixel can therefore be estimated by using spatiotemporal filters that respond to a particular
motion direction and speed. This mechanism has important differences from the optical flow models
discussed before. All of the optical flow models compute deep features for two frames individually
and match these features between two frames to estimate motion. The spatio-temporal filters in
motion energy models on the other hand operate directly in pixel space. This approach leads to
more ambiguous matches, which are typically resolved by considering more than two frames, and a
postprocessing stage.

In this study, we build on the influential motion energy model by Simoncelli & Heeger [37]. In
addition to the oriented filters described above, this model introduced a second stage that implements
an intersection of constraints construction [13, 2] in order to resolve ambiguities of the linear filter
responses. This motion energy model can be implemented as a CNN with the architecture shown
in Figure 2. We derived the weights of the CNN from the the parameters of the original model
and verified that our PyTorch [30] implementation of the motion energy model equals the original
MATLAB implementation® up to numerical differences. Following the original model, we apply
the model for five different input scales that are obtained by repeatedly blurring and downsampling
the input by a factor of two. To streamline the implementation, we do not scale the activations after
every layer and experimentally verified that this change does not affect downstream performance for
motion segmentation.

3.3 Segmention model

We use a coarse-to-fine segmentation network to predict per-pixel logits for the respective pixel
belonging to the foreground object (Figure 2). Input to the segmentation model are the multi-scale
motion energy maps or multi-scale optical flow maps as predicted by the models described earlier.
At each scale, the segmentation model consists of three components: The input projection layer
predicts motion features for each scale. The core of the network is a refinement CNN that aggregates
features across scales. At each scale, the refinement CNN concatenates the motion features from
the current scale with the refined representation from all previous scales and predicts the refined
representation for the current scale. Finally, the output projection layer predicts the segmentation
given the refined representation from the finest scale. All layers except for the output projection
are followed by a CELU nonlinearity [3] and instance normalization [45]. The parameters of the
components are shared across the stages, so that the network is essentially a recurrent neural network
that integrates information from coarsest to the finest scale in order to predict a segmentation.

3.4 Training

All models are trained on a synthetic video dataset that we generated using the Kubric library[14].
Each video shows a single moving object in front of a moving background. The 3D objects and

"https://github.com/XiaoyuShi97/FlowFormerPlusPlus
*https://github.com/autonomousvision/unimatch
*https://www.cns.nyu.edu/~1cv/MTmodel/
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Figure 2: (top) Our motion segmentation architecture: The motion estimation predicts multi-scale
optical flow or motion energy, the segmentation model predicts the moving foreground region.
(bottom left) The motion energy model is implemented as a CNN. The weights are chosen such
that the CNN is equivalent to the original model by [37]. (bottom right) The segmentation model
combines motion features across scale and predicts a binary segmentation at the input resolution.

backgrounds used for dataset generation are scans of everyday objects and scenes, resulting in highly
realistic renderings. We used 901 videos for training and 100 test videos, each having 90 frames at
30Hz. The training and test videos used different sets of object and backgrounds but are otherwise
sampled from the same distribution. The code and hyperparameters for generating videos, as well as
the rendered dataset, are publicly available*.

For all models, we freeze the weights of the motion estimator and only train the downstream
segmentation network. As common for binary motion segmentation, we use per pixel binary cross
entropy to the ground truth masks as loss. We use the Adam optimizer [21] with a learning rate
of 1e — 4 for all models and train for 40.000 steps using a batch size of 8. All models are trained
on NVIDIA GeForce RTX 2080 Ti GPUs with 12GB of VRAM. Depending on the computational

requirements of the motion model, training the segmentation model on a single GPU takes between 2
and 6 hours.

3.5 Zero-shot evaluation on random dot stimuli

We evaluate models on the original test videos as well as random dot stimuli generated for all test
videos based on the ground truth optical flow. We use the same procedure as [31] for generating
random dot stimuli using 500 dots with a lifetime of 8 frames, which matches the dot density and
lifetimes.

We apply all models using a shifting window approach for the full length videos, but excluding the
first and last four frames so that the window is fully contained within the video for all models. For
evaluation, we obtain a binary prediction by thresholding with 0.5 and measure performance by
computing IoU and F-Score for each frame individually and then averaging over the test set.

*https://github.com/mtangemann/motion_energy_segmentation



4 Results

4.1 Zero-Shot Random Dot Segmentation

Table 1 summarizes the motion segmentation performances achieved when using different motion
estimators, both on the i.i.d. test set and the corresponding random dot stimuli. For a better overview,
we visualize the performances as measured by IoU in Figure 1 and in the appendix.

Original Random Dots

Motion Estimator Training Dataset IoU F-Score IoU F-Score
Motion Energy (ours) - 0.759 0.845 0.600 0.718
GMFlow Flying Things 3D 0.885 0.925 0.381 0.493
(2 scales, 6 refinements)  Sintel 0.823 0.874 0.222 0.315
Mixed 0.823 0.874  0.069 0.106

FlowNet2 SD FlyingChairs 0.828 0.884 0.377 0.499
FlowNet2 CSS FlyingThings3D 0.837 0.896 0.351 0.469
FlyingChairs 0.735 0.818 0.252 0.359

PWC-Net FlyingThings3D 0.729 0.815 0.347 0.469
FlyingChairs 0.544 0.662 0.324 0.442

KITTI 0.600 0.715 0.121 0.193

FlowNet2 FlyingChairs 0.662 0.757 0.278 0.380
FlyingThings3D 0.821 0.877 0.154 0.241

FlowNet2 CS FlyingThings3D 0.800 0.867 0.269 0.374
FlyingChairs 0.669 0.760 0.247 0.359

GMFlow (2 scales) Flying Things 3D 0.704 0.793  0.267 0.373
Sintel 0.733 0.812 0.253 0.351

Mixed 0.743 0.822  0.210 0.300

GMFlow (1 scale) Mixed 0.843 0.897 0.225 0.308
Flying Things 3D 0.797 0.859 0.174 0.244

GMA (+P) KITTI 0.520 0.630 0.154 0.224
FlyingChairs 0.646 0.717 0.101 0.142

Mixed 0.895 0.932  0.054 0.078

FlyingThings3D 0.850 0.894 0.039 0.057

FlowFormer++ Flying Chairs 0.741 0.800 0.144 0.218
Flying Things 3D 0.901 0.935 0.119 0.182

Sintel 0.908 0.942 0.092 0.140

Flying Things 3D 0.902 0.938 0.072 0.113

GMA KITTI 0.579 0.679 0.143 0.214
FlyingChairs 0.643 0.724 0.134 0.194

FlyingThings3D 0.867 0.909 0.100 0.150

FlyingThings3D + Sintel 0.890 0.928 0.089 0.132

Mixed 0.890 0.927 0.077 0.109

GMA (P-only) FlyingChairs 0.663 0.743  0.138 0.207
KITTI 0.567 0.650 0.112 0.159

Mixed 0.881 0.920 0.093 0.141

FlyingThings3D 0.867 0.909  0.090 0.142

RAFT FlyingThings3D + Sintel  0.886 0.924 0.132 0.180
FlyingThings3D 0.869 0.909 0.116 0.172

Mixed 0.885 0.925 0.108 0.145

KITTI 0.506 0.600 0.107 0.147

FlyingChairs 0.647 0.718 0.100 0.147

Table 1: Model performances for the i.i.d. test videos and zero shot to the corresponding random dot
stimuli with the same motion patterns. For all motion estimators, the same segmentation network is
used to predict the figure-ground segmentation. Results are grouped by the motion estimation model
and ordered by the performance on the random dot stimuli.

Recent optical flow methods perform strongly on the original videos. FlowFormer++ works best
on our dataset with an IoU of 90.8%, closely followed by a GMA variant that reaches 89.5% IoU.



These results parallel the strong performance of recent Transformer-based architectures on standard
optical flow benchmarks. The motion energy based model only achieves a performance of 75.9%
IoU and lags behind state-of-the-art optical flow models, but performs similar as earlier deep learning
based optical flow models. This result is remarkable when considering that the motion energy model
predates the deep learning models by several decades and has not been tuned for dense, end-to-end
motion prediction. Within each model, the checkpoints from the FlyingThings3d dataset tend to
perform best for the original videos. The FlyingThings3d dataset contains renderings of 3D objects
undergoing rigid motion, so arguably it is the most similar dataset compared to the one used in this
study.

Motion energy generalizes much better to random dots. The motion energy based model reaches
an IoU of 60.0%, which outperforms the performance of the second best model by more than 20
percentage points. Strikingly, the FlowFormer++ and GMA models that performed best on the
original videos generalize particularly bad to the random dot stimli (IoU < 10%). Overall, more
dated optical flow architectures such as FlowNet2 variants and PWC-Net tend to generalize better
to random dot stimuli than more recent approaches. An interesting exception is GMFlow, which
reached an IoU of 38.1% and performed best among all optical flow models. We do not observe a
clear effect of the training dataset.

We visualize model predictions in Figure 3. For the original videos, the quality of the predicted
optical flow varies but allows for a clear segmentation of the moving object. The object is also clearly
represented in the motion energy maps, with some feature maps responding highly to the background
and others to the moving object. The motion energy maps however tend to be noisier than the optical
flow predictions, which explains the lower performance of the motion energy model for the clean
videos.

The random dot stimuli exhibits the same motion as the original video, so the prediction of an ideal
motion estimator would be unchanged. The optical flow methods however fail to properly estimate
the motion of the foreground object. While some methods like FlowNet 2.0 and PWC-Net predict a
highly noisy motion pattern that roughly matches the location of the foreground object, many optical
flow estimators fail to detect the foreground motion at all. The motion energy on the other hand
looks highly similar for the random dot stimulus and the original video, allowing the motion energy
segmentation to generalize well in this case.

4.2 Ablation study

As an ablation study, we evaluated whether the performance of the motion energy segmentation model
can be improved by learning the parameters of the motion model. We tested different combinations
of layers in the motion energy CNN that are fixed, finetuned or trained from scratch and trained them
end-to-end with the segmentation model.

The results in table 2 show that the original weights of the model allow for the best generalization
to random dots. This is remarkable when considering that the weights of the motion energy model
have been originally selected to explain the tuning properties of individual neurons, but not for
image-computable motion estimation. Some of the configurations however outperformed the original
weights on the original videos. So while the network architecture allows for generalization in
principle, all our models trained by gradient descent converged to solutions that performed well on
the training data but did not generalize.

As a further ablation study, we removed or replaced layers of the motion energy model. The results
in the supplemental information suggest that the pooling and normalization layers are particularly
important for generalization to random dots. More details and further experiments are provided in the
supplemental information.

5 Human Machine Comparison

The previous results have revealed differences between different motion estimation models in terms
of generalization to random dots. While it is known that humans can recognize objects in random dot
stimuli without prior training [31], the ability to segment objects in moving random dot patterns has
not been quantified before. We therefore conduct a human subject study in order to directly compare
the zero-shot generalization to random dots in humans and machines.
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Figure 3: Example predictions for different motion estimators. The motion pattern in the random dot
stimulus is the same as in the original video. While the optical flow estimates are highly accurate for
the original videos, the models struggle with the random dot stimuli that exhibit the same motion.
The activations of the motion energy model model however generalize well to the random dot stimuli,
enabling to detect and segment the foreground object.

Original Random Dots
V1 Linear V1 Blur MT Linear MT Blur IoU F-Score IoU F-Score
fix fix fix fix 0.759 0.845 0.600 0.718
fix fix finetune fix 0.776 0.856 0.563 0.686
finetune fix finetune fix 0.804 0.873 0.468 0.599
fix fix scratch scratch 0.794 0.873 0.463 0.583
finetune fix scratch scratch 0.827 0.887 0.395 0.508
finetune finetune  scratch cratch 0.600 0.717 0.162 0.246
scratch fix scratch fix 0.660 0.752  0.052 0.087
scratch scratch scratch scratch 0.593 0.702 0.027 0.048

Table 2: Comparison of using the original weights (fix), finetuning the original weights (finetung) or
training from scratch (scratch) for the layers of the motion energy model.

Due to the inherent difficulty in directly evaluating the segmentation perceived by humans, we
employed a shape identification task as a surrogate requiring segmentation (Figure 4). Each trial
involved a random target shape and a distractor shape from the Infinite dSprites dataset [12]. The
random dot stimulus shows the target shape moving linearly across the center of the image with
random motion direction and speed. After the video concluded, participants were shown clean
renderings of the target and distractor shapes and were required to select the shape that they perceived
in the random dot stimulus. Since the shape alternatives were unknown while the random dot stimulus
was shown, participants had to segment and memorize the shape in the random dot video and then
compare it to the shape choices afterward. Therefore, performing well on this task necessitates
sufficiently good segmentation of the moving shapes within the motion patterns of the random dot
stimuli.
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Figure 4: We compare humans and machines using a random dot shape identification task as a proxy
to measure segmentation in humans. Shown a video of random dots, participants have to respond
which of two shapes was perceived in the video. Humans outperformed all optical flow based models,
but not the motion energy based model for this task. More details are provided in the supplemental
material.

We performed the study in a controlled vision lab environment, where participants viewed the
experiment on a VIEWPixx 3D LCD monitor (1920x1080, 120Hz) with the distance fixed to 65cm
using a chin rest. The duration of all videos was 1s at a framerate of 30 Hz. Overall, we collected data
from N=13 subjects, of which we excluded one subject due to insufficient visual acuity (remaining:
N=12, 4 female, 8 male). Among the subjects where both trained vision scientists and naive subjects.

We evaluated all models on the same stimuli as human subjects. Given a random dot video, we
applied the respective model to segment the video and selected the shape option that better matched
the prediction as measured by IoU.

The results in Figure 4 show that all models based on optical flow are clearly outperformed by
humans. Many of the optical flow based models perform near chance level, while some models
reached a non-trivial performance. Overall, more recent optical flow models that perform very well
on the original videos appear to generalize worse to this task, with GMFlow [53, 54] being a noteable
exception. Different from the optical flow models, the motion energy based approach is the only
model to match and even outperform human performance. More detailed results in the supplemental
information show that the motion energy segmentation model performs on par with the highest
performing participants of the study.

6 Limitations

To allow for comparing a large number of motion estimation models with a reasonable computational
budget we made compromises for other modeling aspects. We limited the size of the segmentation
network to allow for efficient training but performed a control experiment to show that using a more
sophisticated segmentation network does not improve generalization (see supplemental information).
Moreover, we used the same training schedule for all models but ensured that our setting supports all
models adequately by visually inspecting the loss curves.

When comparing humans and machines we did not model several factors that are expected to influence
human performance, such as the impact of internal noise and attentional lapses. As common in
psychophysics experiments, several subjects reported making accidental errors for few examples
[50] which negatively affects performance. So even a model that perfectly replicates the motion
processing algorithm in humans is not expected to perfectly replicate human behavior in our setting.

7 Broader impact

This work is highly interdisciplinary, bridging state-of-the-art computer vision motion segmentation
algorithms with the principles of Gestalt psychology and the neuroscience of cortical motion pro-
cessing in the brain. By showing that a neuroscience-inspired motion energy model can outperform
conventional optical flow models in zero-shot generalization to random dot stimuli, the study high-
lights the potential for integrating biological insights into Al systems. Benefits of broader impact
include the development of more robust and human-like Al systems, educational value, and the
creation of Al systems that are more aligned with human cognition.



8 Discussion

Computational models for motion estimation have a long history in both computational neuroscience
and computer vision. Shallow models based on spatio-temporal filtering in pixel space have been
able to predict neural activity in brain areas related to motion perception [37, 32] and are compatible
with a range of phenomena in human perception [57]. In computer vision, models based on matching
deep features between two frames have continuously improved performance over the last years and
are successfully applied in a range of downstream tasks. Despite these successes, our study reveals a
striking gap between deep optical flow networks and human perception: While humans generalize
the common fate Gestalt principle to zero-shot segmentation of random moving dots, the optical
flow models fail to generalize to these stimuli. Furthermore, we show that a classic motion energy
approach can be scaled to realistic videos while matching human generalization capabilities.

The great success of deep neural networks in computer vision has spawned interest in using DNNs
also as a model for human vision, in particular for core object recognition [55]. In the same spirit,
deep neural networks might be promising models for human motion perception [56]. While promising,
our study parallels findings for core object recognition that show striking differences between human
perception and DNNs [49]. For motion perception, however, we show that is possible to combine
classical models from computational neuroscience with the scalability of deep learning. Further
integration of these modeling traditions is a promising path towards image computable models of
human motion perception [41].

While closing the gap between human perception and machine vision is crucial for computational
neuroscience, we believe that computer vision likely profits from better alignment with human
vision as well. Humans still greatly outperform machines in terms of robustness and efficiency.
Our study suggests a substantial entanglement of motion estimation with appearance in DNNS,
which might also be linked to the lack of robustness observed in state-of-the-art motion estimators
[33, 34]. Computational principles that better match human vision should be considered as promising
candidates for addressing these issues.

Finally, we argue that deep learning based models as presented in our work have the potential to
greatly improve our understanding of motion perception in humans. Low-level mechanisms for
motion estimation and higher level processes for motion interpretation have been mostly studied
in isolation [27]. In our work we follow a more holistic approach by studying the effects motion
detection mechanisms on the perception of moving objects, which offers several unique opportunities.
First, it is not necessary for most downstream tasks to perfectly estimate the physically correct
motion. For example, segmenting moving objects does require precise information about object
boundaries while other mistakes are less critical. Studying motion estimation and interpretation jointly
allows to better understand viable compromises in estimation accuracy as the basis for more efficient
processing. Second, studying end-to-end models of motion estimation and interpretation advances our
understanding of how neural mechanisms give rise to behavior. DNNs are a particularly promising
modeling approach positioned in a “Goldilocks zone” regarding the trade-off between biological
plausibility and scalability to natural stimuli and tasks [10]. In this vein, our work establishes a
compelling link between cortical mechanisms for motion estimation and the Gestalt psychology of
human object perception.

In the future, this work can be extended in several directions. While scaling remarkably well, the
original motion energy model is not able to match the performance of state-of-the-art optical flow
methods on natural scenes. We see integrating principles from computational neuroscience with
techniques from deep learning as a promising path towards closing this gap [41]. Moreover, training
the parameters of the CNN implementation of the motion energy model jointly with the segmentation
model did not lead to a generalizable solution. How humans learn generalizable motion perception
from data, or to which degree this capability is innate, are important questions for future research.
Finally, in the spirit of the neuroconnectionist research programme [10] we see our model as an
executable hypothesis for motion perception in the human brain. While matching human performance
in terms of generalization to moving random dots, this model might well fail to capture other aspects
of human motion perception. Further evaluating and extending models of motion perception to
capture a diverse range of phenomena is an exciting path towards a holistic understanding of human
perception.
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A Additional details about the results

For an additional overview, view visualize the segmentation performances on random dot stimuli as
reported in Table 1.
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Figure 5: Segmentation performances of the evaluated models on the random dot stimuli. Same data
as in Table 1.

B Additional experiments

B.1 Importance of components of the motion energy model

We conducted an additional ablation study in order to better understand which aspects of the motion
energy model are essential for generalization to random dot stimuli. We removed or replaced
individual layers as described in Table 3 and trained the ablated models from scratch using in the
same way as the baseline model.

The results in Table 2 hint at the normalization and pooling layers being important for generalization.
When the Gaussian pooling layers are removed completely, the performance on original videos
even slightly improves while the generalization to random dot stimuli is substantially reduced.
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Replacing the squaring-based nonlinear layers with ReLU layers, however, hardly changes the
model’s performance.

Original Random Dots
Condition IoUt F-Scoret IoU1T F-Score 1
Baseline 0.759 0.845 0.600 0.718
Replace RectifiedSquare — ReLU (MT) 0.753 0.838  0.609 0.725
Replace Square — ReLU (V1) 0.770 0.854 0.536 0.663
Remove MT Linear 0.768 0.856 0.481 0.609
Remove MT 0.770 0.854 0.451 0.583
Remove Blur (V1, MT) 0.801 0.872 0.421 0.540
Replace ChannelNorm — InstanceNorm (V1, MT)  0.592 0.703 0.230 0.340
Remove Normalization (V1, MT) 0.400 0.516 0.018 0.018

Table 3: Ablation study: Performance of the model on original videos and corresponding random dot
stimuli with various layers of the motion energy model removed or replaced. Results are ordered by
IoU on the random dot stimuli.

B.2 Multi-frame optical flow

The motion energy model uses a window of 9 frames as input, while typical optical flow methods
estimate correspondences between only two frames. To rule out the possibility that the results
observed in our paper are mainly explained by the different input window lengths, we perform an
ablation study in which we apply optical flow methods using the same 9 frame windows. For each
window, we compute the optical flow between the central frame, for which the segmentation has to
be predicted, to the 8 other frames in the window. The stacked optical flow fields are then used as the
input to the segmentation network.

The results in Table 4 and Figure 6 show some improvement on the original videos but an ever
wider gap to the motion energy model in terms of of generalization to random dots. The differences
between the motion energy and optical flow models therefore cannot be explained by the different
input lengths.
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Figure 6: Performance of multi-frame optical flow based models on the original videos and corre-
sponding random dot videos.

B.3 Comparison with state-of-the-art motion segmentation

In our study we used a relatively small segmentation network downstream to the respective motion
estimator. State-of-the-art motion segmentation models typically target multi-object segmentation in
real world videos and therefore use more complex segmentation networks. In order to verify that the
results in our paper are not caused by using a smaller segmentation network, we evaluated the state
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Original Random Dots

Motion Estimator Training Dataset IoU F-Score IoU F-Score
Motion Energy (ours) - 0.759 0.845 0.600 0.718
FlowNet2 SD FlyingChairs 0.878 0.928 0.221 0.325
FlowNet2 FlyingChairs 0.808 0.868 0.209 0.300
FlyingThings3D 0.881 0.929 0.058 0.100
PWC-Net FlyingChairs 0.816 0.886 0.163 0.250
FlyingThings3D 0.825 0.886 0.137 0.221
KITTI 0.712 0.811 0.038 0.060
RAFT FlyingThings3D + Sintel  0.912 0.948 0.156 0.222
FlyingChairs 0.863 0914 0.126 0.195
Mixed 0.896 0934 0.117 0.164
FlyingThings3D 0.894 0.934 0.090 0.132
KITTI 0.714 0.794 0.031 0.053
FlowNet2 CS FlyingChairs 0.841 0.899 0.137 0.220
FlyingThings3D 0.847 0.904 0.075 0.129
GMA (+P) FlyingChairs 0.856 0912 0.132 0.212
Mixed 0.900 0936 0.114 0.179
FlyingThings3D 0.899 0.936 0.104 0.171
GMA FlyingChairs 0.864 0917 0.131 0.212
Mixed 0.900 0.937 0.090 0.139
FlyingThings3D + Sintel  0.909 0.943  0.066 0.100
FlyingThings3D 0.903 0.943 0.060 0.098
KITTI 0.756 0.834 0.051 0.084
GMA (P-only) FlyingChairs 0.846 0.901 0.128 0.207
KITTI 0.766 0.847 0.092 0.155
FlyingThings3D 0.903 0.940 0.083 0.139
Mixed 0.912 0.947 0.077 0.117
FlowNet2 CSS FlyingChairs 0.850 0.908 0.084 0.141
FlyingThings3D 0.862 0918 0.070 0.121

Table 4: Ablation study: We apply the optical flow estimators to a window of 9 frames by using the
central frame as references and computing optical flow to each of the 8 other frames. The stacked
optical flow fields are used as inpute for the segmentation network.

of the art OCLR model [51] in our setting. The OCLR model uses optical flow estimated by RAFT
[43], which we also included in our experiments. The segmentation network however uses a U-Net
architecture with Transformer bottleneck and was trained to segment multiple objects on a synthetic
dataset. We use the published weights and do not retrain the model on our data.

The results in Table 5 show that the model performs very well on the original data. OCLR outperforms
our motion energy based model and achieves a performance similar to the best optical flow based
models considered in this work. At the same time, the model does not generalize to the corresponding
random dot stimuli. These results provide further evidence that the low generalization to random dots
is not due to the architecture of the segmentation network or the RGB training data, but a property of
the motion estimator.

Model IoU (original) IoU (random dots)
OCLR 0.838 0.026
Motion Energy Segmentation 0.759 0.600

Table 5: Comparison of the state-of-the-art motion segmentation model OCLR, and our segmentation
model based on a motion energy model.
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C Additional details about the human subject study

C.1 Comparison of humans and machines by example difficulty

As a measure of task difficulty, we count the number of informative dots. A dot is informative, if it is
contained in either the target and distractor shape but not both (see Figure 7, left). Only these dots
allow discriminating between the different shapes.

We fitted psychometric curves for human participants and models as a function of the number of
informative dots, using the psignifit toolbox [35]. The results in Figure 7 confirm that only the motion
energy model is able to match the performance of human subjects, especially for stimuli with a
medium number of informative dots.
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Figure 7: (left) As a measure of task difficulty, we count the number of informative dots that allow
discriminating betwen the two shape alternatives. (right) Psychometric curves for humans, the motion
energy based model and the four best optical flow models for the task as in 8.
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Figure 8: Comparison of the human and model performances for the random dot shape matching
task.
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C.2 Screenshots of the experiment

Instructions

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

Figure 9: Screenshots from the human subject study on random dot shape identification. (top left)
Instructions that were shown prior to the experiment. (fop right) We showed 20 training trials during
which subjects could familiarize themselves with the task. (bottom left) The training was followed by
500 test trials. A video with the random dot stimuli was shown first. (bottom right) Once the video
finished playing, the two shape options were shown below.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We clearly state the main contributions of our work in both the abstract and
the introduction. All mentioned results are supported by the experimental data presented in
the paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper includes a separate section that discusses the limitations of our work
in detail, including limitations due to computational constraints.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: The paper does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We describe the models, data and evaluation protocol used in the paper in
detail. Additionally, the code, pretrained models and the contributed dataset are publicly
released.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: All code and data for the paper is publicly released.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized

versions (if applicable).

Providing as much information as possible in supplemental material (appended to the

paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Hyperparameters and training details are explicitly reported with the descrip-
tion of the models.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Due to space constraints we did not include further statistical information in
the main table. However we included a Figure showing the same data with error bars in the
supplemental material.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We reported the computational resources of our models with the description of
the training details.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We have read the code of ethics and conform to it in every respect.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We are discussing potential broader impacts of our work in a dedicated section.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: This paper does not pose such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We used the Kubric generator with the built-in asset library and a range of
pretrained models. We cited the sources of all data and implementations that we used.

Guidelines:
* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The synthetic data we generated for the paper is described in the paper, and
published with the code used to generate it.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]
Justification: Screenshots of the experiment are included in the supplemental material.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: The study in this paper does not pose any particular risk on participants. IRB
approval exists.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the Neur[PS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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