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Summary

This dissertation investigates how the brain of non-human primates encodes, retains 

and recognizes numerical information, combining behavioral and neuronal approaches. 

Understanding how numerical cognition emerges from distributed neural processing 

offers a unique opportunity to explore the interaction between working memory, 

recognition memory and decision-making – three core components of higher cognition.

Electrophysiological recordings from the dorsolateral prefrontal (dlPFC) and posterior 

parietal (PPC) cortices of rhesus monkeys performing a sequential delayed match-to-

numerosity task revealed that single neurons encode recognition memory for numerical 

quantities. During comparisons of the sample stimulus with up to three test stimuli, the 

neurons exhibited distinct yet interacting patterns of familiarity modulation, including 

repetition suppression and match enhancement. These results suggest that recognition 

memory encompasses abstract, non-symbolic representations, and that the ability to 

detect familiarity is distributed across prefrontal and parietal networks.

At the population level, the interaction between dlPFC and PPC was further 

characterized by analyzing simultaneously recorded neuronal activity using canonical 

correlation analysis (CCA). This approach revealed dynamic, direction-specific 

coupling between both regions that varied across task phases. During stimulus 

encoding, information flow was predominantly feedforward from parietal to prefrontal 

areas, whereas maintenance periods were marked by more balanced interactions. 

These results suggest that numerical recognition arises from the flexible coordination 

of the frontoparietal network as a whole, rather than from the isolated processing of a 

single brain region.

Extending these findings to a comparative perspective, behavioral performance in the 

same task was examined across species, revealing that rhesus monkeys and carrion 

crows show comparable accuracy and numerical effects, such as distance and size 

effects. Despite these similarities, the temporal dynamics of decision-making differed 

systematically between species. Monkeys exhibited increasing reaction times across 

successive test phases, whereas crows responded progressively faster. Machine-

learning analyses further demonstrated that reaction times carried information about 
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numerosity and task phase in monkeys but not in crows, suggesting species-specific 

strategies in numerical recognition and decision control.

Together, these studies provide a comprehensive, multi-level account of numerical 

cognition, covering from single-neuron encoding and network dynamics to behavior 

across species. By integrating neurophysiological and behavioral evidence, this thesis 

sheds light on abstract cognitive functions, such as number recognition.
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Zusammenfassung

In dieser Dissertation wird erforscht, wie das Gehirn nichtmenschlicher Primaten 

numerische Informationen kodiert, speichert und wiedererkennt. Dazu werden 

neurophysiologische und verhaltensbezogene Ansätze kombiniert. Ein besseres 

Verständnis davon, wie numerische Kognition aus verteilter neuronaler Verarbeitung 

hervorgeht, eröffnet einzigartige Möglichkeiten, das Zusammenspiel von 

Arbeitsgedächtnis, Wiedererkennungsgedächtnis und Entscheidungsprozessen zu 

erforschen. Diese drei Komponenten sind von zentraler Bedeutung für höhere 

Kognition.

Elektrophysiologische Ableitungen aus dem dorsolateralen präfrontalen Kortex (dlPFC) 

und dem posterioren Parietalkortex (PPC) von Rhesusaffen während einer 

sequenziellen Delayed-Match-to-Numerosity-Aufgabe zeigten, dass einzelne Neurone 

an der Kodierung des Wiedererkennungsgedächtnisses für numerische Mengen 

beteiligt sind. Beim Vergleich eines Beispielreizes mit bis zu drei Testreizen wiesen 

Neurone in beiden Arealen charakteristische Aktivitätsmuster auf, die systematisch von 

der Vertrautheit der Reize moduliert wurden. Dazu gehörten sowohl „Repetition 

Suppression“ als auch „Match Enhancement“. Diese Ergebnisse legen nahe, dass das 

Wiedererkennungsgedächtnis nicht auf visuelle oder objektbezogene Reize 

beschränkt ist, sondern auch abstrakte, nicht-symbolische Zahlenrepräsentationen 

umfasst. Darüber hinaus deutet dies darauf hin, dass diese Funktion durch verteilte 

frontoparietale Netzwerke realisiert wird.

Auf der Populationsebene wurde die Interaktion zwischen dlPFC und PPC durch eine 

kanonische Korrelationsanalyse (CCA) simultan aufgezeichneter neuronaler Aktivität 

weiter charakterisiert. Dabei zeigte sich eine richtungsspezifische Kopplung, die sich 

über die verschiedenen Phasen der Aufgabe hinweg dynamisch veränderte. Während 

der Kodierungsphase dominierte ein feedforward gerichteter Informationsfluss vom 

PPC zum dlPFC, wohingegen in der Arbeitsgedächtnisphase eine ausgewogenere 

Kopplung zwischen beiden Arealen beobachtet wurde. Diese Befunde legen nahe, 

dass numerische Wiedererkennung nicht durch isolierte Hirnregionen realisiert wird, 

sondern auf flexiblen frontoparietalen Netzwerkdynamiken beruht.
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In einer vergleichenden Perspektive wurde die Verhaltensleistung in derselben 

Aufgabe über verschiedene Spezies hinweg untersucht. Dabei zeigte sich, dass 

Rhesusaffen und Rabenkrähen eine vergleichbare Genauigkeit sowie klassische 

numerische Effekte (Distanz- und Größeneffekte) aufweisen. Trotz dieser 

Gemeinsamkeiten unterschieden sich die zeitlichen Dynamiken der 

Entscheidungsprozesse systematisch zwischen den Spezies. Während Rhesusaffen 

über aufeinanderfolgende Testphasen hinweg zunehmend längere Reaktionszeiten 

zeigten, reagierten Rabenkrähen zunehmend schneller. Analysen mittels maschinellen 

Lernens ergaben zudem, dass die Reaktionszeiten der Affen Informationen über die 

Aufgabenstruktur, insbesondere über die Anzahl der Testphasen, enthalten, während 

dies bei den Krähen nicht der Fall war. Dies deutet auf spezies-spezifische Strategien 

bei der Integration von Gedächtnis- und Entscheidungsprozessen hin.

Diese drei Studien liefern gemeinsam ein mehrstufiges Verständnis der numerischen 

Kognition: von der Einzelzellaktivität über die interareale Kommunikation bis hin zum 

Verhalten und dem Vergleich über Arten hinweg. Durch die Integration von 

neurophysiologischen und Verhaltensdaten leistet diese Arbeit einen Beitrag zum 

Verständnis abstrakter kognitiver Funktionen bei der Zahlenerkennung.
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1. Introduction

Our environment holds an abundance of sensory information. Therefore, finding a 

certain visual target among numerous irrelevant objects can be challenging. Cognitive 

control is required to mentally store a target and to select it from the surrounding stimuli 

by using its distinctive features, such as color, orientation, or shape (Chelazzi et al., 

1993). Usually, we first evaluate the supposed target, mentally compare it with the 

features of the actual target representation, and finally decide whether it matches or not 

(Romo & Salinas, 2001). Theoretically, this comparison process must be carried out 

sequentially until the correct target is found – that is, each new visual input must be 

compared step by step with the stored target information that is persistently maintained 

in our short-term memory.

Both processes – holding the target in mind and deciding whether it is correct – are 

essential components of such visual search behavior. These major cognitive operations 

are known as working memory and decision-making, respectively. Working memory 

allows us to maintain and manipulate goal-relevant information in the absence of 

sensory input, whereas decision-making evaluates incoming stimuli and guides 

appropriate responses based on stored representations. When a stimulus is 

encountered that has been experienced before, both mechanisms interact to give rise 

to recognition memory, a process that enables us to identify familiar information by 

comparing new sensory input with previously stored representations. Recognition 

memory therefore bridges the functions of working memory and decision-making and 

allows efficient and adaptive behavior in dynamic environments.

Understanding how these cognitive processes are implemented at the neuronal level is 

essential for revealing the mechanisms that enable flexible behavior. Among them, 

working memory represents the core capacity that supports all higher cognitive 

functions, including recognition and decision-making.

1.1 Working memory

Working memory refers to the ability to temporarily store and manipulate information 

that is no longer present in the sensory environment (Baddeley, 1992). It provides the 

mental workspace for comparing, updating, and guiding behavior based on internal 

representations, thereby forming the foundation for complex cognitive operations such 

as reasoning, planning, and decision-making (Shettleworth, 2010).
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A classical paradigm to study working memory in animals is the delayed match-to-

sample (DMS) task. In this task, subjects are required to memorize a sample stimulus 

over a brief delay period until a test stimulus appears, and then indicate whether the 

test matches the sample. Because the sensory information is absent during the delay, 

successful performance depends on maintaining an internal representation of the 

sample.

Many factors can influence the behavioral performance in DMS tasks, like the duration 

of stimulus presentation (Grant, 1976), the duration between subsequent trials (Maki et 

al., 1977), the duration of the delay period (Miles, 1971) or the presentation of 

distractors (Jarvik et al., 1969). Usually, performance decreases with shorter stimulus 

duration and a higher delay phase as well as high similarity between sample and 

distractor stimulus. These effects illustrate that the capacity of working memory is 

limited and highly sensitive to distraction (Vogel et al., 2005).

Distractors – defined as task-irrelevant stimuli presented during the delay – are a useful 

tool to probe this limitation. Their disruptive effect depends on where, how long and with 

what kind of properties the distractor is presented to the subject. One common method 

is to present the distractor during the memory delay with a fixed or variable window 

length (Jacob & Nieder, 2014; Maki et al., 1977; Sakai et al., 2002). For example, Maki 

et al. (1977) demonstrated that brief illumination during the delay period reduced color 

matching performance in pigeons. Additionally, Jarvik et al. (1969) showed that in 

rhesus monkeys the distractor properties affect task performance. While positive 

interfering stimuli caused a slight increase in discrimination performance, neutral and 

negative interfering stimuli reduced task performance. Suzuki and Gottlieb (2013) 

confronted rhesus monkeys with a modified version of an oculomotor memory task, in 

which the monkeys had to remember the location of a peripheral target. The 

performance of the monkeys was unaffected if the distractor appeared within 900 ms 

after target onset in a delay period. In this situation, it played no role if the distractor 

appeared at near or far locations compared to the target. However, increasingly more 

errors were made if distractors became more similar in time and space to the target. 

Katsuki and Constantinidis (2012a) trained rhesus monkeys to perform a DMS task that 

required them to detect a salient stimulus in a visual display. In the study the distractor 

color of the visual display was systematically varied such as the performance of the 

monkeys was decreased when color similarity between salient stimulus and distractor 
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increases. Such findings highlight that working memory is not a passive buffer but an 

active process involving attentional control and filtering of irrelevant information.

Beyond general stimulus processing, working memory also plays a key role in more 

abstract domains such as numerical cognition. In sequential matching tasks, for 

example, animals must maintain a target numerosity across delay periods while 

comparing it to subsequently presented sample quantities (Nieder et al., 2002; Ditz & 

Nieder, 2016). The ability to preserve this internal representation despite interfering 

nonmatching stimuli is essential for accurate numerical judgments. Hence, numerical 

working memory provides a direct experimental window into the neural mechanisms of 

cognitive stability and flexibility.

1.2 Decision-making

While working memory enables the temporary maintenance of task-relevant 

information, effective behavior additionally requires mechanisms that evaluate this 

stored information and guide appropriate responses. This evaluative process – known 

as decision-making – determines how incoming sensory evidence is compared against 

internal representations and how a final choice is formed (Romo & Salinas, 2001). In 

this sense, decision-making is closely linked to working memory, because both 

processes depend on the integration of information across time and on maintaining 

relevant representations in the absence of sensory input.

The ability to make decisions is essential for goal-directed behavior. It enables us to 

pursue our goals in front of alternatives that are difficult to distinguish. According to 

Schall (2001) decisions are effortful, take time, require attention and deliberation, and 

are error prone. Furthermore, decision-making can be described as a sequential 

process. At the beginning sensory information must be encoded. After that the relevant 

features must be extracted and kept in mind. Finally, this new information must be 

compared to the previously stored information (Romo & Salinas, 2001). Depending on 

the result of the decision a communication with motor apparatus follows.

A common way to investigate decision-making in animals and humans is through visual 

search paradigms (Leon & Shadlen, 1998). In this task design subjects must distinguish 

a target stimulus from a variable array of distractor stimuli. Different approaches exist 

for how subjects report the target (Müller & Krummenacher, 2006):
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1. The target is either present or absent, and the observer must make a target-present 

versus target absent decision as rapidly and accurately as possible.

2. The search display is presented just for a limited duration, and the observer must 

detect the target as good as possible.

The measured reaction time (RT) for these decisions can be used to create search RT 

functions when plotting against the display size (Treisman & Gelade, 1980). Such 

functions reflect the search rate, i.e. the search time per display item.

Another method to investigate decisions can be studied using the previously described 

DMS tasks. These tasks require the comparison of current sensory information with a 

stored template and the decision whether both correspond. Such sequential 

comparison processes can be conceptualized as match-nonmatch decisions and are 

well suited to study the interaction between working memory and decision-making 

mechanisms (Romo & Salinas, 2001). For example, Zhou et al. (2021) used dot motions 

of six different directions, which were separated by a learned category boundary. 

Analogues to other DMS tasks, the trained rhesus monkeys needed to respond when 

the learned categories of sample and test stimuli matched, or wait for second test 

stimulus when they did not match. This task design is also called delayed match-to-

category (DMC) task.

As with working memory, our decision to identify the correct stimulus can be affected 

by distractors, which is reflected in search performance (e.g. RT). In visual search 

paradigms, visual search is more efficient when the target is fundamentally different 

from the other irrelevant visual objects. For example search is easy, when the subject 

has to look for a red circle among green circles (differ in color), a cross among a lot of 

triangles (differ in shape) or a vertical line among a lot of horizontal lines (differ in 

orientation) (Chan & Hayward, 2013). In this case the RT is independent of the total 

number of items and it feels like the target ‘pops out’ from other items (Chan & Hayward, 

2013). However, our search performance becomes less efficient if the distractor shares 

more similarities with the target. For example, the probability to find a 45° oriented bar 

among a lot of 90° oriented bars is much higher, compared to find it among a set of 46° 

or 47° oriented bars (Verghese, 2001). In this case the RT increases with a higher 

display size and it feels like we have to sweep our attention around the stimulus display 

in order to find the correct target (Chan & Hayward, 2013). It becomes even more 

difficult when the target differs from the other objects not just by one feature (like the 
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orientation), but by a combination of features (conjunctive search) (Chan & Hayward, 

2013).

DMC tasks that investigated sequential decisions came to the same result and found 

higher error rates with increasing similarity between matching and nonmatching stimuli 

(e.g. Freedman & Assad, 2006; Freedman et al., 2001; Zhou et al., 2021). Freedman 

et al. (2001) trained monkeys to categorize computer-generated stimuli as “cats” and 

“dogs”. By using a morphing system that systematically varied the stimulus shape, a 

precise definition of the category boundary was possible. The monkeys classified dog-

like cats (60:40 cat:dog) or cat-like dogs (60:40 dog:cat) more error-prone than pure 

dog or pure cat morphs, i.e. the closer the stimulus was around the category boundary, 

the higher was also the error rate that the animals did. Similar results were also found 

for different motion directions (Freedman & Assad, 2006).

In the context of numerical cognition, decision processes translate into judgments about 

whether two numerical quantities are the same or different. These numerical match-

nonmatch decisions require the animal to retain the target numerosity in working 

memory, compare it with each subsequently presented quantity, and finally decide if it 

corresponds to the remembered sample. Hence, numerical decisions provide a 

powerful model for studying how cognitive control, memory, and perceptual evaluation 

jointly contribute to higher-order cognition (Merten & Nieder, 2013).

1.3 Recognition memory

Recognition memory refers to the ability to identify whether a currently perceived 

stimulus has been encountered before. It thus represents a cognitive function that 

bridges working memory and decision-making: it requires the retrieval and evaluation 

of stored information to guide an explicit choice (Winters et al., 2008). While working 

memory maintains transient representations, recognition memory determines the 

familiarity or novelty of incoming sensory input based on these stored representations. 

Traditionally, recognition memory has been investigated using arbitrary visual objects, 

such as pictograms or images, where neuronal activity reflects stimulus familiarity or 

repetition (Brown & Aggleton, 2001; Rainer & Miller, 2000). For example, Miller et al. 

(1996) trained rhesus monkeys on a DMS task with a variable sequence of intervening 

visual objects. They were required to maintain the initial sample object in mind and to 

respond by a bar release whenever it was repeated. Other irrelevant objects that were 
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presented in between had to be behaviorally ignored by holding the bar. Importantly, 

the monkeys never knew if and when the matching stimulus might appear. While the 

monkeys were performing, the authors found prefrontal neurons that respond 

differentially to the same stimulus depending on whether it matched a previous stimulus 

or not. Therefore, this activity is informative about the prior stimulus. Other studies came 

to the same conclusion and found in DMS task prefrontal neurons that show different 

response patterns to a stimulus if it appears as a match or a nonmatch (Kusunoki et al., 

2009; Pasternak & Zaksas, 2003; Qi et al., 2012). Therefore, these neural signatures 

offer an insight into how the brain distinguishes between novel and familiar information.

In the context of numerical cognition, recognition memory operates at an abstract, 

categorical level: the animal must recognize not a specific visual pattern or object, but 

a numerical quantity as familiar or repeated. This process relies on the integrity of the 

stored numerical representation in working memory and its comparison with the 

currently perceived numerosity. Hence, numerical recognition memory offers a unique 

opportunity to examine how the frontoparietal network supports the recognition of 

abstract quantities and how the brain encodes the familiarity of numbers independently 

of their physical appearance.

To understand how these cognitive functions are implemented in the brain, it is essential 

to identify their neural substrates. In primates, working memory, decision-making, and 

recognition memory all depend on coordinated activity within higher association cortices 

– most prominently, the prefrontal and posterior parietal cortices.

1.4 Neural correlates of working memory, recognition and decision-
making

Complex cognitive operations such as working memory, recognition, and decision-

making emerge from the coordinated activity of distributed cortical networks. Among 

these, the prefrontal cortex (PFC) and the posterior parietal cortex (PPC) play a central 

role. Both regions are part of the primate association cortex and exhibit overlapping 

neuronal activity patterns that reflect the temporary storage, evaluation, and 

comparison of information across time (Meister et al., 2013; Fuster, 2008).

The primate visual system is broadly divided into two processing streams: the ventral 

“what” pathway and the dorsal “where” pathway (Mishkin & Ungerleider, 1982). While 

the ventral stream, projecting into the inferior temporal cortex, supports object 
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recognition and non-spatial memory, the dorsal stream projects into the PPC and is 

specialized for processing spatial and quantitative information. The PFC, positioned at 

the top of this cortical hierarchy, integrates inputs from both pathways and interacts 

reciprocally with parietal regions to enable flexible cognitive control (Goldman-Rakic, 

1988).

Neural correlates of working memory are classically characterized by persistent 

neuronal activity during delay periods in the absence of sensory stimulation (Goldman-

Rakic, 1991). Such activity reflects the active maintenance of task-relevant 

representations and is modulated by distractors, attentional demands, and behavioral 

outcomes. In contrast, recognition memory involves changes in neuronal firing when a 

stimulus is re-encountered, typically manifesting as “repetition suppression” (Miller & 

Desimone, 1994; Riches et al., 1991; Xiang & Brown, 1998), but also other mechanisms 

for signaling familiarity have been observed, such as more selective tuning (Rainer & 

Miller, 2000; Freedman et al., 2006; Anderson et al., 2008), tuning peak enhancement 

(Woloszyn & Sheinberg, 2012; Lim et al., 2015), or even increases in firing rate (Tamura 

et al., 2017). These patterns reveal how the brain distinguishes familiar from novel 

information. Finally, decision-making is linked to time-dependent neural signals such as 

ramping activity, reflecting the accumulation of sensory evidence toward a categorical 

choice (Shadlen & Newsome, 1996; Gold & Shadlen, 2007).

Importantly, these three processes – maintenance, recognition, and decision – are not 

isolated functions but interacting components of a common cognitive architecture. The 

PFC and PPC exhibit both shared and distinct contributions to this architecture: while 

PFC neurons are crucial for representing abstract rules, maintaining information, and 

exerting top-down control, PPC neurons provide precise sensory and quantitative 

representations and contribute to evidence accumulation. Their reciprocal 

communication forms the frontoparietal network, a dynamic system supporting 

cognitive flexibility and goal-directed behavior (Fuster, 2008).

In the following sections, the specific roles of the prefrontal and parietal cortices will be 

described in greater detail, highlighting their neuronal signatures during working, 

recognition, and decision-related processing, and their interaction in guiding numerical 

judgments.
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1.4.1 The prefrontal cortex

The PFC is an interconnected set of neocortical areas that are linked with most motor 

and sensory systems (except primary sensory and motor cortices), as well as a wide 

range of subcortical structures (Goldman-Rakic, 1988). It comprises several 

anatomically and functionally distinct subdivisions, most prominently the lateral PFC, 

the anterior cingulate cortex, and the orbitofrontal cortex.

Within this broader framework, the lateral PFC lies at the apex of the cortical hierarchy, 

underlies executive functions, and plays a key role in representing and organizing 

information for goal-directed behavior (Fuster, 2008). Furthermore, the lateral PFC is 

critically involved in tasks requiring binary choices and decisions that depend on the 

integration of multiple sources of information (Miller & Cohen, 2001; Fuster, 2008).

Due to distinct architectonic differences, the lateral PFC can be further divided into 

ventrolateral (vlPFC) and dorsolateral (dlPFC) regions (Tanji & Hoshi, 2008). The vlPFC 

is associated with response control (Mishkin et al., 1969; Rushworth et al., 1997), 

whereas the dlPFC integrates spatial and temporal information and plays a key role in 

working memory (Fuster, 2008). Consequently, the lateral PFC is considered a key 

candidate for exerting top-down control over lower-level visual areas such as the PPC 

(Anderson & Green, 2001).

Unless stated otherwise, the term “PFC” refers to the dlPFC throughout the result and 

discussion part of this synopsis.

1.4.2 Representation of working memory in prefrontal cortex

In delayed response tasks, the PFC shows a high proportion of neurons presenting 

stimulus selective persistent spiking activity during the delay period (Goldman-Rakic, 

1991). This sustained activity is said to be a physical instance of our actual working 

memory, i.e. it reflects the sustained representation of working memory content. 

Working memory related activity in the PFC has been found for almost all modalities 

across time and space. To name a few: for objects and visual pictures (Miller et al., 

1996), for spatial information (Goldman-Rakic, 1995), for motions (Zaksas & Pasternak, 

2006) and even highly abstract categories like numerical quantities (Nieder et al., 2002). 

Thus, the PFC is involved in all working memory tasks irrespective of the task specifics 

or properties (Fuster, 2008). More importantly, on the basis of the persistent spiking 

activity it is possible to predict the behavioral, task-related outcome. The persistent 
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activity is in error trials compared to correct trials severely reduced. Thus, the working 

memory content holds not just stimulus related information, but also information about 

goal-directed actions. This close link between neuronal activity that underlies the 

working memory and the resulting behavior is unique for the PFC and not found for any 

other brain region (Fuster, 2008).

Additionally, the important role of the PFC for goal-directed behavior is several times 

shown by lesion studies: Both, permanent and reversible frontal damage lead to a loss 

to maintain goal-relevant information in rhesus monkeys and humans (Fuster, 2008; 

Milner, 1963). Especially lesions at the principal sulcus in the lateral PFC result in a 

severely impaired working memory (Castner et al., 2004). Important signs are longer 

learning intervals and impaired performance with increasing delay intervals (Fuster, 

2008). However, the above described effects were strongly reduced when the task 

required no manipulation of task information or no monitoring of task progression (Dash 

et al., 2007). Thus, the PFC acts more as a operator for higher cognitive control 

functions such as organization and manipulation of working memory or attentional 

filtering (Lara & Wallis, 2015; Lennert et al., 2011).

A further important indication of PFC damage is the increased distractibility (Duncan et 

al., 1996), i.e. subjects seem to be unable to focus their attention on a certain target, 

when another competing object or event is presented. A variety of neurophysiological 

studies showed that the intact PFC has the ability to maintain information over 

distracting events which is reflected in a persisting coding of the initial representation 

and reduced response to the distractor (di Pellegrino & Wise, 1993; Everling et al., 

2002; Lennert & Martinez-Trujillo, 2011; Miller et al., 1996; Qi et al., 2010; Suzuki and 

Gottlieb, 2013). For example, Suzuki and Gottlieb (2013) confronted rhesus monkey 

with a memory saccade task in which a salient distractor was flashed at a variable timing 

and location during the memory delay. PFC neurons barely responded to the distractor 

and represented constantly the sample stimulus. Furthermore, the neuronal activity was 

closely correlated with the behavioral performance.

In summary, the PFC has the ability to resist against distractor information, which 

supports our working memory robustness (Murray et al., 2017) and finally our filtering 

performance (Everling et al., 2002).
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1.4.3 Representation of decision-making in prefrontal cortex

Decision-making is closely linked with our working memory (and vice versa). For both 

processes, we must integrate information over time. Therefore, it can be challenging to 

distinguish neuronal activity related to working memory from those related to decision-

making. For example, persistent neural activity during sensory stimulus absence (delay 

period) was interpreted by Shadlen and Newsome (1996) as the time point in which the 

decision was made and kept in memory until choice report. This mechanism is similar 

to the working memory. Hence, it was postulated that these two processes might be 

shared by the same cortical mechanisms as well as anatomical structures (Wang, 

2008).

Although it seems to be difficult to assign neural activity to working memory or decision-

making, there are differences between both cognitive processes. While working 

memory is associated with sustained activity that carries integrated information during 

stimulus absence (see chapter above), decision-making is typically related to ramping 

neural activity (Wang, 2008). This ramping activity is reflected by a gradual 

accumulation of the respective perceptual evidence while the sensory information is still 

present (Wang, 2008). The magnitude of the accumulated evidence forms distributions 

for the target and non-targets, whereas the target selection is dedicated to the larger of 

the alternative accumulated values (Gold & Shadlen, 2007; Schall, 2001). For example, 

Gold and Shadlen (2000) found ramping activity in neurons of the frontal eye field during 

motor preparation in a two-alternative visual motion discrimination task. Recent studies 

of single-neuron recordings in the rodent PFC and of biophysical models with 

frontoparietal circuits reveal that the representation of accumulated evidence is more 

categorical than graduated (Hanks et al., 2015; Murray et al., 2017), i.e. the ramping 

activity in PFC is marked by a characteristic steep slope. In match-nonmatch decisions 

tasks prefrontal neurons act also as a candidate source of decision signals (Zhou et al., 

2021). These neurons show a nonlinear integration of currently visible and remembered 

stimuli, which is highly correlated with the behavioral outcome (Zhou et al., 2021). 

Freedman and Assad (2011) were the first who postulated that decision neurons could 

rather reflect a perceptual categorization than a motor preparation (in order to report 

the decision). Merten and Nieder (2012, 2013) confirmed this by separating the decision 

period from the phase which is intended for motor preparation. Thus, decisions can 
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either be made in an action-based or report-independent framework, and potentially 

processed like abstract categories (Merten & Nieder, 2012).

The importance of the PFC for decisions is also reflected in lesion studies: Humans 

seem to have severe impairments in real-life decision-making which is characterized by 

repeated engagement in high-risk behaviors (known as acquired sociopathy, Manes et 

al., 2002). In monkeys led a bilateral excitotoxic PFC lesion to a reduced probability to 

choose the high-reward option in a three-armed bandit task, compared to a control 

group with an intact PFC (Rudebeck et al., 2017). Depending on different aspects of 

decision-making, the PFC can separated into three regions (Krawczyk, 2002): The 

orbitofrontal and ventromedial areas of the PFC are most relevant for decisions based 

on reward values (‘Which is the best option?’). The dorsolateral part is important for 

decisions when several sources of information is needed. The anterior and ventral 

cingulate cortex is relevant in conflicting options, as well as signaling outcome-relevant 

information. In summary, the PFC plays a key role in complex decision-making, which 

is reflected in characteristic neural activity (Murray et al., 2017).

1.4.4 Representation of recognition memory in prefrontal cortex

Beyond its role in working and decision processes, the PFC also contributes critically 

to recognition memory. Neurons in lateral and ventrolateral prefrontal areas differentiate 

between familiar and novel stimuli, showing repetition suppression or match 

enhancement depending on task context (Rainer & Miller, 2000; Miller et al., 2006). 

Match enhancement is the increased neuronal activity that occurs when a stimulus 

matches a previously encountered stimulus stored in memory. This active mechanism 

engages in favor of sought-after stimuli, ensuring that repetitive, irrelevant nonmatch 

stimuli are ignored (Engel & Wang, 2011). By contrast, repetition suppression refers to 

a decrease in response magnitude with repetition of a familiar stimulus (Miller et al., 

1996). These activity patterns reveal that the PFC evaluates the familiarity of incoming 

stimuli and integrates such evaluations into behavioral responses.

While sensory recognition memory has been studied using arbitrary pictogram stimuli 

(Brown & Aggleton, 2001), the memory necessary for recognizing abstract categories, 

such as numerical quantities, in a sequence of numerosities has not been investigated. 

In contrast to arbitrary visual stimuli, the special feature of numerical quantities is that 

they are semantically related to each other by ordinal magnitude, also known as the 
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“mental number line” (Nieder, 2020; see chapters below). Recognition memory of 

numerical quantities therefore depends heavily on the representation of target 

numerosities as opposed to neighboring non-target numerosities, which is a unique 

feature of parameterized quantities and a central topic of this thesis.

Together, the PFC forms an essential node that transforms maintained information into 

evaluative judgements. They bridge working memory, recognition and decision-making 

functions within a single cortical system.

1.4.5 The posterior parietal cortex

The PPC, together with the inferior temporal cortex (IT) and PFC, is one of the three 

major associative regions in the brain and has several higher-order functions. It 

integrates signals from subcortical areas, combines input from somatosensory, 

auditory, visual and motor cortices (Whitlock, 2017) and is tightly interconnected with 

areas of the PFC (Cavada & Goldman-Rakic, 1989). The PPC is separated by the 

intraparietal sulcus (IPS) into the superior and inferior partial lobe. The IPS is based on 

cytoarchitectural and functional differences divided into medial (MIP), lateral (LIP), 

ventral (VIP), caudal (CIP) and anterior (AIP) areas (Grefkes & Fink, 2005). The PPC 

can encode visual features such as direction (Fanini & Assad, 2009), color (Toth & 

Assad, 2002), form (Fitzgerald et al., 2011) and mediate abstract cognitive capacities, 

including the representation of numerical quantity (Nieder et al., 2002). The PPC is also 

involved in further cognitive processes, including sensorimotor integration, spatial 

attention, spatial navigation and early motor planning, as well as working memory, 

recognition memory and decision-making (Whitlock, 2017; Rawley & Constantinidis, 

2010).

1.4.6 Representation of working memory in the posterior parietal cortex

Similar to the PFC, the PPC contains a high proportion of neurons that show persistent 

activity in memory delay tasks during stimulus absence (Constantinidis & Steinmetz, 

1996; Rawley & Constantinidis, 2009). For example, several studies showed that LIP 

neurons represent the sample stimulus throughout spatial working memory tasks 

(Chafee & Goldman-Rakic, 1998). VIP neurons selectively respond to numerical 

quantity and carry this information over the delay period (Nieder et al., 2002; Nieder & 

Merten, 2007; Nieder & Miller, 2003, 2004; Okuyama et al., 2015; Tudusciuc & Nieder, 

2009). Like the PFC, the neuronal activity, associated with working memory, can be 
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classified as “sustained” (Quintana & Fuster, 1992). Thus, the representation of the 

neural correlates of working memory is not exclusive to the PFC, and a comparison of 

studies revealed a high degree of similarity between the two brain areas. For example, 

there are similar percentages of activated neurons, similar response magnitudes, 

similar temporal responses, and similar tuning for spatial objects (Chafee & Goldman-

Rakic, 1998). However, the PFC seems to be more behaviorally relevant than the PPC, 

inasmuch as cooling of the PFC led to stronger performance decreases in spatial 

working-memory tasks compared to cooling of the PPC (Chafee & Goldman-Rakic, 

2000). 

1.4.7 Representation of decision-making in the posterior parietal cortex

Neuronal responses of the PPC are also known to represent correlates of decision-

making (in this case area LIP, Shadlen & Newsome, 1996; Yang & Shadlen, 2007). 

Similar to the PFC, these neurons accumulate sensory information for forming a 

decision, proven for many useful quantities like value, benefit or reward expectation 

(Dorris & Glimcher, 2004; Platt & Glimcher, 1999; Sugrue et al., 2004). However, the 

representation of the accumulated evidence is graded and not categorical like in the 

PFC (Hanks et al., 2015; Murray et al., 2017). Further differences between PFC and 

PPC were described by Zhou et al. (2021) for sequential decisions in a DMC task. While 

neurons from area LIP and MIP were more involved in stimulus evaluation and motor 

planning, respectively, the PFC was prominently responsible for the match-nonmatch 

decision.

1.4.8 Representation of recognition memory in the posterior parietal 
cortex

Importantly, the PPC also contributes to recognition memory. PPC neurons exhibit a 

modulation by the match or nonmatch status of a remembered stimulus (Rawley & 

Constantinidis, 2010; Steinmetz et al., 1994). These responses may indicate the 

reactivation of stored sensory traces, allowing the PPC to participate in recognizing 

previously encountered information.

Although the PPC and PFC have a lot in common when it comes to representing 

recognition memory, differences in neuronal response have been identified when 

multiple stimuli are presented sequentially. While PFC neurons respond minimally to 

nonmatching items (Di Pellegrino & Wise, 1993; Lennert & Martinez-Trujillo, 2011; Qi 
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et al., 2010; Suzuki & Gottlieb, 2013), parietal cells represent the most recent stimulus, 

regardless of its relevance to the current task (Constantinidis & Steinmetz, 1996; 

Katsuki & Constantinidis, 2012b; Suzuki & Gottlieb, 2013). Therefore, the PPC encodes 

distractor information.

However, the distinct roles of the PFC and PPC appear to depend on the precise 

circumstances. To investigate the influence of distractors on the processing of 

numerical quantity, Jacob and Nieder (2014) modified the DMS task by inserting a 

behaviorally irrelevant number display during the delay period. The monkeys were able 

to ignore the distractor number displays most of the time, but they made more errors 

than when there were no distractors present. This is likely due to incomplete 

suppression of all distractor influences. During the task, single-unit activity was 

simultaneously recorded from the PFC and the VIP area. Throughout the first delay 

period, PFC neurons encoded the relevant sample number with sustained activity. 

However, when the distractor number was subsequently displayed, these neurons were 

unable to resist interference and began to respond more strongly to the distractor 

numbers. These findings suggest that the information was overwritten. Surprisingly, in 

the second delay after the distraction, the sample number representation (target) was 

regenerated. In contrast, neurons of the VIP area were nearly unaffected by the 

distractor and consequently maintained the working memory representation of the 

sample number. These findings are different to the previous introduced studies, which 

have argued for the PFC as the suppressor of interfering information.

1.5 Functional interaction of prefrontal and parietal cortices

The PFC and PPC are tightly reciprocally interconnected and show simultaneous 

activation during several cognitive functions, such as memory maintenance, 

recognition, and decision-making. Neurons in each area exhibit delay-period activity 

reflecting working memory, categorical selectivity for decision outcomes, and 

modulation by stimulus familiarity during recognition (see chapters above). Therefore, 

these two brain areas are often seen as a functional unit and called the frontoparietal 

network (Katsuki & Constantinidis, 2012b). Yet, despite these similarities, their 

contributions differ in temporal dynamics and functional emphasis. While the PFC 

contributes to the active maintenance of task-relevant information, rule representation, 

and top-down control, the PPC provides detailed sensory representations that serve as 

the foundation for these higher-order functions.
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Crucially, effective cognition depends on the dynamic communication between these 

regions. Studies using simultaneous recordings have shown alternating patterns of 

feedforward and feedback interaction between PPC and PFC, reflecting shifts between 

sensory encoding and top-down control (Salazar et al., 2012; Buschman & Miller, 2007). 

For example, Salazar et al. (2012) recorded spiking activity and field potentials (LFP) 

from the PFC and PPC while monkeys are engaged in a spatial DMS task. Through the 

calculation of a coherence selectivity index it was possible to quantify how much mutual 

information of the target was between the prefrontal and parietal neurons. They found 

that there was an increase in mutual information of the memorized stimulus, especially 

during the delay period. Moreover, the information flow was primarily from the PPC to 

PFC (bottom-up), which is consistent with idea that the PPC (or other sensory cortices) 

acts as an information storage and the PFC has access to this information (Lara & 

Wallis, 2015). A further study confronted monkeys with a rule-based categorization task 

and correlated the corresponding spiking activity from PFC and PPC at different time 

lags (Crowe et al., 2013). The correlation was the strongest, when the PPC activity was 

later compared to the PFC activity, i.e. the information about the rule-dependent 

categories was selectively transmitted top-down from prefrontal to parietal neurons. A 

similar method to investigate brain interactions was described by Semedo et al. (2022). 

The authors correlated spiking activity of simultaneous recorded single cells from early 

and midlevel visual brain areas by a dimensionality reduction approach (canonical 

correlation analysis, CCA). By systematically correlating the activity at shifted time 

points, it was possible to identify feedback (top-down) and feedforward (bottom-up) 

dominated periods under stimulus control. The population interactions were particularly 

feedforward-dominated shortly after stimulus onset and feedback-dominated during 

spontaneous activity. Thus, the direction of the interaction depend on the cognitive 

process. For example, the processing of sensory information (e.g. stimulus onset) might 

be more dominated by a flow of information from PPC to PFC, while filtering (e.g. 

distractor information) might involve a flow of information from PFC to PPC.

The importance of prefrontal top-down control was highlighted by a recent biophysical 

model examining working memory and decision-making in a frontoparietal circuit model 

during distractor processing (Murray et al., 2017). They found out that the varying 

degree of PFC feedback (i.e. top-down signal from PFC to PPC) can either strengthen 

the presentation of the target (via feedback excitation) or can used to filter out the 

distractor information (via feedback inhibition). Combined stimulation-imaging in 
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humans during distractor presentation supports also the importance of PFC feedback 

to enhance target representation (Feredoes et al., 2011). Bidirectional interactions in 

the frontoparietal network were also found for sensorimotor processing (Siegel et al., 

2015). In term of processing distractor numerical quantity, the contrary results of Jacob 

and Nieder (2014) also emphasize the interaction between PFC and PPC. In this case 

the PFC had represented more distractor information, whereas parietal cells did not. It 

was suggested that the activity of the PFC does not reflect working memory exclusively, 

but rather works as a top-down signal to influence other areas of the brain, like the PPC. 

This could mean that the PFC needs both representations of relevant and distractor 

information to filter (for example attentively, Lennert et al., 2011) and guide stimulus 

selection for the appropriate behavioral response.

In summary, the coordinated activity of PFC and PPC supports the neural mechanisms 

of working memory, recognition, and decision-making. Understanding how this network 

encodes and exchanges information about abstract quantities provides the conceptual 

foundation for the following chapter on numerical cognition.

1.6 Numerical cognition – processing of numerical quantities

The ability to perceive, represent and manipulate numerical information is a defining 

feature of advanced cognition. It allows organisms to estimate quantities, compare 

magnitudes and make adaptive decisions in both natural and artificial environments. 

From foraging and social interactions to symbolic mathematics, number-related abilities 

influence behavior in a variety of species and contexts (Dehaene et al., 1998; Nieder, 

2016).

At the neuronal level, numerical cognition offers a distinctive model for investigating 

abstract representation and cognitive control. Unlike concrete sensory features such as 

color or shape, numerical magnitude is a conceptual property that must be extracted 

from varying visual or auditory input. This process involves the collaboration of parietal 

and prefrontal regions – the same frontoparietal network underlying working memory, 

recognition and decision-making processes. Within this network, neurons in the IPS 

and the dlPFC encode the numerical value of stimuli in a modality-independent and 

tuned manner, forming the basis of what has been termed “number sense” (Nieder & 

Miller, 2004; Roitman et al., 2007).
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Importantly, numerical processing involves the encoding of quantity, as well as memory-

based comparison and recognition. When a numerical quantity must be matched to a 

previously seen value, the task engages both working memory, which maintains the 

target numerosity, and decision-making and recognition, which evaluate current input 

relative to stored representations. Therefore, numerical cognition provides a framework 

that can be used to study the interaction of these fundamental cognitive functions at a 

neuronal level.

The following sections will examine the concept of numerical representation in more 

detail. They will outline behavioral and neuronal evidence for number selectivity in 

animals and humans, setting the base for the experimental studies presented in this 

cumulative thesis.

1.6.1 Foundations of numerical cognition

Numerical quantities, i.e. numerosity, is an abstract quantitative category and defined 

as the countable number of elements in a set. Within the animal kingdom many species 

show the ability to discriminate numerical quantity, including mammals (Cantlon & 

Brannon, 2006; Nieder et al., 2002), fishes (Agrillo & Bisazza, 2018), birds (Ditz & 

Nieder, 2016), reptiles (Gazzola et al., 2018; Lin et al., 2021), amphibians (Stancher et 

al., 2015) and invertebrates (Howard et al., 2018). A common method to investigate the 

numerical competence is the delayed match-to-numerosity task in which the animals 

are confronted with a specific number of items (set-sizes) in visual multiple-dot displays 

(Nieder et al., 2002). These dot displays are controlled for different low-level features, 

such as cumulated dot area and dot density, to prevent that non-numerical cues are 

used for task solving (Nieder et al., 2002). The behavioral representation of numerical 

quantities is then reflected by the numerosity judgement relative to nonmatching 

displays consisting of both smaller and larger numerosities (e.g. 2 and 4 for sample 

numerosity 3), resulting in bell-shaped behavioral performance curves. The averaged 

numerosity judgement of rhesus monkeys is almost perfect for the smallest 

numerosities but decreases towards larger numerosities (Nieder, 2018), i.e. it exists a 

systematic decrease in discriminability with increasing numerical size (Dehaene et al., 

1998; Nieder, 2018; Viswanathan & Nieder, 2013). This effect is the so-called numerical 

size effect and lead to performance curves that become progressively wider for lager 

numerosity set-sizes. In rhesus monkeys, the discrimination threshold was found to be 

between 4 and 5 when using a criterion of 60 % correct in performance (Nieder et al., 
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2002). Thus, the monkeys are able to discriminate numerical values 1 to 4 with a 

numerical distance of 1 between match and nonmatch, but failed for numerosities of 5 

and higher. However, when the numerical distance between match and nonmatch 

display increases, the performance increases as well, i.e. the more distant two 

compared numerosities are, the better becomes the discrimination performance, an 

effect that is known as numerical distance effect.

Both the numerical distance effect and the previous described numerical size effect, are 

classical hallmarks of the approximate number system (ANS), which estimates 

numerosities with: 1.) an approximation, 2.) systematically less precision for increasing 

numerical values and 3.) no set-size limit (Cantlon and Brannon, 2006; Dehaene, 1992; 

Nieder, 2018). The ANS contrasts with an object file system (OFS), which provides 

precise number representations but fails to do so for quantities greater than four items. 

It has been reported for human children (Feigenson et al., 2004) and young chicks 

(Rugani et al., 2008). So far, monkeys show no signs of an OFS during absolute 

numerosity discrimination (Nieder, 2018). This is supported by the findings of Merten 

and Nieder (2009). They trained two rhesus monkeys to discriminate numerosities 

between 1 and 5. After exhibiting competent performance, the monkeys were 

confronted in transfer trails to distinguish novel and larger numerosities up to 30. 

Nevertheless, both animals were able to discriminate the new set of numerosities with 

similar judgment characteristics as for the smaller and trained numerosities. Most 

importantly, they showed no upper numerosity limit and no sudden change in 

performance between small numerosities and large numerosities, which would be 

expected for a transition from the OFS to the ANS. Besides trained monkeys (Beran, 

2007; Cantlon & Brannon, 2006; Dehaene et al., 1998), the ANS is reported in infants 

(Xu et al., 2005), adult humans prevented from verbal counting (Dehaene et al., 1998) 

and in innumerate adult humans (Frank et al., 2008).

Altogether, the precision to discriminate numerosities increases with both smaller 

numerosity set-sizes and increasing numerical distance. Both effects result in bell-

shaped behavioral performance curves that show an asymmetry, when plotted on a 

linear number scale. Consistent with the Weber-Fechner law (Fechner, 1860) a 

logarithmic scaling of the performance functions result in symmetric peak functions 

(Merten & Nieder, 2009; Nieder & Miller, 2003; Ramirez-Cardenas et al., 2016). This 
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logarithmic number representation is not exclusively observed in rhesus monkeys, but 

also in crows (Ditz & Nieder, 2016) and in pre-school children (Siegler & Booth, 2004).

Additionally, the numerical distance and numerical size influence not just the 

performance but also the corresponding reaction time: rhesus monkeys and from 

counting prevented humans response typically faster to smaller numerosities whereas 

larger quantities lead to a progressively increase in response latency together with a 

decrease in performance (Mandler & Shebo, 1982; Moyer & Landauer, 1967; Nieder et 

al., 2002).

1.6.2 Neuronal correlates of numerosity in frontoparietal networks

Ideal candidates for processing and storing numerosity are the PPC and dlPFC (Nieder 

et al., 2006, 2002; Nieder & Merten, 2007; Roitman et al., 2007; Sawamura et al., 2002), 

since both brain areas receive highly processed input from nearly all senses, which is 

necessary for abstractly representing numerosity across multiple sensory modalities. 

Furthermore, the dlPFC and PPC are anatomically (Barbas et al., 1985) and 

physiologically (Quintana et al., 1989) interlinked. Several studies showed that so-

called number neurons in the monkeys’ dlPFC and the VIP of the PPC selectively 

respond to numerosity and maintain the numerical information over temporal delays 

(e.g. Nieder et al., 2002; Nieder & Merten, 2007; Nieder & Miller, 2003, 2004; Okuyama 

et al., 2015; Tudusciuc & Nieder, 2009), even if it is numerosity zero (Ramirez-Cardenas 

et al., 2016). Interestingly, for the neuronal representation it plays no role in which 

spatiotemporal format (Nieder et al., 2006) or sensory modality (Nieder, 2012) the 

numerosity is presented. The proportions of neurons that selectively respond to 

numerosity range in the dlPFC between 20 - 30 % and in the VIP between 15 - 20 % 

(Nieder et al., 2002). Typically, the number neurons respond most strongly to their 

preferred numerosity and show a reduced discharge rate to adjacent numerosities 

resulting in a bell-shaped neural response function similar to the functions for the 

behavioral response (Merten & Nieder, 2009; Nieder & Miller, 2003, 2004).

Furthermore, the neuronal tuning functions widen with increasing numerical size 

(Nieder et al., 2002) and – in accordance with the Weber-Fechner law – are best 

described when plotted on a logarithmic number line (Nieder, 2016). Nieder (2016) 

hypothesized that this kind of logarithmic representations has two advantages:
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1. The variability of the representations is constant across the number line, which 

ensures that the precision to discriminate numerosities is proportional to the number 

size. Thus, small numerosities are represented with high precision while large 

numerosities are more blurred. 

2. A logarithmic compression enables even relatively few neurons to process 

increasingly large numerosities.
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2. Research aims

This dissertation aims to elucidate how the primate frontoparietal network supports the 

active search and recognition of numerical quantities. While previous research has 

established that both the dlPFC and the VIP encode abstract numerical information, the 

precise division of labor between these areas, their reciprocal communication, and their 

relation to numerical behavior across species remain puzzling.

To address these open questions, this work combines three complementary studies, 

each focusing on a different level of neural and behavioral organization:

1. Single-neuron encoding of numerical recognition memory

The first study (“Neuronal encoding of recognition memory for numerical quantities 

in macaque intraparietal and prefrontal cortices”) investigated how neurons in the 

VIP and dlPFC encode and maintain numerical information during a sequential 

delayed-match-to-numerosity task. By comparing tuning stability and                    

match-nonmatch selectivity, the study identifies the neural correlates of recognition 

memory for numerosities, delineating their distinct contributions to processing in the 

parietal and frontal cortices.

2. Dynamic communication within the frontoparietal number network

The second study (“Coordinated parietal–frontal neuronal communication is critical 

for numerical judgments in primates”) shifts focus from single-cell to population-level 

dynamics. Using simultaneous recordings from the VIP and dlPFC, and applying 

canonical correlation analysis (CCA), the study characterizes how neuronal 

interactions evolve during numerical working memory. The results of these analyses 

reveal a bidirectional coordination between the parietal and frontal areas, and 

demonstrate how this interaction breaks down during error trials.

3. Comparative behavioral signatures of numerical cognition

The third study (“Reaction-time signatures reveal divergent cognitive strategies 

underlying numerical decisions in monkeys and crows”) places number 

discrimination in nonhuman primates in a comparative cognitive context, extending 

them to a cross-species behavioral comparison between rhesus monkeys and 

carrion crows performing the same delayed match-to-numerosity task. Both species 

demonstrated comparable levels of accuracy and exhibited features characteristic 
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of the approximate number system, including numerical distance and size effects. 

However, their reaction time patterns diverged systematically: the monkeys became 

slower across successive test phases, while the crows became faster. This suggests 

that the two species have different strategies for processing and retrieving numerical 

information.

Together, these studies establish a multi-level framework that links the neuronal 

encoding of numerical information, the communication between different brain regions, 

and the behavioral expression of numerical cognition. They demonstrate that effective 

numerical judgements depend not only on local representations within single cortical 

areas, but also on the coordinated interaction of these representations across the 

frontoparietal network. Ultimately, they show that these judgements depend on different 

cognitive strategies that exist across species.



38

3. Results

The following chapters present the main results of three manuscripts in sequence; 

progressing from neuronal coding (study 1, published), to network communication 

(study 2, published), and finally to cross-species behavior (study 3, published). The full 

publications are attached at the end of the thesis (see Individual studies).

3.1 Single-neuron encoding of numerical recognition memory

This study investigated how neurons in the macaque VIP and dlPFC encode and 

maintain numerical information during a sequential delayed-match-to-numerosity task. 

Both monkeys performed the task reliably and significantly above a chance level of      

25 % (monkey 1: 27 sessions, 61.32 ± 1.36 %, p < 0.001; monkey 2: 33 sessions, 60.95 

± 0.58 %, p < 0.001, Binomial test), demonstrating that they were able to memorize a 

sample numerosity and to identify it within a sequence of up to three test displays. 

Behavioral performance showed characteristics of the approximate number system. 

Accuracy was highest for the smallest numerosity (numerosity 1: monkey 1, 95.02 ± 

1.12 %; monkey 2, 96.01 ± 0.52 %) and declined systematically with increasing sample 

numerosity (numerosity 4: monkey 1, 56.31 ± 1.96 %; monkey 2, 64.57 ± 1.99 %). 

Errors occurred most frequently for nonmatching numerosities that were numerically 

adjacent to the sample numerosity, while more distant numerosities were more easily 

rejected, reflecting a clear numerical distance effect (Nieder & Miller, 2003; Merten & 

Nieder, 2009). In addition, increasing numbers of intervening nonmatch stimuli led to a 

gradual decrease in performance, indicating growing demands on recognition memory 

(two-way ANOVA with the factors 'number of nonmatches' and 'sample numerosity'; 

monkey 1: F(3,431) = 60.1, p < 0.001; monkey 2: F(3,527) = 66.49, p < 0.001). 

Nevertheless, performance in all trial types and for all sample numerosities remained 

significantly above chance (for all sample numerosities and trial types, p < 0.05, 

Binomial test), confirming that the monkeys successfully searched for and recognized 

the target numerosity even under increased cognitive load.

While performing the task, single-unit recordings were obtained from 372 neurons in 

the VIP and 509 neurons from the dlPFC. Visual response latencies were significantly 

shorter in VIP than in dlPFC, suggesting earlier sensory processing in the parietal area 

(median VIP: 111 ms, median PFC: 124 ms, Wilcoxon rank sum test, Z = 2.6619, p = 

0.0078, two-sided). Neuronal activity was analyzed within time windows that excluded 
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potential motor-related signals. Within these windows, a subset of neurons in both 

areas showed clear numerosity selectivity during sample presentation (VIP: 34/254, 

13.4 % of the recorded neurons; PFC: 68/369, 18.4 % of the recorded neurons). The 

proportion of numerosity-selective neurons was comparable to previous studies 

(Viswanathan and Nieder, 2015; Ramirez-Cardenas et al., 2016), and the tuning curves 

during the sample period were robust and stable in both regions, with no significant 

differences in tuning reliability between VIP and dlPFC (cross-validated tuning 

functions; Wilcoxon rank-sum test, Z = -0.0674, p = 0.9462, two-sided).

3.1.1 PFC neurons differentiate between relevant and irrelevant 
quantities, whereas VIP neurons do not

Pronounced differences between the two brain areas emerged during the test periods. 

In dlPFC, numerosity-selective neurons largely preserved their tuning when the 

matching numerosity was presented in the first test phase. Tuning curves in this match 

condition closely resembled those observed during sample presentation, both in terms 

of preferred numerosity and tuning width (sigma-values derived from fitted Gauss 

functions; median sample: σ = 1.24, median match: σ = 1.45, Wilcoxon signed-rank 

test, Z = -1.8392, p = 0.1977, two-sided, with Bonferroni correction, n = 68). In contrast, 

when a nonmatching numerosity was shown, PFC tuning deteriorated: tuning curves 

became broader and less selective (median match: σ = 1.45, median nonmatch: σ = 

2.01, Wilcoxon signed-rank test, Z = -2.4686, p = 0.0407, two-sided, with Bonferroni 

correction, n = 68). This loss of selectivity was specific to nonmatch conditions. In VIP, 

however, numerosity tuning degraded from the sample to the test phase irrespective of 

stimulus relevance. Both match (median sample: σ = 1.42, median match: σ = 2.35, 

Wilcoxon signed-rank test, Z = -2.9491, p = 0.0096, two-sided, with Bonferroni 

correction, n = 34) and nonmatch (median sample: σ = 1.42, median nonmatch: σ = 

2.58, Wilcoxon signed-rank test, Z = -3.1372, p = 0.0051, two-sided, with Bonferroni 

correction, n = 34) presentations led to flattened and broadened tuning curves, 

indicating a general decline in numerical selectivity.

These effects were quantified using a match-versus-nonmatch index based on firing 

rates to the preferred numerosity. In dlPFC, this index (median 0.26) was significantly 

larger than chance (median 0.17) (Z = 0.9567, p = 0.0209, Wilcoxon signed-rank test, 

n = 68), demonstrating a robust differentiation between target and irrelevant 

numerosities. In VIP, the index (median 0.18) did not differ from chance (0.15) (Z = 
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0.9935, p = 0.3387, Wilcoxon signed-rank test, n = 34), indicating an absence of 

systematic match-nonmatch discrimination at the single-neuron level.

Further analyses distinguished neurons showing match enhancement from those 

showing match suppression. Match enhancement, i.e. an increased response to 

repeated target numerosities, was observed exclusively in dlPFC neurons, whereas 

match suppression occurred in both dlPFC and VIP with comparable magnitudes. Thus, 

only dlPFC neurons actively enhanced responses to behaviorally relevant 

numerosities, while both areas exhibited suppression for repeated stimuli.

Population-level analyses supported these findings. Percent explained variance 

analyses across all recorded neurons revealed that both dlPFC and VIP populations 

represented match information during sample and delay periods. During the test phase, 

however, match information increased and remained dominant in PFC (Z = 3.8263, p < 

0.001, Wilcoxon signed-rank test, n = 369), while VIP populations did not differentiate 

between match and nonmatch information (Z = 1.6477, p = 0.0994, Wilcoxon signed-

rank test, n = 254). This suggests that only dlPFC populations encode the behavioral 

relevance of numerical stimuli.

Support vector machine classifiers trained on sample-period activity further highlighted 

this distinction. Numerosity decoding accuracy was higher in dlPFC (mean 60 ±         

0.66 %) than in VIP (53 ± 0.66 %) during the sample period (permutation test, p < 0.001, 

α-corrected, n = 100) and remained significantly higher for matching test stimuli. In PFC, 

decoding accuracy was significantly better for match (42 ± 0.81 %) than for nonmatch 

conditions (35 ± 0.64 %) (permutation test, p < 0.001, α-corrected, n = 100), whereas 

VIP decoding performance did not differ between these conditions (match: 37 ±            

0.64 %, nonmatch: 38 ± 0.60 %, permutation test, p = 0.283, α-corrected, n = 100). 

Moreover, classifier-derived tuning functions were narrower for match than for 

nonmatch conditions in dlPFC, an effect absent in VIP.

3.1.2 PFC neurons sustained tuning for target numerosities

When examining tuning stability across successive test periods, dlPFC neurons 

maintained stable numerosity tuning across all three test phases in which the matching 

numerosity could appear. Preferred numerosities and tuning widths remained largely 

unchanged over time compared to the sample numerosity (median Test1: σ = 1.45, 

median Test2: σ = 1.84, median Test3: σ = 1.79, Wilcoxon signed-rank test, Test1/Test2: 
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Z = -1.7842, p = 0.2975, Test1/Test3: Z = -1.9981, p = 0.1828, Test2/Test3: Z = -0.6416, 

p = 1, with Bonferroni correction, n = 68). In VIP, by contrast, tuning progressively 

deteriorated with each additional test stimulus. Population tuning curves became 

increasingly attenuated and asymmetric, and preferred numerosity representations 

shifted away from the initial sample numerosity.

Cross-correlation analyses of tuning curves confirmed these observations. In dlPFC, 

tuning similarity between sample and test phases remained high across all test periods 

(significantly higher than zero: mediantest1 = 0.7091, mediantest2 = 0.5518, mediantest3 = 

0.5285). In VIP, tuning similarity declined steadily and was no longer significantly 

different from zero by the third test phase (mediantest1 = 0.5602, mediantest2 = 0.2846, 

mediantest3 = 0.3310). Consistent with this, population decoding accuracy in PFC 

remained stably above chance throughout all test periods (42 % ± 0.81, 43 % ± 0.70, 

and 40 % ± 0.73 during Test1, Test2, and Test3, respectively), whereas VIP decoding 

accuracy dropped to chance level in the final test phase (37 % ± 0.70, 37 % ± 0.71 and 

32 % ± 0.64 during Test1, Test2, and Test3, respectively).

Together, these results demonstrate a clear functional dissociation between the two 

areas. VIP neurons primarily encode numerosity in a transient, stimulus-driven manner 

and fail to distinguish between relevant and irrelevant quantities over time. In contrast, 

dlPFC neurons selectively maintain and enhance representations of the sought-after 

numerosity, providing a stable neural correlate of recognition memory for numerical 

quantity.

3.2 Dynamic communication within the frontoparietal number network

From the same task and recordings as described above, the population-level 

interactions between the VIP and the dlPFC were investigated by using canonical 

correlation analysis (CCA) (Semedo et al., 2022). The analysis was restricted to multi-

unit activity (MUA) during the fixation, sample, and delay periods to avoid contamination 

by motor-related signals. Only sessions with sufficient recording sites and balanced 

numbers of correct and error trials were included, resulting in 43 sessions used for 

population analyses.

3.2.1 Feedforward dominance after stimulus onset

During correct trials, population correlations between VIP and dlPFC were at chance 

level across all time lags during the fixation period. Shortly after sample onset, however, 
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canonical correlations increased sharply and became significantly greater than chance. 

Importantly, correlations were strongest at positive time lags, indicating that VIP activity 

leads subsequent dlPFC activity. This feedforward dominance emerged rapidly after 

stimulus onset and persisted for approximately 200 ms. During the later part of the 

sample period (400 – 700 ms), correlations remained significant but no longer showed 

a clear directional bias. Throughout the delay period, population correlations stayed 

above chance but were centered around zero lag, indicating balanced bidirectional 

communication without a consistent lead-lag relationship.

Centroid-based analyses of correlation peaks confirmed this temporal structure. Before 

neuronal responses emerged, correlation maxima were centered near zero lag. Once 

visual responses were present, maxima shifted toward positive lags of approximately 

+10 ms, consistent with feedforward signaling from VIP to dlPFC. At the transition from 

sample to delay, lag maxima returned to near zero and remained stable throughout the 

delay, reflecting symmetric inter-areal coupling.

Quantification of feedforward and feedback interactions further supported these 

observations. Both VIP-to-dlPFC feedforward correlations and dlPFC-to-VIP feedback 

correlations were significantly above chance from sample onset through the end of the 

delay. However, a significant feedforward dominance emerged specifically during the 

early sample period, when VIP-to-dlPFC correlations exceeded feedback correlations 

(until ~200 ms). This dominance vanished during later task phases, resulting in 

balanced bidirectional interaction. These interaction patterns were qualitatively similar 

across both monkeys, despite differences in absolute correlation strength.

3.2.2 Inter-areal communication is primarily driven by number neurons

To test whether inter-areal communication was specifically related to numerical 

processing, population correlations were analyzed separately for numerosity-selective 

(VIP: 151/257; dlPFC: 205/270) and non-selective neuronal populations (VIP: 106/257; 

dlPFC: 65/270). Recording sites were classified as sample-selective, delay-selective, 

or non-selective based on their numerosity tuning. VIP-dlPFC population correlations 

were strongest for sample-selective MUA and weaker, but still present, for delay-

selective activity. In contrast, non-selective populations exhibited minimal correlations 

across time and lag. Mean population correlation values for sample-selective and 

delay-selective units significantly exceeded those of non-selective units (p < 0.05, 
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Mann–Whitney U test, two-sided), demonstrating that inter-areal communication was 

driven primarily by neurons encoding numerical information rather than by non-specific 

task-related activity.

3.2.3 Coordinated population activity breaks down during error trials

Error trials revealed a markedly different interaction pattern. As in correct trials, 

correlations during fixation were absent, and a transient increase in correlations with 

feedforward dominance occurred shortly after sample onset. However, during the later 

delay period, population correlations in error trials declined substantially and dropped 

below chance toward the end of the delay (below the 97.5th percentile of the shuffled 

distribution). This breakdown occurred for both positive and negative lags, indicating a 

general loss of coordinated activity between VIP and dlPFC rather than a shift in 

interaction direction. Across both monkeys, correlation strength during correct trials 

consistently exceeded that during error trials, particularly at the end of the sample 

period and during the late delay.

Direct comparisons between correct and error trials showed that differences in 

population correlation strength were negligible during fixation but became significant 

during task-relevant epochs. Correlations were significantly stronger in correct trials 

across all lags toward the end of the sample (500 – 680 ms) and during the later delay 

phase (1260 – 1440 ms). Mean population correlation functions averaged across lags 

further confirmed that correct trials were characterized by sustained inter-areal coupling 

during these critical phases, whereas error trials showed weakened or disrupted 

interactions. 

Together, these results demonstrate that accurate numerical performance is associated 

with dynamic and task-dependent communication between parietal and prefrontal 

neuronal populations. VIP exerts a transient feedforward influence on dlPFC during 

stimulus encoding, followed by sustained bidirectional interactions during working 

memory maintenance. This coordinated population activity is selectively driven by 

numerosity-encoding neurons and breaks down during error trials, highlighting the 

critical role of intact frontoparietal communication for successful abstract quantity 

judgments.
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3.3 Comparative behavioral signatures of numerical cognition

In a further step, two crows were confronted with the same sequential delayed match-

to-numerosity task described above. Both monkeys and crows successfully learned the 

task, achieving stable performance levels that were significantly above the 25 % chance 

level across all sessions (monkey 1: 27 sessions, 61.32 ± 1.36 %, p < 0.001; monkey 

2: 33 sessions, 60.95 ± 0.58 %, p < 0.001; crow 1: 20 sessions, 59.90 ± 0.64 %, p < 

0.001; crow 2: 20 sessions, 64.30 ± 1.14 %, p < 0.001; Binomial test). Behavioral 

performance functions revealed that, for all sample numerosities, both species reliably 

selected the matching numerosity more often than any nonmatching alternative. 

Accuracy was highest for numerosity 1 (peak: monkey 1, 95.02 ± 1.12 %; monkey 2, 

96.01 ± 0.52 %; crow 1, 98.12 ± 0.47 %; crow 2, 98.02 ± 0.48 %) and declined 

progressively with increasing sample numerosity, reaching its lowest values for 

numerosity 4 (peak: monkey 1, 56.31 ± 1.96 %; monkey 2, 64.57 ± 1.99 %; crow 1, 

66.08 ± 1.37 %; crow 2, 68.45 ± 1.63 %). In addition, both monkeys and crows exhibited 

clear numerical distance effects: nonmatching numerosities that were numerically 

adjacent to the target were most frequently confused with the sample, whereas more 

distant numerosities were rejected more reliably. Performance functions also 

broadened with increasing numerosity, reflecting a numerical size effect. Together, 

these behavioral signatures demonstrate that both species relied on approximate 

numerical representations consistent with the approximate number system (Merten and 

Nieder, 2009).

Task difficulty further increased with the number of intervening nonmatching test 

displays. Averaged across sample numerosities, performance declined as the number 

of nonmatches increased up to three in both monkeys and crows (three-way ANOVA 

with factors 'number of nonmatches', 'sample numerosity' and 'stimulus protocol'; 

monkey 1: F(3,841) = 79.74, p < 0.001; monkey 2: F(3,1033) = 73.45, p < 0.001; crow 

1: F(3,617) = 70.63, p < 0.001; crow 2: F(3,617) = 61.78, p < 0.001). This effect was 

confirmed by significant main effects of trial type in all animals, indicating increasing 

demands on recognition memory and decision processes as more nonmatching 

numerosities had to be ignored. Performance within each trial type was also modulated 

by sample numerosity, as shown by significant interactions between trial type and 

numerosity. Numerosity 1 was consistently easiest for both species, whereas 

numerosity 4 posed the greatest challenge. Despite these effects, mean performance 
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across all trial types and numerosities remained significantly above chance in both 

species (for all sample numerosities and trial types, p < 0.05, Binomial test), 

demonstrating robust numerical recognition even under increased cognitive load.

3.3.1 Reaction-time differences between monkeys and crows

Despite these similar accuracy profiles, reaction-time analyses revealed striking 

differences between monkeys and crows. In monkeys, reaction times increased 

systematically with later test phases for all numerosities except, to some extent, 

numerosity 1. Responses were slowest when the matching numerosity appeared later 

in the test sequence, indicating cumulative processing costs across successive test 

displays (Pearson correlation, monkey 1, numerosity 1: r = 0.17, p = 0.1357; numerosity 

2: r = 0.79, p < 0.001; numerosity 3: r = 0.73, p < 0.001; numerosity 4: r = 0.79, p < 

0.001; monkey 2, numerosity 1: r = 0.73, p < 0.001; numerosity 2: r = 0.81, p < 0.001; 

numerosity 3: r = 0.84, p < 0.001; numerosity 4: r = 0.82, p < 0.001). Reaction times in 

monkeys were also strongly modulated by numerosity itself: responses were fastest for 

numerosity 1 and progressively slower for larger numerosities, with numerosity 4 

eliciting the longest reaction times. These effects were highly consistent across 

sessions and animals, indicating that both test phase and numerical magnitude 

substantially influenced monkeys’ decision latencies.

In contrast, crows showed the opposite temporal pattern. Reaction times decreased 

with later test phases, such that responses were fastest when the match appeared at 

later positions in the sequence. This speeding effect was observed for all numerosities 

in both crows, although it was weakest for numerosity 1 in one animal (Pearson 

correlation, crow 1, numerosity 1: r = -0.78, p < 0.001; numerosity 2: r = -0.80, p < 

0.001; numerosity 3: r = -0.86, p < 0.001; numerosity 4: r = -0.86, p < 0.001; crow 2, 

numerosity 1: r = -0.07, p = 0.6078; numerosity 2: r = -0.68, p < 0.001; numerosity 3:    

r = -0.63, p < 0.001; numerosity 4: r = -0.51, p < 0.001). Moreover, unlike monkeys, 

crows’ reaction times were largely invariant across numerosities: responses to 

numerosity 1 and numerosity 4 were of similar speed within each test phase. Thus, 

neither numerical magnitude nor increasing numbers of preceding nonmatches 

imposed measurable reaction-time costs in crows.

Linear regression analyses of reaction times across test phases confirmed these 

opposing patterns. Monkeys consistently exhibited positive slopes, indicating slower 
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responses with increasing test phase, whereas crows showed negative slopes, 

reflecting faster responses. These slopes differed highly significantly between species 

for all numerosities (Numerosity 1:  Z = -6.5638, p < 0.001; Numerosity 2: Z = -8.4107, 

p < 0.001; Numerosity 3: Z -8.1540, p < 0.001; Numerosity 4: Z = -8.3964, p < 0.001, 

Wilcoxon rank sum test, two-sided). Within each species, slope steepness was 

qualitatively similar across numerosities, although effects were weakest for numerosity 

1, especially in monkeys. These findings indicate fundamentally different temporal 

dynamics underlying numerical decisions in the two species.

To further quantify how strongly reaction times reflected task variables, a support vector 

machine classifier was trained to predict numerosity and test phase based solely on 

reaction times. Decoding accuracy was significantly above chance (8.33 %) in all 

animals, demonstrating that reaction times contained task-relevant information in both 

species. However, decoding accuracy was substantially higher in monkeys than in 

crows (Z = -19.0613, p < 0.001, Wilcoxon rank sum test, two-sided). In monkeys, 

confusion matrices showed clear structure along the main diagonal, indicating reliable 

classification of both numerosity and test phase. In crows, by contrast, decoding 

performance was weaker and lacked clear class-specific structure, suggesting that 

reaction times carried much less information about these task variables. Decoding 

accuracy did not differ between the two monkeys (monkey 1: 43.94 %, monkey 2:       

44.84 %, Z = -0.5394, p = 0.5896, Wilcoxon rank sum test, two-sided) but differed 

between the two crows, reflecting individual variability within the species (crow 1:      

32.68 %, crow 2: 27.10 %, Z = 8.3495, p < 0.001, Wilcoxon rank sum test, two-sided).

3.3.2 Accuracy in relation to reaction times

Finally, the relationship between reaction times and behavioral accuracy was examined. 

In monkeys, higher accuracy tended to be associated with faster responses, particularly 

in one animal, and no condition showed slower responses accompanying better 

performance. In crows, the opposite tendency was observed: higher accuracy was often 

associated with longer reaction times, especially in one animal. Importantly, faster 

responses in crows were not linked to reduced accuracy, arguing against a speed–

accuracy tradeoff as an explanation for their rapid responses. Instead, these 

correlations indicate species-specific relationships between decision speed and 

performance.
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Together, the results show that although monkeys and crows achieve comparable levels 

of numerical accuracy and exhibit similar psychophysical signatures of the approximate 

number system, their reaction-time dynamics differ noticeably. Monkeys’ responses 

reflect increasing costs with larger numerosities and later test phases, whereas crows 

respond rapidly, with little influence of numerical magnitude and with speeding across 

successive test displays. These dissociations demonstrate that similar numerical 

performance can arise from fundamentally different cognitive strategies, as revealed by 

their distinct temporal decision profiles.
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4. Discussion

Taken together, the three studies converge on a central insight: abstract numerical 

cognition emerges from distributed hierarchically organized neural circuits, whose 

dynamic coordination shape behavior. The results reveal specialization within the 

frontoparietal network, as well as species-specific strategies for processing numerical 

information. The following sections briefly discuss these findings to address their 

implications for neural coding, inter-areal communication and the evolutionary 

foundations of numerical cognition.

4.1 Behavioral numerosity representations and decision processes

In the here presented sequential match-to-numerosity task, both monkeys and crows 

showed decreasing accuracy with increasing numerosity, as well as greater confusion 

between numerically adjacent values, indicating clear evidence of both the numerical 

distance effect and the magnitude effect. These effects are classic hallmarks of the ANS 

(Nieder, 2018; Ditz & Nieder, 2016). The ANS contrasts with the OFS, which is believed 

to operate by tracking small numbers of up to four items by assigning individual markers 

to set items (Nieder, 2018; Ditz & Nieder, 2016). While the OFS provides precise 

number representations, it fails to do so for quantities greater than four. This system 

has been suggested for relative numerosity discrimination in human infants; however, 

monkeys show no signs of an OFS during absolute numerosity discrimination (Nieder, 

2018). Several studies have reported the ANS in trained monkeys (Beran, 2007; 

Dehaene et al., 1998; Cantlon & Brannon, 2006), crows (Ditz & Nieder, 2016), in adult 

humans who are unable to count verbally (Dehaene et al., 1998) and in innumerate 

adults (Frank et al., 2008).

Crucially, the observed psychophysical properties remained consistent across different 

task variants, including sequential matching paradigms involving varying memory 

demands (up to three test numerosities were presented in this task). The persistence 

of the performance above chance, even under increased cognitive load, demonstrates 

that abstract numerical representations can be flexibly accessed and maintained across 

contexts, forming a stable basis for subsequent decision-making processes.

Although the accuracy profiles were similar across species, reaction-time analyses 

revealed that the decision dynamics were fundamentally different in monkeys and 

crows. Monkeys exhibited longer reaction times when faced with larger numerosities 
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and in later test phases, which suggests the presence of cumulative processing costs 

and possibly sequential comparison strategies. This resembles the way humans 

process information, whereby their performance slows when more items must be 

processed or when the target appears later in a sequence (Yakovlev et al., 2005).

By contrast, the reaction times of crows decreased across test phases, and their 

response speeds were largely numerosity-invariant, indicating a rapid, parallel and 

feedforward-like decision strategy. Their numerosity-to-action behavior, which was 

performed with very short response latencies, likewise suggests rapid                       

stimulus–response mapping without significant memory involvement (Kirschhock & 

Nieder, 2022). These findings support the idea that crows rely on quick, low-cost 

perceptual strategies with less dependence on sequential checking or sustained 

working memory (Bobrowicz & Osvath, 2019).

Taken together, these divergences highlight that similar levels of numerical performance 

can emerge from fundamentally different decision-making mechanisms. This 

comparative pattern suggests that convergent cognitive abilities may rely on distinct 

neural architectures and computational strategies (Olkowicz et al., 2016; Nieder, 2021). 

Future research should examine whether these species differences persist under 

controlled temporal conditions, when distractors are present, or when working memory 

demands are increased.

4.2 Frontoparietal specialization for numerical recognition memory

At the neuronal level, the results demonstrate a clear functional dissociation between 

the parietal and prefrontal cortices (the primate core number network, Nieder & Miller, 

2004) in processing numerical information, depending on whether or not the test 

stimulus matched the previously presented sample. dlPFC neurons exhibited only mild 

modification of neuronal activity when the same preferred numerosity was repeated. 

Specifically, there was no loss of selectivity in tuning when the same sample numerosity 

was presented again as a matching stimulus. This suggests that PFC neurons retain 

their numerosity selectivity between trial phases, even when interrupted or delayed by 

one or more nonmatching stimuli. However, the tuning selectivity of PFC neurons 

decreased specifically when the same numerosities were presented as nonmatches 

during the test periods. This means that, when numerosities are searched for as 

matches, PFC neurons respond with high selectivity and are finely tuned to them. 



Discussion

50

However, tuning and decoding accuracy significantly decrease when the same 

numerosities are not those memorized and attended to by the monkey. This distinction 

between target and irrelevant numerosities is a hallmark of recognition memory and 

directly supports decision-making processes, as it enables the selective evaluation of 

match versus nonmatch stimuli.

By contrast, the tuning selectivity of VIP neurons decreased significantly with repetitions 

of numerosities, regardless of whether they were presented as matching or 

nonmatching test stimuli. This suggests that VIP neurons do not distinguish between 

matching and nonmatching numerosities. Rather, they encode numerosity 

predominantly in a stimulus-driven and transient manner, with tuning emerging rapidly 

following stimulus presentation, but degrading across the delay and test phases. This 

is also consistent with the observed neuronal response latencies between VIP and 

dlPFC (see also Viswanathan & Nieder, 2013, 2015), as well as with established 

neuroanatomical pathways and functional connectivity patterns (Chafee & Goldman-

Rakic, 2000; Crowe et al., 2013). This further reinforces the role of VIP in preliminary 

numerical integration prior to executive processing in the dlPFC.

Furthermore, differences in how the dlPFC and VIP neurons responded to repeated 

numerosities were observed. In our numerosity task, significant match enhancement 

effects, i.e. the increased neuronal activity that occurs when a stimulus matches a 

previously encountered stimulus stored in memory, were found only in the PFC. This 

active mechanism ensures that repetitive, irrelevant nonmatch stimuli are ignored 

(Engel & Wang, 2011). Match enhancement has previously been observed individually 

in the prefrontal (Miller et al., 1996; Freedman et al., 2003; Qi et al., 2012) but also 

parietal (Rawley & Constantinidis, 2010) cortices. Conversely, significant match 

suppression effects occurred in both the PFC and the VIP, with similar magnitudes in 

these two brain areas. This reduction may help PFC and VIP neurons to filter out 

familiar numerosities, enabling them to focus on novel stimuli. Together, match 

enhancement and match suppression create a balance that enables PFC neurons to 

efficiently process, store and respond to numerical quantity, enhancing the recognition 

of familiar numerosities while suppressing redundancy.

The observed neuronal patterns indicate that, although the PPC contributes to the initial 

encoding of numerical magnitude, the PFC is critical for maintaining, selecting, and 

prioritizing task-relevant information. This functional specialization supports a 
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hierarchical organization in which sensory-driven representations are transformed into 

goal-directed and decision-relevant signals.

Interestingly, these results contrast with those from a previous numerosity distractor 

task (Jacob & Nieder, 2014; Jacob et al., 2018). In the classic distractor task, an 

irrelevant stimulus is passively viewed for a set period of time. In our study, however, 

monkeys were presented with a variable number of sequential test displays, requiring 

them to actively evaluate each presentation to determine whether it matched the 

number of dots or not. The absence of distractors is a strength as it isolates the core 

processes involved, eliminating the additional complexity of attention-related factors. 

This difference in task design may explain why the dlPFC neuron tuning was affected 

by a passively viewed distractor (Jacob & Nieder, 2014; Jacob et al., 2016; Lin et al., 

2023), whereas it remained stable in our study, in which unpredictable and sequential 

numerosity presentations required active evaluation and decision-making.

4.3 Inter-areal dynamics in the frontoparietal number network

In addition to local encoding specializations, numerical cognition depends on the 

dynamic interaction between the parietal and prefrontal regions. Population-level 

analyses using CCA revealed that inter-areal communication is strongly influenced by 

task demands and evolves over time. Building on previous research (Jacob et al., 

2018), this new method moves beyond measuring simple synchronization strength to 

reveal the structure, temporal direction, and functional segregation of population-level 

communication between feedforward and feedback signals in frontoparietal circuits 

(see Semedo et al., 2022). Our results suggest that inter-areal population correlations 

are almost exclusively driven by numerosity-selective neurons, particularly sample-

selective units, indicating that reported inter-areal communication is specific to 

numerical information rather than reflecting non-specific recurrent or bidirectional 

dynamics related to attention or task engagement.

During the initial stages of stimulus processing, the flow of information was 

predominantly influenced by feedforward signals from the VIP to the dlPFC, which is 

consistent with the transfer of sensory-derived numerical information. This transient 

dominance shortly after sample onset aligns with anatomical and physiological 

evidence suggesting that the IPS is the initial source of numerical information for the 

PFC (Nieder & Miller, 2004; Viswanathan & Nieder, 2013; Jacob & Nieder, 2014). As 
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the task progressed into delay periods, however, interactions became more symmetric, 

suggesting recurrent and bidirectional communication that supports working memory 

maintenance. This balance suggests that working memory relies on recurrent 

communication between the parietal and prefrontal cortex, a concept supported by 

models of distributed working memory. These models propose that prefrontal activity is 

stabilized and reinforced through reciprocal interactions with posterior cortical regions 

(Merchant et al., 2011; Christophel et al., 2017; Crowe et al., 2013; Genovesio et al., 

2014).

Crucially, this coordinated coupling was disrupted during error trials, particularly in late 

delay phases, indicating that stable inter-areal communication is essential for accurate 

performance (a critical phase for transforming maintained representations into decision 

signals). Similar communication failures have been reported in frontoparietal networks 

during attentional lapses (Dotson et al., 2014) and impaired decision-making (Salazar 

et al., 2012). These findings highlight that numerical cognition emerges not only from 

numerosity-selective neurons per se but from temporally structured network dynamics 

that support the integration of sensory encoding, working memory, and decision-making 

processes within the frontoparietal system.

4.4 Conclusion

The findings of this thesis, based on three complementary studies, highlight how 

abstract numerical information is encoded, maintained and behaviorally deployed within 

and across species. At the neuronal level, representations of numerosity emerge in both 

the parietal and prefrontal cortex, but these regions contribute in functionally distinct 

ways. VIP neurons encode numerical magnitude in a stimulus-driven and transient 

manner, whereas dlPFC neurons selectively enhance representations of behaviorally 

relevant target numerosities. This supports recognition memory and directly contributes 

to goal-directed decision-making by linking numerical representations to behavioral 

choices. Population-level analyses further reveal that successful numerical judgements 

depend on dynamic, task-specific communication between the parietal and prefrontal 

areas. Specifically, early feedforward influences from the parietal cortex to the prefrontal 

cortex during stimulus encoding transition to sustained bidirectional interactions during 

working memory maintenance; this coordinated coupling is disrupted during error trials.
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At the behavioral level, both primates and corvids exhibit hallmark signatures of the 

approximate number system, including numerical distance and size effects. This 

demonstrates the convergent evolution of abstract quantity processing. However, 

differences in reaction time dynamics reveal striking species-specific variations, 

suggesting that comparable numerical performance can arise from distinct cognitive 

strategies and underlying decision-making mechanisms.
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Neuronal encoding of recognition memory for numerical quantities in 
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A B S T R A C T

The parieto-frontal number network in primates is vital for extracting and memorizing numerical information. 
However, how neurons in these regions retain abstract numerical categories to recognize target numbers amidst 
ongoing numerical input is unclear. To explore this, single neurons were recorded from the ventral intraparietal 
cortex (VIP) and lateral prefrontal cortex (PFC) of two male macaques trained to memorize and recognize target 
numerosities while viewing sequences of irrelevant numerosities. In the VIP, neuronal selectivity for both target 
and irrelevant numerosities declined rapidly, making it unable to distinguish relevant from irrelevant quantities. 
Conversely, PFC neurons maintained selective tuning for target numerosities over time but not for irrelevant 
ones, enabling the distinction between sought and irrelevant quantities. Match enhancement effects, where 5ring 
increased for repeated target numerosities, were observed only in the PFC. In contrast, match suppression effects, 
involving reduced 5ring for repeated target numerosities, occurred in both the VIP and PFC. These 5ndings 
suggest the VIP primarily encodes displayed numerosities, while the PFC is specialized for processing, storing, 
and recognizing numerical quantities by enhancing familiar numerosities. This highlights the PFC’s key role in 
recognition memory, contrasting with the transient coding observed in the VIP.

1. Introduction

We usually encounter important objects or events not only once in 
our lives, but several times. The cognitive function that enables us to 
recognize that something currently perceived has been experienced 
before is called recognition memory, a critical component of explicit 
memory (Winters et al., 2008). While recognition memory has been 
extensively studied for arbitrary sensory stimuli (Brown and Aggleton, 
2001), its exploration in the context of abstract categories, such as 
numbers, has been neglected. Recognition memory of numbers is 
essential for tasks such as remembering item prices or accurately dosing 
medications. Recognition memory of numerosities — the number of 
items in a set — also enables animals to ef5ciently navigate their envi
ronment, make informed decisions, and engage in behaviors critical for 
survival and reproduction (Nieder, 2020).

Studies of sensory recognition memory report neurons whose activ
ity indicates whether a stimulus is familiar or novel (Rainer and Miller, 
2000; Brown and Aggleton, 2001). Most studies have identi5ed neurons 
in high-level cortical areas whose response magnitudes decrease with 

repetition and thus familiarity, a phenomenon known as ’repetition 
suppression’ (Fahy et al., 1993; Li et al., 1993; Miller and Desimone, 
1994; Riches et al., 1991; Xiang and Brown, 1998; Ng et al., 2014). 
However, other mechanisms for signaling familiarity have also been 
observed (Meyer and Rust, 2018), such as more selective tuning (Rainer 
and Miller, 2000; Freedman et al., 2006; Anderson et al., 2008;), tuning 
peak enhancement (Woloszyn and Sheinberg, 2012; Lim et al., 2015), or 
even increases in 5ring rate (Tamura et al., 2017). Understanding which 
signals correlate with perceptual memories and how these neuronal 
correlates differ along the cortical processing hierarchy remains an area 
of active research.

While sensory recognition memory has been studied using arbitrary 
pictogram stimuli, the memory necessary for recognizing abstract cat
egories, such as numerical quantities, in a sequence of numerosities has 
not been investigated. The special feature of numerical quantities in 
contrast to arbitrary visual stimuli is that they are semantically related 
to each other by ordinal magnitude (e.g., three is greater than two but 
less than four). This relationship is often described using the metaphor of 
the ’mental number line,’ where numbers are arranged in an ordered 
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sequence (Galton, 1880; Dehaene et al., 1993; Zorzi et al., 2002; Nieder, 
2020). Recognition memory of numerical quantities therefore heavily 
depends on the representation of, or tuning to, target numerosities as 
opposed to neighboring non-target numerosities as a unique feature of 
parameterized quantities.

A key behavioral phenomenon related to numerical cognition based 
on the number line is the ’numerical distance effect’ (Moyer and Lan
dauer, 1967; Buckley and Gillman, 1974). This effect highlights that it is 
more challenging to differentiate between numbers that are close 
together (e.g., 2 and 3) compared to those that are further apart (e.g., 2 
and 8). This effect is mirrored in the neurons’ response properties. In the 
parieto-frontal number network of primates, numerosity-selective neu
rons are speci5cally responsive to the presentation and short-term 
memorization of particular numerical values (Nieder et al., 2002, 
2006; Sawamura et al., 2002; Nieder and Miller, 2003; 2004; Nieder and 
Merten, 2007; Okuyama et al., 2015; Nieder, 2016). Like sensory and 
motor neurons that are tuned to a speci5c feature or parameterized 
coding space, numerosity-selective neurons exhibit a bell-shaped tuning 
curve. This means they have a maximum 5ring rate for their preferred 
numerosity and show progressively lower activity as the presented 
numbers deviate from this preferred value. The amplitude and width of 
these tuning curves reIect the neurons’ selectivity for speci5c numer
osities (Nieder, 2023). This tuning selectivity is a key aspect not only of 
sensory numerosity representations but also for the maintenance of 
numerical recognition memory; neurons whose tuning deteriorates with 
time and numerosity repetition would be unsuitable as a correlate of 
recognition memory for numerosity.

In this study, we investigated where and how numerosity-selective 
neurons in the parieto-frontal number network can serve as a neuronal 
representation of recognition memory for numerical quantity. Both the 
areas within the intraparietal sulcus (IPS) and the lateral prefrontal 
cortex (PFC) have been repeatedly found to encode numerical infor
mation, forming the core number network in primates (Nieder, 2024). In 
contrast, such information is largely absent in the anterior inferotem
poral cortex (Nieder and Miller, 2004).

We trained two rhesus macaques to perform a sequential delayed- 
match-to-numerosity task with variable numbers of non-matching vi
sual numerosity stimuli between sample and matching test displays. The 
delayed match-to-numerosity task involves a working memory compo
nent that interacts closely with recognition memory (Miller et al., 1996). 
While working memory temporarily stores and manipulates informa
tion, recognition memory retrieves and identi5es previously encoun
tered information. Both memory systems are crucial for accurate 
decision-making and memory-based tasks, often working together to 
support effective cognitive processing.

The monkeys were required to form an internal representation or 
template, akin to a search image, for recognizing and identifying speci5c 
cued numerical quantities. While the monkeys performed this task, we 
simultaneously recorded single-neuron activity from the lateral PFC and 
the ventral intraparietal area (VIP) in the intraparietal cortex, two key 
number processing areas in the primate brain (Nieder and Miller, 2004; 
Viswanathan and Nieder, 2013; 2015,; Nieder and Dehaene, 2009; 
Nieder, 2016). To explore the neuronal correlate for recognition mem
ory of numerical quantity categories, we quanti5ed and compared the 
numerosity tuning curve characteristics and population decoding ac
curacies for repeated presentations of both matching and non-matching 
numerosities in the two cortical areas under the exact same recording 
conditions.

2. Results

2.1. Behavioral performance

Two monkeys were trained on a modi5ed version of the delayed 
match-to-numerosity task. They were presented with sample numer
osities 1–4, followed by a delay period, and then exposed in equal 

proportions of up to four different sequential test phases (see Materials 
and Methods; Fig. 1A). The monkeys were required to memorize the 
variable sample numerosity and to search the sequence of test displays 
for a numerosity that matched the sample numerosity, and they were 
rewarded for responding whenever one of the displays in the test periods 
showed a matching numerosity (correct trials). This encouraged them to 
inspect each test stimulus and to keep searching for the matching 
numerosity.

Both monkeys mastered the task, with mean performances across 
sessions signi5cantly exceeding the chance level of 25 % (monkey 1: 27 
sessions, 61.32 ± 1.36 %, p < 0.001; monkey 2: 33 sessions, 60.95 
± 0.58 %, p < 0.001, Binomial test) (see Fig. S1 for chance level 
calculation). To evaluate the monkeys’ ability to identify the correct 
matching numerosity while disregarding the nonmatching numerosities, 
behavioral performance functions were computed for each session. 
These functions reIect the probability that a monkey judged the 
numerosities in the test periods as equal to the sample numerosity. For 
all sample numerosities, both monkeys more frequently selected the 
matching numerosity over the nonmatching numerosities (Fig. 1B,D). 
The best performance was achieved for numerosity 1 (peak: monkey 1, 
95.02 ± 1.12 %; monkey 2, 96.01 ± 0.52 %) and declined with 
increasing numerosity up to numerosity 4 (peak: monkey 1, 56.31 
± 1.96 %; monkey 2, 64.57 ± 1.99 %). As expected, based on the nu
merical distance effect, which suggests that neighboring numerosities 
are the most challenging to discriminate (Nieder and Miller, 2003; 
Merten and Nieder, 2009), both monkeys exhibited the highest error 
rates for nonmatching numerosities adjacent to the respective target 
numerosity, with noticeable improvements for more distant nonmatch 
numerosities. Additionally, the performance functions systematically 
widened (i.e., became less selective) for increasing target numerosities, 
reIecting the numerical size effect, which indicates that, at a given 
numerical distance, discriminating target numerosities becomes more 
dif5cult as their values increase (Nieder, 2020). Thus, the monkeys’ 

performance exhibits the characteristics of the approximate number 
system (ANS), a non-symbolic estimation system that also emerges in 
humans when they are prevented from counting and rely on 
non-symbolic numerosity estimation (Merten and Nieder, 2009; Nieder, 
2024).

We computed the averaged performance for each trial type (i.e., no 
nonmatch, one nonmatch, two nonmatches, three nonmatches) across 
the four sample numerosities (Fig. 1C,E). As anticipated, the number of 
inserted nonmatch numerosities inIuenced the monkeys’ ability to 
recall and detect the matching numerosity (two-way ANOVA with the 
factors ’number of nonmatches’ and ’sample numerosity’; monkey 1: F 
(3431) = 60.1, p < 0.001; monkey 2: F(3527) = 66.49, p < 0.001). 
Compared to the pure matching trials in which no nonmatch numerosity 
was shown, the monkeys’ overall performance progressively decreased 
with the number of nonmatches shown in a trial. The observed decline in 
behavioral performance with increasing nonmatch trials reIects the 
growing cognitive demands on recognition memory, a critical aspect of 
the study. Monkey 1, but not Monkey 2, shows a mild, idiosyncratic 
performance increase for numerosities following three nonmatches. 
However, this pattern is uncorrelated with Monkey 2’s behavior and 
likely reIects an individual, unknown strategy. Furthermore, behavioral 
performance depended on the presented sample numerosity within each 
trial type (signi5cant interaction of trial type and presented sample 
numerosity; monkey 1 F(9, 431) = 5.16, p < 0.001; monkey 2 F(9, 527) 
= 4.27, p < 0.001). As a reIection of the numerical size effect, 
(balanced) trials in which the monkeys had to search for numerosity 1 
were the easiest, while trials in which numerosity 4 was the target 
challenged the monkeys the most (Fig. 1C,E). Nevertheless, the aver
aged performances for all trial types and sample numerosities were 
signi5cantly higher than chance (for all sample numerosities and trial 
types, p < 0.05, Binomial test), revealing that the monkeys were able to 
5nd the correct numerosity most of the time.
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Fig. 1. Task protocol and behavioral performance. (A) Monkeys performed a delayed match-to-sample task with dot numerosities. A trial started when the monkey 
grabbed the response bar and 5xated the 5xation target; both actions were required to be maintained throughout the task until the monkey responded by releasing 
the bar. Numerosities ranging from 1 to 4 were presented during a sample phase that was followed by a delay period. The monkey had to respond whenever a 
numerosity that matched the sample was presented in one of the three subsequent Test phases. The monkeys had to refrain from responding for as long as non
matching numerosities (ranging from 1 to 5) were presented in the Test phases. Up to three sequential Test-phases (Test1-Test3) were presented pseudo-randomly in 
different trial conditions; in each Test-phase, a match or nonmatch-numerosity could appear. If the last Test3 period showed a nonmatch, the monkey was required to 
maintain the bar until display-offset. This resulted in a total four different trial conditions. Sample numerosities as well as trial conditions were presented in a 
balanced way. (B, D) Behavioral performance functions of the two monkeys to sample numerosities 1–4 (monkey 1: 27 sessions; monkey 2: 33 sessions). The 
functions reIect the probability that a monkey judged displays in the test periods as containing the same number of items as the sample numerosity (indicated in four 
colors, solid line). The peak data points of each colored function indicate correct sample matching. Data points in the Ianks reIect error responses to nonmatch 
numerosities. Black dotted line indicates averaged performance for each sample numerosity. Error bars (very small) indicate the SEM across sessions. (C, E) Average 
correct performance of the two monkeys to the four sample numerosities and the four Test conditions (NM = nonmatch). Grey dashed line indicates chance level at 
25 %. Error bars indicate the SEM across sessions.

T. Machts et al.                                                                                                                                                                                                                                 Progress in Neurobiology 251 (2025) 102794 

3 



2.2. General neuronal response properties

We recorded a total of 372 neurons from area VIP in the fundus of the 
intraparietal sulcus (IPS) and 509 neurons from the dorsolateral pre
frontal cortex (dlPFC, centered around the principal sulcus) from two 
monkeys (Fig. 2A). The proportions of neurons for each monkey can be 
seen in Table S1. Throughout the paper, we focused our analyses on 
activity during the presentation of sample and test stimuli, including 
matching test stimuli to which the monkeys responded quickly by 
releasing a bar.

To determine the starting point of the neuronal analysis window, we 
utilized the neurons’ visual response latencies. Visual response latencies 
were measurable in 51 % of the VIP neurons (190/372) and in 64 % of 
the PFC neurons (324/509). VIP neurons exhibited signi5cantly shorter 
latencies compared to PFC neurons (median VIP: 111 ms, median PFC: 
124 ms, Wilcoxon rank sum test, Z = 2.6619, p = 0.0078, two-sided) 
(Fig. 2B). We standardized the analysis window by using the 5rst 25th 
percentile of the VIP (86 ms) and PFC latency distributions (100 ms) as 

the standard latency for all neurons, including those for which we could 
not determine individual latencies based on our criteria.

To ensure that neuronal responses were not contaminated by motor 
activity — that is, activity related to neurons involved in preparing and 
executing the lever release movement — we used the monkeys’ reaction 
time (RT) distributions of correct responses to the matching test stimulus 
as endpoints of the duration of the neuronal analysis windows. In 84 % 
(monkey 1) and 89 % (monkey 2) of the cases, respectively, the monkeys 
responded after 400 ms or longer to the match. Therefore, we used 
400 ms as the analysis window endpoint to ensure that neuronal activity 
is analyzed in equal time windows between the two monkeys and 
analyzed all correct trials in which the monkeys responded with an RT of 
at least 400 ms (trials with shorter RTs were excluded). Thus, VIP neu
rons were analyzed in a time window from 86 ms to 400 ms after sam
ple/test onset, and PFC neurons from 100 ms to 400 ms. Qualitatively 
similar results in numerosity tuning were achieved by using 300 ms as 
the endpoint (cutoff) of the analysis window (see Fig. S2), con5rming 
that the results were not due to motor-preparatory activity.

Fig. 2. Recording sites, visual response latencies and population tuning curves of PFC and VIP neurons. (A) Schematic diagram of the macaque brain illustrating the 
locations in PFC (blue) and VIP (red) where recordings were performed. Abbreviations: ips, intraparietal sulcus; ps, principal sulcus; sar, superior arcuate sulcus; iar, 
inferior arcuate sulcus. (B) Cumulative latency distributions across all neurons recorded in PFC (N = 324, blue) and VIP (N = 190, red) that showed signi5cant 5ring 
rate change compared to baseline activity after sample onset. Numbers next to labels indicate the median latencies and latencies at the 25th percentiles in PFC and 
VIP. The vertical solid lines indicate the medians and the vertical dashed lines show the 25th percentiles. **p < 0.01. (C) Population tuning curves for numerosity- 
selective neurons in PFC (n = 68) during the sample period. Population tuning curves were obtained by averaging the normalized tuning curves of all single units 
preferring the same sample numerosity (see color-code). Error bars indicate the SEM. Numerosity 1, 2, 3, 4: n = 35, 2, 11, 20. (D) Population tuning curves for 
numerosity-selective neurons in VIP (n = 34) during the sample period. Same layout as in (C). Numerosity 1, 2, 3, 4: n = 19, 1, 3, 11.
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2.3. Numerosity selective neurons

Using this time window, we initially identi5ed neurons that exhibi
ted numerosity selectivity (i.e., tuning to numerosity) during sample 
presentation. Since we were speci5cally interested in tuning changes 

over time, we only selected neurons with at least 18 correct trials per 
sample numerosity and 3 correct trials per Test numerosity (Test 1–3 
periods) for further analysis. Thus, the analyzed population comprised a 
total of 369 PFC neurons and 254 VIP neurons that met all inclusion 
criteria.

Fig. 3. Numerosity selectivity of single neurons during the sample and Test1 match and nonmatch periods. (A-C) Responses of an exemplary PFC neuron preferring 
numerosity 1 in the sample period (A), as match (B), and as nonmatch numerosities (c) during Test1. Top panels show dot-raster histograms (each line represents a 
trial; each dot represents an action potential) and bottom panels show smoothed spike-density functions (activity averaged and smoothed with a 75-ms Gaussian 
kernel). The colors of dots and spike density functions correspond to the numerosity of the sample/test stimulus. Time 0 is the onset of the stimulus in the sample (A) 
and Test1 period (B,C), indicated by the gray shaded areas. Insets show tuning curves calculated during the analysis window indicated by the red bar plotted at the 
top of the spike-density functions. The tuning function for the sample period (solid line) is plotted together with the tuning functions of match situation (circle, dotted 
line) in (B), or nonmatch situation (triangle, dotted line) in (c). CCTuning-values in spike-density histograms represent the cross-correlation coef5cients between cross- 
validated tuning curves during the sample (A), a comparison between sample and match tuning curves (b), and a comparison between sample and nonmatch tuning 
curves (c). Error bars show the SEM. (D) Normalized and averaged numerosity tuning curves of all numerosity-selective neurons in PFC (N = 68) during the sample, 
match, and nonmatch phases. Prior to averaging, neuronal activity for each neuron was aligned to the preferred numerosity at center value 0 and plotted as a function 
of numerical distance. (E) Distribution of indices quantifying the differences between responses to match and nonmatch numerosities during Test1 in PFC (N = 68). 
The median of the real data (blue) indicated by the colored vertical line were tested against a shufIed distribution (grey) indicated by a black line. *p < 0.05. (F-H) 
Responses of an exemplary VIP neuron preferring numerosity 1 in the sample period (F) as match (G), and as nonmatch numerosities (H) during Test1. Same layout as 
in (A-C). (I) Normalized and averaged numerosity tuning curves of all numerosity-selective neurons in VIP (N = 34) during the sample, match, and nonmatch phases. 
Same layout as in (D). (J) Distribution of indices showing the strength of the match-nonmatch effect in VIP (N = 34). Real data (orange) were tested against a shufIed 
distribution (grey). n.s. not signi5cant. Layout as in (E).
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To identify numerosity-selective neurons, we applied a two-way 
ANOVA with main factors of ’numerosity’ and ’protocol’, evaluated at 
p < 0.01. We only considered neurons that were exclusively numerosity- 
selective, showing a main effect for numerosity but no main effect for 
protocol or interaction. By combining both selection criteria, we found 
34 numerosity-selective neurons with a suf5cient number of trials in VIP 
(34/254; 13.4 % of the recorded neurons) and 68 neurons in PFC (68/ 
369; 18.4 % of the recorded neurons). In PFC, only 3.7 % of all neurons 
were non-exclusivelynumerosity selective, i.e. they showed in addition 
to a main effect ‘numerosity’, a main effect ‘protocol’ and/or an inter
action between ‘numerosity’ and ‘protocol’. In VIP, only 2.2 % of all 
neurons were non-exclusively numerosity selective. The proportions of 
exclusively numerosity-selective neurons reported in the current study 
are comparable to what we found in previous studies with other mon
keys (on average, VIP: 11 %; PFC: 19 %) (Diester and Nieder, 2007; 
Viswanathan and Nieder, 2015; 2020). The average tuning functions for 
selective neurons in the two regions are shown in Fig. 2C,D.

To assess the robustness of numerosity tuning, we cross-validated the 
tuning functions of individual selective neurons by correlating tuning 
curves derived from odd versus even trials. In both brain areas, we found 
cross-correlation coef5cients close to 1 (PFC: CCmedian = 0.89, VIP: 
CCmedian = 0.90), indicating strong and stable numerosity tuning in both 
PFC and VIP. The correlation coef5cients did not differ signi5cantly 
between PFC and VIP (Wilcoxon rank-sum test, Z = -0.0674, 
p = 0.9462, two-sided), suggesting that tuning stability was comparable 
between neurons in both regions (Suppl. Fig. S3).

We next evaluated the numerosity tuning of sample-selective neu
rons during the delay working memory period. Consistent with previous 
5ndings (Nieder et al., 2002), a similar proportion of sample-selective 
numerosity neurons were also tuned to numerosity during the 5rst 
delay period after the sample in both the PFC and VIP (PFC: 25/68 =

37 %; VIP: 15/34 = 44 %). Moreover, numerosity tuning between the 
sample and the 5rst delay period was correlated in PFC neurons but not 
in VIP neurons (Figure S4).

After calculating neuronal tuning functions for each of these neu
rons, we explored the stability of their tuning relative to sample pre
sentation in two dimensions. First, tuning stability was examined at the 
identical trial time when Test1 was either a match or a nonmatch. We 
hypothesized that tuning remained stable to different degrees in VIP and 
PFC when the monkey was presented with the matching numerosity it 
was searching for, but deteriorated when the monkey saw a deviating 
numerosity for what it was not seeking in a given trial. Second, tuning 
stability was investigated across all three succeeding test periods (Test1 
to Test3) when the respective test periods were a match. We anticipated 
that tuning to the matching numerosity would remain stable across time 
when the monkey was searching for it throughout the trial, potentially 
with differences between VIP and PFC. We start with the 5rst question: 
tuning as a function of matching or nonmatching numerosity.

2.4. Tuning stability to match and nonmatch numerosity in the Test1 
period

We initially examined the tuning functions of single neurons. Fig. 3A- 
C illustrates the detailed discharges and the tuning functions (insets) of 
an example PFC neuron tuned to numerosity 1 during sample presen
tation for the match and nonmatch Test1 period. When a matching 
numerosity was displayed, this neuron’s tuning remained stable and 
exhibited enhanced 5ring rates for the match period (Fig. 3B). In 
contrast, this neuron’s numerosity selectivity was signi5cantly dimin
ished when a nonmatch numerosity was presented in the same Test1 
period, resulting in a more or less Iat tuning function (Fig. 3C). Similar 
stability in tuning to match numerosities, but degraded tuning for 
nonmatch numerosities, was observed for the majority of PFC neurons.

In contrast, VIP neurons displayed less stable tuning. Fig. 3F-H por
trays an example VIP neuron tuned to numerosity 1. Despite clear tuning 
to the sample numerosities (Fig. 3F), this neuron exhibited poorer tuning 

to the match numerosity (Fig. 3G) and similarly deteriorated tuning to 
the nonmatching numerosities (Fig. 3H).

To quantify tuning stability as a function of match versus nonmatch 
numerosity, we calculated normalized tuning curves with 5ring rates 
during sample presentation as the reference for all stimulus presentation 
phases. Subsequently, the normalized tuning functions were averaged 
according to the respective preferred sample numerosities for match and 
nonmatch conditions. Finally, the normalized tuning functions for 
match and nonmatch conditions were aligned relative to the preferred 
sample numerosities and plotted as a function of numerical distance 
from the respective preferred numerosities, with the preferred numer
osities set to numerical distance 0. This approach allowed us to assess 
how neuronal tuning varied across different stimulus conditions and 
numerical distances from the preferred numerosities.

In PFC, the population-tuning curve for the match condition was 
comparable to the sample tuning curve and showed a corresponding 
preferred numerosities (Fig. 3D). Interestingly, this was not the case for 
the nonmatch presentation; here, the population-tuning curve was 
asymmetric, and the peak deviated from the preferred numerosity. We 
have previously shown that numerosity tuning curves are asymmetric on 
a linear number scale (e.g., Nieder and Miller, 2003), with this effect 
being less visible in sharp tuning functions during the sample period and 
more pronounced as neurons become less selective in the Test1 period. 
To quantify this difference between sample and Test1 periods, we 5tted 
Gauss functions to the individual tuning curves and derived the 
sigma-value as a measure of tuning width, or tuning selectivity, 
respectively.

The Gauss 5ts described the tuning functions well. In both PFC and 
VIP, the goodness-of-5t (R²) for the 5ts during sample period (the 
reference period) were close to 1 (PFC: median R² = 0.95; VIP: median 
R² = 0.91). The R² values were higher during the sample period 
compared to the Test periods, but no difference was found between the 
match (PFC: median R² = 0.71; VIP: median R² = 0.57) and nonmatch 
periods (PFC: median R² = 0.78; VIP: median R² = 0.65), neither in PFC 
(Wilcoxon signed-rank test, Z = -0.5214, p = 0.6021, two-sided) nor in 
VIP (Wilcoxon signed-rank test, Z = -0.9704, p = 0.3318, two-sided).

In PFC, no difference in tuning width was found for sample and 
match conditions (median sample: σ = 1.24, median match: σ = 1.45, 
Wilcoxon signed rank test, Z = -1.8392, p = 0.1977, two-sided, with 
Bonferroni correction), indicating that PFC neurons maintained their 
numerosity selectivity between these two trial phases. In contrast, the 
tuning functions in the nonmatch condition were signi5cantly wider, 
both compared to the match condition (median match: σ = 1.45, median 
nonmatch: σ = 2.01, Wilcoxon signed rank test, Z = -2.4686, 
p = 0.0407, two-sided, with Bonferroni correction, n = 68) and the 
sample period (median sample: σ = 1.23, median nonmatch: σ = 2.01, 
Wilcoxon signed rank test, Z = -4.3261, p < 0.001, two-sided, with 
Bonferroni correction). Thus, tuning selectivity of PFC neurons specif
ically decreased if a nonmatch numerosity was shown.

In VIP, in contrast, the population-tuning curves for both the match 
and nonmatch conditions were deteriorated relative to the sample tun
ing curve (Fig. 3I). Gauss function 5tted to the tuning curves showed 
that the tuning widths for both the match condition (median sample: σ =

1.42, median match: σ = 2.35, Wilcoxon signed rank test, Z = -2.9491, 
p = 0.0096, two-sided, with Bonferroni correction) and the nonmatch 
condition (median sample: σ = 1.42, median nonmatch: σ = 2.58, 
Wilcoxon signed rank test, Z = -3.1372, p = 0.0051, two-sided, with 
Bonferroni correction) were signi5cantly larger compared to the sample 
period. In addition, no tuning widths difference was observed between 
match and nonmatch conditions (median match: σ = 2.34, median 
nonmatch: σ = 2.58, Wilcoxon signed rank test, Z = 0.6240, p = 1, two- 
sided, with Bonferroni correction, n = 34). This speaks for a deteriora
tion of tuning selectivity in VIP from sample to Test1 that is independent 
of whether a match or a nonmatch numerosity is presented.

We quanti5ed the magnitude of 5ring rate differences to the 
preferred numerosity between match and nonmatch conditions in both 
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brain areas by calculating an index capturing the match-versus- 
nonmatch effect (Miller et al., 1996; see Methods). The higher the 
index, the stronger the effect (values of 0 indicate equal responses to 
preferred numerosities in matches and nonmatches). We compared the 
medians of each distribution within each brain area with a shufIed 
distribution representing chance values. In PFC, the real index (median 
0.26) was signi5cantly higher than the shufIed index (0.17) 
(Z = 0.9567, p = 0.0209, Wilcoxon signed rank test, n = 68) (Fig. 3E). 
In VIP, in contrast, the real index (median 0.18) was not different from 
the shufIed index (0.15) (Z = 0.9935, p = 0.3387, Wilcoxon signed 
rank test, n = 34) (Fig. 3J). Moreover, a direct comparison between 
brain areas showed that the real indices for PFC were signi5cantly larger 
compared to VIP (Z = 1.6824, p = 0.0462, Wilcoxon rank sum test). In 
sum, match-nonmatch effects were prominent in PFC, but absent in VIP.

A matching numerosity in the Test1 period could either enhance the 
5ring rates to the preferred numerosity, leading to a positive index, or 
suppress the 5ring rates to the preferred numerosity, causing a negative 
index (Miller et al., 1996). We therefore categorized the neurons into 
match-enhancement and match-suppression cells and compared the 
indices for the two separate classes in PFC and VIP. Negative indices of 
match-suppression cells were recti5ed by using the absolute values for 
better comparison, thus absolute index values larger than 0 indicate 
differential responses to preferred numerosities in matches and 
nonmatches.

The indices for neurons exhibiting a match-enhancement effect in 
the PFC (n = 31) and VIP (n = 14), respectively, are shown in Figs. 4A 
and 4B. The median enhancement index for the PFC was 0.23, compared 
to 0.15 in the VIP. We compared these medians within each brain area 
using a shufIed distribution representing chance values. In the PFC, the 
real index (median 0.23) was signi5cantly higher than the shufIed index 
(0.13) (Z = 2.4785, p = 0.0132, Wilcoxon signed-rank test, n = 31). In 
contrast, the real index in the VIP (median 0.15) was not signi5cantly 
different from the shufIed index (0.12) (Z = 1.5380, p = 0.1240, Wil
coxon signed-rank test, n = 14). Furthermore, direct comparisons be
tween brain areas showed that the real indices for the PFC tended to be 

larger than those for the VIP (Z = 1.2871, p = 0.0990, Wilcoxon rank- 
sum test).

The indices for neurons showing a match-suppression effect in the 
PFC (n = 37) and VIP (n = 20) are depicted in Figs. 4C and 4D. In both 
the PFC and VIP, the real indices (median 0.30 and median 0.22) were 
signi5cantly higher than the shufIed indices (0.14 for both) 
(Z = 3.6199, p < 0.001, Wilcoxon signed-rank test, n = 37 for PFC; 
Z = 2.6157, p = 0.0089, Wilcoxon signed-rank test, n = 20 for VIP). 
Furthermore, we found no signi5cant difference when comparing the 
distributions between the two brain areas (Z = 1.1455, p = 0.1260, 
Wilcoxon rank-sum test). In summary, signi5cant match enhancement 
effects were found only in the PFC, while signi5cant match suppression 
effects occurred in both the PFC and VIP with similar magnitudes.

Finally, to explore the information contained in all PFC and VIP 
neurons, regardless of their numerosity tuning, we conducted a time- 
resolved percent explained variance (PEV, ω²) analysis (PFC: n = 369, 
VIP: n = 254; see Methods for details). Percent explained variance (PEV) 
is a statistical measure that quanti5es how much of the variability in our 
neuronal dataset is explained by the factor ’match’ or ’nonmatch’. Both 
PFC and VIP neurons represented match information throughout the 
sample and delay periods (greater than the signi5cance threshold of the 
shufIed distribution at p < 0.01), while nonmatch information was still 
absent (p < 0.01) (Fig. 5). Nonmatch information was only represented 
by neuron populations during the Test1 period, with important differ
ences between PFC and VIP. In PFC, match information continued to 
increase and consistently remained higher than nonmatch information 
(Z = 3.8263, p < 0.001, Wilcoxon signed-rank test, n = 369). In VIP, 
however, match information remained constant during Test1, showing 
no signi5cant difference from nonmatch information (Z = 1.6477, 
p = 0.0994, Wilcoxon signed-rank test, n = 254). This suggests that PFC 
neurons, but not VIP neurons, irrespective of numerosity tuning, 
discriminate between match and nonmatch information. These effects 
were also observed in PFC and VIP neurons of individual monkeys. In 
monkey 2, however, the match information seems to be more strongly 
maintained in the population code during the delay and does not appear 
to be updated in VIP, whereas the non-match information is (Suppl. 
Fig. S5).

2.5. Population decoding of match and nonmatch numerosity in the Test1 
period

So far, our analysis of single-neuron responses suggests that 
numerosity-selective PFC neurons have a privileged role in coding and 
maintaining sought after numerical information. We further tested this 
by a population decoding analysis using a support vector machine (SVM) 
classi5er. SVM classi5ers offer a powerful approach to decoding neural 
activity by simultaneously considering the combined activity of multiple 
neurons, capturing complex multidimensional patterns and non-linear 
relationships underlying population coding. This makes classi5er 
decoding more robust to noise and complexity than simple averaging 
approaches. We trained the classi5er on the 5ring rates of numerosity- 
selective neurons (balanced neuron numbers for the two brain areas) 
during the sample period. Next, we tested the trained classi5er on its 
accuracy to discriminate numerosities during the match or nonmatch 
Test1 period (6-fold cross validated, 100 times resampled; see Methods).

Fig. 6A depicts the mean decoding accuracy for the sample (as a 
reference), the match Test1 period, and the nonmatch Test1 period in 
both PFC and VIP, respectively. In all conditions and brain areas, the 
decoding was signi5cantly above chance (larger than the 95th percentile 
of the respective shufIed distribution; PFC: Sample, Match, Nonmatch 
[36.11 %, 33.33 %, 31.94 %]; VIP: Sample, Match, Nonmatch [35.42 %, 
31.25 %, 32.64 %]).

We next compared the classi5er’s decoding quality between PFC and 
VIP neurons. In the sample period, decoding accuracy was signi5cantly 
higher in PFC (mean 60 ± 0.66 %) than in VIP (53 ± 0.66 %) (permu
tation test, p < 0.001, with alpha correction, n = 100). As expected, 

Fig. 4. Distribution of match-nonmatch indices showing the strength of the 
match enhancement effect and match suppression effect in PFC and VIP in the 
Test1 period. (A) Indices for neurons exhibiting a match enhancement effect in 
the PFC. The index is calculated as the absolute value of the difference between 
match and non-match responses, divided by their sum. The median of the real 
data, indicated by the blue vertical line, was tested against a shufIed distri
bution, whose median is indicated by a black line. ***p < 0.001; **p < 0.01; 
*p < 0.05; n.s. not signi5cant. (B) Indices for neurons exhibiting a match 
enhancement effect in VIP. Layout as in (A). (C) Indices for neurons exhibiting a 
match suppression effect in PFC. Layout as in (A). (D) Indices for neurons 
exhibiting a match suppression effect in VIP. Layout as in (A).
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accuracy dropped in both brain areas for the subsequent Test1 periods. 
Averaged decoding accuracy in the match condition dropped to 42 % (±
0.81) in PFC, and 37 % (± 0.64) in VIP. Still, classi5er accuracy in the 
match condition remained signi5cantly higher for PFC neurons 
compared to VIP neurons (permutation test, p < 0.001, with alpha 
correction)

Important differences in decoding emerged for match and nonmatch 
conditions within each brain area. In PFC, the decoding accuracy for the 
match period (42 ± 0.81 %) was signi5cantly higher than in the non
match period (35 ± 0.64 %) (permutation test, p < 0.001, with alpha 
correction). This was not the case for VIP with a similarly low decoding 
performance for match and nonmatch conditions (match: 37 ± 0.64 %, 
nonmatch: 38 ± 0.60 %, permutation test, p = 0.283, with alpha 
correction). A second classi5er model, trained and tested with nearly 
double the number of trials, yielded qualitatively identical results (see 
Fig. S6). Overall, decoding performance of the classi5er based on an 
equal number of numerosity-selective neurons shows that the PFC rep
resents the sought after matching numerosity better than the 

nonmatching numerosity, and overall better than VIP neurons which did 
not differentiate between match and nonmatch numerosities.

Furthermore, we calculated the average performance of the classi5er 
as a function of distance from the real numerosity and used, for each 
iteration, the sigma-value derived from Gauss 5ts as a measure of tuning 
width analogous to the population-tuning curves. Within both brain 
areas, the tuning functions during the sample period were signi5cantly 
narrower compared to match and nonmatch conditions, respectively 
(sample PFC: median σ = 1.01, sample VIP: median σ = 1.27, 
p < 0.001). Importantly, and similar to the previous results with aver
aged tuning curves, the PFC classi5ers’ tuning functions in the nonmatch 
condition were signi5cantly wider than those calculated for the match 
situation (Fig. 6B, median match: σ = 1.86, median nonmatch: σ = 2.68, 
Wilcoxon rank sum test, Z = -7.2556, p < 0.001, two-sided, with Bon
ferroni correction, n = 100). This was not the case for tuning functions 
of the VIP (Fig. 6C) for which the width in match and nonmatch con
ditions were not signi5cantly different (median match: σ = 2.50, median 
nonmatch: σ = 2.26, Wilcoxon rank sum test, Z = 2.0732, p = 0.1145, 

Fig. 5. Sliding-window ω² PEV from sample to Test1 period quantifying the encoding of match (same as sample) and nonmatch (different from sample) numerosity. 
Sliding-window ω² PEV was computed for all neurons recorded with at least 18 correct trials per sample numerosity and 3 correct trials per test numerosity in each 
test phase. (A) PFC neurons (n = 369), (B) VIP neurons (n = 254). Bars above the curves represent time bins where match information exceeded nonmatch infor
mation (blue: p < 0.05). Insets: Mean ω² PEV across the Test1 period for match and nonmatch conditions (derived from inside dashed rectangle in the main 5gure). 
Dotted lines indicate the signi5cance threshold (p < 0.01, one-sided) from shufIed trial labels. Error bars and shaded regions indicate SEM across neurons; 
***p < 0.001; n.s., not signi5cant.

Fig. 6. Decoding numerosity with a SVM classi5er from numerosity-selective neurons in the sample and match and nonmatch Test1 periods. (A) Mean decoding 
accuracy for sample, match, and nonmatch phases. The classi5er was trained on sample activity and then tested on sample activity (odd versus event trials cross 
validation), match activity in Test1, and nonmatch activity in Test1. PFC and VIP cell counts were balanced by creating two pseudo populations of equal neuron 
numbers. Grey dashed line indicates chance level at 25 %. Dashed lines within the bars depicts signi5cance threshold (p < 0.05, one-sided). Error bars show the SEM 
across 100 resamples. ***p < 0.001; **p < 0.01; n.s. not signi5cant. (B) Normalized and averaged numerosity tuning curves derived from classi5er performance on 
PFC neurons (N = 34) during the sample, match, and nonmatch phases. Classi5cation probability for each resample is aligned to the preferred numerosity at center 
value 0 and plotted as a function of numerical distance. Error bars show the SEM across 100 resamples. (C) Normalized and averaged numerosity tuning curves 
derived from classi5er performance on VIP neurons (N = 34) during the sample, match, and nonmatch phases. Layout as in (B).
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two-sided, with Bonferroni correction, n = 100).

2.6. Tuning stability to matching numerosity across time and test periods

After comparing tuning to match and nonmatch, we switched to 
investigating tuning stability across time. To that aim, we explored 
tuning of single numerosity-selective neurons in PFC and VIP to 
matching numerosities along the three succeeding test periods (Test1 to 
Test3). Fig. 7A-D shows the detailed discharges and the tuning functions 
(insets) of an example PFC neuron tuned to sample numerosity 4 across 
stimulus repetitions. This PFC neuron’s tuning remained stable for all 
three succeeding test phases until the matching numerosity was pre
sented. Similar stability in tuning was seen for the majority of PFC 
neurons. In contrast, such a robust encoding was rarely observed in VIP 
neurons. Fig. 7E-F depicts an example VIP neuron tuned to numerosity 
1. This neuron showed a deteriorated tuning with the presentation of 
more test numerosities and had lost tuning during test periods (Fig. 7G, 
H). Inspection of single neuron activity indicated that the PFC robustly 
encodes the target numerosity across repetitions, whereas VIP deterio
rated with repetitions. This suggests that VIP neurons are primarily 
involved during the early stages of cortical processing, while PFC neu
rons maintain the target number across temporal delays during delayed 
searches.

To explore tuning stability as a function of test period repetition 
across neurons, we again computed normalized tuning curves (see 
description above) and plotted them aligned to the preferred numer
osities of each neuron.

In PFC, population-tuning curves remained stable and showed rather 
symmetric peak curves in all three test periods following the sample 
presentation (Fig. 8A). Compared to the reference sample period, the 
preferred numerosity in PFC remained the same across the three sub
sequent test periods (peaksample = 1.00 ± 0.00, peaktest1 = 0.88 ± 0.20, 
peaktest2 = 0.79 ± 0.14, peaktest3 = 0.80 ± 0.13, permutation test, 
Sample/Test1: p = 0.6795, Sample/Test2: p = 0.2957, Sample/Test3: 
p = 0.2672, n = 68). Furthermore, we compared again the tuning width 
of the individual tuning curves. We found no difference between the 
sigma-values derived from the three test periods (median Test1: σ =

1.45, median Test2: σ = 1.84, median Test3: σ = 1.79, Wilcoxon signed 
rank test, Test1/Test2: Z = -1.7842, p = 0.2975, Test1/Test3: Z = - 
1.9981, p = 0.1828, Test2/Test3: Z = -0.6416, p = 1, with Bonferroni 
correction, n = 68).

In VIP, a different picture emerged (Fig. 8B). While VIP population 
tuning curves were still comparable for the second stimulus presentation 
(Test1) (peaksample = 1.00 ± 0.00, peaktest1 = 0.80 ± 0.18, permutation 
test, p = 0.2971, n = 34), both the amplitude and the shape of the 
tuning functions deteriorated with more stimulus repetitions. For the 

Fig. 7. Numerosity selectivity of single neurons during the sample and Test1–3 match periods. (A-D) Responses of an exemplary PFC neuron preferring numerosity 4 
in the sample period (A) to match numerosities in Test1 (B), Test2 (C), and Test3 (D) periods. Same layout as in Fig. 3a-c. (E-H) Responses of an exemplary VIP 
neuron preferring numerosity 1 in the sample period (E) to match numerosities in Test1 (F), Test2 (G), and Test3 (H) periods. Same layout as in Fig. 3E-G.
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Test2 and Test3 periods, the VIP population-tuning curves were atten
uated, asymmetric, and the peaks were off-center. The normalized peak 
values in Test2 and Test3 were signi5cantly different to the peak values 
of the sample period (peaksample = 1.00 ± 0.00, peaktest2 = 0.53 ± 0.13, 
peaktest3 = 0.50 ± 0.12, permutation test, Sample/Test1: p < 0.001, 
Sample/Test2: p < 0.001, n = 34). These results support the initial 
5nding that PFC neurons maintain their tuning across multiple match 
presentations, whereas the numerosity tuning of VIP neurons degrades.

Next, we extended the index calculations introduced during the 
Test1 period (Fig. 3E,J) to the Test2 and Test3 periods (Fig. 9). Besides 
comparing the neuronal response between the match and nonmatch of 
the Test1 period, we investigated also how the indices are distributed 
when using the neuronal response during the other match periods 
(match Test2 vs. nonmatch Test1; match Test3 vs. nonmatch Test1).

In PFC, we found that real indices to all Test periods (median Test1: 

0.26; Test2: 0.37; Test3: 0.30) were signi5cantly higher compared to the 
shufIed chance values (0.17, 0.17, 0.18, respectively) (match Test1 vs. 
nonmatch Test1: Z = 0.9567, p = 0.0209; match Test2 vs. nonmatch 
Test1: Z = 3.6973, p < 0.001; match Test3 vs. nonmatch Test1: 
Z = 2.6333, p = 0.0085; Wilcoxon signed rank test, n = 68) (Fig. 9A,C, 
E).

In VIP, this was not the case. The real indices to all Test periods 
(median Test1: 0.18; Test2: 0.14; Test3: 0.18) were not signi5cantly 
higher compared to the shufIed chance values (0.15, 0.14, 0.15, 
respectively) (match Test1 vs. nonmatch Test1: Z = 0.9935, p = 0.3387; 
match Test2 vs. nonmatch Test1: Z = 0.5213, p = 0.6022; match Test3 
vs. nonmatch Test1: Z = 1.5087, p = 0.1314; Wilcoxon signed rank test, 
n = 34) (Fig. 9B,D,F).

Furthermore, the indices were signi5cantly higher in PFC compared 
to VIP for the 5rst two Test periods (match Test1 vs. nonmatch Test1: 

Fig. 8. Time course of tuning in numerosity-selective neurons across the sample and the three successive Test periods. (A) Normalized and averaged numerosity 
tuning curves of all numerosity-selective neurons in PFC (N = 68) during the sample, Test1, Test2, and Test3 phases mapped as a 3D-surface plot. Prior to averaging, 
neuronal activity for each neuron was aligned to the preferred numerosity at center value 0 and plotted as a function of numerical distance. Tuning remained stable 
across Test periods. Error bars indicate SEM across neurons. n.s. not signi5cant. (B) Normalized and averaged numerosity tuning curves of all numerosity-selective 
neurons in VIP (N = 34) during the sample, Test1, Test2, and Test3 phases mapped as a 3D-surface plot. Same layout as in (A). Tuning deteriorated across Test 
periods. Error bars indicate SEM across neurons. ***p < 0.001; n.s. not signi5cant.

Fig. 9. Indices quantifying the differences between responses to Test1–3 match and Test1 nonmatch numerosities. (A,C,E) Distribution of indices showing the 
strength of the match-nonmatch effects across the three Test periods relative to the nonmatch responses in the Test1 period in PFC (N = 68). The distribution of 
indices is shown for the Test1 (A, same as in Fig. 3E), Test2 (c), and Test3 periods (E). The median of the real data indicated by the colored vertical line in each Test 
period was tested against a shufIed distribution indicated by a black line. ***p < 0.001; **p < 0.01; *p < 0.05; n.s. not signi5cant. (B,D,F) Distribution of indices 
showing the strength of the match-nonmatch effects across the three Test periods relative to the nonmatch responses in the Test1 period in VIP (N = 34). The 
distribution of indices is shown for the Test1 (B, same as in Fig. 3J), Test2 (D), and Test3 periods (F). Same layout as in (A,C,E).
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Z = 1.6824, p = 0.0462; match Test2 vs. nonmatch Test1: Z = 2.7652, 
p = 0.0028), and tended to be larger in the last Test period (match Test3 
vs. nonmatch Test1: Z = 1.5335, p = 0.0626; Wilcoxon rank sum test). 
Thus, in PFC, higher tuning indices indicated more pronounced differ
ences between match and nonmatch across all three test periods, an 
effect that was absent in VIP.

We compared the tuning properties in more detail by cross- 
correlating the entire tuning curves of the sample period (as a refer
ence) with those of the subsequent test periods to derive the cross- 
correlation coef5cients (CCTuning) (Diester and Nieder, 2007, see Mate
rial and Methods). The higher the coef5cients, the more similar are the 
tuning functions in sample and in the respective test phases, i.e. a 
CCTuning of 1 would indicate identical tuning pro5les, whereas a CCTuning 
of −1 would signify tuning functions exactly inverted relative to each 
other. As ground truth, we also determined the CCTuning for the sample 
itself by comparing the tuning functions derived from odd trial numbers 
with that derived from even trial numbers.

Example data can be seen for individual neurons in Fig. 7; here, the 
example PFC neuron shows a stable tuning across the test phases 
(Fig. 7A-D). The tuning functions are highly similar (i.e., overlapping), 
resulting in a high CCTuning near 1. In contrast, the example VIP neuron 
shows deteriorated tuning with increasing test phase repetitions, 
resulting in close-to-zero CCTuning (Fig. 7E-H).

In PFC, the CCTuning of all numerosity-selective neurons in all three 
test periods were signi5cantly higher than zero (mediantest1 = 0.7091, 
mediantest2 = 0.5518, mediantest3 = 0.5285; bootstrapping the medians, 
95th con5dence intervals Test1 [0.38, 0.82], Test2 [0.27, 0.70], Test3 
[0.30, 0.74]) (Fig. 10B-D). This again suggests that the initial sample 
tuning remains stable over the three test phases.

In VIP, in contrast, the CCTuning in numerosity-selective VIP neurons 
showed overall smaller coef5cient values in the test periods (mediantest1 
= 0.5602, mediantest2 = 0.2846, mediantest3 = 0.3310, Fig. 10F-H). The 
median CCTuning for the Test1 and Test2 periods were still signi5cantly 
higher than zero (bootstrapping the medians, 95th con5dence intervals 
Test1 [0.13, 0.74], Test2 [0.01, 0.67]), whereas the median for the Test3 
period were not signi5cantly different from zero (Fig. 10H; 95th con5
dence intervals Test3 [-0.09, 0.67]). Thus, the neurons entire tuning 
functions were more robustly encoded across the test periods in PFC 

neurons than in VIP neurons.

2.7. Population decoding of matching numerosity across time and test 
periods

Finally, we applied a population decoding analysis as previously 
used for the match-nonmatch comparison using a support vector ma
chine (SVM) classi5er. We trained the classi5er on the 5ring rates of 
(area-balanced) numerosity-selective neurons during the sample period 
and tested the trained classi5er during the Test1–3 periods again only 
for match conditions. Fig. 11 shows the decoding accuracy for the 
sample period and the three test periods for both brain areas. As ex
pected, accuracy dropped in both brain areas for the subsequent test 
periods, but interesting differences between PFC and VIP emerged.

In PFC, average decoding accuracy dropped from 60 % (± 0.66) 
during sample presentation to 42 % (± 0.81), 43 % (± 0.70), and 40 % 
(± 0.73) during Test1, Test2, and Test3, respectively (Fig. 11A). In all 
cases, the classi5er performances were signi5cantly higher than chance 
level (larger than the 95th percentile of the shufIed distribution 
[33.33 %, 31.94 %, 33.33 %]) and stable across the test periods. The 
decoding accuracies in PFC between the Test1 and Test2, as well as 
between Test1 and Test3 were not signi5cantly different (permutation 
test, Test1/Test2: p = 1, Test1/Test3: p = 0.396, with alpha correction), 
whereas the decoding success for Test2 period was slightly better than 
Test3 (permutation test, p = 0.01, with alpha correction).

In VIP, average decoding accuracy decreased from 53 % (± 0.66) 
during sample presentation to 37 % (± 0.70), 37 % (± 0.71) and 32 % 
(± 0.64) during Test1, Test2, and Test3, respectively (Fig. 11A). While 
accuracy was still above chance during Test1 and Test2 (larger than the 
95th percentile of the shufIed distribution [31.94 %, 33.33 %]), accu
racy dropped to chance level for Test3 (smaller than the 95th percentile 
of the shufIed distribution [34.03 %]). Decoding performance in VIP for 
Test1 and Test2 were comparable (permutation test, p = 1, with alpha 
correction) but relative to those dropped for the Test3 period (permu
tation test, Test1/Test3: p < 0.001, Test2/Test3: p < 0.001, with alpha 
correction).

When comparing PFC and VIP, we found that decoding accuracy in 
PFC was signi5cantly higher in all three test periods (permutation test, 

Fig. 10. Comparison of numerosity tuning based on tuning curve cross-correlations. (A-D) Probability density functions of cross-correlation coef5cients (CCTuning) 
calculated for comparisons of tuning curves of numerosity selective PFC neurons (N = 68) during the sample (cross validation of odd versus even trials) (A), match 
Test1 (sample versus match Test1) (B), match Test2 (sample versus match Test2) (C), and match Test3 period (sample versus match Test3) (D). Note different y-axes 
for sample and test period. The medians (indicated by the vertical lines) were tested against zero (no tuning). ***p < 0.001; *p < 0.05; n.s. not signi5cant. (E-H) 
Probability density functions of cross-correlation coef5cients (CCTuning) calculated for numerosity selective VIP neurons (N = 34) across Test periods. Same layout as 
in (A-D).
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for all test periods: p < 0.001, with alpha correction).
Finally, we derived tuning curves from the classi5er performance, 

plotted them as a function of numerical distance aligned to the preferred 
numerosity, 5tted Gauss functions to the tuning curves, and compared 
the sigma-values as a measure of tuning width (Fig. 11B,C). During the 
sample, Test1 and Test2 period, VIP showed signi5cantly wider tuning 
functions compared to PFC (median sample PFC: σ = 1.01, median 
sample VIP: σ = 1.27, Wilcoxon rank sum test, Z = -6.8171, p < 0.001; 
median Test1 PFC: σ = 1.86, median Test1 VIP: σ = 2.50, Wilcoxon rank 
sum test, Z = -5.5893, p < 0.001; median Test2 PFC: σ = 1.96, median 
Test2 VIP: σ = 2.26, Wilcoxon rank sum test, Z = -2.6987, p = 0.007), 
with a tendency for sharper PFC tuning in the Test3 period (median 
Test3 PFC: σ = 2.34, median Test3 VIP: σ = 2.58, Wilcoxon rank sum 
test, Z = -1.7702, p = 0.0767)

3. Discussion

Previous studies have identi5ed neural signatures for purely sensory 
recognition memory in a variety of high-level cortical areas in primates, 
such as the inferior temporal cortex (Baylis and Rolls, 1987; Riches et al., 
1991; Eskandar et al., 1992; Miller et al., 1991, 1993; Li et al., 1993; 
Miller and Desimone, 1993, 1994; Vogels et al., 1995; Anderson et al., 
2008; Woloszyn and Sheinberg; 2012; Meyer and Rust, 2018), the 
medial temporal lobe areas (Riches et al., 1991; Fahy et al., 1993), the 
posterior parietal cortex (Constantinidis and Steinmetz, 2001; Rawley 
and Constantinidis, 2010), and the lateral prefrontal cortex (Miller et al., 
1996; Rainer and Miller, 2000; Freedman et al., 2003; Ng et al., 2014; 
Parto Dezfouli et al., 2021). In these regions, many neurons respond 
differently to test stimuli based on whether they match the sample; in 
other words, whether the monkey is memorizing the sample and 
attentively looking for it across time.

In the current study, we compared and contrasted the neuronal 
mechanisms of recognition memory involved in match versus nonmatch 
computation of abstract numerical quantities in monkeys. To perform 
the delayed match-to-numerosity task with variable frequencies of non- 
matching numerosities, the monkey had to retain a memory of the 
sample quantity and determine whether one of a variable number of test 
stimuli matches it. Within an ecological context, animals bene5t from 
such a search image for numerosities, allowing them to identify cued 
numerical quantities — such as food, friends, or foes (Ishii and Shimada, 
2010) — within a stream of numerical values (Nieder, 2020). Using 
analyses of single-neuron tuning and population decoding approaches, 

we identi5ed aspects of recognition memory for quantities in the lateral 
PFC and the VIP within the intraparietal sulcus. The observed PFC ef
fects are unlikely to be related to long-term memory, as the monkeys 
evaluated different numerosities on a trial-by-trial basis in the current 
DMS task. Instead, the sustained numerosity-selective activity in PFC 
likely reIects its role in working memory, consistent with evidence that 
PFC neurons maintain information over short delays to guide behavior 
in tasks requiring temporary numerical storage and manipulation. 
Below, we discuss the prominent differences between these two brain 
areas, which are known to form the primate core number network 
(Nieder and Miller, 2004; Nieder and Dehaene, 2009; Nieder, 2016).

In the PFC, we observed only mild modi5cation of neuronal activity 
when the same preferred numerosity was repeated. Speci5cally, there 
was no degradation in tuning selectivity when the same sample 
numerosity was presented again as a matching Test stimulus. This in
dicates that PFC neurons maintained their numerosity selectivity be
tween these trial phases. This held true even when the presentation of 
the target numerosity was interrupted and delayed by one or more non- 
matching numerosities. However, decoding accuracy for the population 
of selective PFC neurons dropped during the subsequent matching Test 
period, indicating some loss of selectivity with time. However, despite 
this initial drop, accuracy remained signi5cantly and constantly above 
chance even when the target numerosity presentation was interrupted 
and postponed by non-matching numerosities. The observed reduction 
in neuronal activity when the sample stimulus is immediately repeated 
as the matching test stimulus is consistent with the phenomenon known 
as repetition suppression, which has been well documented for visual 
stimuli (Miller et al., 1991, 1993; Miller and Desimone, 1994; Steinmetz 
and Constantinidis, 1995; Constantinidis and Steinmetz, 2001). Our 
5ndings demonstrate that this effect also applies to abstract quantitative 
categories, such as the number of dots in a set.

Unlike the stable tuning to sought-after target numerosities, the 
tuning selectivity of PFC neurons speci5cally decreased when the same 
numerosities were presented as non-matches during the test periods. 
This decline was evident in both tuning selectivity and population 
decoding accuracy. The decoding analysis shows that only PFC neurons 
discriminate match from nonmatch numerosities, highlighting the PFC’s 
sensitivity to behavioral relevance (Viswanathan and Nieder, 2015) and 
its role in distinguishing task-relevant quantities. When numerosities are 
being searched for as matches, PFC neurons respond with high selec
tivity and are 5nely tuned to them. However, tuning and decoding ac
curacy signi5cantly decay when the same numerosities are not the ones 

Fig. 11. Decoding numerosity with a SVM classi5er from numerosity-selective neurons across match Test1 to Test3 periods. (A) Mean decoding accuracy for sample 
phase, and match Test1 to Test3 phases. The classi5er was trained on sample activity and then tested on sample activity (odd versus event trials cross validation), and 
match activity in Test1, Test2 and Test3 phases. PFC and VIP cell counts were balanced by creating two pseudo populations of equal neuron numbers. In PFC, 
decoding accuracy remains stable and signi5cantly better than in VIP throughout the Test periods. In VIP, numerosity decoding was no longer signi5cant in the Test3 
period. Layout as in Fig. 5A. (B) Normalized and averaged numerosity tuning curves derived from classi5er performance on PFC neurons (N = 34) during the sample 
and match conditions of Test1, Test2, and Test3 phases. Classi5cation probability for each resample is aligned to the preferred numerosity at center value 0 and 
plotted as a function of numerical distance. Error bars show the SEM across 100 resamples. Layout as in Fig. 5B. (C) Tuning functions from classi5er performance on 
VIP neurons. Layout as in Fig. 5C.

T. Machts et al.                                                                                                                                                                                                                                 Progress in Neurobiology 251 (2025) 102794 

12 



memorized and attended to by the monkey.
In contrast to PFC neurons, VIP neurons displayed three notable 

distinctions when monkeys were seeking a matching stimulus within a 
sequence of numerosities. First, VIP neurons exhibited an overall 
diminished responsiveness to numerosities across all trial periods, 
evident from the lower accuracy in population decoding analysis.

Second, the tuning selectivity of VIP neurons notably waned with 
repetitions of numerosities, irrespective of whether they were presented 
as matching or non-matching test stimuli. This indicates a lack of dis
tinctions between match and non-match numerosities in VIP neurons. 
Consequently, the robust match-versus-nonmatch effect observed in 
PFC, as indicated by the match-versus-nonmatch index, was notably 
absent in VIP. VIP neurons seem to possess limited capabilities in 
discerning sought-after versus irrelevant numerosities.

Third, we observed differences in the mechanisms of how PFC and 
VIP neurons responded to repeated numerosities. In our study with 
numerical categories, signi5cant match enhancement effects were found 
only in the PFC. Match enhancement is the effect of increased neuronal 
activity when a stimulus matches a previously encountered stimulus that 
has been stored in memory, an active mechanism that engages in favor 
of sought-after stimuli, ensuring that repetitive, irrelevant non-match 
stimuli are ignored (Engel and Wang, 2011). The presence of match 
enhancement effects exclusively in the PFC, alongside match suppres
sion effects in both the VIP and PFC, supports the notion that the PFC 
plays a specialized role in enhancing the recognition of familiar 
numerosities. Match enhancement has been individually observed in the 
prefrontal (Miller et al., 1996; Freedman et al., 2003; Qi et al., 2012; 
Parto Dezfouli et al., 2021), temporal (Miller and Desimone, 1994), and 
parietal (Rawley and Constantinidis, 2010) cortices. Conversely, sig
ni5cant match suppression effects occurred in both the PFC and VIP, 
with similar magnitudes in these two brain areas. This reduction may 
help select PFC and VIP neurons 5lter out familiar numerosities, 
allowing them to focus on novel stimuli. Together, match enhancement 
and match suppression create a balance that enables PFC neurons, in 
particular, to ef5ciently process, store, and respond to numerical 
quantity by enhancing recognition of familiar numerosities while sup
pressing redundancy.

Overall, VIP activity lacks the capacity to discern and encode sought- 
after versus irrelevant numerosities and appears unable to track the 
numerosity the monkey is searching for. In contrast, PFC signals 
distinguish target versus irrelevant numerosities, serving as a signature 
for recognition memory. The observed stability of the tuning of PFC 
neurons during match conditions, in contrast to the overall less stable 
tuning of VIP neurons, highlights the specialized role of the PFC in 
maintaining precise numerical representations. The observed neuronal 
response latencies between these regions (see also Viswanathan and 
Nieder, 2013, 2015), and corroborating previous 5ndings on earlier 
numerosity selectivity in VIP (Nieder and Miller, 2004) suggests that the 
VIP functions upstream of the PFC. This temporal sequencing un
derscores the hierarchical processing dynamics where VIP inputs pre
cede and likely inIuence the activity within the PFC, thereby suggesting 
a feedforward mechanism in the neural circuitry. This aligns with 
established neuroanatomical pathways and functional connectivity 
patterns (Chafee and Goldman-Rakic, 2000; Crowe et al., 2013), rein
forcing the role of VIP in preliminary numerical integration before the 
executive processing in the PFC. Overall, the data suggest that VIP 
neurons handle the initial encoding of numerosity in early cortical 
processing, routing numerical information to PFC neurons, which 
maintain the target number across temporal delays for recognition in 
delayed searches.

Conversely, the PFC is more involved in executive functioning with 
categories (Roy et al., 2010; Antzoulatos and Miller, 2011). This is also 
evident in the current study on number categories, in which monkeys 
had to indicate whether two sequentially presented numerosities were 
the same or different, and numerosity tuning for targets was stable 
across time whereas it deteriorated for non-matches. This correlates 

with a previous 5nding in a decision task in which PFC neurons initially 
represented numerical values with high precision before the neuronal 
codes became transformed during the course of the abstract decision 
process (Viswanathan et al., 2024). Together, these observations suggest 
that the PFC may function as a search image for numbers, enabling 
primates to swiftly and accurately identify speci5c numerical quantities 
within a sequence of numbers (Ishii and Shimada, 2010).

The neuronal patterns observed in the current study in PFC and VIP 
contrast with those from a previous numerosity distractor task (Jacob 
and Nieder, 2014; Jacob et al., 2018). In the classic distractor task, an 
irrelevant stimulus is passively viewed at a prede5ned trial period. 
However, in the current study, monkeys were presented with a variable 
count of sequential test displays, requiring active evaluation of each 
numerosity presentation to determine if it matched the number of dots. 
The absence of distractors in our study is a strength, as it isolates the core 
processes involved without the additional complexity of 
attention-related factors. This difference in task design may explain why 
PFC neuron tuning was affected by a passively viewed distractor (Jacob 
and Nieder, 2014; Jacob et al., 2016; Lin et al., 2023), whereas it 
remained stable in the current study where numerosity presentations 
were unpredictable. Conversely, VIP neuron tuning was unaffected by a 
passive distractor (Jacob and Nieder, 2014), but in the current task, VIP 
neurons appear unable to track the numerosity that the monkey is 
actively searching for. This suggests the sequential search task engages 
different cognitive processes and memory systems, emphasizing 
continuous comparison and evaluation of each display rather than 
suppressing an interfering stimulus.

The fronto-parietal network plays a crucial role in recognizing 
auditory numerical information. Both macaques and humans represent 
the number of tones in intraparietal and dorsal premotor areas, while 
tone repetition patterns are processed in ventral prefrontal cortex and 
basal ganglia (Wang et al., 2015). Macaques can detect 5rst-order 
sequence violations in auditory cortex and second-order violations in a 
frontoparietal network, indicating a hierarchical predictive coding sys
tem similar to humans (Uhrig et al., 2014). These neural mechanisms are 
essential for recognition memory, enabling the encoding, maintenance, 
and retrieval of auditory information. The intraparietal and dorsal pre
motor areas contribute to the initial representation and maintenance of 
numerical and auditory information, while the ventral prefrontal cortex 
and basal ganglia are involved in processing and updating tone repeti
tion patterns. The ability to detect sequence violations reIects the 
brain’s capacity to predict and recognize auditory patterns, supporting 
the function of the recognition memory system.

Our study con5rms that the IPS, particularly areas like LIP and MIP, 
play key roles in perceptual decision-making. In studies by Freedman 
and co-workers with monkeys performing a delayed match-to-category 
task involving visual motion direction, LIP neurons encoded category 
information with greater strength and faster latency than PFC neurons 
(Freedman and Assad, 2006; Swaminathan et al., 2012). While PFC 
primarily guided match/non-match decisions, LIP and MIP were more 
involved in stimulus evaluation and motor planning (Zhou et al., 2021). 
Pharmacological inactivation studies con5rmed LIP’s causal, 
task-independent role in memory-based visual categorical decisions, 
regardless of task structure or response modality (Zhou et al., 2023).

While these studies con5rm the involvement of IPS regions in cate
gorization and decision-making, they have not tested explicit recogni
tion memory with multiple sequential choices, as examined in the 
current study. Additionally, the role of VIP, a key focus of the current 
work, has not been explored in motion direction categorization. Another 
crucial difference lies in the stimuli: Freedman and colleagues used 
arbitrary, learned motion direction categories, while we employed 
empirically ordered categories—the number of items in a set—aligned 
along a "number line." Despite these differences, both approaches 
highlight the importance of the IPS within the fronto-parietal categori
zation network.

Research on neuronal responses in the monkey ventral intraparietal 
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area (VIP) suggests a complex relationship with motor behavior. VIP 
neurons show sensitivity to visual motion and heading direction, with 
responses modulated by attention and eye movements (Cook and 
Maunsell, 2002; Zhang and Britten, 2010, 2011). These 5ndings 
collectively suggest that VIP neuronal responses are inIuenced by motor 
behavior and task context.

The macaque ventral intraparietal area (VIP) is involved in various 
sensorimotor and cognitive functions, including motion processing, 
multisensory integration, head peripersonal space processing, defensive 
behavior, and numerosity coding (Foster et al., 2022). In humans, VIP 
has evolved into a "VIP complex" comprising three distinct parietal areas 
with specialized functions related to self-representation and spatial 
processing. A proposed unifying functional principle is "prediction in 
space and time," linking VIP to state estimation, potentially including 
numerical recognition memory, as a key parietal sensorimotor function 
(Foster et al., 2022).

In our proposed hierarchical model, VIP neurons are responsible for 
the initial encoding of numerosity, while PFC neurons maintain target 
numbers across temporal delays for recognition. To further enrich this 
framework, we propose incorporating the hippocampus and MTL 
structures as critical components in binding numerical information with 
contextual details, thereby facilitating the formation and retrieval of 
robust numerical memories. The hippocampus supports recognition 
memory by retrieving studied details, while the MTL cortex provides 
familiarity signals (Norman and O’Reilly, 2003). Both the MTL and PFC 
are crucial for visual short-term memory of numerical information 
(Kutter et al., 2018), with their interactions underlying working memory 
mechanisms (Wu and Buckley, 2022), including arithmetic memory 
(Menon, 2016). This integration is consistent with established neuro
anatomical pathways and functional connectivity patterns, under
scoring the collaborative roles of these regions in numerosity processing 
and recognition memory.

Besides the fronto-parietal number network, medial temporal lobe 
(MTL) areas, including the hippocampus, are known to support sensory 
recognition memory (Riches et al., 1991; Fahy et al., 1993; Brown and 
Aggleton, 2001). In humans, MTL neurons also encode numerical values 
(Kutter et al., 2018, 2023, 2024) and working memory-related arith
metic rules (Kutter et al., 2022). Although traditionally linked to 
long-term memory, hippocampal neurons can show sustained, 
feature-selective delay activity predicting successful working memory 
retrieval (Kornblith et al., 2017; Kamiński et al., 2017). While not 
directly assessed here, the hippocampus and MTL likely contribute to a 
broader network, working alongside the PFC and VIP to support nu
merical cognition and recognition memory.

While numerous computational models of recognition memory have 
been proposed (Sohal and Hasselmo, 2000; Norman and O’Reilly, 2003; 
Bogacz and Brown, 2003; Cortes et al., 2010; Tyulmankov et al., 2022), 
most of these models treat familiarity discrimination as a binary prob
lem for unrelated stimuli — determining whether an arbitrary stimulus 
is novel or familiar. However, the situation is more complex for nu
merical quantities, which are represented in an orderly fashion on a 
mental number line. The bell-shaped tuning of numerosity-selective 
neurons and the resulting neuronal distance effect reIect the inherent 
relatedness between numerical values that are part of recognition 
memory for quantities. Neuronal network models have successfully 
simulated the emergence of numerosity tuning (Dehaene and Changeux, 
1993; Verguts and Fias, 2004; Nasr et al., 2019; Nasr and Nieder, 2021; 
Mistry et al., 2023) and the counting of stimulus occurrence frequencies 
(Dasgupta et al., 2022). However, the neural circuit responsible for 
storing numerosity recognition memory has yet to be modeled.

The current physiological data are essential for advancing models of 
the numerosity system, as they help us move beyond the mere extraction 
of numerical quantity to understanding how the brain uses numerical 
information for goal-directed tasks, such as recognizing target numbers 
after a delay. Future studies could explore how task dif5culty and 
training inIuence the neural correlates of numerosity recognition 

memory. Additionally, investigating the role of other brain areas, like 
the MTL regions or anterior inferotemporal cortex, would be a valuable 
direction for further research.

4. Methods

4.1. Experimental animals and surgery

Two male adult rhesus monkeys (Macaca mulatta) were implanted 
with two recording chambers each, centered over the principal sulcus in 
the dorsolateral prefrontal cortex (PFC) and the intraparietal sulcus 
(IPS) in the posterior parietal cortex (monkey 1 and monkey 2, both left 
hemisphere). Chamber implantation was guided by anatomical mag
netic resonance imaging (MRI) and stereotaxic measurements. All sur
geries were performed under sterile conditions while the monkeys were 
under general anesthesia. The monkeys received postoperative antibi
otics and analgesics. All procedures were performed in accordance with 
the guidelines for animal experimentation approved by local authorities, 
the Regierungspräsidium Tübingen, Germany.

4.2. Experimental apparatus and stimuli

Monkeys were seated inside primate chairs in a chamber 57 cm away 
from a 15" Iat screen monitor (with a resolution of 1024 by 768 pixels 
and a refresh rate of 60 Hz). The NIMH Cortex software (Bethesda, MD) 
was used to present the stimuli and behavioral data acquisition. The 
monkeys’ eye gaze was tracked by an infrared eye tracking system 
(ISCAN, Cambridge, MA).

We used random dot arrays as numerosity stimuli ranging between 1 
and 5 dots (diameter range from 0.5 ◦ to 0.9 ◦ of visual angle). Each 
unique dot pattern was presented on a gray background circle sub
tending 5.4 ◦ of visual angle and was used as sample and test stimulus. A 
custom-written MATLAB (Version R2020b, MathWorks Inc., Natick, 
MA) program generated the stimuli anew before each recording session 
to prevent the monkeys from memorizing stimulus sequences. Sample 
and test stimulus of the same countable numerosity were never identical 
within a trial and session. In order to control for low-level, non-nu
merical visual features in half of the trials, dot diameters were selected 
randomly (standard protocol). In the other half of the trials, dot density 
and total occupied area were equated across stimuli (control protocol). 
Trials of the standard and control protocol were pseudo-randomly and 
unpredictably presented.

4.3. Behavioral protocol

We trained two macaque monkeys on a modi5ed version of the 
delayed match-to-numerosity task in which the monkeys had to match 
test numerosities to sample numerosities (Fig. 1A). Nonmatching 
numerosities that were presented between sample and matching test 
stimulus had to be ignored. Up to three sequential numerical non
matches were presented, i.e. the task consisted of up to three test phases 
and in each test phase the right or wrong numerosity could occur. A trial 
was initiated by the monkeys when they grabbed a bar and maintained 
eye 5xation within a window of 3.5◦ of visual angle, centered around a 
central 5xation point, i.e., ±1.75◦ from the center. Trials were imme
diately aborted (blue screen appears) and excluded from further analysis 
if the animals broke 5xation. At 5rst, a gray circular background was 
shown for 500 ms (pure 5xation period). Subsequently, the sample 
stimulus containing 1–4 dots appeared for 600 ms. This sample stimulus 
had to be memorized over a delay of 1000 ms (again gray background 
circle) and had to compared in a following sequence of test numerosities. 
Each test stimulus was presented for 800 ms with a 100 ms delay be
tween each other. Since single trials with three test displays lasted nearly 
5 s, during which the monkeys were required to maintain eye 5xation, 
extending the delay intervals would have further prolonged the trials 
and led to a signi5cant increase in 5xation breaks, making it impractical 
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to incorporate longer delays.
For the case that the numerosity in test stimulus was same as in the 

sample (match situation, 1 – 4), the monkeys had to respond with a bar 
release. If the numerosities were different (nonmatch situation, 1 – 5), 
the animals continued to hold the bar. A nonmatch numerosity was 
never shown twice per trial. Sample numerosities and trial types (i.e. if 
no nonmatch, one nonmatch, two nonmatch or three nonmatch 
numerosities were presented) were balanced across conditions and 
displayed with equal probability (25 % each, pseudo-randomly inter
mixed). Thus, the monkeys could not predict when or whether the match 
stimulus would appear. Correct decision per trial was rewarded with a 
drop of water. In 25 % of the trials, when presenting three nonmatch 
numerosities in sequence, the monkeys were rewarded when holding the 
bar throughout the whole trial until display-offset. Chance level of 25 % 
was achieved by averaging the probabilities for each trial type (for de
tails see Figure S1). Since the number of trials a monkey can perform 
during an experimental session is limited (on average monkey 1 
completed 483 trials and monkey 2 534 trials), not all possible combi
nations of sample (1 – 4) and test numerosities (1 – 5) could be pre
sented. Therefore, a prede5ned collection of 64 unique sample-test- 
combinations was shown.

4.4. Neurophysiological recordings

In each session, arrays of up to eight glass-coated 1 MΩ tungsten 
microelectrodes (Alpha Omega LTD, Israel) were inserted in each 
recording chamber using custom-made screw microdrives and a grid 
(Crist Instruments, USA) with 1 mm spacing. Stable and well isolated 
neurons were randomly selected; no attempt was made to preselect 
neurons according to response properties. To access the IPS, electrodes 
were passed along the course of it to a depth of 9–10 mm (Fig. 2A). A 
MAP Plexon system was used for signal acquisition, ampli5cation, 
5ltering and digitalization. Waveform separation was performed ofIine 
(Plexon Systems, USA).

4.5. Data analysis

All analyses were conducted in MATLAB (version R2021a, Math
Works Inc.) using custom-written scripts. All values in the main text and 
5gures refer to the mean ± standard error of the mean (SEM), unless 
stated otherwise. SEM was calculated as the standard deviation divided 
by the square root of the number of samples.

Unless speci5ed otherwise, neurons were included in the below listed 
analyses if the following criteria were met: First, their average 5ring rate 
across trials was at least 0.5 spikes/s; second, they were recorded for at 
least 18 correct trials per numerosity during the sample period (4 sample 
numerosities); and third, they were recorded for at least 3 correct trials 
per numerosity in each of the three test periods where a match numer
osity occurred (match Test1 to Test3), as well as in the 5rst test period 
when a nonmatch numerosity was presented (nonmatch Test1). To have 
the same numerical range between match and nonmatch situation (1 – 4 
match vs. 1 – 4 nonmatch), we excluded all trials that contained non
match numerosity 5 in Test1 period. A total of 369 neurons in PFC and 
254 neurons in VIP ful5lled these criteria.

4.6. Behavioral data analysis

For each recording sessions behavioral tuning functions were 
computed to describe the percentage of trials for which a test stimulus 
was judged as being equal in number to the sample. Mean tuning 
functions were computed as the average over all individual functions per 
session. Furthermore, the averaged performance for the four trial types 
(i.e. no nonmatch, one nonmatch, two nonmatch or three nonmatch test 
stimuli) according to the four sample numerosities was calculated to see 
an inIuence on the behavior. For each correct trial, in which the monkey 
had to release the bar (75 % of the trials), the reaction time was 

measured after match stimulus onset.

4.7. Visual response latency analysis

The visual response latency analysis was accomplished for all neu
rons with an average 5ring rate of at least 0.5 spike/s across trials and at 
least 5 correct trials per sample numerosity and stimulus protocol (4 
sample numerosities x 2 stimulus protocols). For each cell the 5ring rate 
was averaged over all correct trials in 20 ms windows in 1 ms steps. 
Mean and standard deviation (SD) of baseline activity was measured for 
the last 200 ms of the presample period plus the 5rst 40 ms of the sample 
period. The latency analysis was restricted to 40 ms till 300 ms after 
sample onset and was de5ned as the 5rst time bin within this window in 
which the activity was higher or lower than 2 SDs compared to the 
baseline activity for more than 20 consecutive windows. Latencies 
estimated by visual inspection coincided with latencies determined in 
this way in most of the cases. We compared the latency distributions 
between VIP and PFC with a Wilcoxon rank sum test (two-sided). 
Furthermore, we calculated the 25th percentile of the respective latency 
distribution to take this value as the ‘main’ latency for all subsequent 
analyses. VIP neurons were analyzed from now on with a latency of 
86 ms and PFC neurons with a latency of 100 ms after sample or test 
onset.

4.8. Neuronal selectivity and tuning analysis

Neuronal activity was analyzed separately for the sample period, for 
the 5rst test period in which a nonmatch was presented and the three 
subsequent test periods showing the match situation. Since the monkeys 
were required to respond with a bar release when they detected a match 
numerosity, we only used correct trials in which the animals responded 
after 400 ms to ensure that the endpoint of the analysis window was not 
contaminated by motor activity. This was the case for 84.4 % of all 
possible match trials in monkey 1 and for 89.1 % in monkey 2. Trials 
with a shorter reaction time were excluded from further analysis. In the 
nonmatch situation such limitation was not necessary, since the mon
keys had to withhold the bar throughout the nonmatch presentation. 
Thus, the time window for all analyses started with the ‘main’ latency of 
the respective brain area (see above) and ended 400 ms after sample or 
test onset.

To determine numerosity-selectivity during the sample period, a 
two-factorial analysis of variance (ANOVA) was performed with the 
factors numerosity (sample numerosity 1 – 4) and protocol (standard 
and control). Neurons with a signi5cant main effect for the factor 
numerosity (p < 0.01), but no main effect for the factor protocol or 
interaction, were classi5ed as exclusively numerosity-selective. This 
strict signi5cance threshold of p < 0.01 was applied only for assessing 
5ring rate differences using the ANOVA to avoid false positive numer
osity selective neurons; for all other statistics, the conventional signi5
cance threshold of p < 0.05 was used. For numerosity-selective neurons, 
we created neuronal tuning functions for the sample, nonmatch Test1 
period and match Test1 to Test3 period within the above described time 
window by averaging the 5ring rates across trials. The numerosity 
eliciting the highest discharge rate was de5ned as “most-preferred 
numerosity” of a given cell, whereas the numerosity provoking the 
lowest 5ring rate was referred as “least-preferred numerosity”. Using 
this approach, we were also able to compute average and normalized 
neuronal tuning functions by averaging and normalizing (between 0 % 
and 100 %) all individual tuning functions with the same preferred 
sample numerosity.

4.9. Population-tuning analysis

To derive averaged numerosity-5lter functions for the sample, for the 
nonmatch Test1 period and for the match Test1 to Test3 period, the 
individual tuning functions of each neuron were normalized by the ac
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tivity between its most-preferred and least-preferred numerosity deter
mined during the sample period. Thus, the activity at the preferred 
numerosity for the sample period is set to 1. Furthermore, this maximum 
activity was used as the reference to compute the averaged numerosity- 
5lter functions for the other test periods. In other words, the initially 
de5ned most-preferred numerosity remains the same across all test pe
riods, even though the preferred numerosity may not necessarily 
correspond to the maximum activity response. We pooled the resulting 
normalized tuning curves across such neurons which were de5ned in the 
sample period as exclusively numerosity-selective by a two-way ANOVA 
(p < 0.01). The time windows to determine the neuronal tuning func
tions had equal length in sample and the respective test period (‘main’ 

visual response latency till 400 ms after sample or test onset). We 
compared the peak values of each averaged numerosity-5lter function 
by using a permutation test (normalized 5ring rates, 10.000 permuta
tions with replacement). Furthermore, we quanti5ed tuning changes by 
5tting each normalized individual tuning function by a symmetric 
Gaussian distribution, described by the following formula: 

f(x) = amp ∗ e−
(

x−xc
σ

)2

+ y0 
To acquire the best 5t to the data, σ (standard deviation of the 

Gaussian distribution), and amp (amplitude) were adjustable during the 
5tting procedure. The peak function’s yaxis offset y0 was set to zero, 
and the center of the 5tted distributions xc was 5xed at the preferred 
numerosity that was determined during the sample period. The sample 
period served as the reference for determining each neuron’s preferred 
numerosity, as there were no task demands during this time to inIuence 
tuning. Tuning curves from subsequent periods are aligned to this 
reference, and any deviation from the preferred numerosity in later test 
periods indicates distorted tuning. We used a Wilcoxon signed rank test 
(with Bonferroni correction, two-sided) to compare the Gaussian widths 
(σ) determined for the match and nonmatch situation, as well as for the 
match situations among themselves.

4.10. Index for tuning strength variations

To quantify tuning strength variations between the match and non
match test situation, we calculated for each cell an index for the most 
preferred numerosity determined during the sample period. The index 
can be calculated by subtracting the mean neuronal response to the 
match presentation (FRmatch) from those to the nonmatch presentation 
(FRnonmatch) and dividing the absolute value of the difference by the sum 
of the two means. It can be described by following formula: 

Index =
(FRmatch − FRnonmatch)
(FRmatch + FRnonmatch)

Neurons that responded stronger to a numerosity when displayed as 
a match compared to when displayed as sample showed a match- 
enhancement effect. Neurons that responded stronger to a numerosity 
when displayed as a sample compared to when displayed as nonmatch 
showed a match suppression effect. For a better visualization, we 
calculated for cells that show a match suppression effect the absolute 
value, whereby the index can range only between 0 and 1. Values close 
to 0 indicate equal responses to the two respective test situations.

We used this calculation for two approaches: First, we pooled the 
absolute indices to see general tuning strength variations between the 
match and nonmatch situation of the Test1 period (match Test1 vs. 
nonmatch Test1), but also for comparing the match situation of the 
Test2 and Test3 period with the nonmatch situation of the Test1 period 
(match Test2 vs. nonmatch Test1, match Test3 vs. nonmatch Test1). 
Second, we went more into detail and calculated the indices separately 
for the match enhancement and match suppression effect of the Test1 
and Test2 period (match vs. nonmatch). To see which tuning strength 
variation (match enhancement or match suppression) can explained by 

chance, we calculated a shufIed distribution by dissolving the associa
tion between the respective test situations (i.e. match or nonmatch) and 
the trial-by-trial 5ring rates of each neuron. We repeated this process 
10,000 times, calculated the mean of these single values and compared 
the median of the new distribution with the median of the real data by a 
Wilcoxon signed rank test (two-sided). Furthermore, we tested with a 
one-sided Wilcoxon rank sum test if the median PFC index is larger than 
the median VIP index. For this analysis we considered just neurons, 
which were in the sample period determined as exclusively numerosity- 
selective by a two-way ANOVA (p < 0.01). Firing rates were derived 
from time windows with equal length in sample and the respective test 
period (‘main’ visual response latency till 400 ms after sample or test 
onset).

4.11. Tuning curve cross-correlation analysis

Cross-correlations were performed between neuronal tuning func
tions (Diester and Nieder, 2007) calculated during the sample period 
and the subsequent three match periods. This kind of analysis provides a 
measure to quantify the extent to which single neurons changes their 
initial coding (i.e. representing the sample numerosities) during the 
presentation of test numerosities. Furthermore, we calculated the 
cross-correlation for the sample period for itself by comparing the tuning 
functions derived from odd trial numbers with that evaluated for even 
trial numbers. We considered just neurons, which were in the sample 
period determined as exclusively numerosity-selective by a two-way 
ANOVA (p < 0.01). Tuning curves were derived from time windows 
with equal length in sample and the respective test period (‘main’ visual 
response latency till 400 ms after sample or test onset). The 
cross-correlations were calculated by following formula:

CCTuning =

∑4
n=1

(

FRsample (n)−FRsample

)

∗ (FRtest(n)−FRtest )
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑4
n=1 (FRsample(n)−FRsample )

2
√

∗

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑4
n=1 (FRtest(n)−FRtes FRt )2

√ ,

where FRsample(n) is the average 5ring rate for numerosity n ∈
{1,2,3,4} during the sample period, FRsample the average 5ring rate 
across all numerosities during the sample period, FRtest(n) the average 
5ring rate for numerosity n ∈ {1,2,3,4} during the test period, and FRtest 
the average 5ring rate across all numerosities during the test period. 
Thus, the higher the cross-correlation coef5cients, the more stable is the 
initial encoding across the respective test period. We performed this 
analysis for VIP and PFC neurons separately, resulting in four different 
cross-correlation coef5cient distributions per brain area (sample and 
three match periods). Each distribution was tested against zero by 
bootstrapping the medians 10,000 times with replacement. The signif
icance threshold was set to p < 0.05, i.e. the 5th and 95th percentile. For 
a better comparison between the brain areas, the probability density 
function was plotted as a histogram.

4.12. SVM classi7er

We trained a linear multiclass support vector machine (SVM) clas
si5er (one-versus-one classi5cation, Chang and Lin, 2011) on trial 5ring 
rates during the sample period and tested it for the discrimination of 
numerosities on spiking activity derived from the sample period itself, 
from the nonmatch Test1 period and from the subsequent three match 
periods. This resulted in 5ve analyses per brain area. We only used 
neurons which were determined as exclusively-numerosity selective 
during the sample period. A six-fold cross-validation was performed, 
resulting in 15 trials for training and 3 trials for testing per numerosity. 
Within each cross-validation loop a new training and test subset was 
drawn. However, through the limitation of trials, it was possible that for 
the test subset derived from the test periods the same trials were drawn 
multiple times. Trial 5ring rates were z-scored on the parameters from 
the training subset. We repeated training and testing 100 times, select
ing with each iteration a new set of trials randomly. The tested SVM 
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classi5er provides the predicted class labels for the trials in the test 
subset. This allows us to compute the main decoding success as well as to 
construct in combination with the true class labels of the test subset 
confusion matrices. Both possess an accuracy measure in percent. From 
each confusion matrix we calculated the classi5cation probability as a 
function of distance from the real numerosity derived from the diagonals 
(averaged performance parallel to the mean diagonal). The resulting 
classi5cation probability curve was 5tted by a symmetric Gaussian 
distribution to derive sigma-values as a measure of tuning width for each 
iteration. It can be described by the following formula: 

f(x) = amp ∗ e−
(x − xc

σ

)2
+ y0 

The standard deviation of the Gaussian distribution (σ) was adjust
able during the 5tting procedure. The peak function’s yaxis offset y0 was 
set to zero, the amplitude (amp) corresponded to the classi5cation 
probability of the mean diagonal and the center (xc) of the 5tted dis
tribution was 5xed at zero. We used a Wilcoxon rank sum test (two- 
sided) to compare the Gaussian widths (σ) determined for each situation.

We evaluated the decoding performance of the SVM classi5er in 
balanced VIP and PFC pseudo-populations by drawing with each itera
tion a new set of neurons with equal size (decisive factor was the lowest 
neuron number of the respective brain area). In order to create a chance 
level performance distribution, we randomly shufIed the association 
between 5ring rates and trial class labels (numerosity) with each itera
tion. The signi5cance threshold was set to p < 0.05 (one-sided), i.e. the 
actual decoding success value was required to be larger than 95 % of 
values in the shufIed distribution. We tested decoding success distri
butions between VIP and PFC as well as between sample, match and 
nonmatch with a permutation test (with alpha correction, 10.000 per
mutations with replacement) for each stimulus period.

4.13. PEV analysis

To quantify the information about the match (same as sample) or 
nonmatching (other than sample) numerosity that was carried by a 
neuron over the time course, we performed the percent explained 
variance (ω2 PEV) anaylsis. As other studies already showed (e.g. 
Buschman et al., 2011; Jacob and Nieder, 2014), the PEV analysis is 
suitable to measeure the amount of information carried by neuronal 
populations. In our case, PEV reIects how much of the variance in a 
neuron’s 5ring rate can be explained by the match and nonmatch 
numerosity. For this, we considered all neurons that were recorded with 
at least 18 correct trials per sample numerosity and 3 correct trials per 
test numerosity in each test phase (match/nonmatch). 369 PFC neurons 
and 254 VIP neurons full5lled this criterion. We used a one-way cate
gorical sliding-window ANOVA (200 ms window with 20 ms step size) 
over the relevant time window of the trial (baseline onset until 400 ms 
after test onset) to yield the sum-of-squares. From these, we calculated 
ω

2 according to the following formula: 

ω2 =
SSGroups−df∗MSE

SSTotal+MSE ∗ 100,                                                                       

where SSGroups denotes the sum-of-squares between groups (numer
osities), SSTotal the total sum-of-squares, df the degrees of freedom, and 
MSE the mean squared error. The number of trials in each group was 
balanced to 3 trials. For this, a random subset of trials was drawn and the 
statistic was calculated. This process was repeated 25 times, and the 
overall statistic was taken to be the mean of the strati5ed values. The 
resulting values were averaged over units to extract the population PEV 
as a function of time for match and nonmatch numerosities. Further
more, we calculated the mean PEV during the Test1 period for match 
and nonmatch condition for a better comparison. For this, we used 5ring 
rates which were derived from time windows between the ‘main’ visual 
response latency for the respective brain area and 400 ms after test 
onset. Then, the same calculation process as described above followed. 

In order to create a baseline PEV, we randomly shufIed the association 
between 5ring rates and numerosity. This process was repeated 1000 
times, and the shufIed PEV was taken to be the mean of the individual 
values. The signi5cance threshold was set to p < 0.01 (one-sided), i.e. 
the PEV was required to be larger than 99 % of values in the shufIed 
distribution. Bin-wise Wilcoxon signed rank tests (evaluated at 
p < 0.05) were used to compare match and nonmatch numerosity PEV 
within the population of PFC and VIP neurons.
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Kamiński, J., Sullivan, S., Chung, J.M., Ross, I.B., Mamelak, A.N., Rutishauser, U., 2017. 
Persistently active neurons in human medial frontal and medial temporal lobe 
support working memory. Nat. Neurosci. 20, 590–601.

Kornblith, S., Quian Quiroga, R., Koch, C., Fried, I., Mormann, F., 2017. Persistent single- 
neuron activity during working memory in the human medial temporal lobe. Curr. 
Biol. 27, 1026–1032.

Kutter, E.F., Boström, J., Elger, C.E., Mormann, F., Nieder, A., 2018. Single neurons in 
the human brain encode numbers. Neuron 100 (3), 753–761 e4. 

Kutter, E.F., Boström, J., Elger, C.E., Nieder, A., Mormann, F., 2022. Neuronal codes for 
arithmetic rule processing in the human brain. Curr. Biol. CB 32 (6), 1275–1284 e4. 

Kutter, E.F., Dehnen, G., Borger, V., Surges, R., Mormann, F., Nieder, A., 2023. Distinct 
neuronal representation of small and large numbers in the human medial temporal 
lobe. Nat. Hum. Behav. 7 (11), 1998–2007.

Kutter, E.F., Dehnen, G., Borger, V., Surges, R., Nieder, A., Mormann, F., 2024. Single- 
neuron representation of nonsymbolic and symbolic number zero in the human 
medial temporal lobe. Curr. Biol. CB 34 (20), 4794–4802 e3. 

Li, L., Miller, E.K., Desimone, R., 1993. The representation of stimulus familiarity in 
anterior inferior temporal cortex. J. Neurophysiol. 69 (6), 1918–1929.

Lim, S., McKee, J.L., Woloszyn, L., Amit, Y., Freedman, D.J., Sheinberg, D.L., Brunel, N., 
2015. Inferring learning rules from distributions of 5ring rates in cortical neurons. 
Nat. Neurosci. 18 (12), 1804–1810.

Lin, X.X., Nieder, A., & Jacob, S.N. (2023). The neuronal implementation of 
representational geometry in primate prefrontal cortex. Science advances, 9(50), 
eadh8685.

Menon, V., 2016. Memory and cognitive control circuits in mathematical cognition and 
learning. Prog. Brain Res. 227, 159–186.

Merten, K., Nieder, A., 2009. Compressed scaling of abstract numerosity representations 
in adult humans and monkeys. J. Cogn. Neurosci. 21 (2), 333–346.

Meyer, T., Rust, N.C., 2018. Single-exposure visual memory judgments are reIected in 
inferotemporal cortex. eLife 7, e32259.

Miller, E.K., Desimone, R., 1994. Parallel neuronal mechanisms for short-term memory. 
Science 263, 520–522.

Miller, E.K., Erickson, C.A., Desimone, R., 1996. Neural mechanisms of visual working 
memory in prefrontal cortex of the macaque. J. Neurosci. 16, 5154–5167.

Miller, E.K., Li, L., Desimone, R., 1991. A neural mechanism for working and recognition 
memory in inferior temporal cortex. Science 254, 1377–1379.

Miller, E.K., Li, L., Desimone, R., 1993. Activity of neurons in anterior inferior temporal 
cortex during a short-term memory task. J. Neurosci. 13, 1460–1478.

Mistry, P.K., Strock, A., Liu, R., Young, G., Menon, V., 2023. Learning-induced 
reorganization of number neurons and emergence of numerical representations in a 
biologically inspired neural network. Nat. Commun. 14 (1), 3843.

Moyer, R.S., Landauer, T.K., 1967. Time required for judgements of numerical 
inequality. Nature 215 (2), 1519–1520.

Nasr, K., Nieder, A., 2021. Spontaneous representation of numerosity zero in a deep 
neural network for visual object recognition. iScience 24 (11), 103301.

Nasr, K., Viswanathan, P., Nieder, A., 2019. Number detectors spontaneously emerge in a 
deep neural network designed for visual object recognition. Sci. Adv. 5 (5) 
eaav7903. 

Ng, C.W., Plakke, B., Poremba, A., 2014. Neural correlates of auditory recognition 
memory in the primate dorsal temporal pole. J. Neurophysiol. 111 (3), 455–469.

Nieder, A., 2016. The neuronal code for number. Nat. Rev. Neurosci. 17 (6), 366–382.
Nieder, A., 2020. The adaptive value of numerical competence. Trends Ecol. Evol. 35 (7), 

605–617.
Nieder, A., 2023. Convergent circuit computation for categorization in the brains of 

primates and songbirds. Cold Spring Harb. Perspect. Biol. 15 (12), a041526.
Nieder A. (2024). The Calculating Brain. Physiological reviews, 10.1152/ 

physrev.00014.2024. Advance online publication. https://doi.org/10.1152/ph 
ysrev.00014.2024.

Nieder, A., Dehaene, S., 2009. Representation of number in the brain. Annu. Rev. 
Neurosci. 32, 185–208.

Nieder, A., Diester, I., Tudusciuc, O., 2006. Temporal and spatial enumeration processes 
in the primate parietal cortex. Science 313 (5792), 1431–1435.

Nieder, A., Freedman, D.J., Miller, E.K., 2002. Representation of the quantity of visual 
items in the primate prefrontal cortex. Science 297 (5587), 1708–1711.

Nieder, A., Merten, K., 2007. A labeled-line code for small and large numerosities in the 
monkey prefrontal cortex. J. Neurosci. 27 (22), 5986–5993.

Nieder, A., Miller, E.K., 2003. Coding of cognitive magnitude: compressed scaling of 
numerical information in the primate prefrontal cortex. Neuron 37 (1), 149–157.

Nieder, A., Miller, E.K., 2004. A parieto-frontal network for visual numerical information 
in the monkey. Proc. Natl. Acad. Sci. 101 (19), 7457–7462.

Norman, K.A., O’Reilly, R.C., 2003. Modeling hippocampal and neocortical contributions 
to recognition memory: a complementary-learning-systems approach. Psychol. Rev. 
110 (4), 611–646.

Norman, K.A., O’Reilly, R.C., 2003. Modeling hippocampal and neocortical contributions 
to recognition memory: a complementary-learning-systems approach. Psychol. Rev. 
110 (4), 611–646.

Okuyama, S., Kuki, T., Mushiake, H., 2015. Representation of the numerosity ’zero’ in 
the parietal cortex of the monkey. Sci. Rep. 5, 10059.

Parto Dezfouli, M., Zarei, M., Constantinidis, C., Daliri, M.R., 2021. Task-speci5c 
modulation of PFC activity for matching-rule governed decision-making. Brain 
Struct. Funct. 226 (2), 443–455.

Qi, X.-L., Meyer, T., Stanford, T.R., Constantinidis, C., 2012. Neural correlates of a 
decision variable before learning to perform a match/non-match task. J. Neurosci. 
32, 6161–6169.

Rainer, G., Miller, E.K., 2000. Effects of visual experience on the representation of objects 
in the prefrontal cortex. Neuron 27 (1), 179–189.

Rawley, J.B., Constantinidis, C., 2010. Effects of task and coordinate frame of attention 
in area 7a of the primate posterior parietal cortex. J. Vis. 10 (1), 1–16.

Riches, I.P., Wilson, F.A., Brown, M.W., 1991. The effects of visual stimulation and 
memory on neurons of the hippocampal formation and the neighboring 
parahippocampal gyrus and inferior temporal cortex of the primate. J. Neurosci. 11, 
1763–1779.

Riches, I.P., Wilson, F.A., Brown, M.W., 1991. The effects of visual stimulation and 
memory on neurons of the hippocampal formation and the neighboring 
parahippocampal gyrus and inferior temporal cortex of the primate. J. Neurosci. 
Of5cial J. Soc. Neurosci. 11 (6), 1763–1779.

Roy, J.E., Riesenhuber, M., Poggio, T., Miller, E.K., 2010. Prefrontal cortex activity 
during Iexible categorization. J. Neurosci. Of5cial J. Soc. Neurosci. 30 (25), 
8519–8528.

Sawamura, H., Shima, K., Tanji, J., 2002. Numerical representation for action in the 
parietal cortex of the monkey. Nature 415 (6874), 918–922.

Sohal, V.S., Hasselmo, M.E., 2000. A model for experience-dependent changes in the 
responses of inferotemporal neurons. Network 11 (3), 169–190.

Steinmetz, M.A., Constantinidis, C., 1995. Neurophysiological evidence for a role of 
posterior parietal cortex in redirecting visual attention. Cereb. Cortex 5, 448–456.

Swaminathan, S.K., Freedman, D.J., 2012. Preferential encoding of visual categories in 
parietal cortex compared with prefrontal cortex. Nat. Neurosci. 15, 315–320.

Tamura, K., Takeda, M., Setsuie, R., Tsubota, T., Hirabayashi, T., Miyamoto, K., 
Miyashita, Y., 2017. Conversion of object identity to object-general semantic value 
in the primate temporal cortex. Science 357 (6352), 687–692.

Tyulmankov, D., Yang, G.R., Abbott, L.F., 2022. Meta-learning synaptic plasticity and 
memory addressing for continual familiarity detection. Neuron 110 (3), 544–557 e8. 

Uhrig, L., Dehaene, S., Jarraya, B., 2014. A hierarchy of responses to auditory regularities 
in the macaque brain. J. Neurosci. Of5cial J. Society Neurosci. 34 (4), 1127–1132.

Verguts, T., Fias, W., 2004. Representation of number in animals and humans: a neural 
model. J. Cogn. Neurosci. 16 (9), 1493–1504.

Viswanathan, P., Nieder, A., 2013. Neuronal correlates of a visual "sense of number" in 
primate parietal and prefrontal cortices. Proc. Natl. Acad. Sci. 110 (27), 
11187–11192.

Viswanathan, P., Nieder, A., 2015. Differential impact of behavioral relevance on 
quantity coding in primate frontal and parietal neurons. Curr. Biol. CB 25 (10), 
1259–1269.

T. Machts et al.                                                                                                                                                                                                                                 Progress in Neurobiology 251 (2025) 102794 

18 

http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref11
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref11
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref11
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref12
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref12
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref13
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref13
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref13
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref13
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref14
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref14
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref15
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref15
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref16
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref16
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref17
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref17
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref18
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref18
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref18
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref19
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref19
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref19
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref20
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref20
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref20
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref20
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref21
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref21
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref21
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref22
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref22
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref23
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref23
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref23
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref24
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref24
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref24
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref25
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref26
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref26
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref27
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref27
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref28
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref28
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref28
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref29
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref29
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref29
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref30
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref30
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref30
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref31
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref31
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref31
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref32
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref32
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref33
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref33
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref34
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref34
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref34
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref35
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref35
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref35
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref36
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref36
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref37
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref37
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref37
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref38
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref38
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref39
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref39
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref40
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref40
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref41
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref41
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref42
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref42
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref43
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref43
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref44
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref44
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref45
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref45
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref45
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref46
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref46
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref47
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref47
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref48
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref48
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref48
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref49
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref49
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref50
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref51
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref51
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref52
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref52
https://doi.org/10.1152/physrev.00014.2024
https://doi.org/10.1152/physrev.00014.2024
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref53
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref53
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref54
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref54
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref55
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref55
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref56
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref56
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref57
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref57
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref58
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref58
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref59
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref59
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref59
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref60
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref60
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref60
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref61
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref61
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref62
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref62
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref62
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref63
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref63
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref63
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref64
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref64
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref65
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref65
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref66
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref66
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref66
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref66
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref67
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref67
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref67
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref67
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref68
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref68
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref68
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref69
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref69
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref70
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref70
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref71
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref71
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref72
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref72
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref73
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref73
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref73
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref74
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref74
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref75
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref75
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref76
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref76
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref77
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref77
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref77
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref78
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref78
http://refhub.elsevier.com/S0301-0082(25)00085-1/sbref78


Viswanathan, P., Nieder, A., 2020. Spatial neuronal integration supports a global 
representation of visual numerosity in primate association cortices. J. Cogn. 
Neurosci. 32 (6), 1184–1197.

Viswanathan, P., Stein, A.M., Nieder, A., 2024. Sequential neuronal processing of 
number values, abstract decision, and action in the primate prefrontal cortex. PLoS 
Biol. 22 (2), e3002520.

Vogels, R., Sary, G., Orban, G.A., 1995. How task-related are the responses of inferior 
temporal neurons? Vis. Neurosci. 12, 207–214.

Wang, L., Uhrig, L., Jarraya, B., Dehaene, S., 2015. Representation of numerical and 
sequential patterns in macaque and human brains. Curr. Biol. CB 25 (15), 
1966–1974.

Winters, B.D., Saksida, L.M., Bussey, T.J., 2008. Object recognition memory: 
neurobiological mechanisms of encoding, consolidation and retrieval. Neurosci. 
Biobehav. Rev. 32 (5), 1055–1070.

Woloszyn, L., Sheinberg, D.L., 2012. Effects of long-term visual experience on responses 
of distinct classes of single units in inferior temporal cortex. Neuron 74 (1), 193–205.

Wu, Z., Buckley, M.J., 2022. Prefrontal and medial temporal lobe cortical contributions 
to visual short-term memory. J. Cogn. Neurosci. 35 (1), 27–43.

Xiang, J.Z., Brown, M.W., 1998. Differential neuronal encoding of novelty, familiarity 
and recency in regions of the anterior temporal lobe. Neuropharmacology 37 (4-5), 
657–676.

Zhang, T., Britten, K.H., 2010. The responses of VIP neurons are suf5ciently sensitive to 
support heading judgments. J. Neurophysiol. 103 (4), 1865–1873.

Zhang, T., Britten, K.H., 2011. Parietal area VIP causally inIuences heading perception 
during pursuit eye movements. J. Neurosci. Of5cial J. Society Neurosci. 31 (7), 
2569–2575.

Zhou, Y., Rosen, M.C., Swaminathan, S.K., Masse, N.Y., Zhu, O., Freedman, D.J., 2021. 
Distributed functions of prefrontal and parietal cortices during sequential categorical 
decisions. eLife 10, e58782.

Zhou, Y., Zhu, O., Freedman, D.J., 2023. Posterior parietal cortex plays a causal role in 
abstract memory-based visual categorical decisions. J. Neurosci. 43 (23), 
4315–4328.
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SUMMARY

Accurate numerical cognition relies on representing and comparing quantities, a fundamental skill for adaptive 

behavior. In nonhuman primates, the parieto-frontal network, including the ventral intraparietal area (VIP) and 

prefrontal cortex (PFC), supports this process, but the functional dynamics and directionality of communication 

between these regions remain unclear. We examine population-level interactions of simultaneously recorded 

neuronal activity between VIP and PFC in two male macaques performing a numerosity task. Using time-lagged 

canonical correlation analyses, we show that correct trials exhibit sustained correlations driven by numerosity- 

selective neurons, with early feedforward dominance from VIP to PFC following sample onset. By contrast, error 

trials show weaker correlations, reduced VIP-to-PFC feedforward signaling, and transient breakdowns during 

the late working memory period. These findings show that coordinated parieto-frontal population activity en

ables accurate numerical judgments, whereas disrupted interactions impair performance, highlighting the crit

ical role of dynamic, task-dependent interareal communication in categorical decisions.

INTRODUCTION

Humans and nonhuman animals alike rely on the ability to 

perceive, represent, and manipulate numerical and quantitative 

information to navigate their environment. Quantitative cate

gories, such as the number of items in a set, its numerosity, 

enable essential cognitive functions including foraging, social in

teractions, and decision-making.1 The capacity to discriminate 

and compare quantities underlies more complex mathematical 

reasoning and problem-solving, making numerical cognition a 

fundamental aspect of adaptive behavior.2,3

The parieto-frontal network, encompassing regions such as the 

intraparietal sulcus (IPS) in the posterior parietal cortex and pre

frontal cortex (PFC), plays a pivotal role in processing numerical in

formation.4–11 In macaques, neurons within the ventral intraparietal 

area (VIP) and PFC exhibit tuning to visual numerosity, suggesting 

a direct encoding of quantity.12–18 This information subsequently, 

with a temporal delay, appears in the PFC, where it is integrated 

with other cognitive processes to support working memory and 

guide decision-making.19–22

Despite known anatomical connections between posterior pa

rietal cortex and PFC,23,24 the functional connectivity between 

VIP and PFC, as well as the directionality of information flow, 

has not been directly tested. The fronto-parietal network provides 

a flexible communication channel supporting attention, working 

memory, and decision-making. Previous studies using synchroni

zation measures (e.g., coherence, phase locking, correlation dy

namics) have shown that coordinated activity between prefrontal 

and parietal regions enables integration of sensory evidence with 

executive control, supporting both bottom-up and top-down pro

cesses.25–30 If parieto-frontal communication is critical for numer

ical cognition, these interactions should be robust during correct 

delayed judgments and break down during errors.

We tested and extended this hypothesis in monkeys performing 

a delayed number-matching task by examining simultaneously re

corded parieto-frontal neuron populations using time-lagged ca

nonical correlation analysis (CCA), a dimensionality reduction 

technique that identifies shared population activity patterns be

tween two brain areas.31 CCA extracts linear combinations of 

neuronal activity—canonical dimensions—that are maximally 

correlated across areas. Unlike traditional synchronization mea

sures, it identifies the specific population subspaces mediating in

ter-areal communication and, by systematically introducing tem

poral lags, reveals the structure and directionality of interactions: 

feedforward signaling occurs when activity in an upstream area 

precedes correlated activity in a downstream area, and feedback 

occurs in the reverse direction. We used this approach to investi

gate how VIP and PFC communicate during numerical judgments, 

providing new insights into the neural mechanisms of numerical 

cognition and highlighting the critical role of intact parieto-frontal 

communication for cognitive performance.

RESULTS

Two rhesus monkeys performed a delayed match-to-sample 

task in which they matched the number of dots in visual arrays 
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(Figure 1A).20 Sample displays contained 1–4 dots, and test dis

plays contained 1–5 dots. To control for low-level visual features, 

half of the trials used a standard protocol (dots of random size 

and location) and half used a control protocol (constant overall 

dot density and area across numerosities). Each trial began 

when the monkey grasped a response bar and maintained fixa

tion on a central target. Sample numerosities were presented, 

followed by a delay period. During up to three sequential test 

phases (test1–test3), the monkey released the bar for matching 

numerosities and withheld responding for nonmatching numer

osities. Test phases were presented pseudo-randomly, resulting 

in four trial types, and sample numerosities and trial types were 

balanced across trials.

Behavioral performance

Both monkeys mastered the task, with mean performance 

across sessions significantly above chance level of 25% (mon

Figure 1. Task protocol, behavioral perfor

mance, and recording sites 

(A) Monkeys performed a delayed match-to- 

sample task with dot arrays. Each trial began 

when the monkey grasped a response bar and 

maintained fixation on a central target. Sample 

numerosities (1–4) were presented, followed by a 

delay period. During up to three sequential test 

phases (test1–test3), the monkey released the bar 

for matching numerosities and withheld respond

ing for nonmatching numerosities (1–5). Test 

phases were pseudo-randomly presented, re

sulting in four trial conditions. Reproduced from 

Machts et al.20

(B) Behavioral performance of the two monkeys 

for sample numerosities 1–4. Functions show the 

probability of judging test displays as matching 

the sample numerosity (four colors, solid lines). 

Peaks indicate correct matches, while data points 

in the flanks reflect errors to nonmatching nu

merosities. The black dotted line shows the 

average performance across sample numer

osities. Error bars (very small) represent SEM 

across sessions. 

(C) Schematic diagram of the lateral macaque 

brain showing recording sites in PFC (blue) and 

VIP (red). 

IPS, intraparietal sulcus; PS, principal sulcus; 

SAR, superior arcuate sulcus; IAR, inferior arcuate 

sulcus.

key 1: 27 sessions, 61.32 ± 1.36%, 

p < 0.001; monkey 2: 33 sessions, 

60.95 ± 0.58%, p < 0.001, Binomial 

test). To assess their ability to identify 

the correct matching numerosity, behav

ioral performance functions were 

computed for each session, reflecting 

the probability of judging test numerosi

ties as equal to the sample. For all sample 

numerosities, both monkeys selected the 

correct numerosity more frequently than 

nonmatches and exhibited clear numeri

cal size and distance effects indicative of the approximate num

ber system (Figure 1B).12,32,33

Canonical correlation analysis

While the monkeys performed the delayed matching task, we 

simultaneously recorded neuronal activity in dorsolateral PFC 

(dlPFC) and VIP of the intraparietal sulcus (60 sessions), brain 

areas known to represent numerical information.8 Single-neuron 

numerosity tuning from this dataset has been reported previ

ously.20 Here, we focused on analyzing network interactions be

tween VIP and PFC populations.

To investigate population-level interactions, we applied CCA, a 

dimensionality reduction approach extracting activity patterns in 

one area that are maximally predictive of activity in the other 

(Figure 2).29 To enhance data robustness, we analyzed voltage- 

thresholded multi-unit activity (MUA) recorded simultaneously 

from multiple electrodes in PFC and VIP. Of the initial 60 sessions, 
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we included only those with at least four recording sites per brain 

area and a minimum of 50 correct and 50 error trials, pooling ses

sions across numerosities and protocol types (standard vs. con

trol). Using these criteria, 43 sessions were retained for analysis.

To characterize how activity in one area relates to activity in the 

other across time lags, we applied CCA to population activity 

vectors from the PFC and VIP, introducing temporal shifts be

tween them.29 Since these areas are reciprocally connected, 

with VIP anatomically upstream of PFC, and because prior 

work shows that neuronal responses and selectivity in VIP lead 

those in PFC,17,19,34 we set the maximum time lag to ±40 ms.

We computed a population correlation function (CCA-derived 

correlation as a function of time lag) across task epochs, from fix

ation through sample presentation and into the working memory 

delay. Subsequent Test periods were excluded from analysis 

due to confounding motor responses. This yielded a two-dimen

sional population correlation map of the coefficients (Figure 3B).

VIP activity was most strongly correlated with later PFC 

activity in correct trials

We first examined network interactions based on population cor

relations during correct trials (Figure 3). Because CCA is sensi

tive to trial count, we equalized the number of trials across ses

sions, which allowed us to compute reliable averages (see STAR 

Methods). Figure 3B shows the average VIP-PFC population 

correlation map for correct trials.

During the pure fixation period, correlations were absent and 

did not reach the significance threshold (p < 0.05, two-sided; 

below the 97.5th percentile of the shuffled distribution), indicating 

chance-level interactions between VIP and PFC. Shortly after 

sample onset, however, correlation coefficients rose signifi

cantly above chance (as indicated by the yellow colors in 

Figure 3B), with higher values for positive (i.e., VIP leading 

PFC) than negative lags (right side of the surface plot in 

Figure 3B). This indicates that VIP activity was most strongly 

Figure 2. Canonical correlation analysis 

captures population-level interactions be

tween neurons 

In this example, VIP (red, left) and PFC (blue, right) 

multi-unit activity (MUA) were recorded simulta

neously from three electrodes per area. Each cir

cle represents population activity on a single trial; 

for each VIP activity point, a corresponding PFC 

point exists. Red axes indicate the first pair of 

canonical dimensions identified by CCA. Corre

lating VIP and PFC activity projected onto these 

dimensions yields a population correlation coeffi

cient (bottom). 

After Semedo et al.29

correlated with later PFC activity, consis

tent with feedforward interaction (until 

∼200 ms after sample onset). Population 

correlations remained significant, though 

lower, until the end of the sample period; 

however, they did not maintain feedfor

ward dominance during the later phase 

(400–700 ms). Although correlations 

declined during the delay, they stayed consistently above 

chance, indicating ongoing communication between VIP and 

PFC across time lags throughout the task.

We quantified the lag at which canonical correlations peaked 

for each time bin using a centroid-based estimation 

(Figure S1). For each peak, the centroid (center of mass) was 

computed relative to zero lag to provide a quantitative measure 

of delays. The centroid was calculated over the range corre

sponding to the 95th percentile of correlation values around the 

peak. During the very early sample period, before neurons re

sponded to the stimulus due to their response latency, correla

tion maxima were near zero lag. Once response latency was ex

ceeded and neurons became active, the maxima shifted 

systematically toward positive lags, peaking around +10 ms, 

consistent with feedforward dominance from VIP to dlPFC. At 

the sample-to-delay transition, correlation maxima returned 

near zero and remained centered throughout the delay, indi

cating balanced bidirectional coupling without a consistent 

lead-lag relationship.

VIP dominance at the onset of the sample

We addressed feedforward and feedback projections function

ally by analyzing the direction and structure of correlated popu

lation activity across time lags. Feedforward interactions were 

defined as stronger correlations when VIP led PFC (positive 

lags), whereas feedback interactions were defined as stronger 

correlations when PFC led VIP (negative lags). These analyses 

were performed across different task epochs (fixation, sample, 

and delay), and first for correct trial conditions.

To quantify VIP-PFC communication directionality, we calcu

lated the area under the positive-lag curve (AUCfeedforward, 

Figure 3C) as a measure of VIP-to-PFC feedforward correlation, 

and the area under the negative-lag curve (AUCfeedback, 

Figure 3A) for PFC-to-VIP feedback, using a sliding-window 

approach at each time step (see STAR Methods). Both 
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Figure 3. VIP-PFC interactions for correct trials 

(A) The area under the feedback sides (AUC, negative lag, PFC → VIP) of the population correlation map (from (B), left half) is shown for correct match trials at all 

time points. Time 0 is the onset of the sample stimulus, indicated by the gray shaded area. The colored shaded area indicates SEM (N = 43 sessions). The dashed 

horizontal line depicts the significance threshold, which is set to p < 0.05 (two-sided). 

(B) Averaged population correlation coefficients at all trial times and lag times during correct match trials (N = 43 sessions). The horizontal axis represents the time 

lag between brain areas (t1 − t2), and the vertical axis represents time relative to sample onset. White horizontal lines indicate the duration of the fixation, sample, 

delay, and test1 periods. The dashed vertical line indicates zero-lag population correlations (t1 = t2; see Figure S1A). White areas denote times for which pop

ulation correlations could not be computed; that is, the PFC activity window had reached either the beginning or the end of the trial. The red boundary indicates 

the significance threshold, which was set to p < 0.05 (two-sided). 

(C) Area under the feedforward sides (AUC, positive lag, VIP → PFC) of the population correlation map (from (B), right half) for correct match trials at all time points. 

Same layout as in (A). 

(D) Feedforward ratio at all time points for correct trials. The feedforward ratio is defined as the difference between the areas under the feedforward (positive lag, 

(A)) and feedback (negative lag, (C)) sides of the population correlation function, divided by their sum. Shaded area indicates SEM (N = 43 sessions). The dashed 

vertical lines indicate the significance threshold set to p < 0.05 (two-sided).
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feedforward and feedback AUC values remained significantly 

above chance from sample onset through the end of the delay 

period.

To quantify directional dominance—whether communication 

was more feedforward or more feedback—we contrasted 

AUCfeedforward and AUCfeedback and computed a feedforward ra

tio (Figure 3D). The feedforward ratio is defined as the difference 

between the area under the positive-lag curve (AUCfeedforward; 

Figure 3C) and the area under the negative-lag curve 

(AUCfeedback; Figure 3A), divided by their sum at each time step 

(see STAR Methods).

Significant VIP dominance emerged shortly after sample onset 

(0.018 ± 0.005; 97.5th percentile: 0.010) and persisted until 

∼200 ms (0.012 ± 0.004; 97.5th percentile: 0.009), indicating pre

dominantly feedforward communication from VIP to PFC. 

Beyond this window, neither area showed significant directional 

dominance during the later sample period or the subsequent 

delay.

Main interaction patterns were qualitatively consistent across 

animals. In both monkeys, VIP‾dlPFC correlations were stron

gest during the sample period, showing transient feedforward 

VIP-to-dlPFC dominance around stimulus onset, followed by 

balanced bidirectional coupling during the delay (Figure S2). 

Correlation magnitudes varied, but the temporal structure and 

directionality were similar across subjects.

Inter-areal communication specific to numerical 

information

To test whether the observed inter-areal communication was 

specific to numerical information rather than reflecting nonspe

cific recurrent or bidirectional dynamics, we repeated the canon

ical correlation analysis as a function of neuronal numerosity 

selectivity (Figure 4). Each recording site was categorized as nu

merosity sample-selective, numerosity delay-selective, or nu

merosity unselective using a one-way ANOVA with the factor 

numerosity (1–4; p < 0.01).20 Note that some MUAs were selec

tive during both the sample and delay periods.

Across VIP and dlPFC, the majority of recording sites showed 

numerosity selectivity during either the sample or delay period 

(VIP: 151/257; dlPFC: 205/270), whereas a smaller fraction did 

not exhibit task-related selectivity (VIP: 106/257; dlPFC: 65/ 

270). The distribution of selectivity classes across cortical areas 

is shown in Figure 4D.

Inter-areal population correlations were driven by numerosity- 

selective units. Correlations were strongest for sample-selective 

MUAs (Figure 4A), followed by weaker VIP-dlPFC correlations for 

delay-selective MUAs. (Figure 4B) In contrast, correlations were 

virtually absent for non-selective MUAs (Figure 4C). Feedforward 

directionality for numerosity-selective neuron groups was 

similar.

To further quantify the contribution of task-selective neuronal 

populations to inter-areal coordination, we computed mean 

population correlation values across time lags for each selec

tivity class (Figure 4E). Sample-selective MUAs showed signifi

cantly higher mean population correlation values than non-se

lective MUAs during sample presentation and the subsequent 

delay period (p < 0.05, Mann-Whitney U test, two-sided). Mean 

correlation values for delay-selective MUAs were lower overall 

but did not differ significantly from those of sample-selec

tive MUAs.

Importantly, weaker inter-areal correlations in non-selective 

MUAs cannot be explained by population size. In VIP, where 

selectivity groups were similar in number (Figure 4D), non-selec

tive MUAs still showed markedly lower correlations. Delay-se

lective MUAs also exceeded non-selective correlations despite 

comparable numbers. Overall, these results indicate that VIP- 

dlPFC communication is specific to numerical information, rather 

than reflecting nonspecific recurrent or bidirectional dynamics.

Interaction breakdown in error trials during the late 

delay period

Next, we analyzed balanced numbers of error trials from the 

same sessions. Error trials were defined exclusively as incorrect 

behavioral decisions, namely failures to release the bar on match 

trials or erroneous releases on non-match trials. Trials with fixa

tion breaks, premature responses, or aborted trials were 

excluded from all analyses.

Figure 5B shows the average VIP-PFC population correlation 

map for error trials. As in correct trials, correlations during fixa

tion remained below significance (p < 0.05, two-sided; below 

the 97.5th percentile of the shuffled distribution). Shortly after 

sample onset, correlation coefficients rose significantly above 

the 97.5th percentile of the shuffled distribution. Correlations 

were higher for positive than negative lags, indicating again feed

forward dominance (VIP leading PFC) after sample onset. Sub

sequently, correlations were balanced on the positive and nega

tive lag sides, eliminating clear lag dominance. This balance 

between positive and negative lags persisted throughout the 

delay period. Notably, in error trials, population correlations 

dropped below chance at the end of the delay for both positive 

and negative lags (Figure 5B), whereas correlations in correct tri

als remained consistently above the significance threshold 

(p < 0.05; Figure 3B).

Interaction differences between correct and error trials

We examined the relative differences (percentage change) in ca

nonical correlation values between correct and error trials for 

each monkey (Figure S3). In both animals, correlations were 

higher for correct trials near the end of the sample period and 

during the late delay. While the magnitude of these differences 

varied across monkeys, the temporal profile and direction of cor

rect-error modulation were consistent. These results indicate 

that the reduction of inter-areal coupling during error trials is a 

reliable phenomenon across subjects.

Next, we compared overall correlation strength between cor

rect and error trials. We computed the percent difference be

tween the population correlation maps of correct and error trials 

(Figure 6A). No differences were present in the pure fixation 

period. However, significant correlation differences emerged 

for positive time lags at the beginning of the sample period and 

for all time lags exceeding 10% at the end of the sample and 

the end of the delay period. Statistical significance was 

confirmed with a binwise two-sided Wilcoxon signed-rank test, 

indicated on the map in Figure 6A by a red line (p < 0.05).

To complement this analysis, we calculated a mean popula

tion correlation function, averaging correlations across all time 
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Figure 4. Numerosity-selective neuronal populations contribute to VIP-dlPFC population correlations 

(A) Averaged population correlation coefficients across all trial and lag times for sample-selective MUAs. Analyses include correct trials only. Layout matches 

Figure 3B. The corresponding feedforward ratio at all time points is shown at the bottom. 

(B) Averaged population correlation coefficients across all trial and lag times for delay-selective MUAs. Layout as in (A). 

(C) Averaged population correlation coefficients across all trial and lag times for non-selective MUAs. Layout as in (A). 

(D) Distribution of task-selective MUAs in VIP and dlPFC. Pie charts show the proportion of sample-selective, delay-selective, and non-selective MUAs in VIP (left) 

and dlPFC (right). Some MUAs were selective in both periods (dashed shading). Non-selective MUAs showed no significant modulation in either epoch. 

(E) Mean time-resolved population correlations for correct trials, shown by selectivity class: sample-selective (magenta), delay-selective (green), and non-se

lective (gray). Mean correlations represent the average across all time lags between brain areas (t1 − t2). Time 0 corresponds to sample onset. The magenta bar at 

the top marks time bins where sample-selective MUAs differ significantly from non-selective MUAs (p < 0.05, two-sided Mann-Whitney U test). The green bar at 

the top marks time bins where delay-selective MUAs differ significantly from non-selective MUAs (p < 0.05, two-sided Mann-Whitney U test). Dark shading 

indicates SEM.
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Figure 5. VIP-PFC interactions for error trials 

(A) The area under the feedback sides (AUC, negative lag, PFC → VIP) of the population correlation map (from (B)) is shown for error trials at all time points. Time 

0 is the onset of the sample stimulus, indicated by the gray shaded area. The colored shaded area indicates SEM (N = 43 sessions, same sessions and scaling as 

in Figure 3). The dashed horizontal line depicts the significance threshold, which is set to p < 0.05 (two-sided). 

(B) Averaged population correlation coefficients at all trial times and lag times during error trials (N = 43 sessions, same sessions and scaling as in Figure 3). The 

dashed vertical line indicates zero-lag population correlations (t1 = t2, see Figure S1B). Same layout as in Figure 3B. 

(C) The area under the feedforward sides (AUC, positive lag, VIP → PFC) of the population correlation map (from (B)) for error trials at all time points. Same layout 

as in (A). 

(D) Feedforward ratio at all time points for error trials. Same layout as in Figure 3D.
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Figure 6. VIP-PFC interaction differences between correct and error trials 

(A) The difference in percent between the population correlation coefficient maps of correct and error trials (N = 43 sessions, from Figures 3B and 5B). Same layout 

as in Figure 3B. The red boundary indicates the results of the bin-wise Wilcoxon signed-rank test (p < 0.05, two-sided). 

(B) Mean time-resolved population correlations for correct trials. The mean population correlation refers to the average of all population correlations across all 

time lags between brain areas (t1 − t2). Time 0 is the onset of the sample stimulus indicated by the gray shaded area. The dark shaded areas indicate SEM (N = 43 

sessions). The dashed horizontal line depicts the significance threshold set to p < 0.05 (two-sided). Red bars on the top of the subplot indicate significant dif

ferences between the mean correlation coefficients per time bin for error trials ((C), p < 0.05, Wilcoxon signed-rank test, two-sided). 

(C) Mean population correlations for error trials. Red bars on the top of the subplot indicate significant differences between the mean correlation coefficients per 

time bin for correct trials ((B), p < 0.05, Wilcoxon signed-rank test, two-sided). Same layout as in (B). 

(D) The absolute difference between the mean population correlations of correct and error trials (N = 43 sessions, from (B) and (C)). The dashed horizontal line 

depicts the difference between the shuffled distributions of correct and error trials. Same layout as in (B).
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lags between brain areas (−40 to +40 ms). These functions were 

computed separately for correct (Figure 6B) and error trials 

(Figure 6C) and compared using a binwise two-sided Wilcoxon 

signed-rank test. Consistent with previous results, correlations 

were significantly higher in correct trials at the end of the sample 

presentation (500–680 ms) and during the later delay phase 

(1260–1440 ms). The difference between the two functions (cor

rect − error) and the significant difference periods are shown in 

Figure 6D. A similar picture emerged for zero-lag population cor

relations in correct and error trials (Figure S4). These results indi

cate that stronger and sustained VIP-PFC population correla

tions, particularly at the end of the sample and delay periods, 

are associated with correct numerical judgments, whereas 

weakened or disrupted correlations characterize error trials.

DISCUSSION

In this study, we examined how neuronal populations in VIP and 

dlPFC interact during numerical working memory using CCA. 

Our results show that parieto-frontal communication is dynamic 

and task-dependent: during stimulus presentation, VIP activity 

predicted later PFC activity, consistent with a feedforward influ

ence. This early dominance transitioned into balanced bidirec

tional communication, which persisted across the delay period. 

Inter-areal population correlations were driven almost exclu

sively by numerosity-selective neurons, particularly sample-se

lective units and, to a lesser extent, delay-selective units. In 

contrast, non-selective MUAs showed negligible correlations 

across time lags. These results indicate that the reported inter- 

areal communication is specific to numerical information, rather 

than reflecting nonspecific recurrent or bidirectional dynamics 

related to attention or task engagement. Critically, the strength 

and persistence of these correlations distinguished correct 

from error trials, suggesting that intact VIP-PFC interactions 

are necessary for accurate numerical judgments.

Population-level insights with CCA

By using CCA, we were able to reveal population subspaces that 

mediate VIP-PFC communication, going beyond traditional syn

chronization measures. Most previous studies of fronto-parietal 

communication have relied on synchronization measures (e.g., 

coherence, phase locking, or correlation dynamics) to charac

terize large-scale coupling between brain regions.23–28 These 

approaches demonstrate that oscillatory coupling and spike- 

field coherence carry task-relevant information and reflect the 

balance of top-down and bottom-up signaling. However, such 

measures typically assess coupling at the level of individual elec

trodes, frequency bands, or spike-field relations, without directly 

probing the population activity subspaces through which feed

forward and feedback signals are exchanged.

By contrast, Semedo et al.29 introduced a dimensionality 

reduction framework based on CCA that extracts the popula

tion-level patterns of activity in one area that are maximally pre

dictive of activity in another. Crucially, they showed that feedfor

ward and feedback interactions recruit different, largely 

orthogonal subspaces of population activity, implying that infor

mation is routed via distinct channels depending on interaction 

direction. Applying this method to parieto-frontal circuits ex

tends prior work35 by moving beyond simple synchronization 

strength to reveal how population-level communication is struc

tured, temporally directed, and functionally segregated between 

feedforward and feedback signals.

Feedforward dominance at stimulus encoding

The transient feedforward dominance from VIP to PFC shortly af

ter sample onset aligns with anatomical and physiological evi

dence that the intraparietal sulcus provides an initial source of 

numerical information to prefrontal cortex.17 The feedforward 

lags are consistent with physiological conduction delays. The 

∼10 ms VIP response lead over dlPFC after presentation of nu

merosity stimuli aligns with our previous findings of +11 ms (Fig

ure 9 in Merten et al.32) and +13 ms (Figure S6 in Jannasch 

et al.33). Similar feedforward dynamics have been observed for 

perceptual and attentional signals in parieto-frontal net

works.23,26 Our findings suggest that numerical information is 

initially extracted in parietal cortex and transmitted to PFC for 

further evaluation and integration into working memory 

representations.

Recurrent parieto-frontal loops during maintenance

After the initial feedforward phase, correlations remained signif

icant but showed no consistent dominance of VIP or PFC. This 

balance suggests that working memory relies on recurrent 

communication between parietal and prefrontal cortex rather 

than exclusively on PFC maintenance mechanisms.19 This view 

is supported by models of distributed working memory, which 

propose that prefrontal activity is stabilized and reinforced 

through reciprocal interactions with posterior cortical re

gions.28,36–38 Our findings provide direct evidence at the popula

tion level that recurrent VIP-PFC interactions support the mainte

nance of numerical information over memory delays.

Breakdown of communication in error trials

A key finding is that error trials were associated with a break

down of VIP-PFC correlations at the end of the delay, a phase 

critical for transforming maintained representations into decision 

signals. This disruption suggests that errors arise not merely 

from weak tuning within areas but from failures in interareal co

ordination. Similar communication failures have been reported 

in parieto-frontal networks during attentional lapses27 and 

impaired decision-making,24 pointing to a general mechanism 

whereby weakened long-range interactions undermine cognitive 

control and task performance.

Implications for numerical cognition and dyscalculia

These results extend current models of numerical cognition by 

demonstrating that accurate number judgments require not 

only numerosity-selective neurons but also intact communica

tion between parietal and prefrontal populations. The observed 

breakdown of communication in error trials suggests that numer

ical deficits, whether transient or chronic, may partly reflect 

impaired fronto-parietal interactions.

Our findings of disrupted or weakened VIP-PFC interactions 

during errors resonate with evidence from children with develop

mental dyscalculia, where atypical parieto-frontal connectivity 

has been consistently reported. Structural and functional 
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imaging studies show that children with dyscalculia exhibit 

altered connectivity within numerical brain networks, including 

both hyperconnectivity during arithmetic tasks39 and abnormal 

anatomical graph-theoretical properties.40 Importantly, these 

aberrant connectivity patterns are not static: targeted numerical 

interventions can normalize functional hyperconnectivity,41 and 

more recent work demonstrates altered effective connectivity 

specifically in dyscalculic children.42 Longitudinal evidence 

further suggests that mathematical learning deficits originate 

from atypical development of a fronto-parietal brain network 

early in childhood.43 Taken together, these human data align 

with our observation that successful task performance depends 

on strong and sustained VIP-PFC communication, supporting 

the idea that disrupted fronto-parietal interactions constitute a 

core neural mechanism underlying both transient errors in pri

mates and persistent numerical learning difficulties in humans.

Current treatments for developmental dyscalculia rely largely 

on extensive behavioral training, often with limited success. A 

macaque model could provide a valuable platform for testing 

pharmacological interventions aimed at strengthening network 

connectivity. Both the parietal association cortex and the dorso

lateral prefrontal cortex (dlPFC) rely heavily on neuromodulatory 

mechanisms. For example, activation of muscarinic M1 recep

tors (M1Rs) enhances dlPFC circuit function by modulating 

neuronal excitability through KCNQ potassium channels. This 

mechanism supports working memory in primates.44 Cholinergic 

modulation likely interacts with other neuromodulatory systems, 

including dopamine and norepinephrine. These systems also 

shape dlPFC persistent activity and network stability.45–47

Although speculative, M1R agonists such as xanomeline may 

enhance VIP-dlPFC communication. The macaque model might 

be suitable for testing such interventions.

Limitations of the study

A limitation of our study is that time-lagged canonical correlation 

analysis does not provide direct evidence of causal information 

flow between VIP and dlPFC. The observed temporal asymme

tries are consistent with feedforward VIP-to-dlPFC communica

tion but could in principle also arise from a third area projecting to 

both regions with different delays. For instance, neurons in the 

medial temporal lobe of humans, such as parahippocampal 

area and hippocampus, also contain numerosity-selective neu

rons.48–50 While VIP-dlPFC interactions carry numerical informa

tion, future studies using causal manipulations, such as targeted 

inactivation or optogenetic perturbation, are needed to establish 

the functional influence of VIP on dlPFC.

We note that time-lagged canonical correlation analysis bene

fits from large simultaneously recorded populations, whereas 

our recordings included an average of 6.0 ± 0.2 sites in VIP 

and 6.3 ± 0.2 sites in dlPFC per session (43 sessions total). All an

alyses were based on multi-unit activity, which pools spiking 

from multiple neurons per electrode and increases robustness. 

The relatively modest population size may contribute to the lower 

canonical correlation values (∼0.3) compared to larger-scale 

tCCA studies (e.g., Semedo et al., 2022).29 Nevertheless, the 

temporal structure, task selectivity, and inter-areal patterns 

were consistent across sessions and animals, supporting the 

validity of our conclusions.

Future work should test causal links between parieto-frontal 

communication and numerical behavior using perturbation 

methods or causal modeling. Extending this work to develop

mental trajectories will also be critical, as fronto-parietal connec

tivity supporting numerical cognition emerges gradually during 

childhood and undergoes refinement with learning.41 Bridging 

primate neurophysiology with human neuroimaging could help 

identify conserved network mechanisms and, in turn, inform in

terventions for disorders such as developmental dyscalculia. 

More broadly, our approach illustrates how analyzing popula

tion-level communication between higher cortical areas can 

reveal principles of cognitive control and working memory that 

generalize beyond numerosity processing.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND PARTICIPANT DETAILS

Subjects

Two male adult rhesus monkeys (Macaca mulatta) were implanted with two recording chambers each, centered over the principal 

sulcus in the dorsolateral prefrontal cortex (PFC) and the intraparietal sulcus (IPS) in the posterior parietal cortex (monkey 1 and mon

key 2, both left hemisphere). Chamber implantation was guided by anatomical magnetic resonance imaging (MRI) and stereotaxic 

measurements. All surgeries were performed under sterile conditions while the monkeys were under general anesthesia. The mon

keys received postoperative antibiotics and analgesics. All procedures were performed in accordance with the guidelines for animal 

experimentation. All experimental procedures had been ethically reviewed and approved and were regulated and supervised by the 

national authorities, the Regierungspräsidium Tübingen, Germany.

METHOD DETAILS

Experimental apparatus and stimuli

Monkeys were seated inside primate chairs in a chamber 57 cm away from a 15′′ flat screen monitor (with a resolution of 1,024 by 768 

pixels and a refresh rate of 75 Hz). The NIMH Cortex software (Bethesda, MD) was used to present the stimuli and behavioral data 

acquisition. The monkeys’ eye gaze was tracked by an infrared eye tracking system (ISCAN, Cambridge, MA).

We used random dot arrays as numerosity stimuli ranging between 1 and 5 dots (diameter range from 0.5◦ to 0.9◦ of visual angle). 

Each unique dot pattern was presented on a gray background circle subtending 5.4◦ of visual angle and was used as sample and test 

stimulus. A custom-written MATLAB (The Mathworks, Natick, MA) program generated the stimuli anew before each recording ses

sion to prevent the monkeys from memorizing stimulus sequences. Sample and test stimulus of the same countable numerosity were 

never identical within a trial and session. In order to control for low-level, non-numerical visual features in half of the trials, dot diam

eters were selected randomly (standard protocol). In the other half of the trials, dot density and total occupied area were equated 

across stimuli (control protocol). Trials of the standard and control protocol were pseudo-randomly and unpredictably presented.

Behavioral protocol

We trained two macaque monkeys on a modified version of the delayed match-to-numerosity task in which the monkeys had to 

match test numerosities to sample numerosities (see Machts et al.20). Nonmatching numerosities that were presented between sam

ple and matching test stimulus had to be ignored. Up to three sequential numerical nonmatches were presented, i.e., the task con

sisted of up to three test phases and in each test phase the right or wrong numerosity could occur. A trial was initiated from the mon

keys by grabbing a bar and maintaining eye fixation within 3.5◦ of visual angle of a central white dot. Trials were immediately aborted 

(blue screen appears) and excluded from further analysis if the animals broke fixation. At first, a gray circular background was shown 

for 500 ms (pure fixation period). Subsequently, the sample stimulus containing 1 to 4 dots appeared for 600 ms. This sample stimulus 

had to be memorized over a delay of 1000 ms (again gray background circle) and had to be compared in a following sequence of test 

numerosities. Each test stimulus was presented for 800 ms with a 100 ms delay between each other. For the case that the numerosity 

in test stimulus was same as in the sample (match situation, 1–4), monkeys had to respond with a bar release. If the numerosities were 

different (nonmatch situation, 1–5), the animals continued to hold the bar. A nonmatch numerosity was never shown twice per trial. 

Sample numerosities and trial types (i.e., if no nonmatch, one nonmatch, two nonmatch or three nonmatch numerosities were 

REAGENT or RESOURCE SOURCE IDENTIFIER

Experimental models: Organisms/strains

Macaca mulatta German Primate Center, Göttingen www.dpz.eu

Software and algorithms

NIMH Cortex National Institute of 

Mental Health

https://www.nimh.nih.gov/labs-at-nimh/research- 

areas/clinics-and-labs/ln/shn/software-projects. 

shtml

MAP Data Acquisition System Plexon https://plexon.com/

MATLAB R2020b MathWorks https://www.mathworks.com

MATLAB code MathWorks https://doi.org/10.6084/m9.figshare.31235425
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presented) were balanced across conditions and displayed with equal probability (25% each, pseudo-randomly intermixed). Thus, 

monkeys could not predict when or whether the match stimulus would appear. Correct decision per trial was rewarded with a drop of 

water. In 25% of the trials, when presenting three nonmatch numerosities in sequence, monkeys were rewarded when holding the bar 

throughout the whole trial until display-offset. Since the number of trials a monkey can perform during an experimental session is 

limited (on average monkey 1 completed 483 trials and monkey 2 534 trials), not all possible combinations of sample (1–4) and 

test numerosities (1–5) could be presented. Therefore, a predefined collection of 64 unique sample-test-combinations was shown.

Neurophysiological recordings

In each session, arrays of up to eight glass-coated 1 MΩ tungsten microelectrodes (Alpha Omega LTD, Israel) were inserted in each 

recording chamber using custom-made screw microdrives and a grid (Crist Instruments, USA) with 1 mm spacing. To access the IPS, 

electrodes were passed along the course of it to a depth of 9–10 mm. A MAP Plexon system was used for signal acquisition, ampli

fication, filtering and digitalization. Multi-unit selection was performed offline by adjusting a threshold that separates noise from 

neuronal activity (Plexon Systems, USA).

QUANTIFICATION AND STATISTICAL ANALYSIS

Data analysis

To focus on network interactions, we analyzed thresholded multi-unit activity (MUA) rather than single-unit activity, using one MUA 

trace per electrode (up to eight per area). Across 43 sessions, an average of 6.0 ± 0.2 sites were recorded per session in VIP and 6.3 ± 

0.2 in dlPFC. Using MUA increases robustness by pooling spikes from multiple neurons per electrode and allowed us to correlate the 

full population activity between areas for all trials. Electrodes with an average firing rate below 0.5 spikes/s across trials were 

excluded from subsequent analyses.

All values in the main text and figures refer to the mean ± SEM. SEM was calculated as the standard deviation divided by the square 

root of the number of samples.

To ensure that our analysis was not contaminated by motor activity, we analyzed the network interactions between PFC and VIP 

just until the end of the delay period, i.e., the following analyses considered the fixation (500 ms), sample (600 ms) and delay period 

(1000 ms). We set a criterion of at least 50 recorded trials per correct and error trials, respectively. Furthermore, we used just sessions 

with at least four intact electrodes per brain area in order to capture robust brain interactions. 43 of 60 sessions fulfilled this criterion 

(12 sessions from monkey 1, 31 sessions from monkey 2).

Population correlation analysis

The population correlation analysis closely follows the description provided by Semedo et al.29 However, instead of single-unit ac

tivity, we correlated the entire recorded neuronal activity (multi-unit activity) of the inserted electrodes (freed from noise). To capture 

the relationship between neuronal activity across the two brain areas, we filtered out the ‘mean signal’ across the trials. To do this, we 

first z-scored the multi-unit activity and then subtracted the corresponding peri-stimulus time histogram (PSTH), resulting in residual 

activity. This process was repeated for each electrode separately, without considering the different sample sizes and protocols as 

individual groups. We then used CCA to identify pairs of dimensions in each brain area such that the correlation between the pro

jected activity onto these dimensions is maximized. This can be described by the following formula:

argmax
a;b

corr(Xa;Yb);

where X is a n×px matrix containing the residual activity of the VIP population, Y is a n×py matrix containing the residual activity of the 

PFC population, n represents the number of data points, and px and py are the number of electrodes in each of the two areas. The 

vectors a and b are one-dimensional and define dimensions in the population activity space of each area. CCA can identify additional 

pairs of dimensions by searching for vectors that maximize the same correlation, provided they are uncorrelated with the initial pair of 

canonical variables. However, our CCA identified just one pair of dimensions with significant population correlations, since the cor

relation values of the second canonical pair were, on average across all tested sessions, around 80% lower (correct trials: 78.1 ± 

2.26%; error trials: 76.9 ± 2.45%; N = 43 sessions). Therefore, we only considered the first canonical pair for our analyses.

To measure population correlations at different time points, we defined two time windows with a length of 160 ms in each area. 

These time windows with the starting times t1 and t2 relative to trial onset were slide in 20 ms steps along the trial length. While doing 

this we additionally shifted both windows against each other with a maximal lag of ±40 ms in 1 ms steps (d = t1 - t2) to compute pop

ulation correlations at different lag periods. Thus, defining the time within the trial as t = t1, each entry in the population correlation can 

described as follows:

C(t;d) = P(t; t + d) = max
a;b

corr(X ta;Y t + db);

Due to the relatively small number of trials per recording session (at least 50 trials per group; see above), we counted the spikes in 

each time window in non-overlapping 20 ms bins. This process resulted in a two-dimensional map containing the population corre

lation values for each time point and lag period. We created such maps separately for each recording session. To calculate the 
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population correlation maps for correct and error trials, we balanced the number of trials by setting a common value (50 trials) for each 

group. This process was repeated 25 times, with a different random subset of trials each time. The average of these 25 maps was 

taken as the final value for the respective session. Additionally, we calculated a null distribution for each session using the same pro

cedure described above, except that the neuronal activity was shuffled for each area and time window. This process was repeated 

500 times, and the resulting shuffled population correlation maps were used for a permutation test to determine whether the popu

lation correlation coefficient for each time bin could be explained by chance. The significance threshold was set to p < 0.05 (two- 

sided), meaning that the actual population correlation coefficient had to be greater than 97.5% of the values in the null distribution. 

We averaged the results across the 43 sessions that met our criteria and displayed the resulting population correlation map as a 

heatmap.

On the basis of population correlation maps, we computed for each session and each 20 ms time step a feedforward ratio in order 

to see at which time point the neuronal activity is more driven by a feedforward or feedback signal. The feedforward ratio is defined as 

follows:

Feedforward ratio = 
(AUCfeedforward −AUCfeedback)
(AUCfeedforward + AUCfeedback)

, where AUCfeedforward is the area under the positive-lag sides (or curve) of the popula

tion correlation map and AUCfeedback is the area under the negative-lag sides of the population correlation map. By creating a shuffled 

distribution, we were able to see which ratio was significantly above chance or not. To do this, we eliminated the correspondence 

whether the calculated population correlation coefficients belong to the negative or positive lag. We performed this process 500 

times and for each time bin separately. The significance threshold was set to p < 0.05 (two-sided). Furthermore, we compared 

the AUC values for the positive and negative lags between the correct and error trials by using a two-sided Wilcoxon signed-rank 

test. Analogous to what was described above, we used the shuffled distribution of population correlation maps to create a signifi

cance threshold (p < 0.05, two-sided).

Finally, we calculated mean population correlation functions which refer to the average of all population correlation functions 

across the time lags between the brain areas (−40 ms till +40 ms). These functions were constructed for correct and error trials 

und compared by a two-sided Wilcoxon signed-rank test. For visualization, the differences between the functions were plotted.

Centroid-based lag estimation

To characterize the temporal structure of inter-areal correlations, we quantified the lag at which canonical correlations peaked for 

each time bin during correct trials. For each bin, the lag of the maximum CCA value was identified from the time-lagged correlation 

matrix. To assess the robustness of these lag estimates, we computed a centroid around each peak, defined as the range of lag 

values encompassing the 95th percentile of CCA values centered on the maximum. The centroid provides a measure of the temporal 

spread of the correlation peak and was used for visualization. All analyses used the same preprocessing and CCA parameters as in 

the main analyses.

Population correlation analysis for specific neuronal populations

To examine the contribution of numerosity-selective neuronal populations to inter-areal communication, we repeated the canonical 

correlation analysis after stratifying multi-unit activity (MUA) by task selectivity. MUAs were classified as sample-selective, delay-se

lective, or non-selective based on numerosity tuning during the sample and/or delay period, using the same criteria as our single-unit 

analyses (one-way ANOVA, factor numerosity, p < 0.01; see Machts et al.20). Neuronal responses during the sample period were 

quantified in a 600-ms window, shifted 100 ms after sample onset to account for typical visual response latency. Delay-period activity 

was analyzed in a 1000-ms window, shifted 100 ms after sample offset.

All recording sessions included in the main correct/error trial analyses were also used here. However, stratifying by selectivity re

duces the number of available MUAs per class. Therefore, the analysis required a minimum of one MUA per cortical area (VIP and 

dlPFC) and selectivity class per session, rather than the four-MUA minimum used in the main analyses.

MUAs selective during both sample and delay periods were included in both the sample- and delay-selective groups. Using this 

criterion, heatmaps of time-lagged CCA values were constructed from 43 sessions: 29 sessions with non-selective MUAs, 38 with 

sample-selective MUAs, and 40 with delay-selective MUAs. Apart from the adjusted inclusion criterion, the CCA procedure, prepro

cessing, and statistical analyses were identical to those in the main analyses.
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A B S T R A C T

Non-symbolic numerical competence, supported by the approximate number system (ANS), is widespread across 
animals, yet it remains unclear whether similar numerical performance re1ects shared cognitive mechanisms. We 
compared two rhesus monkeys and two carrion crows on an extended delayed match-to-numerosity task. Ani
mals viewed a sample numerosity (one to four), maintained it across a delay, and searched sequentially through 
up to three test displays for a match. Behavioral accuracy was comparable across species, with both showing 
classical ANS signatures such as numerical distance and numerical size effects. However, reaction-time analyses 
revealed striking species differences: monkeys' responses slowed with increasing numerosity and later test 
phases, whereas crows responded faster over later test phases and showed numerosity-invariant reaction times. 
Classi8er decoding further con8rmed that numerosity and test phase were strongly re1ected in monkeys' reaction 
times but only weakly in crows'. These 8ndings demonstrate that equivalent numerical performance can arise 
from fundamentally different cognitive strategies, as revealed by distinct reaction-time dynamics, highlighting 
how evolutionary constraints shape species-speci8c solutions to the same computational problem.
One-sentence summary: Monkeys solve an abstract-category delayed match-to-sample task through slow, capacity- 
limited, sequential checking, whereas crows rely on fast, parallel, anticipatory processing with reduced working- 
memory load.

1. Introduction

Non-symbolic numerical competence is widespread across animals 
and supports adaptive decision-making (Brannon & Terrace, 1998; 
Howard, Avarguès-Weber, Garcia, Greentree, & Dyer, 2018; Nieder, 
2020; Potrich, Zanon, & Vallortigara, 2022; Rugani, Fontanari, Simoni, 
Regolin, & Vallortigara, 2009; Scarf, Hayne, & Colombo, 2011; 
Stancher, Rugani, Regolin, & Vallortigara, 2015). Among vertebrates, 
both monkeys (primates) and crows (corvids) can discriminate, 
remember, and act upon numerical quantities (Cantlon & Brannon, 
2006; Ditz & Nieder, 2016; Merten & Nieder, 2009). These behaviors are 
commonly attributed to the approximate number system (ANS), a 
domain-general mechanism that allows numerical estimation when 
explicit counting is not possible (Nieder, 2025, 2026). As a signature of 
the ANS, monkeys and corvids follow similar psychophysical principles 
— including the numerical distance effect (performance improves as the 
numerical difference between quantities increases), the numerical size 

effect (performance declines as overall magnitude increases) (Ditz & 
Nieder, 2016; Merten & Nieder, 2009), and systematic cognitive judg
ment biases (Jannasch, Grüb, & Nieder, 2025).

In addition to the ANS, numerical cognition research has proposed a 
second mechanism, the object tracking system (OTS), which is thought 
to support precise representation of small numerosities by assigning 
markers (or pointers) to small numbers of individual elements (typically 
up to ~3–4 items) (Pylyshyn, 2001). Whereas the ANS is characterized 
by ratio-dependent performance consistent with Weber's law, OTS pro
cessing is typically associated with rapid and accurate individuation of 
small sets without ratio dependence. Both systems are thought to coexist 
and may contribute differentially depending on task demands and nu
merical range (Feigenson, Dehaene, & Spelke, 2004).

So far, it remains unclear how closely the behavioral signatures of 
numerosity discriminations in monkeys and crows align under identical 
task conditions; whether the two species share not only the same per
formance outcomes but also the same cognitive strategies. Primates and 
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songbirds differ in telencephalic brain neuroanatomy (layered cortex vs. 
nuclearly organized pallium, respectively) and sensorimotor systems 
(eye–hand vs. eye–beak). These differences might indicate that even 
when performing the same task, the species may rely on distinct 
cognitive strategies.

To address this question, we trained two rhesus monkeys and two 
carrion crows on an extended delayed match-to-numerosity task. Ani
mals viewed a brie1y presented sample numerosity, maintained it across 
a delay, and then searched for the matching numerosity in up to three 
sequential test displays. By varying target numerosity (one to four) and 
the number of nonmatching items, the task exhibited different demands 
on numerical discrimination, working memory, and recognition.

These manipulations are known to affect cognitive processes in 
humans, suggesting that similar cognitive constraints could in1uence 
nonhuman animals. For example, human studies show that multiple 
nonmatch distractors can induce sequential search, slowing reaction 
times and reducing accuracy (Pomè, Anobile, Cicchini, Scabia, & Burr, 
2019; Railo, Koivisto, Revonsuo, & Hannula, 2008; Vetter, Butterworth, 
& Bahrami, 2008). Likewise, maintaining a visuo-spatial working- 
memory load while judging multi-item arrays reduces numerosity pre
cision (Castaldi, Piazza, & Eger, 2021; Ester, Ho, Brown, & Serences, 
2014). Together, these 8ndings imply that task complexity interacts 
with memory and attention to shape numerosity judgments. This 

motivates a cross-species comparison to determine whether monkeys 
and crows are subject to similar cognitive constraints. Speci8cally, 
comparing their respective performances under identical task conditions 
can reveal whether similar accuracy re1ects shared mechanisms or 
different processing styles, and how neural and memory constraints 
shape reaction-time patterns.

2. Results

2.1. Behavioral accuracy

Two monkeys and two crows were trained on a modi8ed delayed 
match-to-numerosity task (Machts, Grüb, & Nieder, 2025; Machts & 
Nieder, 2026). They viewed sample numerosities from one to four, fol
lowed by a delay. Each trial then included up to three sequential test 
phases presented in equal proportion (see Materials and Methods, 
Fig. 1A). In each phase, the animals searched for a numerosity that 
matched the sample. They were rewarded for selecting a matching 
numerosity in any of the test displays, which encouraged them to inspect 
each stimulus carefully and continue searching until they found the 
match.

Both the monkeys and the crows mastered the task (Fig. 2). They 
reached similar mean performance levels across sessions, all well above 

Fig. 1. Task protocol. (A) Both monkeys and crows performed a delayed match-to-sample task involving dot numerosities. The monkeys initiated a trial by grabbing 
the response bar and 8xating on the 8xation target, whereas the crows had to position their heads centrally in front of the monitor to close an infrared light barrier. 
These actions had to be maintained throughout the task, until the monkeys released the bar or the crows pecked at the touchscreen. During a sample phase, a sample 
stimulus with numerosities ranging from 1 to 4 was presented, followed by a delay phase. The monkeys and crows had to respond whenever a numerosity matching 
the sample was presented in one of three subsequent test phases. The monkeys had to respond by releasing the bar and the crows had to respond by moving the head 
out of the IR-light barrier. They had to refrain from responding whenever nonmatching numerosities (ranging from 1 to 5) were presented in the test phases. Up to 
three sequential test phases (Test 1 – Test 3) were presented pseudo-randomly in different trial conditions; in each test phase, a matching or nonmatching numerosity 
could appear. If the 8nal Test 3 phase showed a nonmatch, the monkey had to maintain the bar and the crow had to withhold the pecking response until after the 
display offset. This resulted in a total of four different trial conditions. Sample numerosities and trial conditions were presented in a random and balanced way. (B) 
The spatial arrangement and diameter of the dots varied depending on the stimulus protocol. The standard stimuli featured randomly positioned and sized dots. In 
50% of the trials, the standard stimuli were used, whereby an increasing number of dots resulted in an increasing occupied area. Therefore, control stimuli were 
presented in the remaining 50% of trials. In these, the dot density and total occupied area were equated across numerosities. Dot density was de8ned as the average 
distance between the centers of all dots on a numerosity display. Total occupied area was de8ned as the cumulative surface area of all the dots on a numerosity 
display. Thus, as the numerosity increased, the diameter of the dots decreased in the control stimuli. Both standard and control stimuli were presented pseudo- 
randomly and with equal frequency.
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the 25% chance level (Monkey 1: 27 sessions, 61.32 ± 1.36%, p < 0.001; 
Monkey 2: 33 sessions, 60.95 ± 0.58%, p < 0.001; Crow 1: 20 sessions, 
59.90 ± 0.64%, p < 0.001; Crow 2: 20 sessions, 64.30 ± 1.14%, p <
0.001; Binomial test). Furthermore, to assess the animals' ability to 
identify the correct matching numerosity while ignoring nonmatching 
numerosities, we computed behavioral performance functions for each 
session. These functions quantify the probability that monkeys and 
crows judged a test numerosity as equal to the sample. Across all sample 
numerosities, both species selected the matching numerosity more often 
than any nonmatching numerosity (Fig. 2A, C, I, K).

Consistently, performance was highest for numerosity 1 (Monkey 1: 
95.02 ± 1.12%; Monkey 2: 96.01 ± 0.52%; Crow 1: 98.12 ± 0.47%; 
Crow 2: 98.02 ± 0.48%). Accuracy declined as numerosity increased. 
For numerosity 4, peak performance dropped to 56.31 ± 1.96% 

(Monkey 1), 64.57 ± 1.99% (Monkey 2), 66.08 ± 1.37% (Crow 1), and 
68.45 ± 1.63% (Crow 2). As predicted by the numerical distance effect 
— which posits that neighboring numerosities are the hardest to 
discriminate (Ditz & Nieder, 2016; Kirschhock, Ditz, & Nieder, 2021; 
Merten & Nieder, 2009; Nieder & Miller, 2003) — both monkeys and 
crows made the most errors when nonmatching numerosities were 
adjacent to the target. Their accuracy improved noticeably as the non
match numerosities became more distant from the target. Additionally, 
performance functions systematically widened as target numerosities 
increased, re1ecting the numerical size effect, which indicates that 
discriminating larger numerosities is more dif8cult at a given numerical 
distance (Nieder, 2020). These patterns show that both species exhibit 
the hallmarks of the approximate number system (ANS) — a non- 
symbolic estimation system also observed in humans when counting is 

Fig. 2. Behavioral performance. (A, C, I, K) The behavioral performance functions of two monkeys and two crows are shown for sample numerosities of 1–4 (Monkey 
1: 27 sessions; Monkey 2: 33 sessions; Crow 1: 20 sessions; Crow 2: 20 sessions). These functions re1ect the probability that a monkey or a crow will judge a display in 
the test period as containing the same number of items as the sample numerosity (indicated by the solid line in four colors). The peak data points of each colored 
function indicate correct sample matching. Data points in the 1anks re1ect incorrect responses to non-matching numerosities. The black dotted line indicates the 
average performance for each sample numerosity. The error bars indicate the standard error of the mean (SEM) across sessions. (B, D, J, L) Average correct per
formance of the two monkeys and two crows to the four sample numerosities and the four test conditions (NM = nonmatch). Grey dashed line indicates chance level 
at 25%. Error bars indicate the SEM across sessions. (E, G, M, O) Distributions of widths (σ of 8tted Gauss curves) for each sample numerosity 1 to 4 on linear 
numerical scaling are plotted as box plots (horizontal line indicate the median values). Dashed black line show the linear 8t of Gauss width as a function of sample 
numerosity. (F, H, N, P).Mean Weber fractions (W, solid black line) for smaller (WS, solid grey line) and larger (WL, black dashed line) sample numerosity 
discrimination. Animal silhouettes available from phylopic.org under creative commons license.
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prevented and they must rely on estimating numerosity (Merten & 
Nieder, 2009; Nieder, 2026).

Next, we calculated the average performance for each trial type—no 
nonmatch, one nonmatch, two nonmatches, and three nonmatches 
across all four sample numerosities (Fig. 2B, D, J, L). As expected, the 
number of nonmatch numerosities affected both species' ability to recall 
and identify the matching numerosity (three-way ANOVA with factors 
‘number of nonmatches’, ‘sample numerosity’ and ‘stimulus protocol’; 
Monkey 1: F(3,841) = 79.74, p < 0.001; Monkey 2: F(3,1033) = 73.45, 
p < 0.001; Crow 1: F(3,617) = 70.63, p < 0.001; Crow 2: F(3,617) =
61.78, p < 0.001). Compared to trials with no nonmatch numerosities, 
both monkeys' and crows' overall performance declined progressively as 
the number of nonmatches increased. This drop in performance likely 
re1ects the growing cognitive demands on recognition memory (Machts 
et al., 2025). Monkey 1, Crow 1, and Crow 2—but not Monkey 
2—showed a slight, idiosyncratic performance increase for numerosities 
following three nonmatches.

Furthermore, behavioral performance in both species depended on 
the sample numerosity within each trial type, shown by a signi8cant 
interaction between trial type and sample numerosity (Monkey 1: F 
(9,841) = 6.85, p < 0.001; Monkey 2: F(9,1033) = 4.71, p < 0.001; 
Crow 1: F(9,617) = 8.00, p < 0.001; Crow 2: F(9,617) = 10.63, p <
0.001). Re1ecting the numerical size effect, trials with numerosity 1 
were the easiest for both monkeys and crows, while trials with numer
osity 4 were the most challenging for the monkeys (Fig. 2B, D, J, L). 
Despite this, average performance across all trial types and sample 
numerosities was signi8cantly above chance (p < 0.05, Binomial test), 
showing that both species were able to identify the correct numerosity 
most of the time.

Additionally, we used the three-way ANOVA to evaluate whether 
non-numerical visual cues in1uenced performance. The control protocol 
equated dot density and total occupied area across numerosities to 
minimize potential reliance on continuous visual variables. In crows, the 
analysis revealed no signi8cant main effect of stimulus protocol and no 
signi8cant interactions involving stimulus protocol (all p > 0.05), 
indicating that performance was indistinguishable between standard 
and control stimuli.

In monkeys, we observed statistically signi8cant main effect of 
stimulus protocol (Monkey 1: F(1,1033) = 35.51, p = 0.0353; Monkey 2: 
F(1,841) = 4,44, p < 0.001). However, the magnitude of this effect was 
minute: performance differences between protocol types were only 
approximately 3–4% (Monkey 1: standard 61.3%, control 58.2%; 
Monkey 2: standard 63.3%, control 59.2%). Consistent with this, the 
corresponding effect sizes were small (Monkey 1: partial η2 

< 0.01; 
Monkey 2: partial η2 ≈ 0.03), indicating that the in1uence of stimulus 
protocol accounted for less than 1% in Monkey 1 and around 3% in 
Monkey 2 of the variance in behavioral performance.

In addition, weak interactions involving stimulus protocol were 
observed in individual animals. In one monkey, stimulus protocol 
interacted with the number of nonmatches (Monkey 1: F(3,1033) =
5.21, p < 0.01, partial η2 ≈ 0.01), whereas in the other monkey an 
interaction between stimulus protocol and sample numerosity was 
detected (Monkey 2: F(3,841) = 7.18, p < 0.001, partial η2 ≈ 0.02). 
However, these effects were small in magnitude, with effect sizes indi
cating that the interactions accounted for only a minor proportion of the 
variance. Overall, these results suggest that continuous visual variables 
such as dot density or total occupied area had only a limited in1uence on 
behavioral performance and cannot account for the main numerical 
effects observed in the task.

To formally quantify the numerical scaling properties of the behav
ioral performance functions, we 8tted Gaussian functions to the tuning 
curves for each sample numerosity and estimated the width parameter 
(σ) of the 8ts. The width of the tuning curves increased systematically 
with increasing numerosity, indicating broader discrimination functions 
for larger numerosities (Fig. 2E,G,M,O). To test this relationship statis
tically, we correlated σ with sample numerosity. For all animals, σ 

increased signi8cantly with numerosity (Pearson correlation: Monkey 1: 
r = 0.55, p < 0.001; Monkey 2: r = 0.73, p < 0.001; Crow 1: r = 0.80, p 
< 0.001; Crow 2: r = 0.94, p < 0.001).

In addition, we calculated Weber fractions derived from the behav
ioral tuning functions (Fig. 2F, H, N, P). These remained roughly con
stant across numerosities (~0.25), consistent with Weber-like scaling. 
Together, these results demonstrate that behavioral performance fol
lows classical signatures of the approximate number system (ANS).

2.2. Reaction times

Although both species showed similar behavioral performance, re
action times (RTs) differed clearly between monkeys and crows. RT was 
measured for each matching numerosity and de8ned as the time from 
display onset to the animal's response — bar release for monkeys or 
touchscreen peck for crows (display duration: 800 ms). To account for 
visual processing and motor preparation, only responses of at least 100 
ms after display offset were allowed (see Materials and Methods).

Both monkeys showed a positive relationship between RT and test 
phase for all four matching numerosities: they responded more slowly as 
the test phase increased (Fig. 3A, C). This effect was strongest for 
numerosities 2–4 and weaker or absent for numerosity 1 (Pearson 

Fig. 3. Reaction times (RT) for correct responses to the matching test stimulus, 
categorized by the three test phases. (A, B, C, D) The colored boxplots indicate 
the RT for the respective matching numerosities (1–4) that the monkeys and 
crows should match to. The edges of the boxes represent the 25th and 75th 
percentiles, and the black dot inside the boxes demark the respective medians. 
Outliers are indicated by colored circles. Note that the monkeys become slower 
as the number of tests increases and the crows become faster (Monkey 1: 27 
sessions; Monkey 2: 33 sessions; Crow 1: 20 sessions; Crow 2: 20 sessions). (E) 
The RTs for the three test phases were 8tted using a linear function (linear 
regression). The resulting slopes were plotted as boxplots for the respective 
matching numerosities (1–4) and compared between monkeys and crows using 
a Wilcoxon rank sum test. A positive slope indicates that the animals are getting 
slower with increasing test phase, while a negative slope indicates that they are 
getting faster. See (A, B, C, D) for boxplot description. ***: p < 0.001. Animal 
silhouettes available from phylopic.org under creative commons license.
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correlation; Monkey 1: numerosity 1: r = 0.17, p = 0.136; numerosity 2: 
r = 0.79, p < 0.001; numerosity 3: r = 0.73, p < 0.001; numerosity 4: r =
0.79, p < 0.001; Monkey 2: numerosity 1: r = 0.73, p < 0.001; numer
osity 2: r = 0.81, p < 0.001; numerosity 3: r = 0.84, p < 0.001; 
numerosity 4: r = 0.82, p < 0.001).

Interestingly, the pattern was reversed in crows (Fig. 3B, D). Both 
crows showed a negative relationship between RT and test phase: they 
responded faster as the test phase increased. Pearson correlations were 
as follows: Crow 1: numerosity 1: r = −0.78, p < 0.001; numerosity 2: r 
=−0.80, p < 0.001; numerosity 3: r =−0.86, p < 0.001; numerosity 4: r 
= −0.86, p < 0.001; Crow 2: numerosity 1: r = −0.07, p = 0.608; 
numerosity 2: r =−0.68, p < 0.001; numerosity 3: r =−0.63, p < 0.001; 
numerosity 4: r = −0.51, p < 0.001.

This pattern was con8rmed by 8tting a linear function to the RTs for 
each matching numerosity across the three test phases and calculating 
the slopes (Fig. 3E). Within each species, slope steepness was qualita
tively similar across numerosities. Monkeys showed positive slopes, 
indicating slower responses with later test phases, whereas crows 
showed negative slopes, indicating faster responses. The slopes differed 
highly and signi8cantly between monkeys and crows (numerosity 1: Z =
−6.564, p < 0.001; numerosity 2: Z = −8.411, p < 0.001; numerosity 3: 
Z = −8.154, p < 0.001; numerosity 4: Z = −8.396, p < 0.001; Wilcoxon 
rank sum test, two-sided). Notably, slope steepness was much weaker for 
numerosity 1 compared to the other numerosities in both species — 

especially in monkeys (Monkey 1: 3.17; Monkey 2: 38.69; Crow 1: 
−19.00; Crow 2: −5.50) — indicating that responses to numerosity 1 
were less in1uenced by increasing test phases.

We also observed differences in how the animals responded to 
different numerosities within a test phase. Monkeys were fastest for 
numerosity 1 and progressively slower for higher numerosities (Fig. 3A, 
C). Monkey 1's median RTs for numerosity 1 were 409.63 ms, 428.70 ms, 
and 409.83 ms across the three test phases; Monkey 2's were 413.88 ms, 
437.51 ms, and 485.32 ms. In contrast, both monkeys responded slowest 
to numerosity 4. Monkey 1's RTs were 547.23 ms, 592.78 ms, and 
775.68 ms; Monkey 2's RTs were 574.59 ms, 624.23 ms, and 833.19 ms.

Notably, this gradation was absent in both crows, which responded 
to all four numerosities with similar RTs (Fig. 3B, D). For Crow 1, me
dian RTs for numerosity 1 were 256.75 ms, 224.75 ms, and 217.25 ms 
across the three test phases, and for numerosity 4 they were 242.75 ms, 
262.25 ms, and 261.75 ms. For Crow 2, median RTs for numerosity 1 
were 359.50 ms, 280.75 ms, and 249.50 ms, and for numerosity 4 they 
were 269.00 ms, 244.00 ms, and 232.00 ms.

2.3. SVM classi2er predicts numerosity and test phase based on the 
reaction times

Collectively, our analyses indicate that, unlike carrion crows, rhesus 
monkeys respond distinctively to both numerosity and test phase in our 
task. To con8rm this, we used an SVM classi8er to predict numerosity 
and test phase based on each animal's reaction times, training the clas
si8er separately for each subject with 7-fold cross-validation and 150 
resampling iterations. Because decoding accuracy depends on sample 
size, we created pseudo-populations to balance the number of sessions 
between monkeys and crows. The SVM classi8er performed well above 
the 8.33% chance level for both monkeys and crows (Fig. 4A). However, 
monkeys achieved signi8cantly higher decoding accuracy than crows (Z 
= −19.0613, p < 0.001, Wilcoxon rank sum test, two-sided). Decoding 
success was similar between the two monkeys, with no signi8cant dif
ference (Monkey 1: 43.94%, Monkey 2: 44.84%; Z = −0.5394, p =
0.590). In crows, decoding success was higher in Crow 1 (32.68%) than 
in Crow 2 (27.10%; Z = 8.3495, p < 0.001, Wilcoxon rank sum test, two- 
sided).

In addition to overall decoding accuracy, we generated confusion 
matrices for each animal from the classi8er's predictions. In monkeys, 
the highest accuracy clearly aligned along the main diagonal (Fig. 4B, 
D), indicating reliable classi8cation. This pattern was absent in crows, 

where decoding of individual classes was indistinguishable (Fig. 4C, E). 
These results show that an ideal observer could predict numerosity and 
test phase from RTs far more accurately in rhesus monkeys than in 
carrion crows.

2.4. Accuracy in relation to reaction times

Finally, we examined the relationship between accuracy and 

Fig. 4. Decoding numerosity and test phase from RT with a SVM classi8er. (A) 
Mean decoding accuracy of the classi8er for true and shuf1ed labels. The edges 
of the boxes represent the 25th and 75th percentiles, and the black dot inside 
the boxes the respective medians. Outliers are indicated by colored circles. Grey 
dashed line indicates chance level at 8.33%. Decoding accuracy was tested 
between the animals using a Wilcoxon rank sum test. ***: p < 0.001; n.s.: not 
signi8cant. (B-E) Confusion matrices for sessions with at least 7 RTs for each 
correct match numerosity and test phase (Monkey 1: 18 sessions; Monkey 2: 29 
sessions; Crow 1: 20 sessions; Crow 2: 20 sessions). Rows within the confusion 
matrices correspond to classi8cation performance curves per numerosity and 
test phase, which was evaluated by a seven-fold cross-validation within the 
sessions. The sessions count was balanced across the animals by creating pseudo 
populations. The scaling of color maps is the same across the four confusion 
matrices. Color values in the confusion matrices show the average over cross- 
validation runs and 150 resamples. Note that for both monkeys, the classi8er 
can predict the correct match numerosity of the respective test phase based on 
the RT, whereas this is not possible for neither crows.
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reaction time using Pearson correlations for each numerosity and test 
phase. Both monkeys tended to respond faster when performing well, 
although this pattern was not consistent across all numerosities and test 
phases and was more pronounced in Monkey 1 (Fig. 5A, C). No signif
icant cases were found where monkeys were slower when performing 
well. In contrast, crows tended to be slower when performing well, with 
this effect being more noticeable in Crow 2 (Fig. 5B, D). As with mon
keys, this opposite effect — faster responses with better performance — 

was not statistically signi8cant in crows. Importantly, faster RTs in 
crows were not associated with reduced accuracy; if anything, higher 
performance tended to co-occur with shorter reaction times, arguing 
against a simple speed–accuracy tradeoff.

3. Discussion

We found that monkeys' reaction times (RTs) increased with later 
test phases and larger numerosities, whereas crows' RTs decreased with 
test phase and remained largely invariant across numerosities. SVM 
decoding revealed strong structure in monkeys' RTs but only weak 
structure in crows', while overall accuracy was comparable across spe
cies. These results indicate that, despite similar performance levels, 
monkeys and crows solve the same numerical task using fundamentally 
different cognitive strategies. Both species show signatures of the 
approximate number system (ANS), yet their opposing temporal pro8les 
suggest that monkeys' behavior is best explained by slow, memory- 
dependent, sequential evaluation, whereas crows' behavior is consis
tent with fast, parallel processing strategies.

Because the present study included numerosities up to 8ve, it is 
conceivable that object tracking system (OTS)-related mechanisms 
contributed to performance. However, the behavioral signatures 
observed here even for small numerosities—most notably the ratio- 
dependent discrimination performance consistent with Weber's law
—align more closely with predictions of ANS-based processing. This is 
consistent with previous studies reporting ratio-dependent discrimina
tion across small and large numerosities in these trained species 

(Cantlon & Brannon, 2006; Ditz & Nieder, 2015, 2016; Jannasch et al., 
2025; Jordan & Brannon, 2006; Liao, Brecht, Veit, & Nieder, 2024; 
Merten & Nieder, 2009; Nieder & Miller, 2003). Given this shared 
Weber-like scaling across numerosities, we would therefore expect the 
species-speci8c reaction time dynamics observed here to persist even for 
larger sample numerosities.

3.1. Monkeys use a slow, sequential, memory-limited search strategy

Monkeys responded more slowly when the target appeared later in 
the sequence and when numerosity increased. The SVM classi8er could 
reliably decode both numerosity and test phase from monkeys' RTs, 
con8rming that their behavior carries strong signatures of serial, 
memory-dependent evaluation that resembles controlled processing in 
humans. Their performance slows when more items must be processed 
or when the target appears later in a sequence, indicating that working- 
memory load increases over time (Yakovlev, Bernacchia, Orlov, Hoch
stein, & Amit, 2005). Monkeys also rely on serial, position-based 
encoding, as shown by ordinal-position errors in sequence recall tasks 
(Orlov, Yakovlev, Amit, Hochstein, & Zohary, 2002). Even in numer
osity judgments — often thought to be fast and parallel — reaction times 
rise with numerical magnitude, suggesting that decisions become slower 
as quantity increases (Nieder & Miller, 2004). Monkeys also fail to 
extract relational or structural patterns from sequences and instead 
depend on item-speci8c working-memory representations, which 
require more effort and are less ef8cient than human strategies (Zhang 
et al., 2022). Neurophysiological studies further show that monkeys 
hold a target numerosity in working memory and check each test display 
in sequence, using sustained prefrontal and parietal activity to guide 
recognition (Machts et al., 2025). Together, these 8ndings indicate that 
monkeys rely on slow, effortful, and capacity-limited processing when 
they must maintain information and evaluate items one by one. This 
aligns with evidence that primate numerical cognition depends on 
fronto-parietal working memory in sequential numerical tasks (Nieder, 
2012; Nieder, Diester, & Tudusciuc, 2006).

We acknowledge that the motor responses required from monkeys 
and crows were not identical: monkeys released a bar, whereas crows 
moved their heads out of a light barrier. However, in both cases the task 
required an active, self-initiated movement to report the decision. We 
therefore consider it unlikely that these relatively small differences in 
response modality account for the relative differences in reaction times 
observed between the two species.

3.2. Crows appear to use a parallel, rapid, or anticipatory strategy

Crows, in contrast, responded faster with later test phases and 
showed near-constant RTs across numerosities, indicating that neither 
working-memory load nor numerical magnitude imposed measurable 
costs. Importantly, the speeding observed in crows across later test 
phases cannot be explained by a simple speed–accuracy tradeoff, as 
faster responses were not associated with reduced performance; if any
thing, higher accuracy tended to co-occur with shorter reaction times. 
This stands in sharp contrast to the monkeys' behavior. Crows also 
showed shallower SVM decoding accuracy: numerosity and test phase 
could still be decoded above chance, but with markedly weaker struc
ture, consistent with less systematic variation in RTs.

This pattern matches a body of evidence suggesting that avian nu
merical processing is rapid, parallel, and feedforward-like. Even 
numerically naïve crows possess neurons tuned to visual numerosity 
(Wagener, Loconsole, Ditz, & Nieder, 2018), and young chicks show 
similar innate number-selective coding (Kobylkov, Mayer, Zanon, & 
Vallortigara, 2022). Crows also rely on approximate magnitude repre
sentations rather than serial counting across sequential and simulta
neous inputs (Ditz & Nieder, 2020). Their numerosity-to-action 
behavior, performed with very short response latencies (≈389–444 ms), 
likewise suggests rapid stimulus–response mapping without heavy 

Fig. 5. Pearson correlation coef8cients showing the relationship between 
performance and RT. (A, B, C, D) A Pearson correlation was used to investigate 
the relationship between performance and RT of monkeys and crows. The 
resulting correlation coef8cients (Pearson‘s r) were plotted for each correct 
match numerosity and test phase. Both monkeys tend to have a negative cor
relation, i.e. they have a better performance when they are faster. In contrast, 
crows tend to have a positive correlation, i.e. they have a better performance, 
when they are slower. Stars above or below the bars indicate statistical sig
ni8cance for the respective correlation coef8cient. *: p < 0.05, **: p < 0.01, 
***: p < 0.001. Animal silhouettes available from phylopic.org under creative 
commons license.
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memory involvement (Kirschhock & Nieder, 2022). These 8ndings 
support the interpretation that crows rely on fast, low-cost perceptual 
strategies, with reduced dependence on sequential checking or sustained 
working memory (Bobrowicz & Osvath, 2019).

3.3. Different cognitive strategies despite similar accuracy

The opposing temporal signatures — load-dependent slowing in 
monkeys versus anticipatory speeding in crows — demonstrate that 
similar behavioral performance does not imply shared cognitive mech
anisms. Monkeys appear to rely on capacity-limited, controlled pro
cesses, whereas crows employ fast, parallel, and heuristic strategies. 
This divergence re1ects a broader comparative pattern: evolution can 
produce convergent cognitive abilities while relying on distinct neural 
architectures and computational solutions (Nieder, 2021; Olkowicz 
et al., 2016). Future work should examine whether these species dif
ferences persist under controlled temporal conditions, in the presence of 
distractors, or with increased working-memory demands.

4. Methods

4.1. Experimental animals

We trained two male adult rhesus monkeys (Macaca mulatta, named 
Monkey 1 and Monkey 2) and two adult carrion crows (Corvus corone, 
named Crow 1 and Crow 2) at the institute's facility and acquired data 
from them. The monkeys were housed socially under a 12/12-h light
–dark cycle. They were provided with environmental enrichment for 
climbing and foraging, and had access to primate food at all times, with 
fresh fruit and vegetables provided at regular intervals. During the ex
periments, the monkeys were kept on a controlled water protocol and 
earned water as a reward during training.

The crows were housed in small social groups in large indoor avi
aries. They were kept on a controlled feeding protocol and earned food 
as a reward during training. If necessary, water/food was supplemented 
after the sessions. All experimental procedures had been ethically 
reviewed and approved and were regulated and supervised by the na
tional authorities, the Regierungspräsidium Tübingen, Germany.

4.2. Experimental apparatus and stimuli

Training sessions were conducted for both animal species in a 
darkened operant conditioning chamber. The monkeys were seated in 
primate chairs 57 cm from a 15-in. 1at-screen monitor with a resolution 
of 1024 × 768 pixels and a refresh rate of 60 Hz. An infrared eye- 
tracking system (ISCAN, Cambridge, MA) was used to control eye 8xa
tion while presenting test stimuli. An automated water dispenser was 
used for reward delivery.

The crows were loosely strapped to a wooden perch with leather 
jesses for training and positioned in front of a 15-in. touchscreen 
monitor (3 M Microtouch; 60 Hz refresh rate). An infra-red (IR) light 
barrier ensured that the crows kept their heads still and maintained a 
central head position in front of the monitor at a viewing distance of 14 
cm throughout the trial. This light barrier consisted of an infrared light 
emitter/detector 8xed to the ceiling of the chamber and a re1ector foil 
attached to the crow's head. The reward (Birdseed pellets and meal
worms) was delivered by an automated feeder that was positioned 
below the monitor. Loudspeakers (Visation WB10) were installed in the 
chamber to provide auditory feedback, and an infrared camera (Genius 
iSlim 321R) was installed to enable observational control. The NIMH 
Cortex software (Bethesda, MD) was used to present the stimuli and 
acquire behavioral data in both set-ups.

We used random dot arrays as stimuli representing numerosities 
ranging from one to 8ve dots. The diameter of these dots ranged from 
0.5◦ to 0.9◦ for the monkeys and from 1.2◦ to 5.5◦ for the crows. Each 
unique dot pattern was presented on a grey background circle 

subtending 5.4◦ (for the monkeys) and 26.1◦ (for the crows) of visual 
angle. This pattern was used as both the sample stimulus and the test 
stimulus. To prevent the monkeys and crows from memorizing stimulus 
sequences, a MATLAB (The MathWorks, Natick, MA) program generated 
the stimuli anew before each training session. The sample and test 
stimuli of the same countable numerosity were never identical within a 
trial or session. To control for low-level, non-numerical visual features, 
dot diameters were randomly selected in half of the trials (standard 
protocol, Fig. 1B). In the other half of the trials, the dot density and the 
total area occupied were equated across stimuli (control protocol, 
Fig. 1B). Trials of the standard and control protocols were presented in a 
pseudo-random and unpredictable order.

4.3. Behavioral protocol

We trained two macaque monkeys and two carrion crows on a 
modi8ed, extended version of the delayed match-to-numerosity task, in 
which the animals had to match the numerosity of the test stimulus to 
that of the sample stimulus (Fig. 1A). Nonmatching numerosities pre
sented between the sample and the matching test stimulus had to be 
ignored. Up to three sequential numerical nonmatches were presented, i. 
e., the task consisted of up to three test phases, in each of which the 
correct or incorrect numerosity could be presented.

While the monkeys initiated a trial by grabbing a bar and main
taining eye 8xation within a visual angle of 3.5◦ of a central white dot, 
the crows had to position their heads centrally in front of the monitor to 
close an infrared light barrier. Trials were immediately aborted and 
excluded from further analysis if the monkeys broke 8xation or the 
crows moved out of the prede8ned position. Initially, a grey circular 
background was displayed for 500 ms (the pure 8xation phase). Sub
sequently, the sample stimulus containing one to four dots appeared for 
600 ms. This sample stimulus had to be memorized over a delay phase of 
1000 ms (again with a grey circular background) and then compared in a 
subsequent sequence of test numerosities. Each test stimulus was pre
sented for 800 ms, with a 100 ms delay between each stimulus.

If the numerosity of the test stimulus was the same as that of the 
sample stimulus (match situation: 1–4), the monkeys had to respond by 
releasing the bar and the crows had to respond by moving the head out 
of the IR-light barrier. If the numerosities were different (nonmatch 
situation: 1–5), the monkeys continued holding the bar and the crows 
maintained the prede8ned position.

A nonmatch numerosity was never shown twice per trial. Sample 
numerosities and trial types (i.e. whether no, one, two or three non
match numerosities were presented) were balanced across conditions 
and displayed with equal probability (25% each, pseudo-randomly 
intermixed). Thus, the animals could not predict whether or when the 
match stimulus would appear. A correct decision per trial was rewarded 
with a drop of water for the monkeys and a small piece of food for the 
crows. In 25% of trials involving three nonmatch numerosities in 
sequence, the monkeys were rewarded for holding the bar and the crows 
for maintaining the prede8ned position throughout the trial until the 
display offset. Since the number of trials that a monkey or crow can 
perform during an experimental session is limited (on average, Monkey 
1 completed 483 trials, Monkey 2 completed 534 trials, Crow 1 
completed 640 trials and Crow 2 completed 631 trials), not all possible 
combinations of sample (1–4) and test numerosities (1–5) could be 
presented. Therefore, a prede8ned collection of 64 unique sample-test 
combinations was presented instead.

Behavioral chance level calculation was as follows: For each test 
phase, the animals have only two options: to respond or to no respond, 
corresponding to a probability of p = 0.5. Cascading this probability for 
the subsequent test phases (by multiplication), the following probabil
ities arise: Test 1 phase: p = 0.5; Test 2 phase: p = 0.25; Test 3 phase: p =
0.125. Since the animals do not know how many test phases to expect (i. 
e., trial types are unpredictable), the average probability results in p =
0.25.
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4.4. Data analysis

All analyses were conducted in MATLAB (version R2021a, Math
Works Inc.). All values in the main text and 8gures refer to the mean ±
SEM. SEM was calculated as the standard deviation divided by the 
square root of the number of samples.

4.5. Behavioral performance

Behavioral performance (% correct) was calculated by counting the 
number of correctly performed trials in each session and dividing this by 
the total number of trials. Percent correct performance for each stimulus 
combination was calculated for each session to construct behavioral 
performance functions in response to each sample numerosity. Mean 
response functions were computed as the average of all individual 
functions per session.

To assess the effects of task demands on behavioral accuracy, we 
conducted three-way repeated-measures analyses of variance (ANOVA; 
Interaction Model) separately for each animal. The dependent variable 
was percent correct performance per session. The within-session factors 
were ‘number of nonmatches’ (0–3), ‘sample numerosity’ (1–4) and 
‘stimulus protocol’ (standard, control). Furthermore, we computed their 
interaction term. Because we test distributions of means (% accuracy), 
we can assume normal distributions suitably tested with parametric 
tests. For all ANOVAs, we report F-values, degrees of freedom, and 
associated p-values. Effect sizes (partial η2) were calculated to quantify 
the magnitude of observed effects.

To quantify the performance functions, we 8tted Gaussian bell 
curves to the performance functions on a linear numerical scale. The 
center of each 8tted Gaussian curve was 8xed to the respective target 
number and the width, height and offset parameters were 8tted to 
minimize the overall residual error.

We calculated Weber fractions to assess the just noticeable difference 
between two stimuli (Weber, 1851). The following formulas were used 
to calculate the smaller and larger slopes of the performance functions, 
respectively:

WS = n−nS
nS for smaller Weber fractions, and

WL = nL−n
n for larger Weber fractions.

With n being the target number, nS is a number smaller than the 
target number, which the monkeys and crows could discriminate at a 
rate of 50%. Likewise, nL is a number greater than the target number and 
is discriminated in 50% of cases.

4.6. Reaction times (RTs)

RTs were measured for each match numerosity (1–4 in Test 1 – Test 
3) and was de8ned as the time taken by the monkey or crow to react (by 
releasing the bar in monkeys or by moving the head out of the IR-light 
barrier in crows) to the matching numerosity after display onset (the 
display duration was 800 ms). Due to the visual response latency and the 
time required for motor preparation, the animals were permitted to 
respond to the stimulus for up to 100 ms after display offset. Conse
quently, using this approach, responses occurring 100 ms after onset 
were also counted as errors and excluded from further analysis. Thus, 
the crows and monkeys could react within a time window of 800 ms, 
100 ms after stimulus onset.

We performed Pearson correlation to investigate the relationship 
between RT and increasing test phase for each match numerosity. 
Furthermore, we 8tted linear functions to the RTs using the following 
formula: 
f(x) = mx+ n,

where m is the slope, n is the f(x)-intercept and x is the respective test 
phase. This was repeated for each session to obtain a distribution of 
slopes for each animal. These distributions were then compared across 

species using a Wilcoxon rank sum test (two-sided).
Finally, we conducted Pearson correlations to investigate the rela

tionship between RT and behavioral performance as a percentage for 
each match numerosity and test phase.

4.7. SVM classi2er

We trained a linear multiclass support vector machine (SVM) clas
si8er using one-versus-one classi8cation (Chang & Lin, 2011) on 
response times evaluated for four matching numerosities and three test 
phases (i.e. 12 different classes). We only used sessions in which we 
could determine at least seven RTs for each class. This criterion was met 
in 18 sessions with Monkey 1, 29 sessions with Monkey 2, and 20 ses
sions with Crow 1 and Crow 2. Seven-fold cross-validation was per
formed, resulting in six trials for training and one trial for testing per 
class. Within each cross-validation loop, a new training and test subset 
was selected. We repeated the training and testing process 150 times, 
selecting a new set of trials at random with each iteration. The tested 
SVM classi8er provides predicted class labels for the trials in the test 
subset. This enabled us to compute the main decoding success, as well as 
construct confusion matrices in combination with the true class labels of 
the test subset. Both possess an accuracy measure expressed as a per
centage. We evaluated the decoding performance of the SVM classi8er in 
balanced pseudo-populations of sessions, drawing a new set of equal size 
with each iteration (the decisive factor was the session number of 
Monkey 1). To create a chance-level performance distribution, we 
randomly shuf1ed the association between 8ring rates and trial class 
labels (numerosity) with each iteration. We tested the distributions of 
decoding success between animals using a Wilcoxon rank sum test (two- 
sided, with alpha correction).
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