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Abstract

Working memory, the capacity to maintain and manipulate information in our minds when it is
no longer available in the environment, is a central function of cognition. One of the most
important neuronal correlates of this cognitive function are the so-called persistent neurons,
which respond selectively to sensory stimulation and sustain their increased activity even
after removing the stimulus. This phenomenon, most frequently observed in the prefrontal
cortex, has been successfully described by neural network models with attractor dynamics.
However, only a few of the neurons engaged in working memory tasks have persistent activity.
Moreover, analysis of the experimental recordings at the population level reveals that the code
undergoes a change between the stimulus presentation and the maintenance epochs, which is
not compatible with a working memory code that would only rely on stably active persistent
cells. The prevalence of this finding has motivated the proposal of alternative mechanisms, but
current computational models that explain dynamics fail to include stable epochs or do not
provide a clear mechanistic interpretation.

In this thesis, we use statistical data analysis and neural network modeling to investigate
whether specialized neuronal subpopulations underlie the stable and dynamic working memory
codes.

First, we investigated the connection between the observed dynamics in the working
memory code and the functional structure of the prefrontal circuits. We analyzed prefrontal
recordings from behaving macaque monkeys and observed that feature selectivity is non-
randomly distributed across the neurons. This non-random or structured feature selectivity
distribution is related to functional distinct subpopulations whose contrasting activity explains
the dynamic to stable transition in the working memory code.

Second, we developed a computational model that represents three functional subpopulations
as attractor networks working on different dynamic regimes. The model illustrates how the
population structure, which implies different neurons active at different task epochs, is directly
related to the dynamic transition in the code. Furthermore, we show how the three-network
architecture can be easily extended to account for additional features, such as ramping activity
and variable maintenance periods.

Third, our subpopulation-based networks have the functional advantage of being robust
against distracting stimuli. The model captures the experimentally observed vulnerability to
distractors presented shortly after stimulus removal. Moreover, it predicts that top-down
feedback enhances the overall network's robustness.

In summary, we show how the presence of functional subpopulations in the prefrontal cortex
can be related to the dynamic to stable transition in the working memory code and to an
enhanced capacity to filter out distracting stimuli. In conclusion, our work reconciles attractor
dynamics with the observed dynamic changes in the code, still suggesting that attractor
dynamics are essential for working memory maintenance.

vii



viii



Contents

Acknowledgments

Abbreviations

Abstract

Contents

1

Introduction

1.1 Working memory, the basis of cognition. . . . . . .. ... ... . ... ...

1.2 Behavioral findings . . . . .. ...
1.2.1  Working memory has limited capacity and fades with time. . . . . . ..
1.2.2  Working memory resists distracting stimuli . . . . .. .. ... ... ..
1.2.3 Lesions and ablations: the importance of prefrontal cortex. . . . . . ..

1.3 Neurophysiology and the discovery of delay activity . . . . ... ... ... ...
1.3.1 Persistent activity . . . . . . ...
1.3.2 Dynamics and stability in the working memory code . . . . ... .. ..
1.3.3 Mixed selectivity and structure in prefrontal networks . . . ... .. ..

1.4 Computational models of working memory . . . . . ... ... ... .......
1.4.1 Mechanisms and models of persistent activity . . . . . . ... ... ...
1.4.2 Models including dynamics . . . . . .. ... ... ...
1.4.3 Mixed selectivity and structure in prefrontal networks . . . . .. .. ..

Goals

Methods

3.1 Visual working memory task with macaques . . . . . ... ... ... .. ....
3.1.1 The ocular-delay response task . . . . ... ... ... ... ... ... .
3.1.2 Recording of neural activity and spike sorting . . . . ... ... ... ..
3.2 Dataanalysis . . . . . . .
3.2.1 Single neuron analysis . . . . ... ...
3.2.1.1 Quantifying spatial (stimulus) selectivity . . .. ... ... ..

3.2.1.2  Quantifying selectivity for task condition (three-group classifi-
cation) . .. ...
3.2.1.3 Single neuron exponential fits . . . ... ... ... ... ...
3.2.1.4 Analysis of intertrial variability . . . . . ... ... ... ....
3.2.2 Dimensionality reduction . . . . . . ...

iv

vi



3.2.2.1  Principal Component Analysis . . . . ... ... ... ..... 25

3.2.2.2 demixed-Principal Component Analysis . . . . ... ... ... 26
3.2.3 Decoding stimulus information from PFC population activity . . . . . . 26
3.2.4 Cross-temporal population decoding . . . . .. ... ... ... ... .. 27
3.2.5 Measuring clustering in the space of features with the ePAIRS algorithm. 28
3.2.6  Combined dPCs for 2-feature comparisons . . . . . ... ... ... ... 29
3.2.7 Classification according to dPC weights . . . . . . ... ... ... ... 31
3.3 Models . . . . 31
3.3.1 Spiking neuron model: leaky-integrate and fire . . . . ... .. ... .. 31
332 Firingratemodel . . ... ... 33
3.3.3 Connectivity of the ring-attractor model . . . . . ... ... ... ... .. 34
3.3.4 Connectivity between ring-networks . . . . . . ... ... L. 36
3.35 Rampinginput . .. ... 37
4 Results 39
4.1 Functional specialization inthe PFC . . . . . . . ... ... ... ... 40
4.1.1 Diverse activity profiles among prefrontal neurons . . . . . . ... . ... 41
4.1.2 The working memory code undergoes a transition between the cue and
delay epochs . . . . . . . . L 42
4.1.3 Possible scenarios that could explain the dynamics in the data . . . . . 43
4.1.4 Experimental evidence for stable stimulus selectivity and functional
clustering . . . . . 44
4.1.4.1 Ramping PSTHs and single neuron activity . . . . . . ... .. 47
4.1.5 Analysis based on dimensionality reduction techniques supports the
presence of structure in the prefrontal networks . . . . . . ... ... .. 50
4.1.5.1 Functional clusters in the feature space . . . . . . .. ... .. 50
4.1.5.2 Neural trajectories along demixed Principal Components re-
flect task-relevant information . . . . . . ... ... 52
4.1.5.3 Distinct contributions to the encoding of time, stimulus, and
task condition . . . ... ..o 54
4.1.6 Cross-temporal decoding analysis underscores the relevance of different
activity profiles . . . . ... 57
4.2 A three-population model of WM in PFC . . . . . . ... ... ... . ..., .. 61
4.2.1 Selectivity for a continuous stimulus: the ring-attractor model . . . . . 62
4.2.2 A three-population ring model with bistability . . . . .. ... ... ... 63
4.2.2.1 Top-down feedback projections stabilize memory . . . .. .. 66
4.2.2.2 Cross-temporal decoding illustrates the subpopulations’ con-
tribution to the neural code . . . . ... ... ... L. 67
4.2.2.3 Limitations of the model: adaptation to different delay lengths 69
4.2.3 A three-population model with external ramping signal . . . . . . . . .. 72
4.2.3.1 Ramping activity: evidence and origins . . . . ... ... ... 72
4.2.3.2 Dynamics during the visual and memory conditions . . . . . . 74
4.2.3.3 Cross-temporal decoding in the ramping network model . . . 74
4.2.3.4 Ramping activity spanning different delay lengths . . . . . . . 76
4.3 Resistance against distracting stimuli . . . . ... ... o000 80
4.3.1 Distracting stimuli . . . ... ... 81



4.3.2

43.3
4.3.4
4.3.5

5 Discussion
6 Conclusions

Bibliography

Distractor impact decreases as a function of time and is reduced by the

top-down feedback . . . . . .. ...
[llustration on a single trial . . . . ... ... ... ............
Distractor impact as a bias in the position of the bump
Effect of distractors in the ramping network model

Xi

101

104



Chapter 1

Introduction



1.1. WORKING MEMORY, THE BASIS OF COGNITION 2

1.1 Working memory, the basis of cognition

When we say that someone has a very good memory, we usually refer to his or her capacity to
remember events in the past (you both met the day after Christmas in 2003, but you have
forgotten), dates (Einstein won the Nobel prize in 1921) or facts (the capital of Thailand is
Bangkok). In these cases, we are talking about long-term memory. For all that concerns the
present work, working memory has little to do with long-term memory, even though these
cognitive functions are related.

Working memory, sometimes referred to as short-term memory?!, is the capacity to hold
and manipulate information in our minds. While long-term memory can be thought of as the
information in the books we keep on our shelves, working memory refers to the chapter of the
book we are currently reading or writing. In the inevitable analogy with computers, long-term
memory corresponds to the hard disk (where we permanently store documents, pictures, and
installed programs) and working memory to random-access memory (RAM), which provides a
temporary workspace where information is actively processed and manipulated.

Situations where we rely on WM in life are countless. The examples span from the most
boring to the most creative and illustrate some of its essential aspects. A simple example
arises when you are required to input a password sent to your mobile phone to complete some
transaction. You usually cannot open two screens simultaneously, so you memorize the numbers,
close one page, and type them into the second page. You usually remember the password by
reading it once if it contains up to four digits. However, for longer passwords, we either have
to memorize them in chunks (going back several times to the page containing the password) or
write them down. We find ourselves in similar situations when we are engaged in more complex
tasks such as mathematical calculations or playing chess. More jolly examples are found in the
listening and writing of poetry and music, where the traces of past sounds help to find the
intonation and the ending of the following line. But among all the activities that justify the
need for short-term storage and processing, the most important might be communication. In a
normal conversation, remembering recent information is essential to make sense of the one that
follows, whether talking or listening. Without this capacity, we risk losing track of the subject's
identity even before a sentence concludes. Imagine then making sense of a joke or a story!

From these few examples, we can already understand how much working memory is involved
in most distinctly human activities. For a good reason, this function is sometimes called the
“cornerstone of cognition”. Indeed, not even the smartest apes complete bank transactions,
write poetry, or maintain conversations. However, this does not mean working memory is
not at all developed in other species. On the contrary, the vast research carried out with
animals assumes that many neural mechanisms, even the ones related to abstract operations,
are conserved to some extent across species (Cisek, 2019).

In the following sections, we will summarize some of our knowledge about working memory
based on behavioral, neurophysiological, and computational modeling studies.

L Although some authors highlight differences between these terms, we will use them interchangeably in this
text.
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1.2 Behavioral findings

Some of the properties that have been repeatedly reported and that can give cues about the
underlying mechanisms of working memory are its shortcomings or limitations. For a more
thorough account of working memory characteristics, see Chai et al. (2018); Fuster (2015);
Oberauer et al. (2018).

1.2.1 Working memory has limited capacity and fades with time

A working memory limitation that we are familiar with has to do with its capacity: the number
of items we can hold in mind. An experimental paradigm that has been used to quantify
memory capacity (Bays et al., 2009) involves presenting human subjects with a different number
of colored squares on each trial (Figure 1.1a, example array of size 6 is shown) and asking
them to report the color of one of the items after a blank period (delay) where no information
is displayed. As expected, the subjects’ precision decreases as a function of the array size
(Figure 1.1b). From the example of remembering passwords, we know that increasing the
number of digits to be remembered eventually renders the task impossible. We also know how
demanding it can be to do some calculations without the help of a blackboard or a piece of
paper. So the experimental results in Bays et al. (2009) come with little surprise. However,
behavioral measures can be used to test the validity of predictions made by different models of
brain function (Bays et al., 2009; Oberauer, 2009). Moreover, this ability to test mechanistic
predictions is increased by complementing behavioral with electrophysiological measurements
(Vogel & Machizawa, 2004; Vogel et al., 2005; Wei et al., 2012).

Another feature of working memory is that it fades with time. This decay can be observed
as an increase in the memory error for longer delay times (Figure 1.1c). Using a color and
orientation task with human subjects, Pertzov et al. (2017) quantified the combined impact of
the array size and the delay length, illustrating their correlation (Figure 1.1b). They found that
the time decay of memory fidelity was more pronounced the larger the number of presented
items. Their results suggest that items encoded simultaneously compete for working memory
resources (Bays et al., 2009; Edin et al., 2009; Oberauer et al., 2018; Pertzov et al., 2017;
Shin et al., 2017, Wei et al., 2012).

A further example of working memory time decay comes from a classical task with non-
human primates (Funahashi et al., 1989). In this paradigm, monkeys learn to report the
remembered location of a visual stimulus with a saccadic eye movement (Figure 1.1d). The
animals learn to keep their gaze at the center of the screen (the fixation spot is indicated by
a cross) until the moment of the motor response. In experiments where neuronal activity is
recorded while the monkeys perform the task, fixation ensures that the retinal input to the
frontal cortex has a constant reference point. In this way, only task-related events can trigger
changes in cortical activity. During a trial, the monkey fixates at a fixation spot at the center
of a screen, where a cue is presented for 300 ms in one out of eight possible locations. After a
period with no stimulation (memory delay), the fixation spot is switched off, indicating the
monkey to perform an eye movement toward the remembered cue location (Figure 1.1d). The
distribution of eye positions after the saccades shows an increasing dispersion as a function of
the delay length (Figure 1.1e), indicating the gradual loss in memory accuracy or memory drift.

Given that working memory assists us during behaviorally relevant time scales, and that it
is a function that we differentiate from long-term memory storage, we would reasonably expect
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it to be reliable for a limited time. In this regard, the decay of working memory with time can
be seen as a feature rather than a limitation. Intuitively speaking (although this can be easily
quantified; Vogel & Machizawa, 2004; Vogel et al., 2005) if we need our working memory for
active interaction with the surrounding world, we do not want its resources to be fully allocated
but rather available for processing new input. Working memory's fading fidelity prevents our
minds from being saturated and allows us to interact meaningfully with the surrounding world.

1.2.2 Working memory resists distracting stimuli

The limited capacity of working memory makes it necessary to prioritize the behaviorally most
relevant information. We usually refer to this feature as working memory's robustness against
distracting stimuli (Lorenc et al., 2021) If nothing would protect the information stored in
working memory from distraction (of external or internal sources), our daily function would be
dramatically impaired. A simple task such as keeping a sequence of three numbers in mind
would only be possible in silent surroundings, we would not be able to communicate in crowded
environments or enjoy polyphonic music ...

A result that has been repeatedly reproduced is that the interference or impact is larger
when distractors have a high featural overlap with the memory target (Lorenc et al., 2021).
This effect is observed when comparing distractors of the same or different sensory modality
as the target (Bae & Luck, 2019; Oberauer et al., 2018) or for comparison between different
classes within the same modality (such as faces and shoes, Figure 1.2a; Jha et al., 2004). For
distractors of the same type as the target stimulus, larger differences along the same low-level
feature produce more significant memory biases (Nemes et al., 2012; Rademaker et al., 2015).
For instance, this result can be observed when memory for grating orientation is tested in
human subjects (Figure 1.2b).

These behavioral results give a first cue about the possible underlying mechanism. Even
though converging evidence places the frontal regions of the cortex as the principal locus of
working memory (Funahashi, 2017; Fuster, 2015), the role of sensory cortices during maintenance
remains unclear (Xu, 2020). The weak interference of stimuli of different sensory modalities
suggests that their representation during maintenance is orthogonal. This orthogonality between
sensory modalities can be explicitly represented by the dedicated sensory cortices, whereas the
neuronal representations in association regions such as the prefrontal cortex, which respond to
stimuli of all modalities (Raposo et al., 2014), is more susceptible to overlaps (Fuster, 2015;
Kandel et al., 2000; Raposo et al., 2014). On the other hand, the dependence of the memory
bias on the target-distractor similarity along the same features (Figure 1.2b) is predicted by
models that assume a continuous neural encoding of features such as orientation, location, or
color (Compte et al., 2000; Edin et al., 2009).

A related result concerning the vulnerability of working memory representations is that
distractors presented early during the delay have a stronger impact on behavior (Suzuki &
Gottlieb, 2013). This result has been shown for monkeys performing an ocular-delayed response
task (ODR) (Figure 1.2c). We cannot infer this result from the decay of working memory
fidelity with time, which would predict a stronger impact for late distractor presentations.
However, this dependence can be captured by a computational model, as we will show in
Section 4.3.
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Figure 1.1: Working memory can hold a limited number of items for a limited time. a,b
Working memory precision in humans performing a color report task. a a different number of colored
squares is presented on each trial (6 in the example shown). After a delay period, the color of the
square presented at the cued location must be reported. b Subjects’ performance drops as a function
of the number of items presented in the cue array. Precision is calculated as the reciprocal of the
standard deviation of the response error (color similarity is mapped to a 0 to 27 interval). ¢ The
response error increases both with the number of items and the delay length in a color-location
working memory task. d,e In an ocular-delayed-response task (ODR), monkeys have to fixate in the
center of a screen (fixation spot indicated by the cross) where a cue is presented (Cue). The monkey
keeps fixating during a delay period of variable duration (Delay). When the fixation spot is switched
off, the monkey has to do an eye movement indicating the location of the presented cue (Saccade).
e Eye position (as measured by an eye-tracker set-up) at the end of different task conditions: left, a
visually guided task (no delay); middle, a 3 s delay; right, a 6 s delay.

a,b Reproduced from Bays et al. (2009) by permission of the publisher under a Creative Commons license. ¢
Reproduced from Pertzov et al. (2017) with permission from American Psychological Association. e Reproduced
from Funahashi et al. (1989) under the permission of the American Physiological Society.

1.2.3 Lesions and ablations: the importance of prefrontal cortex

Before neurophysiological advances started to enable increasingly detailed observations of the
neuronal processes, subjects with brain damage or practiced ablations provided insights about
the neural basis of working memory. These cases have informed us about the location of brain
function already long before the advent of neurophysiological measuring techniques (Fuster,
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Figure 1.2: The impact of distracting stimuli on working memory depends on their similarity
with the target stimulus and presentation time. a Distractors of the same category or type as
the target stimulus (within) have a greater impact on performance than distractors of different types
(cross). Single is the label for the condition with no distractor. The different categories are visual and
verbal stimuli. b Memory bias as a function of the difference between the target and the distractor
orientation in an orientation working memory task. ¢ Distractors presented early in the delay have a
greater impact on the performance of an ocular-delayed-response task by a monkey.

a Reproduced from Oberauer et al. (2018) with permission from American Psychological Association , b
reproduced from Rademaker et al. (2015) with permission from with permission from American Psychological
Association. ¢ Reproduced from Suzuki & Gottlieb (2013) with permission from Springer Nature.

2015).The famous case of Phineas Gage (Harlow, 1848, 1869), who lost part of his left frontal
cortex during an accident, is probably one of the earlier accounts of the relationship between
anatomy and function. Along with a drastic change in Gage's personality (for which the case
is often cited), the physicians reported a noticeable decrease in the capacity to plan future
actions (Fuster, 2015; Harlow, 1848, 1869), which relies strongly on working memory. The
correlation between frontal lesions and short-term memory deficit has been reported repeatedly
in posterior studies with humans (Lewinsohn et al., 1972; Milner, 1982)2, with lesions in other
cortical regions having a significantly smaller impact on behavior.

Cortical ablations have also been used to establish the importance of the prefrontal cortex in
experiments with non-human species. In his experiments, Jacobsen (Jacobsen, 1935, 1936) uses

2]t was a usual practice to remove (lobotomize) parts of the brain in subjects who suffered from diverse
symptoms such as depression, schizophrenia or epilepsy (Fuster, 2015)
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a delay task in which monkeys have to remember the location of a food reward to retrieve it
after a memory delay (Figure 1.3). He found that lesions of the frontal cortex had a significantly
higher impact on behavior than lesioning other regions (motor, premotor, parietal, and temporal
lobes).

Cue Delay Response

Figure 1.3: Classical working memory task with monkeys A monkey is briefly shown in which
out of two nearby standing plates, a food reward is hidden (Cue). After a delay period, during which
the monkey cannot see the plates (Delay), the animal can retrieve the food (Response). The location
of the reward is randomly varied by the experimenter from trial to trial.

Reproduced from (Goldman-Rakic, 1992) with permission from the Wiley publishing group.

1.3 Neurophysiology and the discovery of delay activity

We will now consider further insight into working memory function brought up by electrophysi-
ological measurements. Luckily, lobotomy is no longer a common way of treating symptoms
related to brain function. Invasive experiments with animal species are nowadays the primary
way of obtaining measures of highly resolved neural activity, such as calcium activity, local field
potentials (LFPs), single neuron spike counts, or intracellular voltage recordings. One of the
last developed techniques, optogenetics, allows experimenters to activate or inactivate neurons
with a temporal precision of milliseconds, helping to establish causal relationships in neural
circuits (Chen et al., 2022). On the other hand, human electrophysiology relies to a great
extent on the use of non-invasive techniques such as magnetic resonance imaging techniques
(MRI and fMRI) and electric or magnetic encephalography (EEG and MEG; Glover, 2011;
Guest & Love, 2017).

1.3.1 Persistent activity

In 1971, J. M. Fuster, concomitantly with experimenters of the Primate Center in Japan,
discovered one of the most important correlates of working memory in the cortex: persistently
active cells (Figure 1.4). The authors recorded from prefrontal cells of monkeys performing an
ocular-delay response task (Fuster & Alexander, 1971, Figure 1.1d) and found that some of them
exhibited sustained stimulus-selective activity during the memory delay. This activity profile has
been measured repeatedly in delayed response paradigms and is regarded as the clearest neural
correlate of working memory (Leavitt et al., 2017; Sreenivasan & D'Esposito, 2019; Zylberberg
& Strowbridge, 2017), as it offers a non-ambiguous and straightforward interpretation. Many
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studies have reported persistent activity in other regions of the brain (Sreenivasan & D’Esposito,
2019); however, the firing rate modulation in these areas during the delay is often weaker
and does not span the entire delay (Leavitt et al., 2017). The accumulating evidence from
electrophysiological measurements over the last decades (Sreenivasan & D'Esposito, 2019)
keeps underscoring the predominance of association regions, particularly the prefrontal cortex,
for working memory maintenance.
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Figure 1.4: A prefrontal neuron with sustained stimulus-selective activity during the delay,
neural correlate of working memory Raster plots (top) and peri-stimulus time histograms (PSTHs)
(bottom) of a monkey's prefrontal neuron during the performance of an ODR task. Each panel
corresponds to trials in which the cue was presented at one of the eight locations. When the cue is
presented at 315 °, the neuron increments its activity, and it sustains the increased firing throughout
the delay (bottom center panel).

reproduced from (Funahashi et al., 1989) under the permission of the American Physiological Society.

1.3.2 Dynamics and stability in the working memory code

While the persistent cells appear to play a prominent role as memory carriers, they do not explain
all the relevant experimental observations. Different types of activity profiles are observed
among the task-modulated cells, which are not persistent. The importance these neurons have
for the working memory code is not clearly understood, but insight can obtained by analysis
at the population level. To analyze the population code during delay-response tasks, many
authors have trained algorithms to decode the stimulus identity from the neural activity. When
a decoder is trained and tested on data corresponding to different time windows during the
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task (cross-temporal decoding), its accuracy can be plotted as a squared pattern (Figure 1.5).
While a stable (non time-evolving) code allows an algorithm trained at a given time to perform
accurately when tested at other times (off diagonal regions of the pattern), a dynamic code
(time evolving) prevents the algorithm from this generalization. As a result, stability causes
square regions of above chance accuracy in the cross-temporal decoding while dynamic code
produces diagonal patterns and poor off-diagonal generalization (Dehaene et al., 2015).

Based on the cross-temporal analysis, many studies have found periods of strong dynamics
in the working memory code that are incompatible with a completely persistent representation
(Figure 1.5; Mendoza-Halliday & Martinez-Trujillo, 2017; Spaak et al., 2017; Stokes et al.,
2013; Stroud et al., 2023; Wolff et al., 2015).
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Figure 1.5: Cross-temporal decoding reveals that working memory code in the prefrontal
cortex undergoes a transition from cue to delay epochs. Training and testing a decoder on
the data at different combinations of time windows highlights regions of stability and dynamics,
respectively. Off-diagonal generalization indicates that the code is stable, while off-diagonal significant
drops in accuracy are associated with a time-evolving (dynamic) code. a Cross-temporal decoding
pattern for data from monkeys performing an ODR task: the code is dynamic during the cue
presentation and at the beginning of the delay, and it increasingly stabilizes towards the end of the
delay. b Cross-temporal decoding pattern, data recorded from monkeys performing a 2-alternative
task (choose left or right), the strong off-diagonal generalization during the memory delay period
indicates the stability of the code during this epoch. In contrast, the accuracy drops substantially
when the decoder is trained during cue and tested on delay and vice-versa.

a Reproduced from Spaak et al. (2017) with permission of the publisher under a Creative Commons Attribution
4.0 International License (CC-BY), b reproduced from Mendoza-Halliday & Martinez-Trujillo (2017) with
permission of the publisher under a Creative Commons Attribution 4.0 International License.

The general hallmark across the different studies is that the working memory codes during
cue and delay periods are mutually close to orthogonal. This orthogonality implies strong
dynamics from one period to another (Figure 1.5). Eventually, the code becomes stable during
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the delay (Figure 1.5). Whereas the stability of the code can be related to persistent selective
activity (Sreenivasan & D’Esposito, 2019), it is less clear what the across-epoch dynamics
represent. Transient activity profiles of single neurons (Funahashi et al., 1989; Markowitz et al.,
2015; Mendoza-Halliday & Martinez-Trujillo, 2017), which have even been observed in the
shape of sequential activity (Batuev et al., 1980), are examples of dynamic code. However,
these observations do not explain a dynamic-to-stable transition in the code. This thesis
addresses this question by analyzing an experimental data set and proposing a computational
model that explains the main observed features.

Activity-silent working memory

It has also been proposed that working memory may be activity-silent, with memories stored in
synaptic traces through short-term synaptic plasticity (Mongillo et al., 2008). Human EEG
activity provide some support for this idea (Wolff et al., 2015) by showing that the stimulus
decodability, which decreases to chance during a memory delay, can be recovered by flashing the
subjects with a non-selective stimulus. This reactivation would be compatible with the stimulus
being encoded in the shape of modified synaptic connection strengths because unspecific
input could retrieve the information encoded in the synapses. However, these findings remain
controversal (Barbosa et al., 2021). Some authors have proposed that spiking and synaptic
mechanisms could coexist and underlie the interference between recent memories (Barbosa
et al., 2020). In this thesis, however, only spiking-related mechanisms will be discussed.

1.3.3 Mixed selectivity and structure in prefrontal networks

A general characteristic of the prefrontal cortex is the heterogeneity of the single neuron
activities (Asaad et al., 2000; Dang et al., 2021; Rigotti et al., 2013). Neurons in the prefrontal
cortex can respond to different task features (Asaad et al.,, 2000; Finkelstein et al., 2021;
Markowitz et al., 2015; Mendoza-Halliday & Martinez-Trujillo, 2017; Yang et al., 2022) as well
as to stimuli from different modalities (Raposo et al., 2014). This type of response profile,
usually called mixed-selectivity (Asaad et al., 2000; Dang et al., 2021) (Figure 1.6¢,d), contrasts
with the more stereotyped dynamics of neurons in lower regions and sensory cortices, which
respond to specific features (frequency, orientation, location, color ...).

When a neuron’s selectivity is linearly mixed, there is no interaction between the contribution
of different features to the neuron’s activity (Figure 1.6¢). This type of mixed selective response
implies that a neuron’s tuning curve for a given feature (e.g. location) can be scaled under
the modulation of another task feature (e.g. task condition) but does not change its shape
(Figure 1.6c). On the other hand, non-linear mixed selectivity implies that the contribution of
different features to a neuron’s response can be mutually dependent. This dependence can
produce context-dependent tuning curves (Figure 1.6d). The example neurons in Figure 1.6
illustrate the respective cases; in the case of non-linear mixed selective, the neuron's preferred
cue location depends on the task condition.

Recent studies (Fusi et al., 2016; Rigotti et al., 2010, 2013) have argued that the prevalence
of mixed-selectivity, in particular, non-linear mixed selectivity in the prefrontal cortex, offers
computational advantages in terms of the input output operations a network can perform
(see Rigotti et al. (2013) for a geometric explanation and discussion). The account of the
prefrontal cortex's complex response profiles and the potential functional advantages of its
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mixed selectivity, (Asaad et al., 2000; Rigotti et al., 2010, 2013), combined with the widespread
use of dimensionality reduction techniques (Cueva et al., 2018, 2020; Mante et al., 2013),
has led to a reduced emphasis on analyses based on classical selectivity and functional and
anatomical structure (Barak et al., 2013; Murray et al., 2017a; Stroud et al., 2023).

However, other studies have contributed to a complementary view. Recording from mice
during a delay task, Wu et al. (2020) reported a substantially larger number of cells with
selectivity for a single task feature as compared to mixed selective cells (Figure 1.6e). In the
same study, the authors observed that the neurons with sustained delay activity were mainly
located in superficial cortical layers. The layer specificity of the mnemonic responses has been
observed in studies involving different species.

In monkeys, Markowitz et al. (2015) found that different types of prefrontal response profiles
were more likely to be found at different topographical locations and in different cortical layers
(Figure 1.7a). Moreover, as we will show in Section 4.1, most neurons in the Markowitz et al.
(2015) data set have stable selectivity across task epochs and conditions. Combining macaque
data from different working memory tasks Bastos et al. (2018) also found a higher density of
neurons with delay activity in superficial layers (Figure 1.7¢c). Additionally, Bastos et al. (2018)
observed differences between the power spectrum in different layers, with gamma oscillations
dominating in the superficial and alpha-beta in deeper layers (Figure 1.7d). Whereas the
authors attribute activity in superficial layers to maintenance, deeper layers are thought to be
in charge of loading information from upstream and transmitting information to downstream
regions. Similar results were obtained by applying high-resolution fMRI on humans. Finn
et al. (2019); Lawrence et al. (2018) observed delay activity in superficial frontal layers and
response-related activity in deeper layers (Figure 1.7b).

Evidence for functional specialization and non-linear mixed selectivity offer contrasting
views or scenarios of prefrontal function (Dubreuil et al., 2022; Hirokawa et al., 2019; Raposo
et al., 2014). These scenarios are not mutually exclusive, but the extent to which one or the
other prevails can be informative about the mechanisms underlying memory encoding and
maintenance. For example, layer specificity of prefrontal activity could enhance the robustness
to distracting stimuli. We know that distracting stimuli produce a smaller impact in prefrontal
than other upstream areas (Lorenc et al., 2018; Suzuki & Gottlieb, 2013; Yoon et al., 2006),
which indicates that distractors are filtered earlier in the processing line (Finkelstein et al.,
2021; Lorenc et al., 2018, 2021; Suzuki & Gottlieb, 2013; Yoon et al., 2006). However, even if
filtered to some extent, distracting stimuli reach the prefrontal cortex (Finkelstein et al., 2021;
Suzuki & Gottlieb, 2013). Restricting delay activity to superficial layers can be a way of further
protecting memory content from the distracting input, which will first arrive to deeper layers
(Kandel et al., 2000). Likewise, neurons active during different task epochs (Finkelstein et al.,
2021; Inagaki et al., 2019; Markowitz et al., 2015; Mendoza-Halliday & Martinez-Trujillo, 2017;
Yang et al., 2022) can be linked to dynamic transition observed in the code at the population
level (Figure 1.5). We will explore these possibilities in Sections 4.1 and 4.2, based on the
analysis of a data set and on the development of a computational model.

Before presenting our own results, we will review some of the mechanisms that computational
models have proposed to explain working memory in the prefrontal cortex.
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Figure 1.6: Prefrontal neurons can be selective to different combinations of task features.
a-d Four single-neuron examples illustrating different types of selectivity in a match/non-match
working memory task. a Neuron selective to stimulus location. b neuron with selectivity to cue-target
similarity (match/non-match). c a neuron with selectivity for stimulus location and cue-target
similarity (match/non-match). d selectivity for stimulus location depends on the match/non-match
condition, indicative of non-linear mixed selectivity. e,f In mice anterior-lateral motor cortex (ALM),
an analogous region to our prefrontal cortex, a greater proportion of neurons are selective for a given
task feature and not the other (red and blue dots) than for both (purple).

a-d reproduced from Dang et al. (2021) under the terms of the Creative Commons Attribution 4.0 International
License (CC-BY). e,f reproduced from Wu et al. (2020) with permission of Elsevier
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Figure 1.7: Evidence for structure in prefrontal cortex a Anatomical segregation of neurons
with functional different response profiles in monkey PFC. Top, location of the recording site in the
brain, and density of neurons of three distinct functional types (labeled as Early storage, Late storage,
and Response neurons) as a function of the position, indicated by the electrode terminals. Bottom,
maps of the recording depth at which spiking activity was recorded on each electrode and density of
neurons of the three different types as a function of the depth. b High-resolution functional magnetic
resonance (fMRI) shows layer-dependent activity in human prefrontal cortex during a working memory
task. Top, increased delay activity of neurons in superficial layers. Activity in deeper layers is strongly
modulated during the response but not during the delay. c-d layer-dependent activity in the PFC
of monkeys performing WM tasks. ¢ Change in activity from baseline during a memory delay for
different recording depths. (average over 60 monkeys). d power in different frequency bands for the
same monkeys as a function of recording depth.

a Reproduced from Markowitz et al. (2015) under the permission of the National Academy of Sciences b
reproduced from Finn et al. (2019) with permission of Nature Research ¢,d Reproduced from Bastos et al.
(2018) with permission of the publisher under a Creative Commons Attribution-NonCommercial-NoDerivatives
License 4.0 (CC BY-NC-ND).

1.4 Computational models of working memory

Computational modeling is a playground to develop hypotheses regarding the mechanisms
underlying certain brain functions, and to analyze data with a solid theoretical foundation.
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The disadvantages are that modeling provides great freedom to hypothesize mechanisms
and to explore the parameter space (unlike real experiments), which makes model validation
non-straightforward. We will briefly review classical working memory models and some recent
works that provide the necessary context and a base for our own modeling approach.

1.4.1 Mechanisms and models of persistent activity

As mentioned above, the discovery of persistent activity is probably the most significant finding
in the working memory literature (Leavitt et al., 2017). It has received a proportional attention
in the computational modeling community.

Persistent activity has been related to two fundamental mechanisms: bistability at the
single-cell level and bistability at the network level (attractor networks). Autonomously bistable
cells have been observed in brain regions such as the hippocampus (Traub & Jefferys, 1994).
Computational studies (Miles & Wong, 1987; Traub & Wong, 1982) have shown that persistent
activity in a population of cells can be induced by the simultaneous presence of a proportion of
cells with autonomous bistability and overall sufficiently strong recurrent connection. Although
cell-autonomous bistability has not frequently been reported in prefrontal cells (Zylberberg &
Strowbridge, 2017), its contribution to prefrontal persistent activity cannot be ruled out.

Models implementing bistability at the network level rely on strong recurrent connections
between neurons with similar selectivity (Sreenivasan & D’'Esposito, 2019; Zylberberg &
Strowbridge, 2017) and long-range inhibition (Figure 1.8a). Additionally, the presence of
synaptic currents with slow dynamics, such as NMDA-receptor-mediated currents, enhances
the network’s stability (Wang, 1999). For binary stimuli, attractor models usually comprise two
excitatory populations that compete through reciprocal inhibition (Wang XJ, 2002; Wong &
Wang, 2006). When the stimuli are evenly sampled from a continuous and periodic feature
(e.g. locations on a circle, as in the ocular-delayed response task), the two-population system
is naturally extended to a network with ring topology and Mexican hat-like connectivity
(Figure 1.8a). The ring attractor model, also called bump attractor (Compte et al., 2000, see
Figure 1.8), has had great success in reproducing some of the key experimental findings related
to working memory (Barbosa et al., 2020; Wimmer et al., 2014). In particular, the model
predicts the decrease in accuracy of the response in delayed-response tasks (Figure 1.1d,e) as
the diffusion of the activity bump during the memory delay (Wimmer et al., 2014). Pair-wise
correlations of single-neuron activity during the delay that mimic those in the experiments
(Wimmer et al., 2014) further support the bump attractor. The model also captures the
dependence of distractor impact with target-distractor similarity (Compte et al., 2000; Pertzov
et al., 2017; Rademaker et al., 2015). Moreover, extensions of the model that include short-term
synaptic plasticity have been used to explain the effect of past-trials memories (serial biases,
Barbosa et al., 2020).

A common critique of ring-attractor models is their vulnerability to heterogeneities in
the connectivity. The rotational invariance of the connectivity in ring attractor networks
(connectivity strength between two neurons only depends on the difference between their
preferred cues Figure 1.8a) is a natural consequence of the periodicity of the stimulus. Any
disruption asymmetric in the connectivity causes the memory bump to drift towards so-called
hotspots (Hansel & Mato, 2013). Some models have proposed mechanisms, such as short-term
plasticity, that can reduce the drift in the bump when the connections are heterogeneous
(Hansel & Mato, 2013; Renart et al., 2003). In a more general framework, Darshan & Rivkind
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Figure 1.8: Persistent activity modeled by a network with ring topology with strong recurrent
connections The ring-attractor model captures the selective and persistent firing observed in prefrontal
neurons (Figure 1.4) a footprint of the synaptic connectivity as a function of the difference in preferred
cue between neurons in the network. Excitation dominates over inhibition only in the short range. b
A model neuron mimicking the selective persistent response to stimulus observed in Funahashi et al.
(1989), (Figure 1.4). The model neuron is most selective to a stimulus presented at 315°, and with
sustained firing during the delay. ¢ Network activity in the ring model. Raster plot of 2048 excitatory
neurons, arranged according to their preferred cue location (from 0 to 360 °). y—axis, time. When
the cue is presented (indicated by the black lines), a bump of activity forms, which is sustained during
the delay until the network is flashed with a non-selective stimulus that destroys the bump (resets
network to baseline).

Reproduced from Compte et al. (2000) under the permission of Oxford University Press.

(2022) have recently shown that asymmetries in the connectivity are compatible with ring
attractor dynamics even without further stabilization mechanisms.

1.4.2 Models including dynamics

With all its virtues, the ring-attractor is the canonical model of stability in the prefrontal
working memory. Alternative models or extensions of the ring attractor network have been
proposed to explain the dynamics observed in the code (Figure 1.5).
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A model example that exhibits dynamic delay activity is given by the networks used in Barak
et al. (2013). The authors trained the linear readout weights of an RNN to solve a classical
working memory task (Romo et al., 1999). They showed that the network’s performance was
similar to that of an attractor network designed for the same paradigm. Notably, the network
output during the entire delay is chaotic and only becomes informative by the time of the
motor response (Figure 1.9a). This model can account for dynamic activity and non-linear
mixed selectivity but fails at capturing epochs of stability, which are present in the prefrontal
code (Figure 1.5).
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Figure 1.9: Dynamic code in working memory models. a A recurrent network working in a
chaotic regime solves a working memory task where the frequency of an initial tone must be compared
to a second one, provided after a delay period (task paradigm as in Romo et al., 1999). Top, network
scheme. Only the linear readout weights are modified during the network training. Bottom, The
output of a trained network is shown for different trials of the two different stimulus combinations
(fi > f2 red lines, and f> > fi blue lines). The gray shadings indicate stimulus presentation times.
The network output is time-varying until the presentation of the second stimulus makes the two
conditions (blue and red colors) distinguishable. b Network with sequential activity. From top to
bottom: network schematic; external input pulse; Sequential activation of the network’s units, each
neuron is represented by a different color; network output, for properly adjusted readout weights,
the output is flat, ensuring a stable readout. ¢ Network composed of an arbitrary group of sensory
modules (colored rings on the cartoon) that project reciprocally and randomly to another network
(labeled as random network). Recurrent connections in the sensory modules and the random network
are too weak to sustain delay activity. Maintenance is achieved by properly tuning the reciprocal
connections between sensory modules and the random network. The stimulus is presented to the
pertinent sensory modules and to the random network to achieve a dynamic transition in the code
from cue to delay. For details see Bouchacourt & Buschman (2019).

a Reproduced from Barak et al. (2013) with permission of Elsevier, b reproduced from Goldman (2009) with
permission of Elsevier, ¢ reproduced from Bouchacourt & Buschman (2019) with permission of Elsevier.
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Some works have captured mechanisms of dynamic activity that are compatible with
sustaining a stable representation (Druckmann & Chklovskii, 2012; Ganguli & Latham, 2009;
Goldman, 2009; Murphy & Miller, 2009; Murray et al., 2017a). Goldman (2009) proposed a
network of feedforwardly connected neurons that can sustain delay activity (Figure 1.9b). A
stable readout of this sequential activity is obtained by correctly choosing the linear readout
weights (Figure 1.9b). Analogously, Druckmann & Chklovskii (2012) have shown that general
non-sequential patterns of dynamic activity can produce stable readout, provided the connectivity
matrix meets specific requirements (largest eigenvalue equal to 1). Intuitively, time-varying
single-neuron activity can produce stable readout when positive modulations in some neurons
are compensated by negative modulations in others. Hansel & Mato (2013) proposed a model
where the effect of heterogeneous connections is stabilized by short-term synaptic plasticity.
Their memory bumps are biased toward heterogeneity-induced hotspots, but the drift is slow
compared to behavioral time scales. This model succeeds at capturing various prototypical
response profiles observed in prefrontal neurons (Funahashi et al., 1989).

These results widen the view of persistent delay activity from a phenomenon observed at
the level of single cells to a feature exhibited by the population activity. However, none of
them gives an account of the transition from dynamic to stable code that is observed in the
experiments (Figure 1.5, Mendoza-Halliday & Martinez-Trujillo (2017); Parthasarathy et al.
(2019); Spaak et al. (2017).

Finally, some authors have proposed non-normal amplification (Hennequin et al., 2012; Kao
& Hennequin, 2019) as a mechanism to generate initial dynamics and later stability in the code.
Murray et al. (2017a) illustrated this idea with a simple linear model. To produce the desired
result (initial dynamics and later stability), their stimulus input had to be partially aligned with
the stable subspace. The partial alignment of the input allows the non-normal dynamics to
produce transient activity orthogonal to the stable subspace before the code stabilizes. Stroud
et al. (2023) extended this circuit proposal to a more general framework that uses non-linear
recurrent networks. These authors argue that non-normality can be a general property of
prefrontal circuits, providing fast and energetically optimal information loading.

These models (Murray et al., 2017a; Stroud et al., 2023) do account for a change from
dynamic to stable in the population code. In both of them, the transition from dynamic
to stable has to do with the non-normality of the connectivity. On a more intuitive level,
non-normality is a property exhibited by almost any connectivity matrix that is non-symmetric
(Horn & Johnson, 1985), such as networks with predominant feedforward or feedback structure.
We argue that the qualitative hallmark of the experimental data, the cue-to-delay transition
in the code, is inevitably associated with a feedforward relay of information in the frontal
networks. Considering this, any model that explains the results should include a certain
degree of feedforward structure. It is still an open question how this feedforward structure is
implemented. We will address this point in the Section 4.1 and Section 4.2 of this thesis.

1.4.3 Mixed selectivity and structure in prefrontal networks

The model proposed by Bouchacourt & Buschman (2019) can also capture the dynamic and
stable epochs of the working memory code. Their network proposal explicitly includes different
modules or subnetworks (Figure 1.9¢c). An arbitrary number of sensory networks, which receive
the stimulus input, are reciprocally connected to a second network (labeled as random network).
Crucially, to exhibit transient dynamics at the beginning of the delay, additional projections
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must be included from the stimulus to the random network (Figure 1.9¢c, right). This model
contrasts with all previously presented in that it explicitly includes structure in the shape of
separate networks. The dynamic transition can be explained in terms of the activation of the
different subnetworks, aligning with the above-commented findings on layer dependency of
prefrontal and with the analysis we present in Sections 4.1 and 4.2. A shortcoming of the
model is that the exact proposed architecture cannot easily be related to observed functional
or anatomical specialization.

In this thesis, we will investigate the role of functional specialization in the prefrontal
cortex. We will first analyze recordings from behaving monkey (Section 4.1) and then present a
computational model that is based on the analysis of the experimental data (Section 4.2). Our
results suggest that the observed dynamics during working memory as well as the prefrontal
resistance against distracting stimuli (Section 4.3) can be strongly related to groups of neurons
firing at different task epochs.
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In this thesis, we investigate the neural mechanisms that underlie the dynamics of the
working memory code. Our overall goal is to understand to which extent the presence of
specialized subcircuits within prefrontal networks underlies the observed changes in the code
between the cue and delay epochs.

In section Section 4.1, we analyze a set of recordings from the prefrontal cortex of behaving
macaque monkeys. Our aims are:

1 To quantify the degree of structure in the distribution of the feature selectivity.

2 to relate the observed structure to the neurons’ selectivity for time, stimulus location,
and task condition.

3 to contrast our analysis with the growing view of non-linear mixed selectivity as the
primary mechanism behind prefrontal dynamics.

In section Section 4.2, we present a computational model that implements a concrete
three-subpopulation structure that captures the activity of three of the experimentally observed
functional profiles. We want

4 relate the activity of the different subnetworks to the dynamics of the code at the
population level (cue to delay transition). With this purpose, we want to compare
the patterns of cross-temporal decoding of the different model subnetworks with the
respective experimental counterparts.

5 In contrast with more complex network proposals, we want to illustrate that the dynamics
observed in the WM code are compatible with different neuronal subnetworks that
undergo attractor dynamics.

6 Along with central aims, we want to propose a mechanism capable of generating the
observed ramping activity in some neurons during the delay. We will frame the discussion
of the ramping generating mechanisms in the context of previous works that have
addressed this question (Finkelstein et al., 2021; Inagaki et al., 2019)

In section Section 4.3, we test how the model behaves in the presence of distracting stimuli.
This analysis serves as a means to:

7 test whether the subpopulation structure has some functional advantages. For this, we
will compare our model's behavior with that of a single bump attractor ring.

As an overall aim, we emphasize that multiple subnetworks with simple and interpretable
dynamics (as our attractor networks) can be an alternative to single networks with complex
dynamics that often, are difficult to interpret.
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3.1 Visual working memory task with macaques

3.1.1 The ocular-delay response task

Full experimental details for the data set can be found in Markowitz et al. (2015). Two adult
rhesus macaque monkeys (Macaca mulatta) were used for the study. The animals were trained
for several weeks to perform an oculomotor-delayed-response or ocular-delay response task
(ODR, also called memory-guided-saccade task, see Figure 3.1). The variation of the task
which requires WM, which we refer to as memory task (Figure 3.1a), is a standard paradigm
which has been used in many experimental works (Constantinidis et al., 2001a; Funahashi et al.,
1989; Fuster & Alexander, 1971; Goldman-Rakic, 1988). In the memory, the monkeys must
first maintain their gaze on a fixating target during 0.5 s. Then, while the monkeys fixate, a
cue stimulus is presented during 0.3 s on one out of eight locations on the screen. Removal of
the stimulus gives way to the delay period, which for this experiment was varied between 1 and
1.5 5. The extinction of the fixation target indicated the animal to perform a saccade (eye
movement) towards the remembered cue position.

In the visual variation of the ODR task (Figure 3.1), which we refer to as visual task, the
cue-stimulus is not removed from the screen until the fixation target signals the animals to
respond. Including the visual variation of the ODR task is an important feature of this dataset,
which makes it possible to compare the neural activity between a condition requiring working
memory and a condition with similar behavioral demands that does not require working memory.

a b
Memory Visual

Saccade

Figure 3.1: Experimental task: Memory guided saccade task and its visual variation During
both tasks the monkey has to maintain fixation until the they are cued to saccade. The cartoon
illustrates an example trial.

3.1.2 Recording of neural activity and spike sorting

After a surgical procedure which involved removing a part of the animals’ skull (craniotomy), a
32-unit electrode (low-profile recording chamber Gray Matter Research, MT) was implanted in
each monkey'’s right arcuate cortex. The authors recorded from isolated neurons while each
monkey performed up to 500 trials of randomly interleaved memory- and visually-guided delayed
saccades to one of eight targets for a liquid reward. The animals’ eye position was constantly
monitored with an infrared optical eye tracking system (sampling at 120 Hz).
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Each recorded neuron was labeled as fast-spiking (FS) or regular-spiking (RS) according
to its spike waveform. FS and RS presumably correspond to inhibitory and excitatory cells
(Constantinidis & Goldman-Rakic, 2002; Gonzalez-Burgos et al., 2005). The analyses shown
are all conducted with the RS cells.

3.2 Data analysis

3.2.1 Single neuron analysis

The quantification of stimulus selectivity and task selectivity was done as in the original work
(Markowitz et al., 2015). Both procedures are described bellow.

3.2.1.1 Quantifying spatial (stimulus) selectivity

We quantified the spatial tuning of each neuron using a z-score (as in Crammond & Kalaska
(1996)). Initially, we calculate each unit's firing rate across all trials for each Cue location (f;).
Next, we assigned an angular displacement, ¢; , to each Cue location and then calculated
the first trigonometric moment, R; , of each unit’s response across all eight angles, as follows:
Assigning an angle to each cue location (¢;) we calculated each neuron’s first trigonometric
moment, R;:

C= ifi cos(¢;)
5=3" fisin(e) 1)

R, = ¢(C/Zfl—)2+ (S/Zf,-)2

We shuffled cue location labels across trials to obtain a null distribution and estimated the
corresponding trigonometric moment (this procedure was repeated 10*times). We obtained
the p-value as the fraction of shuffled moments that exceeded the original moment of the data,
and passed it to a normal inverse cumulative distribution to obtain the tuning z-score. Neurons
were considered selective if their z-score was above 1.65.

As in Markowitz et al. (2015), we excluded neurons with inverted tuning, whose preferred
stimulus response during the delay was lower than their baseline firing rate (Zhou et al., 2012).

3.2.1.2 Quantifying selectivity for task condition (three-group classification)

This procedure is analogous to the one explained above. We quantified the task selectivity of
each unit’s preferred target response using a permutation test.

For each neuron, we first estimated the trial-averaged firing rate in response to its preferred
target during the last 300 ms of the delay of both task conditions (memory,visual). Then, we
compared the actual difference in firing rates across tasks to a null difference estimate obtained
by shuffling the task labels 10 times. The p-value (fraction of the resampled rate differences
that exceeded the actual rate difference) was then passed to a normal inverse cumulative
distribution function to obtain the task selectivity z-score. Units with z-score < —1.65 (1-tailed
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t-test) were classified as perceptual neurons (early storage neurons in Markowitz et al. (2015)),
and units with z-score > +1.65 (1-tailed t-test) were classified as mnemonic neurons (/ate
storage neurons in Markowitz et al. (2015)). All units with z-scores between (—1.65,+1.65)
were labeled as persistent neurons (putative response neurons in Markowitz et al. (2015)).

3.2.1.3 Single neuron exponential fits

We fitted an exponential (Equation (3.2)) function to the trial-averaged firing rates for the
neurons in the perceptual and mnemonic groups during the memory.

Aexp(£+b) (3.2)

Parameter A is associated with the neuron’s maximum firing rate; T characterizes the
timing of the change in firing rate and should be compatible with (on the order of ) the delay
length; b is related to an offset or baseline firing rate, scaled by amplitude A. The range
of the parameter A was limited between 0 and the neuron’s maximum firing rate during the
corresponding condition (memory task, preferred cue location). By constraining the value of A,
we prevented abnormal parameter values, such as a large amplitude A and a large 7, which
would make the exponential a close-to-linear and deprive the parameters of their meaning.

The class Parameters and function minimize from package Imfit (python) were used to
perform the fits.

3.2.1.4 Analysis of intertrial variability

We were interested in the origins of the gradual (close-to-linear) increase in firing rate observed
in the PSTHs of the mnemonic cells. Latimer et al. (2015) showed that such an increase
(usually referred to as ramping activity) in trial-averaged responses does not necessarily arise
from gradual increase in activity but that it could instead be due to instantaneous jumps in
firing rate at different times on different trials. The Fano factor is defined as the ratio between
the variance and the mean of a counting process. We used this measure to quantify the
inter-trial variability in the data and then compared it to surrogate data to test whether or
not the observed PSTHs are compatible with instantaneous jump-like activations (as the one
observed in Latimer et al. (2015)). For each time window during the memory delay (50 ms
window width), we calculated the Fano factor of each mnemonic neuron as the ratio between
the variance and the mean of its spike count across the trials corresponding to the neuron’s
preferred location. We then averaged over all the mnemonic neurons to compare with the
surrogate data.

We have a surrogate neuron for every mnemonic neuron (N =81), and for each neuron,
we simulated as many trials as the corresponding mnemonic neuron has for its preferred cue
condition. Each surrogate trial was simulated by a step function (heaviside in numpy-python)
whose minimum and maximum were selected to match the baseline and final amplitude of the
corresponding mnemonic neuron's PSTH. The function’s discontinuity was placed at a random
point (uniformly distributed) during the delay time, different for each simulated trial.
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3.2.2 Dimensionality reduction
3.2.2.1 Principal Component Analysis

Dimensionality reduction techniques are often applied when the size of a data set makes its
interpretation challenging. Principal Component Analysis (PCA) finds new variables (dimensions
in neuronal space) ordered according to the amount of variance they explain in the data. In
this way, the method increases interpretability while minimizing information loss.

A formal explanation of PCA follows: The neural data can be arranged in a matrix
X of N rows, which correspond to the number of observations and p columns, which are
the (random) variables or features. In our case, N is the number of neurons and p spans
all the combination of features (where every time point can be considered as a different
feature, e.g. p =#neurons x #tasks x #stimulus x #time samples). The Principal Components
(PCs) are the vectors found when looking for a linear combination of the neurons’ activity
(XN, aix" =X"a) with maximum variance, where x are the row vectors of X (containing
each neuron’s activity for each combination of features). Such a linear combination has a

variance given by (var(XTa) =a'Sa), where S is the covariance matrix of the data. If we

consider a centralized matrix X, such that <X1T> =0 for i=1...N (which we can always

do if we subtract for each neuron its activity average over the p features) then covariance
matrix S =XX'. Ildentifying the linear combination with maximum variance is then equivalent
to obtaining a n—dimensional vector a which maximizes the quadratic form a'Sa. For the
problem to have a well-defined solution, the norm of a has to be restricted to an arbitrary
number. The problem is then equivalent to maximizing a’Ss— (a’a—1)A where A is a Lagrange
multiplier. Differentiating with respect to the vector a we get the equation

Sa=la (3.3)

From Equation (3.3) it is clear that a is an eigenvector and A an eigenvalue of the covariance
matrix S. The vector a with maximum variance will be the one associated with the largest
eigenvalue of S 1. It can be shown (Bartholomew, 2010) that the vectors which successively
maximize the variance while being mutually orthogonal is the full set of eigenvectors of S. The
Principal Components of the data matrix X are thus the eigenvectors of its covariance matrix.

It can be shown (Jolliffe et al., 2016) that the eigenvectors of S (the PCs) can be obtained
via the single value decomposition of X. This method is used by the python function we applied
to our data (see below).

The PCs can alternatively be obtained as a result of a minimization problem. We introduce
this derivation because it can be naturally extended to the targeted PCA (demixed-PCA, dPCA)
method which we explain in the following section. For the same centered data matrix X a set of
q < N PCs is the best linear approximation to the data in a g—dimensional space. (see et. all.
Hastie (2009); Kobak et al. (2016)). In other words, the PCs are obtained when minimizing
the following cost function

2
Lpoa = HX—DTDXH (3.4)

where the PCs are the rows of the rank-g matrix D. Matrix D can be viewed as a decoding
matrix which compresses the data X into a space of dimension g. The transpose D can

1S is semi-defined positive its spectrum is equal or greater than zero.
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be understood as an encoding matrix which, in turn decompresses the activity from the g-
dimensional space back to the n-dimensional space, approximately reconstructing the original
data.

We use the class decomposition from python package sklearn to apply PCA on our data. Ini-
tially, the matrix of the data has dimensions (N, K, C, T—#neurons, #tasks, #stimulus, #time samples)
To obtain the PCA decomposition we first flatten the matrix to a 2-dimensional matrix (The
columns of the flattened matrix span all possible (p) combinations of task features, as men-
tioned above). Then we apply the method PCA.fit which outputs the PCs. To interpret
the results, for each combination of stimulus location and task type ((C=8) x (K=2) =16
combinations), we project the time course of the neural activity (N x T) on the space of PCs.
For visualization, PCs can be plotted respectively against time or against one another. In the
combined PC plots, the trajectories are parametrized by the time.

3.2.2.2 demixed-Principal Component Analysis

For a detailed explanation of demixed-Principal Component Analysis (dPCA) with illustrating
examples see Kobak et al. (2016). Similarly to PCA, dPCA finds linear combinations of the
neurons’ activity that contain relevant information about the experimental task. The difference
between both methods is that dPCA finds directions in neuronal space with maximal variance
due to specific task features (or to combination of task features). In this way, dPCA disentangles
the contribution of different features to the total variance.

dPCA introduces two changes in Equation (3.4). First, instead of requiring the compression
and decompression matrices to reconstruct the neural activity directly, it separately favors
the reconstruction of neural activity related to a certain feature or combination of features.
Thus, to obtain dPCs related to task feature ¢, the compression and decompression would be
required to minimize the error with respect to matrix Xy, from which the average over every
other task feature has been subtracted Xy =X~ Y444 (X)¢, where ¢ are the task features (in
our case: task condition, stimulus and time). The second modification with respect to PCA is
that in order to gain a more flexible mapping, the decoding and encoding matrices are allowed
to be different. The result is the following cost function,

Lapca= %LdPCA,(p = % HX¢ - F¢D¢XH2 (3.5)

Where Fy and Dy are the encoding and decoding matrices associated with feature ¢. Each
term in the sum can be minimized separately. Minimizing each Ly constitutes a reduced rank
regression problem, which can be solved analytically (see Material and Methods in Kobak
et al. (2016)). We used the package written in Matlab, available at http://github. com/
machenslab/dPCA.

3.2.3 Decoding stimulus information from PFC population activity

Classification algorithms that can decode the content of neural representations are frequently
used to interpret data in cognitive and systems neuroscience (Henderson et al., 2021; Kim et al.,
2016; King & Dehaene, 2014; Stokes, 2015; Stokes et al., 2013; Wolff et al., 2015). They

are particularly useful to identify the neural representations at the level of neural population
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Figure 3.2: Cross-temporal decoding patterns reflect qualitative properties of the neural
code: Cartoon examples, from left to right: separate groups of neurons firing at different sparse
times, sustained (persistent) firing, chain of activation tiling the length of the trial, sequence with
reactivations, oscillating signal, gradual activity increase (ramping), the effect of jitter (different
latencies for different trials)

activity. In general, a decoding analysis involves training an algorithm with a subset of the
neural data and then testing its performance on the remaining portion of the data.

Here, we used such a population decoding approach was used to quantify stimulus informa-
tion at the population level. We trained and tested support vector machine (SVM) classifiers on
surrogate populations of neurons (pseudopopulations) constructed from the individual neuron
recordings (Sarma et al., 2016). In the pseudopopulations we included all neurons with more
than 10 correct trials per condition (per task condition and stimulus combination). The spike
count window was T = 50 ms. For each neuron, the spike counts were normalized to zero
mean and unit variance across all trials and time bins.

As classifiers, we used linear multi-class SVMs, C-SVC from LIBSVM (Chang & Lin, 2011).
Nonlinear SVMs with Radial Basis Function (RBF) kernels yielded the same results, so we
used linear SVMs throughout the analysis. To estimate the decoder performance, we applied
leave-one-out cross-validation. During each of 10000 repeats, we selected a different set of 10
trials for each cue location for each neuron. Next, we randomly assigned 9 of the 10 trials to the
training set and the remaining trial to the test set. This gave us a pseudopopulation response
with 72 training trials and 8 test trials. Overall performance was computed by averaging test
performance across all repetitions.

3.2.4 Cross-temporal population decoding

The stability of cue decoding was quantified by comparing decoding accuracy throughout the
trial. In particular, we used cross-temporal decoding, that is, we trained the decoder at one
time point and then tested it on data from every time point in the trial. This allowed us to
measure how a trained decoder generalizes across time and from a given experimental condition
to another (King & Dehaene, 2014). As explained in detail in King & Dehaene (2014), testing
how the decoder generalizes across times can reveal or reflect qualitative properties of the
neural code (see Figure 3.2). The fundamental hallmark across the different types of code
is that a trained decoder can generalize across times (off-diagonal points in the performance
matrix) when the neural code remains stable. When the neural code changes significantly
(dynamic code), so does the decoder’s performance.
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In our data set (Markowitz et al., 2015), and other data sets related to similar WM paradigms
(Constantinidis et al., 2001a; Mendoza-Halliday & Martinez-Trujillo, 2017; Spaak et al., 2017,
Stokes et al., 2013), the cross-temporal decoding pattern reveals a lack of generalization
between cue and delay epochs (see Figure 4.2). It also suggests the presence of ramping
activity (see Figure 3.2) during the delay.

3.2.5 Measuring clustering in the space of features with the ePAIRS
algorithm.

Representing neurons in feature space can be useful for understanding computations, structure,
and the distribution of selectivity. For example, by visualizing neurons in feature space, we
can identify clusters or groups of neurons that respond similarly to specific features or stimuli.
These clusters could correspond to different subpopulations of neurons that perform specialized
functions within a larger neural network.

To identify these clusters, we can use clustering algorithms to group neurons that share
similar feature selectivity. Since neurons with similar feature selectivity (forming clusters), will
lie close to each other when represented on the space of features, a way to assess the presence
of these clusters is to measure the distribution of nearest neighbor angles in the feature space.

Inspired in recent works (Dubreuil et al., 2022; Hirokawa et al., 2019; Raposo et al.,
2014; Yang et al., 2022), we used the “elliptical projection angle index of response similarity "
(ePAIRS) to measure the presence of clusters in our data set. This test is a variation of the
“projection angle index of response similarity "'(PAIRS) method which was first used in Raposo
et al. (2014). A formal explanation follows.

Before applying the ePAIRS test, we reduced the dimensionality of our data (using either
PCA or dPCA). This step is important to filter out the noise and irrelevant variance in the
data and to obtain a set of feature dimensions we can interpret. . Coherent with our previous
notation (see subsection on dPCA), we consider the matrix D whose N rows correspond to
the number of considered neurons and g columns, the number of features (PCs or dPCs).
Considering each row in D as a point in the g-dimensional feature space, the ePAIRS test
compares the original distribution of directions d;/||d;|| to a null distribution which is obtained
by bootstrapping from a multivariate Gaussian with the same covariance (X = % D'D) as the
original data. The algorithm is described by the following steps:

1 for each point d; its k nearest neighbors as found (the points which maximize cosd/l-d\j).
We have used k =13 for our computations, smaller values of k do not alter the results
qualitatively.

2 The mean a; angle is computed for each neuron, defining the empirical distribution
Pdata(@).

3 Steps 1 and 2 are applied Npoorsirap times (we used Npoorstrap = 10000) to random
distributions of N g-dimensional points, sampled from a multi-variate Gaussian N(0,X),
to obtain the null distribution p,,(a)

4 Finally, the original and null distributions are compared using a two-sided Wilcoxon
rank-sum test, which yields a p value. The effect size is computed as

c= Mnull — Hdata (36)
Hnull
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— ¢ > 0 means smaller distance between neurons than expected by chance, i.e. structure
or clusters.

— ¢ <0 means greater distance than expected by chance, which would correspond to
neurons evenly space in feature space.

Figure 3.3 illustrates how the ePAIRS method distinguishes between a case where the
selectivity between two features is randomly mixed (Figure 3.3a) and a case where the selectivity
is clearly non-randomly mixed (Figure 3.3b). The original distribution of nearest neighbor
distances is overlapping with the null distribution when the distribution of selectivity is random
(Figure 3.3c) and significantly different from the null when the selectivity is non-randomly
distributed (Figure 3.3d). The difference between the ePAIRS and the PAIRS methods is that
in ePAIRS, the null distribution are generated by bootstrapping from multivariate Gaussian
distribution with the same covariance present in the data, while the PAIRS method samples
from a spherical Gaussian distribution (the covariance matrix is diagonal with all elements in
the diagonal having the same value). This difference can cause false positive results of the
PAIRS method, when apply to data with different variance along different features (which is
usually the case, see Hirokawa et al. (2019) for examples).

3.2.6 Combined dPCs for 2-feature comparisons

To get a finer-detailed view of how the neurons’ selectivity is distributed among different task
features, we measured each neuron’s contribution to different pairs of activity modes. We used
the same approach applied in Yang et al. (2022) to assess the distribution of feature selectivity
in mouse ALM region. Each neuron’s contribution to a pair of features is represented as a
2-dimensional vector in the space spanned by the corresponding features (Figure 3.4a). The
angle this vector forms with one of the axes is taken as a measure of how the neuron’s selectivity
is distributed between the features. For every pair of features, the original distribution of
angles is compared to a null distribution generated by bootstrapping over multivariate Gaussian
distributions with data-matched variance.

The feature-specific dimensions used in Yang et al. (2022) were obtained directly as
linear combinations in the space spanned by the neurons. They could define linear feature-
specific dimensions because their task had 2 possible stimulus and 2 possible choices, so the
corresponding stimulus and choice dimensions were 1-dimensional. For the analysis of the
contribution to pairs of features, the authors then used the absolute value of components
or weights of each neurons along the corresponding feature vectors. For our analysis, we
combined some of the feature-specific dPCs to obtain meaningful feature-specific dimensions.
In particular, we combined the first two stimulus-dPCs because they provide complementary
information related to variance along orthogonal directions on the plane where the stimuli were
presented (see Figure 4.11). In a similar way, we combined the first two time-dPCs, because
they alone explained a substantial amount of the variance (14.5% and 7.3%). In both cases,
the components of the combined dimensions are obtained as euclidean norms:

. = 2 2 P —
Wstimulus,i = \/wstimulus,l,i + wstimulus,Z,i i=1...N (3 7)

2 2 2  _
Wtime,i = \/wtime,l,i T Wime2,i T Whimesi L= 1N

As a consequence of combining (non-linearly) dPCs to obtain the feature-specific vectors,
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Figure 3.3: ePAIRS identifies non-random structure based on the distribution of nearest
neighbor angles Extreme cartoon examples to illustrate the method: Random mixed (a) and non-
random mixed (b) selectivity for features 1 and 2. c¢,d original distributions of nearest neighbor
distances (green) and null distribution generated with the ePAIRS algorithm (black).
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Figure 3.4: Random distribution of selectivity between two dimensions: a example selectivity
of three cartoon neurons. b-d Null distribution of angles for a surrogate population of 1000 neurons
for different combinations of feature dimensions. b: both dimensions are the absolute value of weights
obtained as random samples from the same distribution. c¢: one dimension is obtained as in b, the
other dimension, as the square root of the sum of two squared weights, each obtained from as samples
of the same random distribution. d: both dimensions are obtained as the second dimension in c.
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the null distributions we obtain as controls are not flat. We show examples of null distributions
of surrogate data in Figure 3.4.

3.2.7 Classification according to dPC weights

The components or weights of the dPCs provide a measure to classify the neurons. The neural
trajectories along the 1st task-dPC (the dPC which explains the highest amount of variance
due to the difference in task condition) bifurcate according to the task condition (memory,
visual) after the time when the stimulus is removed in the memory task. Therefore, we used
the weights on this dPC as a measure of how much the neurons are modulated by the task
condition. To obtain a three-group classification, since the distribution of weights in this dPC
is unimodal (Figure 4.14), we split the neurons according to different percentile values: below
the 25th percentile, above the 75th percentile and between the 25th and 75th percentile. The
three populations we obtain are similar to those in Markowitz et al. (2015).

3.3 Models

3.3.1 Spiking neuron model: leaky-integrate and fire

The leaky-integrate and fire (LIF) neuronal model has been used extensively to model neural
networks. We have chosen this model because it offers a good compromise between biological
plausibility and computational efficiency.

The LIF model was inspired by the work of the French physiologist Louis Lapicque (Brunel
& Van Rossum, 2007; Lapicque, 2007), but it was first presented as we know it today by B.
Knight (Knight, 1972). The basic feature of the model is that it describes the subthreshold
voltage integration but not the rapid voltage dynamics of the spike generation. This is justified
by the two processes happening at clearly different time scales and because the voltage exchange
during a spike is highly stereotypical (Burkitt, 2006). When the membrane potential v reaches
the established threshold for generating action potential, a spike is modeled by setting v to a
given reset value v;.

The subthreshold voltage integration is model as a function of the currents flowing to
the neuron’s synaptic channels (I,,; with « = AMPA, GABA,NMDA...) and a passive leakage
current I; which effectively tends to bring v to its resting value:

dv; (1)
C
dr

= Ioi(0) + 1L, (2) (3.8)
a

In the conductance-based LIF models the synaptic currents are described by Equation (3.9)2.

Ioi=(vi—Ea))_ 8ayijSa,j(t) (3.9)
J

The voltages E; are constant and are referred to as reversal potentials. They are related to the
equilibrium potential of the different ion channels. Whenever v crosses the value of a given
reversal potential, the synaptic current flow associated to this channels switches. The value of

2For current-based models see e.g. Burkitt (2006); Cavallari et al. (2014).
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the conductances g; ; will depend in general on the type of synapse (e.g. AMPA, GABA or
NMDA) and on the presynaptic and postsynaptic pair of neurons. The variables s, ; are called
gating variables and they are related to the amount of neurotransmitter which is available at
the synaptic cleft (or to the fraction of synaptic channels that are open). A common way of
describing the dynamic of a gating variable (Compte et al., 2000; Wang, 1999) is

dsq i 1
%:—;sa_i+wa%5(t—t1€) (3.10)

where T, is a decaying time constant specific to each type of synapse and ¢; are the spiking
times of the presynaptic neurons. The second term in the right-hand side of Equation (3.10) is
Dirac’s delta distribution, which represents that any presynaptic spike at time #; will increase s
by an amount wy.

We have used Equation (3.10) for AMPA and GABA synapses. For NMDA we included an
additional gating variable x

dSNMDA, i 1 dx 1 2
b + 1-— = x+Y S(t-t 3.11
p = — SNMDA + @s( S) " Txx - ( k) ( )

additionally, the NMDA conductance is modeled as voltage dependent (Compte et al., 2000;
Jahr et al., 1990).

1
(1+exp(—0.062v;)/3.57)

where gnMDA o is parameter which we vary for different simulations. The temporal dynamics of
NMDA, slower than the other synaptic variables, are crucial to generate persistent firing rates
within a physiological range (10—-50 Hz) (Wang, 1999). Without the stabilization generated
by the NMDA dynamics, strong recurrent excitation (see section below and Wang (1999))
would produce persistent firing rates above the physiological observed values and for a narrower
range of background inputs.

All the synaptic currents we use are implemented as in Compte et al. (2000).

In the general formulation of the LIF model, an additional term Ij,; is sometimes included
on the right-hand side of Equation (3.8) to account for currents injected directly into the
neurons’ soma by artificial means. We have modeled the effect of the stimulus (light cues on a
screen) on the frontal circuits as an injected pulse with a Gaussian profile. (Gaussian in the
space of neurons)

8NMDA (Vi) = §NMDA,0 (3.12)

0:—0.: 2
Iinj,i = Isexp w when stimulus on
20 (3.13)

Iinj,i =0 when stimulus off

where I is a parameter we varied across different simulations (in a range between 10
and 100 pA), o is the width of the pulse (we used 42deg), Ostim is the angle at which the
stimulus is presented and 6; is the preferred orientation of neuron i. In the actual experiments
(Markowitz et al., 2015), the stimulus cues are illuminated dots on a screen. Since the cues
appear at a fixed distance from the fixation point, we take the angle of the stimulus as the
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relevant variable. From a computational perspective, what matters is that we are modeling a
continuous period variable.

By modeling the stimulus as an injected current we are not considering the time varying,
voltage dependent processes related to stimulus related synaptic stimulation. Stimulation has
been modeled in a similar way in other works (Compte et al., 2000) (cite more)

3.3.2 Firing rate model

For some simulations, we used a mean-field model (Wilson & Cowan, 1972; Wong & Wang,
2006) whose behavior is qualitatively equivalent to that of a spiking neural network. Instead of
describing a neuron’s spike timing and membrane voltage, this model describes the neuron’s
firing rate, which is the number of action potentials generated during a finite time window.
The advantage of this model is its simplicity, which allows for much faster simulations.

To reduce the spiking network model to the firing rate model we use requires several
assumptions. For a more detailed explanation, see Wong & Wang (2006). We briefly outline
the most important steps. The first simplification is related to the mean-field approximation,
introduced originally and explained in detail in Wilson & Cowan (1972). In this approximation,
the non-linear dynamics associated with the action potentials are accounted for by a transfer
function ¢(i), which describes the relation between the currents a neuron receives and its
electric activity (input/output function). We use the function used in Wong & Wang (2006):

3 al-b
~ 1-exp(—d(al - b))

o) (3.14)

where a, b,d are constant parameters (see Wong & Wang (2006)).

As shown in Wilson & Cowan (1972), the dynamics of the firing rate variable r can then

be written in terms of ¢ as:
dr;
rrd—t’ = —71i + PUsyn,1) (3.15)

where 7, is related to the time a neuron needs to integrate its inputs.

Conceptually, the rate variable r represents the firing rates of a spatially localized neural
population (Wilson & Cowan, 1972). As is often done in the literature (Engel et al., 2015;
Murray et al., 2017b; Wimmer et al., 2015) we assume for our simulations that each rate
variable r; represents a unit i with preferred location 6;, whether this unit is composed by one
or several cells is not relevant for the model.

The model in Wong & Wang (2006) initially considers the total synaptic input Iy, as the
sum of the same three types of synaptic currents we used for the LIF model (spiking neural
model); AMPA, GABA and NMDA. Since the membrane voltage is not described by this model,
the currents depend only on the value of the conductance g and of the gating variables s:

Isyn,i = 8a,ijSa With @ = AMPA, GABA, NMDA (3.16)
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Where the dynamics of the gating variables is given by:

dsampa,i _ _ SAmPA

i

dt TAMPA (3.17)
dscaBA,i SGABA
= — + 717
dr TGABA

where r; is the rate of the inhibitory population, which the model considers initially. The
dynamics for the NMDA variable are given by:

dsnmDA _ SNMDA
dt TNMDA

+(1 - SNMDA)YTi (3.18)

Where the effect of the two time constants contributing to the NMDA dynamics in the LIF
model is now effectively included in Equation (3.18), see Wong & Wang (2006) for a derivation
of Equation (3.18).

At this stage, a further simplification is made by considering that the dynamics of the
NMDA gating variable are much slower than the dynamics of the other AMPA and GABA
gating variables and the neuron integration dynamics (TnymMpA >> TAMPA, TGABA,Tr)- T his
implies that the only the steady-state values of the variables 7, sampa, Sgaga are used, and only
the differential equation for sympa (Equation (3.18)). In the original formulation in Wong &
Wang (2006), the authors considered initially a network with two excitatory populations, which
receive different inputs, and a non-selective inhibitory population. After the simplifications, the
effect of the inhibition is eventually included as negative contributions across the excitatory
populations.

The original formulation in Wong & Wang (2006) based on the analogous LIF model (Wang
XJ, 2002)) describes a 2-unit system in the context of 2-alternative decision making. For both
the LIF and the rate model, the original formulation is naturally extended to a system with
selectivity for a continuous periodic feature, such as orientation, by introducing the appropriate
shape of connectivity weights g;;. We will discuss below how a positive recurrence among
neurons with similar selectivity can generate selective and persistent activity in a network.

3.3.3 Connectivity of the ring-attractor model

Neuronal selective behavior to external stimulation is accomplished by synaptic connectivities
of the center-surround type. In this type of connectivity, also referred to as lateral inhibition,
excitatory connections dominate over inhibitory connections only between cells with similar
selectivity. For cells with sufficiently distinct selectivity, inhibition is stronger. 3 This synaptic
configuration in some parts of the nervous system allows us to resolve fine differences in the
sensory space (e.g. nearby locations, nearby colors).

The center surround connectivity is usually described as mexican hat-type because of
its shape Figure 3.5 For periodic stimulus such as orientations, or as in our case, locations
associated with orientations (dots on a circle), the connectivity is defined as a function of the
difference between the preferred direction of cells (AO =6; —60;), and is in this way rotationally

3In sensory networks, the anatomic arrangement of the cells matches the topology of the system, such that
cells with nearby preferred stimuli are also adjacent. This, however, is not necessarily the case for more upstream
networks where the anatomy of the circuits does not parallel or reflect the structure of the connections.
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000000

Figure 3.5: Topology and connectivity profile of the ring-attractor network: a Ring-network
topology. Neurons excite other neurons with similar selectivity (nearest neighbors in the ring, excitation
highlighted in red) and inhibit the rest of the network (inhibition highlighted in blue). b Connectivity
profile. Amplitude of the effective connections as a function of the difference in selectivity (distance
on the ring) Excitation, red. Inhibition, blue

invariant.

o (3.19)

0;-0,)*
8ij :]m+]pexp(—])

In the firing rate model, the connectivity describes the connection between excitatory neurons
(inhibitory neurons are not included in the model). Inhibition is implemented through the
negative values of g; ;. In the LIF model, excitation and inhibition are implemented by
different populations of neurons. We include a structured profile as the one in Figure 3.5
for the connections between excitatory neurons (with all values of gg g >0). The rest of the
connections (E — I,I — E,I — I) we model as flat. The inhibition and excitation combined,
work as the effective profile in Figure 3.5.

For the spiking neuron model, we used the structured connectivity profile (Equation (3.19))
for the connection between excitatory neurons, we used flat profiles for the rest of the
connections.

A network with a connectivity profile as shown in Figure 3.5 can exhibit different qualitative
behaviors which depend largely on the strength of the excitatory connections. They are
summarized in Figure 3.6. When the amplitude of the excitatory connections is high enough,
the network has attractor dynamics, and it responds during stimulation forming a bump of
activity centered on the neuron which has been maximally stimulated. Importantly, the shape of
the bump is determined in the first place by the intrinsic network dynamics Once the stimulation
ceases, the activity bump will fade, and the network will return to its baseline activity. In this
dynamic regime, the bump state is reached through a super-critic Hopf bifuraction and the
system is accordingly monostable. This regime can describe transient responses to stimulus,
such as the ones observed in sensory neurons or some of our PFC neurons. We used this
regime for some of our subnetworks (see details below). When the amplitude of the excitatory
connections is further increased, the network can reach a bistable regime, where the activity
bump can be sustained without external stimulation. The bifurcation through which the bump
is formed in this regime is sub-critical. The firing rates or spiking activity of the neurons
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Figure 3.6: Different activity regimes of a ring network with lateral inhibition Regime with
bistability (a-c); a: bifurcation plot. maximum (blue) and minimum (purple) firing rate amplitude for
different values of the bifurcation parameter (non-selective injected current). Regions with different
stable solutions highlighted in a, homogeneous low activity state (no bump) (pink), bistable region
(gray), non-homogeneous bump state (yellow) and homogeneous high activity state (green). b: (inset)
bistable region in a. c: example network activity profiles (smoothed with a Gaussian filter, o = 20) for
the different regions highlighted in a. Regime without bistability d,e. d bifurcation plot homologous
to a, without bistable region. e same as c.

during stimulus presentation is very similar in both the transient and the persistent regimes,
However, a network with bistable behavior can sustain the intrinsic bump of activity even after
the stimulus is removed. This behavior has been used before to model WM in frontal circuits
(Compte et al., 2000; Wimmer et al., 2014)

For the firing rate model, we do not model separately excitatory and inhibitory neurons.
The effect of inhibition is included effectively by the negative part of the connectivity (J,,, <0
in Equation (3.19)).

3.3.4 Connectivity between ring-networks

Our model can reproduce some crucial aspects of the experimental data due to the usage of
different stability regimes (monostable and bistable) for different sub-networks and to the way



3.3. MODELS 37

these sub-networks are connected. We designed the inter-ring connectivity structure in such
a way that we would obtain the differential behavior of the populations in Markowitz et al.
(2015) (Figure 4.5). Qualitatively speaking, we need the following stimulus-selective behaviors:

= A network which responds in the presence of external stimulation (labeled as perceptual
neurons here)

= A network which fires during the memory-demanding period (the delay in the memory)
but not otherwise

= A network which fires from stimulus presentation until motor response, regardless of
whether the stimulus remains on the screen or not.

As one can anticipate, different inter-ring connectivities can satisfy these conditions. We
explored different types of connectivities, which will be described in the following. Common
to all the sub-network to sub-network connectivities is a structured synaptic footprint as
Equation (3.19) where the subindexes i, j belong to different sub-networks. This connectivity
ensures that neurons in one ring are maximally connected to neurons in another ring that have
the same stimulus selectivity.

3.3.5 Ramping input

The ramping signal is implemented as a linear change in the synaptic conductances mediated
by NMDA (gnmpa). The steepness of the ramping signal is controlled by the parameter r,:

ENMDA (1) =Y (2) gnmDA

=yt (3.20)

Note that this modulation affects both excitatory and inhibitory neurons in the storage
network.
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4.1 Structure and functional specialization in the pre-
frontal cortex

Section summary

In this section, we combine different analysis techniques to investigate how selectivity for
different task features during working memory is distributed among prefrontal neurons. First,
we illustrate the diversity of the single-neuron activity profiles and the changes between cue and
delay epochs in the population code. Classifying the stimulus-selective neurons based on their
selectivity for the task condition (following the approach in (Markowitz et al., 2015)) reveals
different stereotypical activity profiles. However, assessing the statistical differences between the
stereotypical profiles is difficult because the population averages mask single-neuron variability.
To assess the presence of functional groups unbiasedly, we analyze the activity of all excitatory
neurons using dimensionality reduction and clustering algorithms. We observed a significant
level of clustering in the space spanned by the demixed-Principal Components, which indicates
a non-random distribution of feature selectivity. Finally, we relate the overall non-random
feature selectivity distribution to the specific task features: time, stimulus location, and task
condition. We obtain results compatible with the single neuron analysis and show that the
different stereotypical or functional profiles contribute to the working memory code.
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4.1.1 Diverse activity profiles among prefrontal neurons

The prefrontal neurons engaged during WM tasks exhibit different types of activation profiles.
Some cells (as the one in Figure 4.1a) exhibit a type of activity known as persistent (see
Chapter 1). Persistent neurons respond selectively to the presentation of a cue stimulus and
sustain their increased firing rate throughout the memory delay. As explained in the Chapter 1,
persistent activity is regarded as one of the main correlates of short-term memory maintenance
in the cortex (Funahashi et al., 1989; Funahashi, 2017; Fuster & Alexander, 1971), and it has
been modeled successfully (Camperi & Wang, 1998; Compte et al., 2000; Murray et al., 2017a;
Wimmer et al., 2014). However, there exist a variety of different neuronal response profiles in
prefrontal cortex (PFC), whose relevance for WM is less understood: In a way that resembles
the activity of neurons in sensory regions, some neurons respond transiently to a stimulus (as
the example in Figure 4.1b), returning to baseline firing once the stimulus is removed. Other
neurons (as the example unit in Figure 4.1c) undergo gradual increases in firing rate during the
delay period. This type of response profile has been observed in several studies (Constantinidis
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Figure 4.1: The activity profiles of the single PFC neurons involved in a WM task are diverse.
PSTHs of four example neurons for trials at which the stimulus is at the neuron’s preferred location
(solid) and anti-preferred location (180° from preferred location, dashed). All neurons shown are
selective to stimulus. a Persistent type, firing during cue and delay. b transient activation during
stimulus presentation. c increasing ramping activity during the delay. d transient activation during
early delay.
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et al., 2001b; Finkelstein et al., 2021; Funahashi et al., 1989; Inagaki et al., 2019) which involve
memory delays of stereotyped length, and it is thought to be a correlate of elapsed time or
response anticipation (Durstewitz, 2003; Emmons et al., 2017; Finkelstein et al., 2021; Paton
& Buonomano, 2018).

Apart from the already commented types of response, other profiles can be observed, such
as transient activations during a fraction of the delay (as in the example in Figure 4.1d) or cells
whose firing rate decreases during stimulus presentation or delay (not shown). These single
neuron examples constitute a “fine detailed” picture of the PFC dynamics, showing that there
is a variety of different stimulus-selective responses.

4.1.2 The working memory code undergoes a transition between the
cue and delay epochs

Analyzing the recordings at the population level gives a more synthesized way of interpreting the
nature of the neural code. In the last years, it has become increasingly common to complement
the analysis based on the single-cell responses with a measure based on the activity of all cells.
A cross-temporal decoding pattern (as the one in Figure 4.1e) can be useful to illustrate some
properties of the neural code.
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Figure 4.2: Cross-temporal decoding reveals that the WM code is dynamic during the
transition from cue to delay, and stable during late delay. Pattern of decoder accuracy. Each
data point (small squares) indicates the accuracy with which a decoder trained on the data at the
time specified by y—axis is able to decode what the presented stimulus location was at the time
indicated by the x—axis. Gray lines separate stimulus from delay epoch.

The off-diagonal regions of above chance accuracy in Figure 4.1e represent epochs during
which the code is stable, allowing the decoder to generalize from a given time point to another.
On the other hand, significant drops in decoding accuracy when moving away from the diagonal
indicate a substantial change in the neuronal code. Qualitatively, the pattern observed in
our data set (Figure 4.1e) is equivalent to the one obtained in several other studies of the
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Figure 4.3: Different patterns of neuronal activation can explain the experimental observations
Two extreme scenarios are illustrated that could explain the observed dynamics in the cue-to-delay
region (Figure 4.2). a Random mixed feature selectivity; neurons have non-structured combinations
of feature selectivity. Consequently, some neurons (one example neuron shown) will be active for
different combinations of task epoch and stimulus identity. Responses to different cues are highlighted
with different color intensities. b Non-random (structured) selectivity; neurons respond to specific
combinations of task epoch and stimulus identity. Three neurons (green, blue, and brown) are shown.
They all have a fixed preferred cue and are active respectively during distinct task epochs. Response
of the three neurons to a cue presented away from their respective preferred locations.

same WM paradigm (Constantinidis & Wang, 2004; Mendoza-Halliday & Martinez-Trujillo,
2017; Spaak et al., 2017; Stokes et al., 2013): the WM code undergoes a significant change
in the transition from cue to delay epoch, and during the delay, the representation becomes
stable. While many models have been proposed to explain how stability can come about in the
WM code (Camperi & Wang, 1998; Compte et al., 2000; Renart et al., 2003; Wimmer et al.,
2014), the origins of this dynamic cue-to-delay transition still need to be better understood.
Investigating its underlying mechanisms constitutes one of our primary motivations for this
work. In the sections below, we will discuss analyses carried out on the neural recordings that
will establish a connection between the single-neuron picture (Figure 4.1) and the decoding
pattern (Figure 4.2) and set a basis for the formulation of a computational model which will
be compatible with both.

4.1.3 Possible scenarios that could explain the dynamics in the data

Currently, there is no agreement about the mechanisms that underlie the observed dynamics
in the data (Figure 4.2). Before we explain our analysis, we will consider which scenarios
would be compatible with the observed dynamic transition (Figure 4.1e). A possibility would
imply a random distribution of the stimulus-selectivity during cue and delay epochs among the
neurons (Figure 4.3a). In this scenario, some neurons would respond maximally to different
stimulus locations during cue and delay epoch (dynamic selectivity). In a contrasting scenario
(depicted in the cartoon in Figure 4.3b), neurons with stable stimulus-selectivity could be active
at different task epochs. Altogether, this second scenario would correspond to a higher degree
of structure in the neural responses than the first one. We want to investigate which scenario
is more compatible with the experimental observations. For this purpose, we carry on the
analyses explained below.
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Figure 4.4: Most neurons do not exhibit changes in preferred selectivity during WM task.
Preferred cues of neurons with significant selectivity (N = 166) during cue and delay periods were
compared. a Example neuron whose preferred stimulus location during the cue period differs from
the one during the delay. b Neuron whose selectivity is stable. ¢ Histogram of the magnitude of the
selectivity changes for all neurons with significant selectivity in both cue and delay periods.

4.1.4 Experimental evidence for stable stimulus selectivity and func-
tional clustering

Analysis of the tuning properties of PFC neurons reveals stable stimulus selectivity across task
epochs.The mixed selectivity hypothesis from above (Figure 4.3a) implies that a significant part
of the neurons should change their stimulus-selectivity from the cue to the delay period. To
directly test this, we quantify changes in stimulus selectivity between cue and delay epochs. We
do not see many neurons exhibiting changes in the preferred location (Figure 4.4). Moreover,
a two-way ANOVA for circular data revealed no statistically significant change in preferred cue
for N = 166 neurons that were active during cue and delay (P = 0.83). This result suggests
that the data are more compatible with the scenario depicted in Figure 4.3b.

In our further analysis, we will capitalize on the unique experimental design of Markowitz
et al. (2015). To distinguish visual from memory effects, they included a variation of the
oculomotor delayed-response (ODR) task where the stimulus was maintained on the screen
until the animals were cued to respond. This task design allowed them to classify each neuron
into one of three possible categories according to its firing rate during the last 300 ms before
the animal was cued to respond. More specifically, the classification criterion was whether
a neuron's firing rate during the classic mnemonic task (memory) was significantly different
from the firing rate during the visual task (see Section 3.2.1.2, and Markowitz et al. (2015)).
The units whose rate was significantly different were split into two classes depending on the
task (memory, visual) to which they were most selective. The average firing rates of the three
resulting classes are shown in fig. 4.5c-e. It is easy to see that the time course of the population
averages in Figure 4.5 resembles some of the ones of the single neurons in Figure 4.1. The
population average in Figure 4.5¢ corresponds to neurons that always fire in the presence of
the stimulus, experiencing a significant decrease in activity upon stimulus removal. As we
already mentioned above, this stimulus-dependent activity profile resembles the one of a sensory
neuron. For this reason, we will refer to this type of neuron as perceptual. The population
average in Figure 4.5d shows a ramping response in the mnemonic condition, which is almost
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Figure 4.5: A visual variation of a memory-guided saccade task allows to classify neurons
into three categories. a: schematic of the classic memory task (left) and the visual task (right)
during which the visual stimulus is not removed from the screen until the animal is cued to respond.
c-e Population average firing rates for the three groups obtained in a classification according to
task condition selectivity during the delay. ¢ population responding in the presence of stimulus and
beginning of memory delay, d population responding during memory delay, gradually increasing firing
rate throughout the trial. e Population with sustained selective activity during both task conditions.

absent or strongly attenuated for the visual condition. These neurons carry stimulus-related
information only when the task condition requires WM. Thus, we will refer to these neurons as
mnemonic. Finally, the average firing rate of the neurons in Figure 4.5¢, resembles the one of
the “persistent type” neuron in Figure 4.1a. It reflects the maintenance of stimulus-selective
information during both visual and mnemonic conditions. We will label them as persistent
neurons. Classifying the stimulus selective neurons into the three groups in Figure 4.5c-e favors
interpreting these groups as distinct functional sets or subpopulations (see the description in
Markowitz et al. (2015)). However, this reasoning may seem circular because the selection is
based on significant differences in firing rates at the end of the trial. Moreover, the PSTHs in
Figure 4.5 are population averages, and as such, they do not account for the heterogeneity of
the single neuron activities. To understand to which extent the neurons in Figure 4.5 correspond
to different functional classes, we next analyzed the neuronal activity in more detail.

To get an insight into how stereotyped the activities of the respective populations are, we
first analyzed the time course of individual neurons during the memory task. We focused our
attention on the perceptual and mnemonic groups. The average firing rate of these neurons
changes in time during the memory condition, and we expected this change to be directly related
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to the dynamic cue-to-delay transition. We fit the firing rates during the delay of all perceptual
and mnemonic neurons with an exponential curve with an offset (see Section 3.2.1.3). In
both groups, the activity profiles of neurons with a R? value above a chosen threshold (see
Section 3.2.1.3 for detail) are consistent with the activity profile of their population averages
(see Figures 4.6 and 4.7). The 7 of the perceptual neurons in Figure 4.6 are associated with
fast decay in activity after stimulus removal. Likewise, the 7 of the mnemonic cells shown in
Figure 4.7 (note we are showing the absolute value of 7) are associated with gradual increases
in activity during the delay. This result confirms that the average PSTHs of the classes
found in Markowitz et al. (2015), shown in Figure 4.5¢,d, represent stereotyped activation
profiles. The distinct activity profiles among neurons could be related to their computational
function. We will address this point in the following chapters, along with the introduction of
our computational model.
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Figure 4.6: Single neuron time course characterization of perceptual PFC neurons. a-c
Exponential curve fitting a decrease in firing rate of example neurons from the perceptual class after
stimulus removal. d Histogram of time constants obtained when fitting the rest of the perceptual
neurons in Figure 4.5¢, neurons with R?> 0.4 included.
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Figure 4.7: Single neuron time course characterization of mnemonic neurons. a-c Exponential
curve fitting an increase in firing rate of example neurons from the mnemonic class after stimulus
removal. d Histogram of time constants obtained when fitting the rest of the mnemonic neurons
(Figure 4.5d), neurons with R? > 0.4 included.
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4.1.4.1 Ramping PSTHs and single neuron activity

As argued by Latimer et al. (2015), ramping PSTHs as in Figure 4.7a-c are not always indicative
of ramping activity at the individual neuron level (see cartoons in Figure 4.8i,j for illustration).
Indeed, a ramp can result from averaging the activity of neurons with a step-like activation at
different time points (Figure 4.8i-j). To distinguish between these scenarios, we examined the
inter-trial variability of the mnemonic neurons and compared it to the variability of surrogate
data (Figure 4.8). Ramping activity can be observed during single trials for some of the
mnemonic neurons (Figure 4.8a-f). To analyze it more systematically, we measured the
inter-trial variability as the Fano factor. We averaged across all neurons in the mnemonic group
(Figure 4.8g,h) and compared it to the same variability measure on a network of surrogate
neurons with step-like activations (Figure 4.8i-k). The differences between the shape of the
average variability obtained from the data neurons (Figure 4.8h) and the one obtained from
the surrogate step-activating neurons (Figure 4.8k) indicate that the ramping observed in the
recorded cells does not arise from step-like activations at random times (Latimer et al., 2015).
In sum, we conclude the ramping of the mnemonic cells (Figure 4.5d, Figure 4.8g) reflects an
essential aspect of the data rather than being an artifact.
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Figure 4.8: The inter-trial variability of the mnemonic neurons is not compatible with
single-trial step-like activity a-c firing rates during single trials (red thin lines) and average firing
rate over trials (red lines) for the example ramping neurons shown in Figure 4.7a-c (red lines). spike
count window T =50 ms, smoothed with Gaussian filter (¢ =1). d-f Fano factor for each of the
neurons (a-c) g average PSTHSs of the mnemonic neurons during the delay of the memory task.
h average Fano factor of the mnemonic neurons during the delay. i-k Example illustration with
surrogate data. i example neurons with step-like activity, steps times sampled from a random uniform
distribution. j average activity of 1000 surrogate neurons with step activity. k average Fano factor for
the 1000 neurons.
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Conclusions from the single neuron analysis: there is stable selectivity and stereotyp-
ical responses

In summary, the analysis of the single neuron firing rates shows that in spite of a rich variety
of activity profiles, certain stereotypical activity profiles are over-represented. Analyzing the
neural activity using cross-temporal decoding reveals that the neural code undergoes a dynamic
transition from cue to delay epoch and then becomes stable during the delay. We investigated
how the dynamics at the population level are connected to the single neuron heterogeneity,
and we found that the dynamics could be associated with groups of neurons that are active at
different task epochs. Indirect support to this hypothesis is given by the absence of changes
in the stimulus-selectivity among the neurons (Figure 4.4). More specifically, the average
PSTHs of the perceptual and mnemonic groups (Figure 4.5, Markowitz et al. (2015)) seem to
correspond to neurons most active during cue and delay periods, respectively. However, we were
aware that the heterogeneity of the single neuron response can be masked by averaging over
many neurons. Thus, we further analyzed the single neuron time courses to verify how many of
them were faithfully captured by the population averages (Figures 4.6 and 4.7). We find that a
portion of the cells (~30%) have time courses that are different from the average time course
of the whole group. Still, the firing rates of more than 50% of the cells are consistent with
the average PSTHs found in Markowitz et al. (2015) (Figure 4.5), which means that there is
a significant number of perceptual and mnemonic-type of cells among the recorded neurons.
Taken together, these results seem to suggest that the presence of cells with contrasting
activation profiles may be linked to the observed dynamics in the population code. However,
given the circularity of the classification criterion (see above), we wondered whether we would
obtain a similar result using a less biased analysis.

In the following section, we will discuss an analysis of the same recordings in an unbiased
way, using dimensionality reduction techniques. Reducing the dimensionality also offers a way
of visualizing the relevant neural dynamics by representing the activity along a reduced number
of dimensions (we will use demixed-Principal Components, see Section 3.2.2.2 and following
section)). Finally, this approach allows us to quantify the degree of similarity between neuronal
responses, revealing how much neurons form clusters (as the interpretation in Markowitz et al.
(2015) suggests).
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4.1.5 Analysis based on dimensionality reduction techniques supports
the presence of structure in the prefrontal networks

The analyses presented in this section reveal the presence of non-random mixed feature
selectivity in the neural data. We measure the amount of clustering in the data by quantifying
the structure in the Principal Components (PCs) space. The PCs are directions in neuronal
activity space that capture most of the variance in the data. They can be strongly correlated
with specific task features or combinations of features (Jolliffe et al., 2016; Kobak et al., 2016).
Using a set of PCs naturally enables us to get rid of noise from the data, making it more
interpretable. Moreover, when the PCs are directly associated with specific task features, the
observed structure can be related to how the neurons encode these features. For the results
shown in this section, we used a variation of Principal Component Analysis called demixed
Principal Component Analysis (dPCA, see Section 3.2.2.2) that constrains the obtained PCs to
capture variance due to specific features or combination of features (Kobak et al., 2016). We
measured the presence of structure in the dPC space, using a clustering algorithm (ePAIRS)
and finally related the results to the single-neuron-based findings in the last section.

4.1.5.1 Functional clusters in the feature space

As a first step to investigate the presence of structure in our data, we used a non-parametric
statistical test called elliptical projection angle index of response similarity (ePAIRS) (Dubreuil
et al., 2022; Hirokawa et al., 2019; Raposo et al., 2014). This test is based on computing the
nearest neighbors' distances between neurons in feature space and comparing the distribution
of distances to a null distribution generated by bootstrapping from the original data (see
Chapter 3). The cartoon example in Figure 4.9 illustrates how the ePAIRS can distinguish
between two extreme scenarios with contrasting population structures. When feature selectivity
is distributed randomly (Figure 4.9a), neurons do not form clusters in the feature space. As
a consequence, the distribution of angular distances between neurons for the original data
is equivalent to the one of a generated null distribution (Figure 4.9c, see Chapter 3). On
the other hand, the non-random distribution of feature selectivity is reflected as neuronal
clusters in the feature space (Figure 4.9b). In this case, the original distribution of distances
between neurons in feature space has a significantly lower mean than that of a generated
null distribution (Figure 4.9d, see Section 3.2.5). From a computational point of view, the
behavior of a group of neurons with highly structured (highly non-random mixed) selectivity
(as the example Figure 4.9b,d) can be faithfully represented by as few as two units. However,
when the feature selectivity is randomly distributed (Figure 4.9a,c), there is no such equivalent
lower-dimensional representation.

We obtain a significant measure of clustering when applying the ePAIRS to our data
(Figure 4.10a). As a first agnostic measure, we applied the algorithm (ePAIRS) on a 20-PC
space, which capture a 62% of the total variance (Figure 4.10). This measure is agnostic or
unbiased because we do not select each PC according to any specific criterion. We only ensure
we take enough PCs to capture a significant amount of the total variance.
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Figure 4.9: Population structure example: extreme scenarios Cartoon illustrating two extremes
types of population structure. a Complete random structure. Each neuron’s weights (x, y dimensions
in the plot) are drawn randomly from a normal distribution, N(0,0). b The weight on one of the
features is drawn from the same normal distribution used in a, N(0,0), while the weight on the
other feature is drawn from a distribution with lower variance (N(0,0/10)). Effectively, this mimics
selectivity to one of the features and not to the other. c,d Applying the ePAIRS method to the
weights in a,b. The green histogram shows the distribution of nearest neighbor distances in the
surrogate data, and the black lines are the corresponding histograms of nearest neighbors obtained
by bootstrapping from a distribution with the same covariance as the original data (but disrupting
population structure, see Section 3.2.5).
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Figure 4.10: ePAIRS method reveals non-random population structure in prefrontal recordings.
a,b Distribution of angles between nearest neighbors (average distance for 13 nearest neighbors)
of the original data (green) and null distribution (black). a ePAIRS applied to the first 20 PCs, b
ePAIRS applied to the first 20 dPCs. ¢ Variance explained by including different numbers of PCs and
dPCA.

4.1.5.2 Neural trajectories along demixed Principal Components reflect task-relevant
information

While the ePAIRS test indicates the presence of non-random structure in the PFC population
activity, it does not inform us about the geometry of this structure. To reveal the nature
of the population structure, we first inspected some of the most-variance-capturing dPCs
separately. As we expected from previous analysis (Chung & Abbott (2021); Kobak et al.
(2016)), the two first dPCs which captured stimulus-related variance reflected the geometry of
the task. When plotting the neural activity of the excitatory neurons along the stimulus dPCs
respectively (Figure 4.11a,b), the trajectories during both task conditions were split according
to the location of the presented stimulus. The eight separate locations can be recovered when
combining the information in both dPCS by plotting one against the other (Figure 4.11c).
This result is the very reflection of the presence of stimulus selectivity at the level of
population dynamics. This stimulus selectivity is consistent with the selectivity described at
the level of single neurons above. How much the neural trajectories should diverge according
to the task condition is a priori less clear. From the analysis of the neuronal firing rates
(Figure 4.5), however, we expect significant differences during the two task conditions. Indeed,
when plotted along the first task-variance-explaining dPC, the neural trajectories corresponding
to different task conditions diverge shortly after the time at which the stimulus is withdrawn in
the memory condition (when the two tasks become distinguishable). The information in the
dPCs commented above can be combined into a 3-dimensional representation (Figure 4.11e)
that synthesizes the previous results and reveals the geometry of neural activity in both the
memory and the visual task. This three-dimensional representation (Figure 4.11e) illustrates
the relation between the neural codes corresponding to the visual and memory conditions.
Both task conditions are indistinguishable if looked at in the space spanned by the stimulus
dPCs (Figure 4.11c). However, the task-condition related dPC (Figure 4.11d) separates
both representations, showing that they are symmetric but not overlapping (Figure 4.11e).
Computationally, this representation allows a stimulus decoding to be independent of the task
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Figure 4.11: Demixed-Principal component analysis of the prefrontal neuronal recordings.
(a-d) Time course of example dPCs. (e) Firing rates projected on the first two stimulus-dPCs. (f)
Neuronal firing rate of the excitatory neurons projected onto the first and second stimulus-dPCs (x
and y-axis) and first task-dPC (z-axis). The dots indicate the network activity at the end of the delay
(red: memory, blue:visual). Two example trajectories for a given cue (90°) is shown: they start a
common spontaneous state (filled square) and evolve in the same direction during the 300 ms cue
period (faint red and blue lines) before they diverge during the delay period (solid lines).
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Figure 4.12: Decoding task condition and stimulus location provides information about the
geometry of the neural representation a task decoding performance when using all the excitatory
neurons. b task decoding performance for different functional subpopulations. ¢ decoding of the
presented cue when training on the visual condition and testing on the memory condition. d decoding
of the presented cue when training on the memory condition and testing on the visual condition.

condition, even though the overall neural code is task-dependent.

An alternative way to understand the geometry of the neural representation is to decode
stimulus location and task condition separately from the neural data (Figure 4.12). The
task condition decoding becomes accurate after the cue is removed in the memory task
(Figure 4.12a,b), where both conditions become distinguishable. Applying this procedure to the
subpopulations separately highlights that the perceptual and mnemonic are more informative
about the task condition (task selective). The above chance accuracy when decoding across
task conditions (Figure 4.12c,d) is supported mainly by the activity of the persistent.

4.1.5.3 Distinct contributions to the encoding of time, stimulus, and task condition

We obtained a more detailed view of the non-random structure present in the data by considering
each neuron’s contribution to a pair of features. This analysis was inspired by the one in
Yang et al. (2022) (see Fig 3d in Yang et al. (2022), Chapter 3). We can represent each
neuron's contribution to a pair of features (time-stimulus, time-task or task-stimulus) as a
two-dimensional vector (Figure 4.13a). The analysis is based on computing the distribution of
the angles these vectors form with the x-axis in the respective 2-dimensional feature spaces.
The distributions of the original data (Figure 4.13b-d) are compared to null distributions
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(orange in Figure 4.13) obtained by bootstrapping. It is worth noting a difference between
the feature-specific dimensions used for our analysis and those used in Yang et al. (2022). We
combine the weights of different feature-specific dPCs to obtain the time and stimulus-specific
dimensions. The reason to combine the first two stimulus-dPCs is that the information they
provide is complementary due to the geometry of the task (see Figure 4.11a-c). In the case
of the time-dPCs, we combined the first two because each explained a significant fraction of
variance (14.9% and 7.3%) and because of their respective time courses. In both cases, the
components of the combined dimensions are obtained as Euclidean norms:

_ 2 2 f
Wecombined feature,i = \/wfeature,l,i + wfeature,z,i i=1...N (4.1)

Due to these combined-dPC dimensions, the null distributions are not flat, unlike the ones in
Yang et al. (2022) (see Figure 4.13b-d and see Chapter 3 for a detailed explanation).

The original angle distribution is significantly different from the null distribution for all
the two-feature comparisons (Figure 4.13b-d, Kolgomorov-Smirnov test p < 0.001, see Sec-
tion 3.2.6). Each 2-feature comparison offers a different view of the non-random structure of
the mixed feature selectivity present in the data.

Fewer neurons are coding a mixture of stimulus and time than expected by chance (Fig-
ure 4.13b). This difference can be related to the existence of stimulus-selective neurons
with flat activity profiles (no information about time), such as the neurons in the persistent
group (Figure 4.5e). The under-representation of neurons coding time but not task condition
(Figure 4.13c, left) indicates a correlation between the coding of these features: Neurons
that encode time are usually also selective to the task condition. This correlation can be
understood in light of our previous analysis. The activities of the perceptual and mnemonic (see
Figure 4.5b,c) contain information about the task condition, and the ramping of themnemonic
neurons can be easily mapped to the elapsed time. Finally, the neurons’ contribution to task-
condition and stimulus (Figure 4.13d) reveals two facts. One is that there are more neurons
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()] Neuron 2,
E coding tim€ and stimulus ‘E I||
(= o | ' I
Neuron 3, - 1
coding only stimulus E '
> =)
] 90 =2
Stimulus 0 45 90 0 45 90 0 45 90
Time Stimulus Time Task Task Stimulus
Angle (°)

Figure 4.13: Degree of clustering, two-feature comparisons. a Method explanation: each
neurons selective for a pair a feature determines an angle in the 2-d feature space. Since the weights
are always positive (either obtained as “normalized combination” of feature weights or a the absolute
value) the angles lie in between 0 and 90 °. b-d Original distribution of angles (blue) and null
distribution (orange) for the three different feature pair combinations. time-stimulus (b), time-task
(c), task-stimulus (d).
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coding for task condition than expected by chance. The other is that stimulus-selective neurons
are usually selective to the task condition. Again, both facts align with the over-representation
of the stereotypical firing profiles of the perceptual and mnemonic neurons, which is different
for the two task conditions and stimulus selective (Figure 4.5c-¢).

By classifying the neurons according to their contribution to the first task-dPC, we get
three groups (Figure 4.14) that have a high overlap with the ones obtained in Markowitz
et al. (2015) (Figure 4.5b-d). The neurons’ weights on the first task-dPC are split according
to a chosen threshold value (see Section 3.2.7). We compared the original distribution of
weights with one obtained from a data set where the task condition labels had been randomly
shuffled (Figure 4.14d,e). The shuffled distribution disrupts the information related to task
condition. We observed heavier tails in the distribution of the original data (Figure 4.14e,f).
This result again points to the non-random distribution of selectivity and specifically highlights
the importance of perceptual and mnemonic types of neurons.
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Figure 4.14: Classifying neurons according to dPC weight value . (a-c) Average PSTHs of
neurons grouped according to weight value (components of dPC in neuronal space) on task-dPC. (d)
Histogram of weight of the first task-dPC.e Comparison between the histogram of the weights on the
original 1st task-dPC (green) and a histogram of the weights on the 1st task-dPC obtained when
random shuffling the task weights. f cumulative distribution function (CDF) for the histogram in e.
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4.1.6 Cross-temporal decoding analysis underscores the relevance of
different activity profiles

We have established the presence of non-random structure in the PFC population activity and
its relation to functionally specialized groups of neurons. We now return to the question of the
origin of the cue-delay transition observed in population decoding (Figures 4.2 and 4.15a,b).

We first compare the cross-temporal decoding patterns corresponding to the memory and
visual conditions (Figure 4.15). The dynamic transition is mainly present in the memory
condition (Figure 4.15b). The decoding accuracy drops when training during the first 100 ms
of cue presentation and testing during the rest of the visual task (Figure 4.15c). This is likely
due to the transient activations observed in all the stimulus-selective populations (Figure 4.5c-€)
during cue presentation. Otherwise, the code is stable, and decoding is possible across cue and
delay. This difference in decoding between the two task conditions can already be associated
with the perceptual and mnemonic neurons, whose activity profiles in the two task conditions
are different.
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Figure 4.15: Population decoding in the memory and visual task. a train and test at same
time point (in time decoding) decoding performance vs time for 2 task conditions. Cross-temporal
decoding pattern for the memory task. Cross-temporal decoding visual task. Pseudopopulations used
for decoding contained all excitatory neurons with enough trials per cue condition (N =650).

The importance of these neuronal types (perceptual, mnemonic) is further emphasized by the
results obtained by applying cross-temporal decoding on neurons from different classes. When
decoding from persistent neurons, the performance slightly decreases after the presentation of
the stimulus (during both task conditions) remaining above chance until the motor response
(Figure 4.16g-i). Analyzing this pattern in isolation could lead to the conclusion that i) these
neurons alone explain the dynamics in the cue-to-delay transition and that /i) the same neuronal
strategy is used in both task conditions. However, the respective decoding patterns of the
other two populations challenge this view, underscoring the importance these other types of
neurons might have for the behavior. We find that the existence of neurons of the perceptual
type contributes significantly to the change in the cross-temporal decoding’'s performance at
the cue-to-delay transition. When decoding only from neurons pooled from the perceptual
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Figure 4.16: Decoding from subpopulations separately a-c Decoding analysis for the perceptual
neurons. a train and test at the same time point (in time decoding) decoding performance vs time
for the memory task (red) and visual task (blue) condition. b Cross-temporal decoding pattern for
the memory task. ¢ Cross-temporal decoding visual task. d-f Same as a-c for the mnemonic neurons.
g-i Same as a-c for the persistent neurons.

type population, the performance drops about 50 % (from 80 % to 40 % correct) when the
stimulus is withdrawn in the memory condition (Figure 4.16a-c). In the same way, the increase
in decoder performance during the memory delay is explained by the mnemonic type of neurons,
many of which experiment an increase in firing rate toward the end of the delay (Figure 4.16d-f).
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Crucially, the highest performance measure during cue and late delay is obtained when decoding
from perceptual and mnemonic neurons, respectively.
In summary, the separate decoding patterns reveal that the decoder relies strongly on the
perceptual neurons during the cue epoch and on the mnemonic neurons during the delay.
This analysis suggests that the cue-to-delay transition (Figure 4.1e) corresponds to percep-
tual neurons being most stimulus-informative during the cue period, while mnemonic neurons
are most informative during the memory delay.
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Conclusions

Motivated by the three-group classification in Markowitz et al. (2015), we extended their
analysis to understand how their average PSTHs relate to the activity of single prefrontal
neurons. A closer inspection of the single neuron time courses (analyzing the distribution of their
time constants and the intertrial variability) reveals a higher degree of response heterogeneity,
which the average PSTHs mask. However, a significant fraction of the neurons have indeed
stereotypical activation profiles that match the average PSTHs of Markowitz et al. (2015)
(Figure 4.5).

We complemented the single neuron analysis with several measures applied to reduced
spaces of Principal Components. This population-based analysis widens the picture and offers
a compact and helpful way of visualizing the neural dynamics. Moreover, by measuring the
presence of clusters in the space of demixed-PCs, we could quantitatively establish the presence
of non-random mixed selectivity in the data. To relate the observed structure to the dynamic
cue-to-delay transition (Figure 4.2) we trained a decoder on separate sets of neurons. We find
that the contrasting stereotypical activity of the perceptual and mnemonic neurons is directly
related to the pronounced changes in the decoding.



4.2 A three-population model explains salient features of
the prefrontal recordings

Section summary

In this section, we present a computational model comprising three functional subnetworks.
The subnetworks mimic the stereotypical activity profiles observed in the data (Section 4.1).
Each is modeled by a ring-attractor network working on a different dynamic regime, which is
determined by the amplitude of its recurrent connections. The model explains the dynamic
transition from cue to delay observed in the experimental recordings at the population level and
makes specific predictions about its mechanistic origins. In particular, it highlights the relevance
of the contrasting types of activity profiles (encoding neurons active during cue presentation
and storage neurons active during memory delay), which underlie the orthogonality of the
code across task epochs. The concrete network implementation makes specific predictions
about how information is transmitted from the stimulus through the network, suggesting that
feedforward structure is essential to the prefrontal working memory circuits.

We propose a standard three-ring network that implements maintenance due to the bistability
of the storage ring (bistable network) and an alternative network, with a monostable storage
ring, where memory is sustained with the help of external modulation (ramping network). The
two network variations make equivalent predictions regarding the functional subpopulation
structure and the dynamics of the code, but they propose conceptually different interpretations.
While the bistable network is compatible with the view of PFC as an autonomous WM hub,
the ramping network illustrates how memory maintenance could rely on distributed inter-area
interactions (Christophel et al., 2017).

Finally, the cross-temporal decoding analysis illustrates the relation between the subnetwork
dynamics and cue-to-delay transition in the code.
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4.2.1 Selectivity for a continuous stimulus: the ring-attractor model

In this section, we introduce a network model that explains salient qualitative features of
prefrontal cortical activity analyzed in Section 4.1. The possible connections between the
structure in the data and the dynamics at the population level (Section 4.1) motivated us
to model the three functionally distinct populations of the Markowitz et al. (2015) data
(Figure 4.5) as three distinct model sub-networks: A sub-network with strong activation during
stimulus presentation, another sub-network that activates during the memory delay, and a third
sub-network active both during the stimulus and delay epochs.

The task design in Markowitz et al. (2015), which involved a stimulus presented at evenly
spaced positions on a screen, motivated us to use a network model with continuous stimulus
representation. It has been shown that continuous representations can emerge from exposure
to a discrete set of stimuli (Darshan & Rivkind, 2022). Besides, models of continuous stimulus
encoding have successfully captured many experimental observations during delayed response
paradigms (Compte et al., 2000; Wimmer et al., 2014). For these reasons, we chose to represent
each model sub-network by a ring-attractor network (Compte et al., 2000; Wimmer et al.,
2014).

In the ring attractor network, stimulus-selective activity is present due to the center-surround
type of connectivity (see Figure 3.5, and Section 3.3.3), which is characterized by dominant
excitation between neighboring neurons and long-range inhibition. In our model, the persistent
activation in the absence of external stimulation relies on the amplitude of the positive recurrent
connections and on the slow synaptic time constant of the NMDA neurotransmitter (see
Compte et al. (2000); Wang (1999); Wong & Wang (2006)). Hence, our network model
exhibits persistent activity due to network dynamics and not intrinsic bistability at the cellular
level.

To model the single neurons within the networks, we used a stochastic model (leaky-
integrate and fire model, LIF) that simulates spiking activity (see Section 3.3.1) and a firing
rate model (mean-field) of the Wilson-Cowan type (see Section 3.3.2 and Wilson & Cowan
(1972); Wong & Wang (2006)). The two models’ behavior is qualitatively equivalent. The
LIF model is more biologically plausible, while the firing rate model is computationally more
efficient and analytically tractable. All results shown in this section are obtained with the LIF
model.

Our model was developed to match the differential activity of the perceptual, mnemonic,
and persistent neurons (Figure 4.5). These three activation profiles can be directly connected to
the changes in decodability through the trial (Figure 4.2) that inform of a change in the neural
representation. Moreover, the different profiles can inform the groups’ respective functions in
the context of the studied WM paradigm: perceptual neurons related to encoding processes,
mnemonic neurons to maintenance and motor preparation, while the persistent neurons offer a
steady, reliable readout. (see the discussion in Chapter 5). We, therefore, decided to model
explicitly the activity of these three different groups.

We can summarize the qualitative features we wanted to capture as the following:

= A circuit that responds in the presence of external stimulation (labeled as perceptual
neurons here)

» A circuit that fires during the memory-demanding period (the delay in the memory task)
but not in the visual condition, when memory is not required.
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» A circuit that fires from stimulus presentation until motor response, regardless of whether
the stimulus remains on the screen or not.

Here, we present two canonical realizations that share a common three-ring architecture and
capture the same essential features but offer different mechanistic interpretations. Both circuit
proposals involve three sub-populations, which we label as encoding, storage, and readout
populations (Figure 4.17). These populations mimic the activity of the perceptual, mnemonic,
and persistent neurons in the Markowitz et al. (2015) data set. The first circuit (bistable
network) we introduce receives excitation and suppression (excitatory to inhibitory neuron
projections) from the stimulus and maintains the stimulus information during the delay through
the bistability of the storage network. The second circuit (ramping network) does not include
any network with bistability, and memory maintenance is implemented with the help of external
non-selective projections to the storage network. We will first illustrate how the first circuit
architecture behaves and the results it captures and then introduce the second one.

4.2.2 A three-population ring model with bistability

We illustrate how this model (we refer to as bistable network) works for the same two paradigms
(memory, visual tasks) used in Markowitz et al. (2015). The model is composed of three sub-
networks, modeled as ring networks with attractor dynamics, and the stimulus is implemented
as a pulse with a Gaussian profile in the space of the neurons.
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Figure 4.17: 3-ring model structure The stimulus, represented by the bell-shaped pulse, provides
excitation to the encoding ring and suppresses (excitatory projection to inhibitory neurons) the storage
ring. The excitatory neurons in the encoding ring project to the excitatory neurons in the storage
ring, and some weaker projections are also present in the opposite direction (storage to encoding).
The encoding and storage neurons provide excitation to the excitatory neurons in the readout ring.
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The dynamics of each ring is described below:

» The excitatory neurons in the encoding ring receive excitation from the stimulus and
provide excitatory connections to the excitatory neurons in the storage ring. The encoding
recurrent connections are set to be strong enough to form an intrinsic bump of activity
in response to external stimulation but too weak to sustain the bump in the absence of
stimulation (monostable regime, see Chapter 3).

» The storage ring remains silent when the stimulus is present (cue period in the memory
condition, whole trial in the visual). This stimulus-related suppression is guaranteed
by excitatory projections from the stimulus to the inhibitory population in the storage
ring. When the stimulus-mediated inhibition ceases, the storage gets activated by the
excitation provided by the slowly decaying bump in the encoding ring (Figure 4.18a,g).
In this circuit architecture (bistable network), the storage ring has stronger recurrence
and operates in the bistable regime. The excitation provided by the encoding neurons is
enough to allow the storage ring to form a bump at the stimulus location, and, thanks to
its recurrent connections, sustain the bump during the mnemonic delay (Figure 4.18b,h).

= Finally, the readout network represents the activity of the neurons that respond selectively
to the stimulus presentation and also sustain this selective activity after stimulus removal.
This type of activity profile is the one exhibited by the persistent neurons in Figure 4.5e.
In the circuit architectures that we propose, the persistent activation of the readout
network is achieved through excitatory projections from both the encoding and the
storage neurons to the readout neurons (Figure 4.17). In the memory condition, a bump
forms in the readout ring due to the excitation provided by the encoding ring, and during
the mnemonic delay, the readout bump is maintained thanks to the excitation provided
by the storage bump (see Figure 4.18c,f,i). Since it receives excitation from the encoding
neurons (active during stimulus presentation) and the storage neurons (active in the
absence of stimulation), the readout ring does not need bistability and operates in the
monostable regime, as does the encoding ring. During the visual condition, the readout
ring is active due to the input coming from the encoding ring. The behavior of the
readout ring can be described as stimulus but not task-selective, since unlike the other
two rings, the readout ring is active during both task conditions.

The model's most essential aspect is the different activation profiles of the encoding
and storage neurons. The encoding network behaves as a first stage processing of sensory
information, hence its label (encoding), while the storage network is engaged for memory
maintenance (at least / or also motor response). As shown below, this alternate activation of
these sub-populations underlies the changes observed in the population code (Figure 4.15). The
connections must be adjusted appropriately for the information relay between these populations
to take place correctly. Too weak excitatory drive from encoding to storage would not allow the
storage network to form a bump of activity or would prevent the storage bump from forming
reliably at the correct location (see below, Figure 4.19). If the excitation is too high, on the
other hand, the storage bump will form very quickly (no increasing activity during the delay)
or lose stability (cite and show figure).

In addition to the basic mechanisms explained, we included excitatory-to-excitatory pro-
jections from the storage to the encoding network that produce sustained selective activity
in the encoding neurons during the delay (Figure 4.18a,g). This feature can be observed in
the perceptual neurons in the data (Figure 4.5). Further than replicating the experimental
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observation, the projections from storage to encoding have functional implications on memory
stability, on which we will comment below and in the section Section 4.3. Since the information
flows from the stimulus to the encoding network and is relayed to the storage units, projections
from storage to encoding neurons are naturally regarded as feedback projections.
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Figure 4.18: Three-ring model reproduces the functionally different activity profiles observed
in PFC neural recordings a-f: raster plots, each dot represents a spike, the y-axis corresponds to
the neurons arranged according to their preferred location ([-m,7)). a-c 3-ring activity during a
memory trial, d-f 3-ring activity during a visual trial.Gray-shaded regions indicate the time during
which the stimulus is presented. g-i Average firing rates of selected neurons from the different model
networks. The PSTHs are averages over the PSTHSs of n neurons for trials where their preferred
direction was presented (solid lines) and trials where their anti-preferred (at 180° from the preferred
direction) was presented (dashed lines). Activity for the memory and visual is shown in red and blue,
respectively.
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4.2.2.1 Top-down feedback projections stabilize memory

The feedback projections from storage to encoding ring can improve memory stability. Initially,
these connections were included to reproduce the delay activity observed in the perceptual
neurons in the data (Figure 4.5c). However, we observed that the memory error (measured
here as the standard deviation of the bump position across trials) decreases when the feedback
is included (Figure 4.19).

10 15 0.0 0.5 Fb (bs) <
Ff (pS) Fb (pS)

Figure 4.19: Feedback and feedforward projection must be in a certain range to allow for
proper memory encoding. a Memory error as a function of the amplitude of the feedforward
connections from encoding to storage ring. b Memory error for different values of the storage to
encoding feedback amplitude. c Surface plot combining a and b, with the memory error on the
z—axis.

This effect is due to the increase in the amplitude of the storage bump caused by the
recurrent loop of encoding and storage network, which also leads to delay activity of the
encoding network (Figure 4.20).

Enhanced memory stability is consistent with mathematical analysis of firing rate models
showing that the bump diffusion depends inversely on the squared bump amplitude (Esnaola-
Acebes et al., 2022; Kilpatrick, 2013). As happens with the strength of the feedforward
projections (see above), from encoding to storage ring, too strong feedback eventually makes
the network unstable. As the feedback increases, so does the amplitude of the activity bump in
the encoding ring ( Figure 4.20). Consequently, the storage ring gets more excitatory drive
from the encoding ring and can eventually lose its stability.

Finally, from a network perspective, including feedback projections make the circuit more
realistic. The proposed circuit has an explicit feedforward structure (stimulus - encoding-
storage) that contrasts with other WM models that do not consider any structure a priori
(Barak et al., 2013; Murray et al., 2017a; Stroud et al., 2023). In our work, we include structure
explicitly, motivated by the experimental findings in Section 4.1. Without the feedback
projections, our model has a purely feedforward structure for which there is no anatomical
evidence. Including the feedback brings the model's structure closer to a realistic scenario.
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Figure 4.20: The feedback from storage to encoding circuit increases the amplitudes of the
storage bump. The storage bump's amplitude increases with the top-down feedback as the encoding
bump increases (not shown). a Bump amplitude against time for different values of the feedback
(different scales of blue). b Population activity profiles calculated as an average over the time span
indicated by the gray shading in a.

4.2.2.2 Cross-temporal decoding illustrates the subpopulations’ contribution to the
neural code

A central question we wanted to answer is what underlies the transition in the neural code
from cue to delay epoch (Figure 4.2)(Murray et al., 2017a; Spaak et al., 2017; Stokes et al.,
2013). As we will illustrate, our model suggests that the decoding pattern (dynamic transition)
can be due to different neuronal populations being active at different time epochs (cue,
delay) during the memory condition. When we use neurons from all three populations in the
model to train a decoder, we obtain a similar result to the one obtained when training the
decoder on the stimulus-selective (or all excitatory) neurons in the Markowitz et al. (2015)
data set (Figure 4.15). Training and testing on the same time bins for the memory condition
(Figure 4.21a, red), the decoder’s accuracy increases from chance level to above 80% when
the cue is presented, and it remains above chance during the delay period.

The cross-temporal decoding patterns (Figure 4.21b,c) also resemble the ones obtained
for the experimental data (Figure 4.15), highlighting in the same way the changes in the
dynamics of the neural code. The memory pattern of the model shares the main properties
with the corresponding pattern obtained from the data: the decoding accuracy is high during
the stimulus presentation, lower for the across epochs (train cue test delay and vice-versa), and
increasingly high for train-test time combinations spanning the middle and late delay (~ > 1s).
The lower decoding accuracy when training and testing across cue and delay epochs indicates
again that the code changes substantially from one epoch to the other, while the capacity the
decoder has to generalize (accurately decoding when trained and tested at different times)
during the middle and late delay, is related to the stability the code achieves during this epoch.
An additional feature the memory pattern shares with the corresponding pattern from the
neuronal recordings is the asymmetry in the accuracy of the across-epoch periods. As with the
experimental data, the decoder performs better when trained during the delay and tested on
the cue period than the other way around.

We can interpret the features observed in the cross-temporal decoding (Figure 4.21) in
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Figure 4.21: Decoder performance across time informs about the dynamics of the WM code
a Decoding accuracy when training and testing at the same time point (50 ms time bins), memory
(red), visual (blue) conditions. The time of stimulus presentation is indicated with gray shading. b,c
Cross-temporal decoding patterns for the memory and visual conditions. Gray lines delimit the time
of stimulus presentation. A selection of 615 neurons out of 6144 was used. 80 trials (10 trials for
eight different stimulus locations)

terms of the circuit mechanisms of the model. We performed the same cross-temporal analysis
for neurons taken from the different model sub-networks separately (Figure 4.22). Once again,
the results parallel the corresponding patterns obtained for the experimental data (Figure 4.16):
In the memory condition, the stimulus identity is encoded by the encoding neurons while the
stimulus cue is present (Figure 4.22). Accordingly, the decoder’s performance is high when
trained and tested on the encoding neurons within the cue epoch (Figure 4.22a,b). During the
delay, the activity of the encoding neurons is significantly lower, and the decoding accuracy
drops. However, due to the feedback from the storage network, there is still stimulus-selective
activity in the encoding ring, which allows for above-chance decoding. When training the
decoder on the encoding neurons during the cue epoch, decoding the stimulus identity during
the delay is worse because the same neurons are still active, but their firing rates are lower
(decrease in signal-to-noise ratio). The opposite occurs when training the decoder on the
encoding neurons during the delay; when tested during the cue, the same neurons are active at
a higher firing rate, and the decoding accuracy increases (increase in signal-to-noise).

When decoding from the storage ring in the memory condition, the accuracy is close to
chance until it increases to ~75% around ¢ =1 s in the delay. (Figure 4.22d). As with the
encoding ring, the decoding accuracy follows the time course as the bump’s amplitude (see
Figure 4.18b,h). When the bump is formed, the storage ring becomes reliable for decoding
the stimulus. Since the bump is stably sustained, training and testing the decoder across the
same and different time points during the delay gives a similarly accurate result (cross-temporal
generalization in Figure 4.22¢).

Decoding the stimulus identity from the readout neurons is possible at any combination
of train and test times since the presentation of the stimulus (Figure 4.22g,h). During the
stimulus presentation, the readout units have stimulus-selective activity due to the selective
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excitation provided by the encoding ring, and during the delay, this stimulus-selective activity
is maintained by the selective excitation supplied by the storage units. In the model, decoding
from the readout neurons is always the best policy; the decoding is stable throughout the entire
task duration, and the accuracy is high because this network reflects a sum of the selective
activities in the other two networks.

The dynamics of the code during the visual are more straightforward. Maintaining the
external stimulation ensures that a bump of activity is maintained in the encoding neurons
while the storage neurons remain inactive. The encoding to readout excitation produces a
similar bump in the latter ring, with the result that these two populations have a stable code
throughout the time course of a trial. Such a stable code allows the decoder to generalize from
any time point to another when decoding from the encoding and readout populations, while
the accuracy remains close to chance when decoding from the storage neurons.

The cross-temporal analysis for separate populations (Figures 4.16 and 4.22) shows that the
change in the WM code from cue to delay epoch can be attributed to the presence of groups
of neurons that are mainly active at cue or delay. Our model proposes a possible mechanistic
realization of such a structured population arrangement. We will now present some limitations
of the possible formulation of the model and show how its initially proposed architecture can
be modified to account for further experimental observations.

4.2.2.3 Limitations of the model: adaptation to different delay lengths

The presented 3-ring model (bistable network) captures essential qualitative aspects of the
experimental data. The time courses of the encoding, storage, and readout model neurons
qualitatively match the ones of the perceptual, mnemonic, and persistent neurons in the data.
On the population level, using cross-temporal decoding on both the experimental data and the
model, we also obtain similar results.

However, with the presented circuit architecture, the activity in the storage network cannot
adapt to different delay lengths. Gradually increasing activity during the memory delay has been
observed in similar task paradigms for different species (Emmons et al., 2017; Finkelstein et al.,
2021; Funahashi et al., 1989; Fuster & Alexander, 1971; Inagaki et al., 2019). This ramping
activity could be tracking the passage of time (Durstewitz, 2003; Paton & Buonomano, 2018;
Simen et al., 2011) or reflecting urgency or motor preparation (Carland et al., 2019; Thura,
2020). In our presented model architecture, this phase of increasing activity corresponds to the
transition from a stable homogeneous state of baseline activity to a stable structured activity of
bump state. The dynamics of this transition depend on the level of excitation provided by the
encoding ring to the storage ring and on the internal dynamics of the storage ring. Stronger
feedforward connections, as well as stronger recurrence in the storage ring contribute to faster
transitions (shorter ramping period). The transition of the storage neurons can span a delay
length of ~ 1 s (Figure 4.18), but it is challenged when delays of different lengths are to be
taken into account (Figure 4.23). Adapting this transitory dynamic to span different delay
lengths would imply a high encoding error, as a slower bump formation would be necessarily
associated with a higher encoding error (the bump would form in an already biased position and
additionally diffuse). the slowly forming bump is more vulnerable to diffusion (Esnaola-Acebes
et al., 2022; Kilpatrick, 2013), and also to include plasticity mechanism that would adapt the
synaptic weights to the task condition, so the feed-forward and the recurrent dynamics are
adequately modified.
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Figure 4.22: Cross-temporal decoding for the three rings separately (bistable network) a-c
encoding ring separately: a testing and training at the same time point for the two task conditions.
b,c Cross-temporal patterns for the memory (b) and visual (c) conditions. d-f same for the storage
ring. g-i same for the readout ring.
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Figure 4.23: storage neurons in the 3-ring model cannot adapt their activity to variable delay
lengths. Activity of the storage neurons in the 3-ring bistable network model for trials with different
delay duration. a average activity for neurons aligned with stimulus location for 100 trials. b Raster
plot showing the spiking activity of the storage ring for a trial example of each delay duration. Top
to bottom, 2,3,4,5,6,7 s delay.
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This shortcoming of the model motivated us to find an alternative mechanism to explain
the dynamics of the mnemonic neurons. We introduce a variant of the 3-ring model with an
additional external input, which can flexibly adapt the gradual response of the storage neurons
to delays of different lengths. We expose both models as alternative circuit hypotheses because
although they share the same 3-population structure, they implement memory maintenance in
two conceptually different ways.

4.2.3 A three-population model with external ramping signal
4.2.3.1 Ramping activity: evidence and origins

Neural ramping activity, as the one exhibited by the mnemonic neurons (Figure 4.5) during
the delay of the memory, has been observed in experimental paradigms with predictable delay
time (Emmons et al., 2017; Finkelstein et al., 2021; Hamilos et al., 2021). Some authors
suggest that subcortical regions such as the basal ganglia (Chiba et al., 2015; Jin et al., 2009;
Paton & Buonomano, 2018), or the locus coeruleous (LC)(Berridge & Waterhouse, 2003)
could be supplying frontal cortical areas with information about elapsed time, motor response
preparation, or urgency (Carland et al., 2019; Thura, 2020). For example, the LC produces
norepinephrine (NE) that eventually interacts with the receptors in cortical neurons, modifying
their synaptic and leak current conductances (Berridge & Abercrombie, 1999; Berridge &
Waterhouse, 2003). The LC, located in the pons (brainstem), is known to respond to arousal,
stress, and panic (Berridge & Abercrombie, 1999; Ross & Van Bockstaele, 2021), which makes
it a good candidate to provide an urgency or response anticipation signal.

As an alternative explanation, some authors consider the hypothesis that ramping activity
might be intrinsically generated by the group of cortical neurons (or region) where it is observed
(see Finkelstein et al. (2021); Hansel & Mato (2013); Inagaki et al. (2019))

We wondered whether the ramping of the mnemonic neurons is intrinsically produced by
the region where the recordings were made (PFC) or if it is instead generated by a different
area that projects to PFC (see Finkelstein et al. (2021) for a discussion on this question). In
the first version of the 3-ring model shown above, we mimicked the ramping of the mnemonic
neurons with the increase in firing rate of the storage neurons as the stable bump forms. In
light of the discussion about the origins of the ramping activity, our first approach proposes
an intrinsic mechanism of ramping activity generation. However, we have already commented
on some limitations of this mechanism, as it does not flexibly adapt to diverse delay lengths
(see subsection above) In this section, we will assume that a given area in the brain provides
PFC with a stimulus-agnostic signal that increases linearly with time. We will not describe
the mechanisms that produce the linearly increasing signal in the first place (see Berridge &
Abercrombie (1999); Durstewitz (2003); Hamilos et al. (2021) for the discussion of different
possible mechanisms), but assume it is provided. We will show that such a signal can cause
a linear increase in the amplitude of the storage bump that resembles the mnemonic neuron
profile in the memory condition.

We implemented the ramping signal through a modulation of the NMDA synaptic conduc-
tance. We make similar assumptions as in Eckhoff et al. (2009). First, the signal is provided by
a subcortical area that projects to PFC and increases the concentration of a neurotransmitter
that modifies the prefrontal synaptic conductances. 1 We assume that neurotransmitter release

LA documented example of this type of modulation is the effect of the Locus Coeruleus (situated in the
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Figure 4.24: 3-ring model with external ramping signal: The model's architecture similar to the
one of the bistable network model. An additional ramping input is provided to the storage network in
the shape of positive modulation of the NMDA-meditated synaptic gain. In this model, the storage
network operates in the monostable regime.

depends linearly on the activity of the subcortical area (as has been reported experimentally
(Berridge & Abercrombie, 1999)) and that synaptic conductance (in our case, NMDA-mediated
synapses) changes linearly with the neurotransmitter concentration. Particular to our network
implementation is the assumption that the subcortical area providing the modulation undergoes
a linear increase in activity during the delay in the memory condition. This last assumption
makes our proposal compatible with ramping as an urgency or response preparation mechanism
(Berridge & Waterhouse, 2003; Cisek, 2019; Finkelstein et al., 2021; Thura, 2020). A schematic
view of the model is shown in Figure 4.24

Besides including external stimulation, changing the dynamic working regime of the storage
neurons was necessary to capture more precisely the time course of the mnemonic neurons. In
the bistable regime, the ring model reaches the bump state (high-activity heterogeneous state)
through a subcritical bifurcation. In this regime, the bump forms with higher (finite) amplitude,
and further increases in amplitude due to external input (gain modulation in our case) lead
to relatively small increases in activity and eventually to the instability of the bump (fig,
Figure 3.6). For lower values of the positive recurrent connections, the ring is monostable, and
upon stimulation, the network transitions to the bump state through a supercritical bifurcation.
In this monostable regime (encoding and readout rings are monostable), the bump is formed
with an arbitrarily small amplitude (see figure Figure 3.6), and its amplitude can increase

Pons, brainstem) on the concentration of norepinephrine in the prefrontal cortex, which is known to underlie
changes in glutamatergic synapses, GABA, and membrane leak conductances (Berridge & Abercrombie, 1999;
Berridge & Waterhouse, 2003; Eckhoff et al., 2009).
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proportional to the gain without losing stabilit.

This change in the operation regime of the storage network is of conceptual importance
since it implies that WM can depend on the interaction of PFC with subcortical regions. In the
first version of the 3-ring model, presented in section Section 4.2.2, the storage ring sustains
the stimulus identity during the memory delay thanks to its bistability. With the storage
ring operating in a monostable regime, our PFC circuit can no longer sustain the memory
autonomously. In this regime, the external stimulus-independent gain modulation needed to
produce the ramping activity is also necessary to maintain stimulus-selective activity (the bump)
during the delay. So stimulus identity is provided to the storage ring by the encoding neurons,
but maintenance of stimulus information is ensured by the external gain modulation, which
itself does not depend on the stimulus.

In contrast to the models that describe WM as a function relying primarily on the dynamics
of a single network (Barak et al., 2013; Compte et al., 2000; Murray et al., 2017a; Stroud
et al., 2023), our model with external gain modulation aligns with circuits proposals in which
memory maintenance also depends on the interaction between different non-bistable networks
(Ashby et al., 2005; Feng et al., 2023; Jaramillo et al., 2019; Mejias & Wang, 2022). These
models are also closer to the spreading view of WM as a function relying on distributed areas
across the brain (see Christophel et al. (2017) and Chapter 5).

4.2.3.2 Dynamics during the visual and memory conditions

Since the gain modulation (ramping input) is only applied during the delay (only present in
the memory condition), the model activity during the visual condition is the same as for the
3-ring model without ramping (Section 4.2.2, Figure 4.18). During the memory condition, the
external gain modulation is introduced after removing the stimulus. At the beginning of the
delay, already under the effects of the neuromodulation, the storage population undergoes
an initial increase in firing (Figure 4.25b,h) that corresponds to the formation of the bump
(through a supercritical bifurcation). Until the intrinsic dynamics of the storage ring have
produced a structured bump (see Figure 3.6) the gain modulation causes a similar increase
in firing rate to all the neurons in the network (Figure 4.25b,h). Once the bump has formed,
its amplitude keeps increasing due to the linear modulation of the NMDA conductance, while
the bump tails are kept at a low firing rate thanks to the surround suppression connectivity
structure (Figure 3.5). It is worth noting that the intrinsic dynamics of the storage network,
even though not strong enough to sustain the bump without stimulation, are essential for
proper stimulus encoding. A network with lower recurrency would not maintain a structured
bump activity upon stimulus removal. It would eventually transition to a spatially flat activity
profile under the effect of the modulation.

4.2.3.3 Cross-temporal decoding in the ramping network model

The results of the cross-temporal decoding analysis are similar to the ones obtained for the
model with no ramping input (Figures 4.21 and 4.22). The patterns corresponding to the
visual condition are identical (Figure 4.26¢, Figure 4.27c f,i), since the activity of the three
populations is the same. Likewise, the activity of the encoding is also the same in the two
circuit architectures, which produces the same cross-temporal decoding pattern. During the
delay of the memory condition, the linearly ramping activity of the storage neurons produces a
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Figure 4.25: 3-ring model reproduces functionally different activity profiles observed in PFC
neural recordings Average firing rates for the memory task in red and visual in blue. Response to
preferred cue in solid lines, to anti-preferred (180 °) in dashed. a-f: raster plots, each dot represents
a spike, the y-axis corresponds to the neurons arranged according to their preferred location ([-7,7)).
a-c 3-ring activity during a memory trial, d-f 3-ring activity during a visual trial. Gray-shaded regions
indicate the time during which the stimulus is presented. g-i Average firing rates of selected neurons
from the different model networks. The PSTHs are averages over the PSTHs of 100 neurons for trials
where their preferred direction was presented (solid lines) and trials where their anti-preferred (at
180° from the preferred direction) was presented (dashed lines). Activity for the memory and visual is
shown in red and blue, respectively.



4.2. A THREE-POPULATION MODEL OF WM IN PFC 76

;\3 C Visual =
~ 100 1 3w -100 &
9 = <
© Q %
S = ©
O 501 s -50 3
© £ 2
j © U
O = )
L o
() 1 2 3 1 2 3
Time (s) Test time (s) Test time (s)

Figure 4.26: Decoder performance across time informs about the dynamics of the WM code
a Decoding accuracy when training and testing at the same time point (50 ms time bins), memory
(red), visual (blue) conditions. The time of stimulus presentation is indicated with gray shading. b,c
Cross-temporal decoding patterns for the memory and visual conditions. Gray lines delimit the time
of stimulus presentation. A selection of 615 neurons out of 6144 was used. 80 trials (10 trials for 8
different stimulus locations)

square pattern of increasing accuracy (Figure 4.26b,Figure 4.27¢). This increase in accuracy
during the delay, which was faster in the model with no ramping (Figure 4.21b, Figure 4.22¢),
is also observed in the decoding of experimental data we analyzed (Figure 4.16) as well as in
other data sets (Spaak et al., 2017).

Decoding from the readout units gives a qualitatively equivalent result in both circuit
architectures (bistable network, ramping network). In this circuit, the transient decay in the
activity of the readout ring during the memory is more noticeable than it is for the previous
model proposal and becomes more apparent for longer delays. However, it does not alter the
results qualitatively.

Notably, the orthogonal transition in the WM code from cue to delay epochs is explained
by the same mechanism as in the previous circuit: encoding neurons are mostly active during
stimulus presentation while storage neurons fire during the mnemonic delay. Our work still
emphasizes the potential relevance of considering distinct functional subpopulations in the
context of WM over the exact mechanistic details of the respective populations.

4.2.3.4 Ramping activity spanning different delay lengths

We finally show how the ramping activity can flexibly adapt to delays of different lengths
(Figure 4.28). When increasing the delay duration, the rate of gain modulation increase (rng
in Equation (3.20)) must be adjusted accordingly for the storage activity to span the duration
of the delay. We do this by ensuring that the modulation level achieved by the end of the
delay is the same for different delay lengths. The result is that the ramping slope or rate of
activity increase depends on the delay length, and the storage bump always attains the same
amplitude by the end of the delay (Figure 4.28). This adjustment of the modulatory input
would be expected if the ramping signal was related to urgency or if the cortical activity was



4.2. A THREE-POPULATION MODEL OF WM IN PFC 77

100 A

w0

N

50 A

=

o

S e f
> w3 3
O 75 A o
E E 2 2
3 207 S
O
© 25 .% 1 1

) L o
o & . =
(@) 0 2

100 3 3

50 - Visual
1 1
0 2 . .
Time (s) Test time (s) Test time (s)

Figure 4.27: Cross-temporal decoding for the 3 rings separately (ramping network) a-c
encoding ring separately: a testing and training at the same time point for the two task conditions.
b,c Cross-temporal patterns for the memory (b) and visual (c) conditions. d-f same for the storage
ring. g-i same for the readout ring.
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Figure 4.28: Model with external ramping signal adapts to variable delay length. a,b 3-ring
model with no ramping (bistable network) for different lengths of the delay. a PSTHs and b single
trial examples (raster plots) for. ¢,d 3-ring model with ramping signal (ramping network) ¢ PSTHs
and d single trial examples (raster plots). All PSTHs show the average activity of neurons aligned
whose preferred location is aligned with the stimulus for 100 trials.

to reach a certain threshold to initiate the motor plan. If this were the case, different delay
lengths coupled to the same motor plan should be associated with equal activity levels before
the motor response (Emmons et al., 2017).
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Conclusions

Our three-network model relates the presence of subpopulations to the qualitative changes from
cue to delay in the working memory code. In particular, the dynamics are associated with the
activity of the encoding neurons, which fire during cue presentation, and the storage neurons,
which fire during the delay. The model implements a feedforward structure (stimulus excites
encoding neurons, which then excite storage neurons) that is proposed to be an essential
property of the prefrontal network structure.

A network variation without bistable subnetworks, suggests that areas external to PFC
(probaby subcortical areas such as Basal Ganglia or Locus Coeruleus) can provide non-selective
stimulation and contribute to memory maintenance. This distributed interaction can increase
the model's flexibility, allowing it to capture ramping activity that spans variable delay lengths.

Both model variations rely on attractor dynamics for appropriate stimulus-selective response
and maintenance, proposing that the relevance of attractor dynamics is not at odds with the
dynamic changes in the population code.



4.3 Distinct populations for encoding and maintenance
improve the resistance against distracting stimuli

Section summary

In this section, we illustrate how our model behaves when distracting stimuli are presented.
Our model naturally inherits some of the properties that bump-attractor networks exhibit in
the presence of distractors. As a consequence, our model captures the observed dependence of
the distractor impact on the distance between the target and the distractor stimulus. However,
our model makes further predictions that are directly related to its subnetwork structure. In
particular, we analyze how the time of distractor presentation and the amplitude of the top-down
feedback connections (storage to encoding) affect the network’s vulnerability. As observed in
experimental studies (Pasternak & Zaksas, 2003; Suzuki & Gottlieb, 2013), distractors have
a greater impact on the model when presented shortly after target stimulus removal than
when presented later during the delay. On the other hand, the feedback increases the overall
robustness to distraction by enhancing the filtering capacity of the stimulus encoding network
(encoding neurons).

We analyze the behavior of both network variations, bistable network and ramping network,
in the presence of distracting stimuli and obtain qualitatively similar results.
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4.3.1 Distracting stimuli

The ability to hold the memory in the presence of distractors is a crucial aspect of WM, which
should be considered by any WM model (Lorenc et al., 2021), see Chapter 1. We analyzed
the effect of the impact of a presented distractor on the memory (A6 = 0¢ — Oyeadout, Where
Oc¢ is the angle at which the cue stimulus is presented and 6,¢adout is the readout at the end
of the delay) depending on the time (#p) and angle (6p) at which the distractor is presented.
The distracting stimuli we used are modeled in the same way as the cue stimulus (excitatory
projections to encoding network and excitatory projections to inhibitory neurons in the storage
network) with the same Gaussian profile, and they are always presented after the cue stimulus
(no presentation before nor coinciding with the time of cue presentation). The differences
between a cue and a distracting stimulus in our network are their time (¢, tp) and the angle
(6¢,0p) of presentation. In all simulations, we have used distractors with the same amplitude
as the stimulus.

In general, a distracting stimulation that does not affect the behavior must be processed
differently from the way the task-relevant (cue) stimulus is processed. In the case of visual
stimuli, the information that comes through the retina travels to the lateral geniculate nucleus
(LGN) in the thalamus, before it gets to the primary visual cortex (V1) (Kandel et al., 2000).
At which point and how a distracting stimulus starts to be processed differently from the cue
(filtered) might depend on the sensory modality and specific task requirements, and it is the
focus of numerous studies (Finkelstein et al., 2021; Lorenc et al., 2018; Murray et al., 2017b;
Rademaker et al., 2019; Yoon et al., 2006).

In our model, we assume the distracting stimulus reaches our PFC networks unaffected
(that is, as the cue stimulus), and the circuit's robustness depends entirely on the dynamics of
the encoding and storage networks. We will show that if there is still a bump in the encoding
ring when the distractor is presented, it produces a first averaging effect in favor of the original
stimulus-triggered memory. The storage ring produces an additional averaging effect (on the
already biased stimulation coming from the encoding ring), which will depend again on the
existence and amplitude of its activity bump. Critical for the resistance to the distractor is
whether a storage bump is already present or not at the moment of distractor presentation

All the results shown in this chapter were obtained with the mean-field firing rate model.
Using the firing rate model allowed us to simulate all the different combinations of distractor
timing and position and additional parameter searches with high efficiency. Based on preliminary
simulations, we infer that equivalentcan be obtained with the LIF model.

4.3.2 Distractor impact decreases as a function of time and is reduced
by the top-down feedback

We found that the distractor’s impact depends on the presentation time, with early presentations
during the delay having more impact, and the feedback (storage to encoding) makes the model
more robust to distractors presented throughout the delay duration.

To understand these results, we need to consider a fundamental element of the dynamics
described: how an activity bump behaves when a stimulation is presented. The interaction
between the bump and the distracting stimulation will generally depend on the network
properties, mainly specified by the shape of the connectivity footprint and the single neurons’
transfer function. To understand the following results, we will briefly mention the dynamics
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of a single ring network (how a single network can behave) in the presence of a distracting
stimulus, already studied elsewhere (Compte et al., 2000). A distractor can produce the extreme
responses of complete distraction (the bump moves to the distractor location or the original
bump disappears and a new one forms at the distracted location) and complete robustness
(the distractor does not displace the original bump) as illustrated in Compte et al. (2000).
These cases are, however, restricted to distractors presented far (~120°) from the original
cue and to specific parameter values such as exceptionally high or low stimulus amplitude
(see Compte et al. (2000)). In the general scenario we are considering, a bump can be biased
towards (attraction) or away from (repulsion) an external stimulation (Almeida et al., 2015).
The attraction is caused by the overlap of the excitation-dominated regions of the original
bump and the bump produced by the distraction. Repulsion, in turn, occurs when the distractor
is presented at locations that are suppressed by the original bump (surround suppression,
Figure 3.5). Consequently, attraction happens for nearby distractors and repulsion for far
distractors (Almeida et al., 2015). The ranges in which attraction and repulsion occur will
depend on the width of the Mexican-hat synaptic profile and, eventually, on the width of the
bump.

In our model, due to the width of the bump, distractors presented at an angle below ~ 120°
overlap with neurons active above baseline and have an attractive effect. Above ~120° the
distractors lie on the bump tails and are suppressed (Figure 3.5). In the attractive range, the
effect is an “averaging”: the distractor moves the bump to a position between 6¢ and 6p.
The bias in the bump position will be smaller the bigger the amplitude of the original bump
(Esnaola-Acebes et al., 2022; Kilpatrick, 2013).

4.3.3 lllustration on a single trial

We consider the activity of a network during an example trial during which a distractor is
presented. For illustration, we first show the model’s behavior when there is no feedback from
the storage ring (Figure 4.29). If the distractor is presented shortly after the cue stimulus has
been removed (Figure 4.29a), the bump produced by the stimulus is still active, producing an
averaging effect. For later distractor presentations, in the absence of feedback, the encoding
bump has faded and the distractor produces a bump of activity on the exact location where
it is presented (Figure 4.29c). When the encoding ring perfectly encodes the distractor, the
distractor resistance depends entirely on the storage ring. By itself, the storage ring behaves
similarly; it will be biased by distracting stimulation (coming from the encoding ring) to a
greater or lesser extent, depending on the amplitude of its bump. As with the encoding ring,
the storage ring is most vulnerable when a distractor input arrives before the activity bump at
the original cue position had the time to form (Figure 4.29b). In this case, the biased input
provided by the encoding ring will strongly bias the position of the storage bump (Figure 4.29b).
In contrast, an already stable storage bump offers resistance against the biased input of the
encoding ring, producing a lesser impact (Figure 4.29d).

The feedback input from the storage to the encoding ring increases the model’s robustness
against distracting input (Figure 4.30). As a consequence of the feedback, the storage bump will
sustain the encoding bump throughout the remaining part of the delay (Figure 4.30a,c). The
resistance of the encoding bump against the distracting stimulus will decrease the distractor
impact (Figure 4.31c). In addition to ensuring this first filtering, the feedback indirectly
increases the amplitude of the storage bump, improving its stability against the distracting
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Figure 4.29: Bump dynamics in response to distracting stimuli for the bistable network model
without feedback. Dynamics of the encoding and storage networks when a delay is presented at
O0p =120°. a,b, left: distractor presented to the circuit at r=1.2 s. Network activity of the encoding
ring (a) and storage ring (b). Colored rectangles indicate the time and position of the stimulus
(gray) and distractor (brown). a,b, right: corresponding population activity profile after stimulus
presentation (gray), after distractor presentation (brown), and at the end of the trial (blue). ¢,d: same
as in a,b for a distractor presented at r=2.8 s. ¢ and d, right, additionally show the activity profile
after distractor presentation (light brown), and at the end of the delay (light blue) corresponding to
the example in the left (zp = 1.2 s), for comparison. In a,b, the distractor impact is mildly attenuated
by the fading activity of the encoding ring, and the storage ring forms at the already biased position
indicated by the encoding bump. In c,d the encoding ring is completely biased by the distractor, but
the storage bump is already formed at the cue location, and filters the distractor’s effect

input. In this way, the storage bump contributes to the model’s robustness directly by increasing
the distractor filtering of the storage ring and indirectly by increasing the filtering done by the
feedback-sustained encoding ring (Figure 4.30).

4.3.4 Distractor impact as a bias in the position of the bump

An alternative way of looking at these results is to observe the time course of the bump position
of the encoding and storage rings(Figure 4.31).
During the cue presentation, the encoding ring forms a bump centered at the presented
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Figure 4.30: Bump dynamics in response to distracting stimuli for the bistable network
model with feedback. Same examples as in Figure 4.29 for a circuit with feedback (Fb=3. In
a,b is similar as in Figure 4.29a,b because the feedback only has an effect when the storage bump
emerges. In c,d, the bump in the encoding ring first filters the distractor, which is further filtered by
the storage.

location (0 ° for all trials in Figure 4.31), while there is no clear readout from the stimulus-
suppressed storage. When the distractor is presented, the encoding bump updates its position
fast (Figure 4.31a, c). In the absence of feedback, later distractor presentations cause higher
biases in the position of the encoding bump (Figure 4.31). In the storage ring, the increasing
amplitude of the bump produces smaller biases for later distractor presentations (Figure 4.31b).

When feedback is included, the increasing bias effect on the encoding ring is reverted
(Figure 4.31c). The feedback maintains the encoding bump, which makes the network more
robust. At the same time, the feedback enhances the robustness of the storage network
(Figure 4.31d), which benefits both from the less-biased encoding input and from the feedback-
mediated increase in the amplitude of its bump.

The effect of the feedback drastically improves the robustness against distractors presented
at increasingly distant angles (Figure 4.32c,d). The presence of the encoding bump reduces the
impact of the distractor (Figure 4.32c), which is perfectly encoded in the absence of feedback
(Figure 4.32a). Distractors presented farther away from the cue location have a decreasing
impact, as they overlap less with encoding bump (Figure 4.32d).

Overall, the model is more vulnerable to distracting stimuli at the beginning of the delay,
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Figure 4.31: The storage bump, together with the feedback, increases the robustness against
distracting stimuli presented at different times during the delay. Bump center during example
trials corresponding to distractor presentations at different times during the task. The lines become
noisy when there is no bump in the network (a during delay, a-d before cue presentation). a,b
distractor presented at 120° to the circuit without feedback. c,d same for the circuit with feedback
(Fb=2).

and the vulnerability throughout the delay is reduced when the amplitude of the feedback
connections is increased (see Figures 4.33 and 4.34 for summary). This time dependence of
distractor impact agrees with experimental observations (Suzuki & Gottlieb, 2013; Zaksas &
Pasternak, 2006).

The dependence of the distractor impact on the distractor location in our model is qual-
itatively equivalent to that of a single ring network (Compte et al., 2000), which is why
we have focused less on its analysis. The overall distractor impact first increases with the
difference between cue and distractor location (Afp) and then decreases (from ~ A6p > 120)
(Figure 4.34e,f). As explained above, this effect is related to the attraction and suppression of
coexisting bumps. Suzuki & Gottlieb (2013) observe a lower impact on behavior for distractors
far away (>135°) from the cue location than for near distractors (45°). They also saw a lower
impact on prefrontal firing rates for the far condition (Suzuki & Gottlieb (2013), Fig 1,3). Our
model can be compatible with their results if we consider sufficiently distant angles (A6 150 °),
but the comparison is not straightforward. (see Chapter 5, discussion).

Our results are a consequence, on the one hand, of the general dynamics of the interaction



4.3. RESISTANCE AGAINST DISTRACTING STIMULI 86

100 100 -
- ‘ AT v
D 0-$ﬁ§)—~ W o—é."‘F
E _50 L T T T \) _50 i IK/\v T T
[
o b 0 2 4 d 0 2 4
3
g 50 T Ff--‘" 50 7
A ! /————_—_
““@».—. ~ \ /(=
0 - "( e 0 A {w; \_
V A
0 2 4 0 2 4
Time (s) Time (s)

Figure 4.32: Feedback reduces significantly the effect of distractors presented at increasingly
distant locations. a,b effect of distractors presented at = 1.6 s at different distances from the
cue location to the model with no feedback. a perfect distractor encoding, b displacement of the
storage bump depending on the distractor’s position. c¢,d same examples as in a,b for the model with
feedback. c distractor impact first attenuated by the encoding ring, and b further attenuated by the
storage ring.

between bumps in a ring network and, on the other hand, of the population architecture of
our model. The model’s vulnerability at the beginning of the delay relies strongly on the
information relay from encoding to storage ring and on the fact that the storage neurons’
activity is close to baseline at the beginning of the delay.

4.3.5 Effect of distractors in the ramping network model

Our circuit proposal with ramping (ramping network) exhibits the same qualitative results
(Figures 4.35 and 4.36). The differences are related to the time course of the storage bump,
which increases gradually in the ramping network model, producing an analogously gradual
decay of the distractor impact (Figure 4.35b,d).
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Figure 4.33: Distractor impact is lower for late presentation times and higher feedback values
The impact of the distractor is measured as the average bump centroid position during the last 250 ms
for 100 trials (cue stimulus at 0°. a-d: The distractor impact (A6, y—axis) is plotted against the time
of distractor presentation for the encoding (top) and storage ring (bottom) for distractors presented
at 6 =30 ° (left) and 6 =120 ° (center). e,f Average impact over all times of distractor presentation
(y— axis) against feedback value. Values corresponding to Fb=0,0.4 are omitted for the encoding
plots (a,c,e) since the absence of selective activity prevents a meaningful memory readout.
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Figure 4.34: Distractor impact increases with the distance between cue and distractor
position while the interaction is attractive and drops for farther distractor locations. a-d
Distractor impact against time of distractor presentation for different angles of distractor presentation
(different scales of blue within each plot) for no-feedback (left) and Fb=3.0 (center). e,f average
impact over different times of distractor presentation (y—axis) against angle of distractor (x—axis) for
different values of feedback (different scales of green).
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Figure 4.35: Distractor impact is lower for late presentation times and higher feedback values
Same a Figure 4.33 for the ramping network model (with ramping signal). the
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Figure 4.36: Distractor impact increases with the distance between cue and distractor
position while the interaction is attractive and drops for farther distractor locations. same as

Figure 4.34 for the ramping network model (with ramping signal)
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Conclusion

We show that the subpopulation structure endows the prefrontal network model with enhanced
robustness to distracting stimuli. In particular, our network is more vulnerable at the beginning
of the delay period when the memory bump is still forming in the storage ring. This time
dependence agrees with experimental observations (Pasternak & Zaksas, 2003; Suzuki &
Gottlieb, 2013). Additionally, the network robustness is proportional to the strength of the
top-down feedback. This prediction highlights the possible functional advantage of having
feedback projections in a prefrontal network with a prominent feedforward structure.
Altogether, these results provide indirect support for the proposed network structure. While
the model is built intentionally to reproduce the results in Section 4.2, its behavior in the
presence of distracting stimuli is naturally exhibited as a consequence of the network structure.
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Chapter 5

Discussion

In this thesis, we investigated the possibility that functional subsets or subpopulations of
prefrontal neurons underlie salient features of the working memory code. In particular, we
investigated the origins of the well-characterized dynamic-to-stable transition in the population
code (Cavanagh et al., 2018; Parthasarathy et al., 2019; Spaak et al., 2017; Stokes et al.,
2013) and the impact of distracting stimuli on the prefrontal cortex (Suzuki & Gottlieb, 2013).
We first used different tools to quantify the degree of structure (clusters) in a set of macaque
prefrontal recordings and found a non-random distribution of feature selectivity among the
prefrontal neurons. More specifically, the observed stable stimulus selectivity and stereotyped
firing rate profiles (of distinct neuronal groups (Markowitz et al., 2015)) are incompatible with
overall random structure and non-linear mixed selectivity. Next, we proposed a computational
model based on the bump attractor (Compte et al., 2000) that illustrates how the distinct
activity profiles can be related to the dynamic-to-stable transition of the population code. The
model suggests that the delay code is orthogonal to the code during the cue presentation
because two distinct sets of neurons (labeled as encoding and storage neurons in the model)
are active during these epochs, respectively. We showed that different network realizations
are compatible with the qualitative dynamics of the population code and investigated the
possible dependency of prefrontal maintenance on subcortical inputs (Finkelstein et al., 2021;
Johnstone & Rolls, 1990; Sreenivasan & D’'Esposito, 2019). Finally, we illustrated how the
subpopulation structure of the model can increase the resistance to distracting stimuli. We
found that the interaction between the encoding and the storage neurons accounts for higher
vulnerability to distraction at the beginning of the delay (as observed in Suzuki & Gottlieb
(2013)). Moreover, vulnerability to distractors is overall reduced by increasing the amplitude of
the top-down feedback projections.

Structure and functional specialization in the prefrontal
cortex

A departing point and motivation for our work was to investigate the origins of the dynamic
transition between the cue and delay epochs in delayed-response working memory paradigms
(Mendoza-Halliday & Martinez-Trujillo, 2017; Parthasarathy et al., 2019; Spaak et al., 2017,
Stokes et al., 2013). Since this transition is consistently observed in delay-response tasks, it
likely reflects essential features of the working memory dynamics.
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The discovery of dynamics (Stokes et al., 2013) contributed to the questioning of persistent
activity as the principal mechanism (phenomenon) behind short-term memory (Lundqvist
et al., 2018; Meyers, 2018; Stokes, 2015; Stokes et al., 2013). This emphasis on dynamics
motivated the proposal of mechanisms such as chaotic regimes (Barak et al., 2013), oscillations
(Bastos et al., 2018; Lundqvist et al., 2018; Miller et al., 2018), and sequential activations
(Ganguli & Latham, 2009; Goldman, 2009) as alternatives to attractor dynamics. Some of
these mechanisms ensured that dynamics are compatible with a stable readout (Druckmann
& Chklovskii, 2012; Goldman, 2009). Only recently, some models have tried to capture both
dynamics and stability in the code (Bouchacourt & Buschman, 2019; Murray et al., 2017a;
Stroud et al., 2023).

Our approach also focuses both on the dynamics (transition from cue to delay) and stability
(late delay). As mentioned in the introduction, this dynamic transition implies a relay or
transformation of the stimulus-related information from cue to delay. What mechanisms
underlie this transformation?

We discussed two contrasting scenarios compatible with the code transition: non-linear
mixed selectivity and functional populations. These scenarios can be seen as the extremes
of a continuum, which implies that the real neurons should lie somewhere in between. We
emphasize that these scenarios are not considered entirely mutually exclusive. On the opposite,
non-linear mixed selectivity has been observed in the prefrontal cortex (Asaad et al., 2000;
Dang et al., 2021; Fusi et al., 2016; Rigotti et al., 2013) as well as in some neurons in the data
set we analyzed (Figure 4.4). The question we try to answer (in our analysis) is whether the
degree of structure in the distribution of feature selectivity among neurons can be informative
about network mechanisms. A negative answer to this question would imply that the observed
dynamics in the data should be understood as the dynamics of a single complex network
that exhibits mixed selectivity. On the other hand, a positive answer suggests that part of
the dynamics are due to the differential behavior of distinct functional groups or functional
subpopulations. We argue that the view of the prefrontal circuits related to working memory
as a single network with complex dynamics is implicit in many modeling works (Compte et al.,
2000; Goldman, 2009; Murray et al., 2017a; Wimmer et al., 2014). Moreover, this view is
especially suited for models that use artificial intelligence for the training of RNNs, which
usually do not include structure in their weights previous to the training (Barak et al., 2013;
Stroud et al., 2023) Explicitly modeling the prefrontal cortex as separate subnetworks has been
a less popular approach (see the model proposed by Bouchacourt & Buschman (2019) for an
example).

However, our analysis shows that the degree of functional clustering in the data significantly
differs from what would be expected by chance, suggesting that specialized subpopulations
underlie the transition. Similar results had been reported in rodent frontal cortex (Hirokawa
et al., 2019; Yang et al., 2022). However, to our knowledge, there have not been comparable
studies with primates.

We narrowed the focus of the population analysis, considering fewer Principal Components
and classifying neurons according to some of the dPC weights, to bring it closer (to relate) to
the single neuron results (Markowitz et al., 2015; Mendoza-Halliday & Martinez-Trujillo, 2017).
This approach placed the distinct functional activity profiles obtained by single neuron analysis
(Markowitz et al., 2015) in the context of the heterogeneity of the prefrontal cortex responses.

Our findings underscore the relevance of the two contrasting types of activity profiles
(neurons active during cue, labeled as perceptual, and neurons active during delay, labeled as



95

mnemonic). As a limitation of the segregated picture offered by the single neuron classification
(Markowitz et al., 2015), our results suggest that the observed heterogeneity is compatible
with a continuum of activity profiles. However, perceptual and mnemonic neurons are more
present than would be expected by chance. These activity profiles have been consistently
observed in other studies (Finkelstein et al., 2021; Inagaki et al., 2019; Mendoza-Halliday
& Martinez-Trujillo, 2017; Yang et al., 2022), and we directly relate them to the dynamic
transition in the code. In this regard, the cross-temporal decoding serves as a proof of principles,
showing how the respective activation profiles of these neurons can be related to changes in
decoding accuracy between the two epochs.

The analysis done in Markowitz et al. (2015) shows a higher density of perceptual neurons
in the deeper layer and a higher density of mnemonic neurons in the superficial layers. These
results align with other studies with macaques (Bastos et al., 2018), rodents (Wu et al., 2020)
and humans (Finn et al.,, 2019). From a computational point of view, having neurons that
receive the stimulus from upstream areas and different neurons that maintain the stimulus
when required (working memory) is advantageous because it offers a layer of protection to
the maintained memory. We elaborate on this point in Section 4.3. Moreover, this functional
distribution can also be regarded as a consequence of the evolution of the neural circuitry.
Maybe biased by abstract thinking and mathematical formulations, we sometimes want to
understand the biological circuits as if they had emerged from an optimization problem. This
mindset finds its perfect playground in the use of artificial intelligence to understand brain
function (Zador, 2019). However, the prefrontal cortex did not grow (through evolution and
lifespan) only to solve the ocular-delayed response task. Considering that the representation of
visual stimuli in the prefrontal cortex can have a separate history from that of the maintenance
of these stimuli for small time spans (Fuster, 2015; Hussar & Pasternak, 2009; Martin-Cortecero
& Nufiez, 2016; Zaksas & Pasternak, 2006) sheds light on the observed dynamics. This simple
consideration makes the functional and anatomical division natural.

A three-population model explains salient features of the
prefrontal activity during working memory

We explicitly modeled the different stereotypical responses to task condition (Markowitz et al.,
2015). The key ingredient of our model proposals are: the separate representation of different
subpopulations and their defined working regimes. The model realizes what we summarize
in the data analysis. The interaction between the stimulus responsive (labeled as encoding,
corresponding to the perceptual neurons in the data) and delay responsive (labeled as storage,
corresponding to the mnemonic in the data) ring constitute a fundamental aspect of the
model's dynamic. Our network has an explicit feedforward structure (encoding neurons receive
the stimulus, then they activate the storage neurons), which is only softened by the feedback
projections (storage to encoding). Our readout network has its analogous counterpart in other
models of dynamics in prefrontal working memory (Druckmann & Chklovskii, 2012; Goldman,
2009). It also serves the purpose of modeling explicitly neurons with persistent firing rate
profiles. Since the dynamics in our model are highly structured (they consist of the sequential
activation of the encoding and storage ring), including a network with constant readout (the
readout ring in our model) is straightforward. Reading out from encoding and storage neurons
(excitatory projections from these populations to the readout ring) ensures a constant stimulus
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representation.

Our network proposal can be contrasted with the models in Murray et al. (2017a), Stroud
et al. (2023) and Bouchacourt & Buschman (2019). All these works explain the dynamic to
stable transition of the code. In Murray et al. (2017a) and Stroud et al. (2023), the transition
to a stable code happens due to the non-normal network dynamics. As highlighted above,
non-normality is exhibited by almost any network with non-symmetric connectivity (Horn &
Johnson, 1985) . Our network proposal converges with the ones in Murray et al. (2017a);
Stroud et al. (2023) in that they both require directionality in the information flow (feedforward
structure). We argue that any network that can explain the dynamic to stable transition
necessarily relies on feedforward mechanisms. In this regard, claiming that non-normal networks
explain the dynamic transition is more a tautology than a new finding. However, Stroud et al.
(2023) do contribute to a discussion of the mechanisms by providing a measure of energetic
efficiency (see supplementary material in Stroud et al. (2023)). In particular, they prove that
the information loading with non-normal dynamics is more optimal than the information loading
in standard attractor models, which have normal connectivity (Compte et al., 2000; Wimmer
et al., 2015). Their insight into information loading efficiency provides a perspective that can
be complemented by our specific network implementation. To sum up, on the one hand, we
could say that prefrontal networks exploit the advantages of feedforward motifs for memory
loading (the discussion in Stroud et al. (2023)). On the other hand, we keep looking for
concrete network realizations that would implement feedforward elements (our work deals with
this question) that are compatible with the experimental observations.

A specific shortcoming of the bistable network network is the degree to which it depends
on fine-tuning to produce an activity compatible with the ramping of the mnemonic neurons
in the Markowitz et al. (2015) data. Too much feedforward excitation leads to fast bump
formations that span a small fraction, not the entire delay. We emphasized the plausibility
of this architecture because of its conceptual relevance (the bistability of the storage endows
this prefrontal network with autonomous memory sustain function). Additionally, the main
qualitative hallmark of the dynamic transition (orthogonality between cue and delay) is captured
regardless of the time course of the storage neurons.

The variation of our three-ring network architecture with an external ramping signal
introduces a conceptual modification without changing the central aspects of the model: the
different function profiles and their relation to the population dynamics. Ramping activity
has been observed repeatedly in paradigms with predictable delay length (Finkelstein et al.,
2021; Hirokawa et al., 2019; Inagaki et al., 2019; Mendoza-Halliday & Martinez-Trujillo, 2017).
Comparing experimental data to network simulations, Finkelstein et al. (2021) found evidence
for the ramping being provided by an area external to the frontal cortex rather than intrinsically
generated, which inspired our approach.

The external input led us to modify the dynamic regime of the storage network from bistable
to monstable. This change ensures that the modulation significantly increases the bump's
amplitude without producing a loss in stability. The conceptual implication of this model
modification (monostable memory circuit) justified the account of the two network proposals

1Skewed-symmetric matrices (A=—A*) are a special case of non-symmetric matrices that are normal. A
minimal example network would be two units where the first excites the second while the second inhibits the
first with the same intensity. Such a connectivity can describe a balanced regime between excitation and
inhibition. Still, it cannot include any element of directionality that is needed to explain the working memory
data
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separately. In the context of attractor networks, memory is sustained through bistability at the
network level (Compte et al., 2000; Wimmer et al., 2014). Bistability is the basic element of
any system capable of autonomous memory (Zylberberg & Strowbridge, 2017). The absence
of bistable circuits directly implies that maintenance relies on the external input source. Recent
models of working memory, closely inspired by the experimental data, have proposed that
maintenance can be achieved by the interaction of monostable cortical networks (Feng et al.,
2023; Mejias & Wang, 2022). Our network with ramping signal aligns with this view, which
questions the role of the prefrontal cortex as an autonomous hub and focuses instead on the
distributed nature of working memory (Christophel et al., 2017). Regarding the dynamics at the
population level, the network with ramping produces a ramping pattern in the cross-temporal
decoding, which is a feature encountered in the data (Parthasarathy et al., 2019; Spaak et al.,
2017; Stokes et al., 2013). However, when short delay lengths are considered, the network with
bistable dynamics produces a similar increasing pattern.

A common aspect of both network formulations that deserves a separate comment is
the implementation of the suppression mechanism. The non-activation of the mnemonic
cells (Markowitz et al., 2015; Mendoza-Halliday & Martinez-Trujillo, 2017) is an important
characteristic of the dynamics. Note that this behavior is manifested throughout the visual
condition, where there is no memory delay, but also during the time of the stimulus presentation
in the memory task. This memory-dependent activation, together with the stimulus-dependent
activation of the perceptual neurons, underlies the dynamics observed in the cross-temporal
decoding. How to model this memory selective activation was not obvious. We did not find
any significant modulation in the activity of the inhibitory neurons during stimulus presentation,
which would have given a direct cue of a suppressing mechanism. We eventually resolved to a
phenomenological implementation where the stimulus directly projects to the inhibitory neurons.
We additionally explored a mechanism that implied excitatory to inhibitory AMPA-mediated
projections from the encoding to the storage ring. With this implementation, we achieved
qualitatively equivalent results.

Regarding how we implemented the stimulus-dependent suppression, it can be argued that
we did not base our modeling choices on direct experimental evidence. This is true as far as
the exact details are concerned. However, we emphasize again that our focus was more on
illustrating how structure (functional subpopulations) can underlie the observed dynamics than
on the specificities of connectivity.

In future analyses, we plan to train an RNN on a dual task paradigm as the one used
in Markowitz et al. (2015); Mendoza-Halliday & Martinez-Trujillo (2017). Contrasting our
network solution with the one proposed by a trained network should shed light on our discussion
on the implementation of feedforward structure, functional specialization and mixed-selectivity.

Distinct populations for encoding and maintenance during
working memory improve the resistance against distracting
stimuli

Our model naturally inherits many of the properties that bump attractor models exhibit in the

presence of distracting stimuli. These properties have been discussed in previous works (Almeida
et al., 2015; Compte et al., 2000; Edin et al., 2009). The bump attractor faithfully captures
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the experimentally observed dependence of the distractor impact on the distraction-target
similarity (Nemes et al., 2012; Rademaker et al., 2015). Within a certain range specified by
the bump’s width, the impact increases as a function of the difference between the target and
the distractor. Out of the attractive region (no overlap between the bump-mediated positive
modulations of the target and the distractor), the distractor has no effect on the target bump.
The model’s behavior for distractors presented far from the target changes for high amplitude
distracting stimulus, which can produce a complete distraction (Compte et al., 2000). The
extreme cases of complete distraction and complete filtering (both observed experimentally
(Nemes et al., 2012; Rademaker et al., 2015)) are explained by the effects of the surrounding
suppression of the distractor and the target bumps, respectively.

The study of the impact of distractors at different positions is motivated by investigating the
working memory capacity of a network (Edin et al., 2009). Working memory capacity and its
underlying mechanisms have been on the focus of experimental (Bays et al., 2009; Bouchacourt
& Buschman, 2019; Vogel & Machizawa, 2004; Vogel et al., 2005; Watanabe & Funahashi,
2014) and modeling (Bouchacourt & Buschman, 2019; Edin et al., 2009; Oberauer et al., 2012)
works in the last two decades. In contrast, the importance of distractor presentation time
has been overlooked in both experiments and models, with a few exceptions (Murray et al.,
2017b; Pasternak & Zaksas, 2003; Suzuki & Gottlieb, 2013). However, as our work highlights,
understanding how distractors impact memory at different task epochs can give cues about
working memory function and underlying circuit structure. In particular, the time course of
the distractor impact in our model is directly related to the presence of distinct functional
subpopulations.

The bistable bump attractor, usually the circuit proposed to be responsible for memory
encoding and storage (Compte et al., 2000; Wimmer et al., 2014), loads the stimulus fast into
the stable memory representation. This fast loading implies that the system has stable activity
shortly after the presentation of the stimulus (time of bump formation ~50 ms). Consequently,
distractors presented at different times will have the same impact. A distractor can have a
smaller or higher impact when presented before the cue is withdrawn. This effect will depend
on whether the bump's amplitude is below (due to weak stimulation) or above (due to strong
stimulation) its stable value during the delay. This efffect, which we do not show, is confined to
distractors presented during the cue period. Moreover, its dependence on the stimulus intensity
makes it vulnerable to parameter changes and more difficult to interpret.

In our model, on the contrary, the dependence on the time of distraction presentation
is an intrinsic feature that does not depend on stimulus intensity and is not restricted to a
specific parameter combination. Our network becomes increasingly resistant to distractors
as the activity in the storage ring increases. The behavior is exhibited by the both proposed
network architectures (bistable network, ramping network). In both cases, the storage bump
starts to form after the withdrawal of the cue, always leaving an initial time of increased
vulnerability. Our three-ring networks also show enhanced robustness when the top-down
feedback is increased. Interestingly, this effect also does not depend on whether our frontal
network sustains memory autonomously (bistable network) or with the help of external input
(ramping network). This result contributes to the distributed picture of working memory
(Christophel et al., 2017; Lara & Wallis, 2015). It suggests that even if there are areas that
can maintain memory intrinsically, the interaction between circuits within these areas can be
transcendental for behavior.

From a quantitative perspective, the model predicts overall greater memory biases than
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observed in the behavioral experiments (Nemes et al., 2012; Rademaker et al., 2015; Suzuki
& Gottlieb, 2013). Values closest to the behavioral biases (~ 10°) are obtained with high
values of the top-down feedback. Whereas this result can be seen as a shortcoming of the
model, two important aspects should be taken into account. The first one is that we do
not model any filtering of the distractor that happens previous to its arrival to the prefrontal
cortex. Distractors filtering by regions upstream from the prefrontal cortex have been reported
in several studies (Lorenc et al., 2018; Murray et al., 2017a; Suzuki & Gottlieb, 2013; Yoon
et al., 2006). The second aspect to consider is that we also do not model the motor output,
making the quantitative relation between the memory and response bias arbitrary. These points,
together, emphasize that our analysis aims at capturing qualitative aspects of the data and not
at fitting them quantitatively.

Our model has parallelisms with the work of (Murray et al., 2017b). These authors model
the PFC and posterior parietal cortex (PPC) as separate circuits with reciprocal projections,
with the stimulus projecting only to PPC. Among other properties, their model also exhibits
increased robustness for late distractor presentations, and its vulnerability is reduced when PFC
to PPC feedback is included. However, there are conceptual differences between our works. In
the first place, they used two-population modules responsive (capable of representing binary
stimuli) to represent each area (PFC, PPC), while we used a ring attractor network (suited
to represent continuous stimuli) for each population (encoding, storage, readout). Although
this distinction is orthogonal to the emphasis placed on distinct functional subpopulations,
discrete and continuous networks make different testable predictions. The continuous bump
attractor has successfully captured aspects that discrete models cannot explain, such as the
increase in the memory error as a function of the delay length, the correlation between rate
and behavior variability, and correlations between single neuron firing rates (Wimmer et al.,
2014). Moreover, the discrete two-population modules only allow to model distractors that
either overlap completely or are orthogonal to the target. Accordingly, these networks can
only capture the extreme cases of complete bias or perfect filtering. Finally, it can be argued
that a continuous representation is more realistic (natural stimuli usually vary in a continuous
fashion), and should therefore be prioritized. A possible extension of our work could involve
building a network equivalent to our three-ring model, composed of two-population modules
instead of ring attractors. The interest would be in highlighting the predictions that would
remain unchanged. We can anticipate that the dynamic-to-stable code transition could be
equally explained, as well as the overall time dependence of distraction impact and the role of
the top-down feedback.

A second difference between our works is that Murray et al. (2017b) do not consider a
network realization without bistable circuits, unlike us. The emphasis we make on the proposed
architecture with external ramping input and its conceptual difference from the network with
bistability was commented on above.

Finally, the circuit modules in Murray et al. (2017b) represent different areas (PFC,PPC),
while ours represent different functional populations within the same area (PFC). Both works
highlight the potential relevance of having different networks supporting working memory. By
considering different populations within the same area (in the model and data (Markowitz et al.,
2015)), we translate the distributed view of working memory from the interaction between
areas (as illustrated in Edin et al. (2009); Murray et al. (2017b)) to the interaction between
regions within the same area. In this regard, we emphasize that despite the evidence for
layer-specific activity found in the literature (Bastos et al., 2018; Finn et al., 2019; Wu et al.,
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2020), our analysis does not articulate the concrete relation between functional specialization
and anatomical distinction.

Based on the previous discussion, we emphasize our intention of proposing a simple way of
rethinking prefrontal circuitry based on experimental information about functional structure.
From a conceptual point of view, thinking of memory as distributed across areas or subareas
does not make a big difference. However, there is still a lot of focus on finding network
models whose emergent dynamics can explain the most relevant aspects of working memory
(Murray et al., 2017a; Stroud et al., 2023). These efforts often lead to network solutions
whose dynamics are hard to relate to specific neural mechanisms (Barak et al., 2013; Murray
et al., 2017a; Stroud et al., 2023). We emphasize again the possible contribution of artificial
intelligence to the view of the brain as a machine that has evolved to solve a certain task. This
formulation, which we believe is more detrimental than beneficial, is improved when several
tasks are considered instead of a single one (Masse et al., 2019; Yang et al., 2019). However,
we believe that explicitly including different areas (Feng et al., 2023; Mejias & Wang, 2022;
Yang & Molano-Mazén, 2021) is also essential to get a better understanding of the brain
circuitry. Exhibiting dynamic and stable code, linear-increasing delay activity, and being robust
against distractors may be too many requirements to be satisfied by a single neuronal network.
However, these requirements might be easily met by integrating the dynamics of different
networks whose respective dynamics are simple a nd interpretable.
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Chapter 6

Conclusions
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4.1 Structural and functional specialization in the prefrontal
cortex

1 We analyzed the activity of regular spiking (putative excitatory) cells in the macaque
prefrontal cortex, finding that the heterogeneity observed at the level of single neurons is
compatible with structured featured selectivity. This finding contradicts the view that
prefrontal computations rely primarily on non-linear mixed selectivity.

2 The structured feature selectivity can be related to distinct functional neuron groups.
Among the stimulus-selective neurons, three types of profiles are modulated differently
according to the memory or visual task condition. These neurons overlap with the groups
highlighted in Markowitz et al. (2015).

3 The two contrasting neuronal profiles that are most modulated by the task condition
(perceptual and mnemonic neurons) are active at different task epochs (cue presentation
and delay). Cross-temporal decoding from these groups separately shows their close to
orthogonal contribution to the population code. This finding indicates that the presence
of these contrasting response profiles underlies the experimentally observed dynamic to
stable transition in the working memory code.

4.2 A three-population model explains salient features of
the prefrontal recordings

1 A model composed of three interconnected ring attractors captures the diverse functional
profiles and the dynamic to stable transition in the prefrontal code during working
memory.

2 The model highlights the relevance of the contrasting types of activation profiles among
the neurons, labeled as encoding and storage in the model, that correspond to the
groups labeled as perceptual and mnemonic in the data. In particular, it suggests that
these functional profiles relate to stimulus encoding and maintenance. These contrasting
(encoding/maintenance) task epoch selective responses have been observed in other
studies with different species (Bastos et al., 2018; Finn et al., 2019; Van Kerkoerle et al.,
2017; Wu et al., 2020), which suggests this structured architecture can be a common
feature of prefrontal working memory networks.

3 We present two network variations with the same subnetwork structure that make
equivalent predictions regarding profile heterogeneity and population code. The network
labeled as bistable network, which has intrinsic bistability, illustrates how the relevance
of subpopulations can be compatible with the traditional view of the prefrontal cortex as
a memory-sustaining hub. In contrast, the network labeled as ramping network depends
on an external input to sustain memory. This external input is not stimulus-selective
and can be interpreted as an urgency or ramping signal that tracks elapsed time or
response anticipation. This network illustrates how prefrontal dynamics could interact
with other areas (likely, subcortical areas such as basal ganglia or locus coeruleus) to
sustain memory. Additionally, the ramping network network illustrates a way in which the
delay activity can naturally adapt to span different delay lengths. This feature shows the
capacity to flexibly adapt to different environmental demands can be enhanced through
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the interaction between areas or distribution of the code.

4 The two networks (bistable network and ramping network) offer equivalent explanations
for the dynamic to stable transition in the population code: encoding (representing the
perceptual neurons in the data) neurons are active during cue presentation, and storage
neurons (mnemonic neurons in the data) are increasingly engaged during the delay.

4.3 Distinct populations for encoding and maintenance
improve the resistance against distracting stimuli

1 Having the memory encoding and maintenance distributed across the encoding and
storage rings makes the system more robust to distracting stimuli. This enhanced
robustness is due to the encoding ring, which receives the excitation from the stimulus
and acts as a first filtering stage.

2 The model is most vulnerable to distractors short after cue withdrawal when the storage
bump has not formed yet. As the storage bump amplitude increases, the model becomes
more robust (the impact of the distractor becomes smaller). This vulnerability to early
distractor presentations agrees with behavioral (Pasternak & Zaksas, 2003; Suzuki &
Gottlieb, 2013) and neurophysiological Suzuki & Gottlieb (2013) observations. Such
behavior cannot be obtained with a model of stable persistent activity.

3 The model's vulnerability to distracting stimuli is reduced by the top-down feedback
(storage to encoding). Increasing feedback values sustain higher amplitude encoding
bumps during the delay, which is less biased by the distracting input.

4 The enhanced robustness to distracting stimuli of the proposed subpopulation-based
model indirectly supports the plausibility and purpose of such a network structure.
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