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Abstract

Recurrent Neural Networks (RNNs) are increasingly used in theoretical neu-
roscience to model simple animal behavior. In this context, two conceptually
different approaches have been taken: in the first approach, the RNN is trained
on neural activity recordings of the animal during a task, to infer the structure of
a recurrent circuit giving rise to the observed activity patterns; in the second ap-
proach, the RNN is trained on stimulus-response associations of a given task, to
infer how a recurrent circuit might implement the related mapping; In this thesis,
we start from previous work that trained RNNs on neural activity recordings of
a monkey during a simple contextual decision making task, and train RNNs only
on the corresponding stimulus-response association. The structure and dynam-
ics of the trained RNNs are analyzed and compared with previous results,with a
particular focus on how biological constraints (e.g., the implementation of Dale’s
principle and the necessity of distributed processing ) affect RNN behavior and
its agreement with previous findings.
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Chapter 1

Introduction

This thesis is situated within the field of machine learning applied to neuro-
science, where computational models are used as analytical tools for studying
biological neural systems. Since the emergence of artificial neural networks,
an important question has been how these models relate to real neural activ-
ity. More specifically, researchers have asked to what extent neural recordings
obtained from living systems may exhibit similarities in structure or temporal
dynamics to trained artificial networks, and whether such similarities can provide
insight into the principles of neural computation. Rather than treating artificial
networks only as engineering tools, this perspective considers them as simplified
systems that can be examined in relation to biological data.

The motivation for this kind of work does not arise only from immediate practical
applications, but also from scientific curiosity. Biological brains remain difficult
to understand because they produce remarkably complex behavior through pro-
cesses that are still only partially observable. Artificial neural networks, while far
simpler, offer a rare opportunity to isolate internal mechanisms, inspect hidden
activity, and systematically alter the rules that shape learning. Comparing these
two systems creates a space for exploration: by trying different computational
ideas and observing what emerges, it becomes possible to ask whether some
aspects of biological computation can be approximated, reproduced, or better
understood through artificial models.

Although artificial neural networks are increasingly used in neuroscience, there
are still relatively few studies that directly compare multiple training strategies
against biological recordings within the same framework. Many existing studies
either train networks to solve behavioral tasks by replicating stimulus-response
association or train networks to reproduce measured neural activity, but fewer
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CHAPTER 1. INTRODUCTION

works examine these approaches side by side. This leaves open the question of
whether networks that merely perform a task develop internal solutions similar
to those found in biological systems, or whether closer correspondence requires
training procedures that explicitly reproduce recorded neural responses. Explor-
ing these differences can help clarify how strongly biological structure depends
on task demands or biological restrictions.

The present work compares recurrent neural networks trained under different
objectives. One class of networks is trained to generate the correct response
from a given stimulus, while another is trained to reproduce recorded neural ac-
tivity more directly. Additional unconstrained or baseline models are included
to establish a reference for the comparison. Rather than assuming a single cor-
rect modeling strategy, this study examines multiple possible paths from input
to output and asks how each training approach shapes the resulting network.
The analysis focuses on whether different optimization procedures produce com-
parable internal organization, and whether any of these artificial systems show
meaningful relationships to the activity observed in the biological recordings.

A biological neural system can be represented in simplified form by a recurrent
neural network, making this model a natural choice for the present study. In
particular, a vanilla leaky RNN provides a flexible yet interpretable architecture
with input signals, output signals, and an evolving hidden state. Because neural
activity unfolds over time rather than instantaneously, recurrent models are es-
pecially suitable for capturing temporal dependencies that static models cannot
represent. Their relatively simple structure also allows the internal state of the
model to remain accessible for analysis, making it possible to compare not only
the final outputs of the network but also the internal patterns that emerge during
learning.

The contribution of this thesis is not to propose a completely new theory, but
to provide another careful comparison between artificial and biological neural
systems while emphasizing biologically motivated constraints. In particular, the
study examines whether introducing constraints inspired by neural organization
can influence how closely an artificial network resembles recorded neural activity.
These comparisons may involve both static properties, such as the clustering seen
in the final weight matrices, and dynamic properties helping us understand the
flow of information in the network. Even a modest result can contribute to the
broader effort of understanding which aspects of neural computation arise from
optimization alone and which may depend on additional biological structure.



Chapter 2

Background

2.1 Artificial Neural Networks

This section introduces the core ideas and mechanisms of an artificial neural
network (ANN). Readers already familiar with the subject may wish to skip it.

Originally inspired by neural biological tissue, ANNs are computational models
trained to learn highly complex, multi-dimensional functions from a set of input
data. We assume that some common pattern exists and is mapped to the desired
output. The idea is that the model will learn the properties of the data and can
be used to predict the behavior of new unseen data. In order to do so, the model
would need to have some way of recognizing patterns in its input. Now suppose
that this potentially complex map is approximated via numerous units perform-
ing simple computations, expressed as links between these units. This machine,
which is capable of digesting some input and producing the corresponding out-
put, is trained via adjusting and improving the connections slightly each time
that it makes a mistake. we will dive deeper into a certain type of ANN, called
a Recurrent Neural Network (RNN).

An RNN is most suitable for sequences and specially temporal data due to its
nature. The simplest form of an RNN, often called a simple RNN, vanilla RNN,
or Elman RNN is consisted of the following:

e Nodes: input layer u € Rdm, recurrent layer (hidden) r € R?™, and output

layer o € R

o Weights: input W € Rdedm, recurrent W7 € R¥“ > and output
rec out
Wout c Rd xd )

« Biases: recurrent b € R¥" and output b° € R
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CHAPTER 2. BACKGROUND 2.1. ARTIFICIAL NEURAL NETWORKS

A time series compatible with the shape of the RNN’s input layer is fed to the
network, continuously evolving the recurrent layer [2]. The discrete time equation
for the recurrent layer is as follows:

rD — pyreer® L ping (D 4 preey (f applied element-wise) (2.1)

where the argument is called the activation and f itself is called the activation
function, adding non-linearity and hence more complexity to the model. What
equation expresses is that the state of the recurrent nodes at some time
step t+ 1, depends on both the new inputs (¢+ 1) and the nodes at the previous
step (t).

The time continuous version of equation (2.1)) with gaussian noise introduced is:

dr .
T = fW™r + W"u + b" + vV2702%¢) — 1 (2.2)
Here 7 is the time constant, a property of the system being studied. For example,
the neuronal time constant for certain neuron types in mammals is of the order

of tens of milliseconds[§]. £ are N, noise variables sampled from /47(0,1).

Approximating the hidden layer using equation ([2.2)) at time t + At with At < 7
results in:

r(t+At) _ Oéf(WTECI‘(t) + Winu + brec 4 /27_025) + (1 _ Oz)I‘(t) (23)

Where a = %. Having 7 as the neuron’s memory time scale, simulating the
system at some step At leads to the leakage term. Equation shows how
we translate the continuous time RNN equation into the simulation work frame,
considering the time scales of the system. This gives us a hyperparameter to
tune with respect to the system being studied.

The outputs depend only on the hidden state and the output biases. Note that
the RNN produces an output at each time step, having seen the inputs up to
that step. Although one might only be interested in the final output, this is the
main property that makes RNNs naturally a good choice for studying timeseries
data or simulating time-variant systems.

o) — g(W‘)“tr<t) + b‘mt) (g applied element-wise) (2.4)

With ¢(-) being the activation function of the output layer. Feeding the inputs
and computing the neuron values mathbfo'® up until the final time 7 is regarded
as the forward pass.



2.2. TRAINING CHAPTER 2. BACKGROUND

2.2 Training

Consider an untrained network only capable of mapping the input to some out-
put. This output being from our desired target means that we need some measure
for quantifying the distance. This disparity is called the loss or the cost and the
measure quantifying it, the loss function, could be something as simple as the
euclidean distance or something more complex, not necessarily a formal distance.
In order to train the weights of this network, one would calculate the share of
each weight, the gradient of the loss, for this disparity and adjust them in such
a way that minimizes the loss. An efficient and also the most common method
for calculating this gradient is called the backpropagation method.

Let us denote the target output at time ¢ by 6(!) and the mistake to be penalized,
as some function of the target output and the RNN output:

LW — d(o(t), A(t)) (2.5)
T
L=> 1" (2.6)
t=1
Let us also define:
cZ(o(t)) = d(o(t),é(t)) (2.7)

We are ultimately interested in gradients such as Vi L or others corresponding
to the rest of the trainable parameters (weights and biases). Note that some of
these gradients are matrices.

Finding some intermediate derivatives first proves to be helpful. For example,
we know that the hidden state at step t r(®’s contribution to the loss can be
broken down into two parts:

Hr(t+) Do®

er(t+l)L + 7v0(t)L (28)

VoL = ERG

This is where an RNN differs in training from a Feed-Forward Neural Net-
work(FFNN); The backpropagation through time(BPTT) is often expressed as
normal backpropagation with the unfolded network, and equation is where
the unfolding occurs, since it shows how the loss L® can depend on step t and
before, or r®) affects L) and successive losses.
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CHAPTER 2. BACKGROUND 2.3. BIOLOGICAL BRAIN

The first term in equation ([2.8)) vanishes for ¢ = T', depending solely on the final

output. Using (2.1)), the first term propagates through time via ag:(;l). This

depends on W™ and f’ evaluated at the present activation. From equations
(2.6) and (2.1)), we notice that the second term depends on the derivatives of g
and d together with W%, Finally, for each recurrent weight, we have:

-V, L (2.9)

The loss function and activation functions are usually chosen to have a simple
derivative. The key takeaway is that all the material required for the computation
of the gradient Vyyi» L and the evaluation of the derivatives is already known from
the forward pass. The same idea holds for the rest of the trainable parameters,
making the backpropagation very efficient.

2.3 Biological Brain

Although recurrence captures the nature of a biological brain to some extent, a
brain works differently than an RNN in many aspects. In this section, we will
review some of the preliminary concepts and definitions concerning the nervous
system and try to draw comparisons and analogies between an RNN and the
nervous system.

2.3.1 Nervous system

The nervous system in all vertebrates and even some invertebrates has a clear
division between the Central Nervous System(CNS) and the Peripheral Nervous
system(PNS). The CNS is simply the collection of brain and spinal cord, and
the PNS includes nervous tissue outside the CNS [8, Ch 1]. This partitioning
immediately gives rise to a categorization of neurons, since direction becomes
important:

o Afferent(sensory): Neurons that take information towards the CNS.
 Efferent(motor): Neurons that take information away from the CNS.
o Interneurons: Mainly located in the CNS and participate in local circuits.

This functional classification does not automatically put these cells under the
anatomical categories of central or peripheral. Afferent or efferent neurons are

11



2.3. BIOLOGICAL BRAIN CHAPTER 2. BACKGROUND
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Figure 2.1: Neuron Structure [1]

in charge of carrying signals, often for long distances, letting some grow up to
meters long.

Interneurons, on the other hand, form local feedback loops through which the
information flow is regulated. This requires them to have different connectivity
properties. The number of processes, any extension that emerges from the soma,
varies greatly in different neurons according to their types.

Despite being poor electrical conductors, Neurons transmit information via elec-
trical signals by regulating ion flow across their membranes. Neurons maintain
a negative internal potential relative to their extracellular potential, known as
the resting membrane potential. This signal transmission may be within a single
neuron or between two neurons. Figure shows a simple diagram of a neuron.

2.3.2 Signal transmission

A neuron maintains a local potential difference across its membrane while at
rest, keeping it polarized. This trans-membrane potential is often very close to
-70 mV. This is done by balancing the concentration of ions such as Na™ or K
through dedicated channels.

A local disturbance of this voltage may propagate along the axon, given that it is
large enough and having the neuron at rest. Small disturbances that fail to reach
the threshold around -55 mV die out, but for a larger increase, the sodium gates
react by allowing for depolarization, and this triggers a spike in the potential.
The spike moves rapidly along the cell, but the local voltage has to go through
a full cycle before another signal can be transmitted. Figure shows how the
voltage changes. Gates will stop responding to any stimulus regardless of its
amplitude after depolarization until a few milliseconds later, this is called the
refractory period which imposes an limit on how fast a neuron can shoot. The
refractory period can be less than 1 millisecond or greater than 10 milliseconds.
Note that the action potential always follows the same profile and does not vary
in amplitude depending on the stimulus strength. Higher neuron activity is
simply higher frequency.

12



CHAPTER 2. BACKGROUND 2.3. BIOLOGICAL BRAIN
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Figure 2.2: Action potential [1]

Two different neurons communicate through specialized contact called synapses
and through certain chemical agents known as neurotransmitters. The synaptic
cleft is a gap between the axon terminal of the pre-synaptic neuron and the
receptors of the post-synaptic one. Neurotransmitters are released as the action
potential reaches the axon terminal(bouton). The two types of transmitter, once
received by their dedicated receptor, can cause either an increase or a decrease
in potential. Helping or hindering depolarization in the post-synaptic neuron is
called excitation or inhibition, respectively.

Neurotransmitters are not the only chemicals that affect signal transmission.
Neuro-modulators or hormones are other chemicals that may diffuse through the
nervous tissue and affect a larger area or remain for longer durations. Despite
these considerations, it often holds that a neuron releases the same neurotrans-
mitter from all of its boutons. This strong assumption known as Dale’s law|3]
allows us to refer to being excitatory or inhibitory as a property of the neuron
itself. The ratio between the excitatory and inhibitory neurons in a brain is often
close 80% excitatory and 20% inhibitory neurons. The foremost impact of the
inhibitory neurons is the maintenance of network stability.

2.3.3 Mirror neurons

Mirror neurons are neurons that respond both during execution of an action, and
the observation of a similar action performed by others. They were first identi-
fied in the macaque ventral premotor cortex and provided evidence that motor
systems are involved not only in producing movements but also in representing
the observed goal-directed actions. This led to the concept of an action obser-
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2.3. BIOLOGICAL BRAIN CHAPTER 2. BACKGROUND

vation network, the mirror neurons system embedded within the broader Action
Observation Network, which links sensory perception to motor representations
and enables inference of action goals. Rather than being localized, this system is
organized as an integrated sensorimotor circuit that converts visual information
about others’ actions into structured motor representations.

Within the macaque Action Observation Network(AON), three main areas con-
tribute different parts of the same process. The Anterior Intraparietal Area(AIP)
extracts basic object properties (like shape and size) and turns them into infor-
mation relevant for grasping. F5 uses this information to represent the intended
action itself, and it also activates when observing similar actions performed by
others. F6 does not specify movement; instead, it regulates whether an action
should be carried out or inhibited depending on the context. Together, these
areas form a coordinated system that connects perception, action planning, and
control of execution[].

14



Chapter 3

Methodology

3.1 Model Details

The architecture used in this project is a leaky RNN adapted from the multitask
repository with additional modifications|10]. The original model is designed to
perform multiple standard cognitive tasks with a single network and focuses
on their representations and how various choices of these tasks can lead to the
modular structure of the network[11]. Two levels of biological restrictions are
introduced to the model architecture. At the primary level, we restrict the
weight signs according to Dale’s law. This includes both the input and the
recurrent weights. On the second level, the recurrent nodes are separated into
three different regions and certain connections are restricted by sign or completely
removed.

3.2 RNN training with Dale’s law

One major objective in this project is to study the effects of Dale’s law on RNN
training. In our model, there are three sets of weights, and we decided to impose
this biological constraint on W and W7, This is motivated by what happens
in the biological nervous system and also our interpretation of these connections.
The W is regarded merely as a readout layer, mapping the signals to the space
of the behavioral responses and not as neurons affecting another group.

Applying W% in equation from right would mean that a column j of the
weight matrix represents the connections from the j — th neuron to the rest of
them, so Dale’s law translates to preserving the sign for each column. Note that
the activation function f should be chosen so that f(x) = 0 for x < 0. This means

15



3.2. RNN TRAINING WITH DALE’S LAW CHAPTER 3. METHODOLOGY

that if the sum of the inhibitions received outweighs that of the excitations, that
neuron will stay silent. Although other activation functions are not irrelevant,
We have chosen ReLU as it is the safest option.

Although not all sensory neurons are excitatory, a vast majority of them are or,
in some cases, a sign inversion mechanism makes it so that the input informa-
tion finds its way in. This is why all input weights are chosen to be positive.
To implement this constraint in the training process, we used the following ap-
proach[9]:

Consider the diagonal matrix D representing the neuron type with the assigned
values of +1 and —1 accordingly. Having W/ at the k—th epoch, the computed
gradients will take the weight matrix to W} = W} + AW}, which now does
not necessarily satisfy Dale’s law. Now, let us multiply the updated weight

matrix by D from left:

+ 4+ + 4+ —][t0o00 O
+ 4+ + 4+ —[|01 00 0
Wit =1+ + + + —|[0010 0 (3.1)
+ 4+ + 4+ —[|/0001 0
+ + + + =] 0000 —1]
e D

At this point, we see that any element not satisfying Dale’s law due to the update
will be negative. We can either apply a ReLU on the whole matrix to completely
prune them or use some less strict activation function like ELU or leaky ReLLU to
avoid losing the gradient, resulting in excessive dead neurons. Both ReLLU and
leaky ReLLU with o = 0.001 were used, where « is the negative slope.

We also set diag(W") = 0 to ensure that there are no self loops in the network.
W follows a similar procedure using ReLU but much simpler, since we want all
of them to be positive.

The exact ratio between inhibitory and excitatory neurons in the nervous system
depends on the region and is often difficult to measure. Nevertheless, this ratio
is known to be close to 1:4 for interneurons. Although not showing the best
performance, we will use 25% inhibitory neurons as the standard value in this
study|g].

16



CHAPTER 3. METHODOLOGY 3.3. TASKS

3.3 Tasks

In order to probe and study the neural mechanism of cognition, the choice of tasks
is crucial. Neurophysiological tasks are standardized experimental procedures
paired with brain-activity measurements. Each task may require one or multiple
cognitive processes. We will start by introducing the general structure of a task
trial and then proceed to how these tasks are translated into data for RNN
training.

3.3.1 Structure

A cognitive task consists of a sequence of sensory, cognitive, and motor processes.
Sensory processes refer to the acquisition and processing of all input signals
relevant to task performance. This may cover any input to the system under
study, such as visual or auditory cues signaling when to take action, stimuli
possibly in multiple modalities, and rule inputs that represent which task is
desired.

Cognitive processes are less directly observable and therefore more difficult to
categorize. They correspond to the internal computations required to transform
sensory information into appropriate behavioral responses. Examples include
proactive response, working memory, comparison, gating, etc. The precise set of
cognitive processes involved depends on the task under consideration.

Finally, motor processes correspond to the observable output of the system.
Depending on the experimental setting, these outputs may represent behavioral
responses such as a set of available actions or some reaction such as the saccadic
eye movement, or they may correspond to neural recordings of a downstream
population of interest.

3.3.2 Task representation

While cognitive tasks are described as processes, RNNs operate on fixed-dimensional
numerical vectors. Therefore, each task must be translated into a structured
input-output representation that preserves the underlying computational de-
mands while remaining suitable for training. The structure of Yang’s task battery

is explained in the following.

At each time step, the network receives an input vector and produces an output
vector. The input has a fixed dimensionality of 85 and is composed of four

17



3.3. TASKS CHAPTER 3. METHODOLOGY

Figure 3.1: The input/output architecture at one time step used in Yang’s task battery|11]
4]. In this scheme for example, the second modality is silent.

functional components: a fixation signal, two sensory modalities, and a set of
rule inputs specifying the active task context.

The fixation input is a single scalar unit that indicates whether the network is
required to maintain baseline activity or if it is time to respond. The sensory
inputs or the stimuli are split into two modalities, each represented by 32 units
arranged on a circular ring(periodic boundaries). Each direction is represented
as a distributed activity pattern across all 32 units, with stronger activation in
units whose preferred angles are closer to the stimulus direction. The two modal-
ities correspond to two separate sensory channels that both encode directional
information. Depending on the task condition, they can either provide the same
directional cue or different ones, requiring the network to integrate or compare
them.

In addition to stimuli and fixation inputs, the network receives a 20-dimensional
rule input vector. This vector encodes the identity of the task in a one-hot en-
coded, indicating which cognitive transformation must be applied to the incoming
sensory information. This mechanism allows the same network architecture to
be used in multiple tasks, while selectively activating task-specific computations.

The output is a 33-dimensional vector consisting of one fixation unit and 32
directional response units. During response intervals, and only then, the network
must shift the activity from the fixation to the appropriate direction , which is
decoded from the response over the ring.

Task trial data are generated in training or test modes, the training mode having
randomness in choice of total time length or stumili onset. These details will be
mentioned for each task.

18
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3.3.3 ReactGo

ReactGo is a simple sensorimotor mapping task. A single directional stimulus is
presented at a specific angular location in one of the sensory modalities. After
an initial fixation interval, the network is required to maintain fixation during
stimulus presentation and to produce a response only when the response interval
begins.

The stimulus directly defines the correct response: the network must select the
same angular location as the one indicated by the input. There is no compar-
ison between multiple stimuli required, and no decision between alternatives is
involved. The task therefore reduces to learning a direct mapping from sensory
input to motor output, conditioned on the temporal structure of the trial.

The fixation input starts at +1 at the beginning of the trial, indicating that the
model should also keep the fixation output high(+0.8). The fixation input never
goes off, and the network should respond as soon as the stimulus appears. Moving
forward in time in the range of [500,2500](ms), the 32 units corresponding to
¥; = 2% for modality 1 or 2 are chosen randomly and start to fire, showing the

32
direction 1) according to this bell curve.

u; = 0.8.7. exp [—; (Mﬂ (3.2)

T

3.3.4 DM1

DM1 is a perceptual decision-making task that involves two simultaneously pre-
sented directional stimuli, each associated with a strength value. The network is
required to compare the two stimuli and select the one with the highest strength

.

Unlike ReactGo, the correct response is not determined by a single sensory cue.
Instead, the network must evaluate competing sensory evidence before selecting
an action. This requires an internal comparison process in which relative stimulus
strengths are integrated throughout the response interval. As a result, DM1
introduces an additional computational step beyond stimulus-response mapping,
making it a more demanding task in terms of decision making and evidence
evaluation.

The same encoding as in equation (3.2) holds for this task as well. In each trial,
in contrast, two stimuli are shown simultaneously and stay high until the end

19
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Model input Model input
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Figure 3.2: Example showing tests of 125 time steps for each of the tasks. The less com-
plex task ReactGo(left) with simpler input shows a closer output to target with respect to
DMI1(right). The model for DM1 correctly finds the direction with the higher strength.

of the fixation epoch. Stimulus 1 is drawn randomly between 0 and 27, while
stimulus 2 is drawn uniformly at least § away from stimulus 1. In DM1, the two
stimuli appear only in modality 1. Similarly to ReactGo, the onset of stimulation
and the duration of stimulation depend on the trial mode and can be in the range
of [100,400](ms) or [400,1600](ms), respectively. More details can be found in
_dm in task.py[10].

3.3.5 Three object grasp

This is a task based on an experiment in macaques to examine mirror neurons|5].
The experiment includes three objects, each having a specific property and re-
quiring a different grasping mode, such as a large object that needs the whole
palm or a smaller one requiring precision grasp or hook grip for a ring. The
neural recordings in this experiment are gathered in two modes of execution and
observation from a total of 355 units in the previously mentioned F5, F6, and
AIP regions. For the execution mode, the macaque primarily hears an auditory
cue which can be of high pitch or low pitch, signaling whether to act or fixate,
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respectively. The subject is then presented with one of the three objects by light
shining on them. The exact same procedure is repeated with the macaque situ-
ated at a distance and a 90 degree angle, observing the human agent performing
the task.

This task is encoded as follows:

The inputs consist of two units for the high- or low-pitch auditory cue. At most,
one of them can be active simultaneously. The cue is active from some onset
[200,400](ms), to offset time [500,900](ms), chosen randomly. Note that this
requires the working memory to store this information. Three units representing
each of the three objects. They start as inactive, activate at some random onset
time [1700,2100](ms) and remain active for the remainder of the trial. Having
three inputs at this point might seem redundant, but this is implemented in
case of integration with the data. Finally, two units encode the experiment
mode. Similarly to the cue, At most one of them can be active simultaneously
but conversely it is active from the beginning of the trial and remains active.
This choice is motivated by assuming that the macaque is always aware of its
situation, hence the mode of the experiment.

There are also seven outputs similar to the input. One fixation output that
maps the cue. Three preparation outputs plus three action outputs, one for each
object. The preparation output of the corresponding object is expected to be
high in case of the high pitch cue and low otherwise, while the action output
is high provided that the execution mode is taking place. This rule is simply
expressing that the macaque prepares for the action even when only observing.

The seven inputs are referred to as cue: HP/LP, objects: O;, rule: EXEC/OBS.
Similarly for the output, we have, fixation, action: A;, preparation: P;.

3.3.6 Region separation

The three regions under study[5] cannot receive every input information simul-
taneously so we restrict them according to their specialization. We assume that
the auditory stimuli do not travel to AIP directly and the information carried
by the visual stimuli reaches F6 only through its interactions with the other two
regions. Figure demonstrates this separation in the inputs.

The inhibitory neurons are chosen randomly to have an equal ratio in each re-
gion. The size of each region, contrary to the above, is not the same. The
selected region sizes are identical to the 355 neurons recorded in the three corti-
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Go
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1e(08s) (08125)  signal <g5 Restng > howerd
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Figure 3.3: Experimental paradigm and task structure (A) Temporal sequence of the experi-
mental task. Following the presentation of a Go or No-Go auditory cue, a light is turned on
and one of three possible objects is displayed to the monkey. When the auditory cue ceases,
the monkey either grasps the object in response to the Go condition or maintains fixation in
the No-Go condition. After correct task completion, a reward is delivered. (B) Schematic
representation of the Execution (top) and Observation (bottom) contexts[5]. Onsets and du-
rations for the measurements differ from that of the implementation for the RNN.

cal areas that make up the AON: AIP (86 units), F5 (106), and F6 (163). The
practical separation occurs in the connectivity restriction, where the inhibitory
connections between two regions. This restriction does not perfectly resemble
the connectivity in the AON but is rather an approximation for the short range
inhibitory neurons.

3.3.7 Performance measures

Two distinct measures were assumed for the comparison between various models,
namely, correlation over tail and total absolute error. The correlation over tail
calculates the average for every output unit o,y = % ST o™ over the final 10
time steps or 200(ms) in our settings and compares them with the target units
using the Pearson correlation coefficient.

Ttail = p(ataila ytail) (33)

The total absolute error is exactly as it sounds. We sum up the absolute value
of the difference between the output o and the target y.

out

C& 0@
E=2% > lo. —ul (3.4)
k=1t=1
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Figure 3.4: Shows a trial with execution rule on the left. The model successfully prepares
and acts on object 1. The trial with observation rule on the right requires preparation but no
action taking place.

The main elements contributing to this error are usually the model’s reaction
time and robustness to noise.

3.3.8 Cluster analysis

Certain recurrent neurons form groups to perform various processes, and we
want to find groups that are responsible for similar processes. The approach for
clustering the nodes is fairly simple via linear tools applied to the RNN hidden
states. In each instance of a trial, the neurons have some value r¥. These values
are related to the inputs and outputs, so we can try to approximate the hidden

Recurrent weights: 25% inh | Sep

50

100

150 {:
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Figure 3.5: Information flow for the dissected network.
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activity according to them. Let us call the collection of them regressors denoted
by X and the regression coefficients C', so that we can try finding C' such that:

r) ~ CX (3.5)

At this point, each column of the design matrix C' is a vector that characterizes
a neuron, and this gives us a set of features to compare the neurons. In addition,
we added the input and output weights W, (W°%)Tplus the recurrent biases of
the network. Let us join the matrix of coefficients and these weights and call it
the feature matrix S.

One approach is to feed S to a K-means clustering algorithm and calculate the
silhouette score for different number of clusters but since we are not primarily
concerned with their euclidean distances, we can process these feature vectors
more before clustering them. Take the correlation between each pair of columns
of S and form the d" x d"*“ correlation matrix p € [—1,+1]. This embedding
allows for better emphasis on the behavior on these vectors. We can now form
|p| or A = p+1 as the affinity calculated directly for the K-means algorithm.
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Chapter 4

Results

The main aim of this chapter is to compare the structure and activity of an RNN
trained to perform the ObjectGrasp task based on the input-output mapping of
the task, with the corresponding properties of an RNN trained directly on neural
recordings [7]. As extensively discussed in [7], this second type of training can
be performed by removing the behavioral output from the process and training
the recurrent nodes to match the observed neural activity. We shall look for con-
ditions, in terms of increasingly realistic constraints, under which training the
network to reproduce behavioral responses may lead the network to mimic the
actual properties of a biological neural network, such as connectivity characteris-
tics or even the underlying mechanisms. Among the key constraints we will take
into account are i) Dale’s law, which is often overlooked in RNN studies, and ii)
the fact that in the biological case, processing is distributed among distant brain
areas.

This chapter is structured as follows: in section 4.1 we will see the effect of Dale’s
law on training performance and the properties of the weight matrix. Section 4.2
will begin by discussing the structure of the network in more detail by looking for
clusters and continue with increasing the constraints by removing full network
connectivity.

4.1 Performance with and without Dale’s law

Various models were trained using different values on the excitatory-to-inhibitory
ratio (in the range [0.1,0.9]) to examine the effect of Dale’s law on training
performance. Since Dale’s law restricts the set of possible solutions for an RNN,
we might expect a decrease in training performance. Actually, the restricted
models still perform comparably with the case without restrictions. Figure |4.1

25



4.1. PERFORMANCE WITH AND WITHOUT DALE’S LAW CHAPTER 4. RESULTS
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Figure 4.1: ReactGo(left) and DM1(right) models show noise like behavior over varying the
share of inhibitory neurrons. DM1 being the harder task hints a trend in favor of higher
inhibitory neurons. Every performance is consistently weaker than the case with no restriction
at all. Correlation and error averaged over an ensemble of 5 models with 256 recurrent neurons.

shows this for the two tasks (ReactGo and DM1). The performance loss is
negligible, especially for the simpler of the two.

Recurrent weights show similar features for different tasks but varying strengths
for different values of inhibitory share. As a sanity check of the compliance of
the training with Dale’s law, Figure demonstrates that the weights in each
column share the same sign. The activation function ReLU naturally promotes
sparsity [6]. We can see how restricting the number of excitatory neurons can
also affect sparsity in Figure 4.3 indeed, for both ReactGo and DMI1, sparsity
decreases nearly monotonically, from roughly 0.5 (50% of the links are nonzero)
to 0.25 (25% of the links are nonzero) as the fraction of inhibitory neurons goes
from 0.1 to 0.9.
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Figure 4.2: Recurrent weights for the ReactGo(top) and DM1(bottom) tasks over 20%(left),
50%(middle), and 80%(right) inhibitory neurons. Fewer inhibitory neurons result in stronger
inhibiting weights and vice versa. Note that the color map axis is logarithmic.
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Figure 4.3: Sparsity for DM1 and ReactGo vs share of inhibitory neurons.
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Figure 4.4: Model performance against share of inhibitory neurons for ObjGrasp (a). CDF
for the mean outgoing strength of each neuron. Clear separation between the excitatory and
inhibitory neurons and their strengths show an inclination towards the inhibitory neurons (b).

4.2 Analysis of the Object Grasp task

The RNNs trained for the Three Object Grasp task have 355 recurrent weights
each, mimicking the scenario in Ref. [7]. Unlike in the case of tasks adapted
from Yang et al., training is clearly easier with larger fractions of inhibitory
neurons (Fig. ) In our subsequent analysis, we will focus on the network
with a fraction 0.25 of inhibitory neurons, mirroring the proportion of inhibitory
neurons observed in the real biological network [7]. In Fig. [{.4b, we show the
distribution of the strength of the nodes (computed as the sum of all outgoing
connections) on all nodes for the case of a fraction 0.25 of inhibitory neurons.
This plot shows that the connectivity of the inhibitory and excitatory units is
organized differently. Generally, inhibitory units have a larger (absolute) nodal
strength than excitatory ones. Furthermore, inhibitory units display a lower
bound on absolute nodal strength, and all units have an average strength of at
least —0.01 in magnitude. Excitatory nodes do not show the same behavior, and
have strength that span a continuous interval that is lower bounded by zero,
indicating that some units have are nearly disconnected from the rest of the
network.
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Figure 4.5: Correlation matrix of the features. Strong blocks between the action and prepa-
ration show that there exists a cluster of nodes which is being used by all 3 objects similarly
(a). Silhouette score for clusters over a network trained on ObjGrasp with Dale’s law (b).

4.2.1 Clustering and features

Despite the relatively small number of parameters, simple RNNs are still quite
complex to understand at the single-neuron level. In order to further simplify the
network, we will perform a clustering analysis, looking for functional groups of
neurons with a certain specialization. This simplification may eventually allow
us to compare our artificial model with biological models or, more interestingly,
artificial networks trained to replicate neural recordings.

To this end, we first used a linear regression model to identify units responding
to specific inputs, activated in correspondence of specific behavioral outputs. To
this end, we constructed a design matrix with 12 regressors. The first five regres-
sors coincided with input stimuli: high/low pitch, objects 01/02/03. Regressors
6-12 coincided with behavioral outputs (three actions and three preparations).
We used a total of 10000 trials with 125 time steps each to probe the regressor-
neural activity relationship. Possible time lags between stimuli and activity, or
activity and behavior, were not taken into account for simplicity and are not
expected to be harmful since there are only a handful of sharp changes in the
task design (Fig. [3.4)).
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Figure 4.6: Design matrix merged with the network weights to create the feature matrix.

The coefficient matrix obtained from linear regression was then concatenated
with the input and output weights W, (WHT and b"*, which are also ex-
pected to contain some information on the role of neurons in the network. This
step yielded a 26 x 355 feature matrix that we employed for clustering.

Fig. shows the correlation between the rows of the feature matrix. The pres-
ence of large correlations/anti-correlations between some pairs of features implied
that neurons tend to respond with in a similar, or opposite, way to these pairs
of features. Of particular prominence, we observe two strongly anti-correlated
blocks comprising the entries related to action and preparation. E.g., we observe
a high correlation between al-a3, suggesting a relatively similar response to dif-
ferent actions, and an anti-correlation between al-a3 and pl-p3, suggesting that
neurons tend to respond in the opposite way to action and preparation. In fact,
the two blocks exhibit an asymmetry in that the block related to action corre-
sponds to a higher within-block correlation than the preparation block. This
asymmetry can be linked to an inherent asymmetry in the representation of the
ObjectGrasp task, where it is possible to only prepare (without acting), but there
is no case in which the model acts without preparation.

To perform clustering, we instead considered the correlation between the columns
of the feature matrix. We then looked for groups of functionally correlated
neurons by performing clustering over the rows of this correlation matrix. This
corresponds to identifying units with a similar profile in terms of response to
input, coding of output, and input/output weights.

As is well known, the number of clusters is a free parameter and its selection is
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not trivial. Here, we used the Silhouette score to identify a putatively optimal
number of clusters. Over multiple clustering attempts, we obtained that fixing
the number of clusters to 8 results in the best cluster separation. Generally
(albeit not always with perfect consistency, especially for networks trained with
Dale’s law), 7 to 10 clusters exhibited a reasonable silhouette score (~0.4), as
shown by the plots in Figure (b). This number of clusters could be consis-
tent with a scenario where units functionally cluster into groups that separately
process one of the 7 incoming inputs, plus a ‘noise’ cluster containing units that
participate poorly in the overall network’s dynamics and that are hardly relevant
for task execution. However, it would be unreasonable to expect the units to be
fully specialized for a single process, and hence a separation into clusters with
sharp boundaries because the processing of different incoming inputs is likely not
disjoint and some neurons may respond to several inputs.

We labeled the clusters according to the input feature to which they showed
the strongest response. This labeling can be inferred from figure |4.6] where
we show the feature matrix, with columns sorted according to the clustering
assignment. We stress that neurons in the same cluster have similar functional
patterns and clustering is completely unrelated to the spatial arrangement of
neurons in Euclidean space.

Three clusters respond most strongly to objects (inputs w3, w4, w5) and are
named accordingly. Two clusters respond to auditory cues wl and w2 and are
named accordingly. Two clusters respond to the rule inputs w6, w7. Finally, one
cluster responds to the fixation output ‘Fix’.

In Fig. we show the recurrent layer’s weights, where neurons have been sorted
according to clustering assignment (so that blocks of the matrix correspond to
intra- and inter-cluster connections). Some clusters send few projections to the
rest of the network, suggesting that they do contribute significantly to affecting
the dynamics of other units (this does not imply that they are redundant, as
they may perform relatively segregated processing and hence contribute to the
overall network’s output).

Figures |4.7| (b) and (c) allow us to have a more detailed look at the behavior of
the network. In Fig. [4.7b, we averaged within- and between-cluster connections
to obtain a cluster-level connectivity matrix. It should be pointed out that
there has not been any attempt to exclude “dead” neurons (i.e., those with no
connections with the rest of the network) from the results: therefore, due to the
relatively large sparsity (around 60%), the average connection strength between
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two clusters can be strongly affected by these neurons. Some clusters, such as
Fix, mostly inhibit every other cluster, while clusters like w6 and w7 excite
others. There are also clusters such as w3, w4, and wb, related to the objects,
which can inhibit or excite parts of other clusters. This suggests the existence of
other smaller partitions in each cluster, visible in Figs 4.7 (a) and (b).

Figure (c) shows the connections within and between the clusters as a graph
with directed edges. This can assist our intuition in understanding the underlying
mechanism of the network during ObjGrasp. We could speculate that the inputs
and biases keep the network alive and that most gating processes are carried
out by the fix cluster. For example, let us consider the case where the pitch
is low and the model is expected to fixate. In this case, recurrent nodes that
have considerable contribution to other outputs (such as preparation and action)
should be ‘silenced’ by the rest of the network, which implies one of two scenarios:
they should either have low activity or cancel each other out. Let us assume
the first scenario. In this case, active inhibition would be needed to ensure
low activity, since the activation function is ReLLU for the recurrent layer. One
possible mechanism for this case would be as follows: a cluster like 'w2’ (or
possibly a sub-cluster within it) could excite 'Fix’, which in turn would inhibit
downstream units, suppressing their activity.
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Figure 4.7: All three figures show the same attribute of the same network. In figure (a) and
(b) the clusters are ordered by cluster size. For figure (b) and (c) the weight strengths are
aggregated as the average of each partition in (a).
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Figure 4.8: Constrained inhibitory neurons (a). Inhibitory connections are more scarce so

their weights are less negative. There are many excitatory neurons with outgoing weights
averaging to zero which was absent previously in figure (b).

4.2.2 Distributed processing in separated regions

In order to build a more realistic and biologically plausible model, the next nat-
ural step is to consider the fact that a task is generally carried out by neurons
arranged in spatially distant regions in a distributed fashion. Mimicking what
was done in previous work , we postulate that three main regions are instru-
mental in determining the behavior of the Monkey: anterior intra-parietal (AIP),
a region involved in visuospatial processing, F5, involved in motor preparation,
and F6, involved in decision making. We thus labeled neurons as belonging
to one of these three areas. To facilitate comparison with previous work ,
we considered 86, 106, and 163 neurons in AIP, F5 and F6. The multi-region
scenario calls for two joint alterations of the connectivity structure, concerning
input and recurrent connectivity, respectively: I) Information carried by input
stimuli does not arrive at every region in the same manner and at the same time.
IT) Inhibitory neurons are short ranged compared to excitatory neurons.

Figure 4.11

The first point requires us to restrict the input weights so that the input stim-
uli are connected to their corresponding region according to their type. These
constraints were previously discussed and shown in figure (a) and we restrict
input weights accordingly, as in [7].

The second point demands more caution. In order to impose a distance-dependent
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Figure 4.9: (a) Similar to figure with no notable changes. Certain correlations are
more pronounced. Noise-like correlations seem weaker in comparison (b) Silhouette score for
clusters over a network trained on ObjGrasp with separated regions.

connectivity scalingrealistically, we would need knowledge of the underlying ge-
ometry plus a decay rule. Here, we limit ourselves to a more elementary approach
and approximate this constraint by allowing inhibitory neurons to project outgo-
ing connection only to neurons within the same region. This can be seen from an
example in figure (a) where all inhibitory weights across regions are removed.
Note that this does not change the count of inhibitory neurons, but only limits
their reach.

The results for the distributed model with separated regions are similar in some
aspects and different in many others. In Fig. [4.8a, we show the connectivity of
the recurrent layer. Consistently with the imposed constraint, no cross-region
inhibitory connections exist. The constraint produced a significant change in
the structure of the network, significantly enhancing its sparsity. Moreover, as
clearly visible from the nodal strengths (Fig. [4.8b), the strengths are weak for
most except for a few excitatory units, and the lower bound in absolute strength
for inhibitory units nearly vanishes.

We clustered neurons with the same procedure applied for the non-distributed
ObjGrasp training. Unlike the case with no region separation, the optimal clus-
tering score is obtained in 6 clusters instead of 8 (Fig. [4.9b). We can compare
the figure [4.10], representing the feature matrix for the separated regions, with its
counterpart [4.6| for the fully connected network. We observe an Idle cluster that
does not respond visibly to any of the descriptors. This is not entirely surprising,
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given that there is a certain number of “dead” neurons (as previously seen from
figure ) The second cluster, ‘Fix’, is quite different compared to that of
the fully connected network, performing both inhibition and excitation and
responding to the three objects.

The two w6 and w7 clusters are the most conserved characteristic compared to
the fully connected RNN. The presence of apparent sub-blocks within cluster like
‘Fix’ or ‘Cue’( Fig. [1.11h) in fact suggests that these clusters could be further
subdivided. However, increasing the number of clusters (e.g., by choosing 8
or more centroids for this model) would also lead to subdivide other clusters
into smaller groups without revealing anything meaningful. Using a different
or enriched feature matrix or resorting to more advanced clustering tools might
yield some improvement.

Figures [4.1Tj(a-c), the counterparts of Fig. [4.7, show the connectivity between
clusters for a model with separated regions. The most prominent similarity
between the graph obtained for separated regions and the previous one is the
existence of a cluster with a thorough inhibition capacity, which provides addi-
tional supports to our mechanistic conjecture proposed for the fully connected
model in the previous section. Taking a closer look at [f.11f(a) especially for clus-
ters with functionally mixed clusters like ‘Fix’ suggests that they may support
several sub-processes. For example, processes regarding each of the three ob-
jects for the ‘Fix’ cluster. This makes the graph in less straightforward to
interpret, nevertheless not contradictory to our previous speculation.

Let us also look at region relevance and primarily the composition of each cluster
shown in figure [4.11] The Idle cluster shows a composition very close to the
proportions of the three regions, showing that these nodes are almost equally
distributed. The Cue cluster, which is more sensitive to auditory stimuli, has no
representatives in AIP. AIP is the region that does not receive auditory inputs.
Finally, the Inh cluster has only neurons from AIP and mostly F6. This is in
accordance with what happens in macaque AON with F6 determining whether
an action should take place or should be inhibited.
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Figure 4.10: Design matrix merged with the network weights to create the feature matrix for
ObjGrasp with separated regions.
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Figure 4.11: Connectivity in model with separated regions trained on ObjGrasp. Inhibition
is more highlighted, similar to figure [{.7[(a-c). Composition of each cluster from each AON
region. Column width is proportional to square root of cluster size for better visualization(d).
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Chapter 5

Conclusions

In summary, this thesis has demonstrated the feasibility of training Recurrent
Neural Networks (RNNs) on stimulus-response associations while adhering to
biological constraints, such as Dale’s law and distributed regional processing.
We focused our analysis on the ObjGrasp task, which was originally designed to
investigate the Action-Observation network.

The findings reported in Chapter 4 reveal that imposing biological restrictions
in RNN training results in negligible performance loss. For instance, we success-
fully managed to implement Dale’s principle in RNN trained to solve the (now
classical) tasks of the ‘Cog-Task” battery |11], such as ReactGo and DM1. Fur-
thermore, trained networks developed biologically realistic network features, such
as the emergence of dominant inhibitory nodal strengths compared to excitatory
units, even if such features were not enforced in training.

Through functional clustering, we identified specialized neuronal groups dedi-
cated to processing specific inputs like object identity and auditory cues in the
ObjGrasp task, mirroring the modularity of biological neural circuits. This clus-
tering analysis further allowed us to obtain insight into how the trained network
implements the ObjGrasp task.

The introduction of regional separation (AIP, F5 and F6) led the network to
develop a distributed architecture consistent with biological observations, such
as the exclusion of auditory signals from the AIP region and the concentration of
inhibitory clusters within F6 to regulate action. This behavior-driven strategy
provides a counterpoint to the previous work by Guglielmi et al. [7], who utilized
neural activity reconstruction to show that inhibitory interneurons are central
to stability and agent discrimination within the action observation network.
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Collectively, our findings suggest that optimizing for behavioral tasks under bi-
ologically motivated constraints can guide artificial RNNs towards more biolog-
ically plausible structure and function. In future work, our preliminary analy-
sis could be expanded to achieve a better understanding of the key constraints
shaping neural network activity during the distributed sensorimotor processing
in primates.
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