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Madhavun Candadai

BITS FROM BEHAVIORS: UNDERSTANDING FUNCTION USING INFORMATION IN
EMBEDDED, EMBODIED, AND DYNAMICAL NEURAL NETWORKS

One of the greatest scientific challenges of this century is to understand how the brain produces
behavior. In this regard, information theory has emerged as one of the main theoretical frameworks
that allow us to study neural information processing at all spatial and temporal scales. However,
most work in this domain involves studying the brain in isolation without taking into consideration
the body, the environment and the interaction between them. The goal of this dissertation is to
advance our understanding of the neural basis of behavior by incorporating the environment into
the information-theoretic analyses. Specifically, using computational models, I demonstrate that
including the environment and agent-environment interaction in our study helps better understand
three prominent phenomena of adaptive behavior, namely predictive coding, multifunctionality, and
multiagent interaction. Under predictive coding, besides demonstrating that the environment is a
source of predictive information, I present a framework based on Partial Information Decomposition
to disentangle the source of information encoded in a neural network: extrinsically provided by
the environment versus intrinsically generated in the neural network. Under multifunctionality,
besides demonstrating that environmental feedback alone can drive multiple behaviors in the same
sensorimotor system, I provide proof-of-concept about the extent to which neural resources can be
reused across tasks; the same neural activity can produce multiple behaviors in an embodied agent.
Finally, under multiagent interaction, I show that mutual interaction with other agents can result
in neural dynamics that are qualitatively different from neural dynamics achievable in one-way
interaction or isolation. Altogether, I show that informational structure either provided by the
environment or acquired via agent-environment interaction shapes neural information encoding as
well as ongoing neural dynamics in a way that can only be understood by expanding our unit of
analysis to go beyond the brain and include the environment as well.
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Chapter 1

Introduction

1.1 Overview

One of the greatest scientific challenges of this century is to understand how the brain produces
behavior. In this regard, information theory has emerged as one of the main theoretical frameworks
that allows us to study neural information processing at all spatial and temporal scales. However,
most work in this domain involves studying the brain in isolation without taking into consideration
the body, the environment and the interaction between them. The goal of this dissertation is to
advance our understanding of the neural basis of behavior by incorporating the environment into the
information theoretic analyses. More specifically, we demonstrate that three prominent phenomena
of adaptive behavior, namely predictive coding, multifunctionality and multiagent interaction cannot
be fully understood unless the environment and agent-environment interaction are included in our
study. In each of these contexts we analyze how informational structure, either provided by the
environment or acquired via interaction with the environment, shapes neural information encoding
as well as ongoing neural dynamics.

The research approach adopted in this dissertation follows a long line of work that employs
computational brain-body-environment models to advance our understanding of the adaptive behav-
ior (Beer and Gallagher, 1992; Harvey et al., 2005). This involves building idealized computational
models of dynamical neural networks, optimizing them to perform tasks specifically designed to
study each concept, and then analyzing an ensemble of successful models to better understand how

the model’s neural dynamics reflect those concepts. The models were designed to be minimal in-



tentionally, to make in-depth analysis tractable. The tasks were designed such that the ground-truth
knowledge about the relevant variables is available. Further, an evolutionary algorithm was used
to optimize the parameters of the neural network controlling the behavior of the agent. Evolving
generic neural networks instead of hand-designing specific architectures allowed us to make min-
imal prior assumptions about how various behaviors must be implemented in the neural network
thereby maximizing the potential to reveal counter-intuitive solutions to the production of behav-
ior (Harvey et al., 1996; Harvey, 1997, 2000). Finally, tools from information theory (Shannon,
1948), including its recent extensions for multivariate data (Williams and Beer, 2010b), were uti-
lized to understand information processing in the optimized models. This is the general approach
adopted to study predictive coding, multifunctionality and social cognition.

Under predictive information, we demonstrate that the environment is a source of predictive
information and environmental regularities shape predictive information dynamics in neural net-
works (Candadai and Izquierdo, 2019b). One of the prevailing theories of adaptive behavior is that
organisms are constantly making predictions about their future environmental stimuli. In explaining
the role of predictive information in adaptive behavior, two prominent theories propose different
sources from which it is acquired by an organism: predictions are generated from an agent’s internal
model of the world or predictions are extracted directly from the environmental stimulus. In this
work we demonstrate that predictive information, measured using mutual information between cur-
rent neural activity and a future stimulus, cannot distinguish between information from these two
sources. To understand the role of predictive information in adaptive behavior, we need to be able
to identify its source: environment or neural network. To do this, we propose a framework where
we decompose information transfer across the different components of the organism-environment
system and track the flow of information in the system over time. We validate this framework on a
set of computational models of idealized agent-environment systems. Analysis of the model sys-
tems revealed three key insights. First, the source of predictive information can change dynamically
during the course of a behavior. Second, predictive information provided by the environment is

encoded in any agent irrespective of its ability to perform a task. Third, the magnitude of predictive



information in a system can be different for the same task if the environmental structure changes.

In our study of multifunctional neural networks, we demonstrate that environmental feedback
enables reuse of neural resources in the same neural network across different tasks down to the
time-scale of ongoing neural activity, even in the absence of neuromodulation or plasticity (Vasu
and Izquierdo, 2017a; Candadai and Izquierdo, 2018). One of the most interesting properties of
living organisms is their ability to perform multiple behaviors across different environments. It
is increasingly accepted that the same neural networks can be responsible for multiple behaviors.
However, it is often assumed that these networks undergo dynamical reconfiguration due to neu-
romodulation or neural plasticity to perform the different tasks. In this work, we demonstrate that
neural networks can perform multiple tasks (object categorization and pole-balancing) with no
changes to parameters or a task-identifying signal. In order to understand this further, it is impor-
tant to understand how the network operates under the different task conditions. Analysis of these
multifunctional neural networks yielded three key insights. First, the effective networks estimated
from neural activity during different trials of each task were more similar to each other within trials
of the same task than to effective networks from trials across tasks. Second, the effective networks
for each task, while distinct, were not disjoint and reused the same neurons or synapses. Finally, to
understand the reuse of neurons and synapses further, we performed a dynamical systems theoretic
analysis which revealed that neural resources were reused down to the level of ongoing neural
activity during the behaviors. In other words, the same neural activity can drive multiple behaviors.
Only including the state of the environment, allows us to distinguish the behaviors, and merely
looking at the neural activity alone does not.

Our work on multiagent interaction demonstrates that mutual interaction with a dynamical
environment significantly impacts neural activity to the extent that studying animals in isolation
may not reveal the true neural complexity they exhibit in the real world (Candadai et al., 2019).
Living organisms and their environments are both dynamical systems that are constantly influencing
each other. However, in most studies, any stimuli provided to the brain are pre-designed and do not

dynamically respond to the agent. Is environmental feedback merely a source of complex inputs to



an individual or does it enhance the agent’s intrinsic richness of neural activity? In this work, we
study whether the complexity (Shannon entropy) of neural activity varies in a mutually interacting
environment as opposed to in a static environment. More specifically, we empirically compared the
maximum complexity of neural dynamics achievable under three conditions - no stimulus, passively
receiving complex stimulus and actively receiving complex stimulus via interaction with another
agent. This study revealed that neural networks of the same size present significantly different levels
of neural complexity in each condition, with most complexity exhibited during active interaction
with another agent. These results show that environmental interaction can produce qualitatively
different neural dynamics and therefore needs to be taken into account in the study of neural basis
of behavior.

Altogether, this dissertation demonstrates the influence of the environment on neural network
operation through the lens of information theory at several levels: as a source of information, as
enabling degenerate information encoding across tasks, and finally as a source of enhancing rich-
ness of neural activity. In addition to the theoretical insights, we provide open-source Python tools
to perform similar information theoretic analyses on experimental data (Candadai and Izquierdo,
2019a). Ultimately, this dissertation underscores the need to consider characteristics of the envi-
ronments and its dynamics over time to develop a comprehensive understanding of the principles

that underlie neural information processing in adaptive behavior.

1.2 Thesis organization

The thesis is organized as follows. In the next (second) chapter, I discusses the methodological
frameworks that has been adopted in the work presented in this dissertation. Following that
chapter, the main contributions of the dissertation have been organized into three chapters titled
"Predictive Coding", "Multifunctionality", and "Multiagent Interaction". In each chapter, I present
the motivating reasons for each of those projects, survey relevant literature in those domains, explain
the specific methods adopted in that project and finally present and discuss the results. Finally, in

a concluding chapter I present an overall summary and discuss the implications of the results from



this dissertation to the study of neural basis of behaviors. All work presented here was performed
with the guidance of my supervisor, Eduardo J. Izquierdo.

In Chapter 2, I discuss and justify the computational modeling approach that has been adopted
in this work. I present examples of past work that have utilized computational models to advance
our understanding of neural network operation. Following that, the different neural network models
are presented and contrasted against each other, and similarly optimization methodologies that are
capable of training neural network models to perform different tasks are discussed. Following
these model building and optimization sections, the main analysis tools that have been adopted in
this dissertation are explained. Specifically, I outline information theoretic tools such as mutual
information, partial information decomposition and transfer entropy. Next, past work in Neuro-
science that have used these tools are discussed, followed by a section that presents all available
tools that facilitate performing such analyses. Finally, I provide a description of our approach:
building computational models of neural networks, optimizing them to perform specific tasks using
evolutionary algorithms, and analyzing them using information theory.

In Chapter 3, the first main contribution of this dissertation is presented: a theoretical framework
to detect the source of predictive information in dynamical neural networks. The first section of
this chapter motivates this work in the context of two existing streams of research that attributes
different sources to predictive information in neural networks. Following that, a more in-depth
survey of these two research streams is provided along with my ideas for the potential for their
convergence. Next, the methodological details of our model is presented, following which the
results are presented and their implications are discussed.

In Chapter 4, the second main contribution of this dissertation is presented: neural resources
can be reused across multiple behaviors down to the level of on-going neural dynamics. This
chapter first motivates the study based on the pervasiveness of the ubiquitous ability of living
organisms to perform multiple behaviors often using the same neural resources. Next, a survey
of existing literature on how multifunctionality has been studied along with different mechanisms

that facilitate neural reuse that have been proposed and observed are presented. Following this, the



model and analysis methods used in our work is outlined. Finally, the results from the analysis of
a multifunctional agent are presented, followed by a discussion of the implications of our results.

In Chapter 5, the third main contribution of this dissertation is presented: neural dynamics in
the presence of two-way multiagent interaction is qualitatively different from what can be achieved
in one-way interaction or isolation. The first section of this chapter motivates this work in the
context of brain-in-a-vat approaches to understand cognition and the contrasting enactive approach.
Following that, existing work that emphasizes the role of social interaction in enabling behaviors
that are not possible in its absence is discussed. Next, the modeling approach taken in the presented
work is explained, followed by the results and a discussion of its implications.

In the final chapter, I present a summary of the contributions of this dissertation along with
suggestions for extensions of the work presented here. Finally, I discuss the implications of our

results for the study of neural basis of behavior.



Chapter 2

Background

In this chapter I discuss and justify the approach to research taken in this dissertation in light
of previous work that have taken a similar approach. First, I discuss the benefits of employing
computational models in science, specifically in Neuroscience with examples of previous work
that demonstrate how they have helped advance our understanding of neural network operation.
Second, I discuss the different components of building computational models such as choosing a
neural network model and optimization algorithm. Third, I explain how the tools of information
theory have been used to understand neural information processing. Finally, I present how our
approach to research combines these above mentioned methodologies to study the neural basis of

behaviors.

2.1 Computational models in Neuroscience

The number of questions that we as scientists ask about natural systems, and the number of hours
it would take to perform the experiments required to answer those questions far outnumber the
number of hours we collectively have. This is true just for the questions that we know to ask at
this moment in time. A hallmark of seminal work in any scientific discipline is its ability to open
up the possibilities for new questions to be asked. Furthermore, the solutions that evolution found
to problems that natural systems face, significantly dwarfs our imagination and problem-solving
capabilities. Thus, the quest for understanding natural systems is a challenging feat that scientists

take on fully aware that their best-case-scenario would be to make a tiny dent in the otherwise vast



ever-expanding envelope of scientific progress. Rest assured, this bleak opening statement about
the limited capacities of the human intellect, while humbling, is a segue into the benefits of taking
a computational modeling approach to science.

Thought-experiments have long been drivers of scientific progress by identifying areas for
experimentalists to focus on, based on careful observation of known facts of a phenomena. Simula-
tion models can serve as a mathematically grounded replacement to thought-experiments (Di Paolo
et al., 2000; Nersessian et al., 2012), with the potential to go beyond the biases that we as humans
bring into thought experiments. Models of natural systems are often considered to be built as
a tool to generate predictions about the system under study, like a model of thunderstorms used
to predict its movement trajectory. However, the objective of building models goes beyond mak-
ing predictions (Epstein, 2008). Models serve to: provide an explanatory account of observed
phenomena, guide experimental design and data collection based on hypothesis generated from
analyzing the model, suggest analogies by demonstrating parallels between different natural sys-
tems, provide existence-proofs for mechanisms underlying behavior of natural systems thus raising
new scientific questions, explore the hypothesis space at a comparatively low cost compared to
experimental settings, and finally, act as idealized test beds for novel analytical methods since the
ground-truth knowledge is available about these systems. Importantly, the scientific approach to
modeling involves building “opaque” models constrained only by known details, only to then be
analyzed later to reveal the internal workings. As a result of this, modelers naturally adopt the "em-
bracing multiple hypotheses" approach, an approach that arguably leads to better and less-biased
science (Chamberlin, 1890). When integrated into a modeling-experiment cycle, computational
models can continuously inform future experimental design while getting updated based on results
from past experiments (Alexander and Brown, 2015). This virtuous cycle of experiments and
models informing each other has been proven to provide a structured way to explore the intractable
hypothesis space for understanding natural systems (Izquierdo, 2019).

Computational models (or models of any kind) are tractable versions of the complex natural

system that we aim to understand. Justifiable simplifications in combination with powerful com-



puting systems have enabled the construction of a myriad of computational models in Neuroscience
ranging from models of individual neurons to integrated brain-body-environment models. Some
of the apparent practical benefits of computational models are as follows: first, unlike experimental
in settings computational models are fully observable - all variables are completely accessible at
all times of the simulation, and beyond being observable, all variables in the system are manip-
ulable and enable ablation as well as stimulation tests in any part of the system. However, like
the statistician George E. P. Box eloquently stated, "All models are wrong but some are useful".
Computational models are idealized abstractions of the system of interest and therefore necessar-
ily make simplifying assumptions in their design. Consequently, insights obtained from models
unlike those from experiments do not serve as definitive proof but instead provide hypotheses and
existence proofs that would then need to be tested.

Cohen (2004) delineated six types of questions that are asked by scientists: How did it begin?
(Origins), How is it built? (Structures), What is it for? (Functions), How does it work? (Mecha-
nisms), What goes wrong? (Pathologies), and How is it fixed? (Repairs). Computational models
are useful in Neuroscience to the extent that they help answer at least one of these questions. In
this section, I outline examples of computational models being applied to each of these questions
within the domain of Neuroscience. I only point out examples to provide a proof-of-existence; this

is by no means an exhaustive list.

2.1.1 How did it begin? (Origins)

New phenomena originate in natural systems at several time-scales, from the first time it appears in
any species such as the first occurrence of a neuron in evolutionary time (Villegas et al., 2000); to
the first occurrence in an individual over developmental time scales such as the origin of cortical
interneurons hypothesized to be in cortical subventricular zone (Wonders and Anderson, 2006); to
the origin of specialized neural dynamics during on going behavior such as what causes different
types of oscillations to begin in the same neural circuit of the crab stomatogastric ganglion (Marder

and Bucher, 2007). An example of how computational models have been used to answer questions



of origin is the work by Krishnan et al. (2018), that provided a hypothesis for the origin of
spontaneous resting state dynamics observed in fMRI, EEG and local field potential recordings.
Using a computational model of intra- and extracellular K* and Na™ ion flow across the brain
network based on the CoCoMac connectivity data, they were able to reproduce the infra-slow
fluctuations in brain activity. Thus, a computational model has helped hypothesize that the origin
of spontaneous neural dynamics could be due to dynamics of ion flow mediated by neuronal and

glial activity.

2.1.2 How is it built? (Structures)

Sometimes, there is only partial knowledge of the different components of a natural system and a
complete understanding of its function requires that the gaps are filled. For instance, even in C.
elegans which has been nearly completely genetically, developmentally and neurologically mapped,
while the entire connectome of the 302 neuron network is known, the polarity of the connections
(inhibitory vs excitatory) are not known. This is particularly true in larger animals where the micro-
connectome is not fully known. An example of where computational models can be utilized to
advance our understanding of such systems is the work by Real et al. (2017), where they optimized
a model to match observed functional characteristics constrained by known structural properties
to make predictions about the unknown structural attributes of the vertebrate retinal ganglion.
Specifically, they started with an existing model made with known anatomical details and built
four models that incorporated different anatomical characteristics in sequence: first, the addition
of a non-linear pooling layer; second, a feedback loop around the non-linear pooling layer; third,
another feedback loop around but this time around a different downstream layer that feedback of
that matched firing rate of ganglion cells; and finally, a delay in processing before the pooling
layer. These four modifications were chosen based on the expectation of matching increasingly
more functional characteristics that were observed in the retinal ganglion. They showed that these
four modifications when applied in a cascaded fashion performed progressively better in explaining

the variance in activity of the ganglion cells. Importantly, the model was re-discovered known

10



attributes of ganglion cells such as center-surround receptive fields at appropriate scales in each
layer in accordance with observed experimental data. Furthermore, they conducted experiments to
test if the nature of the receptive fields formed in the model matched with what can be observed
biologically and found that they indeed matched. Thus, this study is an example for how models

can help answer the question of how a neural network is built to perform a specific function.

2.1.3 Whatis it for? (Functions)

A sub-problem in developing a thorough understanding of a natural system is understanding the
role played by its different component systems. Experimental results often provide an incomplete
account of the role of a component because experiments are often geared towards testing one specific
hypothesis. As a result, different experiments might provide seemingly conflicting accounts that
will require reconciliation. The computational modelling example for answering questions of
function comes from the work of Alexander and Brown (2010) regarding the role of Anterior
Cingulate Cortex (ACC) in reinforcement learning. Their Predicted Response-Outcome model
involved representing a vector-valued prediction of a sequence of future states of the prefrontal
cortex given the current state and action. Further, in accordance with existing experimental data
they reinterpreted the polarity of the prediction error to mean positive surprise (events that were
not predicted but occurred) and negative surprise (events that were predicted but did not occur).
Crucially, according to this model, it does not matter if a predicted state is desirable or undesirable,
but it only matters whether the outcome was predicted or not. This generalized model of the role
of ACC as providing “valence-neutral prediction error” provided a unified account of seemingly
disparate experimental observations that was thought to be impossible to reconcile. Additionally,
the model makes predictions for action selection based on a combination of learned state-response
associations and response-outcome associations. Thus, computational approaches have enabled

identification of the functional role of the ACC thereby helping answer what is it for.
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2.1.4 How does it work? (Mechanisms)

In addition to understanding the role of individual components, it is crucial to understand how
the different components interact to produce the observable phenomenon. This is another context
where computational models could help generate testable hypotheses. Such an example is the work
of Olivares et al. (2018) which provided existence-proof of purely central pattern generator driven
locomotion in C. elegans. They built a neural network model of the repeating neural unit of the
segmented worm constrained by the known connectome, and optimized the unknown parameters
such that the model generated neural activity that matched dynamics expected during locomotion.
Analyzing an ensemble of models that performed similarly revealed multiple ventral nerve cord
architectures that could result in oscillatory dynamics suitable for locomotion. The most frequently
found solution in the ensemble involved a dorsal oscillatory circuit that drove the ventral out-of-
phase oscillations thereby producing the requisite alternating dynamics for locomotion. Following
this, experimental studies have provided support for the possibility of intrinsic oscillations in the
ventral nerve cord (Xu et al., 2018; Fouad et al., 2018; Gao et al., 2018). Thus, computational

models can help explore the potential space of mechanisms that can produce a behavior.

2.1.5 What goes wrong? (Pathologies)

The first step in treating any pathology is understanding its cause. To this end, several hypothe-
ses might be proposed that would result in the observed phenotypic abnormality. For instance,
schizophrenia was theorized to be caused by disruptions in the interactions between dopamine and
the prefrontal cortex thus disabling the individual by not being able to hold or update information
about environmental context. Braver et al. (1999) built a computational model that incorporated
a noisy dopamine signal and the subsequent improper modulation of information processing in
the prefrontal cortex. This model replicated the expected behavioral aberrations in a continuous
performance test that has been shown to capture critical aspects of cognitive control that are affected
in schizophrenic individuals. In fact, such approaches have led to development of the sub-field de-

voted to applying computational approaches to mental disorders: computational psychiatry (Wang

12



and Krystal, 2014). Thus, a computational model has provided further support for a theory by

concretizing it in a mathematical framework.

2.1.6 How is it fixed? (Repairs)

Besides being subject to pathological interruptions, natural systems are capable of recovering and
self-repair in a variety of ways. Computational models can not only model the pathology in neural
networks but also the process that following a pathological interference. One such example is
the work of Naeem et al. (2015) who built a computational model of the self-repair process in
neural circuits mediated by astrocytes. They proposed a new learning rule that mediated interaction
between astrocytes and neurons to reproduce the self-repair process. While the astrocytes were
coupled to neurons they also implemented communication between astrocytes to achieve network
level repair. They demonstrated that their proposed learning rule reestablished the firing rates of
neurons post failure of synapses in a neural network. Thus, computational models enable study of

neural processes that facilitate repair following trauma.

2.1.7 Validating analytical methods

In addition to the scientific questions listed above, the fact that the ground-truth about operations in
computational model is known has been used to demonstrate the validity of analytical methods. For
instance, [to et al. (201 1a) proposed an extension to transfer entropy that will allow the detection of
transfers at different delays, and demonstrated its capability by testing it on spiking neural network
model with a known connectivity pattern and range of synaptic delays. While the existing approach
that only accounted for delays of one time step captured only 36% of the true connections in the
network, their proposed enhancement captured as much as 73% of them. Thus, computational
models serve as an ideal test bed for evaluating and validating analytical methods before applying

them to experimental data.
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2.1.8 Replicating natural systems

Inspired by the adaptability and robustness of natural systems, the entire field of Artificial Intelli-
gence aims to replicate natural intelligence in digital systems. To this end, neural network models of
various kinds have been developed to mimic biological neural processes. Tremendous progress has
been made in the last few decades with the advent of optimization methods such as backpropagation
that enable training multi-layer neural networks. With human- and super-human-level performance
as the goal, such artificial systems have become masters of strategy games such as chess (Silver
et al., 2018), Go (Silver et al., 2017), as well as Arcade games (Mnih et al., 2013) and multiplayer
video games (Berner et al., 2019). From a practical standpoint, such models have been adopted
for aiding cancer diagnosis (Levine et al., 2019), aggregating information about global events from
public crowd-sourced images (Wang et al., 2013) and so on. While such systems have a long way
to go in order to achieve the robustness of natural systems, rapid progress made in the last decade
shows promise for the future.

Altogether, a computational modeling approach spans all levels of scientific inquiry from origin
to destruction. The examples provided here are one of several in each of those domains. As
mentioned previously, computational models provide unique benefits that enable in-depth analysis
and manipulability that cannot be achieved in experimental settings. Computational models have
a long history of aiding experimentalists, and will continue to develop along side experiments
as a resource for generating hypothesis, testing feasibility of theories and validating analytical

approaches.

2.2 Neuron and neural network models

Computational models of neurons and neural networks have been built at many different levels of
abstraction, on a spectrum from biophysically realistic models to simplified linear models. These
models are also on a complementary spectrum of computational efficiency spectrum where the most
biophysically realistic models are the most computationally expensive to linear models that are least

computationally expensive. Several models exist on this spectrum and models can be appropriately
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chosen that is a trade-off between computational efficiency and biophysical realism. Some of
the key characteristics that decide where a model would lie on these spectra are: spiking versus
non-spiking models, with or without internal state, and recurrent versus feed-forward connectivity.
Within neuron models that have an internal state, there is a distinction between continuous- versus
discrete-time systems that are defined by differential and difference equations respectively. While
this is a theoretical distinction, the distinction is not significant in simulation since continuous-
time systems are also simulated in digital computers using discrete approximations such as Euler
integration. In this section, I describe the primary neuron models adopted in the work presented
in this dissertation. I explain where they lie on the spectrum of biophysical realism as well as
computational efficiency in relation to other models.

At the very end of the biophysically realistic spectrum lies the Hodgkin-Huxley model Hodgkin
and Huxley (1952). It was published in 1952 by Alan Hodgkin and Andrew Huxley based on
perhaps the most extensive studies of biological neurons, specifically the squid’s giant axon. A
single biological neuron is modeled as an electrical circuit where parameters of ion flow across
the cell membrane is modeled using electrical analogues such as resistors and capacitors. This
non-linear continuous-time model exhibits spiking activity extremely identical to to biological
neurons when injected with external current. As such, it is a spiking neuron model defined by
continuous-time differential equations, and is on the far end of the biophysically realistic models
side of the spectrum. Consequently, simulating a single neuron per this model is quite expensive
computationally. Since the model is that of a single neuron, it does not place an emphasis on how
neurons are connected to one another and therefore theoretically allows any kind of connectivity.
Following the Hodgkin-Huxley model, a simplified version of it was proposed in 1961 by Richard
FitzHugh (FitzHugh, 1961), and later augmented with a circuit model by Nagumo et al. (1962).
With the main motivation of developing a model of the injection and propagation of current
through a neuron, this simplified version abstracted away from independently modeling individual
ion flows. For weak external excitation, the model produces activity that resembles subthreshold

membrane potential dynamics. With a sufficiently high external current, the model produces

15



spikes. Importantly, the model does not exhibit all-or-none spiking activity: for intermediate
external excitation, the model produces spikes of smaller magnitudes. Finally, with consistently
high external stimulation, the model produces oscillatory spiking activity. With only 2 state-
variables as opposed to Hodgkin-Huxley’s 4, this model enables a visualization of the entire
phase-space of the neural dynamics and its phase-space has been analyzed extensively (Izhikevich
and Moehlis, 2008). Since the model has abstracted away from modeling ion-channels in detail, it
is computationally more tractable than the Hodgkin-Huxley model. It is still biophysically realistic
in its ability to produce spiking and refractory dynamics similar to biological neurons. While
these two models form the foundation for biophysical modes of neuraons, several others have
been proposed at different levels of simplification: Izhikevich spiking model [zhikevich (2003),
Integrate-and-fire family of models (Abbott, 1999), Continuous-Time Recurrent Neural Network
(CTRNN) Models (Beer, 1995b), Long-Short Term Memory discrete time models (Hochreiter and
Schmidhuber, 1997), and the discrete time state-less Perceptron model (Rosenblatt, 1957).

From this non-exhaustive list of neuron models at different levels of abstraction and compu-
tational complexity, appropriate models can be selected depending on the purpose for which the
model is built. For instance, modeling specific brain regions such as hippocampal neurons requires
that a biophysically realistic model of spiking neurons is chosen with appropriate computational
complexity: integrate-and-fire neurons. Conversely, if the goal of building the models is to solve an
engineering problem, biophysical realism might take a backseat giving way to LSTMs or multi-layer
perceptrons as the model of choice. Finally, understanding general principles underlying neural
information processing in living organisms, as is the goal of this dissertation, does not necessarily
have to use spiking neuron models and can employs CTRNNs as approximations of rate-coding. Of
these, the Izhikevich and CTRNN models lie at an optimal trade-off between biophysical realism
and computational tractability. For this reason, they have been employed in the models built in this

dissertation. These models are discussed in detail below.
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2.2.1 Izhikevich model

As a follow-up to the two-dimensional FitzHugh-Nagumo model, Eugene M. Izhikevich published
his model in 2003 (Izhikevich, 2003). This model of spiking neurons included and explicit threshold
based spiking in order to produce all-or-none spiking dynamics unlike that of the FitzHugh-Nagumo
model. Mathematically, this model defines rates of change in membrane potential, V, and arecovery

variable, U, according to

V=004V>+5V+140-U + I

2.1
U =a(bV -U)
with explicit threshold based spiking and reset of state-variables as follows
Vec
if v. > 30 mV, then 2.2)
u—u+d

where a, b, ¢, and d are parameters whose ranges have been thoroughly studied and mapped to
characteristic behaviors. As such, this model provides an optimal trade-off between computational
complexity and biophysical realism, because it is a 2-D continuous-time, spiking neuron model
that can replicate various spiking dynamics observed in cortical neurons such as intrinsic bursting,
low-threshold spiking and so on.

This model’s utility has been demonstrated in several ways: its ability to perform a range
of linear and non-linear pattern recognition tasks (Vazquez, 2010), as models of specific brain
regions (Prescott et al., 20006), as generic models of cortical activity to validate analytical meth-
ods (Ito et al., 2011a), as well as neural controllers in brain-body-environment models of adaptive

behavior (Vasu and Izquierdo, 2017b).
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2.2.2 Continuous-Time Recurrent Neural Network model

Moving from spiking to non-spiking neuron models, Continuous-Time Recurrent Neural Networks
(CTRNNs) are models of dynamical recurrent neural networks with internal state. CTRNNSs
are perhaps the simplest non-linear, continuous dynamical neural network models, and yet are
universal dynamics approximators (Funahashi and Nakamura, 1993). As their name denotes, they
are continuous-time models and are recurrently connected. Thus, they are an obvious choice to
build computational models of neural networks to perform tasks that involve stateful interaction
with the environment like living organisms do. and a network is defined a vector differential

equation:

Ty=—-y+Wo(y+0)+1 (2.3)

where 7, the time-constants, y, the internal-states of the neurons, 6, the biases of the neurons and
1, the external input are all N dimensional vectors corresponding to the N neurons that make up
the circuit. W is a synaptic weights matrix denoting the fully-connectedness of the circuit, and o
is the sigmoidal function whose value gives the output of the neurons. If interpreted as a spike-rate
model, y denotes the membrane potentials, o(.), the mean firing rates, 6, the firing thresholds, and
Wi, the self-weights represents a simple active conductance.

The fact that that they are not spiking models does not entirely discount their place on biophysical
realism because there has been evidence of non-spiking neurons in locusts (Siegler and Burrows,
1979), crayfish (Takahata et al., 1981), and most neurons in C. elegans (L.ockery and Goodman,
2009). If interpreted as models of non-spiking biological neurons, o°(.) can instead represent the
saturating non-linearities in the synaptic inputs.

This model’s utility has been demonstrated in several ways: to approximate a variety of
dynamical systems (Funahashi and Nakamura, 1993), to build biologically-grounded models of
living systems (Izquierdo, 2019), as generic models of neural dynamics to validate analytical

methods (Candadai and Izquierdo, 2019b), as well as neural controllers in brain-body-environment
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models of adaptive behavior (Beer and Gallagher, 1992).

2.3 Model optimization approaches

The variety of computational models of neurons and neural networks described in the previous
section, all have parameters that need to be tuned such that the model behaves as desired. Such tuning
cannot be performed by hand-designing these parameters. Several optimization methodologies have
been proposed for this purpose. Generally speaking, the optimization process involves defining
an objective function as a function of the parameters of the model, and identifying the optima on
the objective function landscape. Based on the nature of the objective function, model training
falls under one of three approaches: supervised, unsupervised and reinforcement learning. Neural
network models where the true desired output of the model is known can be optimized using an
objective function that minimizes the error between actual and desired outputs. Such a training
paradigm is defined as supervised learning. Alternatively, when the ground-truth outputs are not
known, under the paradigm of unsupervised learning, objective functions involve inferring statistics
from the training data. Finally, reinforcement learning involves optimizing model parameters
to maximize the objective function defined as the expected long-term reward in sensorimotor
tasks. Based on the objective function, parameter optimization approaches fall under two primary
categories: gradient-based and search-based approaches.

Given an objective function, Q, and a set of parameters, 6, gradient-based approaches involve
estimating the direction in parameter space to move so as to improve the model performance. This
is achieved by estimating the derivative of the objective function with respect to the parameters.
Consequently, this requires that the objective function for gradient-based optimization is differen-
tiable. Typically, estimating the true gradient of the objective function is intractable. The gradient
is often estimated using a random sample of training data leading to stochastic estimates of the true
gradient hence called stochastic gradient-descent. For supervised learning the data is a random
sample of training data and labels, and for reinforcement learning, gradients are estimated from

sensory input, motor action, and reward data points collected during the course of a sensorimotor
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task. Since this approach is sensitive to learning rate, several variants have been proposed to this ap-
proach that modulate the learning rate: adding a momentum term where learning rate is increased
when updates progressively happen in the same direction, and decreases otherwise (Rumelhart
et al., 1986); adaptive gradient, or AdaGrad, where each parameter has its own learning rate that
is increased for sparser parameters and decreases learning rate for less sparse parameters (Duchi
et al.,, 2011); Root Mean Square Propagation, or RMSProp, that also has per-parameter learning
rates which are modulated based on past-updates to the parameters (Tieleman and Hinton, 2012);
and finally Adaptive Momentum Estimation, or Adam, is an update to RMSProp where learning
rate of each parameter is not just updated based on average of past gradients but also variance of
past gradients (Kingma and Ba, 2014). This general approach to incrementally updating model
parameters can be applied to any objective function that is differentiable. Depending on the task,
the objective function can either require minimization of an error, or maximization of returns.

An alternative to gradient-based approaches to model optimization are search based approaches.
These typically involve a population of solutions searching the parameter space in parallel, and ex-
changing information on their relative performance in some form according to an objective function
as described previously. However, since updates to parameters are not based on estimating gradi-
ents, these approaches do not require that the objective function be differentiable. Consequently,
the objective function can be more interpretable measures of model behavior. The most popular
search based approaches are genetic and evolutionary algorithms (Mitchell, 1998; Holland et al.,
1992). These algorithms get their name since they are inspired by the natural evolutionary process
of fitness-based selection. The algorithm is inherently a maximization algorithm on a population
of solutions, where each individual in the population is represented as a genotype, a point in the
N-dimensional parameter space. In its simplest implementation, each step, or generation, involves:
first, estimating the performance or fitness of a subset or the entire population (depending on which
variant of evolutionary algorithms are employed) using the objective function; second, copying
parameters from the highest fitness individuals to the low fitness individuals or recombination; and

third, adding random noise to the low fitness individuals, or mutation. This process is repeated until
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at least one solution of a desired fitness is found, or until a predetermined computational budget
has been exhausted.

Variations to evolutionary approaches typically involve different methods of selecting individ-
uals to recombine: rank-based selection where individuals are ranked based on their fitness and
picked with probabilities according to their rank; fitness-proportionate selection where a proba-
bility distribution of selecting individuals is constructed proportional to the relative fitness of the
different individuals; elitist-selection where a top X% of high-fitness individuals are selected to be
preserved as is for the next generation; and finally, tournament selection where two individuals are
picked at random and pit against each other with the high-fitness individual being preserved as is
while “transfecting” the low-fitness individual that is then mutated.

Variation to evolutionary approaches also involve multiple recombination strategies: one-point
crossover where all genes in a genotype that are on one side of an arbitrarily chosen crossover
point are copied; two-point crossover, where all genes between two points are copied; and the more
general k-point crossover which is performed over k different crossover points. In the most general
case, every gene is independently crossed over with a specified recombination probability.

Evolutionary approaches provide a simple, highly-parallelizable population-based approach
to optimization. Since it only requires some measure of performance as a fitness function, the
same algorithm can be effectively applied in contexts analogous to supervised, unsupervised or
reinforcement learning. Additionally, the fact that these are population based methods enables
better exploration of the parameter space in comparison to gradient-based methods and hence
have a better shot at escaping local optima. Finally, evolutionary algorithms are only a part of a
wide-range of nature inspired population-based stochastic search approaches optimization such as
ant-colony optimization (Dorigo and Di Caro, 1999), particle-swarm optimization (Kennedy and
Eberhart, 1995), and several others (Beheshti and Shamsuddin, 2013).

In an effort to benefit from the favorable features of both above-mentioned approaches, hybrid
approaches of optimization have been developed. One such category of hybrid-approaches are pop-

ulation based gradient-estimation algorithms where performance in a cluster of parameter choices
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are compared to estimate the direction of the gradient without actually estimating the derivatives.
These estimates have been done using as few as two data points, like in hill-climbing (Russell and
Norvig, 2002); a population of randomly sampled data points, like in evolutionary strategies (Beyer
and Schwefel, 2002); or when possible, by considering all possible neighboring points, like steepest
ascent hill-climbing (Russell and Norvig, 2002). Additionally, hybrid approaches are also employed
in optimization methods that involve multiple time-scales. For instance, model parameters may
be optimizing using gradient-based approaches, while model hyperparameters may be optimized
using evolutionary approaches at a slower time-scale (Young et al., 2015; Loshchilov and Hutter,
2016). Finally, hybrid approaches can involve training different components of a model at different
time-scales, which is especially suited when the individual components are mutually-dependent in
their learning (Ackley and Littman, 1991). Thus, hybrid approaches to learning span optimization
at several levels and provide more sophisticated control over the process.

Altogether, several approaches to model optimization exist and of them, while no single approach
is the best (Wolpert and Macready, 1997), some approaches might better suit certain problems.
For instance, search based approaches are better suited for discrete parameter spaces since gra-
dients cannot be computed. Similarly, gradient-based approaches may lead to significantly faster
convergence in convex landscapes. In any case, a good approach to model optimization involves
devising objective functions with known bounds, sufficient random exploration of the parameter
space, and conducting several optimization runs to evaluate consistency and variance in results.
The work presented in this dissertation involves optimizing neural network models in a way that
can explore all possible ways to solve a given problem. To do this, it is crucial to adopt an approach
that minimized the bias that an experimenter can introduce. Therefore, evolutionary algorithms

have been utilized to optimize models in all work presented in this dissertation.

2.4 Information theory in Neuroscience

Building neural network models and optimizing them to perform tasks gives us models of natural

systems. While the resources required to achieve desired task performance is already informative
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of the natural system being modeled, these models are most useful when they are analyzed to
understand them better. Approaches to understanding neural network operation in the context of
behavior requires that it captures linear as well as non-linear interactions between the different
components: environment-neural network and neuron-neuron. Several methodologies have been
proposed to capture specific features of neural activity such as connectivity, effective dimensionality,
encoding, and decoding. In this regard, information theory has emerged as a general framework to
quantify stochastic properties and relationships between different variables in a system of interest.
It provides tools to measure these quantities in a way that is invariant to the scale of the system
and allows comparison across systems. For this reason, the analysis of optimized models in
this dissertation has been primarily performed using information theoretic tools. In this section,
I describe the main tools used in our analysis as well provide examples of other work within
Neuroscience that had utilized information theoretic tools to study the neural basis of adaptive
behavior.

Information theory was first introduced by Claude Shannon in his seminal paper “A mathemat-
ical theory of communication” (Shannon, 1948), as a methodology to develop efficient coding and
communication of data across noisy channels. Its rise to popularity can be primarily attributed to
its ability to be applied in any domain, ranging from economics to Neuroscience. It provides a set of
tools that enable us to understand the relationships and interactions between arbitrary multivariate
random variables. These tools enables us to answer questions such as, “how can we quantify the
difference in uncertainty in random process versus another?”, and “how much does knowing the
value of one random variable, reduce uncertainty about another?”. Since Shanon’s introduction of
information theory, there have been several advancements that allows study of information transfer
over time and through the interaction of multiple sources of information. These advancements
enable us to ask more involved questions such as, “what is the amount of information transferred
from one random process to another over time?”’, and “Of these multiple sources, what is the amount
of information that is redundantly transferred from all sources about a target random variable?”.

These crucial questions enable us to understand the interactions between different components of
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a complex system, and can ultimately lead to a mechanistic understanding of its operation.

2.4.1 Information theoretic measures

This section provides a quick introduction to the information theoretic tools relevant to the analysis
conducted in this dissertation. The relevance of each of these measure depends on the data, its
source, and the motivation behind the analyses. Refer to Cover and Thomas (2012) for a more
detailed account of these measures. More recent papers that introduce information theory to

Neuroscientists are McDonnell et al. (2011) and Timme and Lapish (2018).

Entropy

Put simply, entropy can defined as a measure of uncertainty of a random variable. Greater the
entropy, the more difficult it is to guess the value the random variable might take. It is function
of the probability distribution rather than the actual values taken by the random variable, and it is

estimated as follows -

H(X) = = ) p(x) log p(x) (2.4)

xeX

where H(X) denotes entropy of the random variable, X, the summation is over all values the random
variable can take, Vx € X and p(x) or p(X = x) denotes the probability that the random variable
X takes a particular value x. The logarithm is base 2 and so the measured entropy is in the unit of
bits. Note that 0/0g0 is taken to be 0, and therefore adding new terms to X with probability O does
not change its entropy.

Intuitively, for a given random variable, a uniform probability distribution over its values would
result in the highest entropy since every value is equally likely, making it most difficult to guess.
On the other hand, other “peaky” distributions such as Gaussian would have lower entropy since
most of the probability mass is near the mean. From a communication systems perspective, where
information theory had its origins, entropy can also be interpreted as the average number of bits

required to efficiently encode the random variable. For example, a fair coin requires 1 bit (0-heads,
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Figure 2.1: Relationship between entropy, conditional entropy and mutual information.

1-tails); a uniform distribution over 8 values of a random variable requires 3 bits, but a non-uniform
distribution could possibly be encoded by smaller average number of bits by assigning shorter codes

for more likely outcomes.

Mutual Information

One of the most widely used information theoretic measures is mutual information. It is a measure
of the amount of information two random variables have about one another - it is a symmetric
measure. The information one variable has about the other can be expressed as the reduction in
uncertainty about one variable upon knowing the other i.e. the difference between entropy of the

variable and the entropy given the other variable.

I(X;Y) = 1(Y;X) = = HX) - HX|Y)
(2.5)
= H(Y) - HY|X)

where I(X;Y) is the mutual information between random variables X and Y, H(X) and H(Y) are
their respective entropies, and H(X|Y) and H(Y|X) are their corresponding conditional entropies.
The conditional entropy can be estimated from the conditional probability density, which is related
to their joint probability density. Upon writing out the entropy expressions about in terms of the

marginal and joint densities we arrive at the following expression for mutual information between

XandY
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p(x,y)
; = '6
I(X;Y) XEEX yEEYp(x ,y) log———— SO0 (2.6)

The relationship between the individual entropies, the conditional entropies and mutual infor-

mation can be better understood using a Venn diagram, as shown in figure 2.1.

Specific Information

While mutual information measures the reduction in uncertainty in X, across all values of Y,
specific information is a measure of reduction in uncertainty for any given value off Y = y. Specific

information I, is defined as follows DeWeese and Meister. (1999)

Lipee(X;Y = y) = ) p(xly)llog(—— ) 2.7)

log(
xeX (y)

p(ylx)
Based on this formulation, mutual information can be defined as a aggregate of specific infor-

mation as follows

IX:Y) = )" p(Y = Ylpec(X;Y = ) (2.8)
:

Partial Information Decomposition

When there are multiple sources of information (or even a random variable that is 2-dimensional or
more) about another random variable, the total mutual information between these sources and the
‘target’ variable can be decomposed into its non-negative constituents, namely, unique information
from each source, redundant information that the sources provide, and synergistic information due
to combined information from multiple sources Williams and Beer (2010b). Consider two sources
of information (two random variables) X1 and X2, about the random variable Y. If X = {X1, X2},

the total mutual information /(X;Y) can be written as follows

I(X;Y) = UX1;Y)+ UX2;Y) + R(X;Y) + S(X;Y) (2.9)
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Figure 2.2: Non-negative partial information decomposition of total mutual information. [A] In
the case of 3 variables (2 sources X = [X1,X2] and 1 target, Y), each source provides unique
information about the target, U(X1;Y) and U(X2;Y), they provide information about the target
redundantly, R(X,Y) and finally they provide synergistic information that is only available from the
combined knowledge of both sources, S(X;Y).

where U denotes unique information, R denotes redundant information and S denotes synergistic
information from these sources about Y. The decomposition can be better understood when visu-
alized as a Venn diagram as shown in figure 2.2. Naturally, with more than two sources, redundant
and synergistic information will be available for the all combinations of the different sources. Also,
note that each random variable used in these descriptions could be a multi-dimensional. The
number of sources are just individual data from the system and can be of any dimensioniality.
Redundant Information The sum of the minimum value of specific information each source
provides is defined as the redundant information from the two sources. In other words, continuing
the ({X1,X2},Y) example, for each value of Y, the specific information X1 and X2 provide is

independently computed, its minimum is found and this values is summed across all values of Y.

R(X;Y) = ZP(Y = y)min{lspec(Xl; Y =y), Ispec(X2; Y =y)} (2.10)
yeYy

where specific information is estimated as follows

(2.11)

p(X1 =x,Y =y)
Ispec(XLY:y): Z p(X1 =xY =y)log — —
= p(X1 =x)p(Y =y)

27



Unique Information The amount of information that each source uniquely contributes, the
unique information from that source, is estimated as the difference between the mutual information
between that source and the ‘target’ variable and the redundant information estimated as shown
in the previous section. This is also apparent from the Venn diagram representation shown in

figure 2.2.

U(X1;Y) = I(X1;Y) — R(X;Y)
(2.12)

U(X2;Y)=1(X2;Y) - R(X;Y)

Synergistic Information The information about Y that does not come from any of the sources
individually, but due to the combined knowledge of multiple sources, is synergistic information.
For example, in an XOR operation, knowledge about any one of the inputs is insufficient to predict
the output accurately, however, knowing both inputs will determine the output. In contrast, in an
AND gate, merely knowing that one of the inputs is False can lead to the conclusion that the
output is False. Again, based on the Venn diagram in figure 2.2, synergistic information from
sources X = X1,X2 about Y can be determined based on total, unique and redundant information

components as follows

S(X;Y) = I(X;Y) - UX1;Y) - U(X2;Y) — R(X;Y) (2.13)

Transfer Entropy

Given two random processes, X and Y, transfer entropy from X to Y, TEx_,y is defined as the
information transferred from from past values of X, X;_; to ¥;, over and above that information
that Y’s own past, Y;_; provides. Intuitively, transfer entropy is a measure of thee reduction
in uncertainty that know the source variable provides over the about the target variable’s own

reduction in uncertainty.
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TExy = 1(Y;; Xi—alYi—x) (2.14)

where k and d are positive values representing possibly different time points in the past depending
on the processes. Indeed, they can represent vectors denoting multiple time-points, in order to
study the transfer over a range of delays.

Reformulating transfer entropy terms as partial information atoms, Williams and Beer (2011)
showed that transfer entropy can be measured as the sum of unique information from X;_; about ¥;
that did not come from Y;_;, and the synergistic information that is available due to the combined

knowledge of X;_; and Y;_.

TEx—y = U(Yy; Xi—q) + S(Yy; Xi—, Y1 — k) (2.15)

Estimating informational quantities

One of the major challenges in utilizing information theoretic measures in experimental settings
is the availability of sufficient data to infer the data distributions correctly (Paninski, 2003). This
is a complex problem and several parametric and non-parametric approaches have been pro-
posed (Silverman, 2018). To estimate data distribution from limited data, we have employed
average shifted histograms for its beneficial trade-off between statistical and computational effi-
ciency (Scott, 1985a). This involves discretizing the data space into a number of bins and estimating
frequentist probabilities based on the bins occupied by data samples. To reduce the impact of ar-
bitrarily chosen bin boundaries the data distribution is estimated by averaging the bin occupancies
across multiple shifted binnings of the data space. This binning based estimator has been shown to
approximate a triangle kernel estimator (Scott, 1985a). While the binning provides significant com-
putational advantages, its approximation errors must be considered. Bias properties and guidelines
for choosing the parameters for average shifted histograms are given in Scott (1985b); Fernando
et al. (2009); Scott (1979, 2012). For a moderate sample size, 5 to 10 shifted histograms has been

shown to be adequate (Scott, 1985b). In general, average shifted histograms are best suited for noisy
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continuous data where the distribution of the data is unknown. For a more involved discussion on
density estimation and its bias properties we point the reader to Scott and Terrell (1987) and Wand

and Jones (1994).

Information and time

One variable that is implicit in all formulations of information theoretic measures described above
is time. Typically, these information quantities are measured disregarding the time variable. In
other words, data distributions are estimated using data across all time-points. Consequently,
the information measures are aggregate measures across the time duration over which data was
collected. Alternatively, if data was collected in several trials these quantities can be measured in
time. Information thus measured as a function of time then reveals the dynamics of information
in the system under study. This requires that there are a sufficient number of trials to develop
reliable estimates of data distributions at each time point. This approach has been applied in
several modeling studies, including work presented in this dissertation, as well as in experimental
conditions. These studies and the application of information theory in Neuroscience in general is

discussed in the next section.

2.4.2 Information theoretic analyses of Neural Networks

The information theoretic principles described above have been used extensively in Neuroscience
in several contexts: in vitro, in vivo, and in silico (or computational models). Neural responses are
stochastic because of noise and because biological neural networks and their outputs are not purely
a function of the input alone, but depend on their internal state as well (Mainen and Sejnowski,
1995). They could produce outputs in the absence of any input, or not produce any response to
certain stimuli. This stochastic nature of their behavior makes information theory especially suited
for analyzing and interpreting neural activity (Dimitrov et al., 2011; Sayood, 2018; Jung et al.,
2014; James et al., 201 1; Wibral et al., 2015). In this section I present examples of work at different

levels in which information theory has been applied starting from information processing in single
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neurons to information processing in neural networks engaged in closed-loop behavior.

Single Neurons

A neuron is typically considered to be the smallest computational element in the animal brain.
Although, this is in no way a statement trivializing the computational capacity of the neuron. As
revealed by the landmark study of squids’ giant axon, and its model (Hodgkin and Huxley, 1952);
as well as based on the ever increasing literature on dendritic computation (L.ondon and Hiusser,
2005), neurons are rather sophisticated information processing systems. Characterizing tuning
curves (stimulus-response relationship) has shown that neurons in the visual cortex are selective
to orientation of stimulus (Hubel and Wiesel, 1965), place cells in the hippocampus are selective
to physical locations in space (O’keefe and Nadel, 1978), cercal neurons in crickets are sensitive
to wind direction (Theunissen and Miller, 1991) and so on. Tuning curves were interpreted as
neurons being most selective to stimuli that produced to maximum firing rate. However, Butts and
Goldman (2006) applied information-theoretic measures to demonstrate the validity of an alternate
interpretation - the neuron is most selective to stimuli where the tuning curve has the highest slope.
Measuring the specific information that noisy neural activity in medial temporal cortex had about
specific values of the stimulus showed that information encoded was maximum near the peak-slope
in the tuning curve. Intuitively, this is because there is greatest difference in firing rate for small
changes to stimuli at this region of the tuning curve. Further, they showed how the experimental
design (range and the number of stimuli provided) can change whether the maximum information
lies at the peak firing rate or the highest slope - an idea that is also discussed in this dissertation
later.

In addition to identifying the stimulus selectivity of a neuron, information-theoretic analyses
have also been extensively applied by viewing neurons as communication channels, and hence
estimating their information capacity or channel capacity. This is a measure of the number of
distinctly identifiable stimuli that a neuron can encode, or mutual information between the input

distribution and output distribution. Automatically, this requires that an assumption is made
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about the nature of encoding in order to build the output distribution from spiking activity. Two
approaches to encoding that are widely accepted are rate coding and temporal coding (Ricke et al.,
1999). Once a specific encoding method has been chosen, the channel capacity will then depend
on the noise in the channel, and the distribution of inputs using which the channel capacity will
be estimated. Thus, this is a complex problem and even theoretical estimates will strongly depend
on the assumptions made. Initial theoretical estimates made using the temporal coding scheme
and a Gaussian noise distribution to the inter-spike intervals were made to be 4000 bits/s (MacKay
and McCulloch, 1952; Rapoport and Horvath, 1960). This was very optimistic estimate (Stein,
1967) was then re-evaluated using a more biologically realistic gamma distribution for the inter-
spike intervals to demonstrate that the capacity was 15-50 bits/s with both the temporal and rate
coding schemes (Borst and Theunissen, 1999; Ikeda and Manton, 2009). These results put to rest
on which coding scheme was most informative, and the debate now continues in the form of a
energy-efficiency (temporal code) versus robustness (rate code). Like most phenomena in nature,

animal brains perhaps use both under different conditions.

Populations of Neurons or Brain Regions

Expanding the analysis from individual neurons to groups of neurons, information theory has been
applied on two fronts: first, information encoded about stimulus can be measured in a population of
neurons similar to how it is measured in a single neuron; and second, by measuring the information
that is transferred from one neuron to another.

Several advancements have been made in population coding and decoding approaches that
show information being distributed in a population of neurons, and overlapping sensitive ranges
across neurons leading to theories of robustness in encoding via population coding. For instance,
information about the directionality of motor movement was shown to be best represented as
a weighted average of several individual neuron responses (Georgopoulos et al., 1982, 1986;
Wessberg et al., 2000). Similarly, saccadic eye movements in monkeys were also shown to be

controlled by the weighted sum of the activations of collicular neurons (Lee et al., 1988; Sparks
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et al,, 1976). While these studies were based on looking at peak-response curve values, an
alternative information theoretic approach similar to the one described in the analysis of response
curves in single neurons can be adopted. Ince et al. (2010) measured mutual information between
the whisker stimuli and the population activity in rat somatosensory cortex for different population
sizes. Their results showed that mutual information in populations of size 2 or greater captured the
stimulus information very well, without any significant differences in larger populations. This led
them to conclude that studying pair-wise interactions in neurons would be sufficient to characterize
information transmission in neural networks.

The idea that neural information processing can be understood by studying pair-wise interactions
in a population is fundamental to the adoption of network theory in Neuroscience. This involves
building interaction networks between neurons in population, as well as between brain regions,
based on measuring the interactions between them pair-wise. This approach has flourished in the
last decade under the new sub-field of Network Neuroscience (Sporns et al., 2005; Bassett and
Sporns, 2017; Sporns, 2014). While the literature on how to estimate these interaction networks is
continuously growing (Okatan et al., 2005; Hlavackova-Schindler et al., 2007; Pillow et al., 2008;
Gerhard et al., 2011), Transfer entropy (TE) has emerged as one of the most widely used methods
in Neuroscience because of its ability to infer directed edges between nodes in a network from
node activity alone (Wibral et al., 2014a). As mentioned earlier, these nodes could be anything
from individual neurons or macro brain regions. When estimated across all possible pair-wise
node combinations, the effective network (Friston, 1994) is constructed. The effective network is
representative of the interaction between neurons that results in the dynamics on the underlying
structurally connected network.

Studying properties of the effective network has yielded several insights on neural information
processing, especially at the micro-scale. Multi-electrode array recordings of neural activity of
organotypic cortical cultures in vitro has shown the presence of rich-club architectures; some
highly-connected neurons are more connected to each other than by chance (M. Shimono, 2015;

Nigam et al., 2016). This study further showed that information transfer in a neural network is
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non-uniform: 70% of the information was propagated through only 20% of the neurons. Following
that, Timme et al. (2016) measured the synergistic information in a neuron’s activity from the
combined sources it receives information from, as an indicator of how much computation was
performed by the neuron. Intuitively, this is a measure of how much more information is available
in the neuron beyond just the union of information provided by the inputs. This analysis showed that
computation in a neuron was more strongly correlated to the number of outgoing connections rather
than the inputs it received. Furthermore, it was then shown by cross-referencing effective network
properties with synergistic information that it was, in fact, the rich-club neurons that performed a
disproportionate amount of computation, about 160% more (Faber et al., 2019).

In larger-scale neural dynamics, where ensemble neural dynamics corresponding to brain
regions comprised of several thousand neurons are measured using fMRI, transfer entropy based
effective networks can be constructed with nodes denoting brain regions. Such studies have yielded
several insights as well into information transfer and its dynamics across the brain. For instance,
Joseph T. Lizier and Prokopenko. (2011) estimated effective networks while subject performed
a visuo-motor tracking task to show that TE was able to infer the expected directed connectivity
between known motor planning regions in the brain. They also showed that increasing task-difficulty
resulted in increased amounts of information transfer between the motor cortex and the cerebellum
where fine-tuning of motor control occurs indicating the greater error correction happening as the
task is more unpredictable. Similarly, by applying TE to magnetoencephalographic data collected
during an auditory short-term memory experiment, Wibral et al. (2011) showed that TE was able
to capture the expected changes in information transmission left temporal pole and the cerebellum.

Altogether, the integration of network theory with information-theoretic measures is enabling
the interpretation of neural activity to go beyond response curves in single neurons to understanding

collective information processing in populations of neurons.
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Neural Networks engaged in closed-loop behavior

The neural network analyses described in the two previous sections are mostly using resting-state
data where the neural network was exhibiting its intrinsic dynamics, or when a subject was passively
performing a task. In the real-world animals are in closed-loop interaction with their environments
where they act on the environment thereby influencing what they perceive. Perhaps the best exam-
ples of information theoretic analysis of neural networks that are involved in closed-loop behavior
come from computational modelling studies. Information-theoretic analysis of embodied neural
network models that were optimized to perform cognitively interesting tasks such as object catego-
rization, relational categorization etc. have demonstrated that studying information flow through
the integrated brain-body-environment system will provide a comprehensive understanding of the
neural basis of behaviors (Williams et al., 2008; Williams and Beer, 2010a; Beer and Williams,
2015; Izquierdo et al., 2015a). Such analysis also provide additional insights into how behavior
is not entirely controlled by the brain because this allows for considering the environmental and
body variables into the information theoretical analysis. For instance, using a model of embodied
relational categorization Williams et al. (2008) showed that the optimized agents offloaded infor-
mation storage to the environment. Agent’s were optimized to behave differently in response to the
relational category of “smaller” or “larger” based on a visual stimuli of objects falling in sequence.
Amongst agents that solved this problem with similar levels of accuracy, some adopted a strategy of
moving away from the falling object far enough such that their position was indicative of the size of
the object. This behavioral characteristic was made mechanistic explanation by demonstrating the
near-perfect amounts of information in the agent’s position about the size of the perceived object.
In a more biologically grounded model of C. elegans klinotaxis, (Izquierdo et al., 2015b) showed
that although the underlying neural network parameters might be very different in different model
instantiations, they were all identical in the pattern of information flow through the neural network.
This was demonstrated by measuring time-varying mutual information in the neural activity about
the behaviorally relevant variable, namely change in salt concentration to show that the ensemble

of models that were analyzed all had similar information flow patterns. Thus, such an analysis
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allows us to go beyond the individual structural differences, and study the common functional
characteristics of neural networks thereby enabling us to interpret neural activity in the context of
behavior. Altogether, information theoretic analyses of brain-body-environment models takes us

one step closer to a comprehensive understanding of the neural basis of adaptive behavior.

2.4.3 Tools for information theoretic analyses

Several researchers have developed software packages that aid information theoretic analyses.
Pyentropy is a python package that allows easy estimation of entropies (Ince et al., 2009). JDIT
is a JAVA package that was primarily designed for measuring transfer entropy but also includes
other measures such as entropies and mutual information (Lizier, 2014). TRENTOOL is a popular
MATLAB toolbox which primarily caters to analog neural data such as MEG (Lindner et al.,
2011). Ito et al. (2011b) presented a MATLAB toolbox for TE estimation from binary spiking
data that accounted for several delays and picked the most reliable transfer entropy value using a
data-shuffled baseline. In addition to this MATLAB package, work presented in this dissertation
uses, infotheory, a packaged developed in-house for PID measures as well as transfer entropy
estimation (Candadai and Izquierdo, 2019a). Two existing packages that are most similar to ours
are dit (James et al., 2018) and IDTxL (Wollstadt et al., 2019). Unlike dit, our package can also
help analyze continuous-valued data and unlike dit and IDTXL we have implemented PID analysis
of 4 variables: 3 sources and 1 target. In light of these existing packages and their functionalities,
our package primarily focuses on measuring multivariate informational quantities on continuous
data where the data distribution is not known a priori. However, it can still be used with discrete

data using the same methods.

2.5 Our Approach

This chapter discusses the use of computational models and information theory to advance our
understanding of the neural basis of behaviors: a cornerstone in the development of the ideas in this

dissertation. Computational models provide the ability to study our biological systems of interest
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at a level of abstraction that enables analyses in a way that is not tractable in biological systems.
They provide complete access to all variables of a system and, more so, the ability to manipulate
them in a way that experimentalists cannot. Information theory, on the other hand, provides the
tools for an in-depth analysis of these models. Insights obtained from analysis of the model advance
our theoretical understanding of neural information processing. It provides proof-of-existence, and
general principles underlying neural information processing in adaptive behavior. Additionally,
information-theoretic tools can acts as the bridge between modeling and experimentation. Analyses
performed on an idealized model can be directly applied to appropriate experimental data; with
the confidence that model-based evaluation of the methods have demonstrated the efficacy of
the method to capture the phenomena of interest. Ultimately, the combination of computational
modeling and information theory is a potent combination that can advance theoretical as well as
experimental Neuroscience for years to come.

The goal of this dissertation is to conduct information-theoretic analyses of computational mod-
els of neural networks to advance our understanding of the neural basis of behavior. Consequently,
it becomes crucial to identify the level of abstraction at which we build models to study the neural
basis of adaptive behaviors. Several perspectives exist in this regard, and perhaps the most widely
adopted is from mainstream theoretical Neuroscience where models are built primarily at one of two
levels: sensory-response models to describe what the input-output relationship is between stimuli
and neural activity; and circuit-level models that describe how these relationships maybe imple-
mented using known physiological data (Abbott, 2008). However, these approaches limit cognition
to only the brain. There is an increasing realization that the role played by the environment and the
body in behavior needs to be take seriously in order to develop a comprehensive understanding of
the neural basis of behavior (Krakauer et al., 2017; Chiel and Beer, 1997; F. J. Varela and Rosch,
1991). This is inline with approaches in Computational Neuroethology where models are built
not only of neural circuitry, but also of the body, and ecological context of the model system, all
of which are considered to be equally important in behavior (Datta et al., 2019; Chiel and Beer,

2008; R. Pfeifer and lida, 2007). The work presented in this dissertation adopts this perspective by
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considering the environment and environmental interaction to be part of the cognitive system and
thus including it in our model and its analysis.

There have been two prominent approaches to building models from a neuroethological perspec-
tive: bio-robotics and evolutionary robotics. Bio-robotics, as the name suggests, involves building
robots as models of specific animal systems to test and generate hypotheses regarding the control of
behavior (Webb, 2002, 2001; Beer and Ritzmann, 1993). Building robots ensures that the physical
aspects of an animal’s ecological context are faithfully reproduced. Further, robots that are models
of specific animals enable targeted understanding of behavior in that animal. For example, Moller
etal. (1998) built a robotic model of desert ant navigation to demonstrate that it was a combination of
path-integration and visual piloting that enabled these ants to navigate to precise locations over large
distances. Similarly, [jspeert et al. (2007) built a robotic salamander to demonstrate that the same
neural oscillators when modulated by environmental feedback can produce the walking and swim-
ming gaits observed in salamanders. These studies not only act as existence-proofs for mechanisms
that drive specific behaviors in a target mechanism, but also provide specific testable hypotheses
for the animals that the robots are based on. The evolutionary robotics approach, on the other hand,
involves building simulated idealistic models of artificial agents with emphasis on building minimal
models of cognition that enable in-depth analysis (Harvey et al., 2005; Cliff et al., 1993; Beer and
Gallagher, 1992). Integral to evolutionary robotics is use of evolutionary algorithms to optimize
model parameters, an approach that minimizes experimenter bias by optimizing neural networks
based on what they are optimized to do and not how the experimenter thinks it should be done.
Crucially, in contrast to bio-robotics models, these models are typically not built to physiological
data from a specific animal. This is done because freeing the constraint of adherence to a specific
model organism enables the construction of minimal artificial agents that nevertheless performing
cognitively interesting tasks are tractable for in-depth analysis, and exploring general principles
in behavior that go beyond generating hypotheses for specific animals (Beer and Williams, 2009).
For instance, using a minimal model of a 1-dimensional agent controlled by a dynamical neural

network, Beer and Williams (2015) show that embedded, embodied agents perform a task that
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requires memory without an explicit internal storage mechanism; the agent offloaded memory to its
position in the environment: a testament to the benefits of adopting a neuroethology perspective.
Similarly, Izquierdo and Bithrmann (2008) showed that dynamical neural networks can perform
multiple tasks even in the absence of neuromodulation or plasticity. Overall, building models that
incorporate the environment and agent-environment interaction expand the range of mechanisms
that can be discovered to produce behaviors, and utilizing evolutionary algorithms further aid this
by enabling the generation of integrated sensorimotor systems with minimal bias. Computational
models are especially suited when this approach is taken to research because, although there have
been developments in tools for experimental data acquisition, there are still challenges in reliably
recording all required data from a freely moving animal. In such cases, theoretical advancements
must not wait for experimental technologies to arrive but can instead precede them by advancing
our understanding of general principles of adaptive behavior through the analysis of computational
models. The work presented in this dissertation involves evolving neural controllers in embedded,
embodied and dynamical neural networks to advance our understanding of the neural basis of
adaptive behavior.

In summary, the work presented in this dissertation takes the approach of developing compu-
tational models of dynamical recurrent neural networks, optimizing them using an evolutionary
algorithm to perform tasks that involve embedding or embodying the neural network models, and
followed by information-theoretic analysis of the optimized models. In all cases, an ensemble of
models were built and analyzed to check if the results are consistent or if several solutions exist
that solve the same problem. Specifically, this approach is applied to study predictive coding,

multifunctionality and social interaction.
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Chapter 3

Predictive Coding

In this chapter, I present our work on inferring the source of predictive information in dynamical
neural networks using tools from multivariate information theory, as well as our results from
studying the relationship between predictive information and behavioral performance. In the first
section of this chapter, I introduce the idea of predictive coding and motivate our work. Following
that, I discuss literature from the two research fronts in predictive coding, and the potential for their
convergence. Next, the neural network and environment models used in our study are described
in detail in the methods section. This is followed by the principal contribution of this work: a
framework to identify the source of predictive information and track its dynamics in time. Then,
results validating our approach and its application to a structured environment are presented.

Finally, I discuss the results and their implications.

3.1 Introduction

The brain is in continuous interaction with the body and in turn with the environment. In this
closed-loop agent-environment setup that living organisms are embedded in, it is a challenging
research problem to understand how behavior emerges from the interaction of the brain, body and
environment. Although not explicitly, experimentalists make assumptions about the roles played
by the brain, body and environment implicitly in how they study the brain — e.g. studying the brain
alone in isolation is sufficient to understand cognition. These assumptions are made explicit in

theoretical neuroscience where the goal is to develop general hypotheses that are consistent with
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known neuroscientific principles and physical laws, to answer questions such as: How does the
brain process sensory stimuli? How does sensory processing take advantage of the regularities in
the environment? How are actions taken based on perception? Several theories have been proposed
as to the functional processes ongoing in the brain to produce motor actions based on sensory input.
In this work we focus on two complementary theories that fall within the domain of predictive
coding, a research area that is emerging as a strong candidate for its potential to provide a general
framework for understanding the neural basis of behavior (Clark, 2013).

Predictive coding is the idea is that organisms encode information about future environmental
stimuli in their neural activity (Helmholtz, 1860; Huang and Rao, 2011; Rao and Ballard, 1999;
Srinivasan et al., 1982). Intuitively, an organism that is able to predict the consequences of its
action on its future sensory experiences is more likely to be adapted to its environment. There are
two prominent research fronts that study the role of predictive coding in behavior: the hierarchical
generative predictive processing framework (Friston and Kiebel, 2009; Friston, 2010) and the
efficient coding principle (Bialek et al., 2001; Still, 2009). These two fronts are complementary
because they address different aspects of how a nervous system acquires predictive information.
The hierarchical predictive processing framework focuses on how predictions are generated in
the organism’s brain. The efficient coding principle, on the other hand, focuses on how the
nervous system extracts predictive information from environmental stimuli. Both theories have
been supported by experimental evidence, primarily in the visual and auditory systems (Palmer
et al., 2015; Chen et al., 2017; Sederberg et al., 2018; Chao et al., 2018; Egner and Summerfield,
2013).

In living organisms, predictive information is likely acquired from a dynamically changing
contribution of the environment and the agent’s own internal dynamics. Consequently, although
different systems may be equally predictive about their future stimuli, the operation of their nervous
systems may be entirely different. Therefore, understanding the role of predictive information in
behavior requires that the source of information is identified. In this chapter, the following questions

are addressed: How do we identify the source of predictive information and study its dynamics
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during a behavior? Does tracking the source of predictive information better explain an agent’s
ability to perform a task? What are the factors that influence the source and magnitude of predictive
information encoded in a neural network?

In order to better understand how the nervous system generates predictive information, we
propose that it is essential to decompose information transfer across the different components
of the system and to track the flow of information in the agent-environment system over time.
We present an information-theoretic framework to quantify the contributions from the nervous
system and the contributions from the environmental stimuli to the total predictive information
in an agent. To do this, we first decompose the total predictive information in the neural system
into information that was uniquely transferred from each source using multivariate extensions
to information theory (Williams and Beer, 2010b). Second, we unroll information over time to
backtrack the origin of the source of predictive information and how it changes over time. This
allows us to infer the source of predictive information and its dynamics over the course of a behavior.

To validate our proposed theoretical framework, we examine it on a set of computational models
of agent-environment systems, where the agent is a dynamical recurrent neural network (Funahashi
and Nakamura, 1993; Beer, 1995¢). The systems have been deliberately designed so that the source
of predictive information is known and manipulable. We demonstrate that predictive information,
as operationalized by Bialek and Tishby (1999) cannot distinguish systems that are at the two
extremes of potential agent-environment interaction: a system whose only source of predictive
information is the nervous system and a system whose only source of predictive information
is the environmental stimuli. We demonstrate how our proposed framework correctly reveals
different sources of predictive information in systems with otherwise similar amounts of predictive
information. Ultimately, we demonstrate how revealing the flow of information across the agent-
environment system can help us to better understand the mechanisms underlying predictive coding.

Predictive information is studied in living organisms because it is considered a signature of their
adaptive capacities (Palmer et al., 2015; Still, 2009; Friston and Kiebel, 2009). In this regard, we

study the relationship between a system’s ability to perform a task and its predictive information.
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In order to do this, we turn to a computational model of an agent that is required to process the
received stimulus from the environment and make a decision based on it. Specifically, we study
predictive information in the context of a relational categorization task (Gentner and Kurtz, 2005;
Markman and Stilwell, 2001). We generate model systems that are adapted to their environment
and yet remain tractable to analysis by optimizing dynamical recurrent neural networks using an
evolutionary algorithm to perform the task (Beer and Gallagher, 1992; Floreano et al., 2008).
We then proceed to analyze the resulting systems using predictive information and we compare
the results against that of random systems that cannot solve the task. Counterintuitively, we
observe that predictive information in trained neural networks is similar to predictive information
in random neural networks. This suggests that predictive information alone is not sufficient to
distinguish between living organisms that are adapted to their environments and non-adaptive
systems. The rest of the paper focuses on an analysis of optimized and random systems using the
proposed framework. Altogether, we demonstrate that decomposing predictive information across

the components of an agent-environment system, and unrolling it over time reveals its true nature.

3.2 Related work

The idea that prediction forms an important part of cognition goes all the way back to Helmholtz’s
(1860) theory of perception where he argues that the brain learns to represent the causes of stimuli
in the environment thereby enabling it to link any incoming stimuli to existing internal models of
environments. This idea has inspired research in Neuroscience and machine learning. Importantly,
research in this domain has followed two independent paths: first, research that aims to flesh
out Helmholtz’s ideas about the encoding of causes of stimuli and thereby generating predictions
internally; and second, research that tackles prediction as a broader problem without necessarily
subscribing to the specific mechanisms that the former approach proposes. This section will outline

relevant work along each of these research directions and discuss paths that can bridge them.
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3.2.1 Predictive coding as a hierarchical generative process

Helmholtz’s theory inspired work that further develop ideas of top-down predictive mechanisms:
predictions are generated from internal models of causes of stimuli to explain away stimuli from
lower-levels. This involves a hierarchical architecture where higher levels (deeper layers of the
brain) generate predictions for the input to levels below them based on an internal model of the
world, and in turn receive errors in predictions to update their internal model. The first evidence
for the feasibility of such a top-down predictive system came from advances in machine learning.
The Helmholtz machine was a multi-layered bi-directional artificial neural network that was able
to learn the underlying causes in a binary image set (Dayan et al., 1995; Hinton et al., 1995).
The Helmholtz machine was setup using two sets of weights: one set of generative weights that
generate predictions for lower-layers and one set of recognition weights that feed activity from the
lower-level to the higher levels leading to the recognition of the cause of that particular stimulus.
While the upstream and downstream information flow was not happening concurrently in the model,
the Helmholtz machine was a milestone in demonstrating that such bidirectional information flows
based on generative models can perform interesting tasks such as binary image classification tasks.

From a neuroscientific perspective, the idea of successive layers in the brain generating predic-
tions to the lower-level layers is counter to traditional understanding of bottom-up processing of
stimuli, for example, as shown by progressive detection of bright spots followed by edges and then
shapes in visual processing (Hubel and Wiesel, 1965; Riesenhuber and Poggio, 2000). This reversal
in the flow of information was studied in visual perception by demonstrating that a hierarchical
model of the visual cortex where each level in this hierarchical model generated predictions of the
activity in the lower levels and in turn received residual errors in predictions (Rao and Ballard,
1999; Jehee and Ballard, 2009; Huang and Rao, 2011). This model was shown to reproduce the
receptive fields of neurons in the visual cortex, and also better capture extra-classical effects to the
receptive fields such as endstopping (Bolz and Gilbert, 1986; Desimone and Schein, 1987). This
work was extended by Lee and Mumford (2003) to incorporate probabilistic generative models at

each level of the hierarchy thereby placing these approaches within the Bayesian framework (Doya
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et al., 2007) and was further explored by Friston (2005). Interestingly, work involving hierar-
chical probabilistic generative models of predictive coding has predominantly focused on visual
perception, perhaps because the hierarchical structure of the visual cortex fits these theories the
best.

Moving beyond visual perception, the idea of predictions and prediction error has also been
applied to rewards in behavior (Schultz et al., 1997), specifically in the anterior cingulate cor-
tex (ACC) (Alexander and Brown, 2019; Brown and Braver, 2005). The Predicted Response-
Outcome(PRO) model attributed the function of the ACC to be an estimator of surprise in rewards
without considering its valence i.e. unexpected reward or positive surprise versus absence of ex-
pected reward or negative surprise (Alexander and Brown, 2010, 2011). Abandoning the valence
of the surprise and only considering the prediction error puts this model in line with previous
work in visual cortex, thereby acting as an account of predictive coding in the cortex to perform
higher-level cognitive processes beyond perception. Further, to generalize predictive coding across
cortical regions, Bastos et al. (2012) proposed canonical microcircuits based on the idea that a
cortical column has the necessary computational primitives for hierarchical predictive coding. If
each cortical column is considered one level of a hierarchy, predictions from higher-levels are
received in layers 2/3, and predictions for lower-levels are made and passed down from layer 5.
Layer 4 receives prediction error from the lower-layers and layers 2/3 returns the prediction error
for this layer back to the higher-level layer.

Predictive coding as a theory for perception, and its generalization into the Bayesian framework
has culminated in a “grand unified theory of the brain”: the Free-energy Principle (Friston, 2009,
2010). The free-energy principle aims to provide a general theory for the neural basis of behavior
by providing a theoretical basis for perception, and action (Hohwy, 2013). While perception
is modeled as a hierarchical generative predictive model, the role of action is proposed to be
essentially a prediction-fulfilling mechanism: actions are taken so as to minimize prediction error
by confirming to the causes of stimuli as expected by the internal generative model (Brown et al.,

2011; Buckley et al., 2008). The perception and action mechanisms are optimized so as to minimize
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prediction-error, or otherwise denoted by surprise or free-energy. Recently, Friston et al. (2009)
and Baltieri and Buckley (2017) showed that such an optimization process can lead to behaviors
similar to those learned using traditional reinforcement learning approaches using the Mountain
Car and Phototaxis tasks respectively, albeit in a non-neural model.

Ultimately, the hierarchical generative predictive model provides a framework where percep-
tions are mediated by predictions generated internally in the brain and by errors in those prediction.
Essentially, these internally generated predictions are proxies to the sensory stimuli and the only
information extracted from the actual stimuli are errors in prediction. The idea of hierarchical pre-
dictive processing can be applied to all levels of neural processing and has the potential to provide
an elegant general theory of the brain. While the ideas presented retroactively explained several
experimental results (Clark, 2013; Egner and Summerfield, 2013), there is still no conclusive test of
the specific ideas themselves. For instance, studies that involve analysis of event-related potentials
in EEG data have shown the presence of behavioral error related activity in decision making tasks
in the pre-frontal cortex (Gehring et al., 1993); in motor tasks in the limbic regions (Gemba et al.,
1986); and in language, where reading a sentence that deviated from the “preferred” structure
elicited a distinct brain potential presumably because it encodes surprise (Osterhout and Holcomb,
1992). Additionally, functional neuroimaging studies have shown increased activation in the visual
cortex corresponding to surprising visual stimuli presumably due to prediction errors (Alink et al.,
2010; Den Ouden et al., 2009; Egner et al., 2010); increased activation in the medial prefrontal
cortex corresponding to difference between expected and actual outcome of a gambling task (Jessup
et al.,, 2010). Finally, the effect of reduced activation after repeated stimuli presentation due to
reduction in prediction error (Friston, 2005) has been shown in functional Magnetic Resonance
Imaging (fMRI) (Summerfield et al., 2008), Electroencephalographic (EEG) (Summerfield et al.,
2011) as well as in Magnetoencephalographic (MEG) (Todorovic et al., 2011) experiments. While
all these results demonstrate effects that can be attributed to surprise or prediction error, some of
them (especially the perception related studies) could also be attributed to other mechanisms such

as attention. More specifically, a direct test of the idea that sub-populations in the same region
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of the brain simultaneously encode expectation as well as error would significantly strengthen the
position of generative predictive coding as a theory of cortical function. Perhaps, the strongest
support in this regard was work done with high-density electrocorticography in monkeys by Chao
et al. (2018). In this work, they provided auditory stimuli that had correlations at two levels of
hierarchy and found prediction and prediction error signals in the a/8 and y bands of auditory
cortical activity respectively. However, experimental results in this domain involve attributing
observations of increased or decreased activations to predictive coding. A significant methodolog-
ical contribution in this regard would be an approach to disentangle detection of attention from

prediction or prediction error.

3.2.2 Predictive coding as efficient information encoding

An alternative branch of research whose roots can also be traced back to Helmholtz provides a
complementary account of predictive coding. The distinction being, while living organisms do
encode predictive information it is extracted from the stimulus as opposed being generated internally
in the brain (Bialek et al., 2006). There is correlation in the natural world and it has been shown that
nervous systems are sensitive to spatial and temporal regularities in the stimulus (Montague and
Sejnowski, 1994; Srinivasan et al., 1982; Huang and Rao, 2011). Based on this, Bialek et al. (2001)
argued that the most important features from sensory stimuli are those that are maximally predictive
of the future. In this framework, perception can then be formulated as efficiently separating the
predictive features from non-predictive noise in the environmental stimuli (Bialek et al., 2006).
The mathematical slant of the research in this domain, largely due to its origins in the phys-
ical sciences, has led to proposal of methods for quantification of predictive information. It
is defined as the mutual information between the current neural activity and future stimulus,
Iprea = 1(Sy, N;) (Bialek and Tishby, 1999; Rieke et al., 1999; Cover and Thomas, 2012; Shannon,

1948).

P(ss|n;)

_ 3.1
Ps(sy) G-

Iprea = 1(Sy,Ny) = Z Pn(n:)P(sy|n;) log,

Sy7 Mt
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where t’ = t+6t with 6t > 0, Py is the distribution of environmental stimuli, Py is the distribution of
neural activity across the entire experiment, P(s;|n;) is the conditional probability that the stimulus
is s at a future time ¢’ given that we have observed a neural activity of n at time 7. Optimization
of simulated agents with neural controllers to maximize predictive information have demonstrated
the viability of this theory by producing interesting exploratory behaviors (Ay et al., 2008) and
multi-jointed locomotion (Martius et al., 2013). However, these behaviors have been limited to
behaviors that could broadly be classified as entropy maximizing behaviors and demonstrations of
more cognitively sophisticated behaviors such as decision making has been limited to theoretical
derivations of optimal non-neural behavioral policies from assumed general prior distributions that
make up an environment (Still, 2009).

Experimental evidence for the efficient extraction of predictive information has been provided
using in vivo experiments where the amount of predictive information encoded in neural activity
in response to stimuli was estimated. By measuring neural activity in the retina of a clamped
salamander while moving bars of light were shown, Palmer et al. (2015) showed that neural activity
encoded near-optimal information when compared to the analytically estimated information bounds.
Moreover, they report identification of retinal neurons that are selective to reversal in direction of
the stimulus’ movement. While the authors attribute this as extraction of information about this
change in direction to then be able to predict the future states of the stimuli, proponents of the
generative predictive coding hypothesis might interpret this as prediction error. Chen et al. (2017)
confirmed this study by demonstrating similar results in bullfrog retina. Interestingly, experimental
work in this domain is limited to visual processing as well. Additional support for this theory
would require the demonstration of information about higher order environmental variables in
deeper cortical layers. Perhaps the best efforts in this regard come from Sederberg et al. (2018)
who used data recorded in salamanders to train an artificial neuron to learn an efficient encoding
of neural activity in the retina based on correlations in their spike trains. This computation model
demonstrates that training a binary neuron using spike timing—dependent learning rules enables a

“deeper” layer to perform near optimal encoding of information available in the correlations of its
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lower layer thereby providing a proof-of-concept for efficient coding to be applicable at every level

of cortical processing.

3.2.3 Potential for convergence

Do hierarchical generative predictive coding theory and the efficient coding principle have a chance
to converge into a single theory? They are similar in the core idea that agents encode information
about the future states of the environment. However, the generative predictive coding theory and
the efficient coding principle require reconciliation of the following points: First, while the former
states that the predictions are purely made in the brain, the latter states that predictive information
is extracted from the stimuli; and second, while the former reduces perception to the transmission
of prediction error up the hierarchy, the latter proposes an optimal information extraction at each
layer. Each of these theories have their individual strengths: the generative predictive coding theory
is strongly rooted in experimental neuroscientific findings and the efficient coding hypothesis is
grounded in mathematical foundations. As a result, the former provides a clear biologically
plausible hypothesis and the latter provides methodologies for effectively measuring and testing the
proposed phenomenon.

The two theories are offering fundamentally different levels of explanation as defined by
Marr (Marr, 1980; Dawson, 1998): generative predictive coding at the level of implementation
and efficient coding principle at the computational level. So they cannot be directly compared.
If we borrow the computational aspects in the generative predictive coding hypothesis, we have
the idea that predictions are internally generated in the brain, and an internal model is constantly
updated based on errors in prediction. If we relax the idea that prediction errors are the only
signals that formulate perception, we can also accommodate the efficient coding principle as per-
ception involving the extraction of predictive information from the stimulus. This composition
of theories would mean that, agents make predictions about the future using a combination of
internally generated and externally extracted information. In fact, extensions to the efficient coding

principle have led to theories that present adaptive behavior as learning to optimizing the trade-off
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between maximizing predictive power while minimizing complexity of the internal model (Still,
2009; Bialek, 2012; Still and Precup, 2012). Importantly, this framework encourages the agent to
acquire an internal (explicit or implicit) predictive model that enables maximization of predictive
information. Thus, it allows for predictive information to be generated internally by the agent while
at the same time extracting as much as possible from the stimulus. Therefore, with some relaxation
of the specific architectural prescriptions of the generative hierarchical predictive coding hypothe-
sis, this framework fits both theories. Along these lines, although not intended as a convergence of
these theories, based on predictive information formulated in equation 3.1, Still (2014) proposed a

constrained optimization problem for the combined perception-action systems as follows:

max I(S[', N[) - /lI(Slpast’Nl) (32)

where I(Sy, N;) is the predictive information that is maximized constrained by the complexity of
the agent’s internal model, I(S;,,,,, V), and A is the Lagrange multiplier that regulates the trade-off
between the two (Still and Crutchfield, 2007; Still et al., 2010). Notably, this formulation is a
variation of the information bottleneck paradigm for supervised learning (Tishby et al., 2000).
There are two reasons why adopting this common denominator might be useful: first, this does not
require any specific neuroanatomical implementation and is open to discovering how the cortical
architecture might implement these processes (the aspects of generative predictive coding that do
not have experimental evidence); and second, this framework provides a rigorous mathematical
framework within which experimental data can be analyzed to obtain reliable insights.

The bottom-line of this discussion about the potential for convergence of these two theories
is the idea that living organisms can generate predictive information internally while at the same
time extracting predictive information available from regularities in the environment. However,
predictive information given by equation 3.1 cannot differentiate between the two. The rest of this
chapter presents our framework for analyzing predictive information in agent-environment systems
that allows us to distinguish the contribution of each source, namely internally by the agent and

externally from the environment (Candadai and Izquierdo, 2019b).
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3.2.4 Measuring information encoding in neural networks

Information theory provides a general theoretical framework to study the relationship between com-
plex systems from observed data in a scale invariant manner (Shannon, 1948). In Neuroscience,
information theory has a long history of being applied to study various aspects of neural computa-
tion. For instance, mutual information has been used widely in the study of neural coding (Ricke
et al., 1999; Dayan and Abbott, 2001). Mutual information enables us to quantify the amount of
information that the neural network has about another variable of interest such as an environmental
feature, muscle or body states, or even activity of other neurons. However, mutual information
is a bivariate symmetric measure while most interactions in living systems are multivariate. Fur-
thermore, the informational structure in living systems changes in time. These characteristics
have led to extensions to Shannon information in two ways: multivariate information metrics, and
time-dependent information measures.

Recent extensions to mutual information termed Partial Information Decomposition (PID) has
provided methods to decompose multivariate information into its component terms that include the
individual contributions of each variable, and the different combinations between them (Williams
and Beer, 2010b; Bertschinger et al., 2014; Griffith and Koch, 2014). Briefly, the total information
that a neural network has about, say 3 variables, is measured using mutual information between
the neural network activity and a random variable that is a concatenation of the 3 variables of
interest. This total information can be decomposed into information that was uniquely contributed
by each variable, the redundant contributions by different combinations of the 3 variables, and
finally the synergistic contributions of different combinations of the 3 variables. When applied
to the study of multivariate animal-environment systems PID allows us to study the interactions
between its different components and assign credit appropriately to the contribution of the different
components, a feature that is utilized in the current study of predictive information.

Temporal dependencies between components of a complex system can be studied using Shannon
information measures as well its extensions (PID) by studying relationships between data at different

time points. Such a formulation had led to the development of two kinds of information measures:
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time-delayed measures and measures of information flow. One example of time-delayed measure
that was described previously is predictive coding; mutual information between current neural
activity and the future stimulus (Bialek et al., 2001). Similarly, mutual information between
time-delayed states of the same neural network conditioned on another variable’s state, enables
measuring the transfer of information from the other variable to the neural network, also known as
transfer entropy (TE) (Schreiber, 2000a; Wibral et al., 2014a). Measuring TE between neurons in a
network yields a “functional network” that captures the directed informational interaction between
neurons in a network. Importantly, while these measures are time-dependent because they measure
associations between variables delayed in time, the measures are still atemporal in the sense that
they still aggregate information across all data-points separated time by the specified delay. On
the other hand, study of information flow involves considering the variables of interest as random
processes rather than random variables (Williams and Beer, 2010a). Thus, neural activity at a
specific time point is a random variable whose information components can be measured with the
state of the environment at a different time point or even that of the same network at a different
time point. This is then repeated for each time point to obtain the temporal change in the measured
information quantity over the time course of the data. Thus, all information theoretic measures
could be estimated in a temporal manner to study the dynamics of information in a system, another
feature that is utilized in the current study of predictive information.

Analysis of computational models of embodied neural networks optimized to perform cog-
nitively interesting tasks have demonstrated the explanatory power that extensions to Shannon
information have to provide a mechanistic explanation of neural dynamics as it is related to a
behavior. Williams and Beer (2010a) demonstrate that tracking information in a neural network
over the course of a relational categorization task delineates the role of each neuron in the behavior
as well as the temporal changes to their role over the course of the behavior. They further expanded
on this work by measuring the flow of decomposed information in the same relational categoriza-
tion task, and demonstrated that such a framework provides an analogue to a dynamical systems

analyses of the behavior (Beer and Williams, 2015). This work provides the crucial insight that
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these extensions to Shannon information can provide a scalable alternative to dynamical systems
theoretical analyses of neural networks which is known to provide a complete characterization
of an agent-environment system (Beer, 1995a; Beer et al., 1996; Beer, 2000). The approaches
to measure multivariate information and over time are increasingly adopted to study information
processing in biological neural networks. Izquierdo et al. (2015a) built a computational model of
klinotaxis grounded in the known biophysical properties of the nematode C. elegans and tracked
the flow of information flow through a complete sensorimotor circuit: from stimulus, to sensory
neurons, to interneurons, to motor neurons, to muscles. This analysis identified key neurons that
act as integrators of information, and demonstrated possible hypotheses for the degree to which gap
junctions and sensory neurons play a role in the behavior. Utilizing Williams and Beer’s (2011)
measures of decomposed information transfer, Timme et al. (2016) demonstrated that maximal
transfer of unique information in in vivo organotypic cultures was occurring in neurons that receive
connections from high out-degree neurons. Wibral et al. (2017) showed that different informa-
tional objective that have been attributed to the neo-cortex such as predictive coding, infomax and
coherent infomax, efficient coding can be formulated using PID terms. Furthermore, they propose
an objective function called “coding with synergy”, maximizing synergy between input and output,
as a global objective across layers of the neocortex. in related work, Faber et al. (2019) measured
synergistic information as a proxy for computation in neural networks to demonstrate that neurons
in an in vivo organotypic cortical network that are disproportionately connected to other high-degree
neurons perform most of the computation. In the work presented in this chapter, we utilize PID
measures in-time to measure the unique, and redundant transfer of predictive information from
the environment and the neural network to identify the contributions of the different source of

predictive information.

3.3 Methods

In the agent-environment models used throughout this work, the agents were modeled using dy-

namical recurrent neural networks. The parameters of the neural network were optimized using an
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evolutionary algorithm such that it was able perform the required task. In this section, we specify

implementation details about the neural network model, the tasks, and the optimization algorithm.

3.3.1 Neural network model

A Continuous-Time Recurrent Neural Network (CTRNN) was used as the model neural net-
work (Funahashi and Nakamura, 1993; Beer, 1995¢). The neural network consisted of three layers:
the input layer which was connected by a set of feed-forward weights to the interneuron layer;
the interneuron layer was a CTRNN which fed into the output layer; the output layer produced
the output of the neural network which was given by a weighted combination of the interneurons’
output. The dynamics of each interneuron was governed based on state equations given by

dyi

Ti— =—)i +

N
dt -

wijoj +wi'l (3.3)
j=1

0j =0'(yj+9j) (3.4)

where y; refers to the internal state of neuron i; 7;, the time-constant; w;;, the strength of connection
from neuron j to neuron i; o;, the output of the neuron; /, the input and wff”, the weight from the
input to the neuron. Based on the state of the neuron its output is given by equation 3.4, where
o () refers to the sigmoid activation function given by o(x) = 1/(1 + ¢™¥), and 6; refers to the bias
of neuron j. The output of the network at any time ¢, O(¢), is estimated as a weighted sum of the
outputs of each neuron (weights given by w?), passed through a sigmoid function and scaled to be

in the range [-1,1].

N
O(f) =2+ (T(Z wfo,-(z)) —1 (3.5)
i=1

All neural networks described in this chapter were made up of N = 3 neurons. The tunable
parameters of such a model include the weights between the neurons (w;;), the input weights (wf”),

the output weights (w?), time-constants (7;) and biases (6;j) of each neuron. The model was
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Figure 3.1: Relational categorization task design. [A] Illustration of one trial of the relational
categorization task showing the three stages: cue, delay and probe. [B] Sample output for trials
corresponding to the two relational categories demonstrating an output of 1 when probe was greater
than the cue (red), and an output of -1 when probe was less than the cue (blue). [C] Distribution of
cues and probes showing two possible probe values for each cue except in the boundary conditions.

simulated using Euler integration with a step-size of 0.02.

3.3.2 CPG task

The neural network model described above is capable of intrinsically producing oscillations. To
create Central Pattern Generators (CPGs), neural networks were optimized to produce oscillations
from a range of initial conditions. The neural network was started at 100 different initial conditions
by systematically setting the neuron outputs in the range [0, 1]. For each condition, the neural
activity was recorded for 10 simulation seconds. The ability to generate oscillations was assessed
by measuring the absolute difference in each neuron’s as well as the neural network’s output in
consecutive time-steps across all time-points in a trial, and then across trials. The neural network’s

output was fed to an environment governed by

d
Td—i =-s+0 (3.6)

where s refers to the state of the environment, T refers to its time-constant which was set to 0.5,

and O refers to the output of the neural network given by equation 3.5.
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3.3.3 Relational categorization task

We adapted the relational categorization task to provide neural networks with structured stim-
uli (Gentner and Kurtz, 2005; Williams et al., 2008; Markman and Stilwell, 2001). This task
involves first providing the neural network with a cue stimulus in the range [3,11] for 5 units of
time. This is followed by a delay period when no stimulus is provided for 10 units of time. Finally,
a probe stimulus that is of magnitude greater or less than the cue is provided for 5 units of time.
The goal of the task is for the neural network to distinguish probes that were larger than the cue or
smaller than the cue, by producing an output of +1 or —1 respectively. In the first version of this
task, the probe can take one of only two values, either cue + 1 or cue — 1. In the second version of
the task, the probe can take any value in [3, 11]. While the goal of the task remains the same in both
versions, the distribution of the probes given the cue, and therefore information that the cue gives
about the probe is significantly different (Fig. 3.1). Performance of a neural network in this task
was estimated by measuring absolute deviation of the network’s output from the desired output of
+1 or —1 during the probe stage. Time-averaged deviation was also averaged across all trials of

cue-probe values, to obtain a score in the range [0, 1].

3.3.4 Neural network optimization

Neural network models described previously were optimized to perform the relational categorization
and CPG tasks using an evolutionary algorithm (Mitchell, 1998; Goldberg and Holland, 1988). This
optimization methodology involves instantiating a population of 100 random solutions that evolves
over several generations to produce solutions capable of performing the task. A generation is
defined as the process of creating a new population of solutions that has improved in “fitness”
(task performance) from the last. Each solution, referred to as a genotype, is an N dimensional
vector corresponding to the parameters to be optimized. The parameters were encoded to be in
the range [0, 1] and scaled to produce the neural network that the genotype encoded. In each
generation, the fitness of every genotype is evaluated and a new population is created using a

fitness-based selection and mutation strategy as follows: The genotypes that perform in the top 1%
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were retained as is for the next generation. The rest of the individuals were created by selecting
two genotypes preferentially in proportion to their fitness and combining them. To these offspring,
Gaussian mutation noise with mean 0 and standard deviation 0.01 was added before being added
to the population of genotypes for the next generation. After a fixed number of generations, the
best individual in the population was selected as the representative solution from that optimization
run. 100 such runs were conducted to obtain an ensemble of 100 neural network models that
successfully performed each task. For the relational categorization task, optimization was carried
out for 500 generations. In the case of the CPG task, at the end of 50 generations the optimization
process was terminated and deemed successful if the best agent in the population reached a fitness

of 30 or greater. This was repeated until 100 CPGs were produced.

3.3.5 Random neural networks

Matched random neural networks were created for the relational categorization task by shuffling the
parameters of the optimized neural networks. All parameter groups, namely time-constants, input
weights, recurrent weights, output weights, and biases were randomly shuffled within themselves
rather than across groups. Thus, the ranges of parameters were preserved in each group but their

associations with neurons were randomly shuffled.

3.4 Identifying the source of predictive information

Predictive information is the information encoded in neural activity about its future stimulus.
Formally, it is defined as mutual information between current neural activity (N;) and the stimulus
at a future time (Sy) (Palmer et al., 2015; Bialek, 2012; Ricke et al., 1999; Cover and Thomas,

2012; Shannon, 1948), according to:

P(sy|ny)

I(Sy,N;) = Z Pn(n;)P(sy|n,) log, Tst’) 3.7

87,0y
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Figure 3.2: Predictive information source estimation based on idealized agent-environment inter-
action. [A] Sensory stimuli (S) and neural activity (N) are two coupled dynamical systems. [B]
Agent-environment interaction unrolled over time. X represents current neural activity, N(¢), Y,
future environmental state, S(¢ + dt), and A and B represent the sources, namely past neural activity
N(t — 6t) and past environmental state, s(t — o¢) respectively. [C] Partial information diagram
for calculating the sources of predictive information in an agent-environment system. The total
information that X has about Y is a combination of information that is available uniquely from
A alone (green), uniquely from B alone (yellow), synergistically from their combination [A, B]
(pink), and redundantly from both of them (purple). PID allows us to measure information transfer
using these components. Alternatively, they can also be measured by estimating the total redundant
information from both sources combined (red) and removing the information from the other source.

where ' = t + 6t with 6t > 0, Py is the distribution of environmental stimuli, Py is the distribution
of neural activity across the entire experiment, P(s,|n;) is the conditional probability that the
stimulus is s at a future time ¢ given that we have observed a neural activity of n at time 7. When
this measure is estimated using the stimulus and neural activity across all data points separated in
time by some dt, it is a measure of reduction in uncertainty in future stimulus given the current
neural activity.

The presence of predictive information in a neural network suggests there is a source where this
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information was generated. In an idealized agent-environment system (Fig. 3.2A), the source of
information can be either the neural activity in the previous time step, the environmental stimulus
in the previous time step, or both (Fig. 3.2B). Measuring predictive information as defined in
equation 3.7 requires that we examine two variables: current neural activity (V;, henceforth X) and
future stimulus (S, henceforth Y). Identifying the source of this predictive information requires
that we examine two additional variables: past neural network activity (N;_s;, henceforth A) and past
stimulus (S;_s;, henceforth B). Such a four-variable analysis requires that we adopt multivariate
extensions to information theory. We focus specifically on Partial Information Decomposition
(PID) (Williams and Beer, 2010b), a method for decomposing multivariate mutual information into
combinations of unique, redundant and synergistic contributions, as well as measures of information
gain, loss and transfer (Bertschinger et al., 2014; Faber et al., 2019; James et al., 2016, 201 1; James
and Crutchfield, 2017; Lizier et al., 2018; Timme et al., 2014; Wibral et al., 2017; Williams and
Beer, 2011,2010b). In order to identify the source of predictive information, we can decompose the
total information that the current neural activity has about the future stimulus into three components:
(a) information uniquely transferred from past environmental stimulus, 7y.4—x; (b) information
uniquely transferred from past neural network activity, 7y.p—x; and (c) information redundantly
transferred from past environment stimulus and past neural network activity, Ty.(4 gy x, according

to:

Ty.a—x = Hr(Y; {[A, B], X}) — Ig(Y; {B, X})
Ty.px = Hr(Y; {[A,B], X}) — IIr(Y; {A, X}) (3.8)

Ty.apy—x = Hr(Y;{A,B,X})

where TIg(Y;{A,As,..Ar}) is the redundant information that random variables A; through A,
have about the random variable Y and [A, B] refers to a random variable that is a concatenation
of A and B. In words, information about Y transferred uniquely from source A to X is estimated

as the total redundant information from the combined sources [A, B] minus the information that
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is redundant with the other source B. This decomposition of the total information into different
contributions is typically represented using a PI-decomposition diagram (Fig. 3.2C). The PID
measures described here, as described in Williams and Beer (2010b), use I,,,;,, to estimate redundant
information, Ilg. Since these metrics have been proposed, there have been a few alternative
approaches proposed (Harder et al., 2013; Griffith et al., 2014; Ince, 2017) but we use I,,;, because
to date, this is the only approach that can guarantee non-negative decomposition of information in
a four-variable system.

During the course of behavior, the flow of information in a system changes over time (Izquierdo
etal.,2015a; Williams and Beer, 2010a). In order to understand the source of predictive information
for any agent-environment system, it is not enough to decompose information from multiple sources;
we must also track its flow of information over time. Although information theoretic measures are
typically averaged over time, the measures described above can be unrolled over time (Williams and
Beer, 2010a; Williams, 2011). This is done by measuring information transfer at each time-point
using data collected across several trials thereby allowing us to study the dynamics of predictive

information sources.

3.4.1 Measuring information transfer

To identify the source of information over time, information transfer measures were estimated inde-
pendently at each time point. For any given time step, data for environmental stimulus at the previous
time step, neural activity of previous time step, current neural activity, and stimulus at a future time
step, was collected across multiple trials. Probability densities were estimated from this data using
a kernel density estimation technique known as average shifted-histograms (Scott, 1985a) with 7
shifted binnings of 100 bins along each dimension of the data space. These probability density
estimates were then used to measure the redundant information terms in equation 3.8. All informa-
tion theoretic quantities were estimated from raw data using the infotheory package (Candadai and

Izquierdo, 2019a).
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Figure 3.3: Optimization and neural traces of CPG and PP. [A] Schematic and traces of a Central
Pattern Generator (CPG) that influences the environment through intrinsically generated oscilla-
tions. [B] Schematic and traces of a Passive Perceiver (PP) that is driven by oscillatory inputs from
the environment (in this case, by the environmental signals recorded from the CPGs) [C] Fitness
over time for 100 valid runs of optimizing a CPG model. Only runs that achieved a fitness greater
than 30 were deemed valid. [D] Neural traces from one trial of the best CPG demonstrating that
all neurons (red) as well as the neural network output (blue) oscillate. [E] Neural traces (orange)
when the output from the CPG shown in panel B was fed to a random neural network in the PP
condition demonstrating input driven oscillation in the random neural network.

61



20 A
CPG
15 A PP
-
(9]
c
2 10 4
o
@
e 5 4
0 T T T T
0 1 2 3
I(S_t', N_t)
B C
+. 1.00 A « 1.00 1
L L
= 0.75 1 = 0.75 A
Eg : Ty, {A.B}-X Eg ’ Ty {A.B} =X
TS 050 Tr.a—x TS 0.50 - Tria—x
Es T Es T
2E 025 resx 2E 025 e
£ £
< 0.00 1 £ 0.00 - —
0.00 0.25 0.50 0.00 0.25 0.50
time time

Figure 3.4: Predictive information in systems on the extremes of the range of possible agent-
environment interactions [A] Estimating total predictive information as shown in equation 3.7 shows
that CPG and PP models encode similar amounts of predictive information about environmental
state in the next time-step. [B] Decomposing that total information into information that came from
the environment and the neural network consistently showed that information about the next time-
step in the CPG originated in the neural network (yellow) before becoming redundant (purple) as
the environment and the neural network synchronized. [C] Conversely, with PPs, the environment
was consistently shown to be the source of information (blue) before they environment and neural
network synchronize and become redundant (purple).

3.5 Disparate systems with similar predictive information

Neural systems can be predictive in fundamentally different ways: they can generate predictive
information internally or they can extract it from environmental stimulus. We use computational
models of two extreme conditions where the ground-truth predictive information source is known
to be the environment in one condition and the neural network in the other, to demonstrate that
(a) predictive information cannot distinguish between these different kinds of systems and (b)
it is only through decomposing the information across sources and unrolling over time that we

can distinguish the two systems based on their operation. The two conditions we consider are
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agent-environment interactions at two extremes of the range of possible interactions: a central
pattern generator (CPG) and a passive perceiver (PP). In the CPG condition, the neural network
influences the environment by producing spontaneous oscillatory activity but receives no input
from the environment (Fig. 3.3A). In the PP condition, the neural network is influenced by input
from the environment, but it does not affect the environment (Fig. 3.3B). We evolved 100 different
dynamical recurrent neural network CPGs, and in each case, we fed the sum of the neurons’
outputs to the environment. All runs produced CPGs that could reliably produce oscillations
(Fig. 3.3C,D). For the PPs, we generated 100 random neural networks and fed them an oscillatory
input. In order to provide the same distribution of activity as the CPG condition, we provided the
random neural networks with the same oscillatory environmental signal that CPGs generated which
caused the random PP networks to oscillate (Fig. 3.3E). The environmental signal and neural data
were recorded from each instance for 500 trials where, in each trial the environment started with
a different initial condition. Although, the environmental signal and the neural activity exhibit
oscillatory activity in both conditions, the key difference in the operation of these systems is that
in the CPGs the neural network drives its own activity and in the PP, the environment drives the
neural network. Therefore, the neural network is the source of predictive information in the CPGs
and the environment is the source of predictive information in the PPs.

As a first step in the analysis of these two systems, we used the recorded data to measure
predictive information in the neural network about the environmental signal in the next time-step
(6t = 0.02s). To calculate predictive information, data distributions were constructed using all
tuples of neural activity at time ¢ and environmental signal at time ¢ + 6¢, averaged across time and
trials. The analysis revealed that the neural networks, in these two otherwise diametrically opposed
systems, encoded similar levels of information about stimulus in the next time step (Fig. 3.4A).
From this first experiment, we conclude that predictive information is not sufficient to distinguish
systems that generate their own predictive information from systems that encode the information
available from the environmental stimuli.

To understand what makes these two neural systems different, it is necessary to identify the
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source of their predictive information. As anext step in our analysis, we decomposed the information
in the neural system about the future stimuli across the different possible sources and we unrolled
the analysis over time. At each time-point, we measured information in the neural network about
the environmental signal in the next time-step that was uniquely transferred from the environment,

uniquely transferred from the neural network and redundantly from both.
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Figure 3.5: Optimizing neural networks to perform relational categorization. [A] Distribution of
cue and corresponding probes in the relational categorization task. For each cue, the probe can
be one of two values: greater, cue + 1, or lesser, cue — 1, with the expected outputs of +1 (red)
and —1 (blue) respectively. [B] One trial of the relational categorization task. The cue stimulus
is presented till t=5, followed by a delay period with no stimulus (t=5 to t=15) and then a probe
that is greater (red) or lesser (blue) than the cue is provided. [C] Behavior of the best out of 100
dynamical neural networks optimized to perform this task showing perfect categorization of the
relational value from 35 trials where the probe was greater (red) and 35 where the probe was lesser
(blue). [D] 100 independent runs all converged to near-perfect performance with deviation from
a perfect score only due to small deviations from expected output and not mis-categorization. [E]
Neural networks whose weights and time-constants were scrambled lost their ability to perform the
task.
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In the CPG condition, since the neural networks are not influenced by the environment
(Fig. 3.3A), the only source of information about the future environmental signal is from the
neural network itself. Accordingly, the dynamics of information transfer for CPG systems reveals
correctly that the neural network is the source of predictive information (Fig. 3.4B). At the start of
the interaction between agent and environment, the neural network uniquely transfers information
about the future environmental state to the environment. Following that, the environment quickly
becomes synchronized with the neural activity. This means that the state of the environment be-
comes informative of its own future state. This results in the environment and the neural network
becoming redundant sources of predictive information. Crucially, however, the environment never
provides any unique information to the neural network about its future stimulus.

In the PP condition, since the neural networks are driven by the environment (Fig. 3.3B),
the only source of information about the future environmental signal is the stimulus from the
environment itself. Accordingly, the dynamics of information transfer for PP systems reveals
correctly that the environment is the source of predictive information (Fig. 3.4C). As opposed to
the CPG systems, at the start of the interaction between the neural network and the environment,
it is the environment that transfers unique information to the neural network. Subsequently, and
similarly to the CPG condition, as the state of the neural network begins to encode the information
from the environmental stimulus, the predictive information is redundantly transferred by both
the neural network and the environmental stimulus. Consistent with our expectation, the neural
network never provides any unique information to itself about the future of the stimulus.

In summary, in this section we show that predictive information alone cannot distinguish between
two extremely different kinds of neural systems, both of which encode predictive information about
the future of the environment. This is because when the entire time course of the data is considered,
the environment and neural network are synchronized for a majority of the time. Information
uniquely transferred from any source is only detectable within a short time window before they
synchronize. In this section, we have shown that decomposing information across sources and

unrolling over time allows us to study information source dynamics at every perturbation to the
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agent-environment interaction and hence reveals the source of predictive information.
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Figure 3.6: Predictive information source dynamics with structured stimuli. [A] Dynamics of
information about the cue during the cue stage show information uniquely provided by the environ-
ment (green) initially, but becoming redundantly available in the neural network and environment
(purple) as it encoded the cue. [B] Towards the end of the cue stage, information is entirely
redundant (purple). When the stimulus stops being provided at t=5, the neural network is the
unique source of information about the cue (orange). [C] Dynamics of information about the cue
just before the probe arrives showing that the neural network continues to retain information about
the cue (orange). At t=15, when the probe is provided, information quickly becomes redundant
(purple) denoting that the probe has information about the cue.

3.6 Predictive information with structured stimuli

The natural environment is not uniformly random but is in fact highly structured with spatial

and temporal regularities (Barlow, 2001; Graham and Field, 2007; Huang and Rao, 2011). This
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structure is reflected in the stimulus that agents receive from the environment. Accordingly, this is
emulated in most preparations in neuroscience, where a neural system is presented with artificial
stimuli with some underlying structure designed by the experimenter. We posit that the structure in
the environment will strongly influence the amount of predictive information encoded by the neural
network and its sources. In order to study this, we examined the flow of information in a neural
network model trained to solve a relational categorization task.

Relational categorization is the ability to discriminate objects based on the relative value of
their attributes (Gentner and Kurtz, 2005; Markman and Stilwell, 2001). This task allows us to
specify the inherent structure in the environment by changing the distribution of objects whose
attributes are compared thus making it especially suited for studying the influence of environmental
structure on predictive information. It involves providing the neural network with stimuli across
three stages: cue, delay, and probe. In the cue stage, the neural network is provided with a stimulus
of specific magnitude for a duration of time. This is followed by a delay stage, where no stimulus
is provided. Finally, in the probe stage, the neural network is provided with a second stimulus.
The magnitudes for the cue and probe stage stimuli are picked from a predesignated distribution
(Fig. 3.5A). It is this distribution that defines the structure in the environment. For this study, we
design it such that the stimulus in the probe stage can have a magnitude that is one of two values:
smaller (cue — 1) or larger (cue + 1) than the stimulus provided during the cue stage (Fig. 3.5B).
The goal of the neural network in this task to perform a relational categorization of “greater than”
or “lesser than” by producing an output of +1 or —1 respectively, during the probe phase. This task
has been widely studied in a variety of contexts including in humans (Kurtz and Boukrina, 2004),
pigeons (Wills, 1999), rats (Saldanha and Bitterman, 1951), insects (Giurfa et al., 2001), as well as
using computational models (Williams et al., 2008; Izquierdo-Torres and Harvey, 2005).

In this section, we show results from analysis of neural network models performing the re-
lational categorization task. We demonstrate that decomposing information across the sources
and unrolling over time reveals that the environment is structured by appropriately attributing the

observed predictive information to either the environment or the dynamics of the neural network.
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Furthermore, we demonstrate that encoding predictive information alone is not indicative of task
performance and that the magnitude and source of predictive information can change during the

course of a behavior depending on environmental structure and neural network dynamics.

3.6.1 Characterizing information source dynamics in the best optimized neural network

Dynamical recurrent neural networks were optimized using an evolutionary algorithm to perform the
relational categorization task. A total of 100 independent evolutionary runs yielded an ensemble of
100 different neural networks that could successfully perform the task (Fig. 3.5D). The best neural
network from this ensemble achieved a performance of 93.12%. Although this neural network
correctly classified all probes, the performance score was not perfect due to slight deviations in the
output (Fig. 3.5C).

In order to better understand how a neural network performed this task, we can characterize the
flow of information across the agent-environment system. To this end, we decomposed the total
information that the best neural network from the ensemble had about the cue into information
uniquely transferred from the environment, uniquely transferred from the neural network, and
redundantly from both, during the course of the task. During the cue stage, the environment was
initially the unique source of information about the cue (Fig. 3.6A). As the neural network encoded
the stimulus, the source became redundant. During the delay stage, the environment ceases to be
a source of information. As the neural network had already encoded information about the cue,
it becomes the unique source (Fig. 3.6B). Crucially, the neural network preserves this information
throughout the delay stage. Finally, during the probe stage, the environment once again becomes
a source, and therefore the source is redundant (Fig. 3.6C). Note that when the environment
provides the probe stimulus it became the source of information about the cue. Since the neural
network already contained information about the cue, the neural network and the environment both

redundantly act as the source.
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Figure 3.7: Inferring the source of predictive information is robust to different binning and shifted-
histograms. Results are qualitatively similar to results from fig. 3.6A after changing [A] number
of shifted bins to 3 [B] number of shifted bins to 11 [C] number of bins per dimension to 50 and
[D] number of bins per dimension to 200, for cue (top row), delay (middle row) and probe (bottom
row) stages of the task.

As explained previously, predictive information in this task arises from the relationship between

cue and probe stimuli. Encoding information about the cue automatically results in encoding
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Figure 3.8: Inferring the source of predictive information is robust to zero-mean Gaussian noise
with standard deviation [A] 0.01, [B] 0.05 and [C] 0.1. Results are qualitatively similar to results
from fig. 3.6A for cue (top row), delay (middle row) and probe (bottom row) stages of the task.

information about the probe (and vice versa). This is because knowing the cue significantly reduces
uncertainty about the probe; the probe can only be one of two values given a cue. Predictive
information that the neural network has about the probe and its sources is qualitatively similar to
the information it has encoded about the cue (Fig. 3.6D-F). The neural network encodes information
about the probe stimulus upon receiving the cue, and retains that predictive information during
the delay stage. This is merely a consequence of encoding and retaining the cue. The entire
ensemble of neural networks optimized to perform this task consistently exhibit this phenomenon
of encoding information about the probe transferred uniquely from the cue stimulus (Fig. 3.6G-I).
Similar results were observed when these information quantities were measured using 5 and 11
average shifted-histograms and with 50 and 200 bins per dimension (Fig. 3.7). Moreover, these

results were robust to noise in the neural network (Fig. 3.8).
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Figure 3.9: Comparison of predictive information sources in optimized and random neural net-
works. [A] Total predictive information estimated by averaging over the entire course of the task is
similar in random and optimized neural networks. [B] Total predictive information about the probe
averaged across the cue stage of the task, is the same in random and optimized neural networks. [C]
Decomposition of that total predictive information showing that information about the probe in both
random and optimized neural networks was from the environment (green), eventually becoming
redundant as they both encoded the cue stimulus (pink). The neural network had no role to play in
its encoding of predictive information about the probe during the cue stage (orange).

3.6.2 Environmental regularities induces predictive information in any neural network

Since optimized neural networks encode information about the probe merely by encoding the cue,
does any neural network that encodes the cue also encode information about the probe, and therefore
have similar predictive information? In order to study this, we created 100 random neural networks
and presented them with the same task. Although these neural networks were not able to perform
the relational categorization task (Fig. 3.5B), they encoded similar amounts of total predictive
information as the trained neural networks (Fig. 3.9A). Specifically, they encode the same amount
of information about the probe during the cue stage (Fig. 3.9B). Furthermore, decomposing that
information revealed that the information originated from the environmental stimulus and that the
neural network dynamics had no role in its encoding of predictive information in both random
and optimized neural networks (Fig. 3.9C). Thus, predictive information alone is not sufficient to
distinguish neural networks optimized to perform specific tasks from random neural networks that

are merely reflecting the information provided by the environment.

71



e
Q - ==
£33 5 =
u.= w
cEd
= b
205 41
o= \
ELT 4
c2c 2
Souw
55 2
ESE Task Stage
582 1- .
ks delay-begin
0 delay-end
T T
Optimized Random
MNetworks Networks

Figure 3.10: Influence of neural network and environmental properties on predictive Information.
[A] Both random and optimized neural networks have similar levels of information about the
probe at the beginning of the delay stage (light orange), but unlike optimized neural networks,
random neural networks lose that information by the end of the delay stage (dark orange). [B]
Total predictive information in the optimized neural networks about the probe during the cue stage
showed a significant drop upon changing environmental statistics from 2 probes/cue to 9 probes/cue.
[C] Drop in total information show in B can be attributed to the drop in information uniquely from
the environment about the probe in the 9 probes/cue setting.

3.6.3 Information decomposition distinguishes between random and optimized neural net-

works

Unlike CPG and PP that were distinguished based on having different information sources, random
and optimized neural networks in the relational categorization task have the same information
sources. Even under this condition, decomposing the total information across sources and unrolling
over time helps distinguish them by revealing differences in the magnitude of information transferred
from each source over time. Specifically, predictive information sourced by the neural network
during the delay stage is markedly different between random and optimized neural networks. As
discussed in the previous section, optimized neural networks preserve information about the cue
(and hence predictive information about the probe) during the delay stage. In contrast, random
neural networks tend to lose that information. As a consequence, the amount of unique information
provided by the neural network at the end of the delay period is higher for the trained neural networks

than for the random neural networks (Fig. 3.10A). This difference disappears when information is
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Figure 3.11: Different environmental structures within the relational categorization task [A]
Relational categorization task with highly structured stimuli; for each cue probe is one of two
possible values. [B] Relational categorization task with minimal structure in stimuli; probe can be
one of 9 values for a given cue. [C] Conditional probability of probes given a cue for environmental
structure shown in panel A, demonstrating the significant reduction in uncertainty of the probe
given the cue. [D] Conditional probability of probe values given a cue under the environmental
structure in panel B shows that probe values still have a nearly uniform distribution, and hence
very less reduction in uncertainty. [E] Neural networks optimized to perform under the distribution
shown in panel A perform just as well under the distribution shown in panel B.

measured across time, and can only be observed by unrolling it over time.

3.6.4 Statistics of the environment influences magnitude of predictive information

Encoding the cue results in encoding information about the probe in this task because of the
relationship between them. How does changing this relationship impact predictive information
in the neural networks? In order to study this, without changing the nature of the relational
categorization task we merely changed the structure in the environment. This was achieved by
modifying the task such that the probe could be one of 9 possible values for a given cue, rather than

one of two possible values (Fig. 3.11B). Reduction in uncertainty about the probe’s value given the
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cue is now much less compared to the original environmental structure (Fig. 3.11C,D). This will
be reflected in the information that the cue can provide about the probe. However, this came at
no cost to performance because the neural networks were still encoding the cue just as well. The
same ensemble of optimized neural networks were able to perform this task successfully without
any more training (Fig. 3.11E). Information dynamics was then measured using data recorded
under this 9-probe condition. Measuring the total information in the neural network during the cue
stage about the probe revealed that there was significantly less information in the neural network
in 9 probes per cue condition (Fig. 3.11F). The reduction in total predictive information can be
wholly attributed to the reduction in information about the probe (Fig. 3.11G). Thus, differences
in environmental structure can result in significantly different amounts of predictive information

encoded in neural networks without any behavioral differences.

3.7 Discussion

The study of predictive coding and its relevance to behavior has been studied from multiple
perspectives in the literature with regards to the source of information: predictive information
can be generated by the neural network (Friston, 2010; Friston and Kiebel, 2009) and predictive
information can be provided by the environment (Bialek, 2012; Bialek et al., 2001). In this work,
using computational models where the ground-truth about the source of information was known,
we demonstrate that predictive information can originate from either the environment or the neural
network or both, and that the source of information can dynamically change during the course of
a behavior. In order to do this, we first presented a theoretical framework based on multivariate
information theory that allows us to infer the source of predictive information and its dynamics. This
involved decomposing the total information that neural networks encode about a future stimulus
into information transferred uniquely from the neural network, uniquely from the environment
and redundantly from both sources. We validated this framework using the CPG and PP models
where information is known to originate from the neural network and the environment respectively.

Second, using the more structured relational categorization task, we demonstrated that (a) amount
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of predictive information encoded in a neural network is not indicative of its performance; (b) the
source of information about a future stimulus can change during the course of the task; and (c)
the source of information about a future stimulus can change within the same task depending on
the regularities of the environment. Thus, predictive information might be necessary but is not
sufficient to explain the neural basis of a behavior. Decomposing information across sources and
studying its dynamics over time takes us one step further in understanding the role of predictive
information in a behavior.

The framework presented here for inferring the source of predictive information takes us be-
yond general correlations that information theoretic measured are known to capture by capturing
the effects of perturbation on the neural system. Identifying the sources of predictive information
requires that the system under study be perturbed. The presentation, removal or sudden change of
a stimulus is a perturbation. This causes the system to break the redundant encoding observed in
a steady-state. It is during such a perturbation that we can use partial information decomposition
to determine the source of information in a coupled system. Once the neural network and the
environment settle into the next steady-state after the transient due to the perturbation, information
once again becomes redundant between them. Thus, through the combination of information de-
composition, time-unrolling and perturbation we are able to infer the ground-truth causal influences
in the models we have analyzed.

The framework presented here can be applied to experimental data across multiple scales. In
fact, it can be applied to any time-series data spanning multiple trials corresponding to several
perturbations from the steady state. However, in this work, we focus on open-loop systems.
Specifically, we focus on agent-environment systems where the agent influences its environment or
where the agent is influenced by the environment. Such an open-loop setup is typical in experiments
in neuroscience, where the subject receives a stimulus, but does not have the ability to influence the
future stimulus through their state or actions. In natural behavior, the agent and environment are
in closed-loop interaction. The analysis of closed-loop systems introduces an added complexity.

The regularities of the environment can be generated by the regularities of the neural network’s
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dynamics and vice-versa. As a result, the distribution of environmental stimuli and the distribution
of the neural activity are dependent on each other, unlike the open-loop setup where one of them
is independent of the other. As it is, the framework requires that one of the distributions be fixed
across time in order to make fair comparisons of information at different time-points. Future work
in this direction will involve extending the framework and designing the experimental setting that
would allow us to infer the source of predictive information in a freely moving animal.

The general idea of living organisms implementing predictive coding has strong theoretical and
experimental support. Importantly, experimental evidence and theoretical proposals at the moment
have the potential to encourage the notion that predictive information can be acquired from the
environment while also being generated internally. Our work provides a framework within which
such a dual contribution, externally from the environment and internally by the living organism,
can be studied. Moreover, it enables a study of temporal dynamics in the contribution of these
two sources. We also show that environmental regularities can significantly offset effort required
to acquire this information by simply providing it at no (or minimal) cost to the animal. This
makes the case for taking into consideration environmental variables into our purview of analysis
to delineate the role played by the brain in behavior. Ultimately, including the environment in the
study of neural basis of behavior will enable a comprehensive study of embedded embodied living

systems.
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Chapter 4

Multifunctionality

In this chapter, I discuss our work analyzing the extent to which neural resources can be reused across
tasks in multifunctional neural networks. In the first section of this chapter, I introduce our work
and its motivation. Following that, I discuss the literature involving reuse of neural circuitry across
behaviors, and its associated mechanisms. Following that, I explain the methodological details
involved in building models of multifunctional neural networks, and analyzing them. Finally, I

explain the results of the analyses and then discuss the implications of our results.

4.1 Introduction

A crucial aspect to adaptation in cognitive beings is their ability to exploit regularities in the
environment and reuse existing resources across multiple behaviors. Extensive empirical evidence
shows that neural resources optimized during the course of learning one behavior are reused for
others (Anderson, 2010a). This multi-functional ability of neural circuits has been demonstrated in
the small nervous systems of the nematode worm Caenorhabditis elegans (302 neurons) (Hobert,
2003) as well as in the macro scale of the human brain (100 billion neurons) (Lizier et al., 2011).
The mechanisms that facilitate this phenomenon have largely been attributed to neuromodulation
and synaptic plasticity (Briggman and Kristan, 2008; Getting, 1989; Morton and Chiel, 1994).
However, it is still unclear if neuromodulation is necessary for multifunctionality, and to what
extent neural resources are shared across multiple behaviors.

The goal of this work is to show a concrete example of how the interaction between brain,
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body and environment enables neural networks to perform multiple behaviors and elucidate the
extent of neural reuse. The work presented in this chapter approaches this from two perspectives:
information-theoretic and dynamical systems-theoretic. One of the most useful tools in under-
standing how neural networks process information is the ability to quantify information transfer
by action potentials through the use of information theory (F. Rieke and Bialek., 1996). Transfer
entropy (TE) (Schreiber, 2000b; Kaiser and Schreiber, 2002) is an information-theoretic measure
that is being used extensively for estimating effective networks that emerge from task-specific
interactions between the underlying structural network elements at different spatial and temporal
scales (R. Vicente and Pipa., 2011; S. Ito and Beggs, 2011; Rubinov and Sporns., 2010; Nigam
et al., 2016; Gourévitch and Eggermont., 2007a; M. Garofalo and Martinoia., 2009; N. Timme and
Beggs., 2014; M. Shimono, 2015). Most of the work analyzing information processing in the brain
has been experimental, focusing on three main techniques: fMRI, in vitro, and in vivo studies.
While fMRI studies have yielded several insights into whole-brain organization, development and
pathology, network nodes are defined at the macro or meso-scale where each node corresponds to
hundreds or thousands of neurons (R. Vicente and Pipa., 2011; N. Kriegeskorte and Bandettini.,
2006). In vitro studies have helped understand the micro-level structural organization and flow of
information across small networks of neurons, but it is not possible to study neural dynamics in the
context of behavior (N. Timme and Beggs., 2014; S. Ito and Beggs, 2011). Finally, in vivo studies
make it possible to record micro-scale activity from behaving animals, but resolving the cortical
network that is involved in a behavior and recording from all neurons involved in that particular
behavior is not feasible yet. From a dynamical systems theoretic perspective, reuse in embodied
recurrent neural networks unfold over three levels: structural network, autonomous dynamics of
the neural network, and transient dynamics of the neural network. Structure is defined by the neural
circuit itself, the intrinsic parameters of the neurons, and the synaptic strength of connectivity
between them. While it is possible that an agent possesses specialized circuits for performing
different behaviors, reuse at this level involves utilizing overlapping circuits to produce multiple

behaviors. The next level, when structure is reused, is that of the neural network’s autonomous
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dynamics isolated from the body. Each behavior is associated with a set of phase-portraits corre-
sponding to the inputs the agent experiences while performing them. The sets of phase-portraits
(and the attractors therein) could be overlapping or could be unique to each behavior. The set of all
attractors from all phase-portraits corresponding to a behavior are also referred to as the attractor
set of the behavior in this paper. The third level of reuse is that of ongoing transient dynamics as
the agent is in continuous closed-loop interaction with the environment. When there is attractor
reuse from the previous level, it is possible that multiple behaviors navigate different transients
around those attractors or, they might be reused too. In this work, the information theoretic analyses
was employed to capture the overlap task-specific informational architecture, and the dynamical
systems theoretic analyses was employed to study temporal aspects of reuse over the course of each
behavior.

Over the past few decades, theoretical neuroscientists have begun to study computational models
of networks of model neurons with the aim of understanding the relationship between neural activity
and function. However, most of this work has focused on characterizing the dynamics of the abstract
network, without any substantial connections to function (van Vreeswijk and Sompolinsky, 1996;
N. Kopell and Traub, 2000; Brunel, 2000; E. S. Schaffer and Abbott, 2013). More recently, work has
begun to focus on developing functional spiking neural networks (L.. F. Abbott and Memmesheimer,
2016). However, this has been generated largely for disembodied networks: a network receives a
time-series input, and its task is to generate a specified output (D. Thalmeier and Memmesheimer,
2016). These models address how specific patterns of neural activity are generated by sensory
stimuli or as part of motor actions, but lack the continuous closed-loop interaction between the
brain, body and an environment. Incorporating these components to address how a neural circuit
works, requires us to develop behaviorally-functional spiking networks. The view that the body and
the environment play a crucial role in the understanding of behavior is increasingly accepted (Chiel
and Beer., 1997; Izquierdo and Beer., 2016) and there has been some work that has focused on
understanding behavior through the development and analysis of whole brain-body-environment

models (Beer, 2003).
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Optimizing dynamical neural networks to perform two closed-loop tasks, object-categorization
and pole-balancing, revealed that neural networks are capable of performing multiple tasks in the
absence of neuromodulation or plasticity. Information-theoretic analysis of the multifunctional
neural networks revealed that neural networks that reused the same structure such that the TE
networks associated for each task was distinct, consistently performed the tasks well. However, the
converse was not true; agents that did not have distinct TE networks per task also performed both
tasks well. Furthermore, based on a dynamical systems theoretic analysis, we show for the first time
to our knowledge that reuse of transients, namely indistinguishable neural activity, can produce
starkly distinct behaviors in embodied dynamical neural networks. This can only be observed
when the brain is studied in conjunction with the closed-loop interaction between the body and the

environment.

4.2 Related work

The ability of neural circuits to dynamically reconfigure themselves to perform multiple functions
has been studied under various contexts. Peter A. Getting introduced the term “polymorphic
network” to denote networks that could be switched into different modes of operation based on a
modulatory signal (Getting and Dekin, 1985; Getting, 1989; Marder, 1994). Kristan et al. (1988),
based on their study of three different behaviors in the medicinal leech: the shortening reflex,
crawling and swimming, demonstrate the presence of “multifunctional interneurons” that are active
at different levels for each behavior and result in driving the appropriate central pattern generators
Morton and Chiel (1994) describe “reorganizing circuits”, based on experimental observations in
crustacean stomatogastric (more on this later), as neural circuits where (a) single neurons switch
from one pattern to another or (b) multiple neurons switch from one pattern to another or (c) two
pattern generators fuse to form a new pattern generator or (d) many neurons form distinct pattern
generators fuse to form one new pattern generator. Finally, Anderson (2010a) proposed a theory
based on “neural reuse” as a principle for the functional organization of the brain. This was based

on the idea that the brain’s architecture is based on optimization to co-opt and reuse of neural
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resources across tasks. Ultimately, albeit discussed under different but synonymous terminologies,
the idea of functional reorganization of neural resources across tasks is pervasive in Neuroscience
and is increasingly studied (Briggman and Kristan, 2008; Lurie et al., 2019). In the rest of this
section I first discuss the different extents to which neural resources can be theoretically reused
in a multifunctional circuit, followed by a discussion of existing work on different mechanisms
that may enable multifunctionality and the computational models that demonstrate their feasibility,

including experimental evidence that supports each of them.

4.2.1 Organization of multifunctional circuits

In order to study multifunctional neural networks it is useful to first make the distinction between
anatomical and functional connectivity. Anatomical or structural connectivity refers to the physical
synaptic connections and their connection strengths in a neural networks. On the other hand,
functional connectivity refers to the connectivity inferred from interactions between neurons dur-
ing the course of a behavior. Reuse of neural resources can be studied across both these levels
and lies on a spectrum. In one end of the spectrum lies anatomical reuse, multiple tasks could
be performed using distinct neural circuits. Alternatively, the anatomical neural networks could
be overlapping i.e. some of the neurons might be active during both tasks (Figure 4.1A). This
phenomenon has been observed in several circuits, for example several neurons that generate the
pyloric rhythm in the stomatogastric ganglion of the crab are also involved in generating gastric
mill patterns (Weimann et al., 1991; Katz and Harris-Warrick, 1991). Similarly, scratching and
swimming in turtles (Berkowitz, 2002), and swimming and crawling in the medicinal leech (Brig-
gman and Kristan, 2006a) has been shown to involve a shared pool of neurons while each behavior
still having specialized neurons. Finally, the entire circuit might be reused across tasks, meaning
all neurons would be active in multiple behaviors. This has been observed primarily in pattern
generating circuits that have been observed to produce different oscillatory patterns under different
conditions leading to different behaviors. For instance, in the sea slug, Tritonia diomedia, the same

circuit drives independent muscles to perform swimming and crawling respectively (Popescu and
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Figure 4.1: Extents of anatomical and functional overlap in neural networks. [A] At the anatomical
level, different behaviors could be performed by distinct neural circuits; some of the neurons could
be shared and reused across multiple behaviors; or all neurons could be active during multiple
behaviors. The latter two conditions demonstrate a overlap off functionality amongst those shared
neurons. [B] When there is anatomical overlap, it is often assumed that the circuit operates in distinct
modes for each behavior. As we show in this chapter, this can be captured by the specialization in the
interaction between neurons specific to each task. [C] Finally, the specialization in the interactions
could arise from entirely distinct modes of operation denoting the presence of functional modules
for each task. Alternatively, studying the dynamics over time might reveal an overlap in the
dynamics of the circuit as it performs multiple tasks.

Frost, 2002); and the pre-Botzinger complex in the brain stem has been shown to be responsible
for different respiratory patterns such as eupneic breathing, gasps, and sighs (Lieske et al., 2000).
These experimental observations shed light on the wide range of structural overlap that is possible
in multifunctional networks based on which neurons are active during different behaviors.

The adoption of network science into Neuroscience provided a plethora of theoretical tools to
study neural networks (Bassett and Sporns, 2017). One such tool that is especially useful for the
study of multifunctional networks is the concept of functional networks. Estimating the functional
connectivity network from neural activity captures the task-dependent dynamics in the neural
network that emerges over the anatomical network (more on methods for estimating functional
networks is discussed later). Thus, it enables us to go beyond identifying neurons that are active
in multiple tasks, and investigate how the co-active neurons interact over the course of multiple

tasks (Figure 4.1B). While functional networks have been estimated across multiple tasks in the

82



human brain most studies are focused on identifying the task-specialized regions of the brain (See
Power et al. (2011) and Anderson et al. (2013) for an integration of such studies). Work that
involves the study of overlap in the functional networks, while few, have shown interesting results.
Language and executive functions have been shown to share functional networks in a way that can
explain recovery from aphasia (Cahana-Amitay and Albert, 2014). Conversely, multifunctionality
has been shown to arise in the “disgust” related regions of the brain in patients suffering from
Obsessive Compulsive Disorder (Viol et al., 2019). In the work presented in this chapter, using
a computational model we investigate the extent to which functional networks can overlap across
tasks.

When there is anatomical overlap, from a dynamical systems theoretic perspective, there are two
possibilities: the dynamics of the overlapping neurons could be in distinct parts of the state-space,
dynamical modularity, or the dynamics could be reuse such that the ongoing neural activity is reuse
across tasks, dynamical reuse (Figure 4.1C). While anatomical overlap has been widely studied in
the literature, it is often assumed that anatomical overlap involves functional modularity. Perhaps
the best example of such a study would be a computational model based study of legged-walking in
Beer et al. (1999) and Chiel et al. (1999). They demonstrate that the different phases of a walking
behavior such as swing and stance could be attributed to distinct dynamical modules, and that,
performing the walking behavior involved switching between them based on intrinsic dynamics
or environmental feedback. In the work presented in this chapter, using a computational model
of multifunctional neural network we demonstrate that neural reuse occur down to the level of

dynamical reuse - no modularity at any level.

4.2.2 Mechanisms for multifunctionality

In this section, I discuss mechanisms that have been attributed to the emergence of task-specific
neural dynamics in anatomically overlapping networks. The three primary mechanisms that have
been attributed to enabling multifunctionality are: switching behaviors based on the activation, or

lack thereof, of an interneuron; neuromodulation; and environmental feedback. While the first two
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have been widely studied in experimental neuroscience, the ability of environmental feedback to
enable multifunctionality even in the absence of other plasticity mechanisms has not been studied

as much.

Multifunctionality through switching neurons

A multifunctional circuit’s dynamics can be altered by the activity of projection neurons that
can selectively inhibit/excite neurons in the multifunctional pool of neurons. For instance, the
stomatogastric ganglion (STG) of crabs exhibits two kinds of gastric mill rhythms, type I and type
II, that has been shown to be modulated by projection neurons CG and GI. Type I oscillations
have been observed when CG inhibits particular STG neurons (Simmers and Moulins, 1988) and
type II oscillations have been observed due the combined activation of CG and GI which results in
disinhibition of the STG neurons (Combes et al., 1999b). While this example shows evidence of
multiple projection neurons acting in parallel, this is not always the case. In the tadpole of the frog
Xenopus, oscillatory activity in a group of neurons that govern swimming and slower oscillations
in the same neuron observed during struggling are mediated by a single projection neuron. While
activation of the projection neuron elicited swimming, prolonged activation results in the struggling
behavior (Soffe, 1997). Similarly, in zebrafish, the level of activity of a single neuron results in
the activation one of two different central pattern generating circuits that lead to escape versus
swimming (Ritter et al., 2001). Thus, different interactions between the multifunctional circuit and

its projection neurons have been shown to reliably elicit multiple behaviors.

Multifunctionality through neuromodulation

Perhaps the most studied mechanism that enables the same circuit to perform multiple behaviors
is neuromodulation. As the name suggests, neuromodulators act on neural circuits effectively
changing the dynamical landscape over which the circuit is operating. Thus, the same network can
perform different tasks as they operate under the influence of different neuromodulators or in their

absence. Two neuromodulators, serotonin and dopamine have been shown to enable switching be-
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tween swimming (Nusbaum and Kristan, 1986) and crawling (Crisp and Mesce, 2004) respectively
in the leech. While serotonin promotes swimming, dopamine terminates swimming and initiates
crawling in the “swim” central pattern generating neurons of the leech. As such, this is an example
of two different neuromodulators acting on the same circuit to elicit different behaviors. Addi-
tionally, studies of the stomatogastric ganglion (STG) of crabs has yielded several insights into the
role of neuromodulation in multifunctionality (Swensen and Marder, 2000). Specifically, the STG
produces three different kinds of rhythms: pyloric, gastric mill and cardiac sac rhythms (Hooper
and DiCaprio, 2004; Marder and Bucher, 2001). It has been shown that the proctolin, released from
an interneuron identified as MPN, can initiate or speed up pyloric rhythms (Nusbaum and Marder,
1989a,b). While the pyloric rhythm is controlled by the neuromodulator, the same interneuron
MPN inhibits gastric rthythm (Blitz and Nusbaum, 1997, 1999) indicating that multifunctionality
can emerge from the convergence of multiple mechanisms on the same neural circuit - in this case,

transmitters and neuromodulators.

Multifunctionality through brain-body-environment interaction

An animal that is embedded in an environment is involved in a closed-loop interaction with it. The
environmental feedback that an animal receives in response to its actions is constantly influencing
its behavior. Consequently, the feedback an animal would receive in one task is characteristic
of that task and is qualitatively distinct from feedback in a different behavior. Based on this, it
can be posited that the same circuit could perform multiple behaviors purely due the difference
in closed-loop environmental feedback eliciting different dynamics. Importantly, this can happen
in the absence of biophysical mechanisms such as neuromodulation. Multifunctionality emerging
from animal-environment interaction is the focus of this chapter.

Most of neuroscience research has only focused on one of the two mechanisms discussed above.
Perhaps the most significant support for this third mechanism comes again from studies of the crab
STG. As discussed previously, two gastric mill rhythms are elicited via the activation of project

neurons CG and GI. However, these projection neurons are in turn influenced by the mechanosensory
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neuron, AGR (Combes et al., 1999a). Thus effectively, the the switching between the gastric mill
rhythms is due to mechanosensory neurons that feed into the overall gastric circuit, which can be
construed as environmental inputs to the STG. Inspired by multi-stable central pattern generating
circuits in the crab, there have be computational modeling studies that have replicated the different
rhythms that would lead to swimming or walking using neural network models. Specifically, a
coupled-oscillator model was demonstrated to show newt-like swimming and walking rhythms
based on input from the stretch-receptors and limb proprioception (Bem et al., 2003).

The work presented here builds on previous work using brain-body-environment computational
models for multiple tasks by developing a computational model of a brain-body-environment
system that performs multiple behaviors using the same sensory and motor capacities. In the work
by Izquierdo and Buhrmann (2008), the same neural network without any changes in parameters
was shown to perform two qualitatively different behaviors while placed in two different bodies.
Williams and Beer (2013) showed that when different motor systems are used for different tasks,
the qualitative difference in environmental feedback drives the same network differently to produce
different behaviors. Agmon and Beer (2014) presented a model where different sensory apparatus
in the agent, sensitive to different stimuli, performed different associated behaviors using the same
motor control systems. In these models, although the neural network remained the same, the
body was changing. The work presented in this chapter, uses the same sensory and motor control
mechanisms for two tasks - object categorization and pole-balancing. Using a combination of
information-theoretic and dynamical systems theoretic analyses, we show that while tasks can have
task-specialized dynamics on a time-aggregated metric, reuse to the level of transient dynamics can

be observed when the brain, body, environment and their interaction are taken into account.

4.2.3 Estimating task-specific effective networks

Irrespective of the mechanisms that may underlie multifunctionality, the primary feature of interest
of multifunctional neural circuits is their dynamic reorganization to perform multiple functions.

Estimation a directed network of associations between the neurons in the network that based on their
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interactions during the course of a task allows us to capture the specific reorganization associate
with that task. This is the task-specific effective network. The effective network arising from the
same anatomical network based on interaction during another task can be estimated. Comparing the
two task-specific effective networks emerging from the qualitatively different dynamics in the same
circuit during different behaviors gives us the extent to which neural resources are reused across
tasks. Several methods exist to estimate effective networks from neural activity, some of which
are point-process General Linear Models (Paninski, 2004), Dynamic Causal Modeling (Friston
et al., 2003), Granger causality (Granger, 1969), and Transfer Entropy (Schreiber., 2000). In
this section, I review the approach utilized in this work, Transfer Entropy. Note that the other
recent methodology for measuring information transfer using partial information decomposition

has already been discussed in the previous chapter.

Transfer Entropy

Information theory, ever since its introduction by Shannon (Shannon and W., 1949) has been
employed in a variety of fields ranging from neuroscience to the social sciences. Transfer entropy
(TE) was proposed by Schrebier as a model-free information theoretic method to find the amount of
information flowing from one random process to another (Schreiber., 2000). In its simplest form,
the transfer entropy from a source process X to a target process Y is a measure of the reduction
in the uncertainty in predicting future values of Y given current value of X, over predicting future
value of Y purely based on Y’s current value.
PO+11ye x1)

TEx .,y = p(xz, i, Vir1)og(————=) 4.1)
xt,§,y; pon Pestlyr)

TE has been used for primarily two kinds of applications in neuroscience - the TE between
a stimulus and neural activity gives the amount of information about the stimuli encoded by the
neurons; TE between spiking activities of neurons in a network gives a picture of the information
flow through a circuit. Among the first studies that used this method on spike trains was to

identify the neural coding of auditory stimulus in cats by Gourévitch and Eggermont. (2007b).

87



This approach used different sized temporal binning of spiking data, thereby giving the number of
spikes in a period [t — 7,¢) in a bin of size 7. Applying TE between auditory stimuli and this data
over different values of 7 revealed that auditory stimuli were encoded in cortical neurons in 2-15ms
time windows.

TE has also been applied in the visual cortex by Besserve et al. (2010), where TE between
stimuli and the different frequency bands of the field potentials were associated to show that the
gamma band has most TE suggesting its involvement in stimuli processing. In this work, the TE
formulation shown in equation 4.1 was modified to not necessarily use the previous time bin, but
any arbitrarily delayed time bin albeit only one time bin was used at a time.

While the aforementioned methods have used TE to decipher neural coding of stimuli it has been
most widely used for studying information flow through neural networks. TE has been applied
at the macro scale to estimate directed connectivity from BOLD signals to identify functional
associations over the known structural connections in macaque neocortex (Honey et al., 2007).
This study, that came out almost at the same time as Gourévitch et. al.’s work, validated TE using
a baseline generated by averaging TE values from multiple time-offsets of the data rather than a
random shuffling. Lizier et al. (2011) applied a multivariate extension of this method to fMRI
data as the subject was performing a variety of sensorimotor tasks and found task relevant changes
in the effective network. Their method involved TE(y, x,.x,}—y and also included higher order
terms for each covariate, i.e. it included terms over a window of k time bins rather than just one
time bin. While, they proposed this in their methods, they used a simplified version in order due
to its computational complexity. This simpler version involved down sampling the k time bins
and hand-picking the covariates. Following this, Vincent and Wibral’s group used higher-order
TE with delays, albeit univariate, and applied it to magnetoencephalography (MEG) data (Wibral
et al.,, 2011; Vicente et al., 2011). They also made a toolbox available for this purpose called the
TRENTOOL (Lindner et al., 2011) which primarily caters to analog neural data such as MEG.

All these modifications proposed to TE from its original definition in equation 4.1 has mostly

been made to address two specific drawbacks in the original definition. Firstly, it does not capture
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varying synaptic delays since values only 1 time bin in the past are being taken into account.
Secondly, since it only considers the activity of the source or the target’s own past in only one time
bin, effects that involve the combined information from multiple time bins such as bursts cannot
be captured. It has been shown that synaptic delays in biological neural networks range between
1-20ms (Swadlow., 1994, 1985; Ferster. and Lindstrom, 1983) and also that bursts are a robust
mode of communication between neurons (LLisman, 1997; Eugene M. Izhikevich and Hoppensteadt.,
2003). However, incorporating these into TE increases its computational complexity exponentially.

2k+1+1 combinations of states over

For a k self-history order and [/ source history order there are
which the probabilities have to be computed for TE estimation. In order to account for these in a
computationally efficient manner, [to et al. (201 1b) presented a MATLAB toolbox for TE estimation
from binary spiking data. The computational efficiency comes from the sparsity of the binary data,

where only time bins that had spikes were processed which saved time spent on checking empty

bins. The higher-order TE that computes over various delays is given by

p(yt+1|ytlaxlk+1_d)
pr+1lyh)

TEx y(d) =Y p(yis1 ¥ x5, _log (4.2)

where d is the delay over which TE is computed and k and / define the order on the self-history of
process Y and order on the history of source X respectively. The delay term accounts for various
synaptic delays and the different orders accommodate for information over multiple time bins.
This method involves recomputing the transfer entropy at several delays and different orders. This
results in a number of TE estimations from which the most appropriate one has to be chosen. A
straightforward option is to choose the maximum TE and corresponding delay, or the peak TE
(TEpy). Ito et. al. also used a Coincidence Index (Chiappalone et al., 2006; Tateno and Jimbo.,

1999; Juergens and Eckhorn., 1997) which was defined as follows

t,+71/2
1 L TE@

cr == (4.3)
2a=1 TE(d)

where 7, is the time at which T E),; occurred, T is total time of the window of all delays for which TE
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was estimated, and 7 is the coincidence window size. The numerator in this RHS of this equation
is an approximation of the area under the TE(d) vs d curve around a window of size 7 centered at
t, and the denominator is the area under the curve over the whole duration 7. Therefore, Cl is the
ratio of the area within 7 of the peak and this is taken as a measure of the strength of the connection
between two neurons, denoted by TE¢;. In their work, Ito et. al. used T = 30ms, and tested
7 =1,3,5,7ms. The intuition behind this measure is as follows - when network activity is in bursts,
there are a lot of neurons that fire coincidentally, which may be captured as false positives in the TE
analysis. However, these are in fact due to the common network drive and not due to synaptic drive
and there is a temporal difference between these two kinds of drives which is captured by CI (Beggs
and Plenz., 2003). Common drives show up distributed over several delays in TE estimates thereby
making a plot of TE(d) vs delay rather flat. Synaptic drives, on the other hand are quite reliable
in their delay and hence produce a peak in the same plot corresponding to the actual delay of the
synapse. Now, it can be seen that CI measures the peakiness of this plot and hence controls for
network drive in TE estimates.

While Ito et. al. applied a threshold on CI to pick valid connections (strength of connection
was given by TE);), Shimono et. al. used a shuffling method to propose a more systematic way to
identify the significant connections (Shimono and Beggs., 2014). Spikes of the source neuron were
jittered such that firing rate was preserved and only the times were changed. This disconnected the
source from the target and not jittering the target neuron meant that the self-predictability of the
target remained the same. The TE was calculated for several such jittered datasets and log(TEy)
vs C1 for the jittered and original dataset were plotted overlapping each other. The objective was
then to identify the region where connections from original dataset did not overlap with the jittered
data. It can be seen that these connections are expected to be in the high log(TE,x) and high C/
region of the graph (top right corner of the graph). This is because connections that are extremely
specific in their delays (very peaky CI plots) and also have high values of transfer entropies are
expected to be true connections. A decision boundary was defined enveloping the points from

the jittered datasets along the top right corner and all points from the original dataset beyond this
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boundary were deemed significant connections. Analysis of the TE network of few hundred neurons
revealed specific structure in cortical functional connectivity such as hubs, communities. The same
method applied to cortical cultures and calcium imaging data revealed a rich club topology in the
microconnectome (Nigam et al., 2016).

One of the main advantages of this measure is that it is model-free unlike the previous methods
discussed here. Further, it is computationally more tractable than any GLM method because the
latter requires that a model be optimized to fit the data from each neuron but the former is purely
data driven and only requires the computation of probabilities. However, sufficient amount of data
is required to estimate these probabilities reliably. Further, using transfer entropy it is difficult to
identify inhibitory connections because an absence of a spike in a sparse dataset, that is typical of
cortical spiking data, could be simply due to the inherent sparsity of firing or due to inhibition and
that is difficult to disambiguate.

As ameasure of effective network connectivity, although Transfer Entropy has been most widely
used in neuroscience, it has been used in evolutionary robotics in some instances - synchronization
dynamics of neurons and its influence on evolvability and behavior has been studied, and TE has also
been used in analysis of neural networks in supervised and unsupervised learning contexts (Moioli
and Husbands., 2013).

The work discussed in this chapter employs Transfer Entropy to infer the effective networks
from neural activity recorded in a computational model of a multifunctional neural network. The
effective networks associated with each task is compared to study the extent of reuse of neural

resources across the task.

4.3 Methods

In the agent-environment models used throughout this work, the agents were modeled using dy-
namical recurrent neural networks. The parameters of the neural network were optimized using an
evolutionary algorithm such that it was able perform the required task. In this section, we specify

implementation details about the neural network model, the tasks, and the optimization algorithm.
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4.3.1 Agent design

The agent is circular with a diameter of 30 units. It can move back and forth along a one-
dimensional axis, and its behavior is controlled by a 3-layer neural network (Figure 4.2A). The
network architecture consists of seven sensory neurons fully connected to N fully interconnected
interneurons, which are in turn fully connected to two motor neurons.

There are 7 sensory neurons in the top layer which are stimulated by the agent’s vision ray.

They follow the state equation:

T8 = =5 + Ki(x,y) i=1,...,7 4.4)

where s; is the state of sensory neuron i, 7 is the time constant that is shares across all sensory
neurons, K;(x,y) is the sensory input from the i ray due to an object at location (x, y) in agent-

centered coordinates, and the dot notation over the state variable indicates the time differential

d

dt*

The seven sensory neurons project down to a middle layer of N fully interconnected Izhike-
vich spiking neurons with the following two-dimensional system of ordinary differential equa-

tions (Izhikevich, 2003):

Vi = O.O4vl.2 +5vi+140-w; + S;+ L i=1,..,N 4.5)

I/i,' = a(bv,- - l/tl') (46)

with the auxiliary after-spike resetting

Ve
if v > 30mV, then
u—u+d

with each interneuron receiving weighted input from each sensory neuron:
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7
Si= ) who(s; +0,) 4.7)

and from other spiking interneurons:

Ii= who (4.8)

where v; is representative of the membrane potential of spiking neuron i, u; represents its membrane
recovery variable, sz.l. is the strength of the connection from the j" sensory neuron to the i" spiking
interneuron, 6; is a bias term shared by all sensory neurons, o(x) = 1/(1 + ¢™¥) is the standard
logistic activation function, w;i is the strength of the recurrent connections from the j" to the i"
spiking neuron, and o; is the output of the neuron: 1 if v; > 30mV, and O otherwise. The sign
of all outgoing connections from an interneuron depend on its excitatory or inhibitory nature, as
identified by a binary parameter. Parameters a,b,c and d control the type of spiking dynamics.
For inhibitory neurons a € [0.02,0.1],b € [0.2,0.25],c = —65 and d = 2, whereas for excitatory
neurons a = 0.02, b = 0.2, ¢ € [-65,-50] and d € [2,8].

Finally, the layer of interneurons feeds into the two motor neurons, with the following state

equation:

N
Ty = —M; + Zw;-’}éj i=1,2 (4.9)
j=1
| &
o(t) = h—zoj(z— k) (4.10)
7 k=0

where m; represents the motor neurons, w;?:. is the strength of the connection from the j" spiking
interneuron to the i" motor neuron, o; represents the moving average over a window of length £;
for the output of spiking interneuron j.

Finally, the difference in output between the motor neurons results in an instantaneous horizontal

velocity that moves the agent in one direction or the other.
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Figure 4.2: Agent design and task setup. [A] 7 rays of vision feed into sensory neurons (black).
These neurons are fully connected to the recurrent interneuron layer (red), that in turn feed the
left and right motor neurons (grey). [B] Categorization task with circle and line trial. The falling
object needs to be caught if it is a circle and avoided if it is a line. [C] Pole-balancing task. The
pole attached to the agent’s center is expected it to keep balanced within the rays.

4.3.2 Object categorization

We replicated the categorization task first introduced in Beer (1996). The task involves discrimi-
nating between the shape of falling objects (circles and lines) by moving towards one (circles) and
away from the other (lines) (Fig. 4.2B). The circles’ diameter and the line’s length were both set at
30 units. To encourage generalization, each evaluation of the agent’s performance was conducted
over 8 different trials for each type of object, with the objects’ initial horizontal offset from the
agent uniformly distributed in the range [—50,50]. The objects fall with a constant velocity of 0.3
units per second. Performance in this task was quantified by averaging over 1 — |d;| for the circle
trials and |d;| for the line trials; where d; is the normalized distance between the center of the agent
and the center of the object when the vertical offset between the agent and the object reaches 0

(offset of over 45 units was clipped at 45).

4.3.3 Pole-balancing

We adapted the original pole-balancing task (Barto et al., 1984) such that the agent has the pole
attached to its center and senses it through the same rays used for sensing the falling objects
(Fig. 4.2C) (Vasu and Izquierdo, 2017¢). The sensory input, as the pole sweeps across a ray at

angle ¢, increased linearly from O at (¢ — 1) reaching the maximum value at ¢ and falling back to
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0 at (¢ + 1) and vice verse. Note that the agent sensed the pole only when it intersected a ray but
it “disappeared” from view while passing between rays. The pole was considered dropped if it fell
beyond the rays, or if the agent moved farther than 45 units on either side from its starting position.
Performance in this task was calculated by averaging cosine(6 = 6) at each time step of the 500s
evaluation duration, where 6 is the pole angle with the vertical axis. To promote generalization of
the behavior, performance was averaged over 16 trials with the pole starting from 4 different angles

on either side of the agent in [-9,9] with angular velocity -0.1 or 0.1.

4.3.4 Evolutionary optimization

An evolutionary search algorithm was used to optimize the parameters of the agent: time-constant,
gain and bias for sensory neurons (3), weights from sensory layer to N-interneurons (N *7), recurrent
weights between interneurons (N 2), bias and time-constant for each interneuron (2N), weights from
interneurons to motor neurons (2/N) and gain, bias and time-constant for motor neurons (3): totaling
D =3+7N + N? + 2N + 2N + 3 parameters. A search started with a random population of 100
solutions encoded as D-dimensional genotype vectors with each element in [-1,1]. These elements
were scaled and mapped on to the different parameters to build the agent. Gains are scaled to
be in [1,20], time constants in [1,2], biases in [-4,4] and all weights were scaled to be in [-5,5].
The fitness of agents was evaluated based on their performance in each task. Based on fitness, an
elitist fraction of the top 4% solutions were retained while their copies were subject to a Gaussian
mutation noise with mean 0 and variance 0.3 to produce a new population of solutions. This was
repeated for a fixed number of generations.

Since optimization is stochastic, 100 independent runs were carried out for the single and multi-
task scenarios. For the individual tasks, optimization was carried out for 1000 generations in each
run. In the multi-task setting, these experiments were conducted in three different task presentation
paradigms: (1) evolved for both categorization and pole-balancing for 2000 generations, (2) evolved
only for pole-balancing for the first 500 generations, and then evolved for both tasks for 1500

generations and (3) evolved for categorization for the first 1000 generations, and then for both tasks
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for another 1000. The 500 generation limit for paradigm 2 and 1000 for 3 was based on the number
of generations required to acquire good performance in each task when optimized individually.
Agents were reset between all trials of all tasks. In the multifunctional cases, the product of
the individual task fitnesses was used as opposed to sum or average because it guarantees good
performance in both tasks, while still keeping the fitness in [0, 1]. All three optimization paradigms

gave similar results.

4.3.5 Transfer Entropy

Transfer entropy (TE) is an information-theoretic measure which has received recent attention in
neuroscience for its potential to identify effective connectivity between neurons (Wibral et al.,
2014b). Intuitively, TE from neuron J to I is a measure of the additional information provided by
the activity in neuron J over and above the information from I’s own history of activity that helps
predict the activity of neuron /. This proportional increase, when high, corresponds to a causal
influence of J over I. TE is especially useful in taking into account non-linear interactions between
neural units and provides a directed measure of influence from one neuron to another. Further, due
to synaptic delays, the causal influence of one neuron over another can only be detected if tested at
that corresponding delay. In order to account for this, a modified version of TE was proposed by
S. Ito and Beggs (2011). We used the MATLAB toolbox provided by the these authors to estimate
TE. This involved utilizing the history of neuron J over different time delays to predict the future
activity of I and then picking the peak-TE over all delays, as follows:
prlir-1, ji-a)

TE;_;(d) = ity i1, jt — d)logy ———————— 4.11
J I( ) Zp(lt l—1 .] )Og2 p(lllll_l) ( )

where i; denotes a binary spike/no-spike activity of neuron / at time ¢, where j, denotes a binary
spike/no-spike activity of neuron J at time ¢, d denotes the synaptic time delay, p(x) is the probability
of that set of spiking events occurring at that particular times, and p(x|y) is the conditional

probability that a set of spiking events occur given that certain other events have occurred.
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4.3.6 Cluster Specialization Coefficient

Successful agents were subject to TE analyses on a trial-by-trial basis; the TE network was estimated
for one trial of falling line or circle. This produces 48 TE networks from the 24 circle and 24
line trials. These networks are then hierarchically clustered using an agglomerative clustering
algorithm in MATLAB. This procedure produces a clustering tree diagram where the leaves of the
tree correspond to one of the 48 networks. The leaves are successively connected to one another
depending on how close they are in TE network space, until they are all in one cluster. These trees
are called dendrograms. For each successful agent we produced a trial-by-trial TE dendrogram.
In order to quantify the task-specificity of the TE networks, we measured the number of clusters
that were unique to each task. We cut the dendrogram at different places to partition the 48 networks
into multiple clusters. Then the members of the cluster were sorted based on task. We identified the
smallest number of clusters that can be formed, such that all the networks in the cluster correspond
to networks that were inferred from the neural activity of one and only one of the tasks. These
clusters are called task-specialized clusters. For example, the dendrogram in Figure 4.6C can be
dissected at level 1, to partition the data into two task-specialized clusters, each containing only
networks corresponding to one task. Further dissection of these clusters will yield more number
of task-specialized clusters but the minimum number of task-specialized that can be formed is 2.
CSC is defined based on the ratio between the minimum number of task-specialized clusters to
the maximum number of task-specialized clusters that can be formed. The maximum number of
task-specialized clusters that can be formed is equal to the number of networks i.e. one network
per cluster. Therefore, the CSC for an agent is defined as CSC = 1 — cmin/CMax, Where cpip is the
minimum number of task-specialized clusters and cp,x is the maximum number of task-specialized

clusters.

4.4 Fixed neural circuits perform multiple behaviors without neuromodulation or plasticity

The highest level of reuse is that of overlap in the anatomical circuit; an agent performing more

than one behavior could acquire specialized circuitry to perform each behavior or could share
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Figure 4.3: Behavior of the best multifunctional Izhikevich agent from 100 runs. [A] Behavior.
The horizontal offset between the agent and the falling object is shown along the horizontal access.
The vertical axis denotes the time. As the object falls, it can be seen that the orange traces
(representing the circles) end up with O offset, meaning the the agent “caught” them and vice versa
for lines. Only 24 of the 48 trials are shown for clarity. Two traces are highlighted. [B] Neural
traces for example runs highlighted in [A]. The neural activity is similar at the beginning of the
object’s fall. Note that neuron 3 does not show any activity for the line avoiding task but does spike
during the circle catching task.

neural circuits between them. In order to test this, using an evolutionary optimization approach, we
evolved networks of different sizes to perform the two categorization behaviors of circle-catching
and line-avoiding. 100 independent evolutionary runs optimizing agents controlled by a fully
recurrently connected Izhikevich interneuron layer yielded solutions with neural networks as small
as 2 Izhikevich neurons that could perform both tasks. The best 3-interneuron agent that achieved a
performance of 97.8% and was able to successfully catch the circles while avoiding the lines. This
agent perfectly differentiated the circles and the lines by “catching” all circles and moving away
from all the lines (Figure. 4.3A). The horizontal offset distance between the agent and falling object
as it approaches the agent is O for all circles and is large for all lines. The fitness of the agent is
not a perfect 100% simply because that would entail catching the circles at exactly the center of its
30-unit wide body. Visualizing the corresponding spiking neuron activity (Figure 4.3B) shows that
the inhibitory neurons (n1 and n2) have a higher firing rate than the excitatory neuron. Importantly,
in this agent, only two of the three neurons were active during the line-avoiding task and all three
interneurons were active for the circle-catching task. Thus, this multifunctional circuit involved
a sharing of neurons such that the latter task is performed using entire circuit of the former plus

an additional neuron. It is to be noted that the agent had no external signal indicating which task
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Figure 4.4: Behavior of the best multifunctional CTRNN agent from 100 runs. [A] The agent was
able to bring to center and balance the pole starting from different pole angles. [B] The same agent,
using the same neural network was also able to catch the circles (red) while avoiding lines (orange).

to solve. Furthermore, the agent also had no synaptic plasticity or neuromodulatory signals that
could be responsible for re-configuring the circuit for the different tasks. It is in these Izhikevich
neuron multifunctional agents that effective network analysis using transfer entropy was performed
to analyze the extent of functional overlap.

Following the study of functional overlap using effective networks, temporal analysis of the
reuse of ongoing neural activity was performed. Being continuous-valued (representing firing
rate), since CTRNNSs are most conducive to a dynamical analysis, we utilized agents with CTRNN
interneuron layers. Furthermore, since the best multifunctional agent demonstrated only partial
overlap of the anatomical circuit, the CTRNN agents were optimized to perform the pole-balancing
task in addition to the circle-catching and line-avoiding tasks. Over 100 independent evolutionary
runs, CTRNNSs no larger than the ones that could solve the individual tasks could also solve both
tasks. The best 2-interneuron multifunctional CTRNN agent could perform categorization with a
fitness of 95.8% and pole-balancing with a fitness of 95.4% (Figure. 4.4). The optimization scheme
that led to this agent was composed of evolving for pole-balancing for the first 500 generations,
followed by evolving for both tasks. This agent used the same circuit to successfully catch circles
while avoiding lines and also balance a pole. Observing the neural traces of the interneurons

shows that these multifunctional agents used fully-overlapping anatomical networks to perform
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circle-catching and pole-balancing (Figure. 4.11).

In order to validate the multifunctional nature of the neural networks, we first systematically
explored the minimal resources required to solve each task individually. 100 independent evolu-
tionary runs were performed for CTRNNs of different sizes for each task. The smallest CTRNN
that could perform pole-balancing had 2 interneurons. The best of these agents achieved 98.44%
fitness and was able to move the pole to its upright position from a broad range of initial positions
and keep it balanced for an extended duration of time (Fig. 4.5A). The smallest network that could
perform the categorization task also had 2 interneurons. The best of these agents had a fitness of
98.5% and was able to successfully catch all circles and avoid all lines falling from the full range
of starting positions (Fig. 4.5D). In order to address multifunctionality using these two tasks, it is
important to demonstrate that they indeed require their own set of sensorimotor transformations.
In other words, circuits that solve one task, should not be able to solve the other task, and vice
versa. To demonstrate this, all agents that were optimized to perform one task were evaluated
on the other. Agents that were trained to balance the pole were as good as random agents at the
categorization task (Fig. 4.5D,E). Agents that were trained to categorize could balance the pole
only slightly better than random controllers (Fig. 4.5C,E). This suggests each task requires its own
unique set of sensorimotor transformations and that ultimately solving one task does not guarantee

good performance in the other.

4.5 Effective network clusters show task specialization

When anatomical networks overlap, the same neurons could be interacting differently in each
task (Figure 4.1B). In order to answer this question, we consider the circle-catching and line-
avoiding tasks and analyze multifunctional Izhikevich neural networks that were optimized to
perform both tasks. Transfer entropy analysis of the multifunctional Izhikevich agent reveals
that different behaviors (e.g., catching circles versus avoiding lines) have their own specialized
effective networks. In other words, the effective networks for minor variations of one task (circle

catching) are more similar to each other than the effective networks of minor variations of the other
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Figure 4.5: Behavior and performance on individual tasks. [A] Best agent from 100 runs of
optimizing for pole-balancing alone. The agent was able to bring the pole to the center and keep
it balanced from different initial pole angles. [B] Best pole-balancer shown in A is unable to
categorize circles (red) from lines (orange) and avoids both. [C] Best agent from 100 runs evolved
for categorization alone is unable to balance the pole. [D] Best categorization agent shown in C,
demonstrating its ability to catch circles (red) while avoiding lines (orange). [E] Optimizing for one
task results in performance similar to a random agent on the other task. Fitness distribution from 100
runs of agents evolved for pole-balancing (blue) in pole-balancing and categorization, and similarly
that of the agents evolved for categorization only (green) in pole-balancing and categorization, and

random agents (salmon) on both tasks.
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task (line avoiding). Further, having task-specific effective networks was indicative of the agent’s
performance. More generally, the degree of task-specificity of the effective networks correlated
with behavioral performance.

We selected the highest fitness individual (fitness=97.8%) over all 100 runs from the network
size N = 3 batch to analyze first. This agent perfectly differentiated the circles and the lines
by “catching” all circles and moving away from all the lines (Figure 4.3A). In order to probe
the difference in neural dynamics between the circle catching and line avoiding tasks, the agent’s
neural activity from each of the 48 trials of falling lines and circles was recorded and analyzed.
We used Transfer Entropy to estimate the task specific effective network for each trial. Since
TE quantifies information transfer in the comparable units of bits, we can directly compare TE
networks from neural activity recorded while the agent is performing different tasks. The effective
network estimated from one line-avoiding trial (Figure 4.6A) shows that n3 is not part of the
network. This can be reconciled with the fact that neuron 3 was completely dormant during this
task. The effective network for one circle catching trial (Figure 4.6B) on the other hand, shows a
fully connected network. Spiking activity during one of the circle catching trials shows that the
neural activity in n1 and n2 control the scanning behavior of the agent, while n3’s activity coincides
with the agent’s fine motor control at the end of the trial when it needs to center itself with the
circle. This explains the lack of participation by n3 in the line avoiding task because such fine
motor skills are not required.

It is to be noted that depending on the activity in the neural network, the estimated TE networks
significantly differ from the structural network. Another point to note is that the TE networks also
include recurrent self-connections and these are computed simply based on a neuron’s ability to
predict its own behavior. While TE networks for only one circle and one line trial are shown here,
we performed the same analysis for all trials on this best agent. We found that all the observations
made for the individual trials were consistent across the rest of the trials. The relationship between
different TE networks across all trials for the best N = 3 agent was determined by clustering of the

48 TE networks. This resulted in the networks getting organized by task. This observation was made

102



( ): () A T X 1T S LR LR EEEEEE RS
(Nt '
- 1

0.016 |
0.014
0.012
0.01
B 0.008
0.006
0.004
0.002 —rl-‘_ﬁ—‘

*

Figure 4.6: Transfer entropy networks of the best N = 3 agent. [A] Effective network for one
line avoiding trial. Note that neuron 3 is not part of this effective network. [B] Effective network
for one circle catching trial. [C] A dendrogram of the hierarchical clustering of trial-by-trial TE
networks. The branches of the tree are color-coded by whether the TE network was inferred from
a circle catching task (orange) or line avoiding task (magenta). It can be seen here that the tree can
be cut at the top level to produce 2 clusters whose members are of only one task. The TE networks
shown in panels [A] and [B] are identified in this tree with color matched asterisks.

by first estimating the task-specific TE networks for each of the 48 trials (24 circle TE networks
and 24 line TE networks). These 48 networks were then clustered using a simple hierarchical
clustering algorithm. The dendrogram of the clustered TE networks shown in Figure 4.6C shows
an interesting property. All TE networks of the same task (either circles or lines) fall under one
cluster before being grouped into the cluster of the other task. This means that the same structural
network effectively presents itself as very similar networks for variations of one task, which are all
different from the very similar effective networks for the other task. In other words, there is high
within-task homogeneity and high across-task heterogeneity in the task-specific effective networks.

Naturally, the next step is to look for this phenomenon in other N = 3 agents.

4.5.1 High CSC agents have high fitness

We developed a metric to quantify and compare task-specialization in TE network clusters, which

henceforth we will refer to as cluster specialization coefficient, or CSC. N = 3 agents that had high
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Figure 4.7: Performance and CSC distributions of the high-performing agents for all N. [A] A
histogram of the fitness of all individuals that have the highest CSC of 0.95 showing that all agents
that had a high CSC value performed well. [B] A histogram of the CSC values for agents that
evolved to have a fitness > 90%, showing that while there are agents that perform well with low
CSC values, it is more likely that an agent with high fitness also has a high CSC value.

CSC showed very high behavioral performance. The greater the value of CSC, the greater the ex-
pression of within-task homogeneity and across-task heterogeneity, with the maximum value being
0.95 corresponding to the 2 specialized clusters that purely have effective networks corresponding
to one and only one task in each of them. All agents, from the 100 evolutionary runs that had a
CSC of 0.95 were collected and they were all high-performing agents. It is to be noted that the
structural networks of agents that had a high CSC were highly degenerate in terms of the ratio of

inhibitory-excitatory neurons and yet exhibited this phenomenon.

4.5.2 High fitness with high CSC is independent of network size

The same analyses that were performed on the best N = 3 agent and other N = 3 agents, were
repeated for smaller (N = 2) and larger networks (N = 4,5 and 6). Irrespective of the network
size, agents that have the maximum possible CSC of 0.95, consistently showed high behavioral
performance (Figure 4.7A). This establishes the idea that high within-task homogeneity and high
across-task heterogeneity of task-specific effective networks yields high performance in this task.
The obvious next question is to ask if the converse is true. Plotting the distribution of CSCs for
agents that have >90% fitness (Figure 4.7B) revealed that there exists solutions that have CSCs as

low as 0O that still perform well. However, a majority of agents that perform well have a high CSC.
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Figure 4.8: High task-specificity in the effective network suggests high performance. Fitness
as a function of CSC for all best-agents across the ensemble, across different network sizes. The
high-concentration of points in the right top corner reveals that a high CSC makes it more likely that
behavioral performance is also high. Linear regression lines show a positive correlation between
fitness and CSC for all network sizes. Interestingly there is no significant difference in this trend
for different network sizes.

4.5.3 CSC positively correlates with behavioral performance

In order to further ascertain the relationship between CSC and fitness we looked at the fitness of
all agents as a function of their CSC. As shown in Figure 4.8 fitting a straight line to the points
on a CSC versus Fitness plot, shows a positive correlation between an agent’s CSC and fitness for
all values of N. Based on this and the previous result, we conclude that expressing specialized
task-specific effective networks is not a necessary condition for high performance but conversely,
it is sufficient for high performance. Given the generic nature of the network and it’s evolutionary
optimization process, it can also be said that this is true for all categorization tasks. It is intuitive

that networks that can effectively express themselves distinctly for each category can perform well.

4.6 Environmental degeneracy enables reuse of ongoing neural activity

When the same neural network is involved in performing multiple behaviors, it is often assumed
that there exists distinct modes of operation corresponding to each behavior (Getting and Dekin,

1985) and the results demonstrated so far are in line with those intuitions. However, it is possible
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Figure 4.9: Three levels of neural reuse in multifunctional agents: structure (blue), autonomous
dynamics (green), and transient dynamics (orange). [A] Dedicated circuits for each behavior:
non-overlapping structures, and thus non-overlapping autonomous or transient dynamics. [B-
D] Multifunctional circuits: overlapping structures (i.e., shared neural resources for multiple
behaviors). [B] Autonomous dynamics are unique to each behavior, and thus transient dynamics are
also unique (i.e., different set of attractors for each behavior). [C] Autonomous dynamics are shared
across multiple behaviors, but transient dynamics are unique to each behavior (i.e., overlapping
set of attractors for multiple behaviors, but different dynamics when coupled with the body and
environment). [D] Both autonomous and transient dynamics are shared across multiple behaviors
(i.e., overlapping set of attractors and similar overall dynamics when coupled with the body and
environment for multiple behaviors).

that besides such a “functional modularity”, ongoing neural dynamics could be reused across tasks
(Figure 4.1C). In order to study this, we perform dynamical systems theoretical analyses as outlined
below on an CTRNN agents optimized to perform the categorization and pole-balancing tasks.
This analyses reveals that neural reuse could occur down to the level of ongoing neural activity.
The same neural activity could lead to distinct behaviors due to degeneracies in the environment.
Importantly, this can only be observed when the brain is studied in conjunction with the closed-loop
interaction between the body and the environment.

From a dynamical systems perspective, reuse in embodied recurrent neural networks unfold
over three levels: structural network, autonomous dynamics of the neural network, and transient dy-

namics of the neural network (Fig. 4.9). Structure is defined by the neural circuit itself, the intrinsic
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Figure 4.10: Attractor reuse. Locations of attractors from the three sets of phase-portraits cor-
responding to circle-catching (red), line-avoiding (orange) and pole-balancing (blue) tasks are
overlapped. This shows that each behavior has its own set of unique attractors as well as shares
them with other behaviors.

parameters of the neurons, and the synaptic strength of connectivity between them. While it is possi-
ble that an agent possesses specialized circuits for performing different behaviors (Fig. 4.9A), reuse
at this level involves utilizing overlapping circuits to produce multiple behaviors (Fig. 4.9B,C,D).
The next level, when structure is reused, is that of the neural network’s autonomous dynamics iso-
lated from the body. Each behavior is associated with a set of phase-portraits corresponding to the
inputs the agent experiences while performing them. The sets of phase-portraits (and the attractors
therein) could be overlapping (Fig. 4.9C,D) or could be unique to each behavior (Fig. 4.9B). The
set of all attractors from all phase-portraits corresponding to a behavior are also referred to as the
attractor set of the behavior in this paper. The third level of reuse is that of ongoing transient
dynamics as the agent is in continuous closed-loop interaction with the environment. When there
is attractor reuse from the previous level, it is possible that multiple behaviors navigate different

transients around those attractors (Fig. 4.9C) or, they might be reused too (Fig. 4.9D).

4.6.1 Autonomous dynamics reuse: Overlapping sets of attractors were used to perform

both behaviors

Given that the circuit is the same across the two behaviors (object categorization and pole-
balancing), we wanted to evaluate if there was reuse in the autonomous dynamics of the neural

network of this agent. In order to do this, we first constructed the phase-portraits for several inputs
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across each task. A phase-portrait for a particular input can have one or more attractors. The set of
phase-portraits associated with a behavior (say circle catching) can be obtained by fixing the inputs
to what the agent experiences during that behavior (circle at fixed positions relative to the agent),
and allowing the network to settle into its attractors from different initial states. The three sets of
phase-portraits corresponding to circle catching, line avoiding and pole-balancing were compared
based on attractor composition, basins of attraction, and location of attractors to evaluate reuse.

Attractor compositions refers to the type of attractors that were present in the set of phase-
portrait for each behavior (i.e. fixed-points, limit-cycles etc.). In this agent, all phase-portraits
associated with all behaviors in the best multifunctional agent were only composed of fixed-point
attractors. Even though attractor composition is the same across behaviors, they could have different
basins of attractions around those attractors. This could lead to different behaviors operating in
its own region of the phase-space. However, for this agent, since only one fixed-point attractor
existed in all phase-portraits, there exists only one basin of attraction which is the same across all
behaviors. Thus, with same attractor composition and basins of attraction, the phase-portraits were
qualitatively similar across all behaviors (i.e. no bifurcation).

These qualitatively similar phase-portraits could further be quantitatively compared based on
the location of attractors in them. Differentiated by their location, each behavior could have a unique
set of attractors or they could overlap to different extents; the exact locations of the fixed-point
attractors on all phase-portraits of different behaviors do not have to be the same. Upon analyzing
their locations we discovered that the multifunctional agent reused attractors identical in location
between these behaviors (Fig. 4.10). This reuse was only partial since each behavior also had its
own set of unique attractor locations that were not shared. Reusing the same attractors means that
different inputs from different behaviors were mapped to the same phase-portrait, which suggests

that there is an inherent degeneracy between the sensory inputs and the requisite behavioral pattern.

108



4.6.2 Transient dynamics reuse: Phases of the behaviors reused the same transient dynamics

Our analysis started at the level of structural reuse and went on to discover reuse at the level of
autonomous dynamics in the best multifunctional agent. The next level is that of ongoing dynamics
as the nervous system coupled with its body and environment performs the behaviors. Note that
in the previous level, attractors were identified by fixing the relative position of the agent with the
object and then allowing the dynamics of the network to settle to their attractors. However, during
behavior, both the agent and the object are in constant movement. Therefore, at any given time, for
a particular relative positioning of the agent and the object, the sensory input might change before
the network settles into the attractor associated with that fixed input. As a result, dynamics of the
network are in constant transient movement across the phase-portraits (and the attractors therein)
associated with that behavior. Since attractors in the same location were partially reused in this
agent, the relevant question to explore reuse at the next level is whether multiple behaviors have
unique transients or if they could be shared.

Transient dynamics were shared partially between the circle-catching and pole-balancing tasks
in the best multifunctional agent. In order to understand the behavioral implications of this, we
evaluated the entire sensorimotor loop as this agent performed both behaviors. While in each case
there were times when their transients were different, for a particular phase during these behaviors,
the dynamics almost exactly matched (Fig. 4.11A). Inputs to the interneurons, their outputs, and
motor neuron outputs were all identical. This suggests that the agent’s nervous system does not
differentiate between these phases of the two behaviors. This leads to two interesting questions:
(1) Are the two behaviors indistinguishable during this phase? (2) If not, where does the difference

come from?
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Figure 4.11: Transient/Driven dynamics reuse. [A] Activity of inter-neurons for the circle-catching
(red) and pole-balancing (blue) tasks, time-shifted to show identical neural activity. [B] Sensory
inputs to the 7 rays showing that although neural activity is indistinguishable, the agent tracks the
circle along ray 1(red) but the pole is along rays 3 and 4 (blue).

in the circle-catching and pole-balancing tasks. In the former, the agent received oscillatory inputs
only along ray 1, meaning that the agent oriented itself so as to track the circle along ray 1 before
catching it (Fig. 4.11B). In contrast, the sensory inputs during the same transient dynamics in the
pole-balancer shows that the agent maintains the pole oscillating around ray 3 bringing it across

4,5 and 6. This is an interesting outcome demonstrating that neural activity that is completely



indistinguishable can still produce behaviors starkly different from each other. The difference
arises from the parts of the behavior leading up to this shared transient phase, where the agent has
its own unique dynamics for each behavior through its interaction with the environment. Note that
the weights to the interneurons from sensory rays 1 and 3 are not the same. Thus, transient reuse

emerges purely from brain-body-environment interaction.

4.7 Discussion

In this chapter, I present results from the evolutionary optimization of embodied neural networks
for cognitively-interesting behavior. Applying information-theoretic tools to extract task specific
network representations based on neural dynamics in the interneuron layer showed the interesting
characteristic of TE networks being clustered by task. We developed a novel metric, Cluster
Specialization Coefficient (CSC), that quantifies the task-specificity of TE networks by dissecting
the hierarchical clustering tree of trial-by-trial effective networks. Further analysis of the ensemble
revealed a trend that shows positive correlation between CSC and performance. While we also
noticed that there are some cases where agents performed well and had a low CSC, we found
no agents that performed poorly with a high CSC. Further, we only claim correlation and not
causation. However, in combination with neuroscience literature on the existence of task-specific
effective networks in the macro scale (M. D. Fox and Raichle, 2005), we hypothesize that biological
networks self-organize to have high within-task homogeneity and high across-task heterogeneity
for the purposes of efficient categorization of stimuli.

It is widely known that biological neural networks perform multiple functions using the same
underlying structural neural circuit (D. M. Blitz and Nusbaum, 1999; Briggman and Kristan, 2006b).
Our work using transfer entropy (TE) provides a framework to study the task-specific effective
networks that emerge from these otherwise structurally-similar networks. The same analysis can
be performed to study the task-relevant variations in the neural dynamics and its robustness across
variations of the task. Another perspective to look at this from, is that of neural reuse (Anderson,

2010b). Presenting new tasks in evolutionary time, would allow the networks to reuse behaviorally
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appropriate functional components developed for previously evolved behaviors for the new behavior.
While it is obvious that the same structural components are reused, functional reuse can be analyzed
by comparing the task-specific effective networks. Furthermore, systematic studies of multiple
behaviors can further explain the relationship between different types of behaviors and neural
reuse. Our results have revealed a relationship between different categorization behaviors and
the allocation of neural resources to perform them: acquiring category-specific effective networks
yields high performance. This can be further tested for causal effect by including the CSC as
component in the fitness estimation. This will help determine if encouraging this phenomenon
makes it more likely to produce multifunctional circuits. Based on our results, we hypothesize that
this will in fact be the case.

One of the limitations of this methodology is that TE does not scale elegantly with the size
of the networks. While this is not an issue with neuroscientists where TE is used as a post-task
analysis method, an online estimation of TE networks during evolution can be computationally
expensive. Although small spiking networks, even as small as 2 neurons like we have shown here,
have high computational power (Maass, 1997), this can be a problem in large networks for complex
tasks. Therefore, in order to use CSC as a component of fitness to more efficiently develop artificial
systems, a computationally more efficient metric might be required. This is one of the directions
in which this study can be explored. Meanwhile, the limits of TE can be pushed to evolving and
analyzing increasingly larger networks for a number of different behaviors and also for performing
multiple behaviors. These behaviors can be systematically chosen to be (a) completely independent,
(b) overlapping or (c) partially overlapping. Studying the relationship between CSC and fitness in
each of these cases would provide interesting insights into neural reuse and how neural dynamics
shapes behavior. Another limitation of this study is that the TE analysis was performed on a subset
of the evolved parameters: the recurrent connections between interneuron spiking neurons; sensor-
to-interneuron weights and interneuron-to-motorneuron weights were not included. Constraining
the optimization space to only the recurrent connections and setting other weights constant, would

make sure that the TE analysis is performed on the system that is entirely-responsible for controlling
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the differences in behaviors. Finally, TE averages neural dynamics over the entire trial. Although
this is useful for comparisons across trials, in order to get an in-depth understanding of how the
network produces behavior, unrolling the information analysis over time will be required.

In this work, the temporal analyses were performed by adopting a dynamical systems theoretic
approach. We discovered reuse of neural circuits at the structural level, followed by reuse of
autonomous dynamics with qualitative sharing of phase-portraits, overlapping basins of attraction
and reuse of attractors identical in the location of their fixed-points. Furthermore, we discovered
partial reuse of transient dynamics in the best multifunctional agent. The two main contributions of
our work are as follows: (1) the same neural circuit can perform multiple behaviors using the same
sensory and motor systems in the absence of explicit task identifying signals or processes such
as neuromodulation; (2) indistinguishable neural activity, displaying reuse to the level of transient
dynamics, can still produce completely different behaviors.

The rationale behind transient reuse in this multifunctional agent can be explained by analyzing
the environment-body relationship and transient dynamics. The similarity in dynamics arises out
of the agent’s ability to generalize between the two behaviors by learning to align an object along
a single ray - pole along center ray and circle along corner ray (Fig. 4.4 and 4.11). Generalization
requires learning to use only one ray because the pole only intersects one ray at a time. The circle
had to be balanced along the corner ray because otherwise it would intersect multiple rays and the
pole needs to be balanced along the center ray to maximize fitness. The difference in behavior,
however, arises out of the unique transient dynamics prior to shared transient phase of the behaviors.
The unique dynamics in circle-catching orients the falling object along the corner ray even if the
circle starts from the center, whereas in pole-balancing it brings the pole to the center, thereby
setting up the system to perform generalized object tracking along a single ray for both behaviors
(Fig. 4.4B). This is possible because of the structure provided by the environment and the body.
Objects intersect only one ray or multiple rays, yet the agent is required to align with the object in
both cases. Multifunctionality in this agent is made possible by the closed-loop interaction between

brain, body, and environment.
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Due to experimental limitations, the study of multifunctionality has been mostly concerned
with motor neuron circuits capable of generating multiple patterns of activity (Briggman and
Kristan, 2008). Here we extend this framework to circuits that are behaviorally multifunctional:
from sensory input, through interneurons, to motor neurons responsible for generating actions.
We demonstrate that multifunctionality can result from the closed-loop interaction between brain,
body, and environment in the absence of other mechanisms such as neuromodulation. Therefore,
our results expand the list of mechanisms that can result in multifunctionality to include closed-
loop interactions. Ultimately, this mechanism can coexist with previously described mechanisms,
including neuromodulation and synaptic plasticity.

The work presented here opens up several avenues for further research of neural basis of multi-
functionality. For instance, an ensemble of multifunctional networks can be studied to investigate
the diversity in the extent of reuse in individuals that are behaviorally similar yet different in their
neural dynamics. Also, analyzing larger networks that can perform a greater number of tasks would
enable a comparison of how behaviors may be organized from a neurodynamical perspective versus
how humans might organize them based on our descriptive understanding of the tasks. Further-
more, important theoretical advancements in this domain would be providing a confluence of the
information theoretic and dynamical systems theoretic approaches presented here akin to Williams
and Beer (2010a). Transfer entropy estimated in time should provide an alternative explanation of
transient reuse (or reuse of ongoing neural dynamics). The dynamics of effective networks would
reveal that effective networks at different points in time during each task are identical. This would
provide a scalable alternative to dynamical systems theoretic analysis since it captures the temporal
aspects of neural reuse.

We show that estimating effective networks using transfer entropy enables us to capture the
task-specific time-averaged neural dynamics in a network representation thereby enabling us to
compare the difference in dynamics arising from the same network in the context of different
tasks. A complementary temporal analysis rooted in dynamical systems theory is presented. These

approaches have the potential to explain neural reuse in any behavioral system, biological or
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artificial. We intentionally focused on a small neural controller and a simple set of behavioral tasks.
However, the possibilities uncovered in this system should be available to larger neural networks
solving more complex tasks. Ultimately, taking an embedded and embodied approach to studying
neural reuse offers a distinct perspective on several topics of interest to understanding cognition,
including modularity in brain organization, localization of cognitive functions, and more generally

the mapping between brain structure and function.
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Chapter 5

Multiagent Interaction

In this chapter, I present our work demonstrating how integral social interaction is to our study of
cognition. In the first section of this chapter, I introduce our work and motivate it. Following that,
related work in the social cognition domain including experimental and computational methods are
discussed. Next, details of the embodied neural network model and the analyses methodologies are

explained. Finally, results from analyzing the evolved social agents are described and discussed.

5.1 Introduction

Behavior in living organisms emerges from the continuous closed-loop interaction in the integrated
brain-body-environment system. Does the brain generate behavior on its own merely using the body
and the environment as a medium for receiving information and manipulating it? Or do the body, the
environment and the interaction between these components themselves contribute to the behavior
in a way that cannot be understood by studying the brain alone? The two previous chapters
demonstrated how the environment and interaction with it, can induce (predictive) information
in a neural network as well as enable reuse of neural resources across tasks. In this chapter we
study cognition in brain-body-environment systems where the environment comprises other agents.
Understanding neural mechanisms of social cognition, under this paradigm, requires analysis of
not just the brain but also the environment and interactions with it.

Not too long ago a radical individualism about collective phenomena was the only game in town,

leading respected philosophers to conclude that ultimately the basis of our mental life does not
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depend on others at all, such that it would make no difference if others were just a hallucination of a
“brain in a vat” (Searle, 1990). Nowadays there is a growing consensus that this pessimistic view is
inadequate, and that social interaction can make a difference to the mental and behavioral activity
of individuals (Froese, 2018). For instance, evidence from neuroimaging, psycho-physiological
studies, and related fields has revealed that the mechanisms of social cognition are different when
we are in real-time interaction with others compared to when we are passive spectators (Schilbach
et al., 2013).

Nevertheless, the extent and nature of the influence of social interaction on an individual is still
contentious. Most researchers adopt a moderate individualism in which interaction with others
can make a difference but only externally so, for example by serving as a source of additional
information, by having a causal influence, or by providing an opportunity for adopting a more
socially oriented mode of cognition (Gallotti and Frith, 2013). Other researchers adopt an enactive
approach that questions the validity of this restriction, proposing instead that the interaction in
itself can play a role in realizing an individual’s cognition, thereby transforming and augmenting
the individual’s capacities (De Jaegher et al., 2010). On this latter view, social interaction could
allow an individual to overcome the limitations of their individual capacities by incorporating the
complex dynamics of the interaction process into their internal activity.

Agent-based modeling offers a suitable framework with which to start investigating this possi-
bility in a systematic manner. In particular, by simulating pairs of mobile agents in highly simplified
scenarios it becomes possible to systematically assess the relationship between individual com-
plexity and social interaction (Froese et al., 2013b). For instance, in previous work one of us
provided a proof of concept that evolving two agents to locate each other in an open-ended arena
via acoustic coupling can result in activity in their neural controllers, which in principle would
have been too complex for them to generate in isolation (Froese et al., 2013a). Here, we show
that this is not an isolated finding: directly evolving pairs of agents to increase the complexity
of their neural activity consistently results in behavioral strategies involving mutually coordinated

interaction between them. Moreover, we show that there is a crucial difference between forms of
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interaction in which the agents’ behaviors are interdependent compared to independent from each
other: neural complexity achieved during mutually coordinated interaction tends to be even higher

than what can be achieved during one-way coordinated interaction.

5.2 Related work

The Interactive Brain Hypothesis (IBH) proposed by Di Paolo and De Jaegher (2012) states,
“...interactive experience and skills play enabling roles in both the development and current function
of social brain mechanisms, even in cases where social understanding happens in the absence of
immediate interaction.”. In other words, they claim that the fact that animals are embedded in
an environment is not just a consequence of having to exist in a social world but is in fact part
of the machinery required for social cognition. Specifically, the continuously unfolding series of
interactions, that is beyond the full-control of the animal, is crucial to social cognition and its neural
mechanisms cannot be understood by studying an individual alone. This is in contrast to the weaker,
more universally accepted claim that environmental interaction is important to consider for social
neuroscience because it simulates the naturalistic environments that animals are embedded in.
IBH makes the stronger claim that social interaction enables neural processes that are not possible
otherwise, and that the unit of analysis should not be limited to the brain but should include the

environment and interactions with it.

5.2.1 Behavioral studies of social cognition

The IBH is a culmination of a number of computational modeling and experimental studies on the
influence of social interaction and joint action on an individual (reviewed in Marsh et al. (2009);
De Jaegher et al. (2010) and Riley et al. (2011)). Two landmark behavioral experiments that
highlight this influence are the “perceptual crossing” experiment (Auvray et al., 2009) and the
“double TV monitor” experiment (Murray, 1985; Nadel et al., 1999). The former involved a task
where two blind-folded subjects were asked to identify each other’s cursor on a shared screen amidst

other distractors based on tactile feedback received upon encountering an object on the screen. This
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study showed that subjects were only able to identify the other based on the self-organized mutual
sensory stimuli they could elicit upon scanning each other’s cursors that they cannot otherwise elicit
while scanning other objects on the screen. Importantly, subjects were easily able to distinguish
conditions where they were scanning a shadow of the other subject that was not responsive to their
own movement. Thus, the ability to recognize the other individual was not entirely a function of an
individual’s ability to categorize tactile stimuli, but was in fact dependent on the ongoing interaction
during the course of the task. In the “double TV monitor” experiment, facial cues such as smiling
versus frowning, mouth closures and eye contact were measured in infants under two conditions,
namely playback of their mother on video compared to a live video conference with their mother.
It was shown that in ages as young as 12 - 16 months the children were able to distinguish the
two conditions and demonstrated different behaviors in each case. These behavioral experiments
suggest that animals are involved in joint sense-making in a way that cannot be performed by one
individual on their own, and hence cannot be understood by studying one individual in isolation.
The idea that understanding of the neural basis of an individuals behavior requires a comprehen-
sive study of brain-body-environment system has existed for a while (Varela et al., 1991) and has
been demonstrated by analyzing computational models of “minimally cognitive” agents (Beer et al.,
1996). Extending this idea to environments that include another agent, the behavior of the agent
of interest then constitutes the dynamics of the other agent as well (Froese and Di Paolo, 2011).
The perceptual crossing experiment was replicated using a computational model by Di Paolo et al.
(2008). That study and further experiments using variations of this model in Froese and Di Paolo
(2010) and Froese and Di Paolo (2009) demonstrated that success in this task very strongly linked
to the stability of the mutual interaction between the two agents, further emphasizing that this task
is a demonstration of cognition being offloaded into environmental interaction rather than being

entirely within the individual.
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5.2.2 Neuroscience of social cognition

What if we can replicate the stimuli from interaction in an isolated brain? One experiment that
can support this idea is Ramirez et al.’s (2013) work on creating false memories in mice by
optogenetically stimulating hippocampal neurons consistently under certain contexts to replicate
behaviors similar to those developed from a classical conditioning paradigm in the same contexts.
Specifically, by stimulating the memory engram—bearing cells in the hippocampus in contexts
where the animal would have otherwise received an electric shock, the authors were able to elicit
behaviors that were consistent with conditioning from actually receiving electric shock. While
this study appears to provide support for the case that one can create simulations of environment
and elicit actions precisely, as De Jaegher et al. (2016) rightly point out, this stimulation paradigm
does not extend to general behaviors in a complex environment. To stimulate an interaction with
another animal would mean that the entire temporal pattern of stimulus must be replicated. This
is not only complex, but also highly-dependent on the experimental mouse’s actions that are not
deterministic. It would unfold into a complex causal web of influences between the two animals.
Importantly, note that the other mouse is also a dynamical system on its own and can manifest its
own stochastic behavioral patterns. Thus, real-time cognition cannot be practically captured by a
series of input-output transformations happening in the brain alone.

Experimental work in support of the idea that interactions are key to cognition come from the
neural reuse literature (Anderson, 2010b; Anderson et al., 2012) showing activation of sensory
and/or motor areas when higher cognitive functions are performed. For instance, it has been shown
that verb retrieval tasks activate motor areas and noun retrieval tasks activate visual processing
areas (Damasio and Tranel, 1993; Damasio et al., 1996; Martin et al., 2000, 1996) in the brain.
Perception of manipulable objects activates grasping related ares in the motor cortex (Chao and
Martin, 2000). Further, abstract planning tasks that themselves do not require any actions have
been shown to activate motor areas (Dagher et al., 1999) and finally, motor ares have been shown
to be activated in number processing as well (Andres et al., 2007; Roux et al., 2003; Rusconi et al.,

2005; Zago et al., 2001). These results suggest that sensory and motor capacities are co-activated
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during higher cognitive functions in way that suggests these faculties are available in aiding the
performance of the behavior. It is, however, not yet clear what the causal implications of these
co-activations are to performance of the behavior.

One of the crucial technological requirements that is holding back experimental progress in this
field is the ability reliably record neural activity under conditions that involve social interaction. In
this regard, Redcay et al. (2010) setup a live video stream inside an fMRI scanner that enabled to
setup conditions such as mutual interaction with the experimenter and playback of recorded video.
They observed greater activation during the live condition when compared to the playback condition
in brain regions such as right temporoparietal junction (rTPJ), anterior cingulate cortex (ACC),
right superior temporal sulcus (rSTS), ventral striatum, and amygdala. While it is still unclear what
increased activations in these brain regions mean, their tool opened up the possibilities of conducting
further experiments that could incorporate joint sense-making during a task. More recently, [.orenz
et al. (2016) presented a machine-learning based methodology for closed-loop stimulation in an
fMRI experiment. While their work was not directly applied to social cognition, it can be adapted
to study social cognition. Finally, with the advent of virtual reality (VR) simulators, scientists are
performing fMRI experiments when the subject is in the scanner wearing VR goggles (Pine et al.,
2002); another technology that could be potentially used in social neuroscience.

From a computational modeling perspective, previous studies of social cognition have mostly
been limited to behavioral replication. Although Di Paolo et al. (2008) and the following modeling
studies used Continuous-Time Recurrent Neural Networks (CTRNNs), their analysis was limited
to the behavior of the optimized models and not the neural dynamics during social interaction.
One modeling study that did analyze the implications of social interaction on neural dynamics by
Froese et al. (2013a) demonstrated that agents controlled by 2-neuron CTRNNs exhibited chaotic
dynamics when optimized in the presence of another interactive agent; dynamics that are beyond the
capability of 2-neuron CTRNNSs in isolation. The work presented in this chapters extends this work
to systematically test if the richness in neural dynamics achievable in the presence of an interactive

agent much higher than that achievable in isolation or in the presence of non-mutually-interactive
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agent.

5.2.3 Measuring richness of neural dynamics

Typically, increased activation in brain regions observed from recording methods is interpreted
as an increase in “processing” or “computation”. Alternatively, the richness or complexity of
neural dynamics can be measured from neural activity using information theoretic measures.
Tononi et al. (1994) proposed a measure called “neural complexity”, Cy with the intention of
capturing the functional organization of brain networks. According to this metric, there is high
neural complexity when small subsets of a system (think local brain regions) show high statistical
independence between one another, and larger subsets show low statistical independence. This
measure was intended to capture a specific idea that independent functional sub-components of
a system that can all act in unison is required to generate behavior. Thus, although aptly named
neural complexity, this measure was developed for that specific context and is not suitable for the
work presented in this chapter.

In this work, we measure the complexity of neural dynamics as the entropy of neural activ-
ity (Strong and Bialek, 1998). This is based on the idea that entropy captures the information
capacity of the neural dynamics; greater the entropy, greater its ability to encode information.
Thus, by optimizing agents to maximize their neural entropy we in turn maximize their ability
to encode information. We study the maximum achievable neural entropy under conditions of
mutual social interaction, one-way interaction and isolation to demonstrate that interaction is not
just a source of stimuli but in fact augments neural capacities to more than what can be achieved

otherwise.

5.3 Methods

Experiments were conducted on pairs of simulated agents that interacted with one another in an
empty 2-dimensional environment. Each agent emitted an acoustic signal, which could be sensed

by the other via two sensors positioned at the perimeter of their circular bodies (Di Paolo, 2000).
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Figure 5.1: Setup of computational model and neural network architecture. [A] Illustration of
socially interacting agents. Two agents, each consisting of an acoustic emitter that they are able
to modulate, a pair of acoustic sensors to sense the other agent, and two motors to move in a
2-dimensional environment. The ability to modulate their own signal combined with their ability
to listen to their counterpart, enables interaction in this model. Agents cannot sense themselves.
[B] Neural architecture of the agents. The two acoustic sensors feed into a 2-neuron fully-connected
continuous-time recurrent neural network (CTRNN) circuit which in turn feed into the two motors
and the acoustic emitter. The movement of the agent is result of the net activation of the left and
right motor neurons.

The strength of the emitted signal faded linearly with distance, and sensors were positioned to be 90
degrees apart from one another (Fig. 5.1). Thus, agents can gather information about their relative
distance and orientation to one another. Neural controllers were modeled as dynamical recurrent
neural networks (Beer, 1995¢). Sensory input filtered through sensory neurons into an inner layer
of two interconnected neurons, whose activity modulated the power of the emitted acoustic signal
and controlled motor neurons that propelled the agent around its environment.

This section outlines the implementation details to recreate the simulated agents, and all ex-
periments and analyses. We first describe the agent, their neural circuitry and their principles of
movement and acoustic signaling, followed by an explanation of the evolutionary stochastic search

algorithm used to optimize these agents, and then a description of the analyses is provided.

5.3.1 Agent design

The design of the simulated robots has been primarily inspired by Di Paolo’s acoustically coupled
agents (Di Paolo, 2000). The simulated agents were circular with a radius, R, of 4 units and were

equipped with two acoustic sensors and an emitter. The two sensors were located symmetrically at
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an angle of 45 degrees to the central axis. An acoustic emitter was located at the geometric center
of the body, and hence equidistant to an agent’s own sensor making them essentially deaf to their
own signal. The emitted signal experiences linear loss in strength with distance. The strength will
be maximum and equal to that of the emitted strength at a distance equal to the 2R between the
center of the agents and linearly drops off with increasing distance. The sensors that pick up this
signal hence provide an estimate of the distance of the source and the differential sensory stimuli
in the two sensors give an estimate of the direction of the source relative to the sensing agent (Fig.
1A).

In addition to attenuation due to distance, the sensing agent also experiences attenuation when
the signal passes through its own body — a self-shadowing mechanism that is a natural consequence
of embodied agents. This attenuation is computed as a scaling factor over the sensory inputs which
ranges from 0.1 to 1, depending on the proportion of the body’s diameter that the signal travelled
through i.e. the sensory signal is scaled by 0.1 if the sensors are diametrically opposite from the
source and scaled by 1 if the agents is facing the source. This is computed as follows - for a distance
D between the two agents, and a distance of Dy, between the source and the sensor, the shielded

distance that the signal travels through the body, Dyy, is given by

Dgp, :Dsen(l_A) 0<A<1
(5.1)
A = (D* - R*/D?

sen

where when A > 1, there is an unobstructed line between the source and the sensor. The sensory
input for a sensor is first calculated based on the distance between the sensor and the source, and it
is then multiplied by a scaling factor between 0 and 0.1 by linearly mapping Dy, between 0 and 2R
respectively. This process was then repeated for the other sensor.

Collisions were modeled as point elastic, meaning that upon colliding, the agents experienced
no change in their angular velocity (no friction between bodies) and momentum of the entire system

was conserved by having zero net effect on their velocity vectors. This was performed by simply
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exchanging the velocity vectors of the agents thereby causing them to bounce off of each other
without losing any energy in the process.

The internal neural circuitry is made up of three layers — sensory layer, interneuron layer and
the motor control layer (Fig. 1B). The sensory neurons can be thought of input neurons with a

sigmoidal activation function. Their output is given by

o5 = gs0(I; + 05) where o(x) = 1/(1 + e7%) (5.2)

is the sigmoidal activation function, g; is the sensory gain that is kept the same for both sensors,
and 6, is the bias that is also same for both sensors.

The interneuron layer is a continuous-time recurrent neural network (CTRNN) that is fully
recurrently connected. This corresponds to a two-dimensional dynamical system with the activity
in each neuron governed by the following state equation

dy;

N 2
T = i + ; wijo(yj +0;) + ; WisOs (53)

where dy;/dt refers to the rate of change of internal state, y; of neuron i based on a time constant
7;. This rate of change depends on three values — the current state, the weighted sum of outputs
from all N neurons in the network, and the total external input. The input from other neurons is
calculated by weighting their output with weights from neuron j to i specified by w;;. The output
of each neuron based on its internal state is given by o-(y; + 6;) where 6; refers to a bias term for
that neuron. Finally, the state is also influenced by the total external input received by the neuron,
in this case given by the weighted sum of the sensory input with weights w;s from sensory neuron
s to interneuron i and oy being the sensory output from two sensors.

The interneurons feed into the motor control layer, where the input to each motor neuron is a
weighted sum of the outputs of the interneuron. The motor control layer contains three neurons,
two corresponding to the left and right motors and one that corresponds to the acoustic signal

emitter. All three of them are sigmoidal units with a gain and bias but no internal state such that
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the output of unit i, m;, is given by

N
mi = guor () Wi % 0n + ) (54)
n=1

where o, is the output of the interneuron, that are weighted by wy,; and 6; is the bias term that is
common across all motor units, and so is their gain g,,.

Locomotion is controlled by the effective control of the two motors, where net linear velocity
is given by the average of their outputs and the angular velocity which rotates the agent and hence

the direction of movement is given by their difference divided by the radius of the agent.

5.3.2 Measuring neural entropy

The neural activity in an agent is recorded during the course of behavior, and the neural complexity is
measured as the entropy in the two-dimensional time series from the outputs of the two interneurons.
Since these are outputs from a sigmoid function, they are bounded between O and 1. The output
space is binned with 100 bins along each dimension, totaling 10000 bins in all. A 2-dimensional
histogram is built from binning data points collected over all trials of the behavior and the probability
of the neural activity in a bin [i,j], p;;, is given by the number of points in that bin divided by the

total number of points. From these probabilities, the entropy H of the neural time series is given by

100 100

H = Z Z —pijlog(pij) (5.5)

i=1 j=1
The maximum possible entropy that can be achieved is when all bins are uniformly populated
giving a uniform distribution over the two-dimensional histogram. The entropy computed is
normalized to be in the range [0,1] by dividing by this maximum entropy which is equal to

log(100%100). Thus, normalized entropy is H = H/log(100 * 100)).
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5.3.3 Evolutionary optimization

Parameters of the neural controllers, such as weights and signs of the connections, biases, and
time-constants, were optimized using an evolutionary algorithm. Each evolutionary run was
initialized with a random population of 96 solutions, that was evolved over 500 generations. 100
such runs were executed and the best solution in the population from each run was collected
to be analyzed. In order to evaluate the fitness of the individuals, we computed the entropy
of the time series of neural activity taken from simulated trials. This measure allowed us to
operationalize the complexity of internal neural dynamics exhibited by each agent in various
interaction conditions. In particular, neural entropy was measured for each agent in trials where
they were evolved and interacted in pairs (interaction entropy), as well as control conditions where
agents were placed in the environment by themselves (isolation entropy). Our decision to use neural
entropy as an index of internal complexity was motivated by its interpretability and computational
tractability, as well as a range of previous studies that have associated elevated levels of neural
entropy with improved cognitive performance, including therapeutic benefits (Carhart-Harris et al.,
2014), increased levels of consciousness (Schartner et al., 2017), and improved generalization in
motor learning tasks (Dotov and Froese, 2018).

A real-valued stochastic evolutionary search algorithm was used to optimize these agents to
maximize their neural entropy. Each agent had 20 parameters that need to be tuned, and they were
encoded as the genotype of the evolutionary search. For K agents, the genotype contained 20K
values in the range [-1,1] that were scaled appropriately to construct the agent. The sensor and
motor gains were scaled to be in [1,5] while their biases were scaled to be in [-3,3]. All weights
were scaled to be in the range [-8,8] while the time-constants in the CTRNN were set in the range
[1,2] and their biases were scaled in [-3.3]. Thus, one genotype representing one solution was
mapped to construct the agent(s) to then be simulated and evaluated for performance.

One generation of evolutionary optimization involved evaluating a population of 96 solutions
and generating a new population for the next generation based on their performance. Agent(s) built

from each genotype were evaluated over 4 independent trials each lasting 200 simulation seconds
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at a step size of 0.1. Their neural activity was recorded, and entropy was computed over the 4 trials
and the normalized neural entropy was assigned as their fitness.

In the interaction scenarios, the agents were always placed at a distance of 20 units from each
other, but their relative angle was varied as [0,7/2,7,37/2] for each trial. The fitness of each
genotype in the multi-agent runs was computed as the average neural entropy of all agents that the
genotype encoded. In order to promote interaction, and avoid the case where agents moved too far
from each other and not be able to sense the other, a distance threshold of 100 units was set. Any
trial where the agents moved further than 100 units from each other was cut-off.

Upon evaluating their fitness, an elite fraction of the top 4% solutions were kept as is, and a
new population was created by creating the remainder of the solutions by mutating and crossing
over these elite solutions. Mutation involved adding a zero-mean Gaussian mutation noise with
variance 0.1 to the solutions. Following that, they were crossed over with other solutions such that
each parameter between a pair of solutions was swapped with a probability of 0.1. This process
was repeated over 500 generations and the best solution from the population at the end of 500
generations was chosen as the representative solution from that run. 100 such independent runs
were executed for each scenario discussed in the results section, and the analyses were carried out
from the collection of the 100 best agents from all these runs.

There are two different scenarios under which agents are evolved - isolation and interaction.
When evolved in isolation, the genotype encodes the parameters of a single agent, and the fitness
of each agent is evaluated by the entropy of its neural activity during and evaluation period. On the
other hand, when agents are evolved with interaction, they are evolved in pairs. In this case, each
genotype encodes the parameters for two agents. The pair of agents built from the genotype can
now potentially interact with each other to influence each other’s neural activity. Fitness for each

genotype is then evaluated as the average neural entropy of the two agents.
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5.3.4 Measuring distance entropy

The distance between the two agents, unlike their neural entropy, is a one-dimensional time series.
During the optimization trials, the distance between agents was set to a maximum limit of 100
units, beyond which the trial was cut off. In order to maximize fitness all evolved agents optimized
their behavior to stay within this bound. This range of distance ([0,100]) was binned into 100 bins,
which allowed the creation of one-dimensional histogram from the distance between the agents
during the course of the behavior, over all trials. From this, the probability and the entropy were

computed in the same way as neural entropy and normalized by the maximum entropy of log(100).

5.3.5 Analysis with “ghost” partner

In order to delineate the role played by interdependent interaction on internal complexity as opposed
to independent interaction, agents that showed high levels of internal complexity in the presence of
a partner were tested under a “ghost” condition. In this case, from the genotype of the best solution
of a particular run, only one agent was constructed. This agent was placed in an environment in
the presence of another agent. However, the other agent, not being constructed from the genotype,
was not an active system that was behaving in this environment. Instead, that agent was replaying
pre-recorded behavior from the trials that were conducted after optimization. This is referred to
the “ghost” agent. In order for the active agent, whose entropy is being measured, to also not
repeat its behavior from those trials, the two agents were started at different random initial angles
from each other, while keeping the initial distance the same. Same as the evolutionary fitness
evaluation, 4 trials were conducted, and the neural entropy of the active agent was measured based
on its behavior in the presence of a “ghost”. This setup allows neural entropy to be measured
under similar conditions of sensory complexity that the agents experience during interdependent

interaction, while at the same time removing any possibility for the same.
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5.3.6 Curve fitting and statistical testing

IBM SPSS Statistics software was used for regression modeling and statistical testing. The distribu-
tion of evolved entropies between the different setting of isolation and interaction were statistically
tested by comparing means using a two-tailed t-test with significance declared if p < 0.05. For the
regression model, coefficients were fit based on 95% confidence bounds and an analysis of variance
(ANOVA) over the regressors, and the residuals was conducted and tested using an F-statistic test
to check against all coefficients being 0. Further, each co-efficient was individually tested against

being 0, using a two-tailed t-test with significance declared for p-values below 0.05.

5.4 Interaction enhances internal complexity beyond what is possible alone

First, in order to study the effect of interaction on internal complexity, we artificially evolved pairs
of agents to maximize their interaction entropy, without explicitly specifying any desired behavior.
The resulting movement and neural traces from one trial of one of the best evolved pairs of agents
from 100 runs is shown in fig. 5.2. During interactions, these agents exhibited normalized neural
entropies of 0.7568 and 0.8763. Although behavioral interactions were not selected for, evolved
agents exhibited a complex pattern of moving towards and away from each other in a coordinated
manner. Qualitatively similar behaviors were observed in the rest of the evolutionary runs.

We expected that agents would evolve to make use of social interaction to enhance their internal
complexity, if there was an opportunity to do so. In order to verify this prediction, we performed
another set of experiments where we evolved isolated agents using the same fitness function.
Comparing the neural entropy achieved by agents in 100 independent evolutionary runs in each

condition revealed that internal complexity
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Figure 5.2: An agent’s behavior, neural activity and distance traces in interaction and its per-
formance and neural activity in the ghost condition. [A] An illustration of the 2-dimensional
behavioral pattern of two agents evolved to interact demonstrating aperiodic oscillatory patterns
that cannot be achieved by the 2-neuron systems of each agent in isolation. [B] Relative distance
over time of the two agents shown in B, also demonstrating interesting complex patterns that cannot
be achieved by passive 2-neuron CTRNNs. [C] The neural activity of the 2 interneurons of red
and blue agents shown in B, demonstrating chaotic aperiodic activity that cannot be generated by
2-dimensional CTRNNS in isolation in the absence of interaction. [D] The same agents as in B,
but in this case the red agent plays back the recorded behavior from the trial shown in B, while the
blue agent is allowed to interact with it. Significantly reduced behavioral complexity is observed
under this “ghost” condition where agents are unable to mutually interact with each other. [E]
Neural activity in interneurons of blue agent under the ghost condition, showing significantly lower
complexity compared to the same agent’s neural activity in the interactive mode shown in D.

was significantly higher when agents had the ability to interact as opposed to when they existed in
isolation (Fig. 5.3A; significance tests results in table 5.1). In other words, the interaction entropy
of agents evolved in social contexts is consistently larger than the isolation entropy of agents evolved
inisolation. Crucially, agents that were optimized to maximize to neural complexity in the presence

of others, exploited their ability to interact to achieve it (Fig. 5.4).
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Figure 5.3: Results depicting effect of social interaction on neural complexity. [A] Fitness
distributions of best agent in the population from 100 runs for each of the different levels of
social interaction. Agents evolved with interaction (blue) showed highest neural complexity,
however, when the same agents were evaluated in isolation (green) showed significantly lower
neural complexity even compared to agents evolved in isolation (orange). [B] Neural entropy and
behavior in the presence of an active partner versus ghost partner. All agents exhibit high values
along the horizontal axis demonstrating high internal complexity in the presence of responding
partners. However, as it can be seen from the spread along the vertical axis, below the diagonal,
these agents lose internal complexity when their partner is a ghost. This loss tends to be more
pronounced for higher levels of interaction entropy, which suggests that these higher levels are more
readily achieved by interdependent rather than independent interaction.

5.5 Complex interactive behavior does not require high isolation entropy

From the previous results, it does not directly follow that agents that show high interaction entropy
would also exhibit high entropy in isolation. This is an empirical question regarding the emergence
of complex interactive behaviors from simple systems. In order to test this, we disabled the sensors
in agents that were optimized in interactive environments and measured their neural entropy in
isolation. These agents consistently showed lower levels of entropy than what they exhibited
during interaction (Fig. 5.3A). Importantly, all of these agents also showed significantly lower
levels of entropy than what was typically achieved by agents evolved in isolation to maximize
isolation entropy (Fig. 5.3A; significance tests results in table 5.1). In other words, although these
agents were more complex during interaction, they are not intrinsically more complex. This has

implications for developmental psychology, since these results suggest that complex interactive
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Figure 5.4: Emergent interaction upon evolving for neural complexity in the presence of interaction.
[A] Distribution of strength of acoustic signal emitted by all 200 agents (one pair each of 100
different runs) that were evolved with interaction. While the acoustic signal show maximum
frequency on either saturated ends, it can be seen that the acoustic signal bears a non-saturated
value for a significant amount of time. [B] Illustration of acoustic signal for pair of agents shown
in Fig. 5.2. Each trace corresponds to the acoustic signal emitted during one trial of the simulation
by each agent in the presence of the other.

behaviors do not require high intrinsic internal complexity, as long as infants have the capacity to

take advantage of the complexity provided by interaction.

5.6 Internal complexity is enhanced by interdependent interaction

This dependence on interaction with their partner to enhance neural complexity, and hence behav-

ioral complexity, could be from two categorically different underlying interactive modes.

1. The partner could be a source of complex stimuli that drives the agent in question to perform
behaviors through complexification of neural dynamics. In this case, the other agent becomes
a passive component of a complex environment that the agent in question “uses” to realize
complex neural dynamics. This mode of interaction is henceforth referred to as independent

interaction.

2. The two agents could be engaged in mutually interdependent interactive behaviors, thereby

bootstrapping neural complexity in each other through continuous interaction via acoustic
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Levene’s test for t-test for equality of means
Equality of Variances
. 95% confidence
F Sig t df Slg'. mean St.d' ST | i nterval
2-tailed | difference | difference
lower | upper
Equal
variances 195.013 | .00 52.23 | 198 | .000 4233 .008 407 | 439
assumed
Equal
variances 52.23 | 106 | .000 4233 .008 4071 | 4392
not assumed

Table 5.1: Independent samples test between agents evolved in isolation and agents evolved in the
presence of another agent

modulation and spatial navigation. In this case, the other agent is no longer passive but is
an active responsive component that continuously influences and is influenced by the neural
dynamics of the agent in question. This mode of interaction is henceforth referred to as

interdependent interaction, which is a generic form of coordination.

In order to disambiguate the aforementioned two modes of independent and interdependent
interaction, we measured interactive entropy in the presence of “ghost” partners. “Ghosts” were
agents that were merely playing back their movements from a previous trial, without being respon-
sive to the “live” agent whose neural entropy is being measured. The ghost condition preserves
complexity of the signal that the live agent experiences, nevertheless, it does not present any op-
portunity for interdependent interaction or coordination. Under the ghost condition, live agents
suffered a loss in internal complexity in most cases. This demonstrates that their neural complexi-
ties were enhanced by active interdependent interaction with the other agent, and not just because
of the presence of complex driving signals (Fig. 5.3F).

The same pair of agents described in figure 5.3B were examined again in Figure 5.3E. This time,
however, one of the agents was made into a "ghost" (same movement as before, but unresponsive
to environmental feedback). As a result from this change, the live agent’s behavior becomes
starkly different and its entropy drops to 0.4712. This shows that the agents did not simply rely

on the complex sensory stimuli from the behavior of the other agent. Instead, the two agents were
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Figure 5.5: Relationship between interdependent interactions, behavioral complexity and internal
complexity. [A] A positive correlation between interaction entropy and loss in entropy under
ghost conditions suggests that interdependence increases with internal complexity. [B] A negative
correlation between distance entropy (behavioral complexity) and loss in entropy under ghost
conditions suggests that interdependence is hindered by greater behavioral complexity. Thus,
interdependent interaction is achieved by trading-off internal complexity for behavioral complexity.

mutually interacting: they were coordinating their movements and were thereby enhancing each
other’s neural and behavioral complexity in a complementary manner. More generally, we found
a statistically significant correlation between increasing internal complexity and interdependent
interaction, and that this form of interaction tended to be more ordered, as would be expected from

social coordination.

Unstandardized  Standardized 95% confidence interval
Coefficients Coefficients t Sig. for B
Lower Upper
B Std.error Beta bound bound
(Constant) -0.437 | 0.159 -2.753 | .007 | -0.751 -0.122
Interaction Entropy | 0.862 0.193 0.411 4.462 | .000 | 0.479 1.245

Table 5.2: Coeflicients from the linear model fit with statistical test for the predictability of Loss
in entropy under ghost conditions
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R | RM Adjusted | Std. error Change Statistics
R"2 of estimate | R"2 F Sig. F
dfl | df2
change | change change
411 | .169 160 1529 169 | 19913 | 1 | 98 | .000

Table 5.3: Model Summary for linear fit between interaction entropy and Loss in entropy under
ghost condition. Predictors: (Constant), Interaction Entropy

5.7 Interdependent interaction occurs at a balance between behavioral complexity and

internal interaction complexity

Greater loss in entropy between the active and the ghost conditions corresponds to greater levels
of interdependent interaction. In order to study the relationship between an agent’s complexity
during interaction and the level of interdependence in it, we performed a linear fit between the two
(Fig. 5.5A). A linear regression analysis showed that interaction entropy significantly predicted loss
in entropy under the ghost condition (R2=0.16, F(1,98), p<.01) and beside the constant, interaction
entropy was specifically tested using a t-statistic showing that it significantly predicted loss in
entropy under ghost conditions (two-tailed t-test p < 0.05, see tables 5.2 and 5.3 for detailed
statistical test results). This suggests that an increased level of internal complexity typically
corresponds to greater levels of interdependent interaction.

On the other hand, when the entropy in distance between the agents, which is a proxy for
behavioral complexity, was fit against loss in interaction entropy under ghost conditions, a neg-
ative correlation was revealed (Fig. 5.5B). The linear fit was found to be statistically significant
(R2=0.208, F(1,98), p < .01) and distance entropy independently tested showed significant pre-
dictability of loss in entropy under ghost conditions (two-tailed t-test, p < 0.05, table 5.3). Thus,
it can be said that greater levels of complexity in behavior hinders interdependent interaction.
From the two trends we’ve shown in the factors that predict interdependent interaction, we posit
that while mutually interdependent interaction enhances internal complexity, it is constrained by
behavioral complexity that hinders the same. In other words, productive social behavior occurs at

a fine balance between behavioral and internal complexity.
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5.8 Agents exhibit higher-dimensional dynamics during interaction

From a dynamical systems perspective, in isolation, these simulated mobile robot systems are
two-dimensional autonomous systems (2 neuronal states) that can at most have fixed-point or limit-
cycle attractors (Beer, 1995¢). During the course of interaction with another agent, these dynamical
systems show aperiodic dynamics more complex than limit-cycles and that in principle require at
least 3 dimensions (Fig. 5.2D). In the presence of another agent, the coupled system is of higher
dimensionality involving both agents and their relative environmental states. In this case, measuring
the entropy in one agent’s neural activity, i.e. only analyzing the brain of one individual, is akin
to measuring the entropy of the two-dimensional projection of a higher dimensional system. This
explains the enhanced levels of internal complexity in agents that are in the presence of others —
through their interaction the two embodied agents can become integrated into a larger, dynamically

extended system (Froese and Fuchs, 2012).

5.9 Discussion

From a complex systems perspective we expected that placing embodied agents in an interactive
context would transform their neural and behavioral dynamics, and that certain forms of interaction
would lead to an increase in their complexity. Our modeling results confirmed this expectation by
providing a proof of concept that the behavior of embodied agents in real-time dyadic interaction
cannot be fully understood from studying their brains in isolation, nor even in the context of
non-responsive social stimuli.

In our simulation model an agent’s neural complexity could increase beyond its individual
degrees of freedom when the agent is interacting with a complex environment, and especially so
when it is coordinating its behavior with another responsive agent. Our analysis revealed that
this increase is not just a matter of activating latent internal complexity: interaction allows an
agent’s neural activity to increase its complexity to such an extent that in principle it would be

impossible for that activity to be generated in isolation. It remains to be seen to what extent this
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increase in individual complexity scales with the number of individuals that are interacting as
well as the size of the neural network. In the models presented in this work, the effect of social
interaction was more pronounced because 2-dimensional agents that are not capable of producing
dynamics more complex than oscillators in isolation, end up producing aperiodic activity when
interacting with another agent. However, if each individual were composed of larger networks that
are themselves capable of producing aperiodic dynamics, perhaps this effect might diminish. In
any case, the dimensionality of an individual will still be only a fraction of the total dimensionality
of the coupled multi-agent system and so it is expected that environmental interaction will need to
be taken into consideration comprehensively study social cognition. Overall, this finding suggests
that the enactive approach to social cognition is on the right track: the dynamical basis of an
agent’s behavior during real-time interaction with another agent becomes the whole brain-body-
environment-body-brain system (Froese et al., 2013b), of which each agent’s brain is just one
important component (Gallagher et al., 2013) whose neural activity becomes a projection of the
overarching interaction process. Future modeling work could analyze in more detail how this
interactive expansion of individual complexity is dynamically realized, for example by analyzing
the transformation of the state space of the overarching brain-body-environment-body-brain system
as it goes from an uncoupled to a coupled mode.

Another avenue for future investigation is to verify these modeling findings in the context
of actual human social interaction. The so-called "second-person" approach to social cognitive
neuroscience has already revealed that the brain is activated differently when participants are
engaged in real-time social interaction when compared to passive observer scenarios (Schilbach
et al., 2013). The complex systems perspective adopted by the enactive approach could help to
provide an explanation for this observed difference. More specifically, it would be interesting to
verify our finding that an agent’s neural activity tends to be transformed more substantially in
scenarios involving interdependent compared to independent forms of interaction between agents.
Importantly, our results reveal that interpersonal behavioral synchrony in itself is not sufficient

to distinguish between interdependent and independent forms of interaction. Accordingly, future
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experimental work could compare neural activity in a task requiring real-time coordination with
neural activity in a non-responsive "playback" control condition, for instance by employing the

human dynamic clamp paradigm (Dumas et al., 2014).
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Chapter 6

Conclusion

The previous chapters have presented details of all the scientific contributions of this dissertation.
In this final chapter, I present a summary of the learnings from our work, and provide some closing

remarks.

6.1 Summary of contributions

Over the course of this dissertation, recurrent dynamical computational models of neural networks
have been employed to study how including the environment in our analysis gives a more com-
prehensive picture of the neural basis of behavior. Specifically, such models were applied to three
phenomena of adaptive behavior namely, predictive coding, multifunctionality and social cognition.
Optimizing the models for specifically designed tasks, followed by information-theoretic analyses

enabled us to make the following novel contributions:

1. Neural networks encode predictive information provided by stimuli as well as generate their
own as needed. The source of predictive information dynamically changes over the course
of a behavior. Mutual information cannot distinguish the source from which predictive
information was encoded in a neural network. We demonstrated that estimating transfer of
information about a future stimulus uniquely from the environmental stimuli and uniquely
from the neural networks’ past activity allows us to infer the dynamics of the source of
predictive information. Further, predictive information provided by the environment is a

consequence of its regularities and can vary within the same task. Therefore, encoding
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predictive information alone is not a sufficient indicator of adaptation to the environment.
Thus, we demonstrate that multivariate information-theoretic analysis that includes the
environment enables a more comprehensive understanding predictive coding in dynamical

neural networks.

. An agent can perform multiple tasks using the same neural controller, same sensory and same
motor systems in the absence of neuromodulation or plasticity. In such cases, estimating
the effective network using transfer entropy for each task enables capturing the task-specific
dynamics of the neural network that unfolds in the context of each task over the same fixed
structural network. The relationship between behavioral performance and the task-specific
effective network was as follows: all neural networks that possessed distinct task-specialized
effective networks for each task, consistently performed the different behaviors with near-
perfect accuracy; however, the converse was not true: different tasks could also be performed
with effective networks that are not specialized for each task. When task-specific effective
networks are not distinct for each task, neural dynamics are shared between the tasks at a
finer level. Sharing of neural resources can be favorably exploited to perform multiple tasks.
This can happen to the extent that indistinguishable neural dynamics produced behaviors
that were starkly different upon observing the agent. Multifunctionality in this case can
only be understood by also including the state of the environment in the analysis. Thus,
we demonstrate that multifunctionality can emerge from fixed circuits when embedded
and embodied, and that to comprehensively understand multifunctionality, it is essential to

include the environment in the analysis.

. Mutual interaction with other individuals in the environment enables richness in neural
dynamics that cannot be achieved in isolation or in the presence of an unresponsive agent.
Agents that are in continuous closed-loop interaction with another agent receive stimuli as a
function of internal states of both agents. As aresult, neural dynamics in an individual agent is

part of the higher-dimensional system that includes the environment as well. We demonstrate

141



this by showing that individual agents exhibit neural dynamics that are theoretically not
capable by an agent in isolation. Empirically, the neural complexity achievable by an agent
during social interaction was significantly higher than what was achievable in one-way
interaction or isolation. Thus, we demonstrate that a comprehensive study of neural network
operation requires that the environment and on-going interaction with the environment is

included in the analysis.

. Theoretical insights from in each of the three domains studied have been discussed above.
The common underlying observation across the three seemingly distinct phenomena of
predictive coding, multifunctionality and social cognition are the benefits of taking envi-
ronmental variables and agent-environment interaction seriously. With predictive coding, it
revealed that predictive information is available for free from the environment and that any
network can encode it. With multifunctionality, it provides an additional mechanisms that
can enable multifunctionality: agent-environment interaction. Finally, with social interac-
tion, it shows that real-time interaction enhances neural dynamics in a way that cannot be
understood by merely studying the brain of an individual in isolation. Thus, as a general con-
tribution to different areas within Neuroscience, this dissertation emphasizes the importance

of including the environment in our study of the neural basis of adaptive behavior.

6.2 Concluding remarks

As embedded, embodied and dynamical systems, living organisms are in constant closed-loop

interaction with their environment. Environmental regularities shape information available to the

animals, which are further shaped by animals themselves based on their actions. As a result,

behavior involves a continuous exchange of influence between the agent and the environment

that are a coupled dynamical system. Since both the agent and the environment are dynamical

systems in their own right, this closed-loop interaction cannot be simply replicated by presenting

stimuli passively to animals. Technological advancements are continuously improving the ability of

experimentalists to record neural activity from freely-behaving animals. To fully take advantage of
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these advancements, appropriate analytical tools will be required to be developed. Work presented
in this dissertation, provides theoretical insights as well as frameworks for analysis when data is
obtained from closed-loop agent-environment interaction.

Potential for extensions of the work presented in this dissertation were discussed at the end
of chapter. In addition to those, as a dissertation that has employed computational models, one
natural extension is to apply these methods to experimental data, or devise experiments based on
these models to test these results. Specifically, existing studies in predictive coding such as Palmer
et al. (2015) employed experimental designs very similar to the ones that have been used in this
dissertation and can already utilize the framework presented here. Similarly, with regards to
the work presented here on multifunctionality, Lizier et al. (2011) employed multivariate analysis
methods in fMRI data to study task-relevant changes in neural dynamics. While this study evaluated
the task-specific changes, the same data could be used to evaluate the extent of overlap rather than
the uniqueness for each task. Finally, with regards to the work presented on social interaction,
Froese et. al. are currently working on replicating the isolation, one-way and two-way interaction
conditions and measuring neural complexity to see if similar results can be observed in EEG data.

Toward the ultimate goal of discovering the general principles that underlie neural information
processing as it pertains to behavior, this dissertation establishes the following: first, the benefits
of using computational models to advance our understanding of the neural basis of behaviors;
second, the ability of multivariate information-theoretic analysis and its application in-time to
reveal information flow in agent-environment systems; and third, and most crucial, the importance
of integrating the environment in our analyses to get a more comprehensive understanding of the

neural basis of behaviors.
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