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Abstract

This paper presents a new approach to address the important challenge
of localizing function in a neurocontroller. The approach is based on the
basic Functional Contribution Analysis (FCA) presented earlier, which
assigns contribution values to the elements of the network, such that the
ability to predict the network’s performance in response to multi-unit le-
sions is maximized. These contribution values quantify the importance of
each element to the tasks the agent performs. Here we present a gener-
alization of the basic FCA to high-dimensional analysis, using high-order
compound elements. Such elements are composed of conjunctions of sim-
ple elements. Their usage enables the explicit expression of sets of neurons
or synapses whose contributions are interdependent, a prerequisite for lo-
calizing the function of complex neurocontrollers. High-dimensional FCA
is shown to significantly improve on the accuracy of the basic analysis,

to provide new insights concerning the main subsets of simple elements



in the network that interact in a complex non-linear manner, and to sys-
tematically reveal the types of interactions that characterize the evolved

neurocontroller.

Keywords: neurocontroller analysis, localization of function, performance pre-

diction, lesioning.



1 Introduction

A major effort in the field of Artificial Life is dedicated to the development of intel-
ligent agents. Considerably less effort has been given to understanding their inner
workings. In this paper we present a functional contribution analysis (FCA) approach
that quantitatively estimates the contribution of each element in the agent’s brain to
its functioning, and hence may serve to localize different functional tasks performed
by the agent’s neurocontroller.

Several studies have attempted to analyze neurocontrollers of evolutionary au-
tonomous agents (EAAs). In [5, 4], a rigorous, quantitative analysis of the dynamics
of central pattern generator (CPG) networks evolved for locomotion, has been devel-
oped. The networks evolved are of very small size, composed of 3,4 or 5 neurons. A
high-level description of the dynamics of these CPG networks was developed, based
on the concept of a dynamical module: a set of neurons that have a common tem-
poral behavior, making a transition from one quasi-stable state of firing to another
together. Dynamical modules give new insights to CPG operation, describing them
in terms of a finite state machine, and enabling a rigorous analysis of their robust-
ness to parameter variations. In [10], the activity of internal neurocontroller neurons
as a function of a robot’s location and orientation was charted by a simple form of
receptive-field measurement. Neuronal functioning was generally highly distributed,
but a specific interneuron that had an important role in path planning was also iden-
tified. Other researchers have studied the effects of clamping neuronal activity on
the robot’s behavior (for example, inducing rotation, straight-line motion, or more
complex behaviors such as smooth tracking of moving targets [11]). The “command”
neurons described in [3] were discovered by studying the agent’s behavior following
single lesions and by receptive field analysis. Finally, a more “procedural” kind of

ablation, in which different processes (and not just units or links) are systematically



canceled out was recently employed in [23]. Overall, these studies have provided only
glimpses of the neural processing that takes place in EAAs’ neurocontrollers.

In neuroscience, the localization of specific tasks in neural systems is convention-
ally done either by recording the activity of system elements during behavior, or by
measuring the deficit in performance after lesioning specific elements. The term le-
sioning here refers to a disruption of the activity of the lesioned element. This can be
done by killing the element (e.g. cutting out a brain region), deactivating it by cool-
ing, or disrupting its activity using magnetic stimulation (TMS). Obviously inferring
significance from recording unit activity during behavior is problematic because cor-
relation of neuronal activity with performance does not necessarily identify causality.
The method of lesioning single elements (e.g., [22, 9]) has the disadvantage that it
cannot unravel the significance of units that interact in non-linear ways, and hence it
cannot in general predict performance under multi-unit lesions. In particular, single
lesion experiments cannot unravel the importance of units that have a high degree
of redundancy. The limited nature of such experiments has been widely discussed in
the literature [21, 20, 8].

The basic 1-dimensional FCA, presented and developed in [2], addresses the chal-
lenges posed by the lesioning approach. By utilizing multiple multi-lesion experi-
ments, FCA assigns specific “contribution values” to the basic elements of the neu-
rocontroller. These contribution values quantify the importance of each element to
the task(s) the agent performs. They enable the accurate prediction of the agent’s
performance in any new, unseen lesioned state. The current paper examines in more
depth how the FCA may be utilized to study function localization in EAA neurocon-
trollers. To this end, the basic FCA is generalized to high-dimensional analysis, using
high-order compound elements. Such elements are composed of conjunctions of sim-
ple elements, and enable the explicit expression of sets of neurons or synapses whose

contributions are interdependent, i.e., the contribution of each of the simple elements



depends on the state of the other elements in the set. This high-dimensional descrip-
tion is important, indeed essential, for an accurate analysis of EAA neurocontrollers,
in which the interactions between elements may be high-dimensional and complex.
The introduction of compound elements requires a re-thinking of the concept of the
contributions of simple elements defined originally in the basic FCA. While the con-
tributions of the simple elements can be reconstructed regardless of the dimension of
the FCA, one needs to think in terms of the contributions of compound elements to
capture the interactions forming functional groups in the network.

The FCA can be applied to several different tasks performed by the agent. For
each function (task), the FCA computes a separate contribution vector describing the
contribution of the system elements to that specific function. Thus, it is a method
for function localization, detailing which elements participate in which functions.
Using the contribution vectors for the different tasks, we have defined quantitative
measures of function localization and element specialization in the network. For a
description and discussion of these measures see [2, 19]. In this paper we present
results of the High-D FCA in the general task of maximizing fitness. However, since
the contributions of the simple elements can be reconstructed, it also supplies the
basis for measuring function localization.

High-dimensional FCA is carried out via an efficient algorithm that selects the
most important compound elements out of a possibly large set of candidates. A
detailed high-dimensional analysis of an agent’s neurocontroller is performed, and the
structure of the emerging higher-order compound elements is explored. Capitalizing
on our ability to perform multi-lesion experiments in EAAs in a computationally
tractable manner, high-dimensional FCA is shown to be a new method enabling a
systematic and rigorous analysis of function localization in EAA neurocontrollers.

This paper is organized as follows: section 2 presents the EAA model used and

the experimental protocol. Section 3 reviews the basic, 1-dimensional FCA. Section 4



extends the basic FCA to higher dimensions. Section 5 describes an in-depth high-
dimensional analysis of an EAA neurocontroller. Our results and their implications

to the analysis of EAAs are discussed in section 6.

2 The EAA Environment

The EAAs analyzed here live in a discrete 2D grid “world” surrounded by walls
(after [3]). The grid is 30 by 30 cells, with a 10 by 10 “food zone” located in a corner.
250 poison items are randomly scattered in the world and 30 food items are randomly
scattered within the food zone. The agent’s goal is to find and eat as many food items
as possible during its life, while ignoring the poison items. The final score (fitness) of
the agent is the number of food items minus the number of poison items it consumes,
divided by 30, so that the maximum possible fitness is 1. Since the agent’s lifetime is
short, this is practically an unattainable score. The agent is equipped with a set of
sensors, motors, and a fully recurrent synchronous neurocontroller of binary neurons.
The neurocontroller is coded in the genome and evolved; the sensors and motors are
given and kept constant.

The agent’s neurocontroller consists of 10 internal and output, recurrently con-
nected neurons. In addition, the agent has five input neurons connected to the sensors
(see Figure 1, after [3]). Four of the sensors encode the presence of a resource (food
or poison, without distinction between the two), a wall, or an empty cell in the cell
the agent occupies and in the three cells directly in front of it. The fifth sensor is
a “smell” sensor which can differentiate between food and poison underneath the
agent, but gives a random reading if the agent is in an empty cell. The four motor
neurons initiate movement forward, a turn left or right, and control the state of the
mouth (open or closed). Importantly, eating only takes place if the agent is neither

moving nor turning. Thus, eating is a costly process requiring a time step with no



other movement, in a lifetime of limited time steps. The task is difficult because only

partial sensory information about their environment is available to agents.

[Figure 1 about here]

The agents are developed via an evolutionary process. An initial population of
100 agents with random neurocontrollers undergoes selection and crossover for a large
number of generations, between 5,000 and 30,000. In each generation all agents are
placed in a randomly generated grid world at a random initial position and orientation
(each world contains one agent), and allowed to move for 150 steps. In the last
generation all the agents are tested in 5,000 different random worlds to obtain an
accurate estimation of their performance.

Previous analysis [3] revealed that the most successful agents evolved rely on
a switch between two behavioral strategies: exploration and grazing. Exploration
consists of moving in straight lines, ignoring all resources except food items in the
cell the agent is in, and turning at walls. Grazing consists of turning to resources to
the left or right in order to examine them, and maintaining the agent’s position in
a fairly restricted area. In both modes the agent consumes food items that it steps
upon. Exploration is mostly observed when the agent is out of the food zone, allowing
it to explore the environment and find the food zone. Inside the food zone, however,
successful agents almost always display grazing behavior, which results in efficient
consumption of food. It is important to emphasize that the switch between these two
behavioral modes occurs even though the agent has no knowledge about its position
coordinates.

Analysis of successful agents revealed that they possess one or more command
neurons that determine the agent’s behavioral strategy. Artificially clamping these

command neurons to either constant firing activity or to complete quiescence causes



the agent to constantly maintain one of the two behavioral modes, regardless of its
sensory input. These command neurons emerge even though the agents receive no
explicit information about their position. Their activity is not position dependent,
but rather tied to the existence of food items. This computational ability is based on
a spontaneously emerging stochastic memory of the time elapsed since the last eating
event [3]. In these agents feedback from the motor neurons is necessary to supply
information about eating events.

Throughout this paper, we focus on the analysis of one successful agent with a
neurocontroller consisting of 10 neurons. This agent achieved a fitness score close
to 0.4, which is above the performance level obtained by several manually designed
algorithms, as well as ones obtained through reinforcement learning [3]. In [19], we
have presented a one-dimensional analysis that localizes the two behavioral sub-tasks
(grazing and exploration) and the agent’s overall survival task in its neurocontroller.
Here we focus on a detailed high-dimensional analysis of the former, i.e., of the local-

ization of its overall survival task.

3 One-dimensional FCA

3.1 The Concept

We measure the performance (fitness) of the agent under different lesioning configura-
tions. Each configuration specifies which of the agent’s neurocontroller units (be they
neurons, synapses, or any higher-order module) is lesioned. The FCA algorithm is
designed to use this data in order to search for the contribution vector ¢ = (¢y, ..., ¢n),
where ¢; is the contribution of element 7 to the task in question and N is the number
of elements in the network. These values provide the best prediction of the agent’s

performance in terms of Mean Squared Error (MSE), under all possible multi-site



lesions.

More precisely, suppose that a set of elements in the network is lesioned and the
agent is tested for its performance level. The lesioning configuration is described by
the vector m where m; = 0 if the element is lesioned, and m; = 1 if it is intact. Within
the FCA framework, the prediction of performance in this lesioned state is based on a
linear model generalized by a nonlinear transformation. Given a contribution vector

c and a function f, the predicted performance p,, is given by

The function f is a non-decreasing piecewise polynomial. It is non-decreasing to re-
flect the notion that beneficial elements (those whose lesioning results in performance
deterioration) should have positive contribution values, and that negative values in-
dicate elements that hinder performance.

Denoting by py, the actual performance of the network under lesioning configura-

tion m, the mean squared prediction error is

I -
MSE = 55> (m — Pm)” - (2)
{m}

The vector ¢ which minimizes this error is the contribution vector for the task tested,
and the corresponding f is its adjoint performance prediction function. Since we can
arbitrarily choose the scale of ¢ and maintain the same prediction by modifying f, we

normalize ¢ such that >N || = 1.

3.2 The FCA Algorithm

The goal of the FCA algorithm is to find the contribution vector ¢ and the perfor-

mance prediction function f which minimize Eq. (2) given a subset of the full 2V



configuration set. The optimal ¢ and f are determined using a training set T of n
lesioning configurations m and the accompanying performance levels p,,. The FCA
algorithm works as follows:

1. Initialize c by selecting each element ¢; randomly in the range [—1,1]. Nor-

malize ¢ such that 2 |¢;| = 1. Compute f as in step 3.

2. Compute c by gradient descent to minimize Eq. (2) while keeping f fixed.

Normalize c.

3. Compute f to minimize Eq. (2) while keeping c fixed, by performing an isotone

regression on the pairs {m-c, py, }, and smoothing the result with a cubic spline.

Steps 2 and 3 are repeated a fixed number of times.

The FCA is related to two known modeling and prediction methods, that of Gen-
eralized Linear Modeling and that of Projection Pursuit Regression. The Generalized
Linear Model (GLM, see [17]) approach can be succinctly defined by the relation
g(Pm) = m - ¢, where g is the transfer function akin to the performance prediction
function f in the FCA formulation (if g = f~! the above equation reduces to Eq. 1).
In GLM, the contribution vector ¢ can be computed via a closed formula, and hence
results in a much faster and deterministic computation than that performed within the
FCA. However, GLM cannot be used to predict performance since g is not reversible
in general; many lesioning configurations can lead to the same performance (e.g.,
complete failure of the agent, leading to performance value 0). Projection Pursuit
Regression (PPR, see [13]) has a formulation very similar to the FCA. PPR approxi-
mates the response surface g by a sum of ridge functions g(x) ~ Z?Zl fj(c;-x), which,
together with the projection directions c¢; are found in an iterative, greedy manner,
minimizing the distance from a target random variable Y;, Z?:l (f(c;-x) — Vi)2.

The FCA is hence a special case of PPR in which £ = 1 and f is non-decreasing.



Using only one ridge function and a non-decreasing f enables one to preserve the

intuitive meaning of ¢ as the contribution values vector.

3.3 The Experimental Protocol

The FCA algorithm is stochastic, and as such is dependent on both the initial condi-
tions and the random choices made in the gradient descent step. To reduce stochas-
ticity, each of the MSE values reported in this paper is a mean of 10 FCA runs. A
single run consists of 10 trials, each of which is initialized with a different random
contribution vector. The result of the trial with the lowest MSE on the training set
is chosen for that run. The FCA executes 150 iterations of steps 2 and 3 above.
The MSE values are normalized by dividing them by the variance of the agent’s per-
formances p,, in the test set. Thus, an MSE of ¢ means that the FCA explains a
fraction 1 — ¢ of the variance. That is, if one would predict for any configuration a
performance level equal to the mean performance of the agent, then the normalized
MSE would equal 1, corresponding to R? = 0.

In the results presented below, the lesioning of a neuron was performed by making
its firing pattern random (stochastic lesioning), rather than by completely silencing
its output (biological lesioning). More precisely, at every time step a lesioned neuron
fires with probability equal to its overall mean firing rate under normal conditions,
independent of its input field. This ensures that the lesioning does not affect the
mean field of other neurons, influencing only the information content received from
the lesioned neuron. For a comparison between the lesioning schemes see [2]. When
lesioning motor neurons, we do not alter the activity transmitted to the motors them-
selves. This enables us to isolate the role of the motor units in the computation of
the recurrent controller network (i.e., their contribution to other neurons), without

immobilizing the agent.
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3.4 One-dimensional Agent Analysis

The basic FCA was studied in [1, 19, 2] on several agents and a variety of tasks. For
the agent considered in this paper, we used the basic, 1D-FCA both on the neuronal
level, i.e., when the simple elements are the 10 neurons of the network, and on the
synaptic level. To demonstrate the workings of the basic FCA, we briefly show the
results of this neuronal analysis here. For simplicity of this presentation, here the
full 2'9 configuration set was used to train the FCA. In section 3.5, we present an
algorithm for the selection of the training set, and demonstrate that a small training

set suffices.

[Figure 2 about here]

Figure 2A depicts the contribution values of the agent’s neurons. The computed
contribution values are consistent over different runs of the FCA (see standard devi-
ation bars), testifying to the significance of the results. The FCA correctly identifies
the significant neurons known from previous analysis [3], the motor neurons (neurons
1-3) that are important for feedback, the command neuron (neuron 5), and another
interneuron (neuron 10). Panel B depicts the shape of the performance prediction
function. As can be seen, when all neurons are lesioned (m - ¢ = 0), the agent’s
performance is about 0.3 of the intact network (m-c = 1) baseline performance. The
performance is not 0 because the input neurons are left intact, as well as the activity
transmitted from the output neurons to the motors. Thus, the fully lesioned network
corresponds to the minimal network of input and output neurons with no internal
processing. Lesioning any of the five identified significant neurons results in a quite
sharp decrease in performance as is evident from the large slope of f near 1. The

function allows one to fairly accurately predict the performance of any lesioned state
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using the contribution values depicted in panel A (Eq. (1)). Indeed, the normalized

MSE (Eq. (2)) in this case is 0.015 (explaining 98.5% of the variance).

3.5 Fast FCA: Adaptive Lesion Selection

The analysis above was performed using the full set of lesioning configurations. It
is crucial, however, that the FCA generalizes well when using only a small subset
of the full configuration set for training. As Figure 3 demonstrates, using small
training sets yields good prediction capabilities for unseen configurations even when
the set is randomly selected. Yet, it is important to optimize the choice of the
training set, i.e. judiciously select a small subset of lesions that will maximize the FCA
accuracy for a given training size. For this purpose, we have developed the Adaptive
Lesioning (AL) algorithm, which iteratively selects the next lesioning configuration

to be evaluated, based on the configuration set used so far:

1

1. Create a random initial core set of N configurations'. Compute ¢

and f using the FCA.

2. From all possible configurations that are not yet in the current set,
find the configuration whose estimated performance (using Eq. (1))
is farthest from the known performance values of the configurations
currently in the training set. That is, given the current configuration
set T', choose the next lesioning configuration m such that

m = arg max { min |[pmy — f(m'- c)} (3)

m'¢T | m"eT

3. Add m to T, recompute ¢ and f using the FCA, and return to step 2.

'Since ¢ has dimension N, the training set must consist of at least N configurations. The set
always includes the all-intact and the all-lesioned configurations.

12



Steps 2 and 3 are repeated until either a predefined number of training examples is
reached, or the change in the test prediction error falls below a threshold criterion. As
can be seen in Figure 3, for any training set size, the AL algorithm results on average
in a lower MSE on the test set than randomly choosing the training set. Also, a
very small training set (about 40 configurations) selected with the AL algorithm
suffices to reach the test error achieved when training on the full configuration set
(1024 configurations). Moreover, the AL algorithm is much more consistent in finding
good training sets (see error bars in Figure 3). Random sets are prone to ineffective
sampling of the full configuration space, and thus more often result in a large MSE

on the test set.

[Figure 3 about here]

The Adaptive Lesioning algorithm is closely related to the field of adaptive learn-
ing [6, 7], which seeks to improve both the generalization and speed of machine
learning algorithms. Attempting to uniformly sample the performance values p, the
AL algorithm effectively samples the values of m - ¢ with density proportional to the
slope of f. Thus, the resulting FCA is accurate because it samples more data in
the more crucial regions, those in which small perturbations in m - ¢ result in large

variations in the performance f(m-c) (see Figure 4).

[Figure 4 about here]
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4 High-dimensional FCA

4.1 Motivation and Definition

The results shown briefly above and in more detail in [2, 19] demonstrate that the
contributions of the units of simple EAA neurocontrollers can be computed with
the basic 1D-FCA. However, to deepen one’s understanding of the agents’ neurocon-
trollers, it is imperative to look further and examine the nature of the interactions
between these units. The units of the controller may interact in such a way that
the contribution value of a unit is not a single constant value but rather depends
on the state (lesioned or intact) of the other units. Indeed, certain forms of interac-
tion cannot in principle be described by the basic FCA. A classical example of such
an interaction was given by Sprague in the neuroscience literature [21], showing that
deficits in orienting towards a stimulus, resulting from large cortical visual lesions, can
be reversed through additional removal of contralateral areas. This has been known
as the Sprague effect, or paradoxical lesioning [12, 16]. Such effects have posed an
intriguing conceptual challenge: if an area is beneficial for a behavior (lesioning it
hinders performance), how can its lesioning under a different condition, i.e., when
another structure is already lesioned, improve the behavior? The solution is that the
utility of such a unit is context-dependent — it depends on the state of the rest of the
network. To address these challenges the FCA has now been generalized to include
high-dimensional context-dependent interactions. This generalization is based on the
usage of compound elements. Extending upon the simple, single-unit elements used
in the FCA, a compound element m = {7, o, ..., 7} denotes a specific combination
of a few simple elements. The order k of a compound element is the number of simple
elements composing it (k = |7|), and this determines the dimensionality of the FCA

analysis. In the basic FCA only simple elements of order 1 are used, and hence it is
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denoted a 1D-FCA.

In high-dimensional FCA, we concatenate the lesioning state of the simple and
compound elements to form the lesioning configuration vector m, such that its length
is now N 4+ N,, where N, is the number of compound elements. A compound element
is considered intact only if all of the simple elements composing it are intact. Analo-
gously, c is of length N + N, as well, describing the contributions of both simple and
compound elements. Thus, the performance prediction given by Eq. (1) still holds in
high-dimensional FCA.

Section 3.5 demonstrates that the 1D-FCA generalizes well when a sample set is
used for training instead of the full configuration set. Throughout the paper, the
training set used for the High-D analysis is the full configuration set, to maximize
the accuracy of the results. However, in Section 5.3 we demonstrate that the High-D
FCA also generalizes well and obtains a fairly accurate MSE with a relatively small

sample of the full configuration set.

4.2 Selecting Compound Elements

Adding compound elements to the description of the system introduces the problem
of selecting the most informative ones. The simplest iterative method is greedy: at
each iteration one compound element is added to the set of elements until a stopping
criterion is reached. To select the element to be added, the FCA is run on a training
set including this candidate element and the current set of elements. The compound
element which leads to the smallest MSE (on the training set) is selected and added
to the element set. The cycle then repeats with the new, extended element set. The
greedy algorithm is computationally very expensive, and hence impractical when the
potential compound element set to be searched is large. A faster approach, suitable

only for 2D-FCA, is to compute the FCA using all order-2 elements, select those which
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have the highest contribution values, and then re-run the FCA using the reduced set
of elements (the Highest Contributions algorithm). However, this approach requires
O(N?) compound elements, and hence becomes intractable when N is large. We
devised a more efficient approximation algorithm, called CERE (Compound Element
Error Reduction Estimation) which uses estimates of the reduction in the prediction
error that each conjunction yields.

CERE estimates the prediction error when a compound element 7 is added to the

current set of elements by,

AMSE, = (i&> Y (f(m-c) = pm]” = [f(m-c+é) —pml’),  (4)

2N n
4 mETn

where T} is the set of lesioning configurations from the training set that match 7.
A lesioning configuration m is said to match an element 7 if all of the elements of
7 are intact in m. The term <2LN]:—:> normalizes the error on the training set to
the expected error over the complete set of 2V configurations. N, is the number of

possible configurations that match 7 (equal to 2V %

, where k = |r| is the order of 7),
and n, is the number of such configurations in the training set. ¢, is the contribution
value assigned to m, computed to maximize AMSE, by a simple one-dimensional

gradient descent. The CERE algorithm is comprised of the following steps:
1. Initialize the set of compound elements to the empty set. Compute
{c, f} using the FCA on simple elements.
2. For each candidate compound element 7,

(a) Initialize é, to 0.

(b) Update ¢, via gradient descent to maximize AMSE, (Eq. (4)):

0
C C — AMSE..
('ﬂ<—('7r+€aéﬂ SE, (5)
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(c) Iterate step 2b a given number of times.

3. Select the compound element 7 that maximizes the reduction in the

prediction error AMSFE,, and add it to the set of compound ele-

ments.

4. Recompute {c, f} using the FCA, using all N simple elements and

all compound elements selected so far.

Steps 2-4 repeat until a stopping criterion is met: either a predefined
number of compound elements is used, or the prediction error falls below

a threshold.

A simpler version of CERE, called Linear CERE, is faster to compute and, as
shown below, on the evolved agent analyzed here, outperforms CERE. It is essentially

the same as CERE, except that f isignored, or rather, treated as if it were the identity

function. Eq. (4) is replaced by,

AMSE, = (iNﬂ> Z ([m-c—pm]Q—[m-c+6w—pm]2) . (6)

2N n
™ mETn

Differentiating Equation 6, one can obtain closed form solutions for ¢, and AMSE,.

b= Y (- mc) 7)

4 mGTn—

and, by replacing ¢, in Equation 6,

N
AMSE, = Q—N@%. (8)

[Figure 5 about here]
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The accuracy of all four algorithms in the order-2 analysis of the agent is compared
in Figure 5. Evidently, in this example all 2D incremental algorithms significantly
outperform the basic 1-dimensional method, and come close to the performance of

the full 2D algorithm at fairly moderate numbers of compound elements.

5 High-dimensional Neurocontroller Analysis

5.1 Compound Elements and Interactions

Section 3.4 described agent analysis using 1D-FCA. Here we perform a high order
2-dimensional analysis of the same agent and describe what can be learned about the
system from the emerging structure of compound elements. Figure 6A depicts the con-
tribution values of the simple and compound elements when eight order-2 compound
elements are used to describe the agent’s performance?. The figure demonstrates
that the identity of the compound elements chosen by the Linear CERE and their
corresponding contribution values are stable. The addition of the eight compound
elements (out of the possible 45 pairs) considerably decreases the prediction error,
from the 0.0153 reached by the 1-dimensional analysis to 0.0047. Even though more
than eight compound elements were chosen over all 10 runs, only eight such elements
were given non-negligible contribution values. These pairs are all combinations of
significant simple elements, i.e., those with non-vanishing contribution values in the
original 1-dimensional analysis (Figure 2). Analogously, Figure 6B depicts the contri-
bution values of the simple and compound elements when eight compound elements
of maximum order 3 are used, resulting in an MSE of 0.0037. Again, the selection of
compound elements is very stable (there are 165 possible pairs and triplets), as are

the values given to the chosen elements. The accompanying performance prediction

2 After which the reduction in the prediction error levels off.
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functions are depicted in panels C and D.

[Figure 6 about here]

What can be learned from these results?” An important observation is that the
contributions of the simple elements (Figure 2) change significantly when higher order
elements are introduced. This is because the overall significance of an element is no
more measured by its single contribution. Rather, compound elements that include
this unit must be considered to reveal its overall contribution. As shown in section
5.4, using the contribution values of the compound elements to recompute the simple
elements’ contributions restores the results of the 1D-FCA. Thus, the higher order
analysis singles out the interactions and modulations in the network faithfully, with-
out losing the information about the original, basic units. In the 2D analysis, the
command neuron (neuron 5) forms a significant compound element pair with every
other significant neuron, two of which remain as 2D elements in the selected com-
pound element set when 3D analysis is employed. Inferring the type of interaction
between the elements of a pair from the corresponding contribution values is discussed
in the next section. When 3D analysis is employed, all the 2D elements selected in
the 2D analysis still appear, either as pairs, or as part of a triplet in which the effect

of the pair is modulated by a third element.

[Figure 7 about here]

Figure 7TA depicts the network whose nodes are the five significant neurons and
whose edges are the eight major 2D interactions. For comparison, the network whose
nodes are the same but whose edges are the eight (out of the 20 possible) synapses with

the highest contributions (computed using a 1D-FCA on the synapses [2]) is depicted
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in panel B. For additional comparison, the network with the eight largest synaptic
weights (in absolute values) connecting these five neurons is depicted in panel C.
The similarity between the two FCA-derived networks (A and B) is apparent. Both
FCA analyses reveal a strong underlying edges’ backbone composed of the neuron
pairs {1,2}, {2,5} and {5, 3}, with several weaker edges (two of which appear in
both). In both, the importance of the command neuron (neuron 5) is apparent.
In contradistinction, the structure revealed by the synaptic weights’ network (C),
although similar in some ways to the FCA-computed synaptic contributions, differs
in a significant manner. The importance of the command neuron is less apparent,
and the strong synapse between neurons 2 and 3 does not appear important from
the FCA analyses. Moreover, although the synaptic weight from neuron 1 to 10
is large (C), testifying to the fact that the activity of neuron 1 strongly influences
that of neuron 10, this synapse actually receives a small contribution value and no
significant interaction between the two neurons is identified (A and B). Thus, neither
the significance of synapses, nor the interactions between neurons can be inferred

directly by looking at the strength of the synapses in the evolved network.

5.2 Types of 2D Interactions

The introduction of high-order compound elements does not only enrich the system’s
description and allow for better prediction, but may also reveal the presence of specific
types of high-order interactions. Here we focus on compound elements of order 2, i.e.,
pairs of simple units. First, note that not all interactions require compound elements
for their description. A simple example is a pair of units which exhibit redundancy.
Such interaction can be described with simple elements owing to the nonlinearity
introduced by the performance prediction function, allowing e.g., for the assignment

of similar performance values to configurations with different “lesion” (m - ¢) levels.
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However, other interactions, e.g., paradoxical lesioning, cannot be described in a 1-
dimensional model. Let us now examine the types of interactions which may exist
between any two simple units.

Consider a compound element consisting of two simple units. To understand the
interaction between its two elements, we compare their contribution values ¢; and
¢y with that of the compound element, cg 9y. Recall that when both simple units
are intact their overall contribution is ¢; + ¢2 4+ ¢f193 (Eq. (1)). When only one
simple unit is intact the contribution is ¢; (or ¢z) only, and when both are lesioned
their contribution to the argument sum of Eq. (1) vanishes. Since the prediction
function is non-decreasing, a positive contribution to the sum of contributions in
Eq. (1) indicates that this specific combination of units is advantageous (or at least
neutral) for performance, and vice versa. Specifically, we look at the values ¢; and
1+ ¢,y (a symmetrical analysis can be made for ¢; and ¢, + ¢y 93). Two interesting

cases can then be identified:

1. ¢; < 0 but ¢; + ¢q12y > 0. This is the classical case of Paradoxical Lesioning,
where element 1 is advantageous only if element 2 is intact because ¢; + ¢ +
1,2y > cp. However, if element 2 is lesioned element 1 becomes harmful, since

its contribution alone (¢;) is negative.

2. ¢ > 0 but ¢; +¢f2p < 0. In contradistinction, in this Inverse Paradoxical

Lesioning case, element 1 is advantageous only if element 2 is lesioned.

However, it may be the case that ¢; and ¢; +cq; 2) have the same sign, testifying to the
fact that element 1 is beneficial (or harmful) irrespective of whether element 2 is intact
or lesioned. In such a case, the state of element 2, although not switching the sign of
the effect of element 1, still modulates the extent of its beneficial (harmful) effect in

a way that cannot be covered by the non-linear prediction function and requires the
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inclusion of the non-zero element cg; oy. This is more likely to occur when the system
is large and the prediction function must cope with many such interactions.

In the evolved agent neurocontroller we find that all but two pairs have either
paradoxical or inverse paradoxical effects (the two pairs that do not show these ef-
fects, {1,3} and {1,5}, have a relatively low compound element contribution). For
example, neurons 2 and 5 have a paradoxical lesioning interaction (Figure 6A), namely
although lesioning neuron 5 alone damages performance, lesioning it is beneficial if
neuron 2 is lesioned (case 1 above). This means that under normal circumstances the
command neuron (5) is beneficial, but if the left turn motor neuron (2) is damaged
(i.e., its feedback to the network is scrambled), this command neuron is actually harm-
ful. Importantly, since the two neurons interact with other units in other compound
elements, the nature of the interaction cannot be seen directly from the agent’s corre-
sponding lesioned performance levels. Only by modeling the system and finding the
contribution values is it possible to understand the nature of such 2D interactions.
An analogous analysis can in principle be carried out for 3D compound elements.

However, the space of possible interactions becomes much larger.

5.3 Generalization

As demonstrated in section 3.5, the 1D-FCA generalizes well when trained on a
small sample of configurations. In this section we demonstrate the generalization
capabilities of the High-D FCA. We train the High-D FCA under the same conditions
as presented in Figure 6A, except that the training set is a randomly chosen set of 200
configurations. Like the 1D-FCA, the High-D FCA also generalizes well to the test set
consisting of the full configuration set. This is evident from the low test MSE, 0.0074,
which is 1.5 times the MSE achieved when trained on the full configuration set (this

should be compared with the ratio of MSEs in the 1D-FCA, which is 1.3). Figure 8
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depicts the resulting compound elements that are selected and their corresponding
contribution values (as before, when computing the mean and standard deviation, if
a compound element was not chosen in a specific run, it’s contribution is taken to
be 0). The resulting contributions are compared with those obtained by using the
full set, as appear in Figure 6A. As can be seen, the pairs selected as important are

consistent, as well as the contribution values assigned to them.
[Figure 8 about here]

The above results were obtained by randomly selecting the training set. They can
be further improved upon by an adaptive algorithm similar to the one presented in
section 3.5, which smartly selects lesion configurations to more accurately generalize

from a small training sample.

5.4 Corrected Contributions

The introduction of high-order elements to the analysis blurs the meaning of the con-
tribution values of the simple elements, as discussed above. To infer the contribution
values of the simple elements from high-dimensional FCA, the contribution values of
the high-dimensional elements should be “credited” back to the simple elements. The

corrected contribution value ¢, of the simple element 7 is defined as

¢ = Z cr-2VF (9)

where ¢ € 7 denotes that the simple element 7 is included in the element 7, and
k denotes the order (number of elements) of 7. The weighting by 2!~ * reflects the
observation that a compound element of order % is matched by 2'=* of the configu-

rations that match its simple elements. Clearly, ¢; = ¢; when no compound elements
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are used. Note that in general ) ;" |ci| # 1, so ¢’ is re-normalized.

[Figure 9 about here]

Figure 9 compares the corrected contribution values of different high-order anal-
yses. The figure compares 1D-FCA, 2D-FCA using all order-2 compound elements,
and sets of 100 high-order compound elements selected by the Linear CERE algo-
rithm with maximum orders 3 and 4. The similarity of all four contribution vectors is
evident, testifying to the stability of the FCA: The contribution values of the simple
elements can be inferred from higher-order analysis, with very similar results. Thus,
as desired, high order FCA retains the contribution values of the simple elements,

while singling out important interactions between those elements.

6 Discussion

This paper extends the basic 1D-FCA approach to study high-dimensional FCA in
EAAs. As shown, high-dimensional FCA becomes necessary if one strives to obtain a
full and accurate description of function localization in evolutionary neurocontrollers.
Efficient algorithms for the selection of the relevant subset of compound elements are
presented. High-D FCA describes the system in terms of relevant functional groups
— the compound elements. Each compound element is a set of elements which mod-
ulate each other’s contribution value. Moreover, when the set of selected compound
elements achieves low MSE, the newly defined elements are such that now each ele-
ment has a constant contribution value which is independent of the context, i.e., of
the state of the rest of the system. Hence, the High-D FCA finds a new functional
description of the system, which is not simply the given single elements. In this

functional description the contributions of the elements are constant.
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The application of high-dimensional FCA to the analysis of evolutionary neuro-
controllers leads to several novel results: 1. A rigorous, quantitative description of
localization of function in the neurocontroller, in terms of the contributions of sim-
ple and compound elements composing it. 2. Accurate prediction of the effects of
possible lesions on the agent’s functioning (i.e., performance). 3. Insights concerning
the main subsets of simple elements in the network that interact to modulate each
other’s contribution to the system, and the types of interactions that predominate
the network’s processing.

The neuroanalysis performed in this paper was primarily focused on a 2D descrip-
tion. However it is not by any means limited to two dimensions. High-D FCA also
has the potential to estimate the inherent dimension of function localization in the
neurocontroller. The dimensionality can be measured by the dimension needed to
accurately describe the system, i.e., by identifying the lowest dimension after which
the prediction MSE is no longer significantly decreased when the dimension of the
analysis is further increased. This touches upon the delicate issue of the functioning
of the network as a “whole”, and upon the “complexity” of its processing. Essentially,
a lesion-based approach (like that used traditionally in neuroscience, or in FCA) im-
plicitly assumes that the network’s operation can be decomposed, i.e., viewed and
understood, on its parts/units level. But if the network’s operation is irreducible,
i.e., it cannot be decomposed on the level of its building blocks units, can such a le-
sioning approach still make sense? High-dimensional FCA addresses this question by
deriving the specific conjunction sets of elementary units that are needed to localize
the network functioning, and by providing an upper bound characterizing its dimen-
sionality. From this perspective, high-dimensional FCA searches for an intermediate
level decomposition of the network which best reflects the localization of function
within it.

FCA also reveals another “dimensionality” that is of immediate, practical impor-
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tance. By eliminating those neurons with vanishing contributions and considering
only the significant ones, it provides information about the true size of the neuro-
controller that is really needed to solve the task. Thus, attempting to find successful
solutions to a given problem in the EAA framework, one may use a two-tier approach:
first, run a few initial trials starting from relatively large networks, and employ an
FCA analysis to assess the number of significant neurons in successful runs, and then
employ additional runs starting with the reduced network size that is needed to solve
the problem in hand. This reduction of the search space to lower dimensions is likely
to increase the chances of finding successful solutions.

An important aspect of the FCA is that it enables one to freely define the elements
studied, and the way a lesion effects each element (the “whom” and the “what”).
Re. the “whom”, it is possible to study the contributions of synapses, neurons, clusters
of neurons, as well as specific parameters of the neuronal activities (e.g. the decay
constant of a neuron or the parameters of a learning rule). Re. the “what”, the
researcher is free to choose the type of the lesioning, which can be of varying degrees
[14]. This is made possible in the FCA because the configuration vector is defined
as a general mask, which simply indicates which elements are lesioned. Currently an
element can be either lesioned in a certain way or left intact. But this is no inherent
limitation, and future studies will extend the configuration vector to a continuous one
such that a continuum of lesion possibilities is considered.

The ability to work in an EAA environment is, to our minds, essential to the de-
velopment of neuroanalysis algorithms like FCA and high-dimensional FCA. Simply,
one needs access to the full information characterizing such embodied neurocontrollers
in order to develop these methods (and see [18] for a detailed discussion). However,
it should be noted that the usage of analysis algorithms like FCA may be extended
beyond the animat scope of Alife to the analysis of animate neurocontrollers. One

such immediate possible application is the analysis of reversible inactivation exper-
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iments, combining reversible neural cooling deactivation with behavioral testing of
animals [15]. Other possible applications include the analysis of transcranial mag-
netic stimulation studies which aim to induce multiple transient lesions and study
their cognitive effects (see [24] for a review). Such applications should prove use-
ful in obtaining insights to the organization of natural nervous systems; settling the
long-lasting debate about local versus distributed computation in animate systems,
and measuring the dimensionality of function localization in these networks. Perhaps
not less important, even when these analysis attempts are applied to animat systems
solely, they raise interesting new questions and give rise to new insights concerning
the basic concepts which guide conventional thinking in neuroscience about animate
neural processing.

Rigorous localization of functioning in neurocontrollers is an important step in
advancing our understanding of the neurocontrollers that we evolve. In previous pa-
pers [19, 2] we have shown how the basic FCA may also provide information about
the synaptic architecture underlying the network’s functioning, and about the local-
ization of various subtasks that the agent performs in the network. Obviously, these
are merely the first steps in our quest for “really understanding” the operation of
emerging neurocontrollers. Other current tools, primarily ones borrowed from infor-
mation theory, and newly developed tools, should be applied towards this end. This
task is very difficult and challenging even in the relatively small and seemingly simple

neurocontrollers that currently drive EAAs. We are just at the beginning.
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Figure 1: The EAA environment. A. An outline of the grid world and the agent’s

neurocontroller. B. The agent’s movements. The agent can turn left, turn right,
move forward, move forward and then turn left, or move forward and turn right. The
combined forward plus turn is important, as it enables the agent to maintain “eye
contact” with an item it has seen to its left or right. The arrowheads denote the
orientation of the agent after moving. Here, the agent is initially in the left cell,

facing right.
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Figure 2: Basic FCA analysis of the evolved agent. A. Contribution values of the
agent’s neurons. Bars denote standard deviation over 10 FCA runs. B. The perfor-

mance prediction function.
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Figure 3: Adaptive Lesioning vs. random configuration selection. Mean and standard
deviation of the normalized test MSE vs. number of training configurations of the
agent. Test set is the full 2!° configuration set. The “All lesions” dashed line denotes
the test error when training on the full configuration set. The inset focuses on a
subset of the same data, portraying the number of training configurations leading to

significant, low test MSE values.
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Figure 4: Visualization of the Adaptive Lesioning algorithm. The slope of f in domain
A is much larger than its slope in domain B. As a result, a small perturbation in
m - ¢ where m - ¢ € A changes the performance estimation p = f(m-c) more than if
m-c were in B. The AL algorithm attempts to sample the p-axis uniformly, inducing

the density of sampling along the m - c-axis to be proportional to the derivative of f.
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Figure 5: Comparison of compound element selection algorithms. Normalized test

MSE vs. the number of order-1 and order-2 compound elements, for each of the

algorithms (see text). “Random” denotes random selection of order-2 compound

elements. The training and test set is the complete 2% configuration set. 1D-FCA
and full 2D-FCA (using all order-2 compound elements) are depicted as horizontal

lines across the figure. All results are average of 10 runs.
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Figure 6: 2D and 3D FCA. A, B. Mean and standard deviations of the contributions
selected by 2D (A) and 3D (B) FCA. Results are from 10 runs of the linear CERE
algorithm (limited to 8 compound elements). Both training and test sets are the com-
plete 2! possible configurations. Some elements were selected only in some of the
runs. Hence, even though eight compound elements were selected, over all runs more
than eight elements are chosen and depicted here (for calculating mean and standard
deviation, the contribution values ware taken as 0 when not chosen). C, D. Perfor-

mance prediction function of the 2D-FCA (C) and 3D-FCA (D). All 10 runs result in

similar functions. For clarity, the figure depicts one representative function.



A. 2D Contributions B. Synaptic Contributions C. Synaptic Weights

Figure 7: Major interactions and synapses. A. The eight largest 2D contributions
between the five significant neurons (by absolute value) are depicted as connections.
B. The eight synapses with highest contributions (by absolute value) between the
five significant neurons. C. Similarly for the largest synaptic weights (by absolute
value). Dashed lines denote negative values. The thickness of the lines scale with

their absolute value, and are normalized to have the same sum in each panel.
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Figure 8: Generalization in 2D-FCA. Comparison of mean and standard deviations
of the contributions selected by 2D-FCA. The training set is a randomly chosen set of
200 configurations (black bars) or the full 2'° configuration set (gray bars). Mean is
over 10 runs of the linear CERE algorithm (limited to 8 compound elements). Some
elements were selected only in some of the runs. Hence, even though eight compound
elements were selected, over all runs more than eight elements are chosen and depicted

here (for calculating the mean and standard deviation, the contribution values ware

taken as 0 when not chosen)
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Figure 9: Comparison of corrected contributions for different maximum order of com-
pound elements. For maximum order 1 and 2, all compound elements were used. For
maximum order 3 and 4, 100 high-order compound elements were selected by the

Linear CERE algorithm.



