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Abstract. Cognitive scientists often represent theories of cognitive be-
haviour in the form of computer programs which simulate and model
the performance of humans in experimental settings. Earlier work has
demonstrated that evolutionary techniques, specifically genetic program-
ming (GP), can be used to generate a pool of candidate models in the
form of executable computer programs. However, previous work has not
considered the impact of changes to hyper-parameter values, such as
those controlling the behaviour and timing of operators or those con-
trolling the operation of the GP process. In this paper, we develop and
use a cluster analysis technique based around the Silhouette Index to
investigate the impact of hyper-parameter changes on the composition
of evolved populations of programs. Our metrics support visualisations,
and enable a user to assess both qualitatively and quantitatively the di-
versity of candidates from different populations. In this way, a cognitive
scientist can analyse the output of the evolutionary system in order to
uncover or inspire potentially novel theories of human behaviour.

Keywords: cluster analysis, cognitive science, evolutionary computing,
genetic programming, silhouette index, visualisation

1 Introduction

Genetic programming (GP) [7] is a popular technique used to synthesise pro-
grams to solve a given problem. In many applications, what matters most is that
the given problem is solved, in the best possible manner. However, in this paper
we will focus on a separate issue: the diversity of the solution space. Cognitive
scientists often represent their theories of human behaviour in the form of com-
puter programs, from small [11] to large [1, 4]. Computer programs provide many
advantages over verbal theories for representing cognitive theories, not least be-
ing that their execution provides empirical predictions of behaviour which can
be compared with that of humans [6, 10]. However, developing and testing such
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computer programs can be a challenging task. Apart from the choice of com-
peting theoretical frameworks, such as whether to use symbolic or connectionist
or Bayesian theories, there is also the diverse behaviour shown by humans on
identical stimuli; and then there is the process of writing the program itself.

This paper forms part of a larger project to develop Al-based tools to assist
a (cognitive) scientist when developing computational models. Here, we focus
on two objectives. The first objective is to take a set of theoretical assumptions
and experimental definitions from the scientist and demonstrate that at least
one solution is possible. This is a straight-forward exercise in program synthesis,
using a program to construct a program to meet a problem specification. The
second objective is to provide a tool with which the scientist can explore the
diversity of the solution space. This diversity can arise from two factors. First,
as mentioned above, humans often exhibit diverse behaviour on identical stimuli:
where one person given an image will focus on a single aspect of the image, a sec-
ond will allow their gaze to wander across the image and even around the room.
Second, some people have differences in their cognitive abilities, such as a loss
of short-term memory capacity with age, or differences in reaction times. Diver-
sity of the first kind should be found automatically by our program-construction
process; diversity of the second kind will be prompted by the cognitive scientist
modifying parameter settings which affect the kinds of constructed program.

Previous work [2,8,9] has already demonstrated the first objective. Given
a theoretical framework, such as the definition of a simple symbolic architec-
ture, and an experimental setting, such as that of the Delayed Match to Sample
(DMTS) task [3], candidate computational models can be created using GP with
excellent fits to the empirical data. In this paper, we examine the diversity of
the solution space. When GP runs, it works in a stochastic manner, and often
its population converges on a selection of very similar kinds of model. By re-
running the GP process with the same parameters, often quite different kinds of
model can be generated. In addition, by changing some of the hyper-parameters,
whether these are part of the definition of the computational models or the GP
search process, different models again can be generated. The question then is, are
these different sets of models qualitatively different solutions from each other, or
merely variations on a theme? Apart from manual examination, are there met-
rics or visualisations which can help a cognitive scientist explore the diversity of
candidate models generated by GP?

Our answer to these questions rests on two principles. First, we define a
measure of similarity between two programs [8]. This measure allows us to use
cluster analysis tools, such as the Silhouette Index [12], to provide a metric
comparing two groups of models: the metric quantifies the similarity of the two
groups. Second, this measure allows us to generate a visualisation of the space
of found solutions, with distance approximating model similarity. Such a visu-
alisation is ideal for navigating and exploring different models, seeking insights
into theoretical mechanisms.

In the remainder of this paper we introduce our model synthesis system,
known as GEMS (Genetically Evolving Models in Science). This involves the def-
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Fig. 1. Illustration of DMTS task. (Photos by Danny de Bruyne and Ronaldo Taveira,
freeimages.com)

inition of the model architectures, the experimental task to fit, and the GP search
algorithm. We then introduce the similarity measure used to compare models
and describe how we will use the Silhouette Index to compare groups of models.
We present some simulation experiment results in which we consider different
hyper-parameter settings and explore the diversity of the generated models. In
particular, we consider theoretical implications of the generated models.

2 Overview of GEMS

Our GEMS system for automatically developing cognitive models is an exam-
ple of program synthesis. Such systems can be conveniently divided into three
parts [5]: the task definition (user intent), to express what makes a good pro-
gram; a search space of candidate programs; and a search technique, to explore
the given search space for good programs. Here, the developed programs form
the control structure for the cognitive models.

2.1 Task definition: DMTS

As an example task, we take the Delayed Match to Sample (DMTS) task [3]. This
task is a typical neuro-scientific experiment used in studies on the accuracy and
reaction time of short-term memory. The experiment is illustrated in Fig. 1. The
participant is initially shown an image for 1 second, known as the ‘target’, before
it is removed. After a delay of 0.5 seconds, two ‘simulus’ images are presented for
2 seconds, one on the left and the other on the right. Once the stimuli appear,
the participant must select either ‘left’ or ‘right’ as their response, indicating
which of the simuli is the same as the target; this response must be made as
quickly as possible.

The challenge of this task lies not only in obtaining an accurate response, but
in providing a model of the human behaviour. To do this, we must fit the per-
formance of human participants: an accuracy of 95.7% and an average response
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Fig. 2. Overall structure of cognitive model.

time of 767ms [3]. So firstly, the best model is not one that gets all responses
correct, but one that has an accuracy of 95.7% — corresponding to about two
errors out of the entire set of tests. Secondly, the model must coordinate its
perception of time-sensitive information (the presence of the target and stimuli
images) with making a response within an expected response time of 767ms.

2.2 Search space: Cognitive models

A cognitive model is a kind of virtual machine representing a simulated human.
As shown in Fig. 2, the model interacts with an external environment. It has a
clock, representing the simulation time, and two internal memory structures: a
short-term memory (STM), which is a fixed-size queue of items, and an attended
item slot, used to hold temporary information, including the results of compar-
ison operations. The model has an internal control program which coordinates
and determines its actions.

The control program is composed from various operators, which include: ob-
serving the target slot (input-target), observing the left or right stimulus (input-
left or input-right), preparing to output a response (respond-left or respond-
right), placing items into STM (put-stm) or comparing items in STM (e.g.
compare-1-2 compares the top two slots in STM, setting the attended item slot
to 1 if they are equal or 0 if not), and some syntactic elements such as an if-
statement: the if-statement will move to its true or false block depending on if
the current value of the attended-item slot is 1 or 0, respectively.

Apart from their effect on the memory structures within the model, each
operator also requires a certain amount of simulated time to act, which is added
to the clock time: e.g. an input operation requires 100ms, a STM operation 50ms,
or a cognitive operation 70ms. (These timings are investigated in the simulation
experiments, presented later.)

2.3 Search technique: Genetic programming

The basic structure of our models is fixed, as in Fig. 2. We obtain different mod-
els by providing different control programs. This could, of course, we done by
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hand. However, the aim of GEMS is to automate this task, particularly to find
multiple possible models which fit the empirical data. In our project, we use Ge-
netic Programming (GP) [7] to generate candidate models using an evolutionary
search algorithm. GP works by first creating a population of many models. It
then ranks the models based on how well they complete the set task (using a
“fitness function”) and chooses the best models to generate a new population of
models: the new models are generated by changing small parts of existing models
(mutation), or by combining parts of two existing models (crossover). The GP
process then repeats for a number of cycles.

An important feature of the fitness function used in this paper is that it is
composed of three elements: one for accuracy, one for reaction-time and one for
program size. Formally, the three components of the fitness function are:

1. fo = |accuracy — 0.957|/0.957: this is the difference of the model’s and target
accuracy, scaled to the range [0, 1].

2. fi = half-sigmoid(|response-time — 767|/RT): this is the difference of the
model’s and target response time, with a variable scale factor RT'.

3. fs = half-sigmoid(|program-size — 10|/PS): this is the difference of the model’s
and an arbitrary target program size of 10, with a variable scale factor PS.

where half-sigmoid(z) = 2 x (1/(1+e*) — 0.5) is the usual sigmoid function
which we rescale from [0.5,1] to [0,1], because all our values of x are positive.
The variable scale factors in f; and f, control the steepness of the sigmoid slope.

The overall fitness is computed as a combination of these three, with multi-
pliers @ + b+ ¢ = 1 ensuring that the overall fitness is in the range [0, 1]:

f=ax fo+bx fi+ecx fs (1)

See Lane et al. [8] for more details on our use of GP, and particularly the
post-processing that is used on the models to remove duplicates.

3 Quantifying Model Diversity

The Silhouette Index [12] is a measure of the consistency of data clusters. The
measure takes a set of data points and their arrangement into clusters, along
with a pair-wise distance function for points, and returns a number between
-1 to 1 representing the consistency of the clusters: a value of 1 indicates that
the clustering is good, with members of each cluster far from members of other
clusters.

The Silhouette Index is computed in this paper as follows:

1. a(i) is the average distance of instance i to all other points within its cluster
2. b(7) is the smallest over the other clusters of the average distance of instance
i to all other points within the other cluster
3. s(i) is computed as
b(i) — a(?)

max(b(2), a(z)) 2
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4. The Silhouette Index, s(7) is the average s(i) for all instances

In this paper, the index is only used to compare two clusters, so a(i) will
represent the average distance of an instance to points within its own cluster
and b(7) will represent the average distance of an instance to points within the
other cluster.

As can be seen from step 3, a value of -1 occurs when b(4) is zero, meaning the
average distance to instances in the other cluster is 0: this means the instance
is located within the other cluster. Conversely, a value of 1 occurs when a(7)
is zero, meaning the average distance to instances in its own cluster is 0: this
means the instance is located at the centre of its own cluster. Positive values
correspond to clusters which are well separated, meaning that the instances in
the two clusters are different and more diverse.

For a distance measure between two models, we compute the similarity of
their control programs. Each program is separated into a set of node-+child-labels
segments. For example, the following program is converted into eight segments
of two parts and six individual node names:

(if (compare-1-2)
(prog2 (input-right) (input-left))
(input-target))

parts: (if compare-1-2 prog2 input-target)
(prog2 input-right input-left)

names: if compare-1-2 prog2 input-target
input-right input-left

The pair-wise similarity (Jaccard Index) divides the number of common seg-
ments in the two programs (the set intersection) by the total number of segments
(the set union): distance is then computed as 1 — similarity.

4 Simulation Experiments

The aim of these simulation experiments is to explore the diversity of compu-
tational models created by GP under different hyper-parameter settings. The
diversity will be measured qualitatively using visualisations and quantitatively
using a Silhouette Index score, as outlined in the previous section.

Each hyper-parameter setting is used to generate a population of models.
The GP system is run using a population size of 5000 for 250 generations. The
“good models” are defined as those with an overall fitness less than or equal
to 0.1. The first setting is the base-line setting, using parameter values from
previous publications and, in particular, the operator timings are based on best
estimates from the psychological literature, as described in Section 2.2: for this
first setting, good models are obtained from five runs of the GP system, to obtain
a diverse collection. For all other settings, a single run of the GP system is made.
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The hyper-parameter settings are defined as follows (bold names will be used
to refer to each setting in the remainder of this section, all settings are changed
with relation to the base setting):

base uses the full set of operators and these settings:
— time settings: input=100, output=140, cognitive=70, stm=50, syntax=0
— fitness function proportions: a=0.7, b=0.2, c=0.1 (these approximately
make reation time twice as important as program size, and accuracy
twice as important as them combined)
— Reaction Time fitness parameter: time-rt=767
timings-1 Investigate changes to time settings with low input/output times
but high cognitive and STM times: input=10, output=20, cognitive=140,
stm=200, syntax=>50
timings-2 Investigate changes to time settings with low input and cognitive
times but high output and STM time: input=10, output=200, cognitive=10,
stm=200, syntax=100
time-rt Investigate impact of changing the parameter for the reaction-time
squashing function: time-rt=100
no-cmp-1-2 Investigate impact of a change to cognitive capabilities: removes
compare-1-2 operation so models cannot compare the top items in STM.
no-stm Investigate impact of a change to cognitive capabilities: removes the
option to add items to STM.
fitness-abc Investigate the hyper-parameters controlling the fitness function:
change proportion settings: a=0.2, b=0.3, ¢=0.5.

4.1 Results

Table 1 reports the performance of the good models found from each setting.
After the GP run finishes, the “good models” with a fitness < 0.1 are extracted.
The left-side of the table reports some quantitative statistics for the complete
set of good models. The right-side of the table reports statistics restricted to the
best 50 models.

As can be seen, those settings where models could be found supported high-
quality models. For example, setting no-cmp-1-2, where one of the cognitive

Good Models Top 50 Models
Name |[Count Min Max Mean StdDev|Count Min Max Mean StdDev
base 1603 0.040 0.100 0.062 0.013 50 0.040 0.042 0.041 0.001
timings-1 | 124 0.037 0.092 0.056 0.015 50 0.037 0.043 0.039 0.002
timings-2 | 1740 0.047 0.100 0.052 0.010 50 0.047 0.047 0.047 0.000
time-rt 829 0.052 0.100 0.069 0.015 50 0.052 0.052 0.052 0.000
no-cmp-1-2| 848 0.043 0.100 0.053 0.007 | 50 0.043 0.043 0.043 0.000
no-stm 0 0
fitness-abc| 0 0

Table 1. Performance statistics for all ‘good’ (fitness < 0.1) and top 50 models.
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base timings-1 timings-2 time-rt no-cmp-1-2
mean SI|0.151 0.291 0.150  0.206 0.139

Table 2. Mean SI for the top 50 models from each setting against all others.

base timings-1 timings-2 time-rt no-cmp-1-2
base 1.000 0.504 0.328  0.406 0.352
timings-1 |0.504 1.000 0.563  0.671 0.574
timings-2 (0.328 0.563 1.000  0.467 0.382
time-rt |0.406 0.671 0.467  1.000 0.520
no-cmp-1-2|0.352  0.574 0.382  0.520 1.000

Table 3. Mean SI for the top 50 models from each pair of settings.

operators was removed, still obtained models with a minimum overall fitness of
0.043 compared to the base setting’s minimum overall fitness of 0.040.

There were two settings where no good models were found: these are no-
stm and fitness-abc. It is not surprising that the no-stm setting failed to find
any good models: the task cannot be completed without comparing the current
stimuli with the initial stimulus, and this comparison can only happen if the
initial stimulus is stored in some kind of memory. However, it was unexpected
that changes to the relative weighting of terms in the fitness function failed to
generate good models, indicating a sensitivity here to these particular hyper-
parameters.

Overall, these results support the first objective of our system, to develop
good computational models. To consider the second objective, exploring the
diversity of the solution space, we have used the Silhouette Index (SI) as a
measure of similarity between the models developed for each setting.

Table 2 shows the SI value of the top 50 models from each setting when
compared to models from all the other settings: settings which did not generate
any models have been excluded.

All five settings show a positive SI in comparison to all other settings: a
positive SI means the clusters are generally well separated, with a higher SI cor-
responding to greater dissimilarity. The two most dissimilar groups are timings-1
and time-rt.

Table 3 offers a similar analysis, but this time compares the top 50 models
from each setting against those from each other setting individually: settings
which did not generate any models have been excluded.

The pairwise comparisons again reinforce the impression from the previous
table that each setting generates a distinct group of models. Every pair is dis-
similar to every other pair, with the highest dissimilarities being between models
in the timings-1 group and those in the other groups.

Fig. 3 provides a visualisation of the similarities of the top 50 models from all
settings which generated models. The two axes represent each of the 250 models,
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Fig. 3. Similarities of the top 50 models from all settings.

formed from the top 50 models in each of the five different settings. The within
setting comparisons show high similarity — a preponderance of yellow and red
colour. The between setting comparisons show low similarity — a preponderance
of blue colour. As is readily apparent, the models from most of the settings are
quite distinct from each other. The first 50 models are drawn from the base
setting and there are two distinct groups here: this is because the base setting
models are collected from five separate runs of the model-construction process.

A useful kind of visualisation for exploring the diversity of models takes
the pair-wise model similarities and converts these into 2D coordinates using
multidimensional scaling [13]. These coordinates can then be plotted, as shown
in Fig. 4. This chart demonstrates clearly some of the conclusions from our
quantitative results. In particular each of the five model groups is located in a
distinct area of the chart, with little apparent overlap. Also note the relative
isolation of the timings-1 group and, to a lesser extent, the time-rt group: this
isolation is indicated in the pairwise Silhouette Index measurements.

4.2 Analysis

The results above demonstrate the diversity of candidate models generated by
the GEMS system. Some theoretical insights can be obtained by looking in detail
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Fig. 4. Models plotted in 2D, where distance is proportional to similarity.

at examples of the generated models. Both the quantitative and the qualitative
results suggest that the base, timings-2 and no-cmp-1-2 settings are relatively
similar to each other, and the timings-1 and time-rt settings are relatively dis-
similar. By picking examples of the dissimilar groups, we can see what kind of
model the system has generated in each case.

Fig. 5 shows the best performing model from the base and timings-1 settings,
respectively. The two models use different strategies to accomplish the task.
The difference can be seen from the conclusion of the second model which has
arranged its code into three blocks, in an if-statement. The condition block of
the if-statement does all the image scanning and comparison. The result of this
condition block then decides whether the model responds left or right, as the
last thing it does.

In contrast, the first model sets up a decision to respond “right” in the
early part of its program. The scanning of the images is then followed by an
if-statement: this if-statement is used to “change the model’s mind” — if the
contents of STM indicate that “right” is the wrong answer, the model will now
respond “left”.

We thus have two different strategies: one strategy makes an early decision
and then looks for reasons to change its mind, the second strategy waits until it
has to output its decision, and only then makes its choice.
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(PROG4
(DOTIMES-3
(PROG2
(PROG4 (INPUT-TARGET) (WAIT-25) (INPUT-TARGET) (RESPOND-RIGHT))
(PROG3 (INPUT-TARGET) (INPUT-LEFT) (PUT-STM))))
(WAIT-200) (COMPARE-1-3)
(IF (COMPARE-1-3)
(RESPOND-LEFT)
(WAIT-25)))

(IF (DOTIMES-5
(IF (IF (WAIT-25)
(COMPARE-2-3)
(PROG4 (INPUT-TARGET) (INPUT-RIGHT) (WAIT-25)
(INPUT-RIGHT)))
(PUT-STM)
(COMPARE-1-3)))
(RESPOND-RIGHT)
(RESPOND-LEFT))

Fig. 5. Best performing models from the base and timings-1 settings.

This choice of strategy affects the decision-making process. Other models (not
shown here) demonstrate different visual-attention strategies, such as whether to
scan all image locations all the time, or whether to first scan the target location,
and then later move on to the left-right images.

5 Conclusion

We have explored the use of the Silhouette Index cluster analysis metric as a way
to examine the diversity of generated models from the GEMS scientific discovery
system. In particular, we have examined the diversity of models generated from
different runs of the system with different parameters and demonstrated how
different strategies have been located: different strategies are evident both in
decision making (shown above) and in visual attention. The presented qualitative
and quantitative results can be used by a cognitive scientist as a way to uncover
or inspire potentially novel theories. The range of theories developed by GEMS
and its internal diversity is intractable for a human scientist to develop without
computational assistance. Al systems such as GEMS will increasingly become
an indispensable aid for all scientists, not only to create individual solutions,
but also to explore the full potential of their theories. In future work we will
extend our coverage of DMTS-based experiments to cover more examples of the
paradigm and better model the visual recognition process through the use of
trained neural-networks.

More information about the GEMS project and the software underlying the
experiments in this paper can be found at: https://gems.codeberg.page
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