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Abstract. Individuals with autism display a wide range of atypical be-
haviors, but little is know about the internal mechanisms causing them.
We used a recurrent neural network model in drawing tasks to study the
internal mechanisms that can cause different behaviors. We first studied
the impact of the learning order on the internal representation. Secondly,
we suggest that people with autism have problems with prediction. In
a previous study by Saito et al., chimpanzees, who lack prediction, and
children presented different behaviors. We investigated an internal mech-
anism of the network allowing it to predict and to replicate some of those
different behaviors.
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1 Introduction

Autism spectrum disorder (ASD) is a developmental disorder which touches
more and more children. In the United-States the prevalence of ASD among
8 years-old children went from 1 in 150 children in 2000 to 1 in 59 children
in 2014 [2]. It is characterized by difficulties in social interaction and atypical
perception, but little is known about the internal mechanisms causing it.

Pellicano et al. [3] recently suggested that such mechanisms could be the in-
ability of the brain to imitate or, more generally, to predict. For a typical devel-
oped person, their brain integrates top-down knowledge (such as prior knowl-
edge, expectations or contextual information) with bottom-up sensory percep-
tions (such as what we see, hear or feel). Lawson et al. [4] suggested that an
imbalance between these two processing pathways could be a potential cause
for ASD. People with ASD might not use prediction and pay much more atten-
tion to the raw sensory stimuli, causing phenomena such as hypersensitivity to
changes in brightness or environmental noise [3].

Directly studying the internal mechanisms of the brain is difficult, it is easier
to use computational models which mimic them. By replicating some behaviors
and understanding the internal mechanisms of the model which caused them,
we can discover hints to some equivalent mechanisms which might exists in
the brain. Computational models such as recurrent neural network have been
used by previous studies to demonstrate how certain network parameters can
be changed to replicate typical behaviors observed in individuals with autism
or schizophrenia [5], [6].

In this paper we present two separate studies relying on the same neural
network model, the Stochastic Continuous Time Recurrent Neural Network
(SCTRNN). In the first study we investigated how the learning order of dif-
ferent trajectories influences the speed of the learning but also the quality of the
internal representation. We suggest that a fast and successful learning does not
always lead to the best internal representation.

The second study consisted of using our model to replicate several behav-
iors linked to the use of top-down predication. Saito et al. [1] showed that chim-
panzees and typical developed children present different behaviors when fac-
ing to a drawing task. The children old enough would complete missing parts
whereas chimpanzees never displayed this behavior. We suggest that chim-
panzees are an extreme case of lack of top-down prediction. By being able to
replicate those behaviors, we showed that our model is able to replicate a wide
range of behaviors and can be reused in future ASD’s studies.

In Section 2 we present the related work and our motivation to realize these
two studies. In Section 3 we present our model. In Section 4 we present the
learning order influence and in Section 5 we present our completion task.
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2 Related work and Motivation

2.1 Computational modeling of individual behavior

Recurrent neural network models have a good capacity for learning to realize
complex tasks and use mechanisms inspired by the way our brain learn. This
is why they have been employed as computational models for replicating the
behavior of people with developmental disorders.

Murata et al. [7] proposed a novel type of recurrent neural network model
(SCTRNN) which can not only learn the mean but also the variance of time
series. They showed that a humanoid robot using the proposed network can
learn to reproduce latent stochastic structures hidden in fluctuating training
trajectories. We choose this model because of this capacity to learn the variance.

Using this model, Idei et al. [6] could replicate repetitive behavior patterns
of ASD subjects in a recurrent neural network model by adjusting the sensitiv-
ity of the network to the estimated variance of the external signal. As suggested
by Lawson et al. [4], such an altered confidence could increase or decrease the
prediction error and impair predictive learning.

Yamashita and Tani [5] employed a different recurrent neural network with
two layers working on different timescales. They demonstrated that disconnec-
tivity between these layers cause symptoms in the model which can be related
to symptoms of schizophrenia.

Those studies demonstrate that this network model can replicate individ-
ual differences in terms of behavior. In our two studies, we investigated the
influence that some parameters can have on the model’s behaviors.

2.2 The first study: Learning Order

The idea of studying the learning order came from an old idea presented by Vy-
gotskii [8]: the Zone of Proximal Development. This suggests that to improve
the learning of a child it is better to sort tasks in increasing complexity in order
to have each task slightly more complex than the previous one but still feasible
with help of a teacher. We wanted to see if such a methodology has an impact in
recurrent neural network training. From an engineer’s point of view, it can be
better to give all the training data from the start than to give the training data in
increasing complexity phases. We investigated whether this is the case by look-
ing at the prediction error and also at the quality of the internal representation.

2.3 The second study: Completion Task

Saito et al. [1] examined the evolutional origin of representational drawing.
They performed an experiment consisting in directly comparing the drawing
behavior of human children and chimpanzees. During free drawing on incom-
plete facial stimuli, they revealed the remarkable difference between the two
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Fig. 1: Some examples of children and chimpanzees behaviors taken from Saito
etal. [1].

species. Old enough humans (N = 57, 6-38 months) tend to complete the miss-
ing parts even with immature motor control, whereas chimpanzees never com-
pleted the missing parts and instead marked the existing parts or traced the
outlines, some examples of behaviors are presented in Figure 1.

Numerous researchers depicted some similarity in terms of behavior be-
tween chimpanzees and people with ASD (even though you cannot find it
clearly written in a paper). Both present difficulties to use top-down predic-
tion, people with ASD behaviors being between the two extremes behaviors:
those of chimpanzees (totally lack of prediction) and typical developed people
(typical use of prediction).

For our second experiment we wanted to use our model to replicate some
of the behaviors presented in their study. To investigate the use of top-down
prediction as internal mechanism we used a method of prediction presented by
Murata et al. [9]. They showed that the trained SCTRNN can recognize trajecto-
ries by inferring the initial states that can reproduce the trajectory through the
same maximum likelihood estimation scheme as that used for network train-
ing. We demonstrate that by recognizing an incomplete trajectory, the model
can successfully predict what should be the complete trajectory to draw, and
draw it as do typical developed people.

3 The SCTRNN model

Stochastic Continuous Time Recurrent Neural Network (SCTRNN) is a recur-
rent neural network model that can learn time series by learning to map an in-
put signal to an output signal. The Stochastic adjective refer to its capacity to not
only estimate the output signal’s mean but also to estimate the output signal’s
variance. In this paper we are using this network to draw different trajectories
in a 2D-environment.

The weight update via backpropagation is not only based on the prediction
error, but is also inversely weighted by the predicted variance. In case of high
variance estimation, the influence of the prediction error is reduced, which in-
duce a more stable learning in case of noisy training signal. It was introduced
by Murata et al. [7].
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Fig. 2: Schematic view of a SCTRNN: A context layer of neurons processes the
external input and predicts the next time step input signal’s mean and variance.

3.1 Network Overview

A schematic view of the network is presented in Figure 2. The network is trained
to predict time series x = xq, x1,...,X,...,XT by estimating at time  the next
input x;41 from the current input x; and from the history of computations that
is captured by the recurrent context layer.

The internal state of each neuron in the recurrent context layer, ugef, is up-
dated by integrating the internal state of the previous time step with the current
input, both scaled by the time scale parameter 7:

u;’elc — (1 _ 1/,[)”;31:1 ;+ 1/T(Zlnput 4 ZContext) (1)
I .
where ZI"Put = Z Py, j corresponds to the weighted input from the I in-

put neurons and ZC”””’“ = E w; Cht 1, corresponds to the weighted context

activation of the previous tlme step from the C context neurons. The variables
wj;j denote the weight from the neuron i to the neuron j and h;; = tanh(u:ejc)
denotes the activation of the context neuron j at time ¢.

The internal states of the neurons in the output layers are computed directly
from the context layer and the corresponding output weights:

uf”l‘t Zwm‘tht,]-, u Zwv‘”ht,j. (2)

The two formulas for computing the output estimation y;,1 and the vari-
ance estimation v, are:
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Y1 = tanh(ugf’), 3)

V1 = exp(ugy ). (4)

And at last, the weights wjj of the networks are updated in order to maxi-
mize the likelihood that the estimated mean and variance values describe the
true time series x. In each training step, we minimize the negative log likelihood
of the predicted training signal, defined as:

LIRS, (Xt+1,i - yt+1,i)2
—InL = 2 Z(ln(2ﬂ0t+1,i) + 2—)1 ®)
t=1i=1 Ut+1,l

where O is the output dimensionality (I = O in our study). We implemented
the SCTRNN via the CHAINER framework [10].

3.2 Learning

At each step of the learning, called epoch, several training trajectories are given
to the network, this corresponds to a training batch. Then we compute the like-
lihood and update the network’s weights accordingly thanks to the first-order
gradient-based backpropagation optimization [11]. When the training data cor-
responds to several trajectories, they are given in the same proportion and in a
random order in each training batch.

To allow the network to learn several trajectories, different initial states of
the context layer neurons are set, each one corresponding to a different tra-
jectory. For each trajectory, the initial state of each neuron i is initialized with
uy; = 0 and updated during training accordingly to the likelihood. If we use
only this function to optimize the initial states they would constantly diverge to
achieve a better separation, thus we use a second optimization function which
keeps the variance of the initial states close to a predefined value (see the work
of Murata et al. [7] for more details).

3.3 External contribution

One important parameter is the external contribution parameter ), which de-
termines how much the network relies on the external signal and the network’s
own prediction to update its internal representation, see Figure 2.

The integrated signal x; ; that corresponds to the input to the context layer,
see Figure 2, is generated by combining the external signal x;,; with the esti-
mated signal of the previous time step, X} 1. To mimic the noise property of the
original trajectory, the estimated signal is generated by adding Gaussian noise
with variance v, to the averaged output v, 1:

X1 = xX%+1 + (1= X)Xp41, where Xpyq = N (Yeg1, 0p41)- (6)

During generation after learning, this parameter can be varied to create dif-
ferent modes of execution. If x = 1, the network relies only on the external
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input, it thus reactively follows the external signal without regard to its previ-
ous prediction. If smaller values of x are used, the network merges the external
input with its own estimation. If x = 0, the network relies only on its own
prediction and employs a proactive behavior. Networks with enough training
can proactively generate a learned trajectory if the corresponding initial state is
selected at the start of the generation.

4 First Study: Learning order

4.1 Hypothesis

The idea was to study the influence of the learning order of several trajectories.
It is believed [8] that children learn more easily if they start by learning the
easiest tasks first. We study how it influenced the speed of the learning of our
model but also the quality of the internal representation achieved at the end of
the learning. We suggest that starting with the simplest shape first leads to a
better learning of the task in terms of the quality of the internal representation.
We suggest that the internal representation is linked to how the model can react
to new inputs and thus generalize its learning.

4.2 Method
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(a) The four trajectories used in the
first study: right ellipse, left ellipse,
right 8 shape and left 8 shape (b) The 4 different order used in the first study.

0 1000 2000 3000 6000 epochs

Fig.3

The task consisted in drawing four trajectories, see Figure 3a: two shapes, an
ellipse and a 8 shape, at two positions, right and left. To represent errors in the
perception mechanism and improve stability we added some Gaussian noise
to the trajectories. The basic learning of this four trajectories consisted in giving
them to the network in the same proportion from the start of the learning. At
each epoch, the network will update its weights and initial states accordingly
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to the four trajectories. With this setting the network was able to learn to draw
the four trajectories in less than 2000 epochs.

For the other learnings conditions, in order to see the effect of some ordering
we separated the learning in successive phases:

1. the first trajectory for 1000 epochs;

2. the first two trajectories for 1000 epochs;
3. the first three trajectories for 1000 epochs;
4. the four trajectories for 3000 epochs.

Thus, the total length of the learning was fixed 6000 epochs for the four follow-
ing methods:

— the basic learning: all four trajectories from the start;

— the ellipse (simplest shape) first: Right Ellipse — Left Ellipse — Right 8
shape — Left 8 shape;

— the position right first: Right Ellipse — Right 8 shape — Left Ellipse — Left
8 shape;

— the 8 shape (hardest shape) first: Right 8 shape— Left 8 shape — Right
Ellipse — Left Ellipse.

As the conditions: the position left first and the position right first are symmet-
rical, we did not use the position left first order. Figure 3b gives a schematic
view of the four orders we used. We trained 5 networks of 70 neurons for each
learning order.

We used two measures: the first one consists of computing the error between
the proactive generation of the four trajectories and the training trajectories ev-
ery 200 epochs during the learning, even when the networks had not seen yet
the four trajectories. The second one consists of measuring the quality of the
internal representation at the end of the learning.

The internal representation of a recurrent neural network corresponds to
the dynamics of its context layer which can be studied by observing the time
course of context neuron activations during the drawing. We evaluated the time
course activations in the trained networks (after 6000 epochs) during the proac-
tive drawing of the four trajectories. By applying principal component analysis
(PCA) [12] on the network’s time course activations during trajectory gener-
ation, the 70-dimensional time course (corresponding to the 70 neurons acti-
vations through the generation) can be projected to a time course in a lower
dimensional representation.

Figure 4a depicts an example of the first two principal components of the
activation time course. We can see that the trajectories in the same position had
time courses in a similar position in the PCA space and that the trajectories of
the same shape have similar time courses in terms of shape.

We thus suggested that the internal representation is of good quality if the
above two conditions are present:

— the activation time courses of the trajectories in the same position (right or
left) are close in the activation space and reciprocally, the activation time
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courses of the trajectories in different positions are far away, we refer to this
as position quality;

— the activation time courses of the trajectories with the same shape (ellipse or
8 shape) have a similar shape and reciprocally, the activation time courses
of the trajectories with different shapes are different, we refer to this as shape
quality.

To measure similarity between two activation time courses we used dy-
namic time warping (DTW) [13] which measures similarity between two tem-
poral sequences which may vary in speed. To measure the position similarity
we used the raw activation time course and to measure the shape similarity we
used the relative activation time course which consists of the relative movement
from one point to the next which corresponds to the derivative.

To obtain two single real values representing the position quality and the
shape quality, we computed the ratio between the measure which should be
low: DTW on the raw time course between the same position (DTW on the
relative time course between the same shape) and the measure which should
be high: DTW on the raw time course between different positions (DTW on the
relative time course between different shapes). We finally obtained two ratios,
the position quality ratio and the shape quality ratio, which are low if the internal
representation are of good quality.

4.3 Result

Position quality ratio

_ Right az
Ellipse

| Left
PCA Ellipse
2 - Right
8 shape
_ Left
8 shape 0150

Shape quality ratio

‘PCA1 ! : : ! 0100

(a) Example of the first two components of s
the activation patterns during the drawing =
of the four trajectories. We can see that the Basic Ellipse Right ~ 8shape
activation time course of the same shape (el- Learning  First First First

lipse or 8 shape) have similar shapes and the (1)) The quality ratios, top: the position qual-

activation time courses of the trajectories at ity ratio and bottom the shape quality ratio.
the same position are close to each other. A low ratio means a good quality.

Fig.4: Analysis of internal representation
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Fig.5: The prediction error through the learning for the four methods.

From the prediction error depicted in Figure 5, we can see that the ba-
sic learning was the quickest to learn to draw the four trajectories, it became
asymptotic after 2000 epochs. Starting with the more complex shape first al-
lowed a faster learning than starting with the simplest shape first. And when
a new trajectory was added (epochs 1000, 2000 and 3000) there were some fol-
lowing increases in the prediction error. We, thus, looked in more details the
prediction error for each trajectory, and we saw that when we added a new tra-
jectory, the old ones were deteriorated afterwards which resulted in an increase
of the global prediction error.

From the qualities measures depicted in Figure 4b, we can see that the basic
learning resulted in the worst shape quality whereas starting with similar shapes
first resulted to the best shape quality. Starting with the more complex shape first
resulted in the worst position quality whereas starting with the simplest shapes
first resulted in both the best position quality and best shape quality.

4.4 Discussion

Starting the learning with the simplest shape first, allowed the network to build
a better internal representation. This observation fits well with results from psy-
chological studies [8] which recommend to have a gradual learning in terms of
difficulty for children.

However although the network developed a good internal representation, it
took longer for the network to converge. The reason is that the network needed
to see the complex shape more times than the simplest shape to learned it what-
ever is the order. Thus, starting to see this complex shape only at the 3000th
epoch retarded the global convergence.
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Under the assumption that good internal representation is an important fea-
ture for learning, we could demonstrate that only looking at the behaviors of
the network does not suffice to study the quality of the learning. We can con-
clude that it is always good to look at the internal representation learned by the
network.

To improve this experiment in a future study it would be better to give to
each methods the same amount of training for each trajectory, to only have the
order as parameters.

5 Second Study: Completion task

5.1 Hypothesis

We suggest that the main difference between the chimpanzees and the children
is that chimpanzees do not use top-down predication whereas children devel-
oped this mechanism during their early years.

The goal of this second study was to replicate some of the behaviors pre-
sented in the above mentioned free drawing study [1]. To do so, we wanted to
confront our model with a completion task similar to the one given to the chim-
panzees and typical developed children. We tested a possible internal mech-
anism of our network which allows it to replicate those different behaviors.
Which can be helpful for understanding the internal mechanisms causing the
behaviors of typical developed people and people with ASD.

Our assumption is that the use of top-down prediction can correspond in
our model to the inference of the initial state to use because the initial state
corresponds to which trajectory the network wants to draw.

5.2 Method

We first trained 10 networks during 4000 epochs to draw two shapes, ellipse
and 8 shape, at four positions, right, left, top and down. After learning, we
gave to those networks the beginning of the trajectories for different lengths:
5,10, 15, 20 and 25 over the total length 25, in order to see if they were able to
complete them.

There were three phases during this completion task, the first phase con-
sisted in inferring an initial state to start the generation. The basic condition is
to use the mean of the initial states learned during the training.

The second phase consisted in using the beginning of the trajectories as in-
put for the generation during the length of the given trajectory. For this phase,
we tested the x values of the generation: 0, 0.5 and 1, which corresponded to
proactive, mixed and reactive generation. This allowed us to investigate the
influence of the bottom-up sensory perception influence on the task.

The third phase consisted, when the length was inferior to 25, to complete
the trajectory. There was no input so x was fixed to 0 and the generation was
only proactive.
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We wanted to compare the behaviors when the network use prediction and
when it does not. As we said earlier the only parameter allowing the model to
learn to draw several trajectories is the initial state. Hence, predict a trajectory
corresponds to infer an initial state which allows the network to draw the tra-
jectory. Predict which trajectory to draw starts by recognizing the incomplete
trajectory. We used two different recognition mechanisms for the first phase.

The first one consists of selecting one of the initial states learned during the
learning. Given the beginning of a trajectory, we generated the trajectory for
each initial state and we chose the one with the least error. We will refer to this
inference as the Best method.

The second mechanism was introduced by Murrata et al. [9], it consists to
use the same training process presented in Section 3 but this time the weights of
the network are fixed, thus only the initial states are updated. In this way, it can
infer an initial state suitable for generating the observed trajectory. We took the
network which has learned to draw the eight trajectories and we reinitialized
the initial states to the value of the mean of all eight initial states. And for train-
ing data we used the beginning of the trajectories for the different lengths. We
then used backpropagation for 200 epochs and we obtained for each beginning
trajectory an initial state. We will refer to this inference as the Backpropagation
(BP) method.

To compare the completion task with no inference we still had to choose
the initial states. We decided to use the basic condition, which is to use the
mean initial state. This corresponds to the start of the backpropagation as for the
backpropagation method, the initial states are reinitialized to this same mean.
We will refer to this inference as the Mean method.

5.3 Result

We present in Figures 6a-6b some examples of behaviors presented for the com-
pletion of one trajectory. First comparing the different methods for different
values of x and then for different length of the beginning trajectory for the
Backpropagation method.

With the Mean and proactive generation (xy = 0), the networks drew ran-
dom scribbles in all the space, but with reactive generation the networks drew
random scribbles closer to the position of the trajectory to complete. With Back-
propagation and not enough length (5 and 10) the networks only realized a par-
tial completion. With Best and Backpropagation with enough length (15, 20 and
25), the networks were able to complete the trajectories.

In all cases, we can see in Figure 7 that letting the network use bottom-up
sensory perception (x > 0) decreased the error of the completion, which was
expected.

5.4 Discussion

We were able to reproduce different behaviors by changing the way the model
infers the initial states when trying to complete a trajectory. Using prediction
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Fig.7: The average error for all trajectories in function of the lengths for the
different methods. Mean had the most error and Best had the least error.

such as the Backpropagation method proposed by Murrata et al [9] or the Best
initial states learned, allowed the network to complete the trajectories, which
corresponds to typical developed children’s behaviors. Whereas using only the
Mean initial states, which means no prediction, lead to scribbles similar to chim-
panzees’ behaviors. It shows that our model is suitable to replicate different be-
haviors present in individuals. In a future experiment, we want to demonstrate
this effect also using noncontinuous shapes such as a face with eyes and mouth.

6 Conclusion

The autism spectrum disorder is a disorder with a wide range of behaviors.
Today, there is no consensus to diagnose it and little is know about the inter-
nal causes. Computational model could provide help to a therapist, indicating
which internal mechanisms might cause an observed behavior, suggesting how
to support people with ASD, for example, by improving the environment.

In this paper we first study the impact of the learning order. We showed that
when learning the easiest shapes first we get a worse prediction error, but a bet-
ter internal representation. As we suggest that the quality of the internal repre-
sentation is a key factor for generalization capability and thus a better learning,
our findings relate with the Zone of Proximal Development developed by Vy-
gotskii [8].

In the second study, we showed that the model completed trajectories only
successfully if the initial states of the context activation layer was inferred be-
fore generation. If the network directly tried to generate the trajectory, starting
from the mean initial state, the drawn trajectory did not follow the given trajec-
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tory. This corresponds to the drawings performed by chimpanzees who do not
employ any prediction. As people with ASD are often assumed to perform less
prediction than typically developed people, these network mechanism could in
future studies be applied to also investigate differences in behavior of people
with ASD.
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