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ABSTRACT
Robots moving in a crowd occasionally reach situations
where they need to decide whether to give way to a hu-
man or not, a situation we call a micro-conflict and model
with a two player game. We collect data from a robot con-
trolled by a human operator and use three different super-
vised learning algorithms (random forest, SVM and neuro-
evolution) to create a decision maker module which imitates
the human operator’s behavior in micro-conflicts. Results
show that the neuro-evolution based decision-maker gives
the best performance under scenarios with various crowd
density and urgency. In addition, we found that the neuro-
evolution method generalizes better to environments very
different from those in the training set.

Categories and Subject Descriptors
I.6 [Simulation and Modeling]: [model development];
I.2.11 [Computing Methodologies]: Artificial Intelli-
gence—Multiagent systems

General Terms
Human Robot Interaction, Social Robot

Keywords
agents, social models, simulation

1. INTRODUCTION
In dense crowds, the motion of a pedestrian is restricted

and affected by the movement of other pedestrians. In these
situations it is normal for a pedestrian to feel uncomfortable
if a stranger violates the pedestrian’s personal space. The
personal space is a comfortable distance from other pedes-
trians that is maintained and learned as a social norm. Due
to the space restrictions for a pedestrian’s movement, the
personal space violation becomes more frequent with the in-
crease in the density of the crowd. In very dense crowds it
is difficult to move without violating the personal space of
other pedestrians, so some degree of impoliteness is unavoid-
able. Similarly mobile robots violate the personal space of
a pedestrian in dense crowds. If a mobile robot neglects the
social convention of respecting a pedestrian’s personal space,
then it may have serious implications of being non-friendly
and impolite to the pedestrians.

Let us consider a scenario of collision avoidance for a mo-
bile robot moving in a dense crowd. In this scenario, a
pedestrian is approaching from the opposite direction of the

mobile robot. Atleast one of them has to step aside to avoid
collision. In this scenario, what action should a robot pursue
in order to avoid the collision? Should a mobile robot move
sideways? Should a robot be polite and stop for the pedes-
trian? Or should a mobile robot move forward believing that
a pedestrian will step aside? What should be the precedence
of its actions in different situations, i.e., for avoiding the col-
lision with a single pedestrian versus avoiding the collision
with a group of pedestrians? If a mobile robot repeatedly
takes random decisions for avoiding collisions then it is dif-
ficult for a pedestrian to assess the intentions of a mobile
robot in collision avoidance scenarios. In retrospect, if a
mobile robot and the pedestrian are able to learn the inten-
tions of each other then it would become easier for them to
avoid collisions. In this paper we model a decision-maker
for a mobile robot to avoid collisions in dense crowds.

We consider a robot moving in a dense crowd in a busy
marketplace. The robot has an urgent mission and uses
the D*-lite algorithm [13] for navigational purposes. In the
course of its urgent mission, the robot has another mission,
the social mission, to avoid collisions with pedestrians. We
model a collision avoidance situation as a micro-conflict - a
game that is played by pedestrians whose movement affects
the outcome [1][10]. It is evident that due to the urgency of
the mission, a mobile robot will endure social costs for being
persuasive in micro-conflicts. Hence, a robot needs to make
rational decisions during the micro-conflicts for balancing
the social and mission costs.

A user study is conducted to record the decisions made
by humans in micro-conflicts. During each micro-conflict a
participant has to select the robot’s decision keeping in view
the incurred social and mission costs. In each micro-conflict
the robot would either (a) stop and allow pedestrian to pass
or (b) will continue to move along the same path. We use su-
pervised learning algorithms on the recorded data to model
three decision-makers (i) ensemble learning using random
forests, (ii) support vector machine (SVM) and (iii) neural
network learning using evolutionary computational model.
For the training phase appropriate features are selected by
the use of information gain (IG) and principal component
analysis (PCA). After reducing the dimensionality of the
recorded data, we train the random forest classifier and SVM
classifier with the pruned data. In the case of neuroevolu-
tion, NEAT [18] has an inherent property of reducing the
dimensionality of the neural network. Hence, for training
NEAT, we use all of the features of the recorded data with-
out applying dimensionality reduction. The decision-making
abilities of the models are tested for four unique scenarios.



We analyze the abilities of a decision-maker by comparing
their output to the decisions made by the participants for
the same scenarios.

2. METHODOLOGY
In our scenario a mobile robot is moving in a crowded

marketplace. Due to thick density of crowd, the robot fre-
quently encounters micro-conflicts with pedestrians. We
model uncertainty in a pedestrian’s movement to capture
human bounded rationality for decisions in a micro-conflict.
The mobile robot has complete information about the alter-
nate actions of a pedestrian but has incomplete information
of pedestrian’s preference for those actions. The utilities of
the players in a micro-conflict are represented as the payoffs
of the game and are quantitative values representing their
social and mission costs.

Definition 1. A micro-conflict Γ = (Pn, An, On) is an
n-person game with imperfect information. The players
P1 · · ·Pn are unaware of the choice of actions A1 · · ·An

of the opponents. Let the total number of players be Pn

including the robot and let i be the player index of the
robot, then the opponents indexes in the micro-conflict are
1 · · · i− 1, i+ 1, · · ·n.

Definition 2. Each player considers the opponent payoff
as combination of the payoffs’ associated with the actions of
the all of the opponents. In other words, the player considers
the payoff for a list of opponent choice-combination

a1, · · · , ai−1, ai+1, · · · , an
where

a1 ∈ A1, · · · , ai−1 ∈ Ai−1, ai+1 ∈ Ai+1, · · · , an ∈ An

Here ak ∈ Ak is the action choice by the kth opponent.
This list of opponent choice-combination belongs to a set
of all such choice-combinations and is given as λ = A1 ×
· · · ×Ai−1 ×Ai+1 × · · · ×An. As there are only two actions
for each opponent to be considered in this paper, therefore,
total choice-combinations to be considered by robot is λ =
2n−1.

Definition 3. We define the probabilistic belief of the
robot about the opponents choices is the probability distri-
bution bi over the set of choices λ. This implies that for
a list of combinations a1 · · · , ai−1, ai+1, · · · , an ∈ λ the be-
lief bi represents the likelihood assigned by the robot to an
event where opponents will chose the choice-combination
a1 · · · , ai−1, ai+1, · · · , an.

Let us consider the example where the robot enters
into a micro-conflict with another player (human). The
set of choices for each player is A = {C,D}, i.e., the
player would be polite enough to cooperate and allow the
robot to move or the player would defect. Hence, λ =
{(C1, C2), (D1, C2), (D1, D2), (D1, C2)}, where Ci, Di is the
decision to cooperate and defect respectively by an opponent
i.

Definition 4. (The payoffs) For a player, the payoffs On

are associated with the cost of movement and is split into the
social costs and the mission costs. The social costs depend
on the social norms governing the environment and the par-
ticipants, while the mission costs depend on the specific goals

of the human or robot. The payoffs of the game are given by
the total costs incurred by the players for the various com-
binations of moves.

The games are not, in general, symmetric, as the cost
functions differ from agent to agent. As a note, for these
games it is more convenient to speak in terms of cost min-
imization rather than payoff maximization. Rigorously, the
payoffs are the costs with a negative sign.

2.1 Modeling the social costs of moving in
crowd

The social costs depend on the degree an agent violates
the physical zones of the agent. In general, a person can
avoid occurring social costs by avoiding to enter the specified
zones, which normally means giving way to the opponent in
micro-conflicts.

We will model the social costs of moving in the crowd by
a number of geometrical zones associated with the opponent
agents (refer to Figure 1). An agent incurs costs whenever it
enters into one of these zones. The zones are not necessarily
circular, they move and change orientation with the agents.
The costs associated with these zones are justified by psy-
chological models of human perception, and they must be
calibrated for the individuals as well as for the culture.

For the work in this paper we consider three zones:
Physical contact zone: represented by the actual physical
size and shape of the human or robot agent. Violating this
zone means physical contact and carries a large social cost.
Personal space: is the spatial region which a person (and
by extension, a robot) regards as psychologically his [4].
Within the personal space, we model the personal distance
(1-1.5 ft) and the social distance (3-4 ft). The cost decreases
towards the outside of the area, becoming zero outside the
social distance perimeter.
Movement cone: the movement cone represents the space
where the human or the robot made public its intention
to move. For the purpose of this paper, we consider the
movement cone as circular pie extending from the agent in
the current direction of movement, for a radius equal of 3
seconds movement with the current speed. The movement
cone is only relevant for a mobile agent. By violating the
movement cone, the opponent forces the agent to change its
movement, unless it accepts a high social cost by violating
the personal space or even the physical space.

We are using a model where the social costs are addi-
tive across the cost types and for the multiple agents. For
instance, if the agent violates more than one agent’s per-
sonal space, it will occur the sum of the costs. On the
other hand, we retain only the maximum social cost for each
micro-conflict.

2.2 Modeling mission costs
We assume that the participants in the crowd have tasks

to accomplish, thus any delay caused by a micro-conflict
comes with a mission cost. For this work, we consider sce-
narios where the human participants have non-urgent mis-
sions. In some of those scenario’s the robot has an urgent
mission whereas in the rest of the scenarios it has a non-
urgent mission as explained in Section 6.

For a non-urgent mission, the mission can still be achieved
at an arbitrarily later time - thus the mission cost of a delay
is proportional with the delay. For urgent missions, the delay
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Figure 1: The movement model of a player (robot /
human)

reduces the probability of mission success, thus the cost of
the delay escalates in time.

2.3 The life cycle of a micro-conflict
A game can be technically created among any pair of

agents. However, if the agents are sufficiently far away from
each other, the moves (D,D) will have no cost in the game.
The agents enter into a micro-conflict when the (D,D) move
pair has a non-zero cost for at least one of the agents. The
conflict is resolved when the (D,D) move pair will have again
a zero cost.

A micro-conflict is not necessarily resolved in a single
game. It normally requires a series of games, each with a
specific set of costs. Even if the two agents play (C,C) which
means that they start the next game from the same physical
position, the costs of the new game might change if one of
the agents has an urgent mission, which would change the
mission component of the cost.

It is impossible to predict the nature of the games which
will occur during a micro-conflict. The agents heading on a
collision course will at some moment encounter some varia-
tion of a Hawk-Dove game, where in the case of a (C,D) or
(D,C) play the player moving D will have an advantage, but
a (D,D) move will have a large cost for both players. It is
not necessary, however, for each of the games encountered
during the resolution of a micro-conflict to be Hawk-Dove
games.

3. DATA COLLECTION

3.1 The user-study
The data collection setup included a system where a sim-

ulated oriental market is populated with a crowd composed
of individuals who are performing an individually purposeful
movement (visiting shops in the market). Nevertheless, the
range of various goals of the individuals create a seemingly
chaotic crowd, where all the participants enter into frequent
micro-conflicts. The participants use a mix of strategies to
play the games of the micro-conflicts. Into this environment
we introduced a robot guided by the human player. The di-
mensions of the robot were calibrated on the Big Dog robot

of Boston Dynamics [16].
The user study was conducted with the help of 12 par-

ticipants. The human player was presented with a visual
interface which provided an overview of the environment
and a keyboard-based control of the robot. In order to sep-
arate the social behavior from navigation skill, the robot
used a mixed autonomy control: the navigation of the robot
remained under the control of the agent, with the user re-
ceiving control only in situations when the robot entered into
a micro-conflict with a crowd member. The presence of the
micro-conflict, the personal space and the intended move-
ment cone of the participants had been clearly indicated on
the screen. When receiving control, the player could select
between moving forward (corresponding to playing D) and
staying (corresponding to playing C). Albeit the payoffs of
the game had been calculated and used by the adversaries to
adapt their play, the game matrix had not been presented to
the user, who was instructed to play based on visual feedback
as if he was driving the robot through remote control and
an overhead camera. To avoid incorrect readings due to the
limited reaction time of the user, we stopped the simulation
until the user selected a choice, after which the simulation
resumed at normal speed.

In a typical experiment the user had to drive the robot
across the busy market, during which it encountered about
10-12 micro-conflicts, each being resolved with 2-8 games.
The number of games played depended partly on the human
subject, as more assertive players clear a micro-conflict in a
smaller number of games (but potentially, incurring higher
social costs).

3.2 Collecting the dataset
Our working assumption is that the behavior of humans

in micro-conflicts can be described as a two-player game,
in which the payoffs for both sides are calculated as the
sum of the social cost and the mission cost for the player
corresponding to a given move (we call this the composite
game). Using this framework to guide the simulated agents
allowed us to create believable models of movements of the
agents and crowd members.

Nevertheless, this is not yet a proof that this is a close
model for the behavior of a human user controlling the
robot. For instance, if the human agent completely ignores
the game payoffs, the proposed modeling approach is useless.

To allow us to decide on the factors used by the human
players in their decisions, we decided to collect a larger set
of features together with the action cooperate C (the robot
temporarily stalls its motion) or defect D (the robot contin-
ues its current motion) taken by the user:
The robot’s own payoffs: RCC, RCD, RDC and RDD.
These are the values based on which the user would act if
he would be playing an incomplete information game (with
no information about the opponent’s payoffs).
The opponent’s payoffs: OCC, OCD, ODC and ODD. The
8 values Oxy and Rxy would be used by the user if he would
be playing a perfect information game.
External values: These are values which are not part of
the payoffs of the given game. If the user takes these values
into consideration, it means that its strategy is not optimal
for the given game, but influenced by external factors. Ob-
servations of people behaving in crowds validate that such
considerations exist: for instance, a person might give way to
four passersby but angrily cut in front of the fifth one. The



Rxy The payoffs of the composite game for the
robot

Oxy The payoffs of the composite game for the op-
ponent

Nd The N number of civilians at distance d at the
start of micro-conflict

δmission The mission cost before start of the micro-
conflict

δsocial The social cost for this particular micro-
conflict

δsmax The maximum social cost for the robot before
the start of the current micro-conflict

td The time delay cost for the robot before the
start of micro-conflict

Table 1: The features collected in the dataset

five external values which we hypothesized might possibly
affect the behavior of the human agent are listed in Table 1.
These include the absolute values of the mission and so-
cial cost for this particular micro-conflict and the maximum
social cost collected by the agent before the current micro-
conflict. We have also included the time delay incurred by
the agent before the current micro-conflict td.

To signify the importance of social cost on the overall
decision, we also included the predicted social cost before
start of micro-conflict. Further, to maximize the socially en-
acted information we attributed one of the features with the
maximum social cost endured by the robot till that point.
Another feature was the time delay which helped us in in-
cluding the temporal impact on the overall decision making.
The last feature which we felt was important, keeping in
view the urgency of the mission, was to include the robot’s
mission cost. The list of features is given in Table 1.

4. LEARNING FRAMEWORK FOR EN-
SEMBLE LEARNING

4.1 Pre-processing the data

4.1.1 Data normalization
The 13 features collected have their own native, incom-

patible data ranges expressed in terms of mission cost, so-
cial cost, combinations of the two (for the game payoffs),
time delay and crowd density. To maximize the efficiency of
the learning, these values had been normalized to the [0,1]
range, based on the range of the samples in the collected
dataset.

4.1.2 Feature selection using statistical information
As a first step in the selection of the features, we mea-

sured the information gain provided by the individual fea-
tures. Let ~F = {f1 · · · fn} be the feature vector for n num-
ber of features and let X = x1 · · ·xk be the k normalized
instances in the training dataset. The information gain for
i-th attribute is given in Equation 1.

IG([C,D], fi) = H([C,D])− {H([C,D])|fi} (1)

where H is the information entropy and fi is the i-th feature
of X.

Calculating the information gain for the features had
shown that the most valuable features were td (IG=0.249),
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δmission (IG=0.212), ODC (IG=0.208), RCC (IG=0.166) and
δsocial (IG=0.0567).

The information gain for the remaining features were zero
or near zero. The fact that the information gain for Nd

was zero, shows that the human subjects did not consider
the crowd density when making decisions in micro-conflicts.
The fact that RCD and RDD turned out to be zero means
that the human subjects did not consider their own costs
in the event of the opponent defecting. While the games in
micro-conflict are dynamically created, the most challenging
games are the ones which have the structure of a hawk-dove
game. In these terms, it appears that the human subjects
were assuming the opponents to be “doves”.

Overall, the information gain analysis step led us to dis-
card five attributes with negligible information gain: RDD,
OCD, RCD, δsmax and Nd.

4.1.3 Dimensionality reduction using principal com-
ponent analysis

After the dimensionality reduction step, we still had a
number of 8 features, some of them likely correlated. Thus,
instead of further pruning the features we opted for dimen-
sionality reduction by using principal component analysis
(PCA) [9]. PCA helps in dimensionality reduction by pro-
viding with a set of new attributes that are linear combina-



tion of the original attributes. These new attributes have
eigenvectors formed using orthogonal transformation, thus
they are almost statistically uncorrelated. The principal
components of the data will be the eigenvectors associated
with the largest eigenvalues. The higher dimensional data
xk ∈ <i is projected into lower dimensional vector yk ∈ <j

(where j < i). Hence, given the mean µ = 1
K

∑K
i=1 xi, the

linear projection gives us

yk = CT (xk − µ) (2)

Here CT is the transpose of list of eigenvectors which were
selected of the basis of highest eigenvalues from the covari-
ance matrix of the preprocessed dataset. For our case, as the
features were measured on different scales having variance
in them, we used opted for the correlation matrix for PCA
transformation.

Therefore, after transformation we obtain vector Y =
{y1 · · · yk}, where the k-th instance had vn number of trans-
formed features.

4.2 Classification
Once the dataset had been reduced in dimensionality, the

next step is to develop a classifier which for any given set
of features would classify them into situations requiring a
C or D answer. Once trained, this classifier can be di-
rectly used as a decision-making engine for a robot resolving
micro-conflicts. The overall effect is one of imitation learn-
ing: what the robot learns is not to act in an optimal way,
rather to imitate the decisions of the human subjects who
were used to collect the dataset.

The classification problem is essentially a supervised
learning problem over the five features obtained after apply-
ing feature selection and PCA as described above. We have
experimented with a number of supervised learning tech-
niques. The best results had been obtained using random
forests, an ensemble learning technique and support vector
machines. In the following we describe the application of
these techniques to our learning problem.

4.2.1 Using ensemble learning for classification
The basic idea behind decision trees is to use multi-level

decision systems that would sequentially classify the in-
stance using features associated at each level until we reach
a final decision. Hence, the feature space is separated into
distinct regions in a sequential manner.

One of the known problems with decision trees is its num-
ber of sibling variants. The reason for variance is linked with
low generalization of decision trees for the training data-set
used for their construction. If an error occurs high among
the nodes it propagates downstream affecting the leaves.
One way of improving the generalization error is to use boot-
strap aggregating (bagging). The main idea behind bagging
is to create a number of M variants Y1,Y2, · · · ,YM of the
original dataset Y. Each set Yi is created by uniform sam-
pling with replacement from the dataset Y.

The random forests technique uses bagging to create trees
with random feature selection. We have implemented the
technique using the Weka [5] library. For an M-tree random
forest classification, using features {v1, v2 · · · vn} the classi-
fier takes input yi and M − trees assigns the label C or D.
Being an ensemble learning method, the output is based on
the majority vote of the sub-classifiers.

4.2.2 Using support vector machines (SVM)
An SVM classifier searches for hyperplane which separate

the classes using a maximum margin to allow for generaliza-
tion. The hyperplane takes the form:

g(y) = wTy + w0 = 0 (3)

where the direction of the hyperplane is decided by w and
the position is determined by w0. The goal for SVM is to find
the direction which can give us maximum margin. Thus, for
our case of binary classification, we represent the decision C
with 1 and decision D with -1 such that:

wTy + w0 ≥ 1 ∀y ∈ C
wTy + w0 ≤ −1 ∀y ∈ D

However, in our case the two classes are not separable
classes. For these situations, we can formulate the SVN as
a cost minimizing optimization problem [14]:

J(w, wo, ε) =
1

2
‖ w ‖2 +δ

N∑
i=1

εi (4)

Hence we get:

minimize J(w, wo, ε)

subject to di[w
Tyi + w0] ≥ 1− εi

where di ∈ {1,−1} and ε > 0 are slack variables. The slack
variables are used as the measure of error in the misclassified
yi. If ε = 0, then yi is correctly classified. If 1 > ε > 0,
then yi is correctly classified but close to the margin. If ε >
0 then yi is misclassified and δ

∑N
i=1 εi becomes the penalty

term. Here δ is the externally set penalty cost associated
with the misclassified vector.

For the two instances yi and yj we use the radial basis
function given as:

K(yt
i ,yi) = exp(−γ ‖ yt

i − yi ‖2), γ > 0 (5)

where γ = 1/2σ2. Equation 5 defines a spherical kernel
with center yt

i and radius γ. We will use cross-validation
to determine the appropriate values penalty cost δ and the
kernel radius γ. For the implementation of SVM we used
the LibSVM library [3].

4.2.3 Cross-validation and overall accuracy of the
classifiers

Cross-validation was used to calibrate and test the random
forest and the SVM classifier. Using k-fold cross-validation
process, we initially divided the training set into k equal
bins. We performed k runs and during each run we sequen-
tially trained the model on k − 1 bins and tested it for the
remaining bin. For experiments, we choose k = 10, a com-
monly recommended approach.

The random forest module was tested using tree range =
{10, 15,· · · , 40}. Each of those were constructed while con-
sidering 3 random features. We selected the random forest
which provided us with the minimum error on the cross val-
idation results. The maximum depth for the trees was set to
have no bounds. The out-of-bag error (OOB) for the 35-tree
random forest was 0.2743. For comparing the results of the
best forest tree we performed 10-fold cross-validation, which
is not usually required as one can get a good estimate of the
random forest from OOB. The confusion matrix after per-
forming validation on original data-set and then performing
validation using 10-fold cross validation was found to be



(Cclassified Dclassified

Coriginal 144 32
Doriginal 44 83

)
For the SVM-classifier, we had to find the combina-

tion (δ, γ) for the best penalty cost δ and the value of
gamma γ. Therefore, we used grid selection [7] which
suggests using the exponentially growing sequence of δ =
{2−5, 2−3, · · · 217} and γ = {2−15, 2−13, · · · 25}. We used 10-
fold cross-validation on each model trained based on the
combination (δ, γ).

From results we observe that as we increase δ from 2−5 →
215, the accuracy increases from 58% to 60% for γ = 2−15,
then it drops for δ = 217. And if we increase γ from 2−15 →
23, then the accuracy increases from 60% to 75% for δ =
215, and then it drops for γ = 25. Hence, from results we
choose, γ = 23 and δ = 215. The confusion matrix for the
SVM-classifier is given as(Cclassified Dclassified

Coriginal 170 6
Doriginal 70 57

)
Both random forest and SVM classifier had an output ac-

curacy of approximately 75%. However, SVM appears to
have a tendency to misclassify D instances as C (while al-
most never making the opposite error). In contrast, the ran-
dom forest module makes both types of errors with roughly
the same probability.

5. NEUROEVOLUTION OF AUGMENT-
ING TOPOLOGIES (NEAT)

An artificial neural network (ANN) can be evolved (i)
by changing the weights of a neural network with fixed
topology, or (ii) by evolving both the architecture and the
weights of a neural network - concept called Topology &
Weight Evolving Artificial Neural Network TWEANNs. For
our work we prefer the concept of TWEANNs and use
the neuroevolutionary algorithm NEAT [18] for training the
decision-maker.

NEAT evolutionary algorithm is preferable due to its
unique concept of innovation number. Innovation number
is the historical marking (tagging) of a gene during the pro-
cess of evolution. Innovation numbers help in the genetic
encoding process and also helps in the protection of specia-
tion. NEAT uses the innovation number of genes during the
crossover to identify and track the origin of genes. For every
unique structural mutation, a global innovation number is
attached to the mutated gene. This helps in lining up the
genes with similar innovation number during the crossover
process.

NEAT evolves the ANNs by the means of crossover and
mutations:

• by perturbing the weights of an existing connection in
ANN,

• by adding a new connection between the unconnected
weights or connecting a node with itself by the use of
a recurrent connection and

• splitting the old connection between two neurons by
adding a new neuron between them.

A fourth type of mutation exists in a variant of NEAT
called ANJI [8] and is also used in this work. This muta-
tion specifies the rate of deletion for a neural connection

Max. number of generations 150
Population size 500

Remove connection max weight 100
Weight mutation rate 0.8

Weight mutation standard deviation 1.5
Survival rate 0.2

Elitism True
Speciation threshold 0.2

Roulette selection Not Used
Topology activation Sigmoid

Recurrent cycles Disallowed

Table 2: Common parameter settings for the evolu-
tionary runs

between the two nodes. Selected connections are deleted
from the stranded genes assuming that the lower weight con-
nections are less influential and are better candidates to be
deleted [8].

We evolve the evolutionary decision-maker using

a. Complexification - The evolution is initiated with a pop-
ulation of chromosomes having minimal complexity (size
of specie), i.e., an ANN with no hidden nodes. The search
space moves towards the higher dimensions of an ANNs
(by mutation) only when the lower ones provide stagnant
outputs.

b. Simplification - The evolution is initiated with a popula-
tion with complex ANN structures. Over the period of
evolution, the size of ANN is pruned till we get a chro-
mosome with optimal output.

c. Blended - The evolution is initiated with a population of
mixed properties from both complexification and simpli-
fication settings [8].

Table 3 and Table 2 provide different mutation and common
settings that we had used for the evolution of decision-maker
using NEAT.

The performance of evolved structures using different
techniques (as mentioned above) relies upon the structure
of initial population. Simplification provides an optimal
ANN if the initial population has ANN structures which
are a subset of the optimal ANN structure. The optimal
structure is unknown at the time of evolution, hence this
contributes to an inefficient search space [18] if initial struc-
ture of the ANNs are not a subset of the optimal ANN. On
the other hand, using complexification we face the problem
of local minima that arises due to hill climbing, i.e., only
the restricted topological subsets are explored in complex-
ification. This means that during the evolutionary phase,
new structures are sidelined due to their lower fitness. To
counter this problem, NEAT uses historical markings, to
protect speciation, i.e., retains the innovations. In NEAT,
the new structure first competes in niche with the members
of its population. Once the structure is optimized only then
it is allowed to compete with the rest of the population.

Figure 3 shows the average size of the evolved species dur-
ing different generations. In comparison with the rest of the
evolutionary settings, simplification resulted in the smaller
sizes of the species over the course of evolution.



Parameter C S B
Add connection mutation rate 0.03 0.00 0.03

Remove connection mutation rate 0.00 0.04 0.02
Add neuron mutation rate 0.01 0.00 0.01

Table 3: Distinct parameter settings for different
runs C = Complexification, S = Simplification, B =
Blended
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Figure 3: Average complexity (size of species) of
population during evolution for different generations

Figure 4 give us the comparison of the fitness for the fittest
chromosomes that were evolved using complexification, sim-
plification and blended settings. For selecting a neuroevo-
lutionary decision-maker, we select the fittest chromosome
that was evolved using simplification.
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Figure 4: Fitness of the champion chromosome over
the number of generations

6. EVALUATION OF DECISION-MAKERS
The performance of the decision-makers are evaluated for

different scenarios. For the generation of different envi-
ronments for the scenarios, we change the environmental
features that were used to model the decision-makers. We

Scene a Scene b Scene c Scene d
SVM 76% 88.64% 26.09% 48.94%

Random Forests 76% 83.36% 30.43% 48.93%
NEAT 75% 74.42% 59.09% 73.91%

Table 4: Classification accuracy for different models

change the number of pedestrians Nd and urgency of a mis-
sion δmission in four scenarios, i.e.,

a. Sparse crowd (Nd is small), urgent mission

b. Dense crowd (Nd is large), urgent mission

c. Dense crowd (Nd is large), non-urgent mission

d. Sparse crowd (Nd is small), non-urgent mission

For evaluation of the decision-maker module, human deci-
sions were again recorded for the micro-conflicts in the four
scenarios. Before moving towards the results, the reader is
reminded that the training data-set had 90% examples sim-
ilar to Scenario(a) and (b) whereas the remaining examples
in the training dataset were similar to Scenario(d). During
the training phase, we used none of the examples related to
the Scenario(c). Therefore, Scenario(c) acts as an unknown
environment to a decision-maker.

The classification accuracy of a module was gauged by
comparing its output with human decisions in that scenario.
The classification accuracy for different decision-makers is
given in Table 4. We can see from the results that the SVM
and random forest classifier provide good classification ac-
curacy for the Scenario(a) and (b). But both classifiers give
low percentage of classification accuracy for the unknown en-
vironment, i.e., Scenario(c). For the evolutionary learning,
we can see that the classification is comparatively better for
all of the four scenarios.Therefore, NEAT provides us with
a better generalized decision-maker module.

7. RELATED WORK
Social behavior’s are learnt from social interactions and

evolve over the course of multiple social interactions [11, 12].
For collision avoidance in crowds, pedestrians would follow
those movement conventions that would easily allow them to
avoid collisions. For instance, a person from Europe would
prefer to step aside on the right side for avoiding collision.
In South Asia, people move towards their left to avoid col-
lisions [15]. Nevertheless, a pedestrain always has the free
will to select any movement in crowd (exceptions exist - a
campaign by the government in South Korea urges people
to walk on the right-hand side [6, 15]). But there are cer-
tain actions that are not socially acceptable, e.g., deliberate
transgression of pedestrian’s personal space.

The work described in this paper fits in a larger trend
in robotic systems which is often denoted with terms such
as learning from demonstration, imitation learning or learn-
ing by showing. The early contributions towards imitation
learning included the symbolic approach and the inductive
learning approach [17]. In the symbolic approach, the model
was learnt using techniques such as reinforcement learning,
i.e., state-action-state sequence which was further mapped
to symbolic ‘if-then’ rules. In the case of inductive learning
most of the researchers prefer the perceptual side of imita-
tion. To date, most of the research in the social learning



(using social partner) has involved four different strategies:
stimulus enhancement, emulation, mimicking and imitating
the social partners. For comparative analysis of these tech-
niques, the authors[2] use four possible types of demonstra-
tions to convey the information to the learner from its social
partner. The information demonstrations includes the (i)
goal-demonstration, (ii) action-demonstration, (iii) object-
demonstration and (iv) the negative-demonstration. The
imitation modules were developed using the SVM classifier
(LibSVM Weka [5]). To further evaluate these four strate-
gies, the authors use imitation learning with two unique
versions: (a) blind imitation and (b) goal-based imitation.
For experimenting the influence of a social partner on the
learner, the authors used three different behavior’s for the
social partner: a social partner with same goal, a social part-
ner with different goal and a social partner with focused
demonstration. The authors proved that imitation based
learning is a powerful strategy but has disadvantages of be-
ing computationally demanding to the environment and its
demonstrator.

8. CONCLUSION
A mobile robot needs to be mindful of a pedestrian’s per-

sonal space while maneuvering in crowds. The personal
space is a socially comfortable distance from the other pedes-
trians and is considered impolite to violate. Robots moving
in crowds occasionally reach situations where they need to
decide whether to give way to a pedestrian or not, a situation
we call a micro-conflict - a game that is played by pedestri-
ans whose movement affects the outcome. While pursuing
its own mission, a mobile robot will occasionally encounter
micro-conflicts, where a suitable balance between social and
mission costs must be found for appropriate behavior. We
perform a user-study and record strategies adopted by hu-
mans to solve micro-conflicts for a mobile robot. This allows
us to model a decision-maker for the mobile robot which
would make socially cognizant decisions in micro-conflicts.
In retrospect, a socially cognizant mobile robot would allow
humans to form a mental model of the robots behavior (a
“theory of the robot mind”) and adjust their own behavior
accordingly.
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