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Abstract—In this work, we show that reward functions of

animals can be inferred from their behaviors using Inverse

Reinforcement Learning (IRL). We conduct an experiment in

which rats move freely in an isolated space and their movements

are captured using optical trackers. Then we obtain rats’ reward

functions using IRL and evaluate them.
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I. INTRODUCTION

Many of the sequential decision making problems such as
motion planning can be solved by formulating the problem as
Markov Decision Processes (MDPs). An advantage of MDP
formulation is that a problem can be solved while avoiding
the hard task of specifying a policy, and instead specifying a
reward functions. In many reinforcement learning applications,
the states with the success criteria have positive rewards,
whereas the rest of the states either have no or negative
rewards. However, setting the rewards in this way usually
makes the computation of the optimal policy very costly.
Furthermore, in some settings, setting the reward functions by
hand is not viable at all. For example, the optimality criteria for
many robots that interact with humans (e.g. humanoid robots,
autonomous robots) is acting like a human. In such domains, it
is usually very hard to handcraft a reward function that would
lead to human-like behavior.

Recently, inverse reinforcement learning (IRL) methods
have emerged resulting in successful reinforcement learning
applications without the need of specifying reward functions
[1], [2]. Another motivation for IRL is to obtain computational
models for animals. Studies suggest that learning in animals
occur in a similar way to reinforcement learning, specifically
temporal-difference learning. Consequently, robotic systems
that are based on the computational models of animals obtained
through IRL can contribute to successful motion planning
systems.

In this study, we present the method we used to obtain
the rewards of free-moving rats and the results. To the best
of our knowledge, this is the first application of IRL to
obtain reward functions of animals. We believe that similar
applications in which animals’ reward functions are obtained
can influence new directions in robotics or computational
neuroscience research. For instance, similarly to our study,

reward functions can be obtained by observing dog behaviors
and this reward function can be transferred to a quadruped
robot. Subsequently, the robot can find the optimal policy by
solving the MDP or the RL problem.

II. EXPERIMENT

The aim of our experiment is to gain insights about the re-
ward functions of rats. The reward mentioned here could have
resulted from external elements such as food or sex; however
in our study, the rewards encompass internal preferences of
the rats, which are more subtle than the external rewards. For
instance, rats might favor shadowy areas and avoid wide spaces
to hide themselves from predators. In this case, shadowy and
narrow areas would have high reward values for the rats.

In the experiment, two rats were placed in a 40 by 40
cm box (Figure 1) and are allowed to move freely for 30
minutes. The Rats’ positions were tracked and stored (with
30 fps frequency) via the optimal markers on the rat and the
optical trackers.

Figure 1: Experiment setup, a 40 by 40 cm dark and sound-
proof area.

In the experiment setup, there are two important areas.
The first important area is the rectangular food pellet dish and
the second is the poking hole at the top part of the box (see
Figure (1)). These objects are important, because one of the
two rats used in the experiment had received a prior training
wherein it received a food reward from the pellet dish after
it poked its head through the poking hole. However, both ratsTurkish Autonomous Robots Conference, 2014
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were under the same conditions, in the absence of any external
stimuli (such as sound or food) during the 30 minutes of our
observation.

III. METHOD

The IRL method we used was proposed by Uchibe and
Doya [3] and was based on the linearly solvable Markov deci-
sion processes (LMDPs) [4]. We assume that an agent takes an
action at state x and transits to y with the probability ⇡(y|x) at
each discrete time step. Whereas, the passive dynamics of the
system is represented with p(y|x). A value function V (·) and
a cost function r(·) is defined over state space of the agent. We
assume that the agent gains discounted rewards representing
the discount factor with �. In the LMDP framework, the
Bellman equation is represented as the following (similar to
the equation in Uchibe and Doya’s [3]):

ln
⇡(y|x)
p(y|x) = r(x) + �V (y)� V (x) (1)

Our method, first estimates ⇡(y|x) on the left side of the equa-
tion (1) using LSCDE [5] and p(y|x) is obtained analytically.
Then, value and cost functions which are approximated by
radial basis functions are obtained using least squares with
regularization where � represents the regularization parameter.
The free parameters (e.g. �, �) can be selected by cross
validation. The algorithm we used is depicted in the following:

input : D⇡ = {(xi,yi)}Ni=1 (state transitions)
output: q(x), V (x) (cost and value functions)

1 estimate ⇡(y|x) using LSCDE from D

⇡ set µ’s and �’s
of basis functions  q(x) and  V (x)

2 foreach � 2 logspace(�3, 1, 20) do

3 btrain = �ln(⇡(y|x)/p(y|x)) using D

⇡

4 Atrain = [ q(x)T , � V (y)T �  V (x)T ]
5 w

⇤ =argminw||Atrainw � btrain||22 + �||w||22
6 store ||Atestw

⇤ � btest||22
7 end

8 [wT
q ,w

T
V ]

T = w

⇤

9 return w

T
q  q(x), wT

V  V (x)

Algorithm 1: The IRL algorithm used

IV. RESULTS

In the graphs below, axes correspond to the position of the
rat’s head in the box. For instance, the top left corner of a
graph shows the reward of the rat when it’s head is located in
the top left corner. The high reward regions are illustrated by
blue.

A. Rewards of the trained and the untrained rat

Reward functions of the trained and untrained rats are
shown in Figure 2.

(a) Reward function of the un-
trained rat

(b) Reward function of the
trained rat

Figure 2: Comparison of the rewards of the two rats

As it can be seen in Figure 2, the untrained rat’s reward
function has high values near the corners and on the lower part
of the box. On the other hand, the rewards of the trained rat are
concentrated near the pellet dish. Therefore, even though the
trained rat did not receive any food during the recording, we
can speculate that it found the area near the pellet dish more
rewarding because it had received food from there previously.

B. Exploration vs Exploitation

Another interesting finding is that we can observe explo-
ration - exploitation phenomena through IRL. In Figure 3a
compared to the Figure 3b, high rewards occupy a larger
area. Therefore, we speculate that when the rat is placed into
a new environment, it first want to gather information and
explore the surroundings, hence the surroundings are more
rewarding. Later, when the rat does enough exploration, it
preserves energy by moving less and finds resting states more
rewarding.

(a) Reward function for the first
15 minutes of the rat’s movement

(b) Reward function for the last
15 minutes of the rat’s movement

Figure 3: The rewards obtained for the first and the second
half of the trained rat’s behavior

V. CONCLUSION

Using IRL, we were able to obtain reward functions of rats.
Even though, this is a fairly simple application, we believe
that application of IRL to animals might lead to new research
directions in both robotics and computational neuroscience.

In some settings, the stationary distribution (i.e. P (x), the
probability of the agent being in state x) of an agents position
can be very similar to the reward functions obtained with
IRL. Moreover, assuming the existence of a time invariant



reward function might be problematic, especially when an
agent engages in exploration. In the follow-up studies, we aim
to investigate the effects of such assumptions and incorporate
exploration into the IRL framework.
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