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Learning to deal with objects
María Malfaz and Miguel A. Salichs

Abstract—In this paper, a modification of the standard learning
algorithm Q-learning is presented: Object Q-learning (OQ-
learning). An autonomous agent should be able to decide its
own goals and behaviours in order to fulfil these goals. When
the agent has no previous knowledge, it must learn what to do
in every state (policy of behaviour). If the agent uses Q-learning,
this implies that it learns the utility value Q of each action-
state pair. Typically, an autonomous agent living in a complex
environment has to interact with different objects present in that
world. In this case, the number of states of the agent in relation
to those objects may increase as the number of objects increases,
making the learning process difficult to deal with. The proposed
modification appears as a solution in order to cope with this
problem. The experimental results prove the usefulness of the
OQ-learning in this situation, in comparison with the standard
Q-learning algorithm.

Index Terms—Q-Learning, objects, decision making, au-
tonomous agents.

I. INTRODUCTION

AN autonomous agent is a natural or artificial system
in constant interaction with dynamic environments that

must satisfy a set of possible goals in order to survive
[1]. Moreover, according to Bellman [2], autonomy implies
decision making and this implies some knowledge about the
current state of the agent and its environment, including its
goals. This means that the agent must have enough knowledge
of itself in order to think about how to move and act in
its environment, using all its properties and skills. Besides,
some authors affirm that an autonomous agent has goals and
motivations and it has some way to evaluate its behaviours
in terms of the environment and its own motivations. Its
motivations are desires or preferences that can lead to the
generation and adoption of objectives. The final goals of the
agent, or its motivations, must be oriented to maintain the
internal equilibrium of the agent [1][3].
Learning has been denominated as one of the distinctive

marks of the intelligence and introducing adaptation and
learning skills in artificial systems is one of the greatest chal-
lenges of the artificial intelligence [4]. Gadanho [3] states that
learning is an important skill for an autonomous agent, since
it gives the agent the plasticity needed for being independent.
An autonomous agent must know what action to execute

in every situation in order to fulfil its goal. In the case that
this agent does not have this knowledge, the autonomous
agent must learn this relation between situations and actions.
The agent learns this relation by interacting with its own
environment where several objects can exist. As it is going to
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be shown later, learning to deal with those objects can become
quite tedious. In this paper, a solution to this disadvantage is
proposed.
The rest of the paper is organized as follows. In section II,

a brief introduction to reinforcement learning is given. Next,
in section III, one of the most commonly used reinforcement
learning algorithm is presented: Q-learning. In section IV,
the state is introduced as a combination of the inner and the
external state of the agent and, in section V a reduced version
of the state is presented. In this last section, the Q-learning
algorithm is adapted in order to consider this approach and, as
will be shown, this adaptation will imply some shortcomings
that must be solved. The solution to this problem is proposed
in section VI by considering an algorithm based on Q-learning:
the Object Q-learning (OQ-learning). Next, in section VII, the
experimental platform is described and later, in section VIII,
the results obtained using both known algorithms in the same
environment are also presented. Finally, the main conclusions
of this paper and future applications are summarized in section
IX.
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II. REINFORCEMENT LEARNING
In a decision making process, the agent, in a certain state

s, executes an action a leading him to a new state s′ and
generating a reinforcement r. From that new state the agent
executes another action and so on. The value is defined as the
discounted sum of all the expected reinforcements:

value = r1 + γ · r2 + γ2 · r3 + γ3 · r4 + ... (1)

Parameter γ (0 < γ < 1) is known as the discount factor and
defines how much expected future rewards affect a decision
now. The goal of reinforcement learning is to maximize the
total expected reward [5].
The agent that uses reinforcement learning tries to learn,

through interaction with the environment, how to behave in or-
der to fulfil a certain objective. The agent and the environment
are continuously interacting, the agent selecting actions and the
environment responding to those actions and presenting new
situations to the agent. The environment and the proper agent
also give rise to rewards that the agent tries to maximize over
time. This type of learning allows the agent to adapt to the
environment through the development of a policy. This policy
determines the most suitable action in each state in order to
maximize the reinforcement. The goal of the algorithm is to
maximize the total amount of reward it receives over the long
run [6].
Reinforcement learning has been successfully implemented

in several virtual agents and robots [7], [8], [9], [10], [11],
978-1-4244-4118-1/09/25.00 c©2009 IEEE
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[12]. One of the most well-known reinforcement learning
algorithm is the Q-learning [13], which has become one of
the most used in autonomous robotics as well as in many
other research areas [14].

III. Q-LEARNING ALGORITHM
The Q value is defined as the expected reward for executing

action a in state s and then following the optimal policy from
there. The Q-learning algorithm estimates the Q values for
every state-action pair. Every Q(s, a) is updated according to
[15]

Q(s, a) = (1− α) ·Q(s, a) + α · (r + γV (s′)) (2)

where

V (s′) = max
a∈A

(Q(s′, a)) (3)

is the value of the new state s′ and is the best reward the agent
can expect from the new state s′. A is the set of actions, a is
every action, r is the reinforcement, γ is the discount factor,
and α is the learning rate.
The learning rate α (0 < α < 1) controls how much weight

is given to the reward just experienced, as opposed to the old
Q estimate [5]. This parameter gives more or less importance
to the learnt Q values than new experiences. A low value of α

implies that the agent is more conservative and therefore gives
more importance to past experiences. If α is high, near 1, the
agent values, to a greater extent, the most recent experience.
A policy π defines the behaviour of the agent. A determin-

istic policy π : S −→ Π(A) is a function that relates, with
probability 1, the actions a ε A that must be taken, with every
state s ε S. The optimal policy is that one that maximizes the
total expected reward.
Once the Q values are obtained, it is easy to calculate the

optimal policy, π∗(s), considering all the possible actions for
a certain state and selecting the one with the highest value:

π∗(s) = arg max
a

Q(s, a) (4)

IV. STATE
As already stated in the introduction, it is assumed that the

learning agent lives in an environment where it can interact
with other objects. The agent must learn what to do in every
situation in order to fulfil its goals. Let us assume that in this
system the state of the agent is the combination of its inner
state, Sinner , and its external state, Sexternal.

S = Sinner × Sexternal (5)

The inner state of the agent is related to its internal needs
(for instance: the agent is hungry) and the external state is the
state of the agent in relation to all the objects present in the
environment (for instance: the agent has food and water):

Sexternal = Sobj1 × Sobj2 ... (6)

This definition implies a huge number of states. For ex-
ample, if there are 10 objects present in the world and it is
assumed that for each object there exist 3 boolean variables:
having the object, being next to the object, and knowing where
the object is, we would have 23 = 8 states related to every
object. If the external state of the agent is its relation to all the
objects, 810 = 1.073.741.824 states will exist. As previously
stated, this is a huge number of states.
Moreover, if it is also assumed that there are, for example,

10 different inner states, we would have 10∗810 = 1.07∗1010

states in total. On the other hand, considering that the number
of possible actions is 30, then we would have number of states
× number of actions state-action pairs.
Therefore, if the agent uses the standard Q-learning algo-

rithm introduced in the previous section, the number of utility
values for every state-action pair, Q(s, a), is ≈ 3.2∗1011. This
great number of Q values to learn presents problems since it
would take a long time for those values to converge. This is
because, in order to those values converge, every state-action
pair must be visited by the agent a very high number of times
[5].
One solution would be to use the generalization capabilities

of function approximators. Feedforward neural networks are
a particular case of such function approximators that can be
used in combination with reinforcement learning. Although
the neural networks seem to be very efficient in some cases
of large scale problems, there is no guarantee of convergence
[16].
Many authors have proposed several solutions to the prob-

lem of learning and planning in a large state space. According
to Sprague and Ballard, this problem can be better described
as a set of hierarchical organized goals and subgoals, or a
problem that requires the learning agent to address several
tasks at once [17]. Guestwin et al presented two algorithms for
computing linear value function approximations for factored
Markov Decision Processes (MDPs). The factored MDPs are
one approach to represent large, structured MDPs compactly,
based on the idea that a transition of a variable often depends
only on a small number of other variables [18].

V. REDUCED STATE

As previously said, the definition of the state of the agent
implies a huge number of different states, and the standard
Q-learning seems to be not very suitable in this situation. In
order to try to solve this problem, we propose a reduction of
the number of states of the agent. The states related to the
objects are independent of one another.
If the states related to the objects are independent, it can be

considered that the external state is the state of the agent in
relation to each object separately. This simplification means
that the agent, at each moment, considers that its state in
relation to obj1, for example, is independent of its state in
relation to obj2, obj3, etc. Therefore, the agent learns what to
do with every object saparately. This simplification reduces the
number of states that must be considered during the learning
process of the agent.
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For example, following the example presented in the previ-
ous section, for the 10 objects present in the world we would
obtain 10(objects) ∗ 8(states related to every object) =
80 external states, those related to the objects. Finally,
the total number of utility values Q(s, a) would be
80(external states) ∗ 10(inner states) ∗ 30(actions) =
24000, which is a great reduction.
In fact, the simplification on the learning process is even

bigger if we consider that the agent learns separately what
to do with every object for every inner state. For example,
the agent learns what to do with food when it is hungry (s ε

Shunger × Sfood), what to do with food when it is thirsty (s
ε Sthirsty×Sfood), and so on without considering its relation
to the rest of objects.
Therefore, the total state of the agent in relation to each

object is defined as follows:

s ε Sinner × Sobji
(7)

From now on, the nomenclature of the Q values will be
Qobji(s, a). The super-index obji specifies the object that the
agent is dealing with, a ∈ Aobji

, where Aobji
is the set of

actions related to object i, and s is the total state of the agent
in relation to object i.
Therefore, equation (2) is adapted for the updating of the

Qobji(s, a) value of the state-action pairs for an inner state
and an object i:

Qobji(s, a) = (1−α) ·Qobji(s, a)+α ·
(
r + γV obji(s′)

)
(8)

where

V obji(s′) = max
a∈Aobji

(
Qobji(s′, a)

)
(9)

is the value of object i in the new state s′, Aobji
is the set of

actions related to object i and s′ is the new state in relation to
the object i. Again, r is the reinforcement received, γ is the
discount factor, and α is the learning rate.
As a consequence of this simplification, the learnt Q values,

instead of being stored in a table of total number of states ×
total number of actions dimension, are stored for a certain
inner state and for every object in a table of number of states
related to that object× number of actions related to that object
dimension.

VI. COLLATERAL EFFECTS AND OQ-LEARNING
As already stated, the considered simplification implies that

the value of the actions executed in relation to a certain object
are independent of its relation with the rest of objects present
in the environment. This is not really true, let us consider
the next example: the agent is hungry and is beside a water
object, it executes the action “go for food” and at the end of
this action the agent is next to food. Therefore, the agent is no
longer beside the object water, so its state in relation to water
has changed although the action executed was related to food.
The “collateral effects” are those effects produced by the

agent on the rest of the objects when interacting with a certain

object. Therefore, in order to take into account these collateral
effects, a modification of the Q-learning algorithm is proposed:
The Object Q-learning.

Qobji(s, a) = (1− α) ·Qobji(s, a) + α ·
(
r + γ · V obji(s′)

)
(10)

where
V obji(s′) = max

a∈Aobji

(
Qobji(s′, a)

)
+

∑
m

ΔQobjm

max (11)

is the value of object i in the new state considering the possible
effects of the executed action with object i, on the rest of
objects. For this reason, the sum of the variations of the values
of every other object is added to the value of object i in the
new state, previously defined in equation (9).
These increments are calculated as follows:

ΔQobjm

max = max
a∈Aobjm

(
Qobjm (s′, a)

)
− max

a∈Aobjm

(
Qobjm (s, a)

)
(12)

Each of these increments measures, for every object, the
difference between the best the agent can do in the new state
and the best the agent could do in the previous state. In other
words, when the agent executes an action in relation to a
certain object, the increment or decrement of the value of the
rest of objects is considered.

VII. EXPERIMENTAL PROCEDURE

A. Current application
The work presented in this paper is part of a large project

whose main objective is to design a decision making system
for an autonomous and social agent. The agent must learn
to select the right behaviors in order to maintain its internal
equilibrium. The mechanisms involved in the decision making
process are inspired by those used by humans and animals.
The general idea of the proposed decision making process,

see Figure 1, is that the autonomous agent has certain needs
(drives) and motivations. The objective is that the agent learns
how to behave in order to maintain these needs inside an
acceptable range. It learns the proper action to execute in every
state, that is, the policy of behavior, through its interaction
with the virtual world. For this purpose, the robot/agent uses
reinforcement learning algorithms to learn from its bad and
good experiences.

Figure 1. The decision making process
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The used environment is widely described in [19]. The
objects that are present in this environment are the following:
food, water, medicine, box, and the world. In this environment,
the food object is inside the object box and it is closed.
Therefore, the agent must open the box in order to obtain
food. Only when it opens the box the agent can see the food.
The boxes, the water, and the medicine are distributed in

rooms in such a way that there is a room with a box, another
with medicine, and another with water. It is considered that
the agent has unlimited resources, i.e., the box always has
food and there is an unlimited amount of water and medicine.
The agent, at the beginning of its life, does not know where to
find those objects. Throughout its life time, it finds the objects
and remembers their position. Therefore, if the agent needs an
object, it will know where to find it. This virtual world is grid-
based and the agent moves around by sending ‘north’, ‘south’,
east’, and ’west’ commands.
The sets of actions that the agent can execute, depending

on its state in relation to the objects, are the following:

Afood = {Eat, Get, Go for} (13)

Awater = {Drink water, Get, Go for} (14)

Amedicine = {Drink medicine, Get, Go for} (15)

Abox = {Open, Go for} (16)

Aworld = {Stand still, Explore} (17)

Among all these behaviors there are some that cause an
increment or decrement of some drives.

B. Inner state
As was already stated, an autonomous agent is the one that

is capable of determining its own objectives and furthermore,
decides which behaviors to select in order to fulfill them.
Those behaviors are oriented to maintain the internal equi-
librium of the agent.
The agent makes its decision based on its own motivations

and drives. The internal state can be parameterized by several
variables, which must be around an ideal level. When the value
of these variables differs from the ideal one, an error signal
occurs: the drive. The motivation is a tendency to correct the
error, the drive, through the execution of behaviors. In other
words, the drives are considered properties of deficit states
which motivate behavior [20].
In this system, drives are related to physiological needs. The

intensity of the drive increases as the need grows. Taking the
hydraulic model of Lorentz [21] as an inspiration, the inten-
sities of motivations are calculated as the combination of the
intensity of the related drive (the necessity) and the presence
of an external stimuli (an object). In this experiment, the drives
and motivations considered are the following: Hunger, Thirst,
and Weakness.
The ideal and initial value of the drives is zero. It is

considered that a drive is satisfied when its value is zero, which
means that there is no need.

As proposed in [22], once all the intensities of the mo-
tivations are calculated, these compete against one another.
The motivation with the highest intensity is the dominant
motivation and it is the one that determines the inner state, as
shown in equation (18). It can happen that none of the drives
of the agent has a value higher than that limit. In that case,
there is not any dominant motivation and it can be considered
that the agent has no needs, it is “OK”.

Sinner =

{
argmaxi Mi → If maxi Mi �= 0

OK → In other cases
(18)

In this scenario, the inner state of the agent is defined as
follows:

Sinner = {Hungry, Thirsty, Weak, OK} (19)

Therefore, the inner state depends on the motivations that
are related to the needs of the agent, i.e., the drives. In this
system, other factors that may affect the human inner state,
such as psychological factors, are not considered.

C. External state
According to the definition given in section V, in this

system the states related to the objects are considered to be
independent of one another. This means that the agent, at
each moment, considers that its state in relation to the food is
independent of its state in relation to water, medicine, etc.
The state related to food, water, and medicine, is the

combination of three boolean variables:

Sf/w/m = Being_in_posession_of×
Being_next_to×Knowing_where_to_find

(20)

In the case of the box object:

Sbox = Being_next_to×Knowing_where_to_find (21)

In our scenario, the state of the agent in relation to the world
is unique, the agent is always in the world:

Sworld = Being_at (Always True) (22)

D. Reinforcement function: Variation of the wellbeing
The wellbeing of the agent measures the degree of needs

satisfaction. It is a function of its drives values, Di, and some
personality factors, αi, as shown in equation (2). Therefore,
when all the drives of the agent are satisfied, their values are
zero and the wellbeing is maximum.

Wb = Wbideal − (α1Dhunger + α2Dthirst + α3Dweakness)
(23)

where Wbideal = 100 is the ideal value of the wellbeing of
the agent. These personality factors weigh the importance of
each drive in the wellbeing of the agent. In the experiments,
all the drives will have the same importance and therefore, all
the personality factors are equal to one other: αi = 1. As the
values of the drives of the agent increase as time goes on, or
due to the effect of any other action, the wellbeing of the agent
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decreases and it could be negative. Depending on the values of
the personality factors, the increase of the drives can affect, to
a certain extent, the wellbeing of the agent. Every time a drive
reduction exists, there is a positive variation of the wellbeing.
The wellbeing of the agent is calculated at every simulation

step, as well as its variation (�Wb). This wellbeing variation
is calculated as the current value of the wellbeing minus the
value in the previous step, as shown in the next equation:

ΔWbk+1 = Wbk+1 −Wbk (24)

The biggest positive variation of the wellbeing will be
produced when the drive related to the dominant motivation
is satisfied.
At the beginning of our research, it seemed logical to think

of the wellbeing as the reinforcement function, since it gives an
idea about the effect of an executed action on the agent. In fact,
Gadanho [23] defines a wellbeing signal generated in a similar
way to ours and it was used as the reinforcement function
in a reinforcement learning frame. Nevertheless, taking into
account the studies carried out by Rolls [24] it seems to be
more appropriate to use the variation of the wellbeing as the
reinforcement function. In fact, this variation gives a clearer
idea about how an action affects the wellbeing of the agent.
The use of this reinforcement function makes the agent be
intrinsically motivated according to the definition given by
Singh et al in [25].

VIII. EXPERIMENTAL RESULTS

In this section, the experiments carried out when the agent is
living alone in the virtual world using the standard Q learning
as well as the OQ-learning are presented and analyzed. The
goal of the agent is to learn a correct policy of behavior in
order to maintain its drives inside acceptable ranges.
The performance of the agent is determined by the analysis

of the wellbeing of the agent, since this information gives an
accurate idea of how well the experiment go. In order to com-
pare the performance of the agent using both reinforcement
learning algorithms, two experiments are carried out.
The experiments consist of two phases: the learning phase

(from 0 to 25000 simulation steps) and the steady phase (from
25000 to 30000 simulation steps).
During the learning phase, the agent starts with all the initial

Q values equal to zero. The agent, through its experience in
the world learns and updates its Q values, by exploring every
action. It tries out actions probabilistically based on the Q

values using a Boltzmann distribution [13]. At the beginning of
this phase, the temperature used in that distribution is high in
order to favor the exploration of every action. Along this phase
this temperature decreases gradually for the exploitation of the
most suitable actions. Moreover, the value of the learning rate
α also decreases gradually from the value 0, 3 to 0. The value
of the discount factor γ is set to 0, 8.
Once the learning phase has finished, the steady phase starts.

In this last phase the agent “lives” according to the learnt Q

values. Therefore, the value of the learning rate α is set to 0
and the temperature is very low.

The agent tries to live in the designed environment. As
already stated, the food object is inside the box object. This
implies that, in order to obtain food, the agent must learn to
open the box and get the food. Moreover, the agent will not
remember the room where it found food, just the room where
the box is.
The problem presented in these experiments is that the state

of the agent related to one object is independent of the rest
of objects. As a consequence, if the agent does not take into
account the collateral effects in its learning process, it will
not be able to relate the effects of the box object on the food
object.
The results presented in this paper correspond to one trial,

since this is very representative of the problem.
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Figure 2. Wellbeing of the agent when using standard Q-learning and the
OQ-learning

In figure 2 the wellbeing of the agent when using the OQ-
learning as well as the standard Q-learning is shown. It can
be observed that when the agent uses the standard Q-learning
the wellbeing decreases in a continuous way when the steady
phase starts. This is because the agent is not able to satisfy its
drive Hunger, as expected.
On the other hand, when the agent uses the OQ-learning

its wellbeing is very high, very near to the ideal value, during
both phases of its life. This fact shows that all the drives are
maintained with low values during the whole experiment. This
indicates that the agent is able to learn the right sequence of
actions in order to satisfy all its needs.
The reason why the agent is not able to maintain its well-

being inside acceptable ranges, while using the standard Q-
learning, is that the agent is not able to learn the right sequence
of actions when it is hungry. If the agent had considered the
collateral effects of the box on the food, the agent would have
learnt to go where the box is, would have opened it and after
that, would have gotten and eaten the food. On the contrary,
as shown by the results, the agent does not value the actions
related to the box. Therefore, according to (8), although the
values of the actions related to food are high, the agent is
not able to find food. This is because when evaluating the
action “open box” the algorithm does not consider the new
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state related to food: “being next to food”, whose value is
very high, since the agent, from that state, can get the food.
In the case of the action “go for box”, its value is very low
since the value of the new state “being next to box” is also
low due to the value of the action “open box”.
On the contrary, when the agent uses the OQ-learning

algorithm, it happens that when the agent evaluates an action
related to an object, it considers the collateral effects on the
rest of objects. When using the OQ-learning, the values of the
actions related to the box are high since the agent values, as
the collateral effect, that when it opens the box, it is then next
to food. Therefore, due to the high value of the action “get
food”, the value of the new state after opening the box, that
is, “being next to food”, is also high.

IX. CONCLUSIONS AND FUTURE WORKS

The OQ-learning appears as an effective learning algorithm
in cases where the learning agent has to deal with objects
present in its environment. Instead of considering the state of
the agent in relation to every object at the same time, since this
implies a huge number of states, a reduced state is introduced.
The state of the agent in relation to one object is independent
of its state in relation to the rest of objects. Therefore, the
agent learns what to do with every object separately. Following
this approach and applying the standard Q-learning, the agent
ignores the possible collateral effects of the actions related to
one object on the rest of objects. The OQ-learning solves this
problem by considering in the value of one object, the increase
or decrease of the value of rest of objects as a consequence
of an action executed in relation to that object.
In the presented scenario, the agent must learn to open the

box in order to get food. Using the standard Q-learning, this is
impossible since the algorithm does not consider the collateral
effect of the action “open the box”: “to be next to food”.
Therefore, the value of the box object will never become
high because the algorithm does not consider the effect on
the food object. Nevertheless, we have proved that using the
OQ-learning the value of the box object becomes high and the
agent learns that it must open the box in order to get food.
In the next future, the decision making system introduced

in this paper is intended to be implemented on a real robot.
The final goal of our research is to build an autonomous and
social robot, so that learning in a complex environment would
be one of its basic features. Currently, we have developed a
robotic platform for human-robot interaction: Maggie. Maggie
is a social robot developed at RoboticsLab and is completely
described in [26].
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