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Abstract Reinforcement Learning is increasingly
becoming a valuable alternative to tackle many of
the challenges existing in a semi-structured, non-
deterministic and adversarial environment such as
robotic soccer. Batch Reinforcement Learning is a
class of Reinforcement Learning methods character-
ized by processing a batch of interactions. By storing
all past interactions, Batch RL methods are extremely
data-efficient which makes this class of methods very
appealing for robotics applications, specially when
learning directly on physical robotic platforms.This
paper presents the application of Batch Reinforcement
Learning to obtain efficient robotic soccer controllers
on physical platforms. To learn the controllers we pro-
pose the application of Q-Batch, a novel update-rule
that exploits the episodic nature of the interactions
in Batch Reinforcement Learning. The approach was
validated in three different tasks with increasing diffi-
culty. Results show the proposed approach is able to
outperform hand-coded policies, for all the tasks, in a
reduced amount of time. Additionally, for one of the
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tasks, a comparison between Q-Batch and Q-learning
is carried out, and results show that, Q-Batch obtains
better policies than Q-learning for the same amount of
interaction time.

Keywords Batch reinforcement learning · Robot
learning · Q-batch · Robotic soccer

1 Introduction

The development of efficient robotic controllers is a
demanding task. Classical approaches involve model-
based solutions which require a prior expert knowl-
edge of the system. Additionally, even in the presence
of a reliable model, sensor and actuator noise create
additional difficulties when fine tuning a controller.
In this context, Reinforcement Learning approaches
emerge as a valuable alternative. Guided by rewards
and penalties the agent is able to learn directly from
interacting with the environment. This greatly reduces
the required input from the developer.

Robotic competitions such as the RoboCup robotic
soccer leagues [1] present a valuable opportunity
to apply RL approaches in the context of an
extremely competitive and adversarial environment.
When applying RL methods in robotics, data effi-
ciency gains extreme importance. As opposed to sim-
ulation scenarios, gathering the interaction data in real
world carries an associated cost. There are often sit-
uations during learning that can result in damage for
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the environment. Additionally, if the robot requires too
many interactions to learn a task, the repeated execu-
tion of certain actions can result in a deterioration of
the robot physical platform. Generalization is then a
very important aspect of any RL method, avoiding the
systematic exploration of the entire task search space.
While Reinforcement Learning approaches have the
potential to solve many problems faced in the multiple
competitions of RoboCup, hand-coded solutions are
still the norm.

Batch Reinforcement Learning is a class of RL
methods that can be combined with function approx-
imators to achieve fast and data-efficient learning
solutions. Batch Reinforcement Learning has recently
been applied with great success to learning in physi-
cal platforms [2–5]. This paper presents some recent
developments in this field, namely the application of
Q-Batch, a newly developed update-rule in a num-
ber of learning tasks involving physical robots. The
learning tasks were developed in the context of the
CAMBADA [6] project, an on-going research at the
University of Aveiro, which developed a team of coop-
erative mobile robots that competes in the RoboCup
Middle Size league.

The paper extends a previous conference publica-
tion [7]. Given the focus on the development of learn-
ing tasks, further experimental results are provided.
With regards to the original publication, simulation
results of all experiments are detailed that support
the choice of task-specific parameters carried on to
experiments in the real robots.

The remainder of this paper is structured as fol-
lows: Section 2 presents the main concepts of Rein-
forcement Learning. Section 3 discusses the proposed
approach. The learning tasks developed are discussed
in Section 4. Section 5 provides a concise overview
of the related work in the application of Reinforce-
ment Learning in Robotics and Section 6 concludes
the paper.

2 Reinforcement Learning

Reinforcement Learning [8] is a sub-area of Machine
Learning drawing inspiration on biology and animal
behavior learning. Although not a new field of study,
it has received a lot of attention in recent years from
researchers worldwide having sprawled in a multitude
of different methods [9, 10].

Reinforcement Learning is usually formalized
using a Markov Decision Process (MDP). MDPs are
defined by the tuple 〈S, A, P, R〉: a state set S, an
action set A, a probability distribution model of the
system dynamics P(s′|s, a) and an immediate reward
function R(s, a, s′). In every time step t the agent is
in a state st ∈ S and takes an action at ∈ A. In the
following time step, t + 1, the agent observes a tran-
sition to state st+1 and collects a reward rt+1. The key
goal of Reinforcement Learning is to find an optimal
policy π , defined as mapping from states to actions,
π : s → a, that maximizes the cumulative sum of
rewards, or the return at time t , Rt = ∑+∞

k=0γ
krt+k+1,

with a discount factor γ ∈ [0, 1].
One approach to solve RL problems involves com-

puting the return by estimating value functions. A
value function, defined as V π(s) = E{Rt |st = s},
is a mapping from a given state s to the expected
return when applying policy π at s. One solution to
update a value function uses Dynamic Programming
and Bellman equation and is given by Eq. 1:

V π
i+1(s) = max

a

∑

s′∈S

P (s′|s, a)[R(s, a, s′) + γV π
i (s′)]

(1)

Consequently, given a value function V (s) the
corresponding policy π(s) is given by π(s) =
arg maxa V (s). There are often times where the model
of the environment, P(s′|s, a), is unavailable or
too complex to sample. In such cases, model-free
approaches estimate action value functions, Q(s, a),
or Q-functions. As the name implies, a Q-Function,
defined by Q(s, a) = E{Rt |st = s, at = a}, is
a mapping from a given state s and a given action
a to the expected return when applying a at state s

and following policy π in the following states. The
most common update-rule to estimate a Q-function, is
Q-Learning [11], which is defined by Eq. 2:

Q(st , at ) = α(rt+1 + γ max
b

Q(st+1, b))

+(1 − α)Q(st , at ) (2)

with α setting the learning rate at which new esti-
mations are incorporated in the existing Q-Function
estimation.

The mentioned methods are able to estimate value
functions that are guaranteed to converge to the opti-
mal policy if all the states (or state-action pairs) are
visited infinitely often. This is a major drawback in
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physical or real-world systems where the interaction
with the environment may be rather costly. On the
other hand, convergence is only guaranteed if the
value function is represented by a table which lim-
its the applicability of these methods to discrete state
spaces.

A class of methods that aim to address the short-
comings highlighted before is Batch Reinforcement
Learning. Batch Reinforcement Learning [12] differs
from other RL methods in that it estimates a policy
π from a set F composed of all the N transitions
sampled from the environment. A key characteristic
of Batch RL methods is that the value function is
updated synchronously in a global manner by process-
ing the entire set F in a single step. While purely
online methods, such as in Eq. 2, update the Q-
function as soon as a transition is observed, Batch
RL methods update the Q-function once for all state-
action pairs in F . To achieve a synchronous update,
a Batch RL update-rule is applied, in a kernel fash-
ion, to all collected transitions, generating a pattern
P mapping state-action pairs to sample a Q-function
value, P = {(si , ai), Q̄(si , ai)|i = 1, . . . , N}. This
presents an opportunity to apply batch supervised
learning methods to build an approximate Q-function
Q̂, combining function approximators and regression,
Q̂ ← approximation(P). The approximate Q-
function Q̂ is then able to generalize the obtained
return to states not visited in F . Since the update
is synchronous, the function approximator can be
optimized in a global manner using gradient-descent
based approaches such as RProp [13] to obtain a
robust approximation. Figure 1 presents a visual repre-
sentation of the Batch Reinforcement Learning frame-
work, which is sub-divided in three distinct modules:
the Interaction, Pattern Generation and Batch Super-
vised Learning. The modules can be implemented
differently to realize different Batch Reinforcement
Learning methods.

Among other methods, we highlight the Neural Fit-
ted Q Iteration (NFQ) [14], an instance of the class
of Fitted Iterations methods [15, 16], which relies on
multilayer perceptrons, a powerful function approx-
imator, to represent the approximate Q-function Q̂.
NFQ builds the pattern P by applying a Dynamic
Programming adapted version of the Temporal Differ-
ence Q-Learning update rule (2), over all the collected
transitions:

Q̄l(si , ai) = ri + γ max
b

Q̂l(s
′
i , b), ∀i ∈ 1..N (3)

where si , ai and s′
i are the current state, action cho-

sen and following state of the ith transition, respec-
tively, while Q̄l and Q̂l correspond to the Q-function
value samples and the approximate Q-function at
loop l.

An analysis of Eq. 3 reveals that it is equal to
Eq. 2 with maximum learning rate, α = 1. While
the learning rate is omitted, the underlying stochas-
tic approximation present in Eq. 2 is solved by the
squared error minimization during the approximation
phase, effectively yielding an expected return.

A common approach on learning tasks using Batch
RL methods involves building the batch incrementally,
usually at the termination of an episode, appending the
recently collected interactions to the existing batch.
The batch is then processed in order to extract an
improved policy. The process can then be repeated
alternating data collection and policy improvements
phases until the obtained policy can fulfill the learn-
ing task at hand. Assuming this workflow, then within
the same episode the transitions are sampled along
connected trajectories.

Assuming the presence of connected trajectories,
we can conclude that an update-rule based on tran-
sitions, such as Eq. 3, is not particularly efficient at
propagating large rewards through a possibly long tra-
jectory. For example, a possible approach to provide

Fig. 1 Batch
Reinforcement Learning
framework, adapted
from [12]
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a good starting point to the learning process is to
have interactions with the environment generated by a
demonstrator policy. However, starting with a random
Q̂0 Q-Function, we would need to perform a large
number of inner loops, in a similar manner to Experi-
ence Replay [17], in order to propagate back the values
all the way from the end of the trajectory to the initial
states of the trajectory.

A tempting approach is the application of the
Monte-Carlo update rules, based on trajectory roll-
outs [18] such as Eq. 4, since we could easily propa-
gate the value from the final to the initial states of the
trajectory.

Q̂(si, ai) = Ri, ∀i ∈ [1, N] (4)

Analysing Eq. 4 shows that the computed sample
values do not depend on the estimate of an existing
value-function, so the update rule does not boostrap.
This means the current estimates only depend on the
data collected during the previous interaction phase
and conversely, the data collected can only be used to
evaluate the interacting policy. This imposes that all
the experience present in F must be discarded after
learning the value function. Considering applications
involving real world physical systems, discarding col-
lected data is highly undesirable.

A well known approach to unify Temporal Dif-
ference and Monte-Carlo methods is the application
of eligibility traces [8]. An eligibility trace can be
regarded as a temporary record of the occurrence of
a transition. When performing a backup, eligible tran-
sitions propagate a fraction of the observed rewards
towards the state being evaluated. While this con-
cept has been extended to the off-policy case, such
as Watkins’ Q(λ), the methods rely on the existence
of a policy, considered the current optimal policy,
to propagate the eligible rewards. However before a
close-to-optimal policy is obtained it may happen that
some “good” rewards will not be propagated, which
would accelerate convergence to the optimal policy
faster.

A detailed and in-depth discussion of Reinforce-
ment Learning is outside of the scope of this paper.
Interested readers are referred to [9].

3 Q-Batch

The Q-Batch update-rule has been proposed
recently [19] and aims to address the shortcomings
highlighted before while assuming the presence of
connected trajectories. This requires a rearrangement
of the structure of data set F . The basis of the pro-
posed structure are the episodes. The set F is now
composed of N episodes. Each episode i is then a
time consistent sequence of Ti states, actions and
rewards. This representation allows for a more com-
pact data set F since the following state of a given
transition and the current state of the following tran-
sition are now redundant information, thus we can
avoid storing following states s′ explicitly. Consid-
ering the timestep j of episode i, the corresponding
state, action and reward are now represented by si,j ,
ai,j and ri,j , respectively.

In essence, Q-Batch attempts to perform a rollout
over the trajectory of the episode, while bootstrapping.
Each rollout is evaluated according to the concept of
n-step returns [11]. This concept builds on the basis
that the return can be calculated from an intermediate
number of n steps of real rewards and the estimated
value of the state visited after n transitions. Therefore
a one-step return is based on the first reward and the
value of the state one step later, a two-step return is
based on the two first rewards and the value of the state
two steps later, and so on as shown in Eq. 5:

R1
t = rt+1 + γV (st+1)

= rt+1 + γ max
a∈A

Q(st+1, a)

R2
t = rt+1 + γ rt+2 + γ 2 max

a∈A
Q(st+2, a)

...

Rn
t =

n−1∑

i=0

γ irt+1+i + γ n max
a∈A

Q(st+n, a) (5)

Historically, n-step returns were deprecated over
other update rules, since a backup could only occur
after n time steps had passed. In a Batch Rein-
forcement Learning context however, it provides a
valuable alternative, since all backups are performed
synchronously and all data required to evaluate n-step
returns is available in F .
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Instead of trying to find an optimal value for n,
which is data dependent, Q-Batch seeks the rollout
that yields the maximum return, in other words, Q̄ is
the maximum n-step return found.

Q̄(si,j , ai,j ) = max
k

Rk
i,j = max

k

(
k−1∑

l=0

(γ lri,j+1+l)

+γ k max
b∈A

Q̂(si,j+k, b)

)

,

∀i ∈ 1..N, ∀j ∈ 1..Ti

− 1, ∀k ∈ 1..T − j (6)

Performing roll-outs through the trajectories of the
episodes increases the complexity of the backups.
To reduce this complexity we rewrite the maximum
n-step return in the following recursive form:

max
k

Rk
t = max(R1

t , rt+1 + γ max
k′=k−1

Rk′
t+1) (7)

Combining Eq. 6 with Eq. 7, yields:

Q̄(si,j , ai,j ) = max
k

Rk
t

= max(R1
t , rt+1 + γ max

k′ Rk′
t+1)

= max(R1
t , rt+1 + γ Q̄(si,j+1, ai,j+1))

= rt+1 + γ max(max
b

Q̂(si,j+1, b),

Q̄(si,j+1, ai,j+1)) (8)

Analyzing Eq. 8, we observe that the estimated Q-
function value depends on the next immediate reward,
the approximated maximum Q-function value in the
following state, and the new Q-function value of the
following transition. Considering that all backups are
performed synchronously, we can take advantage of
memoization, to store the value of Q̄(si,j+1, ai,j+1),
and the recursive relation between maximum n-step
returns, to apply Q-Batch in the inverse order for every
episode in F , thus achieving a constant complexity,
comparable to Eq. 3.

In the following section, this update-rule is applied
in the development of the robotic soccer controllers.
Q-Batch was implemented in the Pattern Generation
phase of the Batch Reinforcement Learning frame-
work (Fig. 1) replacing the commonly applied Q-
Learning batch variant (3), while the remaining mod-
ules of the framework were developed as reported in
the literature [2].

4 Learning Tasks

This section presents the developed learning tasks and
discusses the obtained controller performance after the
learning procedure. All the tasks were applied in the
Middle Size League robots of the CAMBADA [6]
team. In this league, two teams composed of 5 robots
play on a 18 m × 12 m field. The environment is
structured, with the elements of the game constituted
mainly by uniform colors. The field is green with
white field lines, the ball has a dominant color (usu-
ally orange or yellow) and the robots are mainly black.
Each robot must not exceed a squared base of 52 cm
with a maximum height of 80 cm. The robots are
completely autonomous being the human-interaction
restricted to the human referee commands which are
relayed to the robots through a control station via a
WiFi network. All sensors of the robots are on-board
along with the computing components. The robots can
also share information with each other and a control
station that acts as a coach.

Each CAMBADA robot, presented in Fig. 2, uses a
camera as the main sensor mounted in a catadioptric
system, ensuring a 360 degrees field of view around
the robot. This allows the robot to perceive most of
the environment without requiring the robot to face
any particular direction. The robot moves by means of
an omnidirectional drive composed of three swedish
wheels. Additionally the robot possesses an active
mechanism for ball retention.

A key aspect in applying Reinforcement Learn-
ing in real robotics, highlighted by Lauer et. al, is
to ensure the Markov property. Similarly to other
approaches [20], to cope with system delays, we pre-
dict the state of the world after the actions effects, to a
point where the current decision being made will take
effect [21].

In the design of the learning tasks, an available sim-
ulation environment was used since it allowed for an
easier gathering of data and tuning of the learning
parameters. After learning in simulation, the proce-
dure was repeated in the physical robots. To learn the
different tasks the Neural Fitted Q Iteration method
was applied, using a multilayer perceptron (MLP) to
approximate the Q-Function. MLPs output a smooth
approximation of training target data. With this in
mind, throughout the learning tasks we will apply
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Fig. 2 A CAMBADA Middle Size League robot

a smooth reward function, as proposed in [5], that
can generate sample Q-function values easier to
approximate by this type of function approximator.
Having defined a target state starget , a region of width
δ is defined around the target where the cost decreases
smoothly, from 95% of a base cost, C down to 0.
Instead of rewards, we found it more intuitive to define
the learning tasks in terms of costs. Therefore learned
policies will choose the actions that minimize the sum
of costs. The reward function is defined by Eq. 9 and
represented in Fig. 3.

r(s, a, s′)=C×tanh2

(

|starget −s|× tanh−1(
√

0.95)

δ

)

(9)

When possible we followed the guidelines pro-
posed in [22], to specify some of the learning param-
eters, such the neural networks structure or training
epochs. As reported, this choice allows to obtain
learned controllers without having to perform an
extensive parameter search.

4.1 Rotating to a Point

The first task defined involves having the robot rotate
around itself to face a given orientation. While far

Fig. 3 Smooth reward function used in the learning tasks,
adapted from [5]

from a great challenge this presents an opportunity
to develop a proof-of-concept learning task in the
CAMBADA team.

To minimize the state dimensions and increase gen-
eralization, the problem is defined according to a robot
centered coordinate frame. Since no linear movement
is required, the state is a two-dimensional vector com-
posed of the angular error to the target, and the robot
angular velocity, 〈θe, ω〉. The action set is composed
of angular velocities, in the robot frame. These are
then converted to motor setpoints, using differential
inverse kinematics, in a separate module of the CAM-
BADA software architecture. The problem was sim-
plified by providing the agent the observations of the
absolute value of its orientation error, and a modified
angular velocity value, where whether it is positive or
negative means that the velocity is directed to the tar-
get orientation or away from it, s = 〈|θe|, sign(θe)·ω〉.
Additionally, we also restrict the actions to be values
greater than or equal to zero, so that the actual com-
mand sent to the motors of the robot is always towards
minimizing the orientation error. After the action is
chosen, it is modified by the sign of the robot ori-
entation error, π(s) = sign(θe) · arg maxa Q̂(s, a),
meaning that when the orientation error is greater than
zero, the action that is returned by the agent is applied
directly; otherwise, we apply a negative action with
the same magnitude as the one returned. This way,
we are able to reduce the orientation error range from
[π, π ] to [0, π ]. We settled for an action set with three
actions: [0, π

2 , π ] rad/s, visually represented in Fig. 4.
In this learning task, we intend to minimize the time

it takes for the robot to face the desired orientation.
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Fig. 4 Action set specified for the rotating learning task

Not only has the robot to minimize the orientation
error as fast as possible it also has to actively maintain
the error close to zero afterwards. We are then fac-
ing a regulation problem. The reward function chosen
follows Eq. 9, with C = 0.01 and δ = 0.1 rad.

4.1.1 Learning Procedure

For this task, we use a neural network with 3 input
neurons, 2 layers of 10 hidden neurons each, and a
single output neuron. The 3 input neurons account
for the 2 state dimensions and 1 action dimension.
The pattern set was approximated with 300 epochs
of the RProp algorithm. The Q-Batch update-rule was
applied with no discounting, that is γ = 1.0. A com-
mon technique applied in the NFQ framework is the
addition of hint-to-goal patterns. These patterns are
added to the pattern set P with output zero, that hint
the learning agent to the specified states, while also
helping to clamp the value of the Q̂ close to zero
in these states. The hint to goal heuristic was used,
with an artificial experience set composed by the tar-
get state (〈θe = 0, ω = 0〉), repeated 100 times for
each action from the action set.

The learning procedure interleaves phases of expe-
rience gathering with policy evaluation. After each
interaction phase, 10 loops of policy evaluation are
performed, to speed up the learning procedure. Each
iteration of experience collection is composed by 10
learning episodes, with each episode lasting for 70
control cycles. In the CAMBADA platform, a new
control cycle is started every 0.033 seconds, so, since
there are no terminal states, each learning experiment
accounts for around 23 seconds of interaction time. At
the start of each episode a random target orientation is
chosen sampled from a uniform distribution between
[π, π ].

4.1.2 Results

This task was applied initially in the simulation envi-
ronment. A controller able to reliably complete the
task was found after 38 learning iterations, which
accounts for roughly 14.5 minutes of interaction time.
Figure 5 shows a comparison between the learned
controller and a hand-tuned PD controller, usually
running on the robot, averaged after 10 experiences
each. The comparison shows that the hand-coded con-
troller is more robust. We attribute this mainly to the
reduced number of actions and also because, for situa-
tions when the orientation error is small, these are too
strong, i.e. the controller is over actuated. Nonethe-
less, an acceptable result is achieved. This goes to
show how, even with a less-than-optimal action set, it
is possible to learn a suitable controller. However, if
we were to use this behavior in competition situations,
or if our sole objective was to surpass the performance
of the explicitly coded behavior, we would need to find
a better action set. As this is only a proof-of-concept,
we chose to focus our efforts in the remaining tasks.

Learning on the real robot lasted for 24 learn-
ing iterations, during which 16800 experience tuples
were gathered. This accounts for around 9 minutes of
interaction time. In Fig. 6, we can see a comparison
between the explicitly coded and the learned behaviors
in terms of absolute orientation error, averaged after
10 experiments. Again, we see that the learned behav-
ior is able to reach the target orientation very quickly.
The robot omniwheels appear to have a tighter grip on
the field surface, so the robot never overshoots as seen
in the simulated environment.

Since successful learning controllers can be
obtained with a relative ease for this task, we took
the opportunity to compare the learning performance
of Q-Batch with batch version of Q-Learning, (3). In
order to draw conclusions over their performance, 10
learning experiments with a maximum of 50 learning
iterations, which interleave one episode of experi-
ence collection with one policy evaluation phase, were
carried out for each learning rule. The results were
aggregated and are displayed in Fig. 7. As we can
see, the Q-Batch update rule is faster to achieve a
lower mean cost per cycle. Also, after the first 5 learn-
ing iterations, the average results for Q-Learning were
never better than the average Q-Batch results. This is
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Fig. 5 Performance
comparison between the
learning and the hand-coded
controllers in simulation on
the rotating learning task

an interesting observation, because it shows that Q-
Batch can reach better performances than Q-Learning
in short learning times.

4.2 Dribbling the Ball

Dribbling is one of the basic set of skills of a soc-
cer robot. However to dribble across the field while
performing sharp turns without losing the ball is a
very challenging task. Additionally, the Middle Size
League rules stipulate that a robot may not cover more
than a third of the ball, which means that the con-
tact surface between the ball and the robot is very
small.

In this task, we intend to develop a low-level
controller that is able to dribble a ball in a given
direction in the minimum time possible. While the
CAMBADA robots have a dribbling behavior, the

hand-coded existing solution performs large turns.
The controller has to learn how to perform a sharp
turn without losing the ball. The task is defined
as a regulation problem, this means that after the
angular error is close to zero the robot has to main-
tain the dribbling heading. This can be seen as
an extension of an existing learning task in the
literature [2].

The state vector of this behavior includes the robot
relative orientation error to the target direction, θ ,
the robot linear velocity in the robot frame (vx, vy),
where vy points to the front of the robot, the robot
angular velocity,ω, and a signal indicating whether
the ball is engaged or not, b. This binary signal is
further filtered, so that it is only negative after five
sequential control cycles in which the ball was per-
ceived as not engaged by the robot. This is because
the robot may lose control of the ball for only one or

Fig. 6 Performance
comparison between the
learning and the hand-coded
controllers in a real
environment on the rotating
learning task
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Fig. 7 Learning
performance over time of
the two update-rules used
on the rotating learning task

two control cycles, but regain control right after. In
these situations, we choose not to punish the agent,
and instead consider as if control of the ball was never
lost.

As was described in previous task, we can take
advantage of symmetry in order to reduce the num-
ber of actions. In this behavior, we again only
provide the agent with the observation of absolute
value of the orientation error. The state vector is
given by, s = 〈|θe|, sign(θe) · vx, vy, sign(θe) ·
ω, b〉. Actions are 3-tuples consisting of desired
velocity values in the robot coordinate frame,
and follow the form 〈vx, vy, ω〉. Six actions were
defined: 〈0.0, 2.5, 0.0〉, 〈0.0, 2.0, 2.0〉, 〈0.0, 1.5, 2.5〉,
〈1.5, 1.5, 2.5〉, 〈1.0, 1.0, 3.0〉 and 〈1.0, 1.0, 3.0〉. As
in the previous task the actions correct θe only in
the range of [0; 0π ]. The actions are then modified
to compensate the full range Fig. 8 presents a visual
representation of the action set.

The reward function was designed to have the robot
reduce the heading error as fast as possible without
losing the ball. To achieve this the reward function
gives a harsh penalty every time the robot loses the
ball, as presented in Eq. 10

r(s,a,s′)=
{

1 if ball lost

0.01×tanh2
(
|θe|×tanh−1(

√
0.95)

0.1

)
otherwise

(10)

4.2.1 Learning Procedure

The learning procedure alternates between 15
episodes of interactions with 10 policy evaluation
phases. Each episode lasted for a maximum of 100
cycles, but would terminate earlier if the robot lost
the ball during the experiment. The neural network
topology used for this behavior consists of 8 input
nodes, 2 hidden layers of 20 nodes each and one
single output node. The pattern set was approximated
over 300 epochs of the RProp algorithm. The Q-Batch
update rule was used to generate the pattern set with
a discounting factor of γ = 0.99. An artificial set
of “hint” transition tuples was introduced, with state
〈θ, vx, vy, ω, b〉 = 〈0, 0, 2.5, 0, 1〉, repeated 100
times for each action of the action set, and target
output of zero. At the start of each episode the ball
was placed away from the robot to ensure an initial
velocity upon ball possession. This way the robot can
not perform very sharp turns without loosing the ball.
After the ball was engaged, an uniformly random
dribbling direction was chosen signaling a start of
experience collection.

4.2.2 Results

Learning in the simulated environment was achieved
after 34 iterations. Around 17500 experience tuples

Fig. 8 Action set specified
for the dribbling learning
task
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were gathered during learning, which means the
controller was learned under 10 minutes of interac-
tion time. Figure 9 presents a comparison of both the
hand-coded behavior and the learned behavior for sce-
nario where the robot had to perform a 180 degrees
turn. A square is placed every second on each trajec-
tory, in order to compare how long each behavior took
to finish the test.

As observed, the learned behavior is much more
sharper than the hand-coded one. In fact, using the
learned behavior, the robot is able to rotate around
the ball, even while carrying significant speed. This
way, the robot could complete a full 180 degree turn
in less space. Of particular note is the fact that the
learning controller was able to exploit the approximate
model of the simulator which accounts for the dif-
ference in performance compared to the hand-coded
solution, which is tuned to the model of the physical
robot.

Learning in the real robot required 18 learning
iterations. During learning, the robot collected 6535
experience tuples, or little over 3.5 minutes of exper-
imentation were needed. The whole learning pro-
cess took around 1.5 hours, including batch training,
preparation and execution of learning experiments.
Figure 10 shows the performance of the learning con-
troller and the hand-coded solution on the real robot.
The visualization follows the same logic as Fig. 9.
As we can see, the learned behavior is sharper, and
was able make a harder turn. Additionally, it achieved
faster speeds after having reached the target orienta-
tion, and completed the test after 134 control cycles.
The explicitly coded behavior, on the other hand, is
softer and needs more space to achieve the same
curve, and never moves as fast once it is facing the
target direction. It finished the test after 164 cycles.
However the increased speed comes at a cost, since
the learned controller still looses the ball 30 % of
the time as opposed to 10 % on the hand-coded
controller.

4.3 Receiving a Pass

Passes are a very important part of a soccer game. For
robots to succeed in performing this task, receiving
the ball efficiently must be achieved. While humans
do it naturally, for a robot this is a very challenging
task [23].

Fig. 9 Performance comparison between the learning and
hand-coded controllers in simulation on the dribbling task.
Squares are placed on each trajectory every second, allowing
for a temporal comparison. The robot started in the (0, 0) posi-
tion. The dribbling behavior started after the robot reached an
YY position of less than -2 meters

Note that the task is not to gain possession of the
ball as quickly as possible, in other words to inter-
cept the ball. To receive a pass, the robot has to gain
control of the ball with the minimum movement pos-
sible. This way a pass can be used to gain a strategic
advantage during a game. The objective of this behav-
ior is for the robot to position itself in the ball path and
absorb the ball speed upon contact, with the minimum
required movement, so as to not forfeit its current posi-
tion. This greatly increases the difficulty of the task.
Since what we are trying to optimize is only the lin-
ear movement of the agent, we chose to delegate the
task of facing the ball to a PID, thus simplifying the
problem.

Analysing the learnig task, it is possible to reduce
the state space by considering a coordinate frame
centered on the ball with the XX axis pointing towards
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Fig. 10 Performance comparison between learning and hand-
coded controllers in a real environment on the dribbling learning
task. Squares are placed on each trajectory every second, allow-
ing for a temporal comparison. For each trial, the robot started
close to the (0, -4) position. It then grabbed the ball and moved
forward. The dribbling behavior started after the robot reached
an YY position of greater than -2.5 meters

the movement of the ball. If the ball stops the XX
axis points towards the robot. The final formulation
of the state vector includes 6 features: the ball speed
‖vb‖, robot position (px, py), robot velocity (vx, vy)
and the number of control cycles the ball is engaged.
We also take advantage of symmetry along the XX
axis of the coordinate frame, allowing to represent
the component YY of the robot position in absolute
values and the same component of the robot veloc-
ity to indicate if it is pointing towards the ball path
or not.

The fact that we model the problem by consid-
ering coordinates as being in the axis of movement
of the ball, allows us to simplify actions and reduce
the size of the action set. Actions are defined to
be two dimensional vectors of the form 〈vx, vy〉,

which correspond to target velocity values in the
specified coordinate frame. This means that actions
should have the same effect regardless of the orienta-
tion of the robot, thus taking advantage of the CAM-
BADA holonomic motion. The action set includes
6 actions: 〈0, 0〉, 〈0, 1〉, 〈1, 0〉, 〈1, 1〉, 〈0, 0.5〉 and
〈1, 0.5〉. Positive vx actions move the robot away
from the ball along its path to absorb the ball incom-
ing velocity, and negative vy actions move the robot
towards the ball path. Figure 11 presents a visual
representation of the pass learning task.

The reward function encodes a series of penalties
that are combined to give rise to the reception of the
ball. We provide a penalty according to YY compo-
nent of the robot position, py , to force the robot onto
the ball path as soon as possible. To prevent the move-
ment of the robot along the axis of the ball movement,
a penalty is added according to the robot velocity in
XX component, vx . A constant term is added to force
the robot to move if the ball stops. Additionally to
ensure that the robot attempts to get the ball, a large
penalty is given if the ball moves too far away from
the robot, px < −0.5, where we consider that the
pass has failed. If the ball is engaged for more than 5
cycles no penalty is given. The overall reward function
is presented in Eq. 11.

r(s, a, s′) =
⎧
⎨

⎩

0 ball received
1 if ball lost
0.01 + ry + rx otherwise

ry = 0.01 × tanh2
(
|py | × tanh−1(

√
0.95)

0.1

)

rx = 0.01 × tanh2
(
|vx | × tanh−1(

√
0.95)

0.1

)

(11)

Fig. 11 Visual representation of the pass learning task
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4.3.1 Learning Procedure

To learn this behavior, the robot collects experiences
in sets of 10 episodes, each with a maximum of 100
control cycles. An episode ends sooner if the ball is
lost or caught. After the interaction phase ended, 10
iterations of policy evaluation were performed. The Q-
Batch update rule was used to generate pattern sets,
with a discount factor of γ = 1.0. The pattern set was
approximated over 300 RProp epochs. The neural net-
work used to approximate the Q-function has 8 input
nodes, 2 hidden layers of 20 nodes each and an output
layer with a single node.

Learning in the simulator allowed for a controlled
repeatability of the experiments. During learning the
robot positioned in the center of the field and with
the ball placed randomly, being the initial distance
between them no less than 4 meters and no greater
than 6 meters. The ball starts moving to a target loca-
tion, which is determined randomly around the robot,
being at most 1 meter away from it. This way, we
try to reproduce situations where the passer produces
a somewhat inaccurate kick. We allow for some con-
trol cycles to pass before starting the actual learning
episode, to reduce noisy measurements of the ball
velocity.

When learning in the real platform the ball was
rolled down a ramp at different heights to ensure dif-
ferent initial ball velocities. Similarly to the simulated
environment, the ball was thrown at different direc-
tions around the robot to ensure a robust ball reception
controller.

4.3.2 Results

Using the simulator, 34 learning iterations were
needed to obtain a good control policy. The learning
agent needed less than 9 minutes of interaction time,
and a total number of gathered experience tuples close
to around 16000. The hand-coded behavior is able to
receive 80 % of the passes performed. The learning
behavior is only able to capture 50 % of the passes.
Since our goal in simulation is to obtain a proof of
concept of the task definition, we chose to advance
to learning in the real platform, even though there is
still room for improving the learning policy. Figure 12
presents a comparison of the performance of the two
controllers. For a better visualization, squares and
circles are placed on the robot and ball trajectories,

respectively, every third of a second. Also, circles
with a dark outline represent the ball under the con-
trol of the robot. We can observe that compared to the
hand-coded behavior, the learned behavior, attempts to
minimize the backward movement, as expected from
the specification of the rewards function.

In the real platform, a suitable policy was
obtained after 28 learning iterations. This amounted
to close to 12 minutes of interaction time, dur-
ing which 21303 experience tuples were collected.
The actual time involved, including preparation and
off-line Q-function approximation, was around 2
hours.

The learned solution outperforms the existing hand-
coded solution, when receiving passes on the real
platform. While the hand-coded solution is only able
to receive 10 % of the passes, the learned controller
was able to receive 50 % of the performed passes. This
is mostly justified by the amount of noise present in
the ball velocity estimation, to which the hand-coded
solution seems to be more susceptible. Figure 13
presents a comparison of the performance of the two
controllers. The visualization follows the same logic
as in Fig. 12. As it is visible, the learned behavior
is faster to move to its final position, where it grabs
the ball safely. The hand-coded behavior, on the other
hand, starts by moving sideways, but then changes the
direction of its movement and starts backing up. In this
trial, the hand-coded behavior failed to grab the ball,
as it was not aligned with its trajectory at the moment
of impact.

5 Related Work

Reinforcement Learning has been the focus of intense
research as a solution to sequential decision problems.
While classical applications focused on finite discrete
environments, Reinforcement Learning has since been
applied to continuous domains, specially in Robotics.

The application of Reinforcement Learning
approaches in the Robotics field raises several
challenges. Learning environments can easily be
composed by a large number of continuous dimen-
sions. Additionally, one can rarely observe the true
state of the environment, either because of incomplete
observability or due to noise corrupting observations.
Another challenge is interaction with the environment
using physical platforms is simultaneously tedious
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Fig. 12 Comparison of the
hand-coded and the learned
behavior when receiving a
pass in simulation. Both the
robot and the ball
trajectories are marked with
squares and circles every
third of a second. A circle
with a black outline
signifies the robot has
grabbed the ball. The
receiving behavior was
enabled shortly after the
robot detected that the ball
started moving

Fig. 13 Comparison of the
hand-coded and the learned
behavior when receiving a
pass in the real platform.
Both the robot and the ball
trajectories are marked with
squares and circles every
third of a second. A circle
with a black outline
signifies the robot has
grabbed the ball. The
receiving behavior was
enabled shortly after the
robot detected that the ball
started moving
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and costly. To minimize the required experience,
domain knowledge is usually exploited in various
forms, from state and action representations to the
specification of reward functions.

Two opposing trends dominate the literature: pol-
icy search methods and value function based methods,
both with their inherent strengths and weaknesses.
Applications are usually related to robotic control
and remarkable successful examples include, among
others, helicopter control [24], table tennis [25],
autonomous driving [4, 26] and also robotic soccer [2,
27]. In the context of RoboCup, we highlight the
Brainstromers Tribots team that successfully applied
Reinforcement Learning to solve diverse sub-tasks
in the Simulation and the Middle Size leagues, win-
ning several championships. A thorough and recent
overview of example applications of Reinforcement
Learning in Robotics can be found in [28].

6 Conclusion

This paper presents the application of the Q-Batch
update-rule to learn robotic soccer controllers in the
context of Batch Reinforcement Learning. Q-Batch
was recently proposed, and assumes the agent inter-
acts with the environment in episodes composed of
connected trajectories. The update-rule performs tra-
jectory rollouts to propagate rewards to the initial
states faster. This introduces a minimal computational
cost increase in the form of an additional maximiza-
tion, when compared to Q-learning while being able
to reuse the data collected, and to perform off-policy
backups. This paper represents the first application of
this update-rule in real robotics.

Three tasks were developed, with increasing diffi-
culty. The design of the learning tasks is described,
with a focus on hardware abstraction, allowing other
teams to implement the tasks on different platforms.

Since there are a considerable number of parame-
ters to tune before learning can be efficiently obtained,
a simulation environment was used in an initial step
to obtain a good set of parameters. This proved very
valuable as it prevented a possible over-use of the real
platform during the parameter tuning phase.

After the learning parameters were obtained, learn-
ing was performed on the real robot. The obtained
results show that efficient controllers able to perform
the desired tasks were obtained in a reduced amount

of time. The obtained learned policies were also able
to outperform existing hand-coded controllers. In one
of the task a comparison between Q-Batch and Q-
Learning was carried out, with the former being able
to obtain policies that on average incur in less penal-
ties than the latter, for the same interaction time.

Future work will involve a broader comparison
of Q-Batch in different learning tasks, with exist-
ing update-rules in the literature, in order to bet-
ter perceive the advantages and limitations of the
update-rule. The successful application of the Q-
Batch, update-rule also opens up research opportuni-
ties for the development of additional Reinforcement
Learning tasks in the CAMBADA project, addressing
learning more complex control tasks, and also learning
at higher levels of reasoning.
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