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ABSTRACT
The successful use of Reinforcement Learning in complex
tasks depends on techniques to scale-up classical learning
algorithms because they suffer from the curse of dimensionality. Transfer Learning approaches have been used to accelerate learning by reusing knowledge gathered from the
solution of previous tasks. However, discovering how different tasks are related is a very complex undertaking if a
human is not available (or is unable) to manually establish
a mapping between tasks. We here propose an algorithm
to autonomously estimate a Probabilistic Inter-TAsk Mapping (PITAM) across tasks described in an object-oriented
manner, which requires less domain knowledge than a handcrafted Inter-Task Mapping. We also propose two strategies
for Temporal-Difference algorithms to transfer knowledge
using learned PITAMs. Our experiments evaluate varied
scenarios in which the source and target tasks differ in several aspects, and our proposal presents benefits over both
regular learning and Q-value Reuse using a detailed InterTask Mapping.
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1.

INTRODUCTION

Reinforcement Learning (RL) [14, 25] agents aim at solving tasks with minimal input data. In order to solve a task,
the agent has a description of its perceptions of the environment (states) and a set of actions that can be executed.
As the state transition function is usually unknown, the
agent gathers samples of interactions with the environment
to learn how to maximize a reward signal, that encodes the
agent performance. Even though RL has been used to solve
challenging and increasingly complex tasks [16, 17, 24, 35],
agents learning from scratch need a prohibitive number of
samples to learn a good policy.
In order to alleviate this sampling complexity, Transfer
Learning (TL) [32] approaches have been applied in RL to
accelerate learning in a new task (target task) through the
reuse of previous knowledge. This previous knowledge can
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be extracted from several sources, such as guidance from
a human observer [1], action suggestions from another RL
agent [37], previously solved (source) tasks [33], or a library
of source tasks [6, 10]. However, in order to successfully
transfer knowledge from one source to another, the agent
has to reason about [32]:1
1. Which task (or set of tasks) among the already solved
ones is appropriate to TL?
2. How the source task(s) and target task are related?
3. What to transfer from one task to another?
Even when a source task was already manually selected,
finding the correct correspondences between tasks is critical to successfully transfer knowledge, as blindly transferring gathered information from one task to another is likely
to cause negative transfer (i.e., the learning process is hampered instead of accelerated). If a human is available to map
how the source and target tasks are related, she/he can define an Inter-Task Mapping [33], that specifies how the stateaction spaces are related. If a human user is not available
(or is unable) to hand-code such relationship, an Inter-Task
Mapping can still be autonomously learned through a classification algorithm if the user is able to describe the environment as objects [34], which requires less domain knowledge
and is easier to specify than an explicit mapping. However,
as it is well known by the supervised learning community,
a classifier requires a relatively high number of samples in
order to provide an appropriate classification accuracy [15].
For example, Taylor et al.’s approach [34] requires a dataset
of environment interactions in the target task to learn an
Inter-Task Mapping.
We here argue that if tasks are described through ObjectOriented Markov Decision Processes [5], which is very similar to the object-based description used in Taylor et al.’s
proposal [34], the domain knowledge contained in the task
description allows to estimate an Inter-Task Mapping without the use of classifiers (and consequently without the need
of interacting with the environment in the target task before transfer). We here introduce the Probabilistic InterTAsk Mapping (PITAM), a function that maps pairs of
states across tasks to a probability value. We also propose a
method, named Zero-Shot Autonomous Mapping Learning,
to autonomously estimate a PITAM using object-oriented
task description with no need of samples in the target task.
1
We here focus on transfer across tasks, but the majority of
the discussed issues are valid for all categories of TL.

Finally, we propose two strategies to autonomously transfer
knowledge using the learned PITAM. Our experimental evaluation in the Predator-Prey and Goldmine domains shows
that our proposal has benefits in both jumpstart and performance at the end of the learning process. The evaluated
scenarios took into account differences in state space size, reward and transition functions, and transfer across different
domains.
The remainder of this paper is organized as follows. Section 2 discusses the basic RL and TL concepts, and presents
related TL approaches; Section 3 defines PITAM, while Section 4 proposes two methods to autonomously use learned
PITAMs to transfer knowledge across tasks; Section 5
presents our experimental evaluation; and finally Section 6
concludes the paper and points towards further works.

2.

BACKGROUND AND RELATED WORKS

In this Section, we first present the basic RL concepts and
then discuss the TL concepts and related works.

2.1

Reinforcement Learning

RL problems are usually framed as Markov Decision Processes (MDP) [19]. An MDP is composed of hS, A, T, Ri,
where S is a (possibly infinite) set of environment states, A
is a set of available actions, T is the transition function, and
R is the reward function. At each decision step, an agent
observes the state s and chooses an action a (among the applicable ones in s). Then the next state s0 and reward signal
r are defined and can be observed by the agent. This cycle
is then repeated until the learning process is finished. Since
T and R are unknown to the agent in learning problems,
the agent must learn a policy π, that maps states to actions,
through the observations of samples of hs, a, s0 , ri, where s
is a state in which the action a was executed, s0 = T (s, a),
and r = R(s, a, s0 ). The solution of an MDP is an optimal
policy π ∗ , i.e., a function that chooses an action maximizing
future rewards at every state.
Temporal Difference (TD) algorithms [25] iteratively learn
a Q-function, that maps each state-action pair to an expected long-term discounted sum of rewards: Q : S×A → R.
In finite MDPs, the Q-Learning [39] algorithm
eventually
P

∞
i
converges to the true Q-function Q∗ (s, a) = E
i=0 γ ri ,
∗
which can be used to define an optimal policy π (s) =
arg maxa Q∗ (s, a). However, learning Q∗ requires a very
long time in most domains, because every state-action pair
must be visited many times in order to reach convergence.
The Object-Oriented MDP (OO-MDP) [5] was introduced to
abstract the state space and provide generalization opportunities at the cost of some additional domain knowledge
in the environment description. In an OO-MDP, the state
space is described through a set of objects, that follow a description of a class. C = {C1 , . . . , Cc } is the set of classes,
where each class Ci is composed of a set of attributes denoted as Att(Ci ) = {Ci .b1 , . . . , Ci .bb }, and each attribute bj
has a domain Dom(Ci .bj ), specifying the set of values this
attribute can assume. O = {o1 , . . . , oo } is the set of objects
that exist in a particular environment, where each object oi
is an instance of one class Ci = C(oi ), so that oi is described
by the set of attributes from its class oi :: Att(C(oi )). Now,
the environment
S state is described by the union of all object
states: s = o∈O o.state, where an object state is the set
of values assumed by each of its attributes at a given time

Q

oi .state =
b∈Att(C(oi )) oi .b , hence |s| = |O|. Although
relational representations such as OO-MDP can help to accelerate learning and to generalize task solutions [10], the
convergence is still slow. Therefore, in order to be applied
in complex domains, RL needs to be integrated with additional techniques to accelerate learning, such as TL.

2.2

Transfer Learning

The main idea of TL is to leverage knowledge gathered
from previously solved source tasks in order to accelerate a
target task learning. We here follow the formalism introduced by Lazaric [12], which for our purposes considers a
task M as an MDP. The space of possible tasks to be presented to the learning agent is denoted as M , and the environment E , in which the agent is situated, presents tasks to
be solved following an unknown distribution Ω, E = hM , Ωi.
Notice that TL algorithms assume that the presented tasks
follow a (unknown) distribution, since without a relation
between tasks, no knowledge can be reused.
In order to solve an MDP, the agent maps a knowledge
space K to a policy π ∈ H , where H is the set of possible policies that can be chosen by the learning algorithm,
A : K → H . K is all the available knowledge the agent
has to infer a policy. When solving a single task, the set K
usually contains only samples of interactions with the environment, which are used to learn a policy as discussed in Section 2.1. However, when a set of solved tasks M source ⊂ M
is available, the agent can store a knowledge set K source =
{K 1 , . . . , K L }, L = |M source | and use it as additional input to solve the target task: AT L : K source ∪K target → H .
However, deciding when and what to save in K source during (or after) the training in source tasks, and how to relate
previous tasks with the new one is a long studied question
in the TL area, and this question has no single answer valid
for all domains [18]. Previous works considered many ways
to store and reuse useful information in K source , following
varied representations and assumptions, as discussed in the
next Section.

2.3

Related Works

Previous works have successfully transferred samples of
low-level interactions with the environment [13, 27, 30], policies [6, 34], value or Q functions [28, 33], abstract or partial
policies [10, 11, 36], action suggestions [1, 29, 38, 40], and
heuristics or biases for a more effective exploration [3, 4],
each of them presenting benefits over learning from scratch.
The reuse of Q-functions has been of great avail to TD learning algorithms [27, 28, 33]. In addition to providing a significant jumpstart on the target task, Q-values are flexible
enough to be reused by different TD learning algorithms.
Furthermore, the transferred Q-function can still be refined
in the target task to cope with possible differences between
the tasks. However, as a consequence of being a relatively
low-level information, the learning algorithm must be able
to precisely translate state-action tuples from the source to
the target task.
An Inter-Task Mapping [33] is an appropriate way to characterize how the tasks are related, and usually a pair of
mappings XX and XA are defined. While XX is used to
map state variables across tasks: XX (xi,target ) = xj,source ,
XA is used to map actions: XA (ai,target ) = aj,source . Then,
a given Inter-Task Mapping can be used to TL through Qvalue Reuse:

tasks may be different in regard to2 :
Q(s, a) = Qsource (XX (s), XA (a)) + Qtarget (s, a).

Even when hand-coded Inter-Task Mappings are not available, they can be autonomously learned from the target task.
MASTER [31] estimates a transition function using samples
from the target task, and compares it with a similar model
from source tasks to autonomously build Inter-Task Mappings. However, a relatively high number of samples in the
target task is required in order to build the transition function model.
Mapping Learning via Classification [34] can learn an InterTask Mapping using less samples, at the expense of requiring more domain knowledge in task descriptions. The
designer must describe the state space through “objects”,
composed of groupings of state variables, similarly to an
OO-MDP description (Section 2.1). Then, a classifier is
trained for each object type in the source task, in order
to predict how each object is affected by state transitions:
CX,t (si,source , r, s0i,source ) = i, here CX,t is a classifier trained
to identify objects belonging to type t, si,source and s0i,source
are state variables related to object i before and after the
state transition, and r is the reward observed in the current
step. After the learning process is finished in the source
tasks, a classifier will be available for each object type. Once
trained, those classifiers can be used to predict the correspondence of objects across tasks. Some interaction samples
in the target task are stored, and a mapping is learned based
on classifier outputs: CX,t (si,target , r, s0i,target ) = i. Action
mappings can also be learned by training a similar classifier
for actions. However, although requiring less instances than
MASTER, this method still needs samples in the target task.
We are here interested in autonomously learning InterTask Mappings and transferring knowledge across tasks, but
without collecting samples in the target task. Sinapov et al.
[23] proposed to perform Zero-Shot TL through the use of
task features. However, the focus of their proposal is on the
selection of source policies and not much discussion is devoted on how to map the similarities between tasks. Isele et
al. [9] propose an algorithm to autonomously blend multiple
source policies in a lifelong learning setting, allowing also
the Zero-Shot initialization of a new policy for new tasks.
However, they rely on task features which require that the
parametrization of the current task is known beforehand,
which we do not assume.
Our proposal uses approximately the same domain knowledge given in [34], but with no samples in the target task.
In the next sections we describe our proposal, together with
some suggested Q-value based transfer methods.

3.

• C source 6= C target : The set of classes may be different
in the source and target class. As the two tasks must
have similarities in order to enable TL, we assume that
a class mapping XC is given, and that ∃Cs ∈ C source :
XC (Cs ) ∈ C target .

(1)

OBJECT-BASED PROBABILISTIC INTER-TASK MAPPING

We are here interested in autonomously learning an InterTask Mapping without interactions with the environment in
the target task. We argue that estimating such a mapping is
possible because the domain knowledge contained in an OOMDP task description is able to determine an initial estimate
of how the source and target tasks are related. Since the
state space is described by objects, an Inter-Task Mapping
function needs to relate objects between tasks.
Taking into account the OO-MDP representation (Section
2.1), the object-oriented description of source and target

• ∃Cs ∈ C source , Ct ∈ C target , Ct = XC (Cs ): Att(Cs ) 6=
Att(Ct ): The attributes of one or more classes were
changed (either attributes were removed or added).
• ∃atts ∈ Att(C source ), attt ∈ Att(C target ), attt = atts :
Dom(atts ) 6= Dom(attt ): The domain of one or more
attributes has changed.
• |Osource | =
6 |Otarget |: The number of objects in the
environment has changed.
Therefore, the TL algorithm must be able to cope with
those kind of differences across tasks. For our TL proposal,
as we don’t have samples of the target task to precisely
identify the relation between attributes of objects and the
reward and transition functions, we define a Probabilistic
Inter-TAsk Mapping (PITAM), Po , instead of a deterministic one:
Po = S target × S source → [0, 1].

(2)

Remember that here the states are defined from sets of
objects Otarget and Osource . As we need |Osource | objects in
order to reconstruct a state in the source task, and |Otarget |
may have a different value, a mapping Po defines a probability
S of a state, i.e., a set of objects in the target task,
st = o∈Otarget o.state, being related
to each possible set of
S
objects in the source task, ss = o∈Osource o.state, and this
probability function may be used by the TL algorithm. We
learn a mapping Po by following Algorithm 1, named ZeroShot Autonomous Mapping Learning. Here we consider that
there is one source task and one target task. This procedure
is called each time a new state in the target task is mapped.
Firstly, the agent counts the number of objects of each class
in the source and target task (ns and nt ). Then, for each
class Ci in the source task, the set PCi is built with all possible ns -combinations of objects that belong to XC (Ci ) in
the state st to be translated. After this process is executed
for all classes in C source , P contains sets of objects of all
classes, and the assemble() operation assembles states described with |Osource | objects. This procedure is executed
by considering all possible Cartesian products that contains
one element of each PCi , Ci ∈ C source . After the assemble
operation is processed, we have Ψ, |Ψ| ≥ 0, which is the set
of states in the source task for which a mapping from st is defined with a non-zero probability. The mapping probability
is related to a similarity metric calculated for each state in
Ψ. This metric must reflect an estimate of how close a state
in the source task is in regard to the state being mapped
from the target task, and should take into account possible
changes of class description and/or attribute domains. In
this paper, we consider all states that exist in the source
task as equally similar to the desired target state:
2

If the source and target tasks have no similar classes, then
it is not possible to infer a mapping and regular learning
must be applied.

Algorithm 1 Zero-Shot Autonomous Mapping Learning

similarity(st , ss ) =

0
1

if invalidState(ss )
,
otherwise

(3)

where invalidState(O) is true if ∃o ∈ ss , a ∈ Att(C(o)) :
o.a 6∈ Domain(a). The probability value is finally defined
according to the relative similarity of each state. The intuition behind this similarity metric is that all valid mapped
states, in which all attribute values for all objects belong to
the interval defined by the attribute domain in the source
task, will be mapped with equal probability in PO . In case
any attribute value falls outside the domain, the probability
for that state is 0. In case a class definition in the target task
has more attributes than in the source, the extra attributes
are ignored. If the target task has fewer attributes, the ones
that do not exist in the target task receive a valid standard
value (U nknown, Uk , in our case). Other similarity metrics
can be used, but Equation (3) was enough to achieve good
results in our experimental evaluation.
The execution of Algorithm 1 is illustrated in the following
example.
Example 1. Suppose that the source and target tasks have
the classes C source = {Class1, Class2}, C target = {Class1,
Class2, Class3}, with XC (Class1) = Class1, and
XC (Class2) = Class2. The attributes are Attsource (Class1)
= {a1, a2}, Atttarget (Class1) = {a1}, Attsource (Class2) =
{b1}, Atttarget (Class2) = {b1, b2}, and Att(Class3) = {c1},
with domains Domsource (a1) = Dom(a2) = {0, 1, Uk },
Domtarget (a1) = {0, 2}, Domsource (b1) = {0, 1},
Domtarget (b1) = Dom(b2) = {0, 1}, and Dom(c1) = {0, 1}.
Osource = {o1s1 , o1s2 , o2s2 }, Otarget = {o1t1 , o2t1 , o1t2 , o2t2 ,
o3t2 , o1t3 }, where the index s1 means that the object belongs
to Class1 from the source task and t1 means that the object
belongs to Class1 from the target task.
In the target task we want to translate the state st =
{h0i, h2i, h0, 1i, h1, 0i, h0, 0i, h0i}. When building PClass1 ,
nt = 2 and ns = 1, and hence the combinations are PClass1 =
{(h0i), (h2i)}. On its turn, nt = 3 and ns = 2 when building PClass2 = {(h0, 1i, h1, 0i), (h0, 1i, h0, 0i), (h1, 0i, h0, 0i)}.
Class3 is ignored because it does not exist in the source task.
The assemble operation then builds states by combining
each possible elements of PClass1 and PClass2 , resulting in
Ψ
=
{(h0i, h0, 1i, h1, 0i), (h0i, h0, 1i, h0, 0i), . . . , (h2i,
h1, 0i, h0, 0i)}. However, when computing the similarity metric, o2t1 has value o2t1 .a1 = 2 6∈ Domsource (a1 ).
Therefore, all states containing that object have 0 similarity value and are removed from the mapping. The similarity
function ignores b2 (because it does not exist in the source
task) and initiates a2 with a standard value (because it does
not exists in the target task). The following states have similarity value equals to 1: (h0, Uk i, h0i, h1i), (h0, Uk i, h0i, h0i),
and (h0, Uk i, h1i, h0i). Thus, these states are mapped with
probability 31 .
In the next section we describe approaches to transfer Qvalues using a PITAM.

4.

TRANSFERRING KNOWLEDGE USING
PITAM

After defining Po , the agent can make use of the mapping
to transfer knowledge from one task to another. Here, we
assume that the learning agent uses a TD algorithm (thus a

Require: Set of objects in both tasks Osource and Otarget ,
set of classes C source , class mapping XC , current objectoriented state st in the target task.
1: for ∀Ci ∈ C source do
2:
Ct ← XC (Ci )
3:
// number of objects belonging to Ci in each task.
4:
nt ← numObj(Otarget , Ct )
5:
ns ← numObj(Osource , Ci )
6:
// ns -combinations of objects from the target task.
7:
PCi ← combinations(st , nt , ns , Ct )
8: // Assembles all possible states using objects from P .
9: Ψ ← assemble(P )
10: // Sum of similarity values.
11: totalSim ← 0
12: for ∀ss ∈ Ψ do
13:
// Equation (3)
14:
totalSim ← totalSim + similarity(st , ss )
15: for ∀ss ∈ Ψ do
t ,ss )
16:
Po (st , ss ) ← similarity(s
totalSim
Algorithm 2 Q-table initialization
Require: Set of possible states S target and S source , action
mapping XA , PITAM PO .
1: for ∀st ∈ S target do
2:
κ←∅
3:
// For all mapped states with a non-zero probability.
4:
for ∀ss ∈ S source , PO (st , ss ) > 0 do
5:
// Stores mappings to states in the source task.
6:
κ ← κ ∪ hss , PO (st , ss )i
7:
for ∀a ∈ Atarget do
8:
// Calculates the resulting Q-value.
9:
Q(st , a) ← initQ(κ, XA (a))
. Eq (4) or (5).
Q-function is available) and that a mapping Xa for actions
is given (even though learning Xa is possible [34], so far no
algorithm can learn such a mapping without samples from
the target task).
We here propose two strategies to initiate the Q-function
in the target task: QAverage and QBias. In both cases,
the initialization is intended to better guide the exploration
during learning. Algorithm 2 describes how this initialization works for both strategies. For each possible state in the
target task, the agent defines the object-oriented representation of this state, and then uses it to get a mapping κ to
object sets in the source task. κ is a set of tuples hss , pi,
where ss is the object-oriented state in the source task and
p is the probability defined by PITAM PO . κ is then used
to define the initial value of the Q-function to st , which here
is calculated for each strategy as follows:
1. QAverage: Here, all states with a non-zero probability defined by PO contribute to a resulting Q-value,
proportionally to their PITAM probability:
X
initQ(κ, a) =
Qsource (ss , XA (a))p.
(4)
hss ,pi∈κ

2. QBias: Alternatively, we can initiate only the Q-value
of the best action with a small bias value b [4]. The
main idea here is to initiate in the new domain reusing

the optimal policy, but at the same time introducing
only a small value in the Q-table to enable faster policy
refinements:


b
Pif XA (a) =
source
arg max
(ss , as ),
hss ,pi∈κ Q
initQ(κ, a) =
source
a
∈A
s


0
otherwise.
(5)
The standard value for uninitialized Q-values is 0. Through
the combination of PITAM with one of the aforementioned
initiation strategies, we can autonomously transfer knowledge across tasks with no need of gathering samples of interactions in the target task. In the next sections we describe the Experimental evaluation to show the benefits of
our proposal.

5.

EXPERIMENTAL EVALUATION

In order to evaluate the effectiveness of our proposal under several conditions, we test the speed-up provided by the
autonomously learned PITAM in varied modifications of two
benchmark domains: Predator-Prey and Goldmine. The following algorithms were compared in our experiments: (i)
Regular Learning: The standard Q-Learning algorithm;
(ii) QAverage: An autonomously learned PITAM with the
QAverage knowledge reuse strategy following Equation (4);
(iii) QBias: Another PITAM-based algorithm, following the
Q-table initialization described by Equation (5); and (iv)
QManualMapping: A manually defined Inter-Task Mapping using Q-Value Reuse, as described by Equation (1).
For all experiments we set α = 0.1, γ = 0.9, and all
algorithms use an -greedy exploration with  = 0.5 decayed
by 0.999 after each episode. The parameters were chosen in
preliminary experiments. We describe the domains and the
evaluated experiments in the following sections.3

5.1

Domains

In the Predator-Prey domain [4, 27], predators aim at
collaboratively capturing all preys spread in the environment. While each predator is one RL agent in our experiments, preys move randomly at each step (preys could also
be considered as reasoning agents, but in our experiments
they simply apply random movements regardless of the situation). Our experiments are executed in a 10x10 grid,
as depicted in Figure 1. At each step, Predators can apply one action to move towards a desired direction A =
{N orth, South, W est, East}. Agents can occupy the same
position without punishment, and a prey is captured when
it occupies the same position as one predator. In this domain agents cannot observe the whole grid, and their visual field is limited by a depth parameter, as shown in Figure 1 by the agent with depth = 3. The object-oriented
representation is a Multiagent OO-MDP [22] defined as:
C = {P rey, P redator}, and Att(P rey) = Att(P redator) =
{x, y}. The agent can observe the relative position of objects inside its visual field. For example, the green predator
state depicted in Figure 1 is observed as: {Prey: (-1,2),
Prey: (3,-1), Predator: (1,1), Predator: (2,2), Predator:
(Uk ,Uk )}. Therefore, the domain of attributes depends on
the visual depth: Dom(x) = Dom(y) = {−depth, . . . , 0,
3

Codes at https://github.com/f-leno/TiRL_Leno_et_al.

Figure 1: Illustration of the Predator-Prey domain. The
red square depicts the visual field (depth=3) of the green
predator.

. . . , depth, Uk }. Predator-Prey tasks are hard to solve because the environment is non-stationary and partially observable. With an increase in the visual depth the task becomes solvable in less steps, because preys can be observed
from a farther position, however, the state space is increased
and it becomes harder to achieve convergence.
In order to test the effectiveness of our proposal when
transferring knowledge across tasks, we also consider the
Goldmine domain in our experimental evaluation. A certain number of miners aim at collecting gold pieces that
are spread in the environment. Miners are autonomous
agents that can move towards any of the compass directions, and a gold piece is collected when a miner enter its
position. The class definitions are C = {M iner, Gold}, and
Att(M iner) = Att(Gold) = {x, y}. The miner who captures
a gold piece receives +100 of reward, and the default reward
is 0. A visual depth is again considered in this domain. Notice that the Goldmine and Predator-Prey tasks are similar,
but Goldmine is much easier to solve because the environment is stationary and gold pieces do not move. Thus, the
optimal policy is to move towards gold pieces as soon as
they are seen. For all experiments, 100 evaluations episodes
were carried out without exploration for each 10 learning
episodes. For all source tasks, 2500 learning episodes were
executed and then the learned Q-table is stored for posterior reuse. For all target tasks, 4500 learning episodes are
executed in total. In all cases, when the agent is in a blind
state (no observation is received), a random action is executed. All statistical significance tests were carried out by
a 95% confidence Wilcoxon signed-rank test. The average
performance of a random agent in the target task is roughly
76 steps in average. First we train a learning agent in a
Predator-Prey task to be used as source for the first experiments. Figure 2a depicts the average number of steps
to solve the task during learning. Even though the agent
has not learned the optimal policy after episode 2500, the
observed performance shows that it is possible to learn an
effective policy in this task, as the performance achieved
by the agent after the learning process is much better than
of a random agent. In the next Sections we describe the
evaluated scenarios and discuss the results. For the sake of
simplicity we refer to the performance after 4500 learning
episodes as asymptotic performance. Although convergence
is not achieved yet after this amount of learning episodes,
only small changes in performance are observed after it for
all scenarios.

5.2

Exp1 - Scaling Tasks

(a)

(b)

Figure 2: The average of steps to solve the task during evaluation episodes in 100 repetitions for: (a) Predator-Prey and (b)
Goldmine domains. The shaded area corresponds to the 99% confidence interval.

In this first experiment we evaluate the effectiveness of
each TL approach when the source and target tasks are
in the Predator-Prey domain and differ only in attribute
domains and number of objects, that is, the visual depth
and number of predators/preys are increased without any
change in transition and reward functions. For both tasks,
all predators receive +1 of reward when a prey is captured,
and 0 otherwise. While in the source task we train 3 predators trying to catch 1 prey with depth = 3, the target task
has 4 predators trying to catch 2 preys with depth = 4. As
we have no changes in the class and action sets, the mapping XC for PITAM is a direct translation, and the mapping
for QManualMapping is defined according to Table 1. Notice that this mapping relies on a domain-specific knowledge
that the closest prey is more important to the value function,
and such domain knowledge is not needed for PITAM.
Figure 3 shows the performance of each TL algorithm
compared with regular learning. All TL algorithms present
advantages in terms of jumpstart. While Regular learning
(at first equivalent to a random actuation) solves the task
after 76.21 steps on average, QManualMapping, QAverage,
and QBias solve the task, respectively, in 62.43, 40.71, and
45.48 steps on average. Even though all TL techniques have
a significantly better performance right after the beginning
in the new task, QM anualM apping takes longer to improve
its policy in the new task because the original Q-values in
the source task are still used and harder to be replaced. The
difference between Regular learning and QManualMapping
is not statistically significant between 240 and 450 learning
episodes, and Regular learning achieves a significantly better performance for the rest of learning process. On their
turn, QBias and QAverage have a better asymptotic performance, roughly stabilizing on 33.50 and 30.03 steps, against
the Regular learning performance of 45.67 steps. The difference between QBias and QAverage is statistically significant
through the entire experiment. Note that, after 1500 learning episodes, the performance for Regular learning roughly
plateaus before achieving the performance of PITAM-based
algorithms.

5.3

Exp2 - Changes in Reward Functions

Here we evaluate the algorithms when the reward function
of the target task is different from the source task (without
many differences in the optimal policy). While the source
task is the same as in Section 5.2, in the target task agents
√
100
receive +100 of reward when a prey is captured, and dist
otherwise, where dist is the distance to the closest prey.
Figure 4 shows that the relative results are very similar to

Table 1: Manual Inter-Task Mapping translating the target
task with 2 preys and 4 predators to a source task with 1
prey and 3 predators. Here, z is the local agent, P rey is the
set of prey objects, P redator is the set of predator objects,
and dist is an Euclidean distance function.
source task
prey1

target task
arg min dist(z, p)

predator1

p1 = arg min dist(z, p)

p∈P rey
p∈P redator

predator2

arg min

dist(z, p)

p∈(P redator−p1)

the first experiment, which shows that all the evaluated TL
approaches are robust in terms of simple changes of scale in
reward functions across tasks. The main differences between
experiments 1 and 2 are that here the standard deviation is
higher, and the reward function in this task is less effective
to guide the agent towards the task solution (which is evidenced when comparing the Regular learning performance
in both experiments). However, TL algorithms remain better than Regular learning. QAverage and QBias are again
better in both jumpstart and asymptotic performance. The
difference between QAverage and QBias is only significant
until episode 200. After that, they have a equivalent performance. Here, QManualMapping is significantly better than
Regular learning during the whole experiment.

5.4

Exp3 - Changes in Transition Functions

Here we change the state transition function across tasks.
While the source task and reward functions are the same as
in Section 5.2, the action effects are depicted in Figure 5.
Although different, the source and target tasks are still
related because the agent moves towards the intended direction, with an additional collateral effect of moving in some
direction in another axis. Results shown in Figure 6 depict
that; in this case, QManualMapping presented no advantages over Regular learning. Until learning step 60, the performance of QManualMapping was not significantly different
from Regular learning, and after that QM anualM apping
was significantly worse than all other algorithms. QBias is
significantly better than Regular learning in jumpstart, but
QAverage is not, and they are consistently better after 1000
learning episodes, which shows that the TL initialization
provided a better exploration than learning from scratch.
QBias and QAverage have similar performances during the
learning process and are not significantly different in asymptotic performance.

Figure 3: Average performance in 50 repetitions of Experiment 1. The shaded area corresponds to the 99% confidence interval.

Figure 4: The average performance in 50 repetitions of Experiment 2. The shaded area corresponds to the 99% confidence
interval. Regular learning in Experiment 1 was included to allow comparisons in regard to reward function effectiveness.

(a)

(b)

(c)

(d)

Figure 5: Predator movement after using actions North (a),
South (b), West (c), and East (d) in Experiment 3.

5.5

Exp4 - TL Across Tasks

The last experiment accomplishes TL through different
yet similar domains. Here we take as source task the Goldmine task described in Section 5.1. The target task is defined as in Section 5.2. The Class Mapping is defined as
XO (P rey) = Gold, XO (P redator) = M iner. QManualMapping maps the closest predators to the closest miners, and
the closest preys to the closest gold pieces, similarly as in
Table 1. Comparing Figures 2a and 2b, we can see that
the Goldmine task is simpler to solve and thus being able
to reuse its solution in another (more complex) task is very
interesting.
Figure 7 shows that using a simpler version of the target task presents very good results for TL. Again, all TL
algorithms presented benefits in regard to jumpstart, showing that simply following a prey is a very effective strategy.

QBias and QAverage present better results in asymptotic
performance, showing that the initialization provided by TL
greatly improved the learned policy. QAverage losses some
performance when trying to adapt in the new task, however
the final performance is still far better than Regular learning and QManualMapping. QManualMapping and Regular
learning have equivalent performances after 2000 learning
steps. QBias has the best performance in this experiment,
as the difference between QBias and QAverage is statistically significant from 1300 learning episodes until the end of
the training.
Table 2 summarizes the results of each algorithm in all
experiments. Notice that PITAM approaches (QBias and
QAverage) were never worse than Regular learning and Qvalue reuse with a hand-coded Inter-Task Mapping. The results discussed in this paper show that PITAM is a promising
method, and can be a determinant step towards building autonomous agents capable of reusing knowledge across tasks.

6.

CONCLUSION AND FURTHER WORKS

Being able to find correspondences between tasks is a
key issue to successfully transfer knowledge across tasks.
We here rely on object-oriented task descriptions to autonomously define Probabilistic Inter-TAsk Mappings
(PITAM), which estimates how similar two given states in
the target and source tasks are. We also proposed two methods to reuse Q-table estimates across tasks using the learned

Figure 6: Average performance in 75 repetitions of Experiment 3. The shaded area corresponds to the 99% confidence interval.

Figure 7: Average performance in 50 repetitions of Experiment 4. The shaded area corresponds to the 99% confidence interval.
Table 2: Summary of all experimental results. Values here represented are the average number of steps to solve the task in
each experiment, where jumpstart is the performance after 0 learning episodes and asymptotic is the performance after 4500
episodes.Best results (according to statistical significance tasks) are denoted in bold.

Experiment 1
Experiment 2
Experiment 3
Experiment 4

jumpstart
asymptotic
jumpstart
asymptotic
jumpstart
asymptotic
jumpstart
asymptotic

Regular
76.21
45.67
76.21
55.97
52.18
38.08
76.21
45.67

PITAM. Our preliminary experiments included evaluations
when transferring knowledge between tasks with different
state spaces, reward functions, transition functions, and different domains. When compared to regular learning and
Q-value Reuse with a hand-coded Inter-Task Mapping, our
proposal presented benefits in all evaluated scenarios, even
though less domain knowledge is needed.
Further works will focus in evaluating the benefits of our
proposal in more complex tasks, such as the Keepaway and
Half Field Offense Robot Soccer Tasks [8, 24]. Furthermore, defining an algorithm to transfer Value Function Approximators [7] across tasks is the next step towards making
PITAM more scalable. The excellent results observed when
transferring knowledge from a much simpler task suggest

QManualMapping
62.43
53.09
62.43
52.34
52.70
47.68
51.22
45.92

QAverage
40.75
30.03
40.75
37.48
50.35
32.59
30.34
34.48

QBias
45.48
33.50
45.48
38.04
49.83
33.54
30.48
29.48

that the learning process can be greatly benefited from our
proposal if the learner is able to organize the tasks to be
solved in order of progressive difficulty. Therefore, PITAM
may be greatly improved by combining it with Curriculum
Learning approaches [2, 26]. Finally, PITAM can be combined with other paradigms of TL, such as in the integrated
TL Framework proposed in [20, 21].
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