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ABSTRACT
Option-based solutions can be used to accelerate learning
and transfer learned behaviors across tasks by encapsulating a partial policy. However, commonly these options are
specific for a single-task, and may ignore some good and alternative solutions when this knowledge is transferred and
reused in another task. Furthermore, these solutions may
provide bad partial policies to the agent, making the learning process worse than without the use of options. We here
propose a multi-task method to combine learned options into
a probabilistic one in order to enable better choices to the
agent, so it does not get stuck in certain regions or follows
bad partial solutions. Our experiments in the Gridworld
Domain show that our proposal learns useful options that
accelerate learning while also providing alternative decisions
to the agent.
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1.

INTRODUCTION

The RL Framework [9] allows autonomous agents to learn
through interactions with an environment. Many sequential
decision problems are modeled as a Markov Decision Process
(MDP)[9] which can be solved by Reinforcement Learning
(RL) algorithms.
An MDP is described by the tuple hS, A, T, Ri, where S
is the set of environment states, A is the set of available
actions, T is the transition function, and R is the reward
function. In RL the agent does not know T and R, and the
goal is to learn an optimal policy π ∗ , that maps the best
action for each possible state.
Although RL has been succesfully applied in many problems [12, 6, 5], its classical approaches learn very slowly
and learning the optimal policy π ∗ may take too long because they need many steps to explore the whole state-action
space.
On the one hand, Options Framework [10], which can be
easily incorporated into a variety of different RL algorithms,
offers a way to propose high-level actions that encapsulate
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sequences of actions performed by agents, accelerating their
learning process. An option may solve a sub-goal in a RL
problem and may contain a subset of optimal actions for
certain states [13]. For instance, an option in a indoor navigation domain could portray some or all the actions needed
to move towards a door, unlock it, and open it.
On the other hand, Transfer Learning (TL) solutions[11,
1, 2, 8] allow to reuse knowledge acquired in previous tasks,
generalizing and transferring knowledge between tasks or
agents, thus accelerating learning in RL domains. A possible
way to transfer knowledge across tasks is to reused learned
policies in new tasks [3, 4]. This approach works like human
learning, where previous and partial knowledge can be used
to accelerate the learning of new human tasks.
The reason for this is that options capture only a fixed
structure of a task.
A framework proposed in [4] explores the idea that generalization from closely related, but solved problems can produce policies that provide good decisions in many states of
a new unsolved task, because it avoids the possibility of a
bad performance of a known policy in a new task, indicating that abstract and non-deterministic policies can offer an
effective guidance to the agents. These benefits happen on
the exploration strategy, so the algorithm converges much
faster than without transfer of knowledge.
Another approach was proposed in [3] to probabilistically
reuse a set of past deterministic policies that solve different
tasks within the same domain. It features an autonomously
growing library of policies, which stores the most different
policies in order to identify core policies of a domain that
give the greatest advantage when solving a new task.
Here we argue that the use of options is better than policies since they represent parts of the solution, encapsulating behaviors necessary to solve many related problems.
Moreover, we argue that probabilistic options are important
knowledge to be transferred from one task to a new task, in
order to assist the agent in its learning process.
Our initial experiments show that our proposal can autonomously learn useful options that improve learning for
similar tasks.

2.

PROPOSAL

We here introduce a method, hereafter called Probabilistic
Combined Options (PCO) to combine learned options from
different tasks in order to provide a good initialization set
of actions according to previously learned options, without
taking away the possibility of the agent visiting states that
still unexplored.

The idea of PCO is to learn options for each source task
independently (for which the PolicyBlocks algorithm [7], for
example, can be used) combine them and apply the combined probabilistic option in the target task.
The learned options are intended to optimize the learning
process in the target task, guiding the agent towards probably good trajectories, while allowing it to explore other new
states.
Our proposal is fully described by Algorithm 1. Firstly
it initializes a set of options Φ. Then, it learns a set of
suboptimal policies Lψ for each source task ψ ∈ Ψ by using a standard RL algorithm, where Ψ is the set of source
tasks. After that, it uses the standard PolicyBlocks Algorithm (other options-discovery algorithms may be used, but
were not evaluated here) to learn a set of options for each
source task independently (including them in Φ).
Finally, the options are combined into a probabilistic option Ω and the learning process is then executed in the target
task with the resulting option Ω as another choice in the set
of actions.
The options are combined in a way that Ω selects actions
with a probability according to the number of times that
they appear in the previous options, where the more the
action appears, the greater its probability. Here, Ω executes
each action with a probability given according to:
p(a|s)Ω =

|Φ(a|s)| + 1
,
|Φs | + |A|

agent achieves the goal state, resulting in a reward of +1
discounted by γ = 0.9 and otherwise, the reward is 0 for any
step. We also adopted the learning rate α = 0.2.
In order to evaluate the relative effectiveness of the probabilistic learned options, we executed 1000 learning episodes
using the Vanilla Q-Learning algorithm without options and
1000 learning episodes of our approach, PCO.
Figure 1 shows the average discounted reward in 1000 repetitions of the experiment. PCO outperformed the Regular
Q-Learning, learning faster at the beginning of the learning
processes, achieving an average reward of 0.30 after only 10
learning episodes.
The standard Q-Learning without options was not able to
achieve similar results even after 1000 learning episodes.
This difference between the average cumulative reward indicates that PCO provides a speed-up in the learning process, greatly improving the performance in the initial learning episodes, while also providing alternative decisions to
the agent.

(1)

where p(a|s)Ω is the probability of action a being chosen by
Ω in state s, |Φ(a|s)| is the number of options in Φ that
select a in state s, and |Φs | is the number of options that
are defined for state s. Here, the more an action appears in
a certain state inside the discovered options, the greater is
its chance of being chosen by the agent.
Algorithm 1 PCO
1: Φ ← ∅
2: for each source task ψ ∈ Ψ do
3:
for H episodes do
4:
learn a set of policies Lψ for ψ
5:
Φ ← Φ ∪ P olicyBlocks(Li )
6:
end for
7: end for
8: Ω ← combine(Φ)
9: run learning in target task using Ω ∪ A

3.

EXPERIMENTAL EVALUATION

To evaluate our proposal, all the experiments were performed in a 11x11 Gridworld Domain, in which the agent
starts in a random non-terminal state and must perform 6
source tasks (one task at a time) with a different goal position to be reached in each of them.
Firstly, the agent has to learn how to achieve the goal
position as fast as possible independently in the 6 source
tasks and the options for each task are discovered and stored.
We performed the Q-learning algorithm for 1000 episodes,
providing 5 policies to PolicyBlocks extracts 3 options for
each task. After that, those options Ω are combined and the
resulting option is evaluated in 6 target (different) tasks.
The action set available after learning the options is A
= {north, south, east, west} ∪ Ω. Episodes ends when the

Figure 1: The average reward for 1000 episodes during the learning process.

4.

CONCLUSION AND FURTHER WORKS

The main contribution of this work is that the probabilistic options combined provide to the agents good alternatives
based on previous knowledge.
Our experiments in the Gridworld Domain show that our
approach is promising both for accelerating learning and
guiding the agents to good solutions in RL domains.
In the future, we intend to evaluate the options before
combine them, compare probabilistic options with non-deterministic
policies [4], portable transfer options [13], and multiobjective options [2]. We also intend to evaluate the approach
in more complex domains and compare it to other optiondiscovery methods. Finally, we plan to adapt our method
to enable the transfer of learned options across different domains.
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