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Abstract

There have been many studies on unsupervised skill discovery that enables learning diverse movements and allevi—
ates the time-consuming manual tuning of reward functions in reinforcement learning. Conventional skill discovery
methods based on mutual information (MI) aim to maximize the information transmission between entire states and

skills. With this approach, it can be challenging for agents to learn skills that involve specific state manipulation dur—
ing robotics tasks. To overcome the limitation, this study proposes an objective function with a MI term that takes
account of task-relevant states so that agents can learn to manipulate the target states. The proposed method was
evaluated in a loco—manipulation task using the Mujoco simulation. The results show that the agent trained by the

proposed method can explore more states for a given robotic task, compared to conventional unsupervised skill dis—
covery methods.

I. Introduction

Reinforcement learning (RL) is considered similar to
the learning methods of other intelligent creatures and
1s widely used in various machine learning fields. Re—
cently, deep RL, which combines RL and Deep neural
networks, has been applied to the robotic control field
[1] and has demonstrated its effectiveness. However,
RL requires substantial time for manual supervision to
define and adjust reward functions for desired behavior.
Additionally, RL's limitation to learning behaviors that
satisfy specific conditions in reward functions presents
a challenge for robots to acquire a diverse range of be—
haviors for robotic control.

In contrast to the aforementioned drawbacks, actual
intelligent creatures learn various useful skills without
supervision and sometimes apply previously acquired
skills when learning new ones. Considering these char—
acteristics, several unsupervised skill discovery ap-—
proaches have been proposed [2]. These methods help
reduce the need for manually defining and adjusting re—
wards and can provide combinable actions for subse-—
quent operations.

One widely used method in unsupervised skill dis—
covery maximizes the Mutual information (MI) between
skills and states. However, applying previous MI-based
methods to robotic control has limitations, especially in
tasks requiring specific state transitions, such as ad-
justing object positions in manipulation tasks. Prior MI-
based unsupervised skill discovery methods struggle to
induce transitions for specific states because agents
learn skills while giving equal consideration to both
task-relevant states and non-relevant states. There—
fore, emphasizing specific state transitions is crucial for
effectively applying MI-based skill discovery to robotic
control tasks.

To overcome the limitations of existing general MI-
based approaches, we propose a method called Task-
relevant State-focused Unsupervised Skill Discovery.
This method aims to discover skills that involve specific
state transitions, which is challenging in conventional
MI-based skill discovery methods. This makes it easier
to use MI-based approaches in robotic control for tasks

that require specific state transitions. By taking into
account MI related to the desired states, we enable the
robot to learn task-relevant skills more effectively.
This paper has two main contributions. First, our
method helps agents learn skills related to specific
task-relevant states while also considering other states.
This makes MI-based approaches effective for robotic
control tasks. Second, our method showed higher state
space coverage in targeted states compared to previ—
ous unsupervised skill discovery methods for a loco-
manipulation task in the Mujoco simulation environment.

II. Method
A. Mutual Information

MI-based unsupervised skill discovery methods learn
skills in a manner that maximizes the MI between latent
skill vector Z and state S. The MI equation can be ex—
pressed as follows:

1(Z;S)=HZ)+H(S) - H(Z,S) (1)
= H(S) — H(S|2) (2)
= H(Z) - H(Z|9) 3)

1(S; Z) represents the MI between Z and S, and H(")
represents the Shannon entropy. Equations (2) and (3)
correspond to the forward-MI approach and the re-
verse—-MI approach, respectively. The reverse-MI ap-
proach is used in this paper.

B. Task-relevant State-focused Unsupervised SD

Now describing task-relevant state—focused unsu-
pervised skill discovery, which aims to discover skills
focusing on specific states while still considering the
overall states. The objective function J is proposed as
follows:

J=1(2) + al(Srocus; Z) (4)
= H(Z) — H(Z|S) + a[H(Z) — H(Z|Sfocus)] (5)
In Equation (4), the first term, I(S;Z), is the MI between

S and Z, and calculates the dependency between two
variables, § and Z , as in previous MI-based



unsupervised skill discovery methods. I(Sfocys; Z) rep-
resents the MI between Sgoeys and Z, where Spoeys is
the user-selected task-relevant states intended to be
highly related to learned skills. The relative weight of
I(Sfocus; Z) to I(S;Z) is adjusted through the hyperpa-
rameter a.

The weighted term, I(Sfocys; Z), is incorporated into
the objective function I(S;Z) of conventional MI-based
skill discovery methods. This approach not only con-
siders all states like the previous methods but also fo-
cuses on Sgyqs While learning skills. Therefore, it is
possible to learn skills that focus on controlling Sgoeys.
making it easier to perform robotic tasks where specific
state manipulation is required.

Ill. Experiments

The proposed method was assessed via a loco-ma-
nipulation task in the Mujoco simulation environment.
The goal is to train the agent to acquire skills to move
the object to various positions. The object position was
chosen as the Sgocys, the task-relevant target states in
our objective function.

Figure 1. The simulation was performed in the Mujoco Ant en—
vironment[5] with a 10kg, 15cm cubic object of uniform den—
sity.

CSD[4] was used to approximate the MI terms in
Equation (4). Mapping functions and distance functions
in [4] were trained with respect to the first and second
MI terms of Equation (4), respectively. The hyperpa-
rameters can be found in Table 1. Values not listed in
the table are equal to those in the manipulation envi—
ronment described in [4]. The performance of skills
learned using the objective function in Equation (4) was
compared to those learned using the conventional ob—
jective function without I(Sfocys; Z)-

Hyperparameter Value
a 2.5
Intrinsic reward coef ficient 500
Discount factor 0.99
Episode length 100

Table 1. Hyperparameters for simulation.

Figure 2. shows the experimental results with and
without I(Sfecys; Z). For quantitative comparison, state
coverage was used as a metric, defined as the number
of 0.05x0.05 and 0.1x0.1 sized regions in the state
space visited at least once by the object and robot CoM
position, respectively. For both with and without
I(Socus: Z), the agent state coverage converged to sim-
ilar values. However, the converged object state cov—
erage was greater with I(Sgoeyus; Z). This indicates that

our method helped the agent to discover skills specifi—
cally focused on the object position, Sgoeys, While also
learning skills related to states other than Sgocys.
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Figure 2. Comparison of object (left) and agent (right) state
coverage in the loco-manipulation task with and without the
I(sfocus:z)-

IV. Conclusion

In this paper, we presented a novel MI-based unsu-
pervised skill discovery method that learns skills by fo-
cusing on specific state changes. The proposed objec—
tive function includes a weighted MI term for focused
states. This aims to address the limitation of previous
MI-based methods, where skills learned with equal
weights for all states can be restricted for use in ma-
nipulating specific states. Through the Mujoco loco-
manipulation task, the proposed method outperformed
previous MI-based methods in object state coverage by
focusing on task—relevant object positions. In the future,
we plan to apply our method to real robot tasks.
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