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Abstract

Preference-based reinforcement learning (PbRL)
stands out by utilizing human preferences as a di-
rect reward signal, eliminating the need for intri-
cate reward engineering. However, despite its po-
tential, traditional PbRL methods are often con-
strained by the indistinguishability of segments,
which impedes the learning process. In this pa-
per, we introduce Skill-Enhanced Preference Op-
timization Algorithm (S-EPOA), which addresses
the segment indistinguishability issue by integrat-
ing skill mechanisms into the preference learning
framework. Specifically, we first conduct the un-
supervised pretraining to learn useful skills. Then,
we propose a novel query selection mechanism to
balance the information gain and distinguishabil-
ity over the learned skill space. Experimental re-
sults on a range of tasks, including robotic manip-
ulation and locomotion, demonstrate that S-EPOA
significantly outperforms conventional PbRL meth-
ods in terms of both robustness and learning effi-
ciency. The results highlight the effectiveness of
skill-driven learning in overcoming the challenges
posed by segment indistinguishability.

1 Introduction

Reinforcement Learning (RL) has made significant progress
across a variety of fields, including gameplay [Mnih et al.,
2013; Silver et al., 20161, robotics [Chen ef al., 2022] and au-
tonomous systems [Bellemare et al., 2020; Mu ef al., 2024;
Luan et al., 2025]. Yet, the success of RL often relies on
the careful construction of reward functions, a process that
can be both labor-intensive and costly. To solve this issue,
Preference-based Reinforcement Learning (PbRL) emerges
as a compelling alternative [Christiano et al., 2017; Lee et
al., 2021b]. PbRL uses human-provided preferences among
various agent behaviors to serve as the reward signal, thereby
eliminating the need for hand-crafted reward functions.
Existing PbRL methods [Lee er al., 2021b; Park et al.,
2022a; Shin et al., 2023; Kim et al., 2023] focus on enhanc-
ing feedback efficiency, by maximizing the expected return
with minimal feedback queries. However, these methods rely
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on high-quality or even ideal expert feedback, overlooking an
important issue in preference labeling: indistinguishability
of segments. For example, asking humans to specify prefer-
ences between two similar trajectories can be challenging, as
it is difficult for human observers to discern which is superior.
Consequently, the resulting preference labels are often incor-
rect, further degrading the performance of the algorithm [Lee
et al., 2021a)]. Therefore, the segment indistinguishability is-
sue limits the broader applicability of PbRL.

In the field of unsupervised reinforcement learning,
information-theoretic methods have been shown to discover
useful and diverse skills, without the need for rewards [Ey-
senbach et al., 2019; Hansen et al., 2019]. In contrast to the
unlabeled agent behaviors in PbRL, these discovered skills
possess a higher degree of distinguishability, allowing hu-
mans to easily express preferences between different skills.
However, the skill-driven approach has not been fully ex-
plored in PbRL, and how to apply the discovered skills to
preference learning remains unclear. This naturally leads to
the following question:

How can we integrate the skill mechanism with PbRL to
overcome the indistinguishability of segments?

In this work, we aim to provide an effective solution to the
important and practical issue in PbRL: indistinguishability of
segments, by incorporating the skill mechanism. First, we
conduct skill-based unsupervised pretraining to learn useful
and diverse skills. Next, we introduce a novel query selection
mechanism in the learned skill space, which effectively bal-
ances the information gain with the distinguishability of the
query. We name our method as Skill-Enhanced Preference
Optimization Algorithm (S-EPOA). Our experiments demon-
strate the necessity of the above two techniques, showing that
S-EPOA significantly outperforms conventional PbRL meth-
ods in terms of both robustness and learning efficiency.

In summary, our contributions are threefold:

* First, we highlight the critical issue of segment indis-
tinguishability, validate its practical significance through
human experiments, and theoretically analyze the limi-
tations of current mainstream query selection methods,
such as disagreement.

e Second, we propose S-EPOA, a skill-driven reward
learning framework, which selects queries in a highly
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Figure 1: The framework of S-EPOA. In the pretraining phase, we learn diverse skills based on unsupervised skill discovery methods. In the
online training phase, we leverage a novel skill-based query selection method to generate distinguishable queries for non-ideal teachers.

distinguishable skill space to address the segment indis-
tinguishability issue.

 Lastly, we conduct extensive experiments to show that
S-EPOA significantly outperforms conventional PbRL
methods under non-ideal feedback conditions. The re-
sults indicate that by introducing the skill mechanism,
we can effectively mitigate the segment indistinguisha-
bility issue, thereby broadening the application of PbRL.

2 Preliminaries

Reinforcement Learning. A Markov Decision Problem
(MDP) could be characterized by the tuple (S, A, P,r,~),
where S is the state space, A is the action space, P :
S x A — A(S) is the transition function, 7 : S x A — R
is the reward function, and v € [0,1) is the discount fac-
tor balancing instant and future rewards. A policy 7 inter-
acts with the environment by sampling action a from dis-
tribution 7(s,a) when observing state s. The goal of RL
agent is to learn a policy 7 : & — A(A), which max-
imizes the expectation of a discounted cumulative reward:
L(7) = Bppm 3220 7' (1, ar)]-

For any policy 7, the corresponding state-action value
function is Q™ (s,a) = E[Y_pe o V14| St = s, Ay = a, 7).
The state value function is V™ (s) = E[>_7— v*rex|Se =
s, . It follows from the Bellman equation that V™ (s) =

2 aea™(als)Q" (s, a).

Preference-based Reinforcement Learning. In PbRL, the
reward function r is replaced by human-provided preferences
over segment pairs, denoted as 0, o1. A segment o is a con-
tinuous sequence in a fixed length H of states and actions, i.e.
{Sk, @k, Sk+H—-1,0k+H—1}. Preferences are expressed
as one-hot labels y € {(0, 1), (1,0)}, indicating the preferred
segment. All preference triples (o, 01,y) are stored in the
dataset D. The algorithm first estimates a reward function
7y + S X A — R, parameterized by v, using provided pref-
erences, This learned reward function 7y, is then used to train
the policy with standard RL algorithms. To construct 7., we
employ the Bradley-Terry model [Bradley and Terry, 1952;
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Christiano et al., 2017] as follows:

exp 3, Py sy, a)
Zie{0,1} exp ), Ty (s}, at)

Pw[0'1>-00}: (1)

where o1 > 0¢ indicates the human prefer o; than oy. 7 can
be trained by minimizing the cross-entropy loss:

[-:reward(w) = - E {y(O) log Pq/) [0'0 - 0'1}
(00,01,y)~D @)

+ y(l) 10gP¢[01 - 0'0}].

3 Indistinguishability of Segments

In an ideal PbRL scenario, human labelers can give the true
preference between two distinct behaviors. In practice, how-
ever, humans often have to label similar trajectories, which
can lead to mistakes. These errors could reduce the preci-
sion of the trained reward function, and consequently degrade
the performance. We name this labeling issue as the Indis-
tinguishability of Segments. The issue significantly limits
the broad application of PbRL, particularly in safety control
fields [Fulton and Platzer, 2018] where the precision of the
reward function is strictly required.

Human experiments. To validate this issue, we con-
duct human experiments, where human labelers provide pref-
erences between segments with various return differences.
Then, we calculate the match ratio between human labels and
ground truth. Specifically, the human labelers watch a video
rendering each segment and select the one that better achieves
the objective based on the instruction. For example, the in-
struction given to human teachers in the Cheetah_ run task
is to run as fast as possible. The results in Figure 2 shows
that as the return differences decrease, the match rate between
human-labeled and ground truth preferences diminishes, indi-
cating an increase in labeling errors. This confirms the practi-
cal significance of the indistinguishability issue. Please refer
to Appendix C for experimental details.

Furthermore, the segment indistinguishability issue can be
particularly severe when the query selection method priori-
tizes “informative” queries. A representative example is the
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Figure 2: Human-labeled preferences match ratio with ground truth.
As the return differences decrease, labeling errors increase.

Algorithm 1 S-EPOA Framework

Require: frequency of feedback K, number of queries M
per feedback session, total feedback number Nyqta
1: Initialize 7(a|s, z) <~ UNSUPERVISED PRETRAIN
2: for each iteration do
3. if iteration % K == 0 and total feedback < Niotal
then

4 Update trajectory estimator Ry(z) based on Eq. 6
5: forminl-.--M do
6: (00,01) ~ QUERY SELECTION
7: Query the teacher for preference label y
8: Store preference D < D U {(0¢, 01,y)}
9: end for

10: Update the reward model #, using D

11: Relabel replay buffer 13 using 7

12:  endif

13:  if the current episode ends then

14: Update z,, based on Eq. 9

15:  endif

16:  Obtain action a; ~ m(a|s, ziask ) and next state s;41
17:  Store transitions B < B U {(s¢, at, St+1, Py (S, at) }
18:  Sample transitions (s, a, s', ) from B

19:  Minimize Lerite and Locior With 7y

20: end for

disagreement mechanism in PEBBLE [Lee et al., 2021b],
which selects queries based on the highest variance in pre-
dictions from an ensemble of reward models. To illustrate
why this occurs, we conduct the following theoretical analy-
sis. As shown in Proposition 1, the disagreement mechanism
tends to select queries with similar return values, resulting in
segments with similar and often indistinguishable behaviors.

Proposition 1. Let {#'} be an ensemble of i.i.d. reward es-
timators, and (01, 09) be a segment pair with ground-truth
cumulative discounted reward r1 > ro. Suppose ' estimates
the cumulative discounted reward of o; as f; ~ N(rj,c) (c
is a constant), and induces preference

5 exp 74 VY
Pi[O'l - 02] = m = Slngld(Ti — 7"12) (3)

Then the disagreement of induced preference across {7},

i.e. Var[Plo1 = 03], approximately and monotonically in-
creases as the dissimilarity of segment pair A = 11 — 19
decreases.
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4 SKkill-Driven PbRL

To address the issue of segment indistinguishability, we hope
to choose segments with different behaviors. Skill discovery
methods can discover diverse skills, which align with this re-
quirement. In this section, we propose the Skill-Enhanced
Preference Optimization Algorithm (S-EPOA), which lever-
ages skill discovery techniques to enhance PbRL’s reward
learning by selecting distinguishable queries. S-EPOA can
be integrated with any skill discovery method, by introducing
the following two key components:

 Skill-based unsupervised pretraining, where the agent
explores the environment and learns useful skills with-
out supervision (see Section 4.1).

* Skill-based query selection, which can select more dis-
tinguishable queries based on the learned skill space (see
Section 4.2).

We show the overall framework of S-EPOA in Figure 1 and
Algorithm 1.

4.1 SKill-based Unsupervised Pretraining

Previous unsupervised pretraining methods [Lee et al.,
2021b; Park et al., 2022a] aim to help the agent explore the
state space by maximizing the state entropy H (s). However,
these methods often fail to produce clearly distinguishable
behaviors, as the learned policies primarily focus on explo-
ration, rather than diversity. As a result, the queries may be
difficult for human teachers to distinguish. Skill-based unsu-
pervised pretraining addresses this issue by guiding the agent
to discover diverse skills, resulting in more distinct behav-
iors, and enabling the selection of distinguishable queries in
the early training process.

In skill discovery, the policy is in the form of 7(als, 2),
where z € Z denotes the skill and Z represents the skill
space. To ensure that the policies generated by each skill have
distinct behaviors, we aim to maximize the mutual informa-
tion between the policy’s behavior and its skill. For tractabil-
ity, we optimize a variational lower bound, as shown in Eq. 4,
where p is the underlying distribution, and g, is learned via
maximum likelihood on data sampled from p.

I(S; Z) = ]Es,zrvp(sg) [Ing(S|Z)] - ESNp(s) [1ng(5)]
> Es,z~p(s,z) UOg qd,(SlZ)} - ]ESNp(s) [logp(s)}

Skill discovery methods use intrinsic rewards to encourage
agents to explore different behaviors. A typical form of the
intrinsic reward is shown in Eq. 5:

'™ = log gy (s]z) — log p(s). (5)

In this way, after pre-training in this stage, we obtained a pol-
icy in the form of m(als, z). By selecting different skills z,
we can generate segments with diverse behaviors.

4.2 Skill-based Query Selection

In this subsection, we focus on selecting distinguishable
queries to enhance reward learning. To achieve this, the two
segments being compared should come from different skills
with distinct behaviors and performances. We introduce a
trajectory estimator Ry(z) to estimate the expected return of
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Figure 3: Learning curves on locomotion tasks from DMControl, where each row corresponds to a different error rate €, and each column
represents a specific task. SAC serves as an oracle, using the ground-truth reward unavailable in PbRL settings. The solid line and shaded
regions respectively represent the mean and standard deviation of episode return, across 5 seeds.

trajectories generated by skill z, which helps us identify skills
with significant performance differences. The training objec-
tive of Ry (2) is:

2
min Logt (0) = B |Ro(2) = Ernn(on) D fw(s,a)} ,
(s,a)eT
(6)

where 7 is the trajectory generated by z, and 7, is the learned
reward model. In practice, we normalize the targets of Ry(z)
to the range of [0, 1] for training stability. Based on Ry(z),
we define the skill-based selection criteria I (o, o1) for query
(00, 01) with underlying skills (zg, z1):

I(o0,01) = (1 + |Ro(20) — Ro(z1)|)-

(14 Var(Pylor = o)),

where Py, is the probability that reward model prefers o than
09, as defined in Eq. 1. The first term assesses the differ-
ence between the skills, while the second term measures the
reward model uncertainty, which is commonly used in prior
works [Lee et al., 2021b; Liang ef al., 2022]. For training
stability, we normalize both terms to the [0, 1] range and add
1 to balance the two values.

Thus, we propose the skill-based query selection method:
For each query (og, 01), we calculate the skill-based selection
criteria I (oo, 01), and select queries with the highest value.
Based on Eq. 7, this approach not only considers the query’s
uncertainty to maximize the information gain, but also con-
siders the differences between skills, ensuring the segments
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Algorithm 2 QUERY SELECTION

1: Randomly sample N queries (0g, 01), where og, 07 are
segments generated by skills zg, 21

Calculate the difference |Rg(z0) — Ro(21)]

Calculate the uncertainty Var(Py[oo > 01])

Normalize |Rg(z0) — Ro(#1)| and Var(Py[oo > 01])
Calculate I (09, 01) for each query

Select the query with maximum I (o, o1)

SANEANE

have clearly distinguishable skill explanations. The specific
method is illustrated in Algorithm 2.

4.3 Implementation Details

To convert the unsupervised pretraining policy 7(als, z) in
Section 4.1 to PbRL’s policy m(als) in Section 4.2, we at-
tempt to obtain the skill nearest to the current task, i.e., per-
forms the best under the current estimated reward function.
This skill is denoted as zg¢. Intuitively, zsx can be derived
by solving the optimization problem in Eq. 8:

o0
Zask = ArgMAX Ky r(a,)s,,2) > Ai(sa)|  (®)
t=0

Using the learned trajectory estimator Ry(z), we sample N,
skills z; from Z uniformly, and approximate zs with

Zrask = arg leaX{Re (Zl)}fvzzl (9)
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Figure 4: Learning curves on locomotion tasks from Metaworld, with error rate ¢ = 0.2, across 5 seeds.

Based on the above discussion, we obtain the overall pro-
cess of S-EPOA, as shown in Algorithm 1. Firstly, we ini-
tialize the policy with skill-based unsupervised pretraining.
Then, for each feedback session, we update the trajectory es-
timator as in Eq. 6, and select queries based on the skill-based
selection criteria in Eq. 7. The PbRL reward model 7y, is
trained using the selected queries based on Eq. 2. Finally, we
train the critic and actor using the learned reward function 7.

Besides the two key components in Section 4.1 and 4.2, we
also adopt the semi-supervised data augmentation technique
for reward learning [Park et al., 2022a]. To elaborate, we ran-
domly sub-sample several shorter pairs of (¢, 51) from the
queried segments (o, o1, y), and use these (69, 61,y) to op-
timize the cross-entropy loss in Eq. 2. Moreover, we sample
a batch of unlabeled segments (oq, 01 ), generate the artificial
labels ¢, if Py[o¢ = 01] or Pylo1 = o¢] reaches a predefined
confidence threshold.

S Experiments

We design our experiments to answer the following ques-
tions: QI: How does S-EPOA compare to other state-of-
the-art methods under non-ideal teachers? Q2: Can S-EPOA
select queries with higher distinguishability? Q3: Can S-
EPOA be integrated with various skill discovery methods?
(Q4: What is the contribution of each of the proposed tech-
niques in S-EPOA?

5.1 Setup

Domains. We evaluate S-EPOA on several complex
robotic manipulation and locomotion tasks from DMCon-
trol [Tassa et al., 2018] and Metaworld [Yu et al., 2020].
Specifically, We choose 4 complex tasks in DMCon-
trol: Cheetah_run, Walker_run, Quadruped_walk,
Quadruped_run, and 3 complex tasks in Metaworld:
Door_open, Button_press, Window_open. The de-
tails of experimental tasks are shown in Appendix B.1.

Baselines and Implementation. We compare S-
EPOA with several state-of-the-art methods, including PEB-
BLE [Lee et al., 2021bl, SURF [Park et al, 2022al,
RUNE [Liang et al., 2022], and RIME [Cheng ef al., 20241,
a robust PbRL method. We also train SAC with ground
truth rewards as a performance upper bound. For PEBBLE,
SURF, and RUNE, we employ the disagreement query selec-
tion, which performs the best among all the query selection
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methods. In our experiment, we use APS [Liu and Abbeel,
2021a] for unsupervised skill discovery. The impact of skill
discovery methods is discussed in the ablation study. More
implementation details are provided in Appendix B.2 and D.

Noisy scripted teacher imitating humans. Following
prior works [Lee et al., 2021b; Liang et al., 2022], we use
a scripted teacher for systematic evaluation, which provides
preferences between segments based on the sum of ground-
truth rewards. To better mimic human decision-making un-
certainty, we introduce a noisy scripted teacher. When the
performance difference between two policies is marginal, hu-
mans often struggle to distinguish between them, as Section
3 shows. To imitate this, we implement an error mechanism:
if the ground truth returns of two trajectories are nearly iden-
tical, we randomly assign a preference label of O or 1. The
core idea is to evaluate policy performance by comparing the
overall returns of entire trajectories, which aligns with how
humans assess policies based on their overall effectiveness.
Specifically, for a query (¢, o1) with underlying trajectories
(70, 71) and ground truth reward function 7, if

Z re(s,a) — Z ret(s,a)

(s,a)ETo (s,a)€T1

< 6'Ezavg; (10)

arandom label is assigned. Here, R,y is the average return of
the most recent ten trajectories. We refer to € € (0, 1) as the
error rate. For fairness, we constrain that the two segments
in a query come from different trajectories. It is important to
note that our noisy teacher differs from the “mistake” teacher
in B-Pref [Lee et al., 2021al, which randomly flips correct la-
bels. Our teacher only introduces errors in too-close queries.

5.2 Results on Benchmark Tasks

Locomotion tasks in DMControl. Figure 3 shows the
learning curves of S-EPOA and baselines on the four DM-
Control tasks with error rates € € {0.1,0.2,0.3}. S-EPOA
outperforms baselines in most environments and remains ro-
bust under non-ideal conditions, while other PbRL methods
are unstable and even fail.

Robotic manipulation tasks in Metaworld. Figure 4
shows the learning curves for S-EPOA and baselines on the
three Metaworld tasks with ¢ = 0.2. These results further
demonstrate that S-EPOA improves robustness against non-
ideal feedback across diverse tasks.
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Figure 6: Human-labeled preferences match ratio with ground truth.
Queries selected by S-EPOA are more distinguishable than others.

Enhanced query distinguishability. To evaluate that
S-EPOA selects more distinguishable queries, we compare
the ratios of queries that can be distinguished by the noisy
teacher, for both S-EPOA and disagreement query selection
methods. As shown in Table 1, S-EPOA achieves higher dis-
tinguishability ratios across all environments, demonstrating
its effectiveness in selecting easily differentiable queries. To
further assess the distinguishability of queries, we conduct
human experiments. We compare S-EPOA with three state-
of-the-art PbRL methods in DMControl tasks, where labelers
provide 20 preference labels for each run, across 3 random
seeds. As shown in Figure 6, humans find the queries selected
by S-EPOA easier to distinguish. Please refer to Appendix C
for experimental details.

Query visualizations. We visualize the segment pairs se-
lected by both S-EPOA and the disagreement mechanism.
As shown in Figure 7, the pair chosen by the disagreement
mechanism has similar behaviors, while the pair selected by
S-EPOA clearly differs, with oy being preferred. These re-
sults confirm that S-EPOA can select more distinguishable
queries, enhancing both the labeling accuracy of noisy teach-
ers and the quality of human preference labeling.

5.3 Ablation Study

Component analysis. To evaluate the effect of each tech-
nique in S-EPOA individually, we incrementally apply skill-
based unsupervised pretraining and skill-based query selec-
tion to our backbone algorithm. Figure 5(a) shows the learn-

| Disagreement  Skill-based
Cheetah_run 0.3270 0.4839
Walker_ run 0.2448 0.4648
Quadruped_walk 0.3570 0.3800
Quadruped_run 0.2545 0.2856

Table 1: Ratios of queries that can be distinguished by the noisy
scripted teacher for both skill-based and disagreement query selec-
tion methods, with e = 0.3.

# of Queries S-EPOA SURF
500 44425 +£38.94  403.85+116.18
1000 464.36 £37.04  438.29 £95.56
2000 506.57 £19.24  488.33 +£21.78
10000 568.86 £ 197.01  468.49 +22.92

Table 2: Performance of S-EPOA and SURF using different num-
bers of queries, under € = 0.3.

ing curves on the Quadruped_run task with error rate
e = 0.3. First, skill-based unsupervised pretraining sig-
nificantly boosts performance, for both skill-based (red vs.
green) and disagreement-based query selection (orange vs.
blue). This improvement is because the pretrained policy
generates diverse behaviors, which leads to a better reward
function. Additionally, skill-based query selection enhances
results (red vs. orange), as it selects more distinguishable
queries, enabling the agent to obtain more accurate labels.
In summary, both components of S-EPOA are effective, and
their combination is crucial to the method’s success.

Enhanced learning efficiency under the ideal teacher.
Under the ideal scripted teacher (e = 0), S-EPOA can also
significantly enhance learning efficiency. As shown in Fig-
ure 5(b), S-EPOA converges faster and achieves better final
performance. This advantage results from selecting skills
with high distinguishability, highlighting the robustness and
effectiveness of our approach.
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Query selected by disagreement method

Figure 7:
Quadruped_ run task, with error rate € = 0.3.

Integrate S-EPOA with other skill discovery methods.
To show that S-EPOA is integratable with various skill learn-
ing methods, we replace APS with DIAYN [Eysenbach et
al., 2019] and CIC [Laskin et al., 2022], which are typical
and commonly used skill discovery methods. The details of
these methods are shown in Appendix D. As is shown in Fig-
ure 5(c), the performance is consistent and similar across all
skill discovery methods, which demonstrates that S-EPOA is
compatible with various skill discovery methods.

Enhanced query efficiency. We compare the performance
of S-EPOA and SURF using different numbers of queries. As
is shown in Table 2, S-EPOA outperforms SURF consistently,
even if only 500 queries are provided, which demonstrates the
ability of S-EPOA to make better use of the limited queries.

Effect of data augmentation in S-EPOA. We conduct an
ablation study to evaluate the impact of data augmentation in
S-EPOA. Figure 5(d) shows that without data augmentation,
both S-EPOA and the baselines (PEBBLE as the backbone)
show similar performance deficiencies. This highlights the
importance of data augmentation for achieving optimal per-
formance, while it is not the sole factor in our method’s suc-
cess and does not undermine the innovation of our approach.

6 Related Work

Preference-based reinforcement learning. PbRL enables
humans (or supervisors in other forms, like script teachers)
to guide the RL agent toward desired behaviors by provid-
ing preferences on segment pairs, where the feedback effi-
ciency is a primary concern [Lee ef al., 2021b; Park et al.,
2022a]. Prior works improve the feedback efficiency from
various perspectives. Some works focus on the query se-
lection scheme, trying to improve the information quality
of queries [Ibarz er al., 2018; Biyik er al., 2020; Hejna III
and Sadigh, 2023]. Some works integrate unsupervised pre-
training to avoid the waste on initial nonsense queries [Lee
et al., 2021b]. Some works augment queries from humans
to better utilize limited human feedback [Park et al., 2022a;
Liu et al., 2023]. These methods depend on reliable feedback.
However, humans could make mistakes, especially when the
segment pair for comparison is slightly different, which re-
stricts and even harms the performance in practice [Lee et al.,
2021a; Cheng et al., 2024].

Unsupervised pretraining for RL. Unsupervised pretrain-
ing has been well studied in RL [Xie et al., 2022], where un-
labeled data (i.e., transitions without task-specific rewards)
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Visualization of segment pairs selected by (a) disagreement mechanism and (b) skill-based mechanism, under the

are used to learn a policy or set of policies that effectively ex-
plore the state space through intrinsic rewards. The method
to calculate the intrinsic reward varies in different unsuper-
vised pretraining works, including uncertainty measures like
prediction errors [Pathak er al., 2017; Pathak et al., 2019;
Burda et al., 2019], state entropy [Hazan ef al., 2019; Liu
and Abbeel, 2021b], pseudo-counts [Bellemare et al., 2016;
Ostrovski ef al., 2017] and empowerment measures like mu-
tual information [Eysenbach et al., 2019; Sharma et al., 2020;
Liu and Abbeel, 2021a; Park et al., 2022b; Park et al., 2023].
The learned policy could serve as a strong initialization for
downstream tasks, enhancing the sample efficiency in multi-
task and few-shot RL.

Unsupervised skill discovery methods. Unsupervised
skill discovery methods are a subset of unsupervised pretrain-
ing methods, which use empowerment measures as the intrin-
sic reward, trying to discover a set of distinguishable primi-
tives. Mutual information I(s, z) is a common choice for the
empowerment measure, where s is a state, and z is a latent
variable indicating the skill. Some studies consider the re-
verse form I(s, z) = H(z)— H(z|s) [Eysenbach et al., 2019;
Park et al., 2022b], which train a parameterized skill discrim-
inator ¢(z|s) together with the policy. On the other hand, the
forward form I (s, z) = H(s) — H(s|z) [Sharma et al., 2020;
Liu and Abbeel, 2021a; Laskin et al., 2022] can be integrated
with model-based RL and state entropy-based unsupervised
pretraining algorithms. Additionally, some studies design the
skill latent space for unique properties by parameterizing the
distribution ¢g(z|s) or ¢(s|z). VISR [Hansen ez al., 2019] and
APS [Liu and Abbeel, 2021a] let the latent z be the succes-
sor feature to enable fast task inference. LSD [Park et al.,
2022b] and METRA [Park et al., 2023] bind the distance in
state space and latent space to force a significant travel dis-
tance in a trajectory, thereby capturing dynamic skills.

7 Conclusion

This paper presents S-EPOA, a robust and efficient PbRL al-
gorithm designed to address the segment indistinguishability
issue. By leveraging skill mechanisms, S-EPOA learns di-
verse behaviors through unsupervised learning and generates
distinguishable queries through skill-based query selection.
Experiments show that S-EPOA outperforms PbRL baselines
in robustness and efficiency, with ablation studies confirm-
ing the effectiveness of skill-based query selection. In future
work, we aim to extend S-EPOA to broader applications.
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