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Abstract

Model-Based Reinforcement Learning (MBRL)
faces challenges with scalability and sample ef-
ficiency, especially in multi-task and spare re-
ward settings. Using unlabeled trajectory data
as pretraining is a promising method for skill ab-
straction, enabling better exploration. This pa-
per introduces Model-based Skill Abstraction us-
ing Unlabeled Data (MoSAUD), a hierarchical
reinforcement learning framework that combines
model-based planning and skill pretraining. In
the offline phase, low-level skills are extracted
from unlabeled segments of the trajectory using
a variational autoencoder, while a skill dynamics
model is trained for the state space at the same
time. In the online phase, a high-level policy
learns to put together these reusable, pretrained
skills while being guided by optimistic reward es-
timates and model predictive control (MPC). Eval-
uations on the FrankaKitchen benchmark show
MoSAUD?’s ability to adapt to sparse-reward and
long-horizon environments. Overall, this frame-
work showcases the potential of skill abstrac-
tion and model-based Reinforcement Learning.
Our code is available here: https://github.
com/aarontrinh02/MoSAUD. Our video
is available here: https://tinyurl.com/
drlmosaud.

1. Introduction

Reinforcement Learning (RL) has been proven successful in
solving complex tasks, however, its scalability and efficiency
remain constrained when applied to diverse environments
and sparse reward scenarios. Inspired by unsupervised pre-
training across domains like language and vision (Devlin
etal., 2018; He et al., 2022), we are trying to explore how
pretraining and model-based planning can be combined to
create more efficient RL. Unlike supervised learning, RL
requires agents to iteratively improve through exploration.
Therefore, methods that can both learn transferable repre-
sentations and facilitate effective exploration are crucial for
such techniques.

Unlabeled trajectory data captures diverse behavioral pat-
terns across environments and thus provides a valuable re-
source for pretraining in RL. However, utilizing these data
imposes two major challenges: (1) disentangling general
knowledge of the environment from task-specific behaviors
and (2) transforming this knowledge into actionable insights
for solving new tasks. Previous approaches have addressed
these challenges by learning low-level skills from trajectory
data, but those approaches have mostly ignored the utility
of the same data for high-level policy learning during online
interactions. To bridge this gap, we introduce a hierarchical
approach that fully leverages unlabeled trajectory data for
both skill pretraining and online exploration. In this work,
we present MoSAUD, an algorithm that aims to utilize such
trajectories efficiently.

Our method integrates Skills from Unlabeled Prior Expe-
rience (SUPE) (Wilcoxson et al., 2024) with a learned dy-
namics model to create a framework to apply RL in long
horizon and sparse-reward settings. In the offline phase, we
employ SUPE to extract task-agnostic low-level skills from
trajectory segments using a variational autoencoder (VAE)
(Kingma and Welling, 2014). These skills will be used in
the online phase, where Model Predictive Control (MPC) is
used to select and compose these pretrained skills efficiently.
By planning in the latent skill space, our method abstracts
long action sequences, reduces the complexity of decision-
making, and enables effective exploration via optimistic
reward estimates.

Our framework offers two key benefits: (1) the low-level
skills enable robust execution of meaningful behaviors, and
(2) the model-based planning over skills accelerates learning
by focusing on high-reward trajectories. By evaluating our
method in the Kitchen environment, we demonstrate its
performance over existing baseline RL approaches in sparse-
reward and multi-task environments.

To summarize, the key contributions of our work are as
follows:

¢ We introduce MoSAUD, a new framework that com-
bines unsupervised skill pretraining and model-based
planning to address the challenges of reinforcement
learning in diverse and sparse-reward environments.
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* Through MoSAUD, we develop a hierarchical ap-
proach that leverages pretrained skills for both effi-
cient exploration and high-level policy learning during
online interactions.

* We demonstrate some performance improvements over
baseline methods in challenging sparse-reward and
multi-task environments, highlighting the scalability
and robustness of our approach.

2. Related Work

Model based reinforcement learning. Traditional model-
based reinforcement learning (MBRL) is a subfield of RL
where agents create internal models of their environment’s
dynamics p(s;y1|st, a;) to predict future states and rewards.
By simulating interactions with the dynamics model, agents
are able to plan without relying on exploring (and poten-
tially failing) in the environment. An early example was the
Dyna architecture (Sutton, 1991), which combined direct
RL with model learning. The framework allowed agents to
improve sample efficiency by updating policies with both
real and simulated experiences. Subsequent advances like
PILCO (Deisenroth and Rasmussen, 2011) were developed,
employing probabilistic models. In recent years, MBRL
has seen significant advances with methods like Temporal
Difference Model Predictive Control (TD-MPC) (Hansen
et al., 2022) and Dreamer (Hafner et al., 2019). TD-MPC
integrates temporal difference with model predictive control
(MPC), using a learned latent dynamics model for local tra-
jectory optimization in addition to a terminal value function
for long-term return estimation. Another notable MBRL
algorithm, Dreamer, learns a “world model” to create a com-
pact representation of the agent’s environment in a latent
space. It then learns behavior by imaging trajectories in its
latent world model.

Unsupervised skill discovery in RL focuses on enabling
agents to autonomously learn a diverse set of behaviors with-
out reward signals via structured, reusable skills that can be
applied to various tasks. Early methods in this domain such
as Variational Intrinsic Control (Gregor et al., 2016) intro-
duced the idea of maximizing mutual information between
skills and their resulting trajectories to encourage distinct
behaviors. Building on this, the Option-Critic architecture
(Bacon et al., 2016) provided a framework for learning
“options” (essentially temporal abstractions) directly from
the interaction data, facilitating hierarchical learning. The
field then moved towards emphasizing learning a diverse
set of distinguishable skills with Diversity is All You Need
(Eysenbach et al., 2018) and Contrastive Intrinsic Control
(Laskin et al., 2022) where contrastive learning was used
to maximize mutual information between states and latent
skills, creating more distinct behaviors. Additionally, newer
methods like Disentangled Unspervised Skill Discovery (Hu

et al., 2024) focus on learning disentangled skills, where
each skill component only affects specific factors in a state.
Another notable contribution is Skills from Unlabeled Prior
data for Exploration (SUPE) (Wilcoxson et al., 2024), which
combines offline unsupervised skill pretraining with online

Offline to Online RL is a paradigm that uses pre-collected
offline data to initialize a policy, which is then iteratively
improved via online interactions. The most fundamental
version of this approach involves pre-training a policy with
offline RL on the offline dataset, and then fine-tuning it
with an online RL method on new interactions. However,
this approach often fails because the offline RL objectives
constrain the policy too much to prior data, significantly lim-
iting the agent’s online exploration capabilities. To address
this, multiple methods have been proposed. An example is
Ensemble-based Offline-to-Online RL (Zhao et al., 2023)
which uses multiple Q-networks to transition from offline
pretraining to online finetuning with minimal performance
loss. This is done by adjusting the amount of pessimism
in Q-value estimation in addition to exploration methods
utilizing ensemble techniques. Another notable method is
Adaptive Policy Learning (Zheng et al., 2023) which ap-
plies pessimistic updates for offline dataset, but optimistic
updates for online dataset. Ultimately, these algorithms pro-
vide frameworks to balance exploiting offline data while
also exploring sufficiently in an online setting.

3. Problem Formulation

We consider a Markov Decision Process (MDP) charac-
terized by a tuple (S, A, T,R,7,p0), where S € R”
and A € R™ are continuous state and action spaces.
T :S5x Ax S — Ry is the transition (dynamics) function,
R : S x A+ Ris the reward function, v € [0,1) is the
discount factor, and pg is the initial state distribution.

We assume access to a dataset of transitions D =
{(s4, a4, 8,)};, where transitions are collected from the
same MDP without reward labels. During the offline phase,
our goal is to extract reusable skills (defined as a sequence of
actions) from this unlabeled dataset using a trajectory Varia-
tional Autoencoder (VAE) (Kingma and Welling, 2014). In
the online phase, the agent interacts with the environment
and learns a high-level off-policy policy mhign(g | s) that
selects which skill g € G to execute every H steps. The aim
is to accelerate task learning by leveraging pre-extracted
skills for efficient exploration and reward collection in the
environment.

Unlike traditional reinforcement learning (RL) setups, the
agent begins with zero knowledge of the reward function
and must actively explore the environment to identify the
task by receiving rewards through interactions. The dataset
D is leveraged to guide exploration and efficiently collect
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reward information during the online phase. The objective is
to output a well-performing policy 7 (a | s) that maximizes
the cumulative return:

0o
77(7() = ]ESONPO7atN7T(at‘St)75t+1~T(3t+1‘5tvat) [Z ryt,R’(St’ at)

t=0

This formulation differs from zero-shot RL settings, where
the reward function is specified only during evaluation. In
our setting, the reward function is unknown, requiring the
agent to actively interact with the environment to identify
the task.

Model Predictive Control. In actor-critic reinforcement
learning (RL) algorithms, the policy 1I is typically repre-
sented by a neural network, which approximates Iy (-|s) ~
arg max, E[Qg(s,a)] Vs € S, aiming to approximate the
globally optimal policy. In contrast, control theory tradition-
ally implements II as a trajectory optimization procedure.
To ensure computational feasibility, this is often solved lo-
cally at each time step ¢, by finding an optimal sequence
of actions at : ¢t + H over a finite horizon H, and then exe-
cuting only the first action at. This approach is known as
Model Predictive Control (MPC):

YPC(s,) = arg max E
At:t+H

H .
Z ’YZR(SZ', ai)‘| .
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A solution involves iteratively fitting distribution parameters
(e.g., i, o for a multivariate Gaussian with diagonal covari-
ance) to the action space over a finite horizon using the
derivative-free Cross-Entropy Method (CEM; Rubinstein
(1997)) and model-generated trajectories.

4. MoSAUD

In this section, we describe MoSAUD, which utilizes a
dataset of unlabeled trajectories. Our method requires two
phases. First, in the offline pretraining phase, we extract
reusable skills and learn the skill dynamics model. Then,
in the online phase, we learn a high level policy from both
the offline data and online experience, leveraging the skill
dynamics model for model predictive control (MPC) in the
skill space. Our method is described in Algorithm 1.

Unlabeled trajectories. First, we note that our setting is
different from offline-RL because our dataset consists of
N state-action trajectories D = {1, - , 7y }, where each
trajectory has the form 7 = {sg, ag, - ,Sg—1,a8-1,SE},
letting E denote the length of an episode. Since our dataset
lacks reward labels (unlabeled), we cannot use traditional
offline-RL methods to learn the policy. Additionally, the
dataset does not necessarily contain expert demonstrations,

so learning naively with behavior cloning will not lead to
an optimal solution.

SKkill extraction. To extract reusable skills, we define a skill
as a fixed length H sequence of actions (ag,- - ,am—1).
Following prior methods, we learn a VAE (Kingma and
Welling, 2014) to encode sequences of actions into a la-
tent skill z (Pertsch et al., 2020). The H length trajectory
7 = {s0,a0, - ,SH—1amg—1} is embedded to the latent
skill through the VAE encoder, gy (z|7), and the actions are
reconstructed through the skill policy 7y (als, z). Following
(Pertsch et al., 2020), we also learn a state-dependent skill
prior py(z|s) to guide the agent in exploring plausible skills
over the large skill distribution. We follow the implemen-
tation of SUPE (Wilcoxson et al., 2024), where the skill
extraction loss is shown in Equation 1.

Lo = BDrr.(qo(2|7)||po(2]50)) (D

H
— Bongo(zln) [Z log mg(an|sn, Z)]

h=0

Skill Dynamics Model. To facilitate efficient learning in
the skill space, we also learn a dynamics model from the
offline data. Different from most methods, however, we
follow (Shi et al., 2022) by employing a model that plans in
the skill space. Given the current state s; and latent skill z;,
the skill dynamics model Dy (s, 2;) predicts the state after
the skill execution, s, ;7. By planning in the skill space, our
framework can accurately plan over long horizons, reducing
compounding errors that arise when using single-step dy-
namics models for long horizon planning. We also update
the dynamics model online for more accurate predictions.
Practically, we batch the offline and online data together
for updates (see Algorithm 1 for more details). The skill
dynamics loss is shown in Equation 2.

‘C¢ = ESthStJrHND [||D¢>(St7 Zt) - StJrH”%] (2)

Online learning. To effectively use our unlabeled tra-
jectories as off policy data, we follow (Li et al., 2023)
to relabel the offline data with an optimistic reward esti-
mate, ryop (S, 2). Additionally, following (Wilcoxson et al.,
2024), we use a reward bonus for the online data, which
encourages exploration. We use the implementation from
(Li et al., 2023), where we first update a reward network
with the loss:

Ly, = |lry(s0,2) = 713 ®)

Then, Random Network Distillation (RND) (Burda et al.,
2018) initializes two networks f¢(s, ) and fe(s, z), each
outputting an L dimensional feature vector. fe(s, z) is kept
frozen while the other network is updated to minimize the
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Algorithm 1 MoSAUD

Require: Unlabeled dataset of trajectories D, trajectory segment length H and batch size B

1: for each pretraining step do

2:  Sample a batch of trajectory segments of length H, {7, - - -

, 75} from D

3:  Optimize the skill policy 7y (als, z), the trajectory encoder gg(z|7), along with the state-dependent prior py(z|s) with

the VAE loss 2?:1 Lo(T;).
4: end for
5: Dreplay «—0
6: Initialize the optimistic reward module rycg(s, 2)
7. for every H online environment steps do
8:  Sample the trajectory latent z ~ 7y (2|s) from CEM

9:  Run the skill policy 7y (a|s, z) for H steps in the environment: {sg, ag, 70, ,SH }

10:  Add the high-level transition to buffer Dyeplay <= Dreplay U { (S0, 2, SH, Zfigl
11:  Sample a batch of trajectory segments of length H, {7y, - -

[yiri)}

, 75} from D

12:  Encode each trajectory segment using the trajectory encoder: 2¢ ~ gy (z|7;)
13:  Use gp and rycp to transform each unlabeled trajectory segment into a high-level transition with pseudo-labels:

B

51 "'L

Bofﬁme - {(SOa T SH)
14:  Sample batch Bypjipne from Dreplay

15:  Run off-policy RL update on Boniine U Bofiine to train my (z|s)

16:  Update L4 on Boniine U Boine
17: end for

Ensure: A hierarchical policy consisting of a high-level 7y (z|s) and low-level 74 (als, 2)

mean-square error loss between the predicted and frozen

features on each new transition (sg™, 2"V, 7"V, s7V):

££ — ||f£( new7 new) o j?g(snew7 new)||2 (4)

This forms an estimate about the uncertainty of the current
state action pair, which can be used to form the optimistic
reward estimate to guide exploration:

rucs(s, ) < ru(s0, 2)+al| fe(sg™, 2"V) = fe (", 2" |3

&)
where « is a hyperparameter controlling the inclination
toward exploration.

During the online phase, our framework learns a high-level
agent that acts in the skill space, deciding which skills to use
every H steps, using the skill policy 7y (als, z) for low level
actions between skills. We follow the implementation of
SUPE (Wilcoxson et al., 2024), using an SAC agent my; (z|s)
(Haarnoja et al., 2017) for high-level skill selection.

To aid in efficient policy learning, we leverage the learned
dynamics model Dy (s, z;) for planning with imaginary
rollouts, using the high level policy to guide trajectories,
following TD-MPC (Hansen et al., 2022). We use model
predictive control (MPC) for skill selection, replanning with
the cross entropy method (CEM) (Rubinstein, 1997) at each
skill step after performing the first skill in the plan. To
evaluate the plan, we use the learned reward model r,,(sq, 2)
to estimate the rewards of the executed skills in the planning
horizon and directly use the learned Q-value from the SAC
critic for an estimate of the return beyond the plan. This

procedure is described in Algorithm 2 (taken from (Shi et al.,
2022)).

Algorithm 2 CEM Planning
Requlre 0,1, ¢, v : learned parameters, s;: current state
1 ul,0%« 0,1
2: fori=1,..., Ncgm do
3:  Sample Ngmpee trajectories of length N from
N(,ui_l, (o.i—l)z)
4:  Sample N trajectories of length N using 7y, Dy,
:  Estimate N-step returns of Ngmple + Ny trajectories
using r,,, Qq/,
Compute p?, o with top-k return trajectories
end for
Sample a skill z ~ N (e (gNeew)2)
return z

LR

5. Experiments

Our experiments aim to evaluate whether our approach can
efficiently learn an optimal strategy under long-horizon envi-
ronments with sparse rewards by leveraging skill abstraction,
offline data, and planning. We aim to address the following:

1. Does planning in the skill space with the skill dynam-
ics model lead to faster convergence for long horizon,
sparse reward tasks compared to prior methods?

2. How does the availability of relevant, task-specific
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Figure 1. Total return across the three Kitchen tasks versus Skill Steps (Environment Steps x H. Ours achieves earlier convergence
on kitchen-complete; ours is in green, SUPE is in yellow. Ours and SUPE achieve approximately equal performance on kitchen-partial;
ours is in green, SUPE is in pink. SUPE achieves better performance on kitchen-mixed; ours is in blue, SUPE is in pink.

offline data affect prediction accuracy of the dynamics
model?

5.1. Tasks

Kitchen FrankaKitchen is a standard benchmark from
DA4RL (Fu et al., 2020) where the Franka robotic arm per-
forms various tasks in a simulated kitchen. The tasks to
be completed are Microwave, Kettle, Light Switch, Sliding
Cabinet Door in sequence. This is a sparse reward task,
with a reward of 1 for completing each sequential task and
0 otherwise. There are three associated datasets, kitchen-
complete, kitchen-partial, and kitchen-mixed. Kitchen-
complete is the simplest and contains demonstrations of
the four required tasks successfully completed sequentially.
kitchen-partial only contains some demonstrations of the
four required tasks successfully completed sequentially, but
also contains additional tasks mixed in with these demonstra-
tions. kitchen-mixed contains no successful demonstrations
of the four tasks completed in sequence and only contains
additional tasks mixed in. For our setting, we remove the
reward labels in the offline data

5.2. Baselines

Our baseline is SUPE (Wilcoxson et al., 2024), the paper
that our work is built off of. SUPE extracts reusable skills
offline with the trajectory VAE and utilizes the offline data
by assigning it an optimistic reward estimate. Different from
our method, however, they do not learn a skill dynamics
model to plan in the skill space.

5.3. Results
Our results are summarized in Figure 1.

kitchen-complete. We demonstrate significantly faster con-
vergence to the optimal policy on this task compared to
SUPE. Our method is able to successfully learn a skill dy-
namics model with low prediction error, allowing it to use
planning for more sample efficient learning.

kitchen-partial. We demonstrate approximately equivalent
performance in terms of sample efficiency and total reward
to SUPE on this task. Our method likely suffers during
training of the skill dynamics model due to the decreased
availability of task-specific offline data. Thus, compounding
prediction errors lead our method to perform similarly to
model-free control.

kitchen-mixed. Our method is outperformed by SUPE
in terms of both total reward and sample efficiency. Due
to unavailability of task-specific, sequentially ordered data
relevant to the tasks, this suggests that our skill dynamics
model fails to learn accurate state predictions, leading to
errors when planning under long horizons.

6. Discussion

In this work, we propose a novel method for efficient re-
inforcement learning, MoSAUD. We follow prior works
to leverage offline data for (1) skill extraction, (2) learn-
ing a dynamics model, and (3) off policy data. While we
find that our method outperforms current methods in some
tasks in terms of sample efficiency, it underperforms in
other domains. We believe this is due to the effectiveness
of the dynamics model pretraining; kitchen-complete has
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the dataset with the most offline data available and useful
for model pretraining while kitchen-mixed has much more
data that can corrupt the dynamics model with transition
prediction errors. Additionally, there is less relevant data
for learning the dynamics model on the correct sequence of
tasks, leading to higher prediction error on kitchen-mixed.
The framework of skill learning is a promising avenue for
sample efficiency, and we advance its applicability by fur-
thering this direction on unlabeled prior data.
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