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Abstract

Inspired by the recent success of sequence modeling in RL
and the use of masked language model for pre-training, we
propose a masked model for pre-training in RL, RePreM
(Representation Pre-training with Masked Model), which
trains the encoder combined with transformer blocks to pre-
dict the masked states or actions in a trajectory. RePreM is
simple but effective compared to existing representation pre-
training methods in RL. It avoids algorithmic sophistication
(such as data augmentation or estimating multiple models)
with sequence modeling and generates a representation that
captures long-term dynamics well. Empirically, we demon-
strate the effectiveness of RePreM in various tasks, including
dynamic prediction, transfer learning, and sample-efficient
RL with both value-based and actor-critic methods. More-
over, we show that RePreM scales well with dataset size,
dataset quality, and the scale of the encoder, which indicates
its potential towards big RL models.

Introduction

Reinforcement learning (RL) has achieved great success in
solving various decision-making tasks [Mnih et al. 2015;
Silver et al. 2016; Arulkumaran, Cully, and Togelius 2019;
Jumper et al. 2021]. Yet, the sample inefficiency issue [Tsi-
vidis et al. 2017] and the overfitting problem [Zhang et al.
2018] impede its further application to real-world scenar-
ios. In contrast, humans can typically learn more efficiently
and robustly than current RL algorithms. The gap is resulted
from the fact that existing RL algorithms usually start learn-
ing tabula rasa without any prior knowledge [Schwarzer
et al. 2021; Hutsebaut-Buysse, Mets, and Latré 2020]. As
aresult, it requires a large number of samples to learn mean-
ingful representations [Dubey et al. 2018; Lake et al. 2017].

In this paper, we consider learning state representa-
tions that incorporate rich knowledge by unsupervised pre-
training from offline datasets. While unsupervised pre-
training methods have achieved great success in natural lan-
guage processing (NLP) [Devlin et al. 2018; Brown et al.
2020] and computer vision (CV) [Henaff 2020; He et al.
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2020; Grill et al. 2020; Chen et al. 2020], they are relatively
underexplored in RL. The main benefit of pre-trained repre-
sentations is that they can be used for sample-efficient learn-
ing for various downstream tasks such as dynamics predic-
tion, transfer learning, and reinforcement learning with dif-
ferent algorithms and different reward functions.

However, existing methods that generate pre-trained rep-
resentations suffer from the following limitations: 1) They
are algorithmically complex. Some of these methods, espe-
cially those based on self-supervised learning, rely on hand-
crafted data augmentation that needs specific domain knowl-
edge [see e.g., Stooke et al. 2021; Schwarzer et al. 2021],
while others are based on the world model and require ad-
ditional networks to model latent transition or reward func-
tions [see e.g., Seo et al. 2022]. 2) We find that, although
several techniques, such as goal-conditioned RL [Schwarzer
et al. 2021] and RSSM [Hafner et al. 2019b], are designed
to encourage representations to incorporate the information
over the multi-step dynamics in the future, previous methods
cannot predict long-term dynamics accurately, which limits
their performance (see our later experiments).

Recently, sequence modeling (mostly with Transformer)
has achieved great success in RL [Chen et al. 2021; Jan-
ner, Li, and Levine 2021]. This approach can avoid algorith-
mic sophistication by following the RvS (RL via supervised
learning) paradigm [Emmons et al. 2021] and extract long-
term information more effectively by learning the whole se-
quence. However, most previous work on sequence model-
ing for RL focuses on the offline RL setting [Chen et al.
2021; Janner, Li, and Levine 2021; Reed et al. 2022; Fu-
ruta, Matsuo, and Gu 2021; Akhmetov et al. 2022; Xu et al.
2022], where the agent’s performance is limited by the qual-
ity of the offline datasets. There are two exceptions [Zheng,
Zhang, and Grover 2022; Lee et al. 2022] that fine-tune the
models pre-trained from offline datasets. However, these two
methods use the full pre-trained model instead of the repre-
sentation, which limits the variety of applicable downstream
tasks.

To effectively learn presentations that offer flexibil-
ity to downstreaming RL tasks, we propose RePreM
(Representation Pre-training with Masked Model) that pre-
trains the encoder to predict the masked states or actions in



the offline trajectories with the help of transformer blocks
[Vaswani et al. 2017]. Specifically, we treat the trajectory
(s1,a1, 82, as, -+ ) as a sequence and randomly mask a pro-
portion of states or actions in the sequence. Then, we gener-
ate the representations of the states/actions in the sequence
with the corresponding encoder and feed these represen-
tations to the transformer blocks. We train the encoders
and the transformer blocks to predict the embedding of
the masked states/actions with a contrastive loss. Predict-
ing the masked states and actions with a uniform encoder-
transformer architecture nicely corresponds to the role of
the forward and inverse transition models designed in pre-
vious pretraining tasks (see, e.g., [Yang and Nachum 2021;
Schwarzer et al. 2021]). When a specific downstream task
is given, we build the corresponding networks (e.g., the pol-
icy or the value network) simply by appending several MLP
layers to the fixed state encoder. In this way, we can achieve
superior performance on various of tasks sample-efficiently.

RePreM is motivated by the repeated success achieved by
similar architectures (i.e., transformer blocks combined with
the masked model) in NLP [Devlin et al. 2018; Song et al.
2019] and CV [Carion et al. 2020; Dosovitskiy et al. 2020]
for sequential information processing where long-range data
dependency matters, a successful example of which is BERT
[Devlin et al. 2018]. Compared to previous methods that re-
quire data augmentation or modeling the transition/reward
process explicitly, RePreM is simple since it learns the state
encoder with only transformer blocks and a self-supervision
loss that predicts the masked elements. Furthermore, with
the help of sequence modeling, the pre-trained encoder by
RePreM can capture the long-term dynamics effectively.

We conduct extensive experiments on Atari games [Belle-
mare et al. 2013] and DeepMind Control Suite (DMCon-
trol) [Tassa et al. 2018]. We show that our pre-trained state
encoder enables sample-efficient learning on several down-
stream tasks including dynamic prediction, transfer learn-
ing, and sample-efficient RL. For dynamic prediction, our
encoder results in a smaller prediction error than the base-
lines, especially for long-horizon predictions, which demon-
strates that RePreM can capture the long-term dynamics ef-
fectively. For transfer learning, we pre-train the encoder on
the data from a set of 24 Atari games and successfully trans-
fer the representation to unseen games. For sample-efficient
RL, we evaluate the pre-trained representation with the 100k
benchmark (where the agent is only allowed to interact with
the environment for 100k steps) proposed by Kaiser et al.
[2019]. The results show that the representation learned by
RePreM boosts Rainbow (a value-based method) [Hessel
et al. 2018] and SAC (an actor-critic method) [Haarnoja
et al. 2018], and achieves superior performance in Atari and
DMControl respectively. Moreover, we show that the perfor-
mance of RePreM scales well with the volume of the dataset,
the quality of the dataset, and the size of the encoder. This
indicates that this BERT-style pre-training method has great
potential in learning representations to extract rich prior
knowledge from big data. Finally, we conduct ablation stud-
ies on different designs of RePreM.

The contributions of our paper are summarized as follows:

* We propose a simple yet effective pre-training method
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called RePreM (Representation Pre-training with
Masked Model) that incorporates rich information and
captures long-term dynamics for the representations in
RL. To the best of our knowledge, we are the first to
adopt BERT-style representation pre-training in RL.

* We conduct extensive experiments and show that
RePreM can generate representations that enable sample-
efficient learning in various downstream tasks. Specif-
ically, we achieve state-of-the-art performance on the
Atari-100k benchmark. Moreover, we show that its supe-
rior performance comes from its ability to capture long-
term dynamics and it scales well with the dataset vol-
ume/quality and the encoder size.

Related Work

Representation learning in RL. The studies on repre-
sentation learning in RL can be broadly divided into two
categories: representation learning along with online RL
(e.g., [Schwarzer et al. 2020]) and pre-training representa-
tions based on offline data (e.g., [Schwarzer et al. 2021]).
The objective of representation learning in RL is to gen-
erate generalizable representations that can aggregate sim-
ilar states. However, some of the previous methods ignore
the relationship between one state and other states or ac-
tions in the trajectory. Therefore, the resultant representa-
tions do not contain information about the environmental
dynamics. Examples of this type include reconstruction-
based methods [Jaderberg et al. 2016; Yarats et al. 2019]
and data augmentation-based methods [Bachman, Hjelm,
and Buchwalter 2019; Laskin, Srinivas, and Abbeel 2020;
Stooke et al. 2021]. Other methods incorporate the dynamics
to representations with bisimulation/other abstraction tech-
niques [Castro 2020; Zhang et al. 2020; Liu et al. 2020],
prediction-based approaches [Gelada et al. 2019] or Lapla-
cian representations [Mahadevan and Maggioni 2007; Wu,
Tucker, and Nachum 2018]. However, these methods only
consider the one-step transition dynamics and therefore can-
not incorporate the long-term dynamics into the representa-
tion. To capture long-term dynamics, recent methods adopt
techniques such as predicting multiple steps in the future
[Schwarzer et al. 2020], goal-conditioned RL [Schwarzer
et al. 2021], recurrent architecture [Guo et al. 2020], or re-
current state space model (RSSM) [Hafner et al. 2019a,b,
2020]. Nevertheless, these methods are complex due to the
reliance on multiple models and loss functions. In contrast,
our method is simple (only with an additional transformer
structure trained by the masked prediction task) and better
captures the long-term dynamics.

Sequence Modeling in RL. Recently, motivated by the suc-
cess of sequence modeling in NLP, researchers have begun
to adopt it to RL. Decision Transformer [Chen et al. 2021]
and Trajectory Transformer [Janner, Li, and Levine 2021]
first use the transformer structure [Vaswani et al. 2017] to
model the RL agent. However, most of the work focuses
on offline RL [Reed et al. 2022; Furuta, Matsuo, and Gu
2021; Akhmetov et al. 2022; Xu et al. 2022] or online RL
[Parisotto et al. 2020; Banino et al. 2021]. Two exceptions
are Zheng, Zhang, and Grover [2022] and Lee et al. [2022]
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Figure 1: Unsupervised pre-training phase and the task-specific reinforcement learning phase of our method.

that consider the pre-training setting and fine-tune the pre-
trained model as the agent/policy later. Different from these
methods that use the pre-trained model, we aim to learn
a pre-trained encoder, and this approach has two benefits:
First, pre-trained representation is more portable for vari-
ous downstream tasks. Second, since we only take the en-
coder from the pre-training phase, we can adopt simpler and
more efficient bi-directional models instead of autoregres-
sive ones.

Methods

In this section, we will introduce how RePreM (Representa-
tion Pre-training with Masked Model) trains the state en-
coder in the pre-training phase and how we use the pre-
trained state encoder in downstream RL tasks.

Pre-training in RL

As in many previous papers [e.g., Eysenbach et al. 2019;
Schwarzer et al. 2021], we consider pre-training from a
reward-free dataset of trajectories that include only states
and actions. Compared with pre-training with rewards [e.g.,
Gelada et al. 2019], this setting has two benefits: 1) reward-
free datasets are more feasible in practice; and 2) the knowl-
edge extracted from reward-free datasets can be used for dif-
ferent tasks in similar environments. The objective of this
setting is to learn generalizable representations that are in-
dependent of the behavior policy (i.e., the policy used to
collect the dataset) and the reward function. In this way, the
representation can be trained with the trajectories collected
by arbitrary behavior policies and used in tasks with differ-
ent reward functions. We denote the offline dataset with NV
trajectories as D = {(si,al, sy, ab, -, sk)}V |, where T
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is the length of the trajectory.

Previously, various self-supervised learning tasks have
been proposed to extract information from provided agent
experiences. There are two categories of frequently used
tasks: the forward prediction task in which the agent is
trained to predict the immediate states [Guo et al. 2018;
Gelada et al. 2019; Stooke et al. 2021; Schwarzer et al.
2020], and the backward prediction task where the agent
is trained to predict the actions that can generate the
specified transitions [Pathak et al. 2017; Shelhamer et al.
2016; Du et al. 2019]. Recent success in representation
pre-training relies on the combination of different self-
supervision tasks [Schwarzer et al. 2021]. Based on the pre-
vious self-supervision tasks, our objective is to design a sim-
ple and uniform self-supervision task that can realize both
of these two types of tasks. Moreover, we hope that our self-
supervision task can incentivize the representation to capture
the long-term dynamics instead of only predicting the one-
step dynamics.

Accordingly, we propose a self-supervision task that pre-
dicts the masked states or actions in the trajectory. We
present our pre-training model in Figure 1 and introduce the
pre-training model as follows:

Mask. Given a trajectory (si,at,sb, ab, -, s%) in the
offline dataset, we first randomly select an anchor item (i.e.,
state or action) in the sequence and mask several consecu-
tive items of the same kind starting from this anchor item.
Each item can be selected as the anchor with probability
p and the number of consecutive masked items is sampled
from Unif(n) (a discrete uniform distribution over 1 ~ n),
where p € R and n € Z are hyperparameters. Taking the
case in Figure 1 as an example, we select the state s; and



mask 2 consecutive states starting from this state (i.e., s;
and s;41). Similar to BERT [Devlin et al. 2018], we replace
the masked elements with 1) a fixed token 80% of the time;
2) an element of the same kind randomly sampled in the
dataset 10% of the time; and 3) the unchanged element 10%
of the time. Each trajectory typically contains thousands of
steps, which can lead to a large amount of computational
cost for the self-attention module. To reduce computational
cost, we randomly cut the trajectory into several segments,
each of which contains up to K states.

Architecture. We train the encoder f(-) and the trans-
former blocks Trans(-) to predict the masked elements. We
maintain two different encoders for states and actions re-
spectively. The states in our later experiments are image-
based, and we use a ResNet [He et al. 2016] architecture
as a state encoder. Notice that, compared with the encoder
architecture used for image-based states in popular RL mod-
els (such as [Liu and Abbeel 2020; Stooke et al. 2021]) with
only a few convolution layers, we use a larger encoder ar-
chitecture. This is motivated by the recent observation that a
larger network architecture can incorporate richer informa-
tion and is more suitable for the pre-training setting than the
online setting in RL [Schwarzer et al. 2021]. Next, we use a
two-layer MLP as the action encoder to generate the action
representation based on the raw action. For discrete actions,
the raw actions are represented as one-hot vectors. We use
an improved version of transformer blocks called GTrXL
[Parisotto et al. 2020] that reorders the identity mapping and
additionally adopts a gating layer based on the original trans-
former structure [Vaswani et al. 2017]. GTrXL improves the
stability and learning speed of the original transformer struc-
ture and is shown to be suitable for RL. We use L GTrXL
blocks in our model.

Self-supervision task. Different from the masked predic-
tion task in BERT [Devlin et al. 2018] where the targets
are discrete, our model should predict image-based states.
Therefore, we use the transformer blocks to predict the em-
beddings of the image-based states or actions instead of the
original ones. We design a contrastive loss based on Sim-
CLR [Chen et al. 2020] for the self-supervision task as fol-
lows: Given a segment of K steps (corresponding to a se-
quence of length 2K —1), we denote the index set of masked
items as 7. Consider a masked item Z; withindex ¢ € T that
is generated from the original item x,. The item = can be
the state s or the action a. We denote the embedding of the
masked item (i.e., the output of the encoder) as g; := f(&:)
for some ¢ € 7 and the embedding of the original item as
yr = f(x¢) for some ¢ € [2T — 1]. We feed these em-
beddings to the GTrXL blocks, i.e., 21, , 2, -+ , 2K :
T(y1, -+ ,Ut, - , YK ), and obtain the predicted embedding
for the masked item Z; for some ¢ € 7. Our aim is to maxi-
mize the similarity between the predicted embedding z; and
the target embedding ¥, that is the representation of the orig-
inal item z;. To better calculate the similarity of two high-
dimensional vectors, we use a projection function g(-) to
map the embeddings to lower-dimensional vectors. The loss
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of our self-supervision task is defined as:

1
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where the cosine similarity is defined as sim(z1, 22)
2T 2/ (|2l 22]).

Discussion. This self-supervision task consists of two
types of sub-tasks depending on the type of the masked
items: the state prediction task and the action prediction task.
When the model tries to predict the first several states in a
sequence of masked states, it essentially predicts the future
states based on the past states and actions. This is similar
to the forward prediction task in previous papers. When the
model tries to predict the masked action, this corresponds to
the previous backward prediction task. Moreover, our self-
supervision task emphasizes more on predicting based on
the sequence instead of single states or actions, which is
more suitable for the partially observable setting where the
transition cannot be modeled accurately using the one-step
transition.

Downstream RL Tasks

In specific RL tasks, we only use the state encoder learned
in the pre-training phase. Notice that the action encoder also
incorporates useful prior knowledge, and it should be ben-
eficial to utilize it in specific RL tasks, but we leave it as
a future research direction. Broadly speaking, there are two
approaches to utilizing the pre-trained encoder: fine-tuning
and using as fixed features. In our experiments, we find that
using fixed features works better for RL. This has also been
validated in previous papers such as [Seo et al. 2022] in
which the authors explain that the fine-tuning scheme can
quickly erase the useful knowledge in the encoder. There-
fore, we fix the state encoder and append several additional
MLP layers as the value network, the policy network, the
network for dynamic prediction, etc., according to different
downstream tasks.

Experiments

We design our experiments to answer the following ques-
tions:

* (Q1, Atari) Can RePreM improve the performance of
value-based RL algorithms on the Atari-100k benchmark
compared with previous algorithms?

* (Q2, Atari) How does the performance of RePreM
change with the size of the dataset, the quality of the
dataset, and the size of the state encoder?

* (Q3, Atari) Can the representations generated by RePreM
be used for dynamic prediction and capture the long-term
dynamics better than the previous algorithms?

* (Q4, Atari) Can the representations generated by RePreM
be transferred to accelerate the learning for unseen tasks?



Methods Dataset Med. Mean >H >0
al Rainbow -0.090 0.000 0 11
a2 SimPLe 0.144 0.443 2 26
a3 DER - 0.161 0.285 2 26
a4 DrQ 0.268 0.357 2 24
a5 SPR 0.415 0.704 7 26
b1 ATC W-3M 0.219 0.587 4 26
b2 ATC M-3M 0.204 0.780 5 26
b3 BC w/o FT M-3M 0.139 0.227 0 23
b4 BC M-3M 0.548 0.858 8 26
b5 SGI-M W-5M 0.589 1.144 8 26
b6 SGI-S M-3M 0.423 0914 8 26
b7 SGI-M M-3M 0.679 1.149 9 26
b8 SGI-L M-6M 0.753 1.598 9 26
cl RePreM-M R-10M 0.190 0.289 4 26
c2 RePreM-M  W-10M  0.774 1.335 9 26
c3 RePreM-M  M-3M 0.717 1.298 9 26
c4d RePreM-M  M-5M 0.788 1.436 9 26
¢ RePreM-S M-10M  0.835 1.384 10 26
c6 RePreM-M  M-10M 0953 1.970 13 26
c¢7 RePreM-L M-10M 1.085 2.038 15 26

Table 1: The performance of different algorithms on Atari-
100K. The performance in group a and b are quoted from
previous papers or calculated based on the scores provided
in previous papers. The performance in group c are the mean
across 10 random seeds and 100 evaluation trajectories.

* (Q5, DMControl) Can RePrem also improve the perfor-
mance of actor-critic algorithms on the DMControl-100k
benchmark compared with previous algorithms?

* (Q6, Ablation) What is the contribution of each proposed
design in RePreM?

Dataset. We conduct the following experiments on Atari
[Bellemare et al. 2013] and DMControl [Tassa et al. 2018].
For Atari, as in many previous papers (e.g., [Kaiser et al.
2019]), we select a set of 26 games. For pre-training on Atari
games, we collect the following three types of datasets with
different qualities for each game: The Random dataset is
collected by executing uniformly randomly sampled actions
at a number of consecutive steps sampled from a Geomet-
ric distribution with p = % The Weak dataset is collected
from the first 1M transitions generated by DQN. The Mixed
dataset is obtained by concatenating multiple checkpoints
evenly throughout the training of DQN. The quality of the
dataset increases from Random to Mixed. We also evaluate
the algorithms on datasets of different sizes. Larger datasets
can be obtained by running the above procedure multiple
times with different random seeds. For DMControl, we col-
lect the offline dataset in a similar way to the procedure to
collect the Mixed dataset using SAC [Haarnoja et al. 2018].

Baselines algorithms. In our experiments, we compare
our algorithm with a wide range of previous algorithms
including both sample-efficient RL algorithms and pre-
training algorithms for RL.

For Atari games, we incorporate the representation pre-
trained by RePreM with Rainbow [Hessel et al. 2018]
in downstream tasks (except for dynamic prediction). The
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baseline algorithms include not only sample-efficient on-
line RL algorithms (such as Rainbow, SimPLe [Kaiser et al.
2019], data-effecient Rainbow/DER [van Hasselt, Hessel,
and Aslanides 2019], DrQ [Yarats, Kostrikov, and Fergus
2020], and SPR [Schwarzer et al. 2020]) but also pre-
training RL methods (such as ATC [Stooke et al. 2021], SGI
[Schwarzer et al. 2021], and behavior cloning/BC which is
shown to be a strong baseline in [Schwarzer et al. 2021]).

For DMControl, we incorporate the representation pre-
trained by RePreM with SAC [Haarnoja et al. 2018] into
downstream tasks. We compare our algorithm with SAC
without pre-training and APV [Seo et al. 2022] which is
a state-of-the-art pre-training method. This method beats
many strong sample-efficient RL algorithms, including
DrQ [Yarats, Kostrikov, and Fergus 2020] and Dreamer-v2
[Hafner et al. 2020].

Q1: Performance of RePreM on Atari-100k

Evaluation metrics. Atari-100k is a popular benchmark for
sample-efficient RL where the agent is allowed to interact
with the environment for only 100k steps, equivalent to ap-
proximately two hours of human experience. We report the
evaluation metrics following [Schwarzer et al. 2021]. The
metrics include the mean and median human normalized
score (HNS) averaging across 10 random seeds and over
100 evaluation trajectories at the end of the training process,
the number of games in which the agent achieves super-
human performance (>H) and greater-than-random perfor-

. AgentScore—RandomScore
mance (>0). HNS is calculated as (72 c==—2"0 " ==

we use the agent/human scores listed in [Badia et al. 2020].

Experiment results. To answer the first question, we run
RePreM on the Mixed dataset with 3M samples, which is
comparable to the datasets in previous pre-training meth-
ods. We present the result in Table 1. We can observe that
RePreM (c3 in Table 1) outperforms not only the previous
learning-from-scratch sample efficient algorithms (al-ab in
Table 1) but also recently proposed pre-training methods
(b2-b4, b6-b7 in Table 1). We also note that the superior per-
formance of RePreM is achieved using Rainbow (which is
a popular model-free algorithm) as the base RL algorithm,
but the performance of this base algorithm alone is the worst
among all the listed algorithms (cf. a1 in Table 1). This indi-
cates that the representation pre-trained by RePreM can turn
Rainbow into a strong algorithm. The results of this experi-
ment indicate that the representation pre-trained by RePreM
enables sample-efficient RL effectively.

Q2: Scalability of RePreM

Variants of RePreM. To evaluate the scalability of RePreM
in terms of the dataset size, the dataset quality, and the scale
of the encoder, we obtain several variants of the represen-
tations pre-trained by RePreM. First, we use the datasets
of 3M, 5M, and 10M samples, respectively, to evaluate
the scalability w.r.t. the dataset size. Second, we use the
Random, Weak, and Mixed datasets to evaluate the scala-
bility w.r.t. the quality of the dataset. Third, we vary the size
of the ResNet used in the encoder to evaluate the scalability
w.r.t. the scale of the encoder, resulting in Small, Medium,



and Large variants.

Experiment results. To evaluate how performance
changes with the quality of the dataset, we can compare the
performance of RePreM on Random-10M, Weak-10M and
Mixed-10M (see cl, c2, and c6 in Table 1 respectively). On
the basis of these results, we conclude that the performance
of RePreM scales with the quality of the datasets. Moreover,
although the performance worsens when the data quality de-
generates, RePreM from Weak (see c2) still outperforms the
previous pre-training methods that learn from Weak datasets
(see b1 and b5).

To evaluate how performance varies with the size of the
dataset, we can compare the performance of RePreM learn-
ing from the Mixed dataset with 3M, 5M, and 10M samples
(see c3, c4, and ¢6 in Table 1 respectively). We can observe
that the performance also scales with the dataset size, which
indicates that our method can benefit from a larger dataset.

To evaluate how performance varies with the size of the
state encoder, we can observe the performance of RePreM
(-S/-M/-L) learned from Mixed-10M (see c¢5-c7 in Table 1).
In contrast to the online RL setting, where a large net-
work structure does not lead to performance improvement,
RePreM can benefit from a larger network structure.

Finally, combined with a large moderate-quality dataset
(Mixed-10M) and a large state encoder, RePreM can achieve
a performance that significantly outperforms the other algo-
rithms and variants. The scaling trends of RePreM indicate
that the performance of RePreM should further increase with
the scale of parameters and datasets.

Q3: RePreM for Dynamic Prediction

We evaluate the representations learned by different pre-
training algorithms with the dynamic prediction task that
predicts the future states based on the learned representa-
tion on Atari games. Specifically, we fix the state encoder
pre-trained with different methods and append two MLP
layers to the encoder. We train this network to predict the
future RAM state 5,4 (divided by 255) based on the cur-
rent state s;. We collect the training and testing samples us-
ing the same DQN policy and evaluate the prediction error
using the mean-squared error between the predicted RAM
state and the ground truth. We present the results obtained on
Alien in Figure 2 and the results are similar across different
games. We can observe that the representations generated by
RePreM and SGI result in a more accurate prediction for the
states in the near future than those of BC and ATC. This may
be due to the fact that RePreM and SGI use forward pre-
diction as one of the self-supervision tasks. Moreover, we
find that, compared with SGI, the model based on RePreM
can predict the states in the far future with higher accuracy.
This indicates that RePreM generates representations that
can better capture long-term information. This may explain
the reason why RePreM outperforms the other representa-
tion pre-training algorithms in the Atari-100k benchmark.

Q4: Transfer to Unseen Tasks

To evaluate how the representations pre-trained by RePreM
can transfer the knowledge to unseen tasks, we select Alien
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Figure 2: The prediction error versus different prediction
horizons on Alien. We fix the pre-trained representations
from different algorithms and append a trainable prediction
network (i.e., a two-layer MLP) to predict the future RAM
state. We train the prediction network with 10 random seeds
and show the mean.
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Figure 3: Comparison on the performance between the
RePreM representation pre-trained on the same task and that
pre-trained on the remaining 24 tasks. The shaded area indi-
cates the standard deviation over 10 random seeds.

and Freeway as the target tasks and pre-train the representa-
tion using RePreM on a dataset collected on the 24 remain-
ing Atari games with 12M samples (with 0.5M samples from
the Mixed dataset for each game). The pre-trained represen-
tation is used in the same way as Atari-100k. We compare
it with learning curves from the representation pre-trained
on the homogeneous task (with 10M Mixed samples) and
learning-from-scratch using the same network structure. We
present the results in Figure 3. The result indicates that the
representation pre-trained by RePreM can extract the knowl-
edge transferable to other tasks.

Q5: Performance of RePreM on DMC-100k

We first collect the offline dataset by SAC on the Walker and
Quadruped environments from DMControl. Then, we pre-
train the representation using RePreM and run SAC based
on the pre-trained representation. The pre-trained represen-
tation is used as the encoder of both the critic and the actor
in SAC. We compare RePreM with SAC from scratch and
APF. For fair comparison, instead of using the original APF
model pre-trained on different domains, we pre-train their
model using the same dataset as ours and this improves the



Task SAC APV RePreM
Walker-Walk 42412 444436  633£52
Walker-Run 67427 496+74  530+43
Walker-Stand 142+£21 742481 899438
Quadruped-Walk  127+184 420487 799+132
Quadruped-Run 93£36 698+96 579485

Table 2: The performance of different algorithms on Walker
from DMControl-100K.

performance over the version provided in their paper.

We show the performance in Table 2. First, we can see that
SAC based on the RePreM representation performs much
better than learning from scratch, which indicates the effec-
tiveness of the pre-trained representation. Second, we note
that, different from RePreM that only uses the pre-trained
representation, APF uses not only the pre-trained represen-
tation but also the latent transition model and the image de-
coder. Nevertheless, with the representation pre-trained by
RePreM, SAC achieves comparable performance with this
state-of-the-art pre-training method. In addition, note that
we use the same RePreM representation for these tasks, and
RePreM+SAC achieves good performance. This indicates
that the RePreM representation can work for downstream
tasks with different reward functions.

Q6: Ablation Studies

To evaluate the contribution of each proposed design, we im-
plement the following ablated versions on top of the RePreM
version in ¢3 of Table 1. The results are presented in Table 3.

* RePreM+FT that fine-tunes the network in the down-
stream tasks instead of fixing the pre-trained state en-
coder. We can see that fine-tuning in downstream tasks
degenerates the performance. This result is consistent
with [Seo et al. 2022] who finds that fine-tuning may
quickly lose the pre-trained representation.

* RePreM+short that models shorter sequences with T' =
10 (instead of T" = 50 in RePreM). The experiment result
shows that using a shorter sequence length significantly
degenerates the performance. This may indicate that cap-
turing the long-term dynamics with a large T is important
to the success of RePreM.

* RePreM-BERT that replaces all masked elements with
a fixed token instead of following the masking scheme
in BERT. The result indicates that following the mask-
ing scheme in BERT also contributes to the success of
RePreM.

* RePreM-GTrXL that uses the original transformer block
instead of GTrXL. We can see that using GTrXL can im-
prove performance, possibly because of its stability.

* RePreM+ReLIC that uses the ReLIC [Mitrovic et al.
2020] loss as the contrastive self-supervision loss instead
of the SImCLR loss for the masked prediction (as in
CoBERL [Banino et al. 2021]). We can see that the per-
formance of the simple SimCLR loss is similar to that of
the ReLIC loss, but ReLIC is more complex. For simplic-
ity, we use SimCLR in our proposed method.
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Ablated Versions Median Mean >H >0
RePreM+FT 0.512 0.839 7 26
RePreM+short 0.322 0.806 5 26
RePreM-BERT 0.588 1.166 8 26
RePreM-GTrXL 0.709 1.220 9 26
RePreM+ReLIC 0.715 1.201 9 26
RePreM+decoder 0.107 0.210 0 24
RePreM (¢3 in Table 1) 0.717 1.298 9 26

Table 3: The performance of different ablated variants
on Atari-100K pre-trained using the Mixed dataset with
3M samples. These ablated versions use the medium-sized
ResNet as the state encoder.

* RePreM+decoder that predicts the raw states/actions
with state/action decoders instead of predicting their em-
beddings using the SImCLR loss (as in [Jaderberg et al.
2016; Seo et al. 2022]). We can see that using the en-
coder to predict the raw states/actions underperforms the
proposed RePreM that predicts the embeddings signifi-
cantly. The reason may be that the raw states are high-
dimensional, and reconstructing the raw states may mis-
lead the encoder and the transformer to learn spurious
details.

Conclusion

In this paper, we propose a representation pre-training
method called RePreM (Representation Pre-training with
Masked Model) for RL. RePreM is algorithmically simple
but effective, through learning the representation with only
a transformer-based sequence model and masked prediction.
Although RePreM adopts sequence modeling that is differ-
ent from the previous representation pre-training baselines
for RL, it performs on a par with or better than previous RL
pre-training methods. Empirically, we find that the success
of RePreM can be attributed to its strong ability to capture
long-term dynamics in the trajectories. This is a benefit of
modeling the whole sequence instead of one-step dynamics
as in previous methods. Through extensive ablation studies,
we show that the representation pre-trained using RePreM
can be used for various downstream tasks. We also find
that RePreM not only scales well with the dataset size, the
dataset quality, and the size of the encoder, but can also gen-
eralize across different tasks. This indicates its potential to
extract knowledge from big data and use the knowledge for
efficient and robust learning. Currently, RePreM only uses
the state encoder learned in the pre-training phase but dis-
cards the transformer blocks and action encoder that also
contain useful knowledge. Thus, how to utilize the knowl-
edge in the transformer blocks and action encoder will be an
interesting future research direction.
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