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Abstract— Interacting with the actual environment to acquire
data is often costly and time-consuming in robotic tasks. Model-
based offline reinforcement learning (RL) provides a feasible
solution. On the one hand, it eliminates the requirements
of interaction with the actual environment. On the other
hand, it learns the transition dynamics and reward function
from the offline datasets and generates simulated rollouts to
accelerate training. Previous model-based offline RL methods
adopt probabilistic ensemble neural networks (NN) to model
aleatoric uncertainty and epistemic uncertainty. However, this
results in a great increase in training time and computing
resource requirements. Furthermore, these methods are easily
disturbed by the accumulative errors of the environment
dynamics models when simulating long-term rollouts. To solve
the above problems, we propose an uncertainty-aware sequence
modeling architecture called Environment Transformer. It mod-
els the probability distribution of the environment dynamics
and reward function to capture aleatoric uncertainty and treats
epistemic uncertainty as a learnable noise parameter. Benefiting
from the accurate modeling of the transition dynamics and
reward function, Environment Transformer can be combined
with arbitrary planning, dynamics programming, or policy
optimization algorithms for offline RL. In this case, we perform
Conservative Q-Learning (CQL) to learn a conservative Q-
function. Through simulation experiments, we demonstrate that
our method achieves or exceeds state-of-the-art performance in
widely studied offline RL benchmarks. Moreover, we show that
Environment Transformer’s simulated rollout quality, sample
efficiency, and long-term rollout simulation capability are su-
perior to those of previous model-based offline RL methods.

I. INTRODUCTION

Deep reinforcement learning (RL) has obtained significant
achievements in a variety of domains by utilizing a great deal
of interactions with the environment [1, 2]. However, due
to the high expense of online data collection, the trial-and-
error method is typically impractical in numerous real-world
scenarios such as autonomous driving, robot manipulation,
and aerial vehicles [3]-[8]. Offline RL aims to solve the
problem of learning a policy completely from a fixed batch
of data without interacting with the environment [9]-[11].
This provides an appealing paradigm for a wide range of
applications where there exist large and diverse pre-recorded
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datasets. Recent studies have shown that model-based RL,
which learns the transition dynamics from the batch of data,
demonstrates better generalization capability in dealing with
offline RL tasks [14]—[18]. Previous model-based offline RL
approaches [13]-[18] use probabilistic ensemble NN to cap-
ture both aleatoric uncertainty (inherent system stochasticity)
and epistemic uncertainty (subjective uncertainty, due to
limited data). Nevertheless, this leads to a significant growth
in the duration of training and the need for computational
resources. Furthermore, the effectiveness of these approaches
might be significantly affected by the accumulative errors
of the environment dynamics models when simulating long-
term rollouts.

To overcome the above issues, we consider the accurate
modeling of the transition dynamics and reward function
as a sequence-to-sequence task. We propose an uncertainty-
aware sequence modeling architecture called Environment
Transformer. It models the probability distribution of the en-
vironment dynamics and reward function to capture aleatoric
uncertainty and treats epistemic uncertainty as a learnable
noise parameter. The state-action pairs are sampled from the
offline dataset to predict the probability distribution of future
state-reward pairs using a causal self-attention mask [31, 32].
Furthermore, Environment Transformer can be combined
with arbitrary planning, dynamics programming, or policy
learning algorithms for offline RL, thanks to its accurate
modeling of the transition dynamics and reward function. In
this instance, we conduct Conservative Q-Learning (CQL)
[19] to learn a conservative Q-function, as shown in Fig. 1.

We compare the final performance of our proposed
method with both model-based and model-free state-of-the-
art (SOTA) offline RL methods in widely studied robot
continuous control benchmarks [35, 36]. Through simulation
experiments, we show that our method achieves the highest
score in 9 of 20 tasks and similar performance to SOTA in
8 tasks. In addition, we demonstrate that the simulated roll-
out quality, sample efficiency, and long-sequence simulation
error of Environment Transformer are superior to those of
previous model-based offline RL methods.

We summarize the contributions of this paper as follows.

e We propose Environment Transformer, an uncertainty-

aware sequence modeling architecture. It models the
probability distribution of the environment dynamics
and reward function to account for aleatoric uncertainty
and considers epistemic uncertainty as a learnable noise
parameter. CQL is conducted based on Environment
Transformer for offline RL tasks.
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Fig. 1: The framework of the proposed Environment Transformer.

o Simulation experiments are performed on widely stud-
ied offline RL benchmarks. The experiment results show
that our method achieves the highest score in 9 of 20
tasks and similar performance to SOTA in 8 tasks.
Moreover, we demonstrate that Environment Trans-
former’s simulated rollout quality, sample efficiency,
and long-sequence simulation error are superior to those
of previous model-based offline RL methods. Therefore,
it provides a low-cost, high-efficiency data acquisition
method for training real-world robots, with a wide range
of application prospects.

II. RELATED WORK
A. Offline RL

The research of Offline RL addresses the challenge of
learning a policy from a fixed dataset instead of interacting
with the environment. The major issue of Offline RL is
extrapolation error [10], which is a generalization error
in estimating value functions caused by out-of-distribution
actions. One potential approach to solving this problem is
to integrate a pessimistic bias for unseen actions into the Q-
function. Kumar et al. [19] propose to learn a conservative
Q-function such that the expected value of a policy under
the Q-function lower-bounds its true value. Kostrikov et
al. [24] treat the state value function as a random variable
whose randomness is determined by the action, and use the
upper expectile to estimate the value of the best actions. An
alternative approach is to restrict the policy optimization to
remain close to the original data samples. Wang et al. [20]
utilize a form of critic-regularized regression to learn policies
from data. Nair et al. [21] combine sample efficient dynamic

programming with maximum likelihood policy updates. Wu
et al. [22] propose a framework to generalize previous
approaches to solve the offline RL problem by regularizing
the behavior policy. Zhou et al. [23] propose to learn the
policy in the latent action space, which constrains the policy
to select actions within the support of the dataset. Xu et
al. [25] construct a novel offline-applicable policy learning
goal that corresponds to the advantage function value of the
behavior policy, multiplied by a state-marginal density ratio.
Fujimoto et al. [26] include a behavior cloning component in
the policy update of an online RL algorithm and normalize
the data to push the policy towards favoring actions in the
dataset.

B. Dynamics Modeling

There exists a wealth of prior works to learn the envi-
ronmental dynamics. Sutton [27] proposes an architecture
that maintains a dynamics model of the agent’s transitions.
Deisenroth et al. [28] model the environment dynamics as
Gaussian processes and incorporate model uncertainty into
long-term planning. Levine et al. [29] leverage local linear
models to represent the environment dynamics. Chua et al.
[13] integrate deep network dynamics models that account
for uncertainty with sampling-based uncertainty propagation.
Janner et al. [12, 16] use bootstrap ensembles of predictive
models to capture aleatoric uncertainty and epistemic uncer-
tainty of the environment dynamics.

Recent breakthroughs in sequence modeling using deep
neural networks have resulted in fast improvements in long-
horizon prediction accuracy and model efficiency [30]-[32].
Chen et al. [33, 34] consider RL to be a sequence modeling
problem, which aims to generate a series of actions to receive
high rewards. In our approach, environment modeling is
viewed as a sequence-to-sequence problem, which is required
to predict the probability distribution for future state-reward
pairs based on historical state-action pairs.

III. PRELIMINARIES
A. Transformer

Transformers are proposed by [31] as a framework for ef-
fectively modeling sequential data, which consists of stacked
encoders and decoders. Both of them are based on attention
mechanisms, where the i-th input token x; is embedded and
mapped to key k;, query ¢; and value v;, and the i-th output
token can be represented as:

2 = Zsoftmax ({(qi, kj’>}?/:1>j E (D
i=1

The generative pre-training transformer (GPT) is proposed
by [32], where the encoder-decoder architecture is changed
to a causal self-attention mask without any encoders. In
our practice, we adopt the GPT framework and develop
Environment Transformer to obtain accurate predictions for
environment dynamics and reward function.
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B. Conservative Q-Learning

We consider a Markov decision process (MDP), defined
by the tuple (S, A, T, r, 7). S and A represent state and
action space. We consider state space and action space to
be both continuous. The transition dynamics is denoted as
T(s'|s,a), and the reward function is written as r(s, a), and
~ € (0,1) represents the discount factor.

The goal of standard RL algorithms is to obtain the opti-
mal policy 7* such that the cumulative reward is maximized.
The optimal policy 7* can be written as:

ﬂ*:argmaXE[Zr(st,at)]. 2)

i t=0

Q-learning methods maintain a Q-function Q(s,a) that
measures the discounted return based on the state s and
action a, under current policy 7. Given current policy 7(als),
the Bellman backup for obtaining the corresponding @
function gives:

BﬂQ(Sv CL) = 7’(5, a‘) + ,-YIES/NT(S/‘S,a),alNT((a/‘S/) [Q(S/7 a/)]'

3)

The optimal policy’s Q-function satisfies the following
Bellman optimal operator:

B*Q(Saa) = T(s’a)+’yES/NT(S/‘S,a) [g}gﬁ@(s/7a/):| NCO)

Online interaction with the environment is impractical
in offline RL settings. Only previously collected datasets
D = {s4,as,7¢,5041,d }1, are accessible, where d is the
terminal flag showing whether the episode is ended. CQL
approach [19] learns a conservative Q-function such that
the expected value of a policy under this Q-function lower-
bounds its true value, which gives the following iterative
update for training:

inn max o (Egop amp(als) [Q(5, a)] —

m
ESND7aNﬁ'5 (a]s) [Q($7 Q)D—F

% Es,a,s’ND [(Q(S,a) - Bﬂ-ka(s?a))Q] +

R(),

&)
where 7g(a|s) represents the data distribution and my, is
the policy derived from the Q-function. D is the collected
offline dataset augmented by the simulated rollouts and R is
a regularizer.

IV. ENVIRONMENT TRANSFORMER

A. Environment Modeling

We consider the environment dynamics as a Gaussian
distribution with diagonal covariance to capture aleatoric
uncertainty and treats epistemic uncertainty as a learnable
noise parameter:

TABLE I: Hyperparameters of Environment Transformer

Hyperparameter Value
Number of layers 8
Number of attention heads 16
Embedding dimension 1024
Nonlinearity function ReLU
Batch size 16
Sequence length 100
Dropout 0.1
Learning rate 1074
Weight decay 1074
Optimizer HybridAdam
HybridAdam eps 1074

Pr (St-t,-l,'rt’st,at) = N(,U/au (staat) ?Zau (87570’75)) + €,
(6)

where (s;,a;) denotes the state-action pairs at time step
t. fau(st,ar) and X, (se, ar) represent the mean and co-
variance of the Gaussian distribution considering aleatoric
uncertainty at time step t, respectively. €; is a learnable
parameter for epistemic uncertainty at time step .

B. Training

The training inputs for Environment Transformer are state-
action pairs from the offline datasets containing thousands
of trajectories. The i-th trajectory training input 7¢ can be
represented as:

= {(shal) }i )
where ¢ denotes the timestep of state-action pairs, 7 is training
trajectory index and 7' is the sequence length.

In practice, we consider the epistemic uncertainty parame-
ter €; to be a sample from a Gaussian distribution with zero
mean and learnable covariance conditioned on input state-
action pairs. After the prediction and probabilistic sampling,
the output of Environment Transformer ¢ can be written as:

ftl ~N (Uau (si,ai) ’ Yau (Siyai)) , ®)
e ~ N (0,2, (s}, a})) )
o ={(fi+e)} (10)

where Y., (s!,al) represents the learnable covariance of
the Gaussian distribution considering epistemic uncertainty
conditioned on the input state-action pair (s%, al). pia. (i, at)
and X, (si,al) represent the mean and covariance of the
Gaussian distribution considering aleatoric uncertainty at
time step t of the ¢-th trajectory.

After obtaining the predicted future state-reward pairs for
the ¢-th trajectory, we can calculate the mean square error
(mse) loss between the predictions and ground-truth:

loss = mse <¢ia {(st11:71) tT;()l> ‘

(1)
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(a) Ant (b) HalfCheetah

(c) Hopper

(d) Walker2d

Fig. 2: The robot continuous control offline RL benchmarks including ant, halfcheetah, hopper and walker2d.

Environment Dataset Ours MOPO RAMBO COMBO CQL IQL
Full-Replay 80.8+0.4 86.4 89.0 - - -
Medium-Expert 96.440.6 63.3 79.3 90.0 62.4 86.7
HalfCheetah Medium-Replay 45.1£0.9 53.1 67.0 55.1 46.2 442
Medium 49.540.1 423 71.0 54.2 444 474
Random 22.742.1 354 335 38.8 354 -
Full-Replay 106.9£0.9 108.1 107.6 - - -
Medium-Expert 106.9+2.7 23.7 89.5 111.1 111.0 91.5
Hopper Medium-Replay 94.94+6.3 67.5 97.6 73.1 48.6 94.7
Medium 67.31+6.5 28.0 91.2 94.9 86.6 66.3
Random 10.14+0.7 11.7 15.5 17.9 10.8 -
Full-Replay 97.5+1.2 56.9 52.6 - - -
Medium-Expert 84.7+2.4 44.6 63.1 96.1 98.7 109.6
Walker2d Medium-Replay 88.9+4.6 39.0 88.5 56.0 32.6 73.9
Medium 76.6+3.1 17.8 89.1 75.5 74.5 78.3
Random 14.2+1.7 13.6 0.2 7.0 7.0 -
Full-Replay 138.4+0.8 27.8 119.3 - - -
Medium-Expert 141.5+2.3 26.8 95.7 - - -
Ant Medium-Replay 105.7+1.9 28.4 49.7 - - -
Medium 116.1+0.5 20.4 67.0 - - -
Random 32.6+8.2 15.8 29.8 - - -
Average 78.8 40.5 69.8 64.1 54.9 77.0

TABLE II: Comparisons on Offline RL Benchmarks

We train Environment Transformer on 4 Nvidia RTX
3080 10GB and Intel(R) Xeon(R) Platinum 8255C CPU.
We use Gemini, the heterogeneous memory space manager
of Colossal-Al [40], to train Environment Transformer. The
hyperparameters are listed in Table I.

V. EXPERIMENTS

In this section, we design simulation experiments on
widely studied offline RL benchmarks [37]-[39] to eval-
uate the performance with both model-based and model-
free SOTA offline RL algorithms. Then we compare the
simulated rollout quality and sample efficiency with previ-
ous model-based offline RL methods based on probabilistic
ensemble NN. Finally, we evaluate the model’s capacity for
long-term forecasting using both offline datasets and online
environments. The benchmarks include four environments
(Ant, HalfCheetah, Hopper, and Walker2d) and five dataset

types (full-replay, medium-expert, medium-replay, medium,
and random), as shown in Fig. 2. The Ant is a 3D robot
consisting of one torso with four legs, whose goal is to
coordinate the four legs to move forward. The HalfCheetah
is a two-dimensional robot. The objective is to apply torque
to its joints so that the robot can run forward as quickly
as possible. The Hopper is a one-legged, two-dimensional
figure. Similarly, the goal is to make forward-moving jumps.
The Walker2d is a two-dimensional figure with two legs,
whose goal is to control the forward movement.

A. Comparisons on Offline RL Benchmarks

We evaluate the final performance after 1e6 steps pol-
icy learning, in comparison with model-based approaches
MOPO, COMBO and RAMBO [16]-[18], and model-free
methods CQL and IQL [19, 24]. We report the mean and
variance over three random seeds. The results are shown in
Table II. Our approach is the strongest by a significant margin
on all datasets in Ant environment with 111-dimensional
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(a) ant-full-replay (b) ant-medium-expert

(j) hopper-medium-expert

(m) walker2d-full-replay (n) walker2d-medium-expert

(f) halfcheetah-medium-expert (g) halfcheetah-medium-replay

(d) ant-medium

(h) halfcheetah-medium

(k) hopper-medium-replay () hopper-medium

(p) walker2d-medium

(o) walker2d-medium-replay

Fig. 3: The episode reward curves during policy learning with three random seeds.

observation space, which demonstrates that Environment
Transformer can accurately model the aleatoric and epistemic
uncertainty for complex environments. Our method achieves
the strongest performance of full-replay, medium-replay, and
random datasets in Walker2d environment because it is the
environment with the second-highest complexity. However,
our approach performs less well in Hopper environment
whose observation space is only 11 dimensional. We analyze
the reason that for simpler cases the data utilization efficiency
of the Environment Transformer is not as good as smaller,
lower-capacity models such as ensemble dynamics. On the
whole, our method achieves the highest score in 9 of 20 tasks
and similar performance to SOTA in 8 tasks. In conclusion,
our approach performs the best among both model-based and
model-free SOTA offline RL algorithms.

B. Simulated Rollout Quality and Sample Efficiency

We visualize the episode reward curves during 1e6 policy
learning, compared with SOTA model-based offline RL algo-
rithms MOPO and RAMBO, as shown in Fig. 3. Due to the
complexity of the Ant environment, MOPO and RAMBO
can not accurately model the environment, which leads to
the failure to achieve stable policy improvement. However,
the strategies trained by our approach all meet or far exceed
expert performance, which demonstrates that Environment
Transformer’s simulated rollout quality is much greater than
the ensemble dynamics models of MOPO and RAMBO.
Our approach shows the highest or similar performance
with the lowest variance and fastest converging speed in
most tasks, which proves our sample efficiency. Our method
performs less well on medium datasets. The main reason is
that conservative Q-Learning suffers from the lack of action
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Fig. 4: The long-term rollout evaluation using both offline datasets and online environments.

diversity in medium datasets. As a result, learning a policy
that generalizes well becomes more difficult.

C. Long-term Rollout Evaluation

We design offline and online experiments to evaluate
the long-term rollout generation capability for Environment
Transformer and dynamics models of MOPO and RAMBO.
In the offline setting, we random sample a long-duration
(usually one thousand steps) trajectory from the datasets and
then perform rollout simulation for each state-action pair
on the trajectory. We record the rollout length when the
mse between the normalized predicted state-reward pairs and
ground-truth is greater than a threshold. We repeat the above
steps hundreds of times and calculate the average for all
datasets within the same environment. In the online setting,
we run random, medium, and expert policies respectively to
collect transitions. Similarly, we perform rollout simulation
for each state-action pair, update the online environment
and calculate the mse between the normalized predictions
and ground-truth. We repeat the rollout simulation procedure
until the mse is greater than a threshold and record the
episode length. At last, we calculate the average for different
policies under the same environment. The threshold is 0.01
for both offline and online settings. The results of the long-
term rollout evaluation are shown in Fig. 4. The average
rollout length of our method exceeds MOPO and RAMBO
in 7 of 8 environments, which demonstrates that the long-
term rollout simulation ability of Environment Transformer
is superior to previous model-based offline RL methods.

VI. CONCLUSIONS

In this paper, we study model-based offline RL ap-
proaches. Existing model-based offline RL works utilize
probabilistic ensemble NN to capture aleatoric and epistemic
uncertainty, which leads to an great increase in training time
and computing resource requirements. Furthermore, these
methods suffer from the accumulative errors when simulating

long-duration rollouts. In order to solve the above issues,
we propose Environment Transformer, an uncertainty-aware
sequence modeling architecture. It models the probability
distribution of the transition dynamics and reward function to
capture aleatoric uncertainty and considers epistemic uncer-
tainty as a learnable noise parameter. Thanks to the accurate
modeling of environment dynamics and reward function, it
can be combined with arbitrary planning, dynamic program-
ming, or policy learning methods. In this case, We conduct
Conservative Q-Learning (CQL) to learn a conservative Q-
function based on Environment Transformer for offline RL
tasks.

We design simulation experiments on widely studied
offline RL benchmarks to evaluate the performance. The
experimental results show that our method achieves or ex-
ceeds SOTA performance of both model-based and model-
free offline RL algorithms. Moreover, we demonstrate that
Environment Transformer’s simulated rollout quality, sample
efficiency, and long-term rollout simulation capability are su-
perior to those of previous model-based offline RL methods.

Environment Transformer provides a new paradigm for
merging offline RL and robot tasks, as it offers a low-cost
and high-efficiency data acquisition approach for training
real-world robots. we believe that it has broad applicability
potential. The limitation of our method is insufficient real-
world tests. In the future, we intend to optimize this work
further and implement more difficult real-world evaluations.
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