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Abstract

Offline reinforcement learning (RL) offers a promising framework for training agents us-
ing pre-collected datasets without the need for further environment interaction. However,
policies trained on offline data often struggle to generalise due to limited exposure to di-
verse states.The complexity of visual data introduces additional challenges such as noise,
distractions, and spurious correlations, which can misguide the policy and increase the risk
of overfitting if the training data is not sufficiently diverse. Indeed, this makes it challenging
to leverage vision-based offline data in training robust agents that can generalize to unseen
environments. To solve this problem, we propose a simple approach—generating additional
synthetic training data. We propose a two-step process, first augmenting the originally col-
lected offline data to improve zero-shot generalization by introducing diversity, then using a
diffusion model to generate additional data in latent space. We test our method across both
continuous action spaces (Visual D4RL) and discrete action spaces (Procgen), demonstrat-
ing that it significantly improves generalization without requiring any algorithmic changes
to existing model-free offline RL methods. We show that our method not only increases
the diversity of the training data but also significantly reduces the generalization gap at
test time while maintaining computational efficiency. We believe this approach could fuel
additional progress in generating synthetic data to train more general agents in the future.

1 Introduction

Offline reinforcement learning (RL) offers a compelling approach for training agents using pre-collected
datasets without additional environment interaction (Levine et al., 2020). This paradigm is particularly
valuable in domains like healthcare (Liu et al., 2020), robotics (Singla et al., 2021), and autonomous driving
(Kiran et al., 2021), where real-time data collection can be costly or risky. However, generalizing policies
trained on high-dimensional visual inputs in offline RL remains a significant challenge, and it has received
relatively little attention in the research community. Agents may learn irrelevant correlations between visual
features and actions, reducing their ability to perform well in new settings (Song et al., 2019; Raileanu &
Fergus, 2021). Additionally, offline RL policies tend to exhibit risk-averse behavior, avoiding novel actions in
unfamiliar states, which further hampers generalization (Mediratta et al., 2024). To tackle these challenges,
we propose a two-step method that combines data augmentation with diffusion model-based upsampling
to improve generalization in offline RL. While both data augmentation (Laskin et al., 2020; Yarats et al.,
2021a;b; Raileanu et al., 2021) and the use of diffusion models for replay buffer upsampling (Lu et al., 2023b)
have been explored independently in the online RL domain, our contribution lies in their integration and
adaptation for the unique challenges of offline RL to achieve greater diversity and more robust generalization.
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First, we apply data augmentation techniques to the offline dataset, introducing variability that helps reduce
overfitting. Then, we use a diffusion model to upsample the augmented dataset in the latent space, generating
additional synthetic data points that capture unseen transitions. This approach broadens the distribution of
experience replay data without incurring significant computational overhead, allowing policies to generalize
more effectively to new environments.Our results demonstrate that our method significantly reduces the
generalization gap across various difficulty levels in two recent visual offline RL benchmarks, highlighting
the effectiveness of combining augmentation and diffusion-based upsampling.

Figure 1: V-D4RL (continuous) and Procgen (discrete) benchmarks illustrate the generalization challenge in
offline RL by showcasing visual differences between training and testing environments (a). Jensen-Shannon
divergence heatmaps demonstrate how well each method aligns training and testing distributions, with our
two-stage approach outperforming the data upsampling, and augmentation methods; darker colors indicate
higher divergence (b). The performance of each method in unseen environments, normalized to the baseline,
consistently shows our approach performing best with reduced variability across runs (c). For detailed
analysis, refer to Section 5 for details.

To summarize, our contributions are:

• We introduce a practical method that integrates data augmentation and diffusion-based upsampling
to improve generalization in offline RL from visual inputs, without requiring modifications to existing
model-free offline RL algorithms.

• We show our approach expands data diversity without increasing computational costs, improving
zero-shot generalization across both continuous and discrete control tasks.

• To the best of our knowledge, we are the first to propose a practical, scalable method that addresses
generalization in both continuous (V-D4RL) and discrete (Procgen) control tasks within offline RL.

2 Background

2.1 Offline Reinforcement Learning from Visual Observations

Reinforcement learning (RL) typically involves an agent interacting with an environment modeled as a
Markov Decision Process (MDP) (Sutton & Barto, 2018), where the objective is to optimize the expected
cumulative return J(π) = Eπ,P,ρ0 [

∑∞
t=0 γ

tR(st, at)], where J(π) represents the expected return of a policy
π, Eπ,P,ρ0 is the expectation over the policy π, the environment dynamics P (s′|s, a), and the initial state
distribution ρ0. The term γ ∈ [0, 1) is the discount factor, controlling how much future rewards are valued,
and R(st, at) is the reward function at time step t, depending on the state st and action at. The goal is to
find a policy π that maximizes this cumulative discounted return over time.
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However, in o�ine RL, the agent must learn from a static dataset D = f (oi ; ai ; r i ; o0
i )g

N
i =1 , without any

interaction with the environment during training (Levine et al., 2020). This dataset observations collected
by one or more behavior policies. When dealing with visual observations (high-dimensional inputs), addi-
tional challenges arise.Unlike proprioceptive observations in standard RL, visual inputs are prone to noise
and spurious correlations (Lu et al., 2023a), making o�ine RL particularly vulnerable to over�tting. Small
environmental changes (e.g. lighting or background) can cause signi�cant shifts in data distribution. With-
out interaction to correct for these shifts, agents struggle to generalize from visual observations (Raileanu &
Fergus, 2021). Given these challenges, the core problem is:How can we improve the generalization perfor-
mance of model-free o�ine RL methods from visual observations and ensure the robust deployment of agents
in unseen environments for both continuous and discrete action spaces?

2.2 Di�usion Models

Di�usion models generate data by reversing a noise-adding process, starting from noise and gradually de-
noising to recover the original data distribution (Ho et al., 2020; Rombach et al., 2022). Noise removal is
guided by a learned denoising modelD � (x; � ), trained using an L2 objective:

min
�

Ex � p;�;� �N (0 ;� 2 I ) kD � (x + � ; � ) � xk2
2: (1)

This allows the model to estimate the data distribution at di�erent noise levels. Additional details, including
the use of ODEs or SDEs for the reverse process, can be found in Karras et al. (2022). Di�usion models
have shown superior performance in generating diverse synthetic datasets compared to Generative Adver-
sarial Networks (GAN) and Variational Autoencoders (VAEs), which makes them particularly e�ective for
improving generalization in reinforcement learning Lu et al. (2023b). This is why we chose di�usion models,
as their ability to generate diverse data makes them ideal for our approach.

3 Method

3.1 Overview of the Proposed Method

To address the generalization challenges of o�-line RL from visual observations, we present a simple, practical
approach that combines data augmentation and di�usion model-based upsampling.

1. Data Augmentation to Increase Initial Dataset Diversity: We apply speci�c data augmen-
tation techniques to o�ine datasets to increase the diversity of the initial dataset D0. This step
aims to introduce variability and reduce over�tting to spurious correlations in visual inputs.

2. Upsampling with Di�usion Models: We employ di�usion model to upsample (SynthER (Lu
et al., 2023b)) the augmented datasetD0, generating additional synthetic samples in the latent
space. This further increases dataset diversity and helps the policy generalize better to unseen
environments.

By integrating data augmentation with di�usion model-based upsampling, our method e�ectively covers a
wider range of potential scenarios without signi�cantly increasing computational overhead.

3.2 Step 1: Data Augmentation for Initial Dataset Diversity Enchancement

To construct an initial dataset D0 that captures key environment dynamics, we apply a set of data augmen-
tation techniques to improve robustness to variations in visual inputs. Speci�cally, we focus onrotation ,
color jittering , color cutout, and background image overlay, which were empirically found to improve general-
ization. These augmentations introduce variations that prevent the agent from learning spurious correlations
in the visual inputs. However, we believe that data augmentation alone may not fully capture the diversity
of real-world scenarios, particularly in unseen environments, making it necessary to complement this with
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synthetic data generation through di�usion models, which has proven to improve diversity even more e�ec-
tively than augmentation techniques (Lu et al., 2023b). Full details for this part are given in supplementary
material.

3.3 Step 2: Latent Space Upsampling with Di�usion Models

We �rst train an encoder-based model-free visual o�ine RL algorithm on the augmented dataset D0, using
the selected image augmentation techniques described in Section??. For the V-D4RL benchmark, we use
the DrQ+BC algorithm (Lu et al., 2023a), while CQL is employed for the Procgen benchmark (Kumar
et al., 2020). In both cases, the networks consist of a CNN encoderf � , policy network � � , and Q-function
networks Q� . This initial training enables the model to learn robust representations from diverse visual
inputs, tailored to the speci�c requirements of each environment.

After the initial training, we extract latent space parameters from the augmented dataset by passing the
augmented observations through the trained encoderf � and the linear head layers, which sit between the
encoder and the MLPs of the policy and Q-function networks. For each transition(s; a; r; s0) in D0, the
following computations are made:

h = f � (Augment(s)) ; h0 = f � (Augment(s0)) (2)

z� = � lin
� (h); z0

� = � lin
� (h0) (3)

zQ = Qlin
� (h); z0

Q = Qlin
� (h0) (4)

where � lin
� and Qlin

� denote the linear head layers of the policy and Q-function networks.

We combine the latent representations to construct the latent transitions using concatenation, which produces
feature vectors with dimensions equal to the sum of the individual vectors' dimensions:

z = z� � zQ ; z0 = z0
� � z0

Q (5)

resulting in the latent dataset D latent = f (z; a; r; z0)g, which is used to train the di�usion model M di� .
Following Lu et al. (2023b) and Karras et al. (2022), the di�usion model generates synthetic latent transitions
(zd; ad; r d; z0

d), producing the upsampled datasetDdi� .

Finally, we combine the original and upsampled datasets to create an expanded dataset:

Dups = D latent [ D di� (6)

The encoderf � and the linear head layers of the policy and Q-functions are frozen during �ne-tuning, allowing
the training to focus on re�ning the MLP layers of the policy and value networks using the diverse data
provided by Dups . This ensures stable representations while improving the model's ability to generalize to
unseen environments with minimal computational overhead. Our empirical approach, which combines data
augmentation with synthetic data generation through upsampling in the latent space, signi�cantly increases
the diversity of the data set, as demonstrated in our results (Section 5). Figure 2 illustrates the architecture
of our method, built on the DrQ+BC model.

4 Experimental Setup

4.1 Environments and Datasets

We evaluated our method on two challenging o�ine RL benchmarks that test generalization capabilities in
di�erent domains:

ˆ Visual D4RL (V-D4RL) (Lu et al., 2023a): This benchmark is a visual input version of the D4RL
benchmark (Fu et al., 2021) and focuses on continuous control tasks with visual input. It features
varying levels of visual distractions (easy, medium, hard) and is designed to assess generalization in
continuous action spaces.
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