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ABSTRACT

Reusing cross-domain data is vital for decision-making tasks with
limited target data, yet existing methods often rely on complex, in-
flexible model-level designs. To address this, we propose the Cross-
Domain Trajectory EDiting (xTED) framework, which bridges do-
main gaps directly at the data level. Our proposed model architec-
ture effectively captures the intricate dependencies among states,
actions, and rewards, as well as the dynamics patterns within target
data. Edited by adding noises and denoising with the pre-trained
target diffusion model, source domain trajectories can be trans-
formed to align with target domain properties while preserving
original task semantic information. This process effectively corrects
underlying domain gaps, enhancing state realism and dynamics
reliability in source data, and allowing flexible integration with
various single-domain and cross-domain downstream policy learn-
ing methods. Despite its simplicity, xTED demonstrates superior
performance in extensive simulation and real-robot experiments.
The full version can be found at https://arxiv.org/abs/2409.08687.
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1 INTRODUCTION

Solving real-world tasks with reinforcement learning (RL) or imita-
tion learning (IL) faces serious data scarcity issues [1, 13]. While in-
corporating data from source domains (e.g., simulation) is a promis-
ing solution [7-9], inevitable domain gaps—such as dynamics and
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morphology discrepancies—often lead to negative transfer when
such data is used directly [6].

Existing cross-domain methods typically rely on complex, domain-
specific model designs, such as discriminators or specialized en-
coders [11, 12, 14]. These approaches often lack flexibility and
hinder efficient data reuse across multiple domains. This limita-
tion motivates us to rethink: instead of adapting the policy learning
process, can we directly bridge these gaps at the data level?

Inspired by diffusion-based image editing [3, 5], which transforms
visual styles while preserving content, we propose the Cross-
Domain Trajectory EDiting (xTED) framework. However, applying
this philosophy to decision-making is challenging because trajec-
tory data consists of heterogeneous elements (states, actions, re-
wards) with intricate internal dependencies, unlike homogeneous
pixels in images. To address this, XTED employs a novel diffusion
architecture tailored for decision-making data. It features sepa-
rate encoding/decoding for each element type to preserve physical
meanings and introduces dependency structure modeling to capture
dynamics relationships.

The xTED pipeline involves three simple steps: (1) train a diffusion
model on target data to capture the target prior; (2) perturb source
trajectories with noise and denoise them using the pre-trained
model to align with target properties [2]; and (3) incorporate the
edited data into downstream policy learning. By correcting domain
gaps at the data level, XTED allows for flexible integration with
various algorithms. Extensive experiments demonstrate that xTED
consistently yields performance gains over baselines, particularly
in challenging real-robot manipulation tasks.

2 MODEL ARCHITECTURE

To address the heterogeneity of decision-making data [10], xTED
encodes states (s), actions (a), and rewards (r) separately using
independent encoders and self-attention blocks. Critically, to cap-
ture MDP dynamics while respecting causal dependencies (where
rewards stem from state-action pairs), we introduce a structured
cross-attention mechanism:

1)
@)

By, h® = X-Attn(hi, hi, ef), X-Attn(hy, b, ef)
by = X-Attn(hy, [, Al ef)
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Figure 1: The model architecture.
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Figure 2: Real robot results and configuration.

This design, as shown in Fig. 1, models the mutual interaction
between states and actions, while forcing rewards to query the joint
state-action representation, effectively preventing unreasonable
reverse dependencies.

Cross-Domain Editing Pipeline. The editing strategy follows a
noise-then-denoise paradigm [5]. First, we train the diffusion model
on target data to capture its trajectory distribution prior. Second,
we obtain noised source trajectories 7y from N (7x; 7, O']EI), which
retains some information from the original source trajectories 7.
This procedure is governed by a ratio parameter x = % e [0,1],
determining the level of noise addition. Lastly, we denoise 7y using
the learned target diffusion prior, aligning the edited trajectories 7y
with the target domain. This process projects source skills onto the
target manifold, blurring domain-specific biases while preserving
semantic task information for downstream policy learning.

3 EXPERIMENTS

Real-robot. Asshown inFig. 2, using BC, Target+Edited Source
overwhelmingly outperforms baselines across Cup, Duck, and Pot
tasks. While adding raw source data causes severe negative transfer
(e.g., success rate drops to 0% in Pot) and simple augmentation
(S4RL) proves ineffective, XTED successfully leverages biased data,
boosting success rates from 43% to 97% in the Cup task.

Simulation.
As shown in Tab. 1, across 18 distinct task settings, XTED achieves
the best or on-par performance in all 18 tasks. While direct aug-
mentation with raw source data hurts performance in 5/18 tasks
due to dynamics mismatches, XTED consistently provides mean-
ingful augmentation, yielding an average improvement of 16.4%
over the Target-only baseline. Notably, in Medium-Replay datasets,
xTED boosts scores by over 50% (Walker2d) and 20% (HalfCheetah).

We integrate xTED with Implicit Q-Learning (IQL) [4].
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Table 1: Average normalized scores for MuJoCo tasks on 20k
target/source data (5 random seeds).

Target Data Domain Gap ‘ Src ‘ Tgt ‘ Tgt+Src A ‘ Tgt+Src (Edited) A
- Gravity 8.4+6.3 | 39.5+2.4 | 41.1+1.3 40.6+2.0
§ Friction 14.4£3.6 | 39.5+2.4 | 27.9+7.2 41.2+1.6

< Thigh Size -0.1£1.0 | 39.5+2.4 | 40.3%£2.2 40.7+2.4

E ~ Gravity 8.4+6.3 | 26.2+3.5 | 29.5%+2.9 31.3+2.9

& T Friction 14.443.6 | 26.2+3.5 | 23.2+4.0 31.8+£3.1

= 2 ThighSize |-0.1£1.0| 262+3.5 | 29.0£3.7 33.0+3.0
= Gravity 8.4+6.3 | 40.1£2.9 | 40.4+3.4 43.8+3.6
T Friction 14.4£3.6 | 40.1+2.9 | 27.1+5.4 43.2+3.0
= Thigh Size -0.1+1.0 | 40.1+2.9 | 37.4+5.5 43.0+3.0
- Gravity 16.6+6.2 | 45.3+15.9 | 60.4+9.5 58.2+11.7
§ Friction 8.2+1.4 | 45.3+15.9 | 47.0+12.8 54.5+13.7

= Thigh Size 7.6+3.5 | 45.3+15.9 | 49.6£12.2 58.9+11.7
o~

E ~ Gravity 16.6+6.2 | 16.6+£5.9 | 19.5+10.7 23.3+9.1

G} T Friction 8.2+1.4 | 16.6+59 | 17.4+6.2 25.9+9.1

E = Thigh Size 7.6+£3.5 | 16.6+£5.9 | 18.0+6.7 25.9+9.1
= Gravity 16.6+6.2 | 71.0£21.0 | 67.4+11.1 82.9+18.1
T Friction 8.2+1.4 | 71.0+21.0 | 75.1+18.3 74.0+24.5
= Thigh Size 7.6+£3.5 | 71.0+£21.0 | 77.0+19.3 81.0+21.4

Total | 1653 | 7161 7273 +1.6% 833.2 +16.4%

4 CONCLUSION

We present xTED, a generic framework that reframes cross-domain
policy adaptation as a data pre-processing task. By decoupling adap-
tation from policy learning, xTED is task- and domain-agnostic,
compatible with various observation encoders and algorithms, and
orthogonal to other adaptation methods. At its core, xTED intro-
duces a specialized diffusion architecture that effectively models the
complex dependencies within heterogeneous trajectory data. We
show that incorporating source data edited with xXTED consistently
yields performance improvements over training solely on target
data while directly adding unprocessed source data often results
in significant performance degradation, particularly in real-robot
manipulation tasks.
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