DADIFF: Diffusion-Driven Cross-Domain Policy Adaptation for
Reinforcement Learning

Abstract— Transferring policies across domains poses a vital
challenge in reinforcement learning, due to the dynamics
mismatch between the source and target domains. In this paper,
we consider the setting of online dynamics adaptation, where
policies are trained in the source domain with sufficient data,
while only limited interactions with the target domain are
allowed. There are a few existing works that address the dy-
namics mismatch by employing domain classifiers, value-guided
data filtering, or representation learning. Instead, we study the
domain adaptation problem from a generative modeling per-
spective. Specifically, we introduce DADIFF, a diffusion-based
framework that leverages the discrepancy between source and
target domain generative trajectories in the generation process
of the next state to estimate the dynamics mismatch. Both re-
ward modification and data selection variants are developed to
adapt the policy to the target domain. We also provide a theoret-
ical analysis to show that the performance difference of a given
policy between the two domains is bounded by the generative
trajectory deviation. More discussions on the applicability of
the variants and the connection between our theoretical analysis
and the prior work are further provided. We conduct extensive
experiments in environments with various shifts to validate the
effectiveness of our method. The results demonstrate that our
method provides superior performance compared to existing
approaches, effectively addressing the dynamics mismatch. We
provide the code of our method at https://anonymous.
4open.science/r/DADiff-release-DB61,

I. INTRODUCTION

Reinforcement learning (RL) has shown strong potential
in complex decision-making tasks, but training directly in the
real-world environment (farget domain) is often restricted by
safety, cost, and limited interaction budgets. An alternative
strategy is to train policies in a surrogate environment (source
domain), such as a simulator, and then transfer them to the
target domain. But due to the dynamics mismatch between
the source and target domains, directly transferring the policy
often leads to performance degradation, which is a critical
challenge in the sim-to-real problem [1], [2]. One solution to
this transfer problem is known as online dynamics adaptation
[3], [4], where policies are trained with abundant source-
domain data and only limited interactions in the target
domain. In this setting, the state space, action space, and
reward function remain consistent across domains, while the
transition dynamics differ. Compared with solutions such as
domain randomization [5]-[7] or simulator calibration [8],
online dynamics adaptation does not require access to high-
fidelity simulators or prior knowledge of target dynamics,
and can therefore be applied in situations where such infor-
mation is unavailable.

Existing online dynamics adaptation methods, including
classifier-based approaches [9], value-guided filtering [3],

and representation learning [10], capture dynamics discrep-
ancy from different perspectives: classifiers provide coarse
distinctions between domains, value-guided methods depend
on the modeling of forward predictions, and representation
learning relies on assumptions of invariant latent structures
across domains. When the domains are complex or stochas-
tic, a key challenge that remains is to develop an approach
capable of capturing dynamics discrepancy in a more fine-
grained and distributional manner.

The generative modeling perspective provides a poten-
tial direction. Generative models, such as diffusion models
[11], [12] and flow matching methods [13], have demon-
strated strong capability in representing complex distribu-
tions. When state transitions are viewed as a conditional
generative process, the mismatch between source and target
domains can be interpreted as a discrepancy between their
respective generative processes. Specifically, the multi-step
sampling procedure in diffusion models and flow match-
ing methods produces several latent states, which construct
a generative trajectory, serving as structured signals of
source—target dynamics deviation. These latent states allow
the discrepancy to be captured not only at the next-state
level but also along the entire trajectory. Intuitively, if the
source and target domains follow different dynamics, their
trajectories will diverge at multiple steps, a phenomenon we
term generative trajectory deviation. This notion provides
a fine-grained view of dynamics discrepancy by revealing
how divergence accumulates along the trajectory, rather than
relying solely on local or aggregated comparisons. Our
theoretical analysis further connects trajectory deviation to
performance guarantees, providing motivation for algorith-
mic design.

Building on this perspective, we introduce DADIFF, a
diffusion-based framework for online dynamics adaptation.
DADIFF leverages latent states in diffusion models to mea-
sure generative trajectory deviation between source and tar-
get domains, and exploits this deviation in two complemen-
tary ways: (i) DADIFF-modify, which adjusts source-domain
rewards with deviation-based penalties, and (ii) DADIFF-
select, which filters source-domain data based on deviation
before value function updates. We further discuss the ap-
plicability of these variants to different tasks, highlight the
advantages of our method compared to prior work, and es-
tablish a connection between our analysis and the theoretical
guarantee of prior work. Empirical results in environments
with various shifts show the superior performance of our
method compared to existing algorithms.
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II. RELATED WORKS

a) Domain Adaptation in RL: Generalizing RL policies
to diverse environments is critical for real-world deployment,
where transition dynamics [9], [14], [15], state or action
spaces [16], [17] may be different. To address domain
adaptation, prior work falls under three categories: (i) domain
randomization that randomizes transition dynamics to expose
agents to many environment configurations [18], [19], (ii)
meta-learning to few-shot adapt to many environments [20],
[21], and (iii) expert demonstrations of target environments
through imitation learning [22], [23]. However, these ap-
proaches are either computationally expensive or require
hard-to-obtain demonstrations. With only limited target-
domain data, some works perform reward modifications to
transition to the target domain by using transition classifiers
[9], [24] or reward augmentations [4], [25]. Data selection
methods [3], [26] have also been used to filter out part of the
source-domain transitions and train policies on both source
and target domain data. When the domains are complex or
stochastic, a key challenge that remains is to develop an
approach capable of capturing the dynamics discrepancy. Our
method explores this challenge from a generative modeling
perspective by measuring the generative trajectory deviation
between the source and target domains.

b) Diffusion Models in RL: Diffusion models [11], [12]
have been extensively used for generating effective decision-
making policies in several domains, such as reinforcement
learning [27] and robotics [28]. Specifically, they are widely
leveraged to synthesize data for offline RL [29], facilitate
planning and action generation in multi-task scenarios [30],
and enhance the representational capacity of learned RL
policies [31]. In addition, diffusion models have also been
extended to the multi-agent settings [32]. In the field of
domain adaptation, they are utilized to augment the target-
domain data in order to boost the performance of offline
RL policies [33]. However, the introduction of synthesizers
may lead to extra computational costs, and the quality of
synthesized data is hard to guarantee. In contrast, we choose
to directly estimate the dynamics discrepancy by multiple
latent states from diffusion models instead of generating
more synthetic data.

III. PRELIMINARIES

a) Online Dynamics Adaptation: We consider two
Markov Decision Processes (MDPs), denoted as Mg, =
(S8, A, Pye,r,y) and My = (S, A, Piar,7,7y) for the
source domain and target domain, respectively. The state
space S, action space A, reward function r : S x A — R
and discount factor v € [0,1] are consistent across both
domains, while the transition dynamics Py, and P;,, differ.
The goal of online dynamics adaptation is to learn a policy 7
that achieves high performance in the target domain My,,,
utilizing sufficient data from the source domain and only
limited interactions from the target domain. In addition,
we specify a domain M and define the probability that a
policy 7 encounters a state s at time step ¢ as PJ ,(s).
Therefore, the normalized probability that a policy 7 visits
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Fig. 1: Illustration of DADIFF. This figure visualizes the generative trajecto-
ries in the source and target domains. The deviation d(s, a, s’) is measured
by the discrepancy dy, of each latent state s}, in the source and target domain
generative trajectories.

a state-action pair (s,a) in the domain M can be repre-
sented as phy(s,a) = (1 —7) 327" Py, (s)m(als). The
expected return of a policy 7 in M is defined as na(w) =
E(s,0)~p7, [r(s,a)]. We assume the reward are bounded by
[r(s,a)| < Tmax, Vs € S,a € A.

b) Diffusion Models: Diffusion models [11], [12] are a
family of generative models that learn to generate samples
from a target distribution. We mainly focus on the denoising
diffusion probabilistic model (DDPM) [12] in this paper.
DDPM consists of a forward process and a reverse process.
The forward process is regarded as a Markov chain that
gradually adds noise to data, transforming a clean data point
o into Gaussian noise, which is formulated as follows,

o =1 = Bror1 +V/Bre, e~N(0,I), (1)

where xj is the noisy data at diffusion timestep k, [j is
the noise schedule, and € is Gaussian noise. To simplify the
forward process, we can directly sample the noisy data at
diffusion timestep k as follows,

Tk = VapTo + V1 — aye,

where o, = 1 — B and ay, = Hle «;. The reverse process
learns to denoise the noisy data step by step, which is
formulated as follows,

e ~N(0,1), (2)

e~ N(0,1),

3)
where eg(xk, k) is a noise model that estimates the noise
from the noisy data point . The noisy data points {zy }2_,
form a generative trajectory from the initial noisy data z i to
the clean data x(. The training objective of the noise model
is formulated as follows,

Lait = Eog i [|l€ — eo(varzo + V1 — are, k)[°] . (4

IV. METHODOLOGY

Tp_1 = T — Pr — Ee(w%)) +
lf(Yk
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In this section, we first introduce a theoretical analysis to
demonstrate the connection between the dynamics mismatch



and the generative trajectory mismatch. Then, we present our
diffusion-based method, DADIFF, which measures the gen-
erative trajectory deviation from the perspective of diffusion
models and adapts the learned policy to the target domain.
The overview of our method is shown in Figure [I]

A. Theoretical Analysis

Before introducing the theoretical analysis, we first pro-
vide the definition of a generative trajectory, which is crucial
for the analysis. For clarity, we denote the next state s’ as
50

Definition 4.1: (Generative trajectory.) Specify a domain
M with transition dynamics Pay(sj|s, a). There is a genera-
tive trajectory for the next state s{, consisting of K auxiliary
variables {s},}5_,, referred to as latent states. These latent
states form a Markov chain from the initial latent state s to
the next state s{, conditioned on the state—action pair (s, a).

Remark. The Markov-chain  definition enables
the transition dynamics to be decomposed into
multiple conditional probabilities, ie., Puy(sjls,a) =
[ Pr(shls, a) TIh_; Pa(sy_ |8}, s, a)ds) . In this way,
the next state s, can be viewed as being generated step by
step with latent states, forming a generative trajectory. The
discrepancy of such generative trajectories across domains
provides a natural estimation of the dynamics discrepancy.

We construct generative trajectories in both source and
target domains, starting from the same initial latent state
s’K and derive Theorem to establish the connection
between the dynamics mismatch and the generative trajectory
mismatch. The detailed proof is provided in Appendix [VII-B]

Theorem 4.2: (Performance bound controlled by gener-
ative trajectory discrepancy.) Denote Mg, and My, as
the source and target domains with different dynamics,
respectively. The performance difference of any policy
evaluated in Mg, and My,, can be bounded as below,

NMere (T) = MM () <

V29 max
S WIEPS,L Dkt (Pae(5lc | 5,0) | Prar (o | s,am] +
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Remark. This bound indicates that the performance differ-
ence of a policy 7 between the source and target domains is
controlled by the initial latent state deviation term (a) and the
latent state transition mismatch term (b). Since the generative
trajectories in both the source and target domains share the
same initial latent state s, term (a) vanishes, leaving term
(b) as the sole determinant of the performance difference.
In other words, as long as the generative trajectories are
similar in the source and target domains, the performance
difference is small, and vice versa. We note that PAR [10] can
be considered as a special case of Theorem when K = 1.
A discussion on the connection between our analysis and the

theoretical guarantee of PAR is provided in Section

B. Domain Adaptation with Diffusion

Theorem [.2] provides a theoretical guarantee linking the
performance difference of a policy m to the generative
trajectory, thereby motivating a careful design of latent states
in the trajectory. In this section, we adopt the formulation of
DDPM to better characterize the dynamics discrepancy.

We first redeclare the reverse process of DDPM in a
reparameterized form to describe the latent state transition
in domain M as follows,
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where exq(s},, s, a, k) is the noise from the latent state s}, in
domain M. It indicates that the latent state transition follows

a Gaussian distribution, i.e.,
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According to Theorem [4.2] the performance difference of a
policy 7 across domains is determined by the latent state
transition mismatch term (b). Therefore, we can estimate
the generative trajectory deviation d(s, a, s") with the defined
distribution of latent state transition in Equation (/| as follows,

M=

d(& a, S/) = DKL(PSIC(S%—JSL S a)HPtar(s;f—l's;w S, a))

k=1

m_gﬁ llesrc(Sh, 5, a, k) — €rar(Sh, 5, a, k)| -

®)
We derive this equation by computing the KL divergence
between two Gaussian distributions. Notably, as the state
transition tuple (s,a,s’) comes from the source domain,
the noise eqc(s),s,a,k) estimated in the reverse process
must be consistent with the noise used in the forward
process to generate the latent state sj, which indicates
€src(S)s 8, a, k) = € with e ~ N(0, I). Besides, we introduce
a noise model €2, (s},s,a,k), trained with target-domain
data, to estimate the noise in the target domain. The training
objective is formulated as follows,

I
M=

=
I

1

Laoise = Es.a,0)~Deur st ||l6 = ebas(VaRSh + /T Gre, 5,0, k)\fl.

®)
This objective mirrors the standard DDPM training loss, but
conditions on (s, a) to capture dynamics in the target domain.
For the latent state s}, in Equation 8] there are two ways to
obtain it: (i) by iteratively applying the reverse process in
Equation [ and (ii) by sampling directly from the forward
process of DDPM, ie., s, = agsy + /1 — age with
e ~ N(0,I). Specifically, the first way requires sequential
sampling across all steps to generate the entire generative
trajectory, which is computationally expensive. In contrast,
the second way can produce all latent states in parallel,
yielding a much more efficient implementation. Therefore,
we choose to obtain the latent state sj via the forward
process in our method. Finally, the deviation d(s,a,s’) can



be practically estimated as follows,
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(10)

We further introduce two variants based on SAC [34] to

utilize the deviation d(s, a, s’), including reward modification

and data selection, since we find that baselines adopting

these two techniques exhibit complementary advantages in

different tasks, which is shown in Section We analyze

the possible reason for this phenomenon from the reward

distribution aspect in Section The details of DADIFF
variants are provided as follows.

a) Reward modification.: We refer to this variant as
DADIFF-modify. It adopts the deviation d(s,a,s’) as a
reward penalty to modify the reward function in the source
domain, i.e.,

=r(s,a,s’) — \d(s,a,s’),

Y

where ) is a penalty coefficient to balance the original reward
and the penalty. The objective function for training the value
function gives,

fccritic = E(s,a,rmod,s’)vasrCUDta, [(Q(b - TQ¢)2] ;

where Dy, and Dy, are the datasets from the target and
source domains, respectively, (), is the value function, and
T is the Bellman operator.

b) Data selection.: We refer to this variant as DADIFF-
select. We select fixed percentage data with the lowest
deviation d(s,a,s’) from a batch of source domain data.
The selected data is then used to update the value function.
We formulate the objective function of the value function as
follows,

Ecrltlc — E(a a,r,s’ NDtar [(Qg{) - TQ¢) ]
E(sa,m5)~Dure [@(5,0,8)(Qs — TQo)?]

where w(s,a,s’) = 1(d(s,a,s’) < de), 1 is the indicator
function, and d¢9, denotes the lowest {-quantile deviation in
the batch.

For both variants, the objective function of the policy 7 is
formulated as:

7Amod(sv a, 5/)

12)

(13)

‘Cactor = E(s,a,r,s’)NDsmqur [_ mini:LQ Q(m (57 CL) + 7 logﬂ_(a|5)} )

(14)
where 7 is the entropy temperature coefficient, and ¢ denotes
the value function index. We provide the pseudocode of
DADIFF in Algorithm

V. EXPERIMENTS
A. Experimental Setup

We conduct experiments in four environments (ant, hop-
per, halfcheetah, walker) from Gym MulJoCo [35], [36].
The source domain is set as the original environment, while
the target domain is set as the environment with shifts
in kinematics, morphology, friction, or gravity. Kinematic
shifts restrict joint rotation ranges, morphology shifts reduce

Algorithm 1: Domain Adaptation with DADIFF

Input: Source domain Myc, target domain Myar, and target
domain interaction frequency F'

Initialization: Policy 7, value function {Qg, }:=1,2. target value
function {Q @, }i=1,2, noise model efar, replay
buffers {Dbu,Dmr} penalty coefficient )\, data
selection ratio &, batch size N

for i =1,2,... do

Collect (Ssrc, Gsrc, Tsres Shre) from Mare, store in Dsre

if ¢ mod F = 0 then

| Collect (Star, tar; Ttar, 8tap) from Myar, store in Dyay

1
2
3
4
5 Sample N transitions from Diayr, train model E?ar via Eq.EL
6 Sample N transitions from Dgyc, compute d(Ssrc, Gsre, sgrc

via Eq.

7 if using reward modification then /I reward modification

8 Modify source domain rewards via Eq.
9 Update value functions @4, by minimizing Eq.
10 else /I data selection

11 Select ¢-quantile data from Dsrc by d(Ssrc, Gsre, Shpe)
12 Update value functions @4, by minimizing Eq.

13 Update actor 7 by minimizing Eq.

14 Update target value functions @ 4

limb sizes, friction shifts modify the friction coefficient, and
gravity shifts adjust gravitational acceleration. Kinematic and
morphology configurations follow PAR [10], while friction
and gravity shifts follow ODRL [37] at a level of 0.5.

We compare our method with the following baselines:
DARC [9], which trains domain classifiers to estimate the
dynamics discrepancy and modifies the reward function
in the source domain; VGDF [3], which uses a value-
guided data filtering method to select data from the source
domain; PAR [10], which trains encoders to estimate the
representation discrepancy and modifies the reward function
in the source domain; SAC-IW, which estimates the dynam-
ics discrepancy as an importance sampling term for value
function; SAC-tune, which fine-tunes the policy in the target
domain for 10° environmental steps; SAC-tar [34], which
is the vanilla SAC trained in the target domain with 10°
environmental steps; Oracle [34], which is the vanilla SAC
trained in the target domain with 1M environmental steps.
We implement all algorithms based on the official code of
ODRL [37] and follow the hyperparameters in the original
paper. We allow all algorithms to interact with the source
domain for 1M environmental steps and the target domain for
105 environmental steps, i.e., the target domain interaction
frequency F' = 10. All algorithms are trained with five
random seeds.

B. Adaptation Performance Evaluation

We conduct experiments on sixteen tasks with diverse
shifts to evaluate the adaptation performance of DADIFF
and baselines. The results are summarized in Figure
Overall, DADIFF exhibits consistently strong performance,
demonstrating superior or competitive performance against
all baselines in the majority of tasks. While some existing
methods, such as VGDF, PAR, or SAC-tune, occasionally
reach competitive results in specific tasks, their performance
fluctuates significantly across different tasks. In contrast,
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Fig. 2: Adaptation performance under kinematic, morphology, friction, and gravity shifts (from top to bottom). The solid curves and the shaded regions
denote the mean and standard deviation over five random seeds, respectively. DADiff demonstrates superior or highly competitive performance against all

baselines in the majority of tasks.
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Fig. 3: GPU memory and runtime comparisons on the halfcheetah (broken
back thigh) task. In the GPU memory comparison, DADIFF-modify and
DADIFF-select exhibits slightly higher GPU memory cost compared to PAR
and DARC. In the runtime comparison, VGDF requires 3Xx more training
time than other methods due to its model-based approach.

DADIFF maintains stable and superior adaptation perfor-
mance across a wide range of shift types. We further discuss
the performance of two variants of DADIFF, DADIFF-
modify and DADIFF-select, respectively.

a) Reward modification variant.: The reward modifi-
cation variant of our method, DADIFF-modify, demonstrates
strong and consistent performance across diverse tasks. As
shown in Figure [2] it surpasses other reward modification
baselines, including PAR, DARC, and SAC-IW, in most
tasks and achieves performance comparable to oracle-level
methods. On average, DADIFF-modify improves by 8.7%

across all sixteen tasks, with the largest gain of 42.3%
on the halfcheetah (broken back thigh). In addition to its
performance advantages, we observe that our method incurs
a slight increase in GPU memory usage compared to PAR
and DARC due to latent state generation, as shown in Fig-
ure @ This modest increase, however, contributes positively
to adaptation performance by enabling better discrepancy
estimation, thus representing a favorable trade-off between
computational cost and effectiveness. To further explore the
performance of DADIFF-modify in stochastic environments,
we provide an experiment in Section [VI-A]

b) Data selection variant.: In Figure 2] the data selec-
tion variant, DADIFF-select, proves to be a highly effective
alternative by achieving competitive performance against
top baselines in tasks where reward modification methods
falter. Specifically, in the halfcheetah (no thighs), hopper
(big head), and hopper (friction) tasks, reward modification
methods exhibit poor performance. In contrast, DADIFF-
select achieves results that are highly competitive with the
top-performing baseline, VGDEF. This indicates that in certain
tasks, directly filtering for transitions with low dynamics
mismatch is a more effective strategy than modifying re-
wards. We analyze the possible reason in Section [VI-B] Fur-
thermore, while VGDF demonstrates top-tier performance in



these tasks, it carries significant trade-offs. Since VGDF is a
model-based approach, it takes significantly longer to train
by more than 3x, as shown in Figure 3] On the other hand,
DADIFF-select is able to match or exceed the performance of
VGDF on such environments while maintaining comparable
efficiency to similar model-free baselines.

C. Parameter Study

The performance of DADIFF is influenced by several
key hyperparameters. To better understand their roles, we
conducted a series of experiments across different tasks. The
results on halfcheetah (broken back thigh) and walker (no
right thigh) are presented in Figure []

a) Penalty Coefficient \.: X controls the scale of reward
penalty in DADIFF-modify. As shown in Figure [da] we
evaluate the performance of DADIFF-modify across multiple
values of A\. We find that a worse performance is often shown
in the setting A = 0, where no penalty is adopted for rewards.
It demonstrates the necessity of reward modification. Mean-
while, the results also indicate that the optimal value of A
is task-dependent, and there could be multiple values that
yield good performance for a specific task. For instance, in
the halfcheetah (broken back thigh) task, both A = 0.5 and
A = 5.0 achieve the best performance. A poorly chosen
A can significantly degrade performance, highlighting the
importance of tuning this coefficient.

b) Data Selection Ratio £%.: €% controls the ratio of
source domain data to retain in DADIFF-select. As shown
in Figure Ab] we evaluate the performance of DADIFF-
select across multiple values of £%. Similar to the penalty
coefficient, the optimal value of £% is task-dependent. We
find that both too much (£% = 100%) and too little ((£% =
0%)) source data can lead to suboptimal performance. As
retaining too much source data may introduce transitions
with significant dynamics mismatch, while retaining too little
may result in insufficient data for effective learning.

c) Diffusion Timesteps K.: K controls the number of
diffusion timesteps used to measure the discrepancy in both
DADIFF-modify and DADIFF-select. We provide the results
of DADIFF-modify in Figure The results shows that
performance improves up to K = 100. Increasing K further
to 200 causes a decline, likely due to the limited capacity of
the noise model, which may struggle to accurately estimate
noise across too many timesteps.

VI. DISCUSSIONS
A. Connection between DADIFF and PAR

We explore the connection between PAR and our method
from a theoretical perspective. The performance bound of our
method is controlled by the generative trajectory discrepancy
in Theorem @ We consider a special case, where the
number of latent states in the trajectory is K = 1. Instead
of considering latent states in the generative trajectory, we
take s} as a latent representation and introduce the one-to-
one representation mapping assumption in PAR [10], which
assumes that there exists a one-to-one mapping for each
state-action pair (s,a) and its latent representation s}. In

— A=0 — A=0.01
A=0.5 — A=1.0

halfcheetah (broken back thigh)
4000

—— A=0.05
— A=2.0

A=0.1
—— A=5.0

walker (no right thigh)

6000

3000
4000
2000

Return

2000 1000

0 0

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Environment Steps le5 Environment Steps le5

(a) Penalty coefficient .

£%=0%
£%=50%
halfcheetah (broken back thigh)

£%=10%
E%=75%

— £%=25%
£%=100%
walker (no right thigh)

6000 4000
3000
£ 4000
% 2000
& 2000
1000
0 0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Environment Steps le5 Environment Steps le5
(b) Data ratio £%.
— K=10 K=50 —— K=100 —— K=200

halfcheetah (broken back thigh) walker (no right thigh)

6000 4000
3000
2000

1000

0
00 02 04 06 08 10 00 02 04 06 08 10
Environment Steps le5 Environment Steps le5
(c) Diffusion timesteps K.
Fig. 4: Parameter study. The solid curves and the shaded regions denote the
mean and standard deviation over five random seeds, respectively.

this setting, the state-action pair (s,a) in Equation |5| can
be all replaced by the corresponding latent representation
s}. Therefore, the performance bound can be rewritten as
follows,

NMare (T) = MMy, (T) <

%EP&C {\/EP [DKL(Psrc(Smsll)||Ptar(56‘8/1))}:|
(15)

We further introduce a conclusion proven in PAR [10]:

DKL(PsrC(5,1|56)||Ptar(5/1‘56)) =
DKL(PsrC(56|3,1)||Ptar(56‘5/1)) + H(Sérc)

- H(ng)
(16)

Therefore, the performance bound can be rewritten as fol-
lows,

NMare (T)=NM,, (T) <

V2T max

Vg [ VEr D (Pac ) P )] +
V2T max

T Bt | VErae (i) — B

A7)
This performance bound is consistent with the performance
bound of PAR, which indicates that PAR can be considered
as a special case of our method. However, the one-to-
one representation mapping assumption may not hold in



TABLE I: Adaptation performance under stochastic dynamics controlled by
the standard deviation parameter ¢. Average return and standard deviation
over five random seeds are reported. The best results are in bold, and
performance change relative to the deterministic setting (¢ = 0.0) is shown
in parentheses.

DADIFF-modify PAR

2623.1+105.2

2398.34+297.8 (18.57%)
2328.74302.9 ({11.22%)
2406.1+455.7 (18.27%)

2943.3+546.7
2373.841072.4 (119.35%)
2825.84+466.6 (13.99%)
1613.94878.7 (145.17%)

Environment S

0.00 2582.14251.6

. 001 2591.0+159.2 (10.34%
hopper (broken joints) o> 3515.9+101.8 82.570/3
003 2574.24280.6 (J0.31%)

0.00 3390.41+-464.4

0.01  2879.3+688.9 (115.08%)
0.02  2812.54934.6 (117.05%)
0.03  3176.8+796.4 (16.30%)

walker (broken right foot)
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DADiff-modify DADiff-select DADiff-modify DADiff-select

Fig. 5: Reward distribution comparison between the source-domain rewards
before processing (Original) and after modification or selection (Processed).

practice, especially in stochastic environments, which limits
the application of PAR. In contrast, our method does not
rely on this assumption and can handle more general scenar-
ios. We validate this point in environments with stochastic
dynamics. Noises with different standard deviation ¢ are
introduced to the actions to simulate stochastic dynamics,
and two tasks with kinematic shifts, hopper (broken joints)
and walker (broken right foot), are considered. We evaluate
the performance of DADIFF-modify and PAR, which is
presented in Table [l Notably, our method maintains robust
performance even as the standard deviation ¢ increases, while
PAR’s performance degrades significantly. We believe the
decrease in PAR’s performance is due to its reliance on one-
to-one representation assumptions, which may not hold in
stochastic settings.

B. Reward Distribution Analysis

We further examine the reasons behind the superior per-
formance of DADIFF-select, in contrast to the severe failure
of DADIFF-modify on halfcheetah (no thighs) and hopper
(big head) tasks, as illustrated in Figure 2] Specifically,
we analyze the reward distributions of source-domain data
after modification or selection. The results are presented in
Figure [5] We find that DADIFF-select generates a higher
distribution in the low-reward region compared to DADIFF-
modify on both tasks. This suggests that the low-reward data
may play a crucial role in these tasks, which can effectively
guide the policy to avoid undesirable states and actions.

VII. CONCLUSION

This work explores the problem of online dynamics adap-
tation in reinforcement learning from a generative modeling
perspective. We first theoretically analyze the performance
bound of a policy in the source and target domains, which is
controlled by the generative trajectory discrepancy. Based

on this analysis, we propose a novel method, DADIFF,
which utilizes diffusion models to measure the dynamics
discrepancy and performs either reward modification or data
selection to adapt to the target domain. Extensive exper-
iments demonstrate that our method outperforms existing
baselines in tasks with various shifts.

APPENDIX
A. Useful Lemmas
Lemma 7.1: (Telescoping lemma.) Denote M; =
(S, A, P r,y) and Mo = (S, A, Pa,r,7y) as two MDPs
with the same state and action spaces but different transition
dynamics P; and P5. The performance difference of a policy
7 evaluated in M7 and M can be expressed as:

M, (ﬂ—) — M (ﬂ') = 1 ¥ le(s a) [ s~ Py [V./\";lz (Sl)] - ES’NPz [V,/\";lz (SI)H
Proof. Please see Lemma 4.3 in SLBO [38] for a detailed
proof.

B. Proof of Theorem

Theorem 7.2: (Performance bound controlled by gener-
ative trajectory discrepancy.) Denote Mg, and My, as
the source and target domains with different dynamics,
respectively. The performance difference of any policy 7
evaluated in Mg,. and M,, can be bounded as below,

MMare (T) = M (T) <

T B WIEPS,C [Dict(Pere (5 | 5.0) || Pae(sc | s.a>>1] +

(a): initial latent state deviation

Epr. |:J Ep,.
(b): latent state transition mismatch

Proof. As the value function V{7, (s) estimates the expected
return of a policy 7 starting from state s in domain M, and
the rewards are bounded, we have [V (s)| < rmax/(1 —
v),Vs. By using Lemma [7.1) we have:

\/ﬁvrmax
(1=

K
ZDKL(PsrC(S;c—l | 53&,75,(1) I Ptar(ssc—l ‘ S;Cﬂs,a))}:| .
k=1

LBy [Epy,[r(sa)]
>

- ~ Epy, [r(s,0)]

NMare (T) = MMy, () =

v 2 T
o er s [ [ Pactstlsavitsh) - [, Ptar(s’o\s,a)vmwa)dss]
“ S0 S0

7
S

( src(90|5 a) Pmr(so\g a)) ‘Vtar(‘;n ‘dso]

’
0

'}Tmax MC|: Pere(sh|s, a) Ptar(Sé\s,a)d56:|
_ zil“:’;z ﬂm{ Pac(sp.xls a) — PLar($6;K|5v‘1)456:K]
= (Q’Wmd)xz 07,e [PV (Parc(s0. ¢ |5, @)l | Prar (50, ¢ |5, )]
< \({Zr’r:)dzx Eor., DKL(Psrc(SfJ:K‘SVQ)HPW(SG:K‘S’a))]

(a)

. Parc(sh, |5, a)
Pmr(s(’):K|s,a)

Parc(s K\s a) JFZI

Pia, r(sK|s a)

Ep,e {lo

- ) Psre Sk 1\s,ws a)
o, _—
Pore |18 B s a) Ptar(sk 1|sk,5 a)

(b)

V29rmax
< [V Dt (Pl ) Pl a)] | +
\/5 T K
(L | B | 3 D0 (P 5y 5,00 a5y 5 5.0)
k=1
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where Drv(P||Q) is the total variation distance between
two distributions P and @, the step (a) holds by Pinsker’s
inequality [39], the step (b) holds by the Markov property,
and the step (c) holds by the subadditivity of the square root
function. The proof shows that the performance difference
can be controlled by the distributional divergence of latent
states in generative trajectories.
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