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ABSTRACT

Cross-domain shifts present a significant challenge for decision transformer (DT)
policies. Existing cross-domain policy adaptation methods typically rely on a sin-
gle simple filtering criterion to select source trajectory fragments and stitch them
together. They match either state structure or action feasibility. However, the
selected fragments still have poor stitchability: state structures can misalign, the
return-to-go (RTG) becomes incomparable when the reward or horizon changes,
and actions may jump at trajectory junctions. As a result, RTG tokens lose con-
tinuity, which compromises DT’s inference ability. To tackle these challenges,
we propose Data Fusion—-Enhanced Decision Transformer (DFDT), a compact
pipeline that restores stitchability. Particularly, DFDT fuses scarce target data with
selectively trusted source fragments via a two-level data filter, maximum mean
discrepancy (MMD) mismatch for state-structure alignment, and optimal trans-
port (OT) deviation for action feasibility. It then trains on a feasibility-weighted
fusion distribution. Furthermore, DFDT replaces RTG tokens with advantage-
conditioned tokens, which improves the continuity of the semantics in the token
sequence. It also applies a (-guided regularizer to suppress junction value and
action jumps. Theoretically, we provide bounds that tie state value and policy per-
formance gaps to the MMD-mismatch and OT-deviation measures, and show that
the bounds tighten as these two measures shrink. We show that DFDT improves
return and stability over strong offline RL and sequence-model baselines across
gravity, kinematic, and morphology shifts on D4RL-style control tasks, and fur-
ther corroborate these gains with token-stitching and sequence-semantics stability
analyses.

1 INTRODUCTION

Offline reinforcement learning (RL) aims to turn logged interaction data into deployable policies
without further environment access, improving safety and sample efficiency in costly or risky do-
mains (Levine et al.,[2020). Sequence-modelling approaches such as the Decision Transformer (DT)
recast RL as conditional sequence prediction and obtain strong performance by conditioning actions
on return-to-go (RTG) (Chen et al., 2021} Janner et al.,[2021a). However, when the training and test
dynamics differ, DT-style policies often fail. At a high level, the underlying challenge is dynamics
shift between source and target environments, whose token-level consequences include: stitched tra-
jectory fragments losing continuity, state manifolds drifting across domains, actions that are feasible
in the source dynamics becoming implausible at stitch junctions, and RTG tokens becoming incom-
parable under changes in the distribution and scale of returns and effective horizons (even when the
reward function form is unchanged). As a result, DT agents can overfit source-domain statistics and
generalize poorly under cross-domain deployment.

Cross-domain offline RL seeks to alleviate this issue by combining rich source logs with scarce
target-domain data. Existing methods filter or reweight source transitions to bias learning toward
samples that better match the target dynamics, using support-aware selection, representation-based
filtering, stationary-distribution regularization, or optimal-transport (OT) alignment (Liu et al., 2024;
Wen et al.| 2024; Xue et al., 2023; Lyu et al.|[2025b)). These approaches are effective for value-based
and actor—critic pipelines, but they operate at the level of occupancy or transition distributions rather
than the sequence tokens governing DT policies. In particular, they do not explicitly control the
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Figure 1: An overview of our proposed framework. Credible source fragments are first selected by
an MMD-based state-structure gate and an OT-based action-feasibility reweighting, then fused with
scarce target data and fed, together with advantage-conditioned tokens A, into a Decision Trans-
former whose attention heads predict stable actions a; under cross-domain shifts.

stitchability radii that quantify state-structure and action-feasibility mismatches under dynamics
shift, nor do they directly repair token semantics at trajectory junctions.

We propose Data Fusion—Enhanced Decision Transformer (DFDT), a compact cross-domain adap-
tation framework that explicitly restores token-level stitchability for DT policies. DFDT fuses tar-
get data with selectively trusted source fragments via a two-level filter: (i) an MMD-based state-
structure gate that retains source fragments whose latent state trajectories stay close to the target
manifold, and (ii) OT-derived scores that quantify action feasibility and define per-sample weights.
These two components later correspond to state-structure and action-feasibility stitchability radii in
our analysis. We train value and Q-functions on the resulting feasibility-weighted fusion distribu-
tion, and replace brittle RTG tokens with advantage-conditioned tokens that provide a reward- and
horizon-agnostic conditioning signal. A lightweight Q-guided regularizer further suppresses value
and action jumps at stitch junctions, yielding smoother token transitions.

Our contributions are threefold:

* We identify and characterize failure modes of DT under cross-domain stitching, and pro-
pose a two-level MMD+OT fragment filtering and weighting framework that defines a
feasibility-weighted fusion distribution for cross-domain offline RL.

* We design DFDT, a DT-based policy adaptation method that combines feasibility-weighted
critics, advantage-conditioned tokens, and a Q-guided regularizer to restore token-level
stitchability under dynamics shifts.

* We provide theoretical bounds that decompose dynamics shift into state-structure and
action-feasibility stitchability radii and tie value and performance gaps to these radii and
estimation errors, and empirically show that DFDT attains strong performance and stable
sequence semantics across gravity, kinematic, and morphology shifts.

Section [2] formalizes the cross-domain offline RL setting and recalls expectile regression, Section 3]
presents our fusion framework and the DFDT algorithm, Section [5 reports experiments and diag-
nostics, and Section |§| concludes.

2 PRELIMINARIES AND PROBLEM FORMULATION

We begin by formalizing the cross-domain offline RL setting and introducing the notation used
throughout the paper. Our focus is on adapting from a rich source dataset collected under dynamics
Ps to a target environment with different dynamics Pr, where only limited target data are avail-
able. This setting highlights how dynamics shifts break token-level trajectory stitching for standard
Decision Transformers and motivates the design choices in DFDT.

Cross-domain offline RL and token stitchability. We consider two infinite-horizon Markov De-
cision Processes (MDPs), the source domain Mg := (S, A, Ps,rs,7, po) and the target domain
My = (S, A, Pr,rr,7,p0). The two domains share the same state space S, action space A,
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reward function r : S x A — R (bounded by 7,ax), discount factor v € [0, 1), and initial distri-
bution pg, but differ in their transition kernels Ps # Pr. Let Pg and Pz denote the corresponding
data occupancy distributions of datasets. For any MDP M and policy 7, let the normalized dis-
counted state and state-action occupancy measures be d7,(s) := (1 — ) > 2 q7" Pr(s | ) and
Viq(s,a) == di,(s)m(a|s), and define the performance of 7 by Ja(7) 1= E(s aymug, [7(s: @) ]
Let Dge = {(s,a,7,5")} be an offline dataset from Mg and Dy, = {(s,a,r,s’)} a much smaller
dataset from Mp. We aim to learn a policy 7* that maximises Jp(7) without online interaction
with M. The core challenge is the cross-domain shift Pg # Pr, which is especially harmful to DT
policies that rely on token-level continuity in RTG, state, and action: source and target state man-
ifolds misalign, RTG becomes incomparable under reward and horizon shifts, and actions feasible
under Pgs can be implausible under Pr, creating stitch discontinuities. This breaks local sequence
structure, induces exposure bias, and destabilizes RTG conditioning; using only Dg,. extrapolates
invalid next tokens under Pr, while Dy,, alone lacks coverage. We therefore use Dy, and Dy,, to
restore token continuity, aligning state structure, ensuring action feasibility, and replacing fragile
RTG with a stable conditioning signal, hence Transformer policies generalize across domains while
controlling distributional mismatch.

Expectile regression and advantage estimation. For a response Y € R and covariates X € X, the
¢-expectile regression function (¢ € (0, 1)) is the map m, : X — R that minimizes the objective
E[pe(Y — me(X))] with pe(u) = |¢ — 1{u < 0}|u?, yielding a unique minimizer under mild
integrability by strict convexity. Expectiles continuously interpolate tail emphasis: { = % recovers
the conditional mean, while ¢ — 1 (resp. — 0) increases sensitivity to upper (resp. lower) tails.

3 DFDT: DATA FUSION-ENHANCED DECISION TRANSFORMER

We now present DFDT, a framework that restores token-level stitchability under dynamic shifts by
combining data fusion, advantage-conditioned tokenization, and Q-regularized DT training. At a
high level, DFDT constructs a feasibility-weighted fusion distribution over source and target frag-
ments, uses shared advantages instead of RTG as conditioning tokens, and trains a DT policy that
is regularized to avoid large value and action jumps at fragment junctions. This section proceeds
from data to model: Section@descn’bes the fusion distribution, Section@ introduces advantage-
conditioned tokenization, and Section [3.3|specifies the training objective.

3.1 TWO-LEVEL FRAGMENT FILTERING AND FEASIBILITY-WEIGHTED FUSION

Before sequence modeling, DFDT applies two-level filtering and reweighting to source fragments.
At the state-structure level, we use an MMD criterion in a learned latent space to remove fragments
whose transitions are incompatible with the target manifold. At the action-feasibility level, we use an
OT-based cost over state—action pairs to assign feasibility weights, down-weighting fragments whose
actions are implausible under target dynamics and forming a feasibility-weighted fusion distribution
that blends source and target data.

3.1.1 MMD-BASED FRAGMENT SELECTION

To enforce state-structure compatibility, DFDT compares source and target fragments in a latent
representation space using an MMD criterion. Fragments whose latent state transitions lie far from
those observed in the target data are discarded or strongly down-weighted, yielding a subset of
source trajectories whose state evolution better aligns with target dynamics and reduces abrupt state
jumps at stitch junctions.

Let z = f4(s) be a shared encoder that extracts state features. For a source fragment 7° =

(s7,af,r7,...,s7,ap,ry) and a target fragment 77 = (s{,a{,r{,... s}, af, ), we com-
pute the RBF-kernel MMD in latent space:
2,8 Ty _ 1 S Sy, 1 T Ty _ 2 s T
MMDj (77, 77) = ﬁzk(z’z ) %5 )+ WZ k(z; y %5 ) - %Zk('zz ) %5 )s (1)
1,5 i,j i,

where 27 = f,(s7) and k is an RBF kernel. This score measures structural similarity between
dynamics; we keep the top-£% source fragments with the smallest values to form a pseudo-target
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buffer Dyi,. We then define the state-structure MMD distance of 7° to the target dataset:
d™(7%) = E,rMMDy({z = fo(s{)}ioy, {2] = fo(s])}5), @)
and the hard gate I,,,(7%) := 1(d™(7°) < g¢) that retains the top-{% most similar fragments.

3.1.2 OT-BASED ACTION FEASIBILITY AND WEIGHTS

While MMD ensures that selected source fragments lie on a target-like state manifold, it does not
guarantee that their actions remain feasible under target dynamics. We therefore introduce an OT-
based notion of action feasibility over state—action pairs and convert the resulting costs into feasi-
bility weights that modulate each fragment’s influence in both critic and DT training. We note that
the OT-based feasibility score directly reuse the discrete OT formulation proposed in OTDF (Lyu
et al., 2025a). In DFDT, we treat this as a well-validated building block and focus our contributions
on how these OT weights are embedded into the two-level fusion framework and sequence-model
training.

For each 75 € Dq,., we use optimal transport (Villani et al., [2008; Peyré et al., 2019) to evaluate
how plausible its actions are under target dynamics. Define concatenations vy = sy ©a; &ry @sy 1
and v{ = s{ ®a] &r] ®s],, with v} ~ Dz and v} ~ Dy,,. Given a 1-Lipschitz cost function C
and coupling i, the Wasserstein distance is defined as
[Dsrel | Drar]
Wi=nmin > > CFve) e 3)
t=1 t'=1
Suppose solving the optimization problem in Eq. [3 gives the OT coupling * (Kantorovich| [1942);
we determine the deviation between a source-domain sample and the target dataset via
‘Dtar I
d“(u) = =Y C},of) gy v, &)
=1
which becomes larger when the source sample aligns well with the target behavior (i.e., lower trans-
port cost), and smaller otherwise. This OT credibility score prioritizes source actions whose trans-
port cost to the target behavior is small, improving action continuity across stitched tokens. In other
words, MMD bounds how far the selected source state transitions can deviate from the target dy-
namics manifold, whereas OT bounds how far the weighted source state—action pairs can deviate
from target-feasible behavior.

3.1.3 FEASIBILITY-WEIGHTED FUSION DISTRIBUTION

Combining the state-level MMD filter and the action-level OT weights yields a feasibility-weighted
source distribution P&’ over the origin one Pg. We then define a fusion distribution P%; - that mixes
this weighted source distribution with the target distribution according to a tunable mixing ratio:
Definition 3.1 (Two-level feasibility-weighted data fusion framework). For each triple u = (s, a, )
from a gated source fragment, let d* (u) be the OT action feasibility score, and set the raw per-sample
weight
w(u) = Im(TS) eXP(% dm(“))v
where 7,, > 0 is the weight temperature coefficient. Normalize the raw per-sample weight as

w(u) = %. Define the weighted source and target—source data fusion distributions as

P (u) c w(u) Ps(u) and Py = (1—-8)Pr+BPg, 5€[0,1].
This fusion distribution is the backbone of DFDT: critics are trained under P, . and DT policies also
receive trajectories sampled from P, , keeping value learning and sequence modeling consistent.
Learning objective under feasibility-weighted data fusion distribution. We propose that training
samples are drawn from P”; and we minimize weighted TD losses for () and V/, respectively
2 2
Lv =FEpuw [(r(s, a) +V(s') = V(s)) }, Lo=FEpu [(T +V(s') = Q(s,a)) }
and a Q-regularized term:

mix mix
w
mix

Lr=L5T — a]Epl;gix[Q(s,Tr(s))].

We train the policy with a weighted DT objective L5 under [P
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3.2 ADVANTAGE-CONDITIONED TOKENIZATION FOR TRAJECTORY STITCHING

Even with a stitchable fusion distribution, standard DT suffers from brittle RTG tokens: returns are
sensitive to reward scaling and can exhibit sharp discontinuities when stitching fragments across do-
mains. DFDT instead uses advantage-conditioned tokens derived from shared value and Q-functions
trained under P . . which yields more stable supervision at fragment junctions.

mix’
Shared value and Q-functions. We train a shared value function V; and Q-function @, so that
advantages are comparable across domains and can guide tokenization. Since selected fragments are
structurally aligned with the target dynamics, the shared V., promotes a consistent reward structure
across domains. Specifically, we estimate V5 via a weighted expectile regression:

L:(p =Er [PC(AVW)} +E;s [GXP(T]w dw) Im(TS) ¢ (AVv)jI s 5)

and
Ly =Eor [y (Agy)] +Ers [exp(ny d*) In(r%) py (Agy)] ©)

where p1 = pe_y and Ly(7%) := 1d™(7®%) < g¢) is the hard gate from Definition
The expectile function p¢ is defined in Section The one-step TD residuals, are defined as
Ay (s,a,s) =r(s,a) +vV(s') = V(s) and Ag(s,a,s") :=r(s,a) + 7V (s') — Q(s,a).

Sequence format with advantage tokens. For each state-action pair (s;, a;) in a selected frag-
ment 7 = (S¢, G4, Tty -, Sttk, Gttk, "t+k), We generate a pseudo-return token as A(s;,a;) =
Qu(si,a;) — Vi(s;). These weighted advantage values replace the original (unavailable or incon-
sistent) RTG signals. The resulting transformer token sequence

(Sta ag, At7 LRI 8t+k7 at-‘rk) At-‘rk) (7)

forms the input for policy training, enforcing reward continuity and structure-aware return alignment
and enabling stable cross-domain adaptation. We introduce a command network C;; that produces
an advantage-consistent command token that serves as an RTG replacement during inference. This
network is trained using supervised learning with the advantage information A of the dataset.

3.3 WEIGHTED Q-REGULARIZED TRANSFORMER TRAINING

We finally specify how DFDT trains its critics and DT policy under the feasibility-weighted fusion
distribution P . At a high level, we combine (i) critic updates based on multi-step TD targets
sampled from P , (ii) a weighted sequence-modeling loss on advantage-conditioned trajectories,

and (iii) a Q-regularizer that explicitly suppresses value and action jumps at fragment junctions.
Algs. [T]and 2] summarize the full training and inference procedures.
Critic network update. The parameters @; (i € {1,2}) of the twin critics @, are trained by
minimizing
t—1 )
Lo =Bim | Y (Qi—Qo(si,00) |, ®)
i=t—K+1

where Q; = Z;;i ¥/ "ty + 4 mingege Qgy (51, d;) is a multi-step TD target and Qg , g
are the target critic and policy. Writing out the definition of P, (Def. @, Eq. [8) coincides
with £5(6; Dsar) + Brange, e In(7%) Yiny gei €¥pudi?) (@: = Qg (5126:))%), iie., the
standard Bellman loss on Dy, plus a feasibility-weighted contribution from source trajectories.

Cross-domain DT loss. The conditional DT policy receives the relabeled sequences and predicts
the next action at each step. Its behavior cloning objective under the fusion distribution is

t

w 1 2
‘CDT(G) = E[Pr:]uix E ' Z (CLZ' - ’/TQ(T)Z') . (9)
i=t—K+1
Equivalently, expanding PY._ over Dy, U Dy shows that L#:(0) = Lpr(6;Dar) +

E;s03... [K™ 1 (75) Z:f:t_KH exp(nwd?) (a; — m9(7%);)?], where Lpr(6; Dyar) is the stan-
dard DT loss on the target data.
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Integrating ()-regularizer into the DT loss. To bias the policy toward high-value actions and
improve action-level stitching, we augment the DT objl:tive with a (Q-value regularizer:

¢
1
L= EBUT - OZIE]PI%X ? Z Q¢ (5i77T(3i)) — Threg ﬁreg(ﬂ)v (10)
i=t—K+1
where Q4(s,a) = min;—12Qg,(s,a) and L, (m) is a KL penalty between 7 and the

behavior policy 7, induced by Di,,, with weight 7., > 0. Using again the explicit
form of P2, the Q-regularizer term —aEpw [K~' Qg(si,m(si))] can be written as

mix?

—aErep, o [ K Tn(m%) S, ety exp(nud?) Qs (si m(s;))], highlighting that the same
easibiilty weights shape the regularization on both target and (filtered) source data.

4 THEORETICAL ANALYSIS

We analyze DFDT from a theoretical perspective by relating its feasibility-weighted fusion distribu-
tion and learned critics to target-domain performance. We introduce stitchability radii that quantify
mismatches between the fusion and target distributions and show how these radii, together with
critic approximation errors, control the resulting value and performance gaps.

4.1 SETUP AND ASSUMPTIONS

We formalize the feasibility-weighted source distribution P&, the fusion distribution P¥. , and the
target Bellman operator, and specify the function classes used to approximate value and er!?unctions.
Under standard boundedness and approximation assumptions, we characterize the errors incurred
when learning critics under P . instead of the target distribution. These definitions and assumptions

underpin the value and performance bounds below.

We define the estimation errors €y, g as the conditional residual bounds under P :
£y :=Sup ‘E]phwlix[Av(S, a,s')|s] | €Q:= sup ‘EPI%;X[AQ (s,a,5")|s,al ‘
sES (s,a)eSx.A

Assumption 4.1 (Finite estimation errors). Due to finite samples and function class complexity, the
fitted estimators satisfy finite errors, i.e., ey, g < 0.

Assumption 4.2 (Approximate fiber-constancy of V). Let fys be an encoder that maps inputs s
(either full states in a fully observed MDP, or observation histories in a partially observed setting)
from S to latent codes in Z. For any z € Z, the fiber (preimage) of f,4 over z is the level set
i '({z}) = {s € S : f4(s) = z}. The value varies little within the fibers of f,: there exists
eg > 0 such that

sup {|V(s) —V(@)|:5,8€S, fs(s)=fs(3)} < en.

Assumption 4.3 (Occupancy concentrability). Let d7 and c‘%‘ix denote the normalized discounted

state-occupancy measures of 7 and 7y, in the target MDP. Assume absolute continuity and a finite
dd

essential bound on the density ratio: di. < dif™ and r := || =
i

g €ee.

4.2 STITCHABILITY RADII AND PERFORMANCE GUARANTEE

To quantify how well the feasibility-weighted fusion distribution P*.  can mimic target behavior,
we introduce stitchability radii that bound an MMD-based state-structure discrepancy and an OT-
based state—action discrepancy between P.Y. and the target distribution. Small radii mean that, after
two-level filtering and weighting, fused fragments behave similarly to target trajectories in both state
transitions and action feasibility. Using these quantities, we derive a performance bound in which
the return gap between DFDT and an ideal target policy is controlled by critic errors, the two radii,
and standard finite-sample terms; relying only on state-level or only on action-level matciing would

leave one radius uncontrolled and weaken this guarantee.

Definition 4.1 (Stitchability radii). Let Ay, := sup,s.;, (;s)=; d™(75) and A, := Wy(P¥, Pr),
which measure the state-structure MMD and 1-Wasserstein distances between the weighted source
triples and the target domain, respectively.
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Intuitively, one may view P¥ and P7 as being induced by (possibly unknown) behavior policies in
the source and target domains. Then, our performance bound is expressed directly in terms of the
resulting stitchability radii and concentrability coefficient of occupancy distribution.

Theorem 4.1 (Performance bound under stitchability radii). Under Assumptions training
with P yields estimators V and Q. Let Vi and Qr be the state and state—action value functions
learned from the target dataset. Let 7TT and Ty denote an}ipgmal policies learned from the
target MDP P and the mixed MDP Pmlx, respectzvely Let d, @ w7, be the normalized discounted
state—action occupancy of 7 under Pr and Ay == Eqp,[||75(:|8) — Tumix (-[8)||1]. Then, for some
constants Cy,Cs,Cs,Cr,Cr > 0,

CiB8(Am+Ay) + 2B8en + sv

|V —Vrlipr < - (an
C: Ay +AL) + 28ey + &
1Q — Qrllipr < a Bl 1“‘}7 __| u) (12)

Moreover, by a performance-difference bound,

—C(Y?i(i:)z) (B(Am+Aw) + CgBen + EV) [ (1?—2)2&? (13)

The proof is provided in Appendix [El In words, Theorem [4.1] is best read as a decomposition
rather than a tight numerical bound: the performance gap splits into a standard residual policy-
approximation term A (not controlled by our MMD/OT machinery) and a data-fusion term that
depends on the stitchability radii (A, A,,) and critic errors (ey,&¢) induced by ]P’ . If (i) our
critics are not too misfitted (ey, g small) and (ii) the MMD and OT distances (Am,ﬁw) between
weighted source and target triples are small, then the value and performance gaps are controlled;
using only MMD or only OT leaves the other radius uncontrolled, explaining why we need both.

JT(W;’) — JT(’/Tmix) S

5 EXPERIMENTS

In this section, we evaluate DFDT under gravity, kinematic, and morphology shifts, centring on two
research questions (RQ): (1) Does DFDT outperform strong prior baselines across gravity, kine-
matic, and morphology shifts and across source and target dataset qualities? (2) Can DFDT provide
stable sequence semantics for policy adaptation? We also refer the reader to Appendix [I| for a de-
tailed ablation study.

5.1 EXPERIMENTAL SETUP

Tasks and datasets. We evaluate policy adaptation under three dynamics shifts, gravity, kinemat-
ics, and morphology, on four MuJoCo tasks (HalfCheetah, Hopper, Walker2d, Ant) in OpenAl Gym
Brockman et al. (2016). Gravity scales the magnitude of ¢; kinematics constrains joint ranges; mor-
phology changes link dimensions. We adopt the configurations of Lyu et al. (2025b). The setting
is cross-domain offline RL: abundant source data but scarce target data from shifted environments.
Sources are D4RL “-v2” datasets (medium, medium-replay, medium-expert) (Fu et al., 2020); tar-
gets are the D4RL-style datasets of Lyu et al.|(2025b) (medium / medium-expert / expert), each with
5,000 transitions. This low-data regime, known to challenge standard offline RL [Liu et al.| (2024);

Wen et al.|(2024); Lyu et al.|(2025b)), yields 108 tasks across the three shift families.

Baselines. We compare DFDT with strong offline RL: IQL (Kostrikov et al.,2022)) (expectile value
regression with advantage-weighted policy), and sequence-modelling baselines for cross-domain
adaptation: DT (Chen et al., 2021) (return- to -go sequence model), QT (Hu et al., 2024) (value-aware
DT), and a DADT variant (Kim et al., 2022) with dynamics-aware tokenisation but no ﬁlterlng We
also include recent cross-domain methods: DARA (Liu et al, 2022), IGDF (Wen et al., 2024), and
OTDF (Lyu et al., 2025b), covering reward reweighting, representation filtering, and OT- based data
fusion. For all baselines, we use the authors’ recommended hyperparameters and code, modifying
only the dataset and environment identifiers.

Evaluation protocol. We adopt the cross-domain setup in Sec. 2] using abundant D4RL source logs
(medium, medium-replay, medium-expert) and scarce target logs (medium, medium-expert, expert)
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Table 1: Performance comparison of cross-domain offline RL algorithms under morphology
shifts. half =halfcheetah, hopp =hopper, walk = walker2d, m = medium, r=replay, e =expert. The
‘Target’ column indicates target-domain offline data quality. We report normalized target-domain
performance (mean =+ std.) across source qualities {medium, medium-replay, medium-expert} and
target qualities {medium, medium-expert, expert}, averaged over five seeds; best per row is high-
lighted.

Source Target | IQL | DARA IGDF OTDF | DT QT DADT| DEFDT

half-m medium 30.0 | 26,6 41.6 39.1 | 34.6 345 348 | 44.2+0.1
half-m medium-expert | 31.8 | 32.0 29.6 35.6 | 30.8 —1.3 36.5 | 42.5+1.9
half-m expert 8.5 9.3 10.0  10.7 4.7 0.8 11.5 | 69.0£7.3
half-m-r  medium 308 | 356 28.0 40.0 | 30.3 31.1 30.2 | 429+2.0
half-m-r medium-expert | 12.9 | 16.9 12.0 34.4 194 246 25.7 | 42.840.6
half-m-r  expert 5.9 3.7 5.3 8.2 4.7 113 9.5 |53.0£18.7
half-m-e  medium 41.5 | 40.3 409 414 | 349 222 364 | 444+£0.1
half-m-e  medium-expert | 25.8 | 30.6 26.2 35.1 36.5 20.7 37.1 | 43.84£0.5
half-m-e  expert 7.8 8.3 7.5 9.8 7.7 7.6 5.4 73.7+7.0
hopp-m  medium 135 | 135 134 11.0 | 12.1 10.1 114 |44.7+16.5
hopp-m  medium-expert | 13.4 | 13.6 13.3 12.6 13.2  13.2 13.1 |36.0+20.5
hopp-m  expert 135 | 13.6 139 107 | 129 131 13.5 |56.1£39.1
hopp-m-r medium 10.8 | 10.2 120 8.7 13.3 131 144 |53.2+21.5
hopp-m-r medium-expert | 11.6 10.4 8.2 9.7 124 156 12.2 |79.9+13.0
hopp-m-r expert 9.8 9.0 114 10.7 | 12.7 157 13.7 | 15.7£2.7
hopp-m-e medium 12.6 | 13.0 12.7 7.9 11.8 9.9 11.9 | 93.5£4.7
hopp-m-e medium-expert | 14.1 13.8 133 9.6 11.8 12,6 10.7 | 69.7+27.3
hopp-m-e expert 13.8 | 12.3 128 5.9 12.0 127 11.7 | 86.5+21.4
walk-m  medium 23.0 | 233 275 505 | 23.7 11.5 20.8 | 46.6%9.3
walk-m  medium-expert | 21.5 | 22.2 20.7 443 | 224 29.0 253 | 41.1+5.3
walk-m  expert 203 | 173 158 553 | 15.6 23.8 283 |70.3+22.1
walk-m-r medium 11.3 | 109 134 374 | 123 30.1 28.3 | 44.8+£5.0
walk-m-r medium-expert | 7.0 4.5 6.9 33.8 6.0 1.6 13.6 | 40.6+20.7
walk-m-r expert 6.3 4.5 5.5 41.5 10.1 1.1 9.5 |86.3£16.1
walk-m-e medium 241 | 31.7 275 499 | 17.8 19.7 277 | 51.4+9.2
walk-m-e medium-expert | 27.0 | 23.3 25.3 40.5 14.3 242 25.2 | 28.4+£6.3
walk-m-e expert 224 | 25.2 247 457 | 102 21.8 26.7 | 85.5+9.9
ant-m medium 38.7 | 41.3 409 394 | 379 386 42,5 | 42.6+0.6
ant-m medium-expert | 47.0 | 43.3 444 58.3 | 48.1 1.0 44.0 | 75.4+6.2
ant-m expert 36.2 | 485 414 854 | 228 —-1.0 23.7 |855+11.8
ant-m-r  medium 38.2 | 389 39.7 412 | 175 25.0 37.8 | 414+1.3
ant-m-r  medium-expert | 38.1 | 334 373 50.8 | 28.6 8.2 39.0 | 78.3£8.9
ant-m-r  expert 24.1 | 245 236 672 | 212 83 25.9 | 75.0+15.8
ant-m-e  medium 329 | 40.2 36.1 399 | 41.3 351 274 | 42.0+0.5
ant-m-e  medium-expert | 35.7 | 36.5 30.7 65.7 | 57.3 12.8 43.1 |69.5+11.4
ant-m-e  expert 36.1 | 346 352 864 | 379 123 31.1 | 81.9+6.9

Total Score

798.0 | 816.8 808.7 1274.3 | 760.8 570.6 859.6 | 2078.2

collected under gravity, kinematic, and morphology shifts. We report normalized target-domain
returns (mean + std.) over five seeds while sweeping all {source quality} x{target quality} pairs
(3x3) across halfcheetah, hopper, walker2d, and ant. The computing method of normalized returns
is described in Sec. [l All methods train offline on the prescribed source and target logs. More
detailed experimental settings can be found in Sec. [F

5.2 MAIN RESULTS: RETURNS UNDER DYNAMICS SHIFTS (ANSWER RQ(1))

We train our method for 100k gradient updates with five random seeds and report normalized target-
domain scores. Summary comparisons of DFDT against baselines under morphology and kinematic
shifts are given in Tables[T)and 2] respectively; results for the gravity shifts are deferred to Appendix
Hidue to space limit.
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Table 2: Performance comparison of cross-domain offline RL algorithms under kinematic
shifts. Abbreviations are as in Table [ We report normalized target-domain performance (mean
=+ std.) over five seeds; best per row is highlighted.

Source Target | IQL | DARA IGDF OTDF | DT QT DADT| DFDT

half-m medium 12.3 10.6 23.6 40.2 | 321 146 145 | 41.2+0.5
half-m medium-expert | 10.8 12.9 9.8 10.1 224 6.2 21.4 | 40.8+1.5
half-m expert 12.6 12.1 12.8 8.7 139 5.0 15.8 | 27.5+5.0
half-m-r  medium 10.0 11.5 11.6 378 | 11.6 10.7 8.8 40.8+0.3
half-m-r medium-expert | 6.5 9.2 8.6 9.7 7.5 40.1 6.0 41.4+1.6
half-m-r  expert 13.6 14.8 13.9 7.2 2.7 19.2 5.7 27.6+7.4
half-m-e  medium 21.8 25.9 21.9 307 | 17.5 187 14.5 | 41.2£0.9
half-m-e  medium-expert 7.6 9.5 8.9 10.9 13.1 3.7 114 | 355+12.1
half-m-e  expert 9.1 10.4 10.7 3.2 19.5 103 194 |26.0+t14.2
hopp-m  medium 58.7 43.9 65.3 65.6 | 16.4 19.7 3.6 66.5+0.9
hopp-m  medium-expert | 68.5 55.4 51.1 55.4 6.3 109 10.4 | 56.24+28.5
hopp-m  expert 79.9 83.7 874 35.0 3.5 7.8 3.5 | 587.6£32.7
hopp-m-r medium 36.0 39.4 35.9 35,5 | 11.1 230 16.8 | 63.1£34
hopp-m-r medium-expert | 36.1 34.1 36.1 47.5 3.8 540 353 |23.7+17.6
hopp-m-r expert 36.0 36.1 36.1 49.9 9.8 199 6.7 | 62.0+20.7
hopp-m-e medium 66.0 61.1 65.2 65.3 | 21.6 34 14.3 | 66.8+t1.4
hopp-m-e medium-expert | 45.1 61.9 62.9 386 | 10.3 16.9 6.6 |49.24+27.3
hopp-m-e expert 44.9 84.2 52.8 29.9 18.7 109 15.5 |68.1+16.8
walk-m  medium 34.3 35.2 41.9 496 | 31.6 269 273 |55.7£11.0
walk-m  medium-expert | 30.2 51.9 42.3 43.5 35.8 19.8 19.1 | 37.6+8.2
walk-m  expert 56.4 40.7 60.4 46.7 | 354 50.2 382 | 55.7£8.0
walk-m-r  medium 11.5 12.5 22.2 49.7 | 179 33.7 6.8 | 54.2+19.9
walk-m-r medium-expert | 9.7 11.2 7.6 55.9 242 49.8 28.1 | 31.3£9.7
walk-m-r expert 7.7 74 7.5 51.9 | 184 3.1 18.0 | 53.7+6.9
walk-m-e medium 41.8 38.1 41.2 446 | 386 5.6 78.9 | 60.1£4.9
walk-m-e medium-expert | 22.2 23.6 28.1 16.5 15.2 29.2 33.0 |51.4+21.2
walk-m-e expert 26.3 36.0 46.2 424 | 393 25.0 322 |56.8+11.5
ant-m medium 50.0 42.3 54.5 55.4 | 31.2 225 17.7 | §9.2£2.0
ant-m medium-expert | 57.8 54.1 54.5 60.7 13.0 7.9 13.5 | 60.3£5.4
ant-m expert 59.6 54.2 49.4 90.4 7.0 7.0 11.7 | 88.7£8.9
ant-m-r  medium 43.7 42.0 41.4 528 | 31.1 224 303 | 51.7+4.6
ant-m-r medium-expert | 36.5 36.0 37.2 54.2 26.9 12.0 33.1 62.8+1.9
ant-m-r  expert 24.4 22.1 24.3 747 | 271 8.9 25.5 | 89.9+5.0
ant-m-e  medium 49.5 44.7 41.8 50.2 | 21.2 94 11.1 | 52.2+4.8
ant-m-e ~ medium-expert | 37.2 33.3 41.5 48.8 16.5 10.8 13.6 | 55.6+3.2
ant-m-e  expert 18.7 17.8 14.4 78.4 7.2 8.0 11.7 | 88.5+10.3

Total Score | 1193.0 | 1219.8 1271.0 1547.6 | 679.4 647.2 680 | 1900.6

On both morphology and kinematic shifts, DFDT consistently surpasses sequence-modelling base-
lines (DT, QT, DADT) with three exceptions and frequently outperforms strong cross-domain of-
fline RL methods (e.g., OTDF, DARA, IGDF) across all morphology and kinematic shift tasks.
Notably, DFDT achieves higher normalized scores than all baselines on 31 out of 36 tasks under the
morphology shifts and 24 out of 36 tasks under the kinematic shifts. In the few settings where a com-
peting method attains the top score, DFDT typically ranks second with a small gap, indicating broad
robustness rather than narrow wins. The total normalized score improves by 63.1% under morphol-
ogy shifts and 22.8% under kinematic shifts when using DFDT (both relative to the second-best
baseline, OTDF; for reference, the gains vs. IQL are 160.5% and 59.3%, respectively), providing
strong evidence for the method’s effectiveness. Beyond these aggregates, the improvements are
broad across environments (halfcheetah, hopper, walker2d, ant) rather than concentrated: for exam-
ple, DEDT leads all 9 halfcheetah configurations under both morphology and kinematic shifts, and
its margins are most pronounced on expert-target datasets where sequence stitching yields especially
high returns. Even in rows where another method briefly tops the table, DFDT’s mean typically sits
within a few points while maintaining competitive seed-level stability, reinforcing that DFDT’s gains
reflect reliable cross-domain adaptation rather than isolated outliers.
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5.3 TOKEN-STITCHING AND SEQUENCE STABILITY (ANSWER RQ(2))

Token-stitching analyses setups. To directly probe sequence semantics at stitch junctions, we
precompute the junction index set J for every relabeled training sequence (the boundary where
two fragments are concatenated, or a source — target switch). At each training checkpoint, we
evaluate three quantities on a fixed validation pool of such sequences: (i) the action jump J, =
Epegllm(si) — m(se-—1)ll2; (i) the Q-jump Jg = Ep e 7|Q(se+, m(s0+)) — Qs —1, T(S1+-1))
and (iii) the TD residual around junctions, computed as E¢c sy |7e + 7YV (s¢41) — V (s¢)|, where
N@E) = {t: |t—¢] <w}n{l,...,T — 1} denotes a small temporal neighborhood around
the stitch junction index t* with a fixed radius w (in our experiments w = 2, i.e., two steps before or
after the junction). The TD residual is then averaged over this local window to reduce single—step
noise at the boundary. Curves in Fig. [2] report moving means over checkpoints for DFDT, DADT,
QT, and DT under the same backbone, budget, and data.

s

Results and answer to (b): DFDT exhibits uniformly lower-level variance on all three diagnostics
throughout training, indicating smoother token transitions and better local Bellman consistency at
stitch points. Concretely, its action-jump mean remains = 0.06~0.09 (vs. QT rising to 0.25~0.30
and DT/DADT ~ 0.10~0.16); Q-jumps stay near 2~3 (vs. QT often 15~35 and DADT spikes
> 20); and TD residuals remain around 3~6 (vs. QT 15~30, DT/DADT 8~20). Beyond lower jump
means, DFDT’s trajectories show markedly fewer late-training spikes, suggesting that weighted
advantage conditioning and two-level filtering suppress junction value and action discontinuities as
learning progresses. These trends directly support (b): DFDT provides stable, value-consistent
sequence semantics for policy adaptation, particularly where stitching is challenging; competing
sequence models exhibit larger jumps and drift, reflecting unstable semantics across stitched tokens.

action jump mean Q jump mean TD residual mean
025 __ paor —— DADT
—— DFDT 150 —— DFDT
020 | — pr — DT
c — aqr c 100 —
® 015 P
= z
0.10 Ko onk
0
0.05 0
0 20k 40k 60k 80k 100k 0 20k 40k 60k 80k 100k 0 20k 40k 60k 80k 100k
Steps Steps Steps

Figure 2: Mean action jump, @-value jump, and TD error when evaluation.

6 CONCLUSION

We studied how cross-domain dynamics shifts (in rewards, horizons, and action feasibility) break
DT’s token-level stitchability, and proposed DFDT to explicitly restore it via two-level fragment
filtering (an MMD-based state-structure gate and OT-based action-feasibility weights), a feasibility-
weighted fusion distribution, advantage-conditioned tokens that replace brittle RTG with a value-
consistent signal, and a lightweight @-guided regularizer that suppresses junction jumps. Our anal-
ysis bounds target-domain value and performance gaps via stitchability radii and critic estimation
errors, clarifying the complementary roles of MMD-based selection and OT-based weighting, and
experiments across morphology, kinematic, and gravity shifts show that DFDT attains the best ag-
gregate returns, reduces action, @-value, and local TD-residual jumps, with ablations confirming the
importance of both two-level filtering and advantage relabeling.

Limitations and future work. Our empirical evaluation focuses on simulated benchmarks such
as D4RL-style cross-domain MuJoCo tasks. This choice enables controlled and repeatable compar-
isons under well-specified dynamics shifts, but it also means that we do not yet include real-world
or larger-scale transfer experiments. In this work we instantiate DFDT with a Decision Trans-
former backbone for space and computational reasons, but the same two-level feasibility-weighted
fusion P, is in principle compatible with TD-based offline RL methods (e.g., IQL) and actor—
critic pipelines used in practice. Extending DFDT to real-world and large-scale deployments, and
exploring such TD-based variants, are important directions for future work.
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A RELATED WORK

Offline Reinforcement Learning. Offline RL (Yu et all 2020) seeks to learn high-performing
policies from fixed datasets without additional environment interaction, and thus must confront
distributional shift and overestimation on out-of-distribution (OOD) actions (Levine et al., [2020;
Kidambi et al [2020). Constraint- or conservatism-based methods address this by penalising or
avoiding unsupported actions (Lyu et al., [2022), including CQL’s explicit value suppression for
OOD actions (Kumar et al., [2020), IQL’s advantage-weighted updates without importance sampling
(Kostrikov et al.| 2022), and TD3+BC’s minimalist behavior-regularized regression (Fujimoto &
Gul, 2021). Earlier behavior-constrained approaches, such as BCQ and BEAR, limit the learned
policy’s deviation from the behavior policy to reduce extrapolation error (Fujimoto et al.,|2019; |Ku-
mar et al., |2019a); model-based variants (e.g., MOPO) leverage pessimistic rollouts to avoid com-
pounding model bias (Yu et al., 2020). Benchmarks like D4RL standardise evaluation across tasks
and dataset qualities, and have also catalysed analyses contrasting value-learning and supervised,
return-conditioned paradigms (Fu et al., 2020; Brandfonbrener et al.| |[2022)).

Cross-Domain Reinforcement Learning. Cross-domain RL studies transfer under mismatched
dynamics, morphology, sensing, or rewards, where naively pooling data across domains induces
value bias and out-of-distribution actions. Early robustness strategies, domain and dynamics ran-
domisation for sim-to-real transfer and risk-averse ensemble training, remain foundational (Tobin
et al 2017; |Peng et al.l 2018} |Rajeswaran et al., 2017). More principled distribution alignment
narrows source—target gaps by matching states and transitions via kernel MMD or optimal trans-
port (OT) with geometry-aware costs (Gretton et al.,[2012; |Courty et al., 2017 |Villan1 et al., 2008
Peyré et al., 2019). From 2024-2025, several advances clarified data selection and evaluation in
the offline setting: supported cross-domain offline RL formalised the problem and constraints (Liu
et al., 2024)); contrastive representation learning enabled domain-aware filtering without strong la-
bels (Wen et al.,[2024); the ODRL benchmark standardised off-dynamics evaluation across gravity,
morphology, and other shifts (Lyu et al.,[2024)); and OTDF combined OT-based filtering with dataset
constraints to bound target bias (Lyu et al.,|2025b). In parallel, generative augmentation synthesised
stitching transitions to connect suboptimal and optimal fragments (Li et al.| 2024)), domain-unlabeled
formulations relaxed per-transition domain tags (Nishimori et al.l 2024)), and sim-real co-training
explored domain-invariant alignment and unbalanced OT when simulation greatly exceeds scarce
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real data (Maddukuri et al., 2025; Cheng et al., 2025). Recent work such as PSEC (Liu et al.,
2025) and DmC (Le Pham Van et al., 2025) also studies cross-domain offline RL. PSEC focuses
on parameter-space skill expansion and composition, maintaining a library of skills and compos-
ing them in parameter space to tackle new tasks (including dynamics shifts). DmC instead uses a
kNN-based proximity estimator and a nearest-neighbor—guided diffusion model to generate addi-
tional target-aligned trajectories under limited target data. By contrast, DFDT operates purely in the
trajectory space of offline logs: it performs two-level (MMD+OT) fragment filtering and feasibility-
weighted fusion, and reuses existing source trajectories without training a generative model or a
reusable skill library. A full empirical comparison with PSEC and DmC under carefully matched
settings is an interesting direction for future work, but is beyond the scope of the present submission
due to their substantial engineering and computational requirements. Finally, sequence-modelling
baselines increasingly replace brittle return-to-go conditioning with value- or advantage-aware sig-
nals, e.g., advantage-conditioned DT, critic-guided DT, and Q-regularized transformers that promote
value-consistent stitching across domains (Gao et al., 2024; Wang et al., 2023; Hu et al., 2024).
RADT (Wang et al., 2024) is a closely related DT-based off-dynamics method that tackles dynamics
shift via refurn augmentation in return space (modifying return labels under RCSL), whereas DFDT
operates in transition space via two-level MMD+OT fusion and advantage-conditioned tokens, mak-
ing the two approaches complementary rather than overlapping.

Conditional Sequence Modelling for Decision Making. Viewing decision making as condi-
tional sequence modelling enables reuse of powerful generative backbones originating from reward-
/return-conditioned policies (Kumar et al., 2019b; Schmidhuber; [2019). Decision Transformer con-
ditions on return-to-go (RTG) to autoregressively generate actions (Chen et al., 2021), Trajectory
Transformer models trajectory tokens and performs planning-time search (Janner et al.,2021b), and
Diffuser plans by denoising entire trajectories with diffusion models (Janner et al.,2022)). However,
RTG conditioning can be brittle under reward scaling or horizon mismatch and may degrade across
domains; theory and empirical analyses clarify when return-conditioned supervised learning is reli-
able and where it fails (Brandfonbrener et al., [2022). This motivates replacing or augmenting RTG
with value/advantage signals that better reflect local action quality—such as advantage-conditioned
DT (Gao et al [2024)), critic-guided conditioning (Wang et al., 2023)), and Q-regularized trans-
formers (Hu et al., [2024). Building on this line, we adopt weighted advantage conditioning with
Q-regularization to mitigate value jumps at stitch junctions during cross-dynamics fusion and to
stabilize token-level conditioning.

B ADDITIONAL LEMMA AND ITS PROOF

Assumption B.1 (Boundedness and Lipschitz). |rp| < Rpax. The state value function V' and
state-action value function () are Lipschitz in u with constants Ly, Lg under the given metric p.

Assumption B.2 (Encoder and kernel). ||f4(s)|| < B, and the kernel k is bounded and induces an
RKHS with unit-norm ball {h : ||k < 1}.

Assumption B.3 (Compact latent image and continuity). The encoder f, : S — Z is continuous
and the latent image K := f4(S) C R? is compact (e.g., via normalisation/clipping).

Assumption B.4 (Universal kernel on K'). The bounded kernel k is universal on K, i.e., the induced
RKHS # is dense in C(K') with respect to the uniform norm, where C(K) is the set of all real-
valued continuous functions on K.

Definition B.1 (Pushforward measure). Let (X, ¥ x) and (Y, Xy ) be measurable spaces, T : X —
Y measurable, and ;1 a measure on (X, Xy ). The pushforward of p by T, denoted T, is the
measure on (Y, Yy ) defined by

(Tyu)(B) = u(T'(B)) VB €Sy,

equivalently, for integrable g : Y — R,

/gd(T#u):/ goT dp.
Y X

Definition B.2 (Kantorovich-Rubinstein Duality). Let (X', d) be a metric space and let p, v be
probability measures on X’ with finite first moments. The 1-Wasserstein distance is defined by the
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optimal transport (“primal”) problem
Wi (p,v) = inf / d(z,y)dn(z,y),
mell(p,v) XXX

where TI(j, v) is the set of all couplings of p and v. The Kantorovich-Rubinstein (KR) duality
states that

Wi = s { [ rau- [ ar} iy = s

£ lleip <1

|f(z) = f(y)|
d(z,y)

A directly usable inequality derived from the Kantorovich—Rubinstein Duality can be expressed as
follows: For any L-Lipschitz function g : X — R,

[Bulg] ~ Bl < LW, w).
In particular, if g is 1-Lipschitz, then

[Eulg) —Eulgl| < Wilu.).

Lemma B.1 (Expectation deviation under the weighted data fusion). For any 1-Lipschitz g(u) and
any h with ||h||3 < 1, we have |E[p>$ixg — IE]pTg’ < BA, and |]Ep:;;ixh — IEPTh‘ < BAn.

Proof. Letm, : U — Z map u = (s, a,s’) to the latent state z = f4(s). Denote the pushforward
marginals by pi7 := 7, 4P and u§ := m,4P&. For each retained fragment 7 (ie., I, (%) = 1),
let p.- be its latent-state (empirical or normalized) distribution.

Step 1 (Lipschitz part via Kantorovich-Rubinstein duality). By linearity of expectation under
the convex mixture, we have

Ery,9= (1~ 8)Berg+fErrg = Ery, g~ B9 = B(Eryg — Errg).
Taking absolute values and applying the Kantorovich-Rubinstein duality on (i, p),
sup |Ep§ug - EpTg| =Wi(Pg,Pr) = Ay
Lip(g)<1

Hence, for any 1-Lipschitz g,
|Epw g —Ep,g| < BA.

Step 2 (MMD part on latent states). For € 7 acting on z, expectations under triple distributions
reduce to those under their latent pushforwards: Eph := E.r_,p[h(2)]. As above,
Epw h —Ep,.h = 6(]]‘3]1»51}1, — Ep,h) = 5(]E#§uh —Eu.h).

Taking the supremum over the unit RKHS ball and using the kernel mean embedding characterisa-
tion of MMD,
sup |Euwh —E,u h| = MMDy(ud, pr).
hlle<1
Therefore, for any || Al < 1,

Epy h— B, h| < BMMDy(pg, pr).

Step 3 (Bounding MMDy, (1&, i) by A,,). Since PY places mass only on retained fragments, its
latent marginal is a convex combination pg = ZTS:IM(TS):l ar pr witha, >0, a, =1. As
an [IPM, MMD is convex in its first argument; thus,

MMDk(ZOéTpJT, ,LLT> < ZaTMMDk(MT,MT) <  sup MMDg(pr, ur) = Ap.
r T Tl (T)=1

Hence MMDy, (11, i) < Ay, and therefore
|Epw h—Ep,h| < BAm,  Vh|x <1
Combining the Lipschitz/Wasserstein bound (Step 1) and the RKHS/MMD bound (Steps 2-3) yields
|Epw g —Ep,g| < BAu, |Epw h—Ep,h| < BAn,
as claimed. L]
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C ADDITIONAL LEMMA AND ITS PROOF

Definition C.1 (Polish space). A topological space (X, 7) is called Polish if it is

» separable: there exists a countable dense subset D C X, and

* completely metrizable: there exists a metric d that generates 7 and under which (X, d) is
complete.

Equivalently, a Polish space is a separable, complete metric space (up to homeomorphism). Typical
examples: R"™ with the Euclidean topology, any closed subset of a Polish space, and countable
products of Polish spaces.

Definition C.2 (Quotient map and induced map). Let f, : S — Z be a continuous map. Define an
equivalence relationon S by s ~ § <= f,(s) = f¢(5), and let ¢ : S — S/~ be the canonical
quotient map ¢(s) = [s]. Write K := f4(S) C Z for the image (with the subspace topology).

There is a unique map ~ ~

fo8/~— K,  f([s]) = fs(s),
such that f, = f oq. The map f is a bijection. Equipping S/~ with the quotient topology (induced
by ¢), f is a homeomorphism iff f, is a quotient map onto K (equivalently, the subspace topology

on K agrees with the quotient topology via f4). In this case, we (canonically) identify K with the
quotient S/~ and call ¢ the quotient map associated with f.

Lemma C.1 (Continuity of the quotient map and induced factor). Let (S, 7s) be a topological space
and ~ an equivalence relation on S. Equip S/~ with the quotient topology

UCS/~ isopen <= q *(U) € 7s,
where q : S — S/~, q(s) = [s], is the canonical projection. Then q is continuous.

Moreover, let fy : S — Z be continuous and define s ~ § <= fy(s) = f4(8). Writing
K := f4(S) C Z with the subspace topology, there exists a unique map

f_’S/N—> K7 f([s}):fqﬁ(s)a

such that fy = f oq, and f is continuous.

Proof. By the definition of the quotient topology, for every open U C S/~ we have ¢~ 1(U) € 7s,
hence ¢ is continuous.
For the second part, the definition of f is well-posed because s ~ 5 implies fy(s) = fy(5). Unique-

ness follows from f, = f o q. To prove continuity of f, let O C K be open (in the subspace
topology). Then

¢ (fH0) ={s€8: flals) €0} ={s €S fs(s) €O} = f;1(0),

which is open in S since fy4 is continuous. By the quotient definition, this implies f~1(O) is open
inS/~, i.e., f is continuous. O

Lemma C.2 (Approximate value-in-RKHS from universality and latent sufficiency). Under As-

sumptions|B.1] and[d.2] for every n > 0 there exists hy € H such that

sup [V(s) — by (fo(s))| < e +11.
seS

Proof. By Assumption V is Lipschitz in u = (s, a, s'), hence in s; thus V' is continuous on S.
By Assumption fo is continuous and K = f,(S) is compact; hence the quotient map induces
a continuous function on K up to the fibre variation. Define a (measurable) section o : K — S
with f(co(2)) = z (e.g., choose any representative in each fibre) and set V(z) := V(o(z)). For any
s € Swith z = fy(s),

V(s) = V(fs(s)| = [V(s) = V(0 (2))| < en
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by Assumption[#.2} Therefore,

igglV(S)—V(f¢(8))l < en.

Now V € C (K) because V and fy4 are continuous and K is compact, where C'(K) is the set of
all real-valued continuous functions on K. By universality (Assumption [B-4), for any n > 0 there

exists hy € H such that sup, ¢y |V (2) = hy (2)| < 5. Combining the two displays gives
sup [V(s) = hv (fo(s))| < sup[V(s) - V(fs(9) + sup V(2) = hv(2)] < em+n,
se s ze

as claimed. The RKHS norm bound ||hy || < Cy (1) follows from standard RKHS approximation
estimates and can be absorbed into constants elsewhere. O

Remark C.1. If fy is value-sufficient (i.e., V(s) = V(f,(s)) up to a small error), then Assump-
tion holds with ez = 0. In practice, ey can be made small by training f4 to preserve value-
relevant information (e.g., adding an auxiliary head s — V() or using value-aware representation-
learning objectives) and by normalizing the latent K to be compact. In partially observed domains,
the same encoder can be applied to observation histories, i.e., z; = f(00:¢), so DFDT operates on a
latent state representation while the value-sufficiency requirement is imposed on z; rather than raw
observations.

D ADDITIONAL LEMMA [D_I]AND ITS PROOF

Lemma D.1 (Weighted Bellman error transfer). Let y = r(s,a) + vV (s'). There exist constants
R1, Rs, R3 > 0 (depending on Ry.x, Ly and the encoder/kernel bounds) such that

[Epp [y = V()] = Eeply = V(s)]| < B(R1Ap+R2Ay) + 28en,  (14)

mix ‘

EP“’ [y - Q(Sa a)] - EPT [y - Q(sv a)]’ S ﬂ (Rl A771 + RS Aw) + 25 EH- (15)

’ mix

Proof. Step 1 (Bounding the V() term). Write the one-step TD residual as
R(u) = y—=V(s) = rr(s,a) +yV(s') —V(s), u=(s,a,s).
By linearity of expectation under the mixture,
Epw R—Ep,.R=j (Eﬂ»;R —Ep, R).
Hence
[Boy, R~ e, R| < B( [Eryy — Be ] + [Ery Vis) — Be, V(s)] ). (16)

@D n

Term I: Bounding the (rp + V') term via the Wy distance. According to Assumption rr is
L.-Lipschitz in (s, a) (or bounded by Ry,.x and L, finite) and V' is Ly -Lipschitz in s’ under the
given metric p on triples u = (s, a, s’). Then the function

fw) = rr(s,a) +9V(s')
is Ly-Lipschitz with Ly < L, + vLy . By the Kantorovich-Rubinstein duality,
ey f —Eep f| < Ly Wi(P¥,Pr) = Ly Ay

Absorb L, into a constant [Z3 > 0 to obtain

|E]péﬂ [rr(s,a) + 4V (s')] — Ep,[rr(s,a) + wV(s’)H < Ry Ay. 17)
Term II: Bounding the V (s) term via MMD. Let z = f4(s) be the latent state and let 7, (u) = z.
Denote the latent pushforwards pir = 7.4Pr and ¢’ = m.4P¢. Then by Lemma[B.Tjand[C.2]

|EpaV (s) — Ep,V(8)| < |Eenpphv(z) = Bonprhv(2)| + 261

<Ay |3 MMDy (18, 1) + 265
< Oy MMDy (i) + 2611
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Since P¢ is supported on retained fragments and ;& is their convex combination, MMD convexity
yields MMDy, (&', pr) < A,,, hence

’EPSM)V(S) —E[PTV(S>‘ <Cy A, +2¢cyg. (18)
Let Ry := Cy and plug Eq. and Eq. into Eq. gives
’E]P’r’x;’ij*EIP’TR| S B(Rl Am +R2 Aw +2€H)a (19)

which is the desired bound about V.

Step 2 (Bounding the Q(s, a) term). We want to bound the distributional shift of the Q-residual
y(u) — Q(s,a) between P, and Pr. Introduce and subtract V (s):

mix

y—Q=(y—V(s)) + (V(s) — Q(s,a)).

@D (I

Hence, by the triangle inequality,

Ery, [y — @~ Eeyly - QI| < [Ees [y = V()] ~ Be,ly — V(5)]|

mix mix

Term (I)
+ ‘E]}Drlryix [V(S) - Q(S, CL)] - EIPT [V(S) - Q(S, (1)] .

Term (II)

Term (1). This is exactly the value—residual transfer term handled in Step 1.
Term (II). Let g(u) := V(s) — Q(s,a). According to Assumptation[B.1] g is Lipschitz in u under
the metric p, so that Lip(g) < Ly + Lq. By the Kantorovich-Rubinstein duality,

[Eey, 9] — Eerlol| < Lin(g) WP Pr) = 8 Fa A, an

mix

with Eg := Ly + L absorbed into constants.

Combining (I) and (II) and taking a supremum over (s, a) (or dropping the conditioning) yields

ey [y — Q) = Eerly — Q| < B(R1 A+ (Ro+ Ro) Ay) + 2Ben.

Renaming R3 < Rs + Eg gives the stated form

EIP’,};;X [y - Q(Sa a)] - EIP’T [y - Q(Sa CL)]’ S B (Rl A7n + R3 Aw) + Qﬁ EH-
O

Corollary D.1 (Weighted Bellman transfer for mp,ix). Let y = rr(s,a) +~vV (s") as in Lemma
For any measurable ¢ : S — R with ||¢||cc < 1, there exist constants Ry, Ro > 0 (depending only
on Ryax, Ly and the encoder/kernel bounds, absorbed into the same symbols) such that

| ]E(S)a,s/)N]P;Inix [(19(5) y] - IE(s,a,s’)r\a]P’w. [QO(S) y] | < 5 (RlAm + RQAUJ) + 26 €H-

mix

Proof sketch. Apply Lemma@ to Y(s,a,s") == o(s)y(s,a,s') (bounded by ||¢|| < 1) and note
that the target-side law is P>, O

E PROOF OF THEOREM [4.1]

Definition E.1 (Occupancy—weighted L norms). For any policy 7, let d7. be the normalized dis-
counted state—occupancy on S and d7 ® 7 the corresponding state—action occupancy on S x A.

Define
[ fll1,az. == Esnaz.[[f(s)]], lg

1,dZ@T = E s~dT. [|g(57a)‘]

a~r(-]s)
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Definition E.2 (Radon-Nikodym derivative). Let ({2, F) be a measurable space and let v, i1 be o-
finite measures with v < u (i.e., u(A) = 0 = v(A) = 0 for all A € F). The Radon—Nikodym
derivative of v with respect to p is the (a.e.-unique) measurable function S—Z : Q — [0, oo] such that

v(A) = /j—ydu forall A € F.
A ap

Equivalently, for any p-integrable g,

/gdu = /g%du.
dp

Lemma E.1 (Radon—Nikodym). If v, u are o-finite and v < u, then the derivative g—; exists and is
unique p-almost everywhere.

Lemma E.2 (Performance—difference lemma (discounted MDP) [Schulman et al.| (2015); |[Kakade
& Langford| (2002)). Consider a discounted MDP M = (S, A, P,r,v) with v € [0,1) and an
initial-state distribution p on S. For any policies 7,7, define

V7(s) = E[ Z yir(ss, ag)

t>0
Q" (s,a) := r(s,a) +yE[V"(s') | 5,a],

and the advantage A7 (s,a) := Q™ (s,a) — V™ (s). Let the (discounted) performance be J(7) :=
Esy~p[V™(50)]- Define the normalized discounted state-occupancy of '

S0 =S, Q¢ ~ W("St)7 St+1 ™~ P("Stvat)}»

o0

dg/(s) = (1—7) Zwt Pr(s; =s|so ~p, ©').
=0

Then
1

JE) =@ = 775 Beiy g 475, 0) ]

In particular, if ™ is deterministic, this reduces to

1
JE) = I = 75 Baay [ AT(5 7))
Lemma E.3 (Bellman operator is a y-contraction). Let B(S) denote the bounded real-valued func-
tions on S equipped with the norm || - ||. Fix v € [0,1) and a target-domain Markov kernel

P(s" | s,a). Let w(a | s) be any (possibly stochastic) conditional law of actions given s. De-
fine the target Bellman operator

(TH(S) =E 4un(s) [rr(s,a) +7f(s)].

s'~P(-|s,a)

Then, for all f,g € B(S),
ITf—=Tgll <AIf —gll-

Consequently, T is a vy-contraction and has a unique fixed point V* € B(S).

Proof. Forany s € S,
(Tf=Tg)(s) =vE[f(s') —g(s') | 5].

Hence |(Tf —Tg)(s)| < 7| f—gll, and taking the supremum over s gives | 7 f = Tg|| < ~||f —g]-
By the Banach fixed-point theorem, 7 admits a unique fixed point V*. O

Assumption E.1 (Occupancy-to-sampling concentrability). There exists a constant x € (0, 00)
such that for every stationary policy 7, the normalized discounted occupancy satisfies d7. < P and

ddz,
aPr ||,

< X

All such density-ratio constants are absorbed into numerical constants below.
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Lemma E.4 (Policy mismatch for evaluation residuals). Let By := Ruyax + ¥||V||oo- Then for any
two stationary policies 71, Ta,

177V = T2V 1pr < By - Egupg[llmi(-]s) — m2(:|s)]11].

In particular, with Ar = Egp[[|75(-|8) — Tmix(-]8)[11].

777V = TVl pr < By A

Proof. For each s, |Eqr, [gs(a)] — Eamn,[9s(a)]] < 195 loo |71 (-|8) — m2(+|8)]|1, where gs(a) :=
E[rr(s,a) + YV (s') | s, a] satisfies ||gs||co < By. Average over s ~ Pr. O

Theorem 4.1 (Performance bound under stitchability radii). Under Assumptions training
with P vields estimators V and Q). Let Vr and Qr be the state and state—action value functions
learned from the target dataset. Let T} and mnix denote any.optimal policies learned from the
target MDP P and the mixed MDP P, , respectively. Let d} & . be the normalized discounted
state—action occupancy of . under Py and A := Eyp, | ||75(:]8) = Tmix(:|5)||1]. Then, for some
constants Cy,Cs,C3,Cy,Cr > 0,

Clﬁ(Am+Aw) + 255]{ + ey

IV =Vrlip, < T ; (11)
C! Ay +Ay) + 2Beg + €
1@ Qrlle, < A St o) 220 £ 20 (12)

Moreover, by a performance-difference bound,

w (,B(Am+Aw) + CuBen + sv) + (1?77)2&7. (13)

Proof. Step 1 (One-step residual under the target domain). Define the (conditional) TD residuals

5V(S) = EPT[TT(Sa a)+’yV(5')—V(s) | 5] ) 5Q(57 a) = ]EIPT[TT(’S? a)+7V(5/)7Q(57 a) ’ S, a] .
Add and subtract the mixed-distribution residuals and apply the triangle inequality:

lov 5y = V)| + [Eeoly = V() — Erp y - V(s)]

mix

JT(TF;") - JT(ﬂ-mix) <

1pr < ‘E]P’

)

<ey by Assumption@

where y = r7(s,a) + vV (s’). Taking sup, and using that conditional deviations are bounded by
unconditional ones,

16vler < ev + [Eeply = V()] ~Ery [y — V(s)]| (20)
An identical argument yields
6allizr < 2o + [Eerly — Q(s,0)] — Ery, Iy — Q(s.a)]| e
Step 2 (Stitchability transfer). By Lemma[D.1] there exist constants Ry, R > 0 such that
(e, Iy = V()] = Borly — V()| < B(R1An+R2Ay) + 28en,  (22)

and
‘EP“’ [y - Q(Sa a)] - EPT [y - Q(S, CL)]‘ S ﬁ (Rl Am, + RS Aw) + 25 EH- (23)

Plugging Eq. (22) into Eq. (20) and Eq. (23) into Eq. (Z2I) gives
[0v ey < ev+B(RiAm + R Ay) +28¢n, (24)
l0Qll1pr <eq+ B (R1Am + R3Ay) +2B8en. (25)

Step 3 (Contraction to fixed-point errors). Let 7y be the (target) Bellman operator associated with
y. ie. (Tv f)(s) := Ep,[rr(s,a) +vf(s) | s]. By Lemma[E.3| Ty is a y-contraction in || - [|1p,,
with unique fixed point V7. Note that dy = T/ V — V pointwise, hence
[TvV —Vlip [0v l1,p
V — V- < AT AT
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Using Eq. (24) produces the inequality in Eq. (1) with C; := max{R;, R»} (absorbing constants).
For @), define the (evaluation) Bellman operator (7¢ f)(s,a) := Ep,[rr(s,a) + YV (s') | s, a], for
any f,g,
(Tof)(s,a) =rr(s,a) +YE[V(s") | s,a] does not depend on f at all,
hence (7o f) — (Tgg) =0and |Tof — Togll1,pr = 0 < v||f — gll1,p,. Therefore T is (trivially)
a ~y-contraction with fixed point Q1 for the target problem tied to VD Since g = ToQ — Q, we
obtain
16ll1,p+ < et B(Ri Ay +R3Ay) +2Bep

— <
Q- Qrlhe, < 521 —
which yields the second inequality in Eq. (I2)) (renaming the constant to Cs).

Step 4 (Performance bound). By the performance—difference lemma in occupancy form,

* 1 * mix 1 * mix
Tr(m) = Jrmus) < 7 IVE=VEM gy < 3= (IVF = Vi + 1V = VE ;).

=15
. (26)
For the second term, change measure to di+'* by Assumption
. . ad*
IV = VSl < RV = VI age, o= ||k

Next, relate value gaps to evaluation residuals along the corresponding policy (standard residual-to-
value inequality):

T 1 s *
IVE =Vl < i 177V = V145 T € {77, Tmix }-
Therefore, from Eq. (26),
. 1 - .
Jr(mp) = Jr(Tmix) < R (”TTTV —Vlla; + s IT7™V - V”l,d%“")' 27

Use Assumption [E-1]to transfer both norms to Py
177V = Vlvag < xIT7V = Ve, 7€ {7, mmic}-

Fix m € {7}, Tmix } and decompose (now with myix defined as the Bellman operator under mp,ix):

177V = Vilier < [IT7V =T Viier + 1 Tp™*V = Epp [ylslllier + [Bex [yls] =V (s)ller,
policy mismatch distribution shift estimation
(28)

where y = (s, a) + vV (s'). The policy-mismatch term is bounded by LemmalE.4}
ITFV=T7"*Vllipr < By A, By = Rumax+7[Vllso: Ar = Esnpr[[|77(:]8)—Tmix (-[5)[l1].

(For m = mpyix this term is 0.) The distribution-shift term is controlled by Corollary via the L
duality with bounded test functions:

[T7™=V = Ep [yl sllier < B(Rilm+ RoAw) +28¢en.

mix -

For the estimation term, Assumption@ gives an €y bound under P%._; changing the measuring law
to P introduces only a bounded multiplicative factor (absorbed into constants). Hence, uniformly
in T,

ITZV = Viiver < By Ax + C(B(Ap+Ay) + Ben +ev).

Putting this into Eq. (27) and absorbing the multiplicative constants (including x and those from
Lemma [D.I)) into C3, C'yy, C, we obtain

« Cs3(1+ k) Cy
JT(WT) JT(Wmlx) Y (1 _7)2 (ﬁ(Am +Aw) + CHﬁr“:H + EV) + (1 _7)2
If one additionally assumes a mild policy proximity condition (e.g., A, < Cq (A,

_|_
a stitchability consequence), the A, term can be absorbed into the existing 5(A,, + A,) term,
recovering the original shape of Eq. (I3).

This completes the proof. O

! Any standard control/evaluation choice can be used so long as the associated Bellman operator is a -
contraction with a unique fixed point; the constants absorb the specific choice.
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Algorithm 1 DFDT Training

Require: Source domain dataset Dy,, target domain dataset D;,,, batch size N, sequence length

K, data filtering proportion &, target update rate 7exp

1: Initialize DT policy 7y, critic networks (), target critic networks @4/, state value networks V,,
and state-action value network @), for computing weighted advantage-conditioned tokens, and
command network C,,

2: // Offline cost computation

3: Pre-compute the MMD distance {d™}!P=<| using Eq. @) and optimal transport distance
{dw}P=rel using Eq. @)

4: Use the distance information {d™ }|P=r<l and {d"}/P=r<| to augment the source dataset Dy, and

get Dsrc = {(s¢, at, 14, 8}, timesteps, masks, d”*, di’) }
5: // Compute weighted advantage- condltloned tokens
6: Train the state and state-action value networks using Eq. (6) and Eq. (5)), respectively
7
8

: Compute the advantage A of each state-action pair in Dg;. and Dy,y
: // Train the command network
9: Train the command network C, using the advantage information A and MSE loss.
10: // Main training loop
11: for:=1,2,...do
12:  Sample mini-batch by, := {(s, a,r, s, timestep, mask, d™, d*)} with size % from Dare
13:  Sample mini-batch by, := {(s, a, r, ', timesteps, masks) } with size % from ﬁtar
14:  Normalize the deviations d* via Eq. (30) to obtain normalized deviations dv
15:  // Two-level data filtering
16:  Rank the MMD deviations of the sampled source domain data according to d™ and admit the
top £% of them
17:  Compute the OT weights for the remaining source domain data via exp(nwcfw)
18:  Optimize the state-action value function ()4 on by U by with multi-step TD targets via Eq.@

£Q (¢a Dtar) + T I%Sm

[lt ~Tgt

L (7%) § Hexp(nw )(Q Qo, (i ai) H]

i=t—K+1

19:  Update the target network via ¢ < Nexp® + (1 — Nexp )@’
20:  // Policy adaptation
21:  Optimize the policy 7 on bg U by, using the Q-guided loss function:

Lo=Ll—aE ()
w = Lpr — - Brepy,up.e | 75— Z exp(nuwd;’)Qy (s, m(s)) | -

i=t—K+1

22: end for

F ALGORITHM DETAILS OF DFDT

Computing method of normalized scores. Because raw returns are not directly comparable
across environments, we follow D4RL (Fu et al., 2020) and report the Normalized Score (NS):

A A

NS = 2= 100, (29)

3 exp 5 rand

where J is the empirical return of the learned policy, jexp is the expert policy’s empirical return,

and Jyng is the empirical return of a random policy. By construction, NS = 100 corresponds to
expert-level performance and NS = 0 corresponds to random performance. See Appendix C.1 of

Lyu et al. (2025b) for dataset details about Jrand and Jexp
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Algorithm 2 DFDT Inference

Require: Trained DT policy 7y, trained command network C,,, sequence length K, (optional)
normalization stats (p 4,0 4) from training, environment M
1: // No critics or OT/MMD are needed at test time. We only use C, to produce command tokens
and 7 to act.
2: Initialise circular buffers for the last K tokens:

S, A<l C«[L T« M<«]]

Reset environment; receive initial state s; and sett < 1
while episode not terminal do
/I Compute command token from the current state
™ — C,(se)
if training used standardized advantages (cf. Eq. ( @ )) then c¢; + * else ¢ <+

raw
end if

A
oA +¢€

/I Update rolling context (pad left with zeros and mask invalid tokens)

9: Appends;toS, ¢;toC, ttoT, and 1to M; keep only the last K entries of each

10:  LetSi—gy1.4, Ciokat1:4r Ti— k14 My 11.¢ be the length-K sequences after left-padding
with zeros;

11:  Define Ai_k41.+—1 as the last K — 1 actions (left-padded with zeros); if ¢ = 1 then
At_K1.¢4—1 is all zeros and the first mask entries in M are 0

12:  // Policy inference with command-conditioned tokens

130 ap < 7T¢(St—K+1:t7 A ktt:i-15 Cogt1i, Ti—K+1: Mt—K—H:t)

14:  Execute a; in My; observe (ry, S441)

15:  Append a; to A (keep last K —1); sett <— t + 1 and sy < s¢

16: end while

17: return trajectory 7 = {(s¢, az,7¢) };

A A

(o]

Normalisation of OT-based deviations. To make the OT-derived deviations d}’ numerically sta-
ble across tasks and batches, we apply a min—max normalisation that shifts the range to [—1, 0]:

w | w
- di’ — maxjep,,, dj 30)
Y == [ w — N w *
max;ep,,. dj — minjep,,, dj

This mapping guarantees cigv € [—1, 0], hence the exponential weights
w; = exp(Nw dAlw) € [e_"“’, 1] (31)

are bounded, preventing gradient explosion while still down-weighting OT-distant (less feasible)
source fragments. Practically, Eq. makes weighting scale-free across domains and robust to
outliers in d". We use w; both in critic fitting and in weighted DT losses on the source batch (see
blue terms in Alg. [).

Command network C, trained via expectile regression. The command network C;; outputs an
advantage-consistent command token that replaces RT'G during inference. We first form per-token
advantages from the auxiliary value estimators,

A = Qu(sisai) — Vi(si), (32)
and optionally standardize them within Dy, to improve numerical stability:
. A —
A; = SR (33)
oA+ €

where (ua,04) are the mean and standard deviation of {4;}. We then train C,, to predict a
high-expectile summary of the state-conditional advantage distribution using the asymmetric least-
squares (ALS) loss:

Lo) = B anmpiun,., | [¢ = 1A = Culsi) < 0} (A = Culs) - () wi)], 34
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where ¢ € (0.5,1) (e.g., 0.7 ~ 0.9) controls the degree of optimism. The ALS penalty p¢(u) =
|¢ — 1{u < 0}|u® penalizes over-predicting low-advantage samples more than under-predicting
high-advantage ones, so that C,, captures a smooth, optimistic summary of advantages. The factor
1, (TS ) w; further ensures that C, is mainly trained on MMD-filtered and OT-weighted tokens that
are compatible with the target dynamics.

Usage of C,, at inference. At test time, we compute a scalar command ¢; = C,,(s;) from the current
state and feed it as the conditioning token to the DT in place of RTG. Because ¢, is derived from
standardized advantages rather than raw returns, it offers a reward- and horizon-agnostic guidance
signal that is shared across domains. This stabilizes token-level conditioning under cross-domain
shifts and reduces stitching artefacts caused by inconsistent reward scales or episode lengths.

Table 3: Default hyperparameter setup for DFDT. For exact hyperparameter setups for each experi-
ment, please refer to the code base.

Hyperparameter Value

Number of layers 4

Number of attention heads 4

Embedding dimension 256

Context length K {5,10,20}
Dropout 0.1

Learning rate 3x 1074
Optimizer Adam (Kingma & Ba, 2015)
Discount factor 0.99
Nonlinearity ReLU

Target update rate 5x 1073
Pretrained Q network hidden size (256, 256, 256)
Pretrained V network hidden size (256, 256, 256)
Command network hidden size (256, 256, 256)
Number of sampled latent variables M 10

Standard deviation of Gaussian distribution /0.1

OT Cost function cosine

Data filtering ratio £% 50%

Policy regularization coefficient 1eq {0.3,0.4,0.5,0.6}
Source domain Batch size 64

Target domain Batch size 128

G ENVIRONMENT DETAILS AND SETUP

G.1 ENVIRONMENT SPECIFICATIONS

Following recent work in offline reinforcement learning and cross-domain policy
adaptation (Lyu et al., 2025b), we evaluate DFDT on four continuous control tasks from the Mu-
JoCo simulator (Todorov et al., 2012): HalfCheetah-v2, Hopper—-v2, Walker2d-v2, and
Ant-v2. All environments use the MuJoCo v2 physics engine via OpenAl Gym

2016).

We use the standard D4RL configuration with a maximum episode length of 1000 timesteps for all
tasks. Episodes terminate early only if the agent enters a failure state (e.g., the Hopper falls over).
We adopt the original D4RL reward specifications without modification, including implicit survival
bonuses and center-of-mass velocity components where applicable.

Transformer context length. Due to varying trajectory structure across tasks, we use set task-
specific context windows. For morphology and kinematic shifts, we used K = 20 for the HalfChee-
tah task and K = 5 for the Hopper, Walker2D and Ant tasks. For gravity shifts, we used K = 10
for the HalfCheetah task, K = 20 for the Hopper and Walker2D task, and K = 5 for the Ant task.
These results help balance model capacity and empirical performance in dynamic shifts.
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Stage 2 (OT filtering for action feasibility). During training, when constructing each mini-batch,
we sample 128 source transitions from DMMP and use their pre-computed OT distances to retain
only the top Eo1% = 50% with the lowest OT distance. These filtered source transitions are then

combined with 128 target transitions, giving a final batch size of 192.

Hyperparameter overview. Table [3] summarises the hyperparameters of a compact Transformer
backbone for DFDT (multi-head attention with moderate depth, width, and context length), trained
with standard optimisation and stabilisation choices (Adam, dropout, ReLU, soft target updates, and
a fixed discount factor). Method-specific settings for DFDT include pretrained critics, a command
network, and an OT-based filtering module (cosine cost) coupled with a fixed fragment-filtering
ratio and a source—target mixing coefficient. We adopt asymmetric batch sizes to emphasise target-
domain learning while still leveraging filtered source fragments. The defaults were chosen from
small grids over context length and mixing strength and were found to be robust across seeds and
tasks.

Table 4: Performance comparison of cross-domain offline RL algorithms given gravity shifts.
The meanings of each abbreviation are the same as those listed in Table [T, We report normalized
target-domain performance (mean =+ std.) over five seeds; We bold and highlight the best cell.

Source Target | IQL | DARA IGDF OTDF | DT QT DADT | DFDT

half-m medium 39.6 41.2 36.6 40.7 28.4 40.2 36.6 7.3£4.3
half-m medium-expert | 39.6 40.7 38.7 28.6 45.1 62.1 34.7 7.8+2.4
half-m expert 424 39.8 39.6 36.1 41.8 49.1 45.7 13.8+11.7
half-m-r medium 20.1 17.6 14.4 21.5 18.3 51.6 25.3 5.94+2.5
half-m-r medium-expert | 17.2 20.2 10.0 14.7 17.2 2.1 271 5.7£2.4
half-m-r expert 20.7 22.4 15.3 11.4 7.8 2.5 23.6 17.9£10.0
half-m-e  medium 38.6 37.8 37.7 39.5 35.1 69.3 44.0 5.6£2.6
half-m-e = medium-expert | 39.6 39.4 40.7 324 38.2 67.0 32.0 6.0£2.9
half-m-e  expert 43.4 45.3 41.1 26.5 40.7 68.5 37.8 21.9+£8.3
hopp-m medium 11.2 17.3 15.3 324 19.7 16.1 12.8 82.4+7.5
hopp-m medium-expert | 14.7 15.4 15.1 24.2 11.6 12.8 11.6 56.7+£23.3
hopp-m expert 12.5 19.3 14.8 33.7 11.0 12.3 12.7 22.7+£11.2
hopp-m-r  medium 13.9 10.7 15.3 31.1 14.2 19.9 22.6 58.8+27.5
hopp-m-r  medium-expert | 13.3 12.5 15.4 24.2 13.7 22.3 16.6 66.4+17.7
hopp-m-r  expert 11.0 14.3 16.1 31.0 19.6 18.7 21.5 42.4+16.6
hopp-m-e  medium 19.1 18.5 22.3 26.4 13.0 14.3 11.6 63.6£18.0
hopp-m-e  medium-expert | 16.8 16.0 16.6 28.3 13.6 14.4 11.7 39.2+27.8
hopp-m-e  expert 20.9 23.9 26.0 44.9 13.1 14.0 13.2 75.4+19.0
walk-m medium 28.1 28.4 22.1 36.6 36.2 29.5 374 43.1+7.2
walk-m medium-expert | 35.7 30.7 35.4 44.8 38.2 45.2 29.1 21.5£4.5
walk-m expert 37.3 36.0 36.2 44.0 46.4 44.0 54.0 22.6£5.7
walk-m-r  medium 14.6 14.1 11.6 32.7 28.6 18.9 24.8 44.1+2.9
walk-m-r  medium-expert | 15.3 15.9 13.9 31.6 26.9 20.0 29.8 22.7£7.0
walk-m-r  expert 15.8 15.7 15.2 31.3 28.0 28.6 20.1 26.7+£11.8
walk-m-e  medium 39.9 41.6 33.8 30.2 42.5 56.7 45.5 41.443.2
walk-m-e  medium-expert | 49.1 45.8 44.7 53.3 39.4 55.8 30.6 23.6+5.1
walk-m-e  expert 40.4 56.4 45.3 61.1 39.6 47.4 34.5 23.6+8.9
ant-m medium 10.2 9.4 11.3 45.1 22.0 15.3 12.4 61.0+8.7
ant-m medium-expert 9.4 10.0 9.4 33.9 17.7 14.1 14.0 52.8+15.7
ant-m expert 10.2 9.8 9.7 33.2 18.9 15.7 13.7 58.3+£5.8
ant-m-r medium 18.9 21.7 19.6 29.6 18.8 13.9 21.4 66.9+8.5
ant-m-r medium-expert | 19.1 18.3 20.3 25.4 13.9 13.6 18.5 44.9+5.5
ant-m-r expert 18.5 20.0 18.8 24.5 14.6 10.6 17.7 38.8+11.1
ant-m-e medium 9.8 8.1 8.9 18.6 11.3 11.6 20.6 68.9+£6.4
ant-m-e medium-expert 9.0 6.4 7.2 34.0 18.0 12.2 15.2 45.7+18.0
ant-m-e expert 9.1 10.4 9.2 23.2 11.6 10.0 15.3 41.2+11.9

Total Score | 825.0 | 851.0 803.6 1160.7 | 874.7 1020.3 895.7 | 1347.3
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