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Abstract

Cross-domain imitation learning (CDIL) accelerates policy learning by transferring expert
knowledge across domains, which is valuable in applications where collection of expert data is
costly. Existing methods are either supervised, relying on proxy tasks and explicit alignment,
or unsupervised, aligning distributions without paired data but often unstable. We introduce
the Semi-Supervised CDIL (SS-CDIL) setting and propose the first algorithm for SS-CDIL
with theoretical justification. Our method uses only offline data, including a small number of
target expert demonstrations and some unlabeled imperfect trajectories. To handle domain
discrepancy, we propose a novel cross-domain loss function for learning inter-domain state-
action mappings and design an adaptive weight function to balance the source and target
knowledge. Experiments on MuJoCo and Robosuite show consistent gains over the baselines,
demonstrating that our approach achieves stable and data-efficient policy learning with
minimal supervision.

1 Introduction

In contrast to reinforcement learning (RL), which requires extensive environment interactions and carefully
designed reward functions, imitation learning (IL) offers a compelling alternative by enabling efficient be-
havior acquisition through direct imitation of expert demonstrations, thus avoiding the need for complex
reward engineering or exhaustive exploration. IL has demonstrated remarkable success in areas such as robot
control (Mandlekar et al.l 2022)), autonomous driving (Le Mero et al., [2022), and visual navigation (Nguyen
et al.,[2019)), where access to expert data facilitates the development of high-performance control policies. De-
spite these advantages, conventional IL. methods commonly rely on the assumption that the expert data and
the target environment share the same domain characteristics, a condition that is rarely satisfied in practice.
In real-world scenarios, collecting expert demonstrations in target domains such as physical robotics or self-
driving cars is often prohibitively expensive or hazardous, whereas simulated environments, though capable
of providing large-scale data, typically differ in their underlying dynamics and state-action representations.

Cross-domain imitation learning (CDIL) addresses this challenge by transferring expert knowledge from a
source domain to a target domain with distinct dynamics or state-action spaces, thereby improving efficiency
and reducing reliance on target-domain data. Existing CDIL approaches can broadly be categorized based on
the level of supervision they require: (1) Supervised methods typically rely on paired or unpaired demonstra-
tions in various proxy tasks to explicitly establish correspondences between domains. For example, (Sermanet
et al., 2018; [Liu et al., 2020) leverage paired visual trajectories for time-contrastive or state-translation learn-
ing, while (Raychaudhuri et al.,2021)) align demonstrations via state-distribution matching. (2) In contrast,
unsupervised methods avoid paired data by aligning distributions or learning invariant representations, such
as adversarial domain adaptation (Kim et al., [2020; Zolna et al.| 2021)) and optimal transport-based align-
ment (Fickinger et all [2022). These methods often assume an isomorphism between the source and target
domains; however, such an isomorphism can generally be satisfied in multiple ways (possibly infinitely many),
resulting in ambiguity in alignment and potential instability. Overall, supervised approaches are constrained
by the cost of collecting paired trajectories, unsupervised approaches often suffer from unstable transfer, and
domain-specific solutions lack generality.

In this paper, we propose to study Semi-Supervised CDIL, which achieves cross-domain transfer by lever-
aging source-domain (imperfect) demonstrations and requires only minimal target-domain supervision by



Under review as submission to TMLR

Learn Inter-Domain Mappings

e Ly fa | tan

: H i CDIL ' m—] 3|

; - : - Train L Source 1 | Target Expert/| |Source Expertl| | CDIL

1| SourceData | Source xpert Demag ! \Imperfect Data) \|mperfect Data) |

! \Eor Proxy Tasks/ ! xpert Demg [ L |

: Online Online 4

| - : Interaction T Interaction | i m i

| ! Target Target e

: i Domain [, Domain — [‘Jrargej

| : omain

¢ \Eor Proxy Task g Deployment Deployment Deployment
(a) CDIL with proxy tasks. (b) Unsupervised CDIL. (c) Semi-supervised CDIL.

Figure 1: An illustration of CDIL formulations: (a) CDIL with proxy tasks utilizes annotated target demon-
strations through paired or unpaired proxy tasks, trading off accuracy and data efficiency. (b) Unsupervised
CDIL relies only on source experts and unlabeled target data and typically requires assumptions on domain
similarity (e.g., isomorphism) and can suffer from ineffective transfer. (¢) Semi-supervised CDIL combines
limited labeled target data with unlabeled trajectories, balancing supervision cost and transferability.

combining a small number of target-domain expert demonstrations along with imperfect target-domain tra-
jectories, without the need for additional proxy tasks. This semi-supervised CDIL setting offers a promising
balance between supervision cost and transfer capability. However, this setting remains largely unexplored,
motivating the need for a principled framework.

To address this, we propose AdaptDICE, the first algorithmic framework for Semi-Supervised CDIL that
extends the single-domain distribution correction estimation (DICE) to achieve knowledge transfer across
domains with discrepancies in transition dynamics, state space, and action space. AdaptDICE leverages
source-domain knowledge together with limited offline target-domain data, enabling stable policy learning
without requiring paired trajectories or assumptions on isomorphism. The core of our approach consists of
three components:

¢ Cross-domain mapping loss: AdaptDICE introduces a novel mapping loss that learns cross-domain
mapping functions by minimizing the Bellman error within the mapped source-domain space, thereby
bridging domain gaps while preserving source-domain knowledge. The learned cross-domain mappings
enable knowledge transfer of source-domain density ratios to the target domain.

e Hybrid density ratio for cross-domain policy extraction: AdaptDICE derives the target-domain
policy by combining density ratios of both domains via the cross-domain mappings. The resulting hybrid
density ratio serves as the mechanism that facilitates transfer across domains in imitation learning.

e Adaptive weighting: The hybrid density ratio is further modulated by an adaptive weighting factor,
B(t), defined as a smooth function of the relative estimation errors between the source and target density
ratios. This adaptive mechanism dynamically balances the contributions of both domains, enabling stable
and hyperparameter-free adaptation.

Through theoretical analysis, we establish the convergence guarantee of AdaptDICE for the underlying
density-ratio estimation, achieving a polynomially decaying error bound, with the expected error adaptively
bounded by the better of the two domains. Through extensive experiments, we show that AdaptDICE
achieves consistently better performance than various baseline methods in challenging offline cross-domain
scenarios (with as few as only 1 labeled target-domain expert trajectory) across multiple standard bench-
mark tasks in MuJoCo and RoboSuite. We also provide an ablation study to demonstrate the benefits of
hybrid density ratios for effective cross-domain transfer. These results highlight the effectiveness and wide
applicability of AdaptDICE under minimal supervision.

2 Preliminaries

2.1 Cross-Domain Imitation Learning

In this section, we introduce the fundamental concepts and notation for the general CDIL, building on
the standard Markov Decision Process (MDP) framework. For a set X, let A(X) denote the set of all
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probability distributions over X. We model each environment as an infinite-horizon discounted MDP, defined
as M := (S, A, P,u,7), where S is the state space, A is the action space, P : & x A — A(S) represents
the transition function, giving the probability P(sty1|st,a:) of a transition from state s; to s¢41 by taking
action a; at time ¢, p € A(S) is the initial state distribution, and v € [0, 1) is the discount factor. A policy
m: S — A(A) maps states to distributions over actions. For a given policy 7, the occupancy measure is
defined as d"(s,a) := (1 = V) Esgmp, Pr [Dopoo V' P(st = 8,00 = a|50)]E|

In the canonical CDIL setting, the learning involves two domains, referred to as source domain (src) and target
domain (tar), defined respectively as Mgy := (Ssres Asre, Pares fsre, Y) and Miar := (Star, Atar, Prars ftars Y)-
Notably, the source and target domains can differ significantly in transition dynamics, state space, and action
space. We assume that both MDPs share the same discount factor v. In CDIL, the information available to
the imitator can be summarized as follows:

e Target domain: The imitator operates in My, and aims to mimic a target-domain expert policy
7TE : Star — A(Atar) by learning from either online interactions in the target domain or a pre-collected
target-domain dataset that can consist of either expert and non-expert demonstrations. In CDIL, both
the online interaction budget and the size of the target-domain dataset are presumed to be small.

¢ Source domain: In CDIL, due to the limited target-domain data available, the imitator also leverages
auxiliary information from the source domain (e.g., via a pre-collected source-domain dataset Dgc).

The goal of the imitator is to learn a policy 7f,, : Star = A(Atar) that can effectively mimic the expert
policy based on the data from both domains. In the CDIL literature, there exist two commonly adopted
problem settings:

¢ CDIL with proxy tasks: This supervised setting assumes the existence of prozy or alignment tasks
with expert demonstrations in both source and target domains (Kim et al., 2020; Raychaudhuri et al.
2021)) as a form of supervision. For instance, in robot control, primitive tasks like walking or jumping can
serve as proxies for more complex target tasks. Cross-domain knowledge transfer is achieved via domain
alignment, i.e., by learning cross-domain state-action mappings from these auxiliary expert data, either
paired or unpaired across domains (Figure a)). This supervised setting enables more accurate alignment
and stable transfer but requires substantial data collection or annotation.

e Unsupervised CDIL: This setting relies primarily on source-domain expert data and uses no target-
domain demonstrations, hence considered “unsupervised” (Fickinger et al.l [2022; [Franzmeyer et al.,
2022)). Learning cross-domain mappings still requires online interaction with the target environment
(Figure [[[b)). While avoiding reliance on target-domain experts, unsupervised CDIL algorithms often
assume strong domain isomorphism and can suffer from instability or misalignment under substantial
domain discrepancies.

2.2 Regularized Distribution Matching

In an offline setup, (single-domain) imitation learning can be formulated as a regularized distribution matching
problem, which minimizes the discrepancy in occupancy measure between the expert and the imitator under
behavior regularization to overcome extrapolation error in offline learning. Specifically, one notable offline
IL formulation is introduced by DemoDICE (Kim et al., [2022]) and substantiated by the following objective
function:

7% = argmax_ — Dy (d" || d) — aDgy(d™ || dY), (1)

where o > 0 is the regularization coefficient and d® and dY denote the underlying occupancy measures of
the expert and imperfect datasets, respectively. As the objective function in is generally non-convex in
7, one can use d” instead of m as the decision variables and thereby reformulate as a conver constrained
optimization problem that minimizes the KL divergence between the imitator’s and expert’s occupancy
measures under a set of Bellman flow conservation constraints (i.e., one equality constraint for each state).

n the RL literature, the occupancy measure d™ is also called the discounted state-action visitation distribution.
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By resorting to the dual problem and strong duality and introducing a numerically-stable transformation,
we can arrive at an equivalent unconstrained problem:

min L(v:r) i= (1= 7) Euan0(s)] + (1 4+ ) 105 By [exp (Alia’ﬂ , 2)

where {v(s)}ses are the Lagrange multipliers (one for each constraint), (s, a) := log(d¥(s,a)/dY (s, a)) is the
logarithmic density ratio, and A, (s, a) := (s, a) +vEyp(|s,a)[V(s')] —v(s). We let v* denote the optimizer
of . Notably, one can interpret r(s,a) as the pseudo reward and v(s) as the pseudo value function in
offline IL, and hence A,(s,a) can be viewed as the advantage function under r and v.

Once the dual problem in (|2 is solved and the optimal dual variables v* are obtained, we can extract the
optimal primal variables d™ and the corresponding optimal policy 7* as follows: (i) We first define a density
ratio w* (s, a) := d*(s,a)/dV(s,a). The duality gives us that for each (s, a),

Artna))

14+« 3)

w*(s,a) = exp (
(ii) Based on the derived w*(s,a) in , one can extract 7* through weighted behavior cloning, which
minimizes E; 4)qv [w*(s,a)log w(als)] over .

3 Methodology

In this section, we formally describe the proposed formulation of Semi-Supervised CDIL. Then, we present
AdaptDICE (Adaptive Cross-Domain Imitation Learning with DIstribution Correction Estimation), the first
algorithmic framework for Semi-Supervised CDIL. We start by introducing a prototypic algorithm based
on AdaptDICE designed for efficient knowledge transfer across domains and analyze the convergence of the
proposed algorithm in the tabular case. Subsequently, we propose an adaptive function that dynamically
balances source- and target-domain knowledge to accommodate diverse domain disparities and then provide
a practical implementation beyond the tabular case.

3.1 Semi-Supervised CDIL

As described in Section [2.1] fully supervised CDIL enables accurate cross-domain alignment but requires
substantial target-domain demonstrations, while unsupervised CDIL avoids this cost but often fails under
large domain discrepancies. In practice, target domains usually provide few expert demonstrations, whereas
imperfect or suboptimal data are easier to obtain.

To address this, we formalize Semi-Supervised CDIL, assuming access to a small labeled subset of expert
demonstrations and the rest as unlabeled trajectories. Labeled data provides minimal supervision, while
unlabeled data captures target dynamics (Figure (c)), reducing annotation cost and avoiding instability.
The information available to the imitator in Semi-Supervised CDIL can be summarized as follows:

e Target domain: In this paper, we focus on the offline setting, where the imitator has access to a pre-
collected expert dataset DE . of (s,a,s’) tuples, which are generated by 7L, and follow the occupancy
measure di,, as well as an imperfect dataset D}, ., which is generated by policies with unknown degrees of
optimality. We define the union dataset as DY), := DE UD],  and let dV denote the corresponding mixture
of occupancy measures. In CDIL, DE  is presumed to be scarce (e.g., as few as only one trajectory), and

hence cross-domain transfer is especially needed.

¢ Source domain: Due to the limited target-domain data, the imitator leverages an auxiliary source-
domain dataset Dg.., which can consist of both expert and non-expert demonstrations in the source
domain. With Dg., one can also leverage an offline IL algorithm to pre-train policies or other relevant
networks for cross-domain transfer. In particular, a source-domain pseudo Q-function Qg can be obtained
as a pre-trained critic, which serves as a transferable component and will be utilized later in our framework
to guide cross-domain adaptation.
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Algorithm 1 AdaptDICE

Require: Source-domain Qg and w®'® pretrained with DemoDICE, Weight function f : N — [0, 1], step
size 1), target-domain offline dataset Df, = {(s,a, s')}, expert dataset D, = {(s,a)} C D,

1: Initialize discriminator network ciay @ Star X Agar — [0, 1]

2: Update ciay + argmin,,,, J.,. (DE,, DL,)

3: Compute (8, a) = —log(1/cpar(s,a) — 1) for (s,a) € DL,

4: Initialize G, H(©), l/t(gr), 70

5: for iteration t =1,...,7 do

6:  Sample Dy,, of size Ntdr from the offline dataset Dtdr

7. Compute §(t)

8:  Update v (t) — l/t(;r b _ nvutarLchE(Vt(;r_l) Toars Y, Deay)
9:  Update G ,HWY < argming g Lyap (G, H; rtar,Qsm,w( D, Diar)
10:  Update 7 « argmin, Lpc(m; GW, H® B(t), wbrc,wg)r,l)tar)
11: return Target-domain policy 7rgr)

3.2 Proposed Algorithm

In this subsection, we formally present AdaptDICE and describe its key components. The pseudo code is
provided in Algomthml The algorithm leverages a target-domain offline dataset D = {(s,a, s’)} alongside
pre-trained source-domain models, to learn an optimal policy for the target domain.

Before describing the key components of AdaptDICE, we first provide an overview of its learnable com-
ponents. The algorithm begins by training a discriminator c¢i,, (Lines 1-2) to induce a pseudo reward,
representing a logarithmic density ratio r,, (Line 3), which guides subsequent optimization. AdaptDICE
then iteratively updates three key modules: (1) a pseudo value function thr updated via DICE-based gra-
dient descent; (2) mapping networks G® and H® that align source and target domains by minimizing a

Bellman error; and (3) the target policy wéz)r refined through weighted behavior cloning with adaptive weight
B(t). These updates occur within the loop (Lines 5-11), facilitating robust cross-domain knowledge transfer.

Cross-Domain Mapping Loss. The mapping loss Lyap (Line 9) learns cross-domain mapping functions
G : Star = Ssrc and H @ Sgapr X Agar — Asre, which align source- and target-domain transitions such that
target-domain state-action pairs can be evaluated under the source-domain critic. We learn G and H by
minimizing the following loss, which enforces Bellman consistency in the mapped source-domain space:

LMAP (G7 H; Ttar, erm T, Dtar) = ]E(S’Q7SI)NDt;Lr

(4)

where 7, is the target-domain pseudo reward (we describe how to compute this pseudo reward below),
and Qgre 1= Tore(5,a) + Y Egop, (]5,0)[Vsrc(8')] is source-domain pre-trained optimal pseudo Q-function. By
minimizing this loss, we obtain mappings G* and H* that effectively bridge the domain gap, ensuring that the
source-domain knowledge can be reliably adapted to the target domain without direct modification to Qgyc.
In the tabular setting, Lyap yields optimal mappings by solving the finite state-action space, minimizing
Bellman error over Dig;.

Pseudo-Reward Computation. A discriminator network ciar : Star X Atar — [O 1] is trained to distin-
guish expert state-action pairs from DE, against the full target-domain dataset D, minimizing the binary
cross-entropy loss:

DU

J, (DtEarv tar) == (IE(s,a)NDEMr [lOg Ctar(s7 a’)] + IE(s,a)ng“_ [lOg(l - Ctar(87 a))]) . (5)

Ctar

The target-domain pseudo-reward is constructed as

Ttar (8, a) := —log(1/ctar(s,a) — 1), (6)

Ttar(sﬂ a) + PyEa’Nﬂ'(S’) [erc(G(Sl>7 H(8/7 a/))} - erc(G(s)v H(S, a’))
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which approximates the true logarithmic density ratio log(dt, (s,a)/dg, (s, a)).

DICE Loss. In AdaptDICE, the loss Lpicg (Line 8) is employed to learn the pseudo value function for
the density ratio w* based on the target-domain data. Specifically, it updates 14, through gradient-based
optimization on the following loss on offline samples D;,,, i.e.,

Ayrqr S, a
LDICE(Vtar; Ttar, T, Dtar) = (1 - 'Y)]Esw,utm [Vtar(s)] + (1 + OL) : logﬂi(s,a)f\thar |:6Xp (1—&-(OZ)>:| ) (7)

U

where (it is the initial state distribution induced from the dataset Dy,,.

Cross-Domain Policy Extraction. By integrating the mapping function mentioned before, we define
cross-domain density ratio weyposs that is combined with the pre-trained source-domain density ratio wg,. and
the learned target-domain density ratio wya,:

Weross (8, @) := Bwse(G(8), H(s,a)) + (1 — B) wiar(s,a), (8)

where 8 € [0,1] is a parameter that balances the contribution of the source and target domains. The
source-domain density ratio is wec(G(s), H(s,a)) = exp (A, (G(s), H(s,a))/(1 + «)), with vg. the pre-
trained source-domain pseudo value function. While the target-domain density ratio is wia,(s,a) =
exp(Ay,..(s,a)/(1 + «)), with 4, the target-domain pseudo value function. This cross-domain density
ratio is used in the behavioral cloning loss Lpc (Line 10):

LBC (71'; G7 H7 /Ba Wsrc, Wtar, Dtar) = _]E(s,a)NDmr [wCI‘OSS(S7 a) . 10g W(a‘S)] . (9)
is minimized to learn optimal policy in a tabular setting with a finite state-action space.
In Algorithm [I} we employ an adaptive weighting factor S(¢t) (Line 7) whose exact form is detailed in

Section enabling a hyperparamter-free weighting of the behavioral cloning loss during training.

3.3 Convergence Analysis

In this subsection, we theoretically establish the convergence of AdaptDICE, focusing on how the cross-
domain density ratio wgz,ss(s, a) approaches the optimal density ratio w;,, (s, a). To measure this convergence,
we define the density ratio error:

|wé?oss(s7 CL) - w‘:(ar(& a)| (10)

We then derive an upper bound on this error, highlighting the role of the weighting factor 3(¢) in balancing
source and target domain contributions to achieve efficient convergence.

Building on the formulation in Section [3.2] the cross-domain density ratio in AdaptDICE is given by:

wlt) ((s,a) i= B(t)wee(GD(s), HD (s,)) + (1 = B(1))wil(s,a), (11)
where we.o(G®(s), H®(s,a)) = exp (A

density ratio, wt(g(s,a) = exp(4

(GW(s),H®(s,a))/(1 + a)) is the pre-trained source-domain
(s,a)/(1 4+ «)) is the target-domain density ratio at iteration ¢, and

Vsrc
v
B(t) : N — [0,1] is a weighting factor balancing the contributions of the source and target domains. The
mapping functions G and H denote the learned state and action mappings that align target-domain samples
with the source-domain representation. To quantify the convergence of wggss(s,a) to the optimal density
ratio wy,, (s, a), we define the pointwise density ratio errors:

t)

Awl) (s,a) := [wll)(s,a) — wi(s,a),  (12)

(5,0) := [wee(GD(5), HO (5,0)) — wipe(s5,0)], Awiy

tar
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and their expected errors over the target-domain distribution Dg,,:

src tar

ADE) = B(s )y [0ere (GD (5), HD (5,0)) — wip(s,0)|,  ADL) = By ayupin, [0 (s, a) — wiy (5, a)].

(13)
For convergence analysis, we define the optimal solution set of 1., as S5, = {vf,, + C - 1s,,, | C € R} where
1s,., is the all-ones vector over Sy, and the orthogonal projection Hsgar(Vtar) = argmingess |[Viar — ylla.

We next provide the convergence guarantee of AdaptDICE, whose proof is deferred to Appendix [C]

Theorem 1 (Upper Bound of Cross-Domain Density Ratio Error Under AdaptDICE). Under AdaptDICE,
with learning rate n < 1/Ly, for each (s,a), the cross-domain density ratio error is bounded as follows:

|wihss(5,@) = wia (s, @)| < B(E) AW (s, a) + (1= B(t))

0
) — vz‘wnz]
b

* C 0 *
watar(s7 G,) exp (\/%jh/)gm)" - Vtar”Q) \/i

(14)
where Ly is the smoothness constant of Lpice, Vi, = Hsffar(yt(gb, and Cy, is a constant. Moreover, by
selecting B(t) as

e L Aa? < Awl)
1, otherwise
the expected cross-domain density ratio error satisfies
E ® —w < min(Aa®), Aw) 15
(S,G)N'Dmv- wc’ross(s7 a) wtar(s’ a)| — mln( ws’rc’ wtar)' ( )

Remark. The bound in Theorem [I] demonstrates the effectiveness of AdaptDICE in adaptively combining
source- and target-domain density ratios. By choosing §(t) to favor the domain with the smaller expected

(t) (t)

error, AdaptDICE achieves an error bound no worse than the better of Awge or Aw,,,. When the source-

domain density ratio is more accurate (i.e., Awéﬁl < Aw§;1)7 setting () = 1 leverages the pre-trained
source model to accelerate convergence compared to relying solely on the target-domain density ratio. This
adaptability is particularly valuable in scenarios with limited target-domain data, as it enables efficient
knowledge transfer while mitigating errors due to domain discrepancies.

3.4 Design Choice of Weighting Factor /()

Recall that Theoremestablishes a discrete selection rule for the weighting factor 5(t) that yields an optimal
expected error bound. However, such a hard-switching mechanism may cause undesirable oscillations in
practice when the source and target errors are comparable. To achieve smoother and more stable adaptation
behavior, AdaptDICE employs a continuous weighting scheme that interpolates between the source and
target density ratios.

Specifically, we define 3(t) as a function of the expected density ratio errors:

1
2@
B(t) = ——25— (16)
2ol T aem ’

where Awéﬁl, AwéﬁZ denote the expected estimation errors of the mapped source-domain and target-domain
density ratios (Equation ) This formulation adaptively adjusts 8(t) according to the relative reliability

of the two estimators: when the source ratio is more accurate (Awéﬁ% < Ai)é?r), B(t) > 0.5 and smoothly
increases toward 1 as the source estimator becomes more reliable, emphasizing source-domain information;
conversely, when the target estimator is more accurate, 3(t) decreases toward 0, shifting the emphasis to
the target domain. Such a smooth transition avoids abrupt switches between domains and maintains stable

weighting during training.
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While this adaptive weighting does not alter the theoretical convergence rate established in Theorem |1} it
offers notable practical advantages. First, the continuous interpolation mitigates oscillations in 8(¢) when
the source and target estimators exhibit similar errors, leading to smoother updates of wg?m and more
stable policy optimization. Moreover, it enables a gradual transition of reliance from the source to the target
domain, preventing abrupt degradation and improving robustness when the target-domain data are limited
or noisy. These properties collectively enhance the empirical stability and reliability of AdaptDICE across
diverse cross-domain adaptation scenarios.

3.5 Practical Implementation

In this subsection, we present the practical aspects of the AdaptDICE algorithm, including the optimization
of state and action mapping functions, the implementation of the adaptive function, and the gradient-based
training of loss functions.

Cross-Domain Mapping Optimization. To align the source and target domains with potentially distinct
state and action spaces, we optimize mapping functions G : Syar — Ssre and H : Spar X Agar — Agre using a
cross-domain loss Lyrap in Equation that ensures Bellman consistency across source and target domains.
To ensure that the mapping functions G and H map to a feasible region, we employ normalizing flows as
in (Brahmanage et al., 2023), which transform a dummy region (e.g., [0,1]") into the feasible region. Thus,
G and H are trained to map to the dummy region which is then converted by a pre-trained normalizing flow.

Adaptive Function Implementation. The adaptive weighting function 3(t) : N — [0,1] prioritizes the
domain whose density ratio is closer to the optimal target-domain ratio wy,,(s,a). It is computed as:

A Aal)
B(t) = —F—"5—, (17)

where the empirical error estimates are:

wsrc<G(t) (S)a H(t) (‘97 CL)) - ’UA}‘:ar(S? a)

; (18)

win D (s,0) = Wl (s,0)|. (19)

AD) = E (s 0wy

src

Aw(t) = E(sva)NDtar

tar

(t)

Since the true wy, (s,a) is unavailable during training, we use wy,,(s,a) as its practical approximation:

Wi, (s,a) = wt(;)r(s, a). To stabilize Awt(;)r, which can exhibit high variance due to limited target-domain

data, we apply a moving average as follows:
Aib{fy = pAdyg" + (1 - 9)Adg), (20)

where 1 = 0.9 is the smoothing factor. This ensures robust estimation of B (t), enhancing stability in the
cross-domain policy extraction.

Loss Function Optimization. While Lyiap and Lgc mentioned in Sectionyield solutions in the tabular
setting, practical implementation constraints, such as scalability and computational efficiency, necessitate
gradient-based updates using neural networks. In Algorithm |1, we train G, H, and the policy 7 via
stochastic gradient descent on Lyiap and Ly, respectively, leveraging neural network architectures to handle
high-dimensional state-action spaces effectively.

4 Experiments

In this section, we present the main experimental results from the CDIL experiments, designed to evaluate
algorithms’ performance in benchmark robot control tasks. Our goal is to assess how effectively different
methods leverage offline datasets from both source and target domains in policy learning. Unless stated oth-
erwise, below we report the average and the standard deviation over 5 random seeds for all the experimental
results.
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Table 1: Configurations of the target-domain dataset in various scenarios.

Environment Dataset Set Expert Traj. Sub-optimal Traj. Sub-optimal Composition
Hopper/TableWiping Default 1 60 10 expert + 50 random
Others * 1 101 1 expert + 100 random
All Expert Rich 5 101 1 expert + 100 random
Sub-Optimal Rich 1 505 5 expert + 500 random

* Others includes Ant, HalfCheetah, BlockLifting, and DoorOpening.

4.1 Setup

Evaluation Domains. We evaluate AdaptDICE on various continuous control tasks in MuJoCo and
Robosuite to test the cross-domain transfer capability under varied dynamics, representations, and task
complexities. Specifically:

e MuJoCo: We adopt standard MuJoCo environments, including Hopper-v3, HalfCheetah-v3, and Ant-
v3, as the source domains. Following the procedures described in (Zhang et al.l 2021), we modify these
environments to construct the corresponding target domains.

¢ Robosuite: We utilize Robosuite (Zhu et al., [2020)), a widely adopted framework for robot arm manip-
ulation, to evaluate our algorithm on DoorOpening and TableWiping tasks. For each task, the Panda
robot arm serves as the source domain, while the URbe robot arm is designated as the target domain.

The detailed specifications of the source-domain and target-domain morphologies are provided in Section [D]
The state and action space dimensions of each domain are provided in Table [f] in Section [D}

Baselines. We compare AdaptDICE with recent CDIL algorithms, including SMODICE (Ma et al., [2022)),
GWIL (Fickinger et al.l [2022)), and the IL variant of IGDF (Wen et al.| |2024)). All the algorithms share
the same source-domain and target-domain datasets for a fair comparison, with differences arising from the
specific use of source-domain datasets, as detailed below:

e GWIL (Fickinger et all[2022): GWIL is an unsupervised CDIL method that learns from source-domain
expert demonstrations as well as the target-domain data collected online. To adapt GWIL to the offline
setting, we modify the online replay buffer to be supplied by the offline dataset. Due to the original exper-
imental setup in the GWIL paper, we use only one source-domain expert trajectories in our experiments,
without using source-domain imperfect demonstrations.

« SMODICE (Ma et al., [2022): SMODICE was originally designed to tackle imitation from dynamics or
morphologically mismatched experts. To evaluate its performance in the Semi-Supervised CDIL setting,
SMODICE can utilize the source-domain expert trajectories and the full target-domain dataset to enhance
learning in the target domain, without using the source-domain imperfect demonstrations. This ensures
a fair comparison without fundamentally changing the algorithm of SMODICE.

e« IGDF+IQLearn (Wen et all 2024): IGDF is a cross-domain representation learning algorithm that
achieves data filtering via contrastive learning and can be integrated with any off-the-shelf RL method to
address offline cross-domain RL. One can adapt IGDF to IL by using an off-the-shelf offline IL method,
such as IQ-Learn (Garg et al. [2021)). Specifically, the training can be done in two stages: (i) At the
representation learning stage, IGDF learns to encode state-action representations that enable effective
data filtering across domains. (ii) At the imitation stage, it leverages the learned encoders to select
high-quality source trajectories for training, thereby improving the target-domain policy in CDIL.

Dataset Configurations. The target-domain datasets are constructed by mixing a small number of expert
trajectories with a larger number of sub-optimal ones, following the configurations summarized in Table
Similarly, the source-domain datasets containing 400 expert trajectories and 2000 sub-optimal trajectories,
where the sub-optimal set is composed of 400 expert and 1600 random rollouts. More detailed dataset
specifications are provided in Section [D.2]
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4.2 Evaluation Results

In Table[2] we report the final performance values of AdaptDICE and baseline methods across various contin-
uous control tasks, with the corresponding training curves provided in Figure |3| (Section . AdaptDICE
consistently outperforms the baseline CDIL algorithms in both MuJoCo and Robosuite, especially in high-
dimensional robot arm manipulation tasks where learning from limited expert demonstrations is particularly
challenging. We also observe that SMODICE and IGDF+I1Q-Learn suffer on most of the tasks in this chal-
lenging low-data regime, and these results are consistent with those in their original papers where hundreds
of demonstrations are usually needed to achieve comparable return performance. Moreover, we observe that
GWIL can barely get any learning progress. We hypothesize that this results from the fact that GWIL can
only learn up to an isometry between the policies across domains due to its unsupervised nature. Recent
works (Choi et al., |2023; [Huang et al.l 2024]) also report that GWIL can struggle in practical cross-domain
settings, suggesting that its need for expert supervision and inability to leverage imperfect demonstrations
can limit its applicability.

Table 2: Experimental results of AdaptDICE and other baseline methods in the Default setting.

Environment | AdaptDICE (Ours)  SMODICE GWIL IGDF+IQLearn
Hopper 2289.9 £+ 328.7 2046.6 &= 53.3 9.8 £0.03 286.6 4 78.6
Ant 3672.6 - 450.8 86.3 £30.6 —2891.6+17.4 —358.3 £+ 1106.6
HalfCheetah 4171.1 +2659.2 —15.1+42.5 —800.7£228.8 2179.5+2422.1
BlockLifting 385+13.9 0.8+0.6 0.01 £ 0.001 73+£54
DoorOpening 139.5 £30.8 9.6 £14.6 34.5 £46.0 70.0 £52.8
TableWiping 19.7+18.5 9.8+£7.6 0.03£0.6 —15.5+£34.9

4.3 Ablation Study

To better understand the contributions of the source-domain and target-domain density ratios in AdaptDICE,
we conduct an ablation study by using only the source-domain density ratio wg,. or the target-domain density
ratio wy,, during policy extraction. Specifically, we evaluate the following variants:

e AdaptDICE with wg, only: The policy is trained exclusively with the pre-trained source-domain
density ratio, ignoring any target-domain density information. This is equivalent to choosing 5(t) =
1, for all ¢.

e AdaptDICE with wy,, only: The policy relies solely on the target-domain density ratio learned from
the offline target-domain data, without leveraging source-domain knowledge. This is equivalent to
choosing 3(t) = 0 for all ¢ and hence reduces to the single-domain DemoDICE (Kim et al., 2022]).

Table 3: Experimental results of two ablation variants of AdaptDICE in the Default dataset setting.

Environment ‘ Wgpe ONly Wiay Only AdaptDICE
Ant 1047.8 £129.1 3921.5+247.1 3672.6 +450.8
HalfCheetah —2.04+0.6 —23+16 4171.1 +2659.2
BlockLifting 4.3+3.7 11.9+13.3 38.5+13.9
DoorOpening 60.1 £ 16.5 58.1+7.3 139.5+30.8

In Table 3] we show the final performance values of AdaptDICE and its two ablation variants (i.e., with
Were only and we,, only), with the corresponding training curves shown in Figure [4] (Section . In most
of the tasks (HalfCheetah, BlockLifting, and DoorOpening), the full AdaptDICE method with source-to-
target transfer significantly outperforms the variants using only wge Or wiar, highlighting the importance of
combining source-domain and target-domain density ratios. In the Ant environment, the wy,-only variant
of AdaptDICE performs well, while the wg.-only variant performs rather poorly, suggesting the transfer
mechanism remains rather reliable even under substantial discrepancy between the two domains.
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4.4 Effect of Dataset Configurations
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Figure 2: Effect of dataset configurations under AdaptDICE: We compare performance across the Expert
Rich and Sub-Optimal Rich regimes, showing that both types of data expansion lead to improvements over
the Default dataset setting.

To evaluate AdaptDICE’s reliability in various dataset configurations, we conduct additional experiments on
the number of target-domain trajectories. As Semi-Supervised CDIL uses both labeled expert demonstrations
DE . and unlabeled or sub-optimal trajectories D}, , we vary the two dataset sizes separately: (i) increasing
|DE,| with fixed |DL,,| (Expert Rich) to assess annotation cost, and (ii) increasing |DL, | with fixed |DE |
(Sub-Optimal Rich) to evaluate robustness to imperfect data. The configurations are summarized in Table
This is meant to corroborate AdaptDICE’s adaptability under the trade-off between supervision and sub-

optimal trajectories in low-data regimes.

Figure[2|shows that AdaptDICE converge faster and reach higher final performance in both Expert Rich and
Sub-Optimal Rich regimes than in the Default setting. In Expert Rich, additional labeled demonstrations
accelerate convergence, while in Sub-Optimal Rich, abundant imperfect data improves representation and
reduces overfitting. These results demonstrate AdaptDICE’s flexibility in trading off costly expert annota-
tions for cheaper sub-optimal data, often yielding superior gains with a larger dataset size. We also report
the final performance values in Table [

Table 4: Experimental results of AdaptDICE under various dataset configurations.

MuJoCo Environments Robosuite Environments

Ant HalfCheetah BlockLifting DoorOpening
Default 3672.6 & 450.8 4171.1 4+ 2659.2 38.5+13.9 139.5 +30.8
Expert Rich 4494.2 + 760.1 9296.0 £ 1589.5 65.1+17.3 161.7 £ 16.0

Sub-Optimal Rich 5038.1 +£207.1 10105.9 +£1821.7 68.9+25.7 181.4+5.0

5 Related Work

Single-Domain Imitation Learning with Imperfect Demonstrations. A central challenge in IL is
ensuring robustness against noisy or suboptimal demonstrations. Early approaches extended behavioral
cloning by explicitly modeling demonstration quality (Wu et al., [2019; [Sasaki & Yamashina), 2021} |Xu et al.,
2022) or by re-weighting samples to place greater emphasis on higher-quality data (Tangkaratt et al., 2020
Wang et al} [2021). Other strategies employed adversarial training or regularization to mitigate the influence
of low-quality data, such as through disagreement penalties (Brantley et al. |2019)) or confidence-based filter-
ing (Cao et all [2022]). Additional methods leveraged distribution matching and state-occupancy measures
to stabilize learning from fixed, imperfect datasets, thereby addressing issues such as covariate shift and
suboptimal actions (Brown et al., [2019; [Kim et al., [2022; [Ma et al.l [2022; [Yu et al., 2023} Mao et al., |2024)).
While these methods effectively account for demonstration quality, they typically assume that training and
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deployment data originate from the same domain. This assumption limits their applicability in scenarios
requiring cross-domain transfer, a gap that CDIL is designed to address.

Cross-Domain Imitation Learning under State and Action Discrepancies. There are two major
sub-categories in this setting:

e CDIL with proxy tasks: Paired-trajectory approaches exploit explicit correspondences between source
and target domains, typically through observation or state alignment. Representative strategies include
context translation (Raychaudhuri et al.l 2021)), time-contrastive networks (Sermanet et al., 2018)), and
state distribution matching (Liu et al.,|2020)). Extensions of these methods scale to multi-domain or long-
horizon transfer, such as multi-domain behavioral cloning (Watahiki et al., |2024) and hierarchical skill
alignment (Lin et al.l 2024). Beyond visual or state-level alignment, several works incorporate skill-level
decomposition to enhance generalization across tasks.

In contrast, unpaired-trajectory methods do not rely on direct correspondences between source and target
trajectories. Instead, they leverage adversarial objectives to facilitate transfer under limited supervision
(Kim et al., |2020; Zolna et al., |2021; |(Giammarino et al [2025). More recent efforts extend this line of
work to handle unpaired data across variations in representation (Zhang et al.2021)) and dynamics (Kedia
et al.l |2025)), thereby improving robustness in scenarios with heterogeneous domains.

¢ Unsupervised CDIL: Unsupervised approaches remove the need for paired data by aligning distributions
or learning domain-invariant representations. Techniques such as optimal transport (Fickinger et al.,
2022; [Nguyen et all |2021) and adversarial domain adaptation (Choi et al., 2023|) mitigate discrepancies
at the distributional or feature level, while embedding-based methods focus on extracting task-relevant
representations for transfer (Franzmeyer et al., |2022; [Pertsch et al., |2022)). Recent advances further
incorporate denoising strategies to enhance robustness against domain-induced noise (Huang et al.,|[2024)).

Cross-Domain Imitation Learning with Aligned State and Action Dimensions. We categorize
methods in this class as those where the source and target domains share identical state and action dimensions
but differ in dynamics or contextual factors. These approaches can be broadly divided into two directions.
First, representation-level methods aim to learn invariant features (Yin et all 2022} [Lyu et all 2024) or
contextual embeddings (Liu et al., |2023al) to enhance robustness across domains. For example, [Wen et al.
(2024) propose a contrastive representation approach for data filtering in cross-domain offline reinforcement
learning. We adopt and extend this approach as a baseline, incorporating dynamics-aware adjustments to
better accommodate CDIL in heterogeneous settings. Second, dynamics-adaptive methods explicitly address
discrepancies in transition dynamics, either by adapting policies to varying environments (Liu et al., [2023b))
or by introducing off-dynamics objectives (Kang et al., [2024).

6 Conclusion

In this work, we proposed AdaptDICE, the first semi-supervised distribution-correction framework for Semi-
Supervised CDIL that scales to heterogeneous state and action spaces. AdaptDICE integrates source-domain
knowledge with limited offline target data without requiring paired trajectories or explicit domain mappings.
We provided theoretical analysis showing the convergence guarantee for density ratio estimation, and demon-
strated through extensive experiments on MuJoCo and Robosuite that AdaptDICE consistently outperforms
other baselines. Ablation studies further confirm the importance of combining source-domain and target-
domain density ratios for stable transfer.

While AdaptDICE offers improved stability and flexibility in the Semi-Supervised CDIL setting, its effec-
tiveness still depends on the availability of a small amount of labeled target data, which may not always be
accessible in real-world scenarios. Future work includes exploring the integration of stronger representation
learning or better offline adaptation mechanisms to further enhance cross-domain transferability.
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A DemoDICE Algorithm

This section details the pseudo code of DemoDICE (Algorithm , an offline imitation learning method that
trains a policy 7 using expert (DF) and imperfect (D) datasets, as formalized in Section The algorithm
proceeds in three stages: (1) pretraining a discriminator to derive a pseudo-reward r(s,a); (2) updating a
pseudo value network v via gradient descent; and (3) optimizing a policy network 7(®) through weighted
behavior cloning. Below, we present the algorithm and explain each stage.

Algorithm 2 DemoDICE

Require: Expert dataset DF, imperfect dataset D!, union dataset DY = DF U D!
: Initialize discriminator network c:SxA—=|0, 1]
Update ¢ ¢ argmine.sxa—o,1] — (E(s,a)y~pelog c(s, a)] + E( o) opv [log(1 — ¢(s, a))])
Compute r(s,a) = —log(1/c(s,a) — 1) for (s,a) € DY
Initialize critic network v(©), policy network (%)
for iteration t =1,...,7T do
Sample batch B from DY
Update v « v(t=1) — v, LD B)
Update 7® « argmin, Lpc(m; v®, B)
return Trained policy 7(7)

Pretraining the Discriminator for Pseudo-Reward

The discriminator network ¢ : § x A — [0, 1] is initialized and trained to distinguish expert state-action pairs
from those in the union dataset DV = D¥ U D' by minimizing the binary cross-entropy loss: J.(D¥, DY) :=
—E(s,0)~pe[logc(s,a)] — E¢ oyopulog(l — c(s,a))]. The resulting pseudo-reward is defined as r(s,a) =

dE(s,a)
dE(s,a)+dY (s,a)’
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which approximates the log-density ratio between expert and union distributions, providing a reward signal
that emphasizes expert-like behaviors.

Training the Critic Network

As described in Section DemoDICE optimizes 7* = argmax, —Dxp,(d™ || d%) — aDky(d™ || dV), yielding
the dual problem with objective L(v;7). The critic ¥ is updated for ¢ = 1,...,T by sampling a batch
B c DY and performing gradient descent:

(B =) nV,,E(V(t_l); r,B), (22)

where the empirical pseudo-value loss is defined as:

i Ay
LY B) = (1 = 9)Eenpu v (s)] + (1 + @) log E(s ) o [exp <<1;(ja))] : (23)

with A, (s,a) == 1(s,a) + YEgwp(fs,0) [PV ()] — D (s).

Optimizing the Policy Network

The policy 7® is updated by minimizing:
Lio(ms v, B) i= ~E(y s | (s,a) -log m(als)] (24)

where w*)(s,a) := exp(A,w (s,a)/(1 + «)). This weighted behavior cloning loss, derived from the density
ratio in Equation , aligns 7® with the expert distribution over T iterations, yielding (7).

B Supporting Lemmas

In this section, we present the useful properties of the DemoDICE algorithm for the convergence analysis in
o4 is the
pseudo reward, the v-induced advantage function A, (s,a) := 7(s,a) + yEgpjs,a)[v(s)] —v(s), p € A(S)
is the initial state distribution, dV € A(S x A) is the underlying occupancy measure of the union dataset,
a > 0 is the KL-regularization coefficient, and A > 0 is the fs-regularization parameter. As described

in Section [2.2] the training loss of DemoDICE is

the sequel. Recall that v : & — R denotes the state-dependent value function, r(s,a) := log

A, (s,a)

L(057) = (1= 9) By ()] + (1 ) 0 By | 0 ( 500, (25)

To simplify the notation, we use L(v) as the shorthand of L(v;r) in the sequel when the context is clear. For
ease of exposition, we assume that both the state and action spaces are finite, and the results can be extended
to continuous spaces with appropriate measure-theoretic adjustments. Let S* := {v* + C' - 1s5|C € R},
where v* is a minimizer of L and 1s is the all-ones vector over S (Kim et al.| [2022, Lemma 2). Denote the
orthogonal complement of the span of S* in RIS as (S*)* and TIg- (v) := arg min,cg- | — y||2, we assume
that L satisfies the quadratic growth on {v|Vv ¢ S*}. i.e., For all v ¢ S* there exist a constant ¢ such that
L) - L* > £|lv — . ()3

Lemma 1 (Properties of the DemoDICE Loss). L satisfies the following properties:

(a) L is convex with respect to v.

(b) L is Ly-smooth, where Ly = (1111)2.

(¢c) VL(v)"1s =0 for all v € RISI,
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Proof. To establish (a), note that the convexity of L with respect to v follows directly from Proposition 2
n (Kim et al.l [2022).

To establish (b), we start by decomposing the loss function as L(v) = L1(v) + La(v), where
Ly(v) := (1 = 7)Esnplv(s)], (26)

Lo(v) i= (14 ) log E(, 4)~qu [exp (Al(ja“)ﬂ . (27)

We can check the Hessian V2L(v). Note that V2L;(v) = 0. As for the Hessian of Lo(v), we first rewrite
Ly(v) = (1 + a)logg(v), where

1B o (B22)] - S e (),

and define h(v) := logg(v). Then, we have V?Ly(v) = (1 + a)V?h(v). To simplify notation, let b =

and rewrite A, (s,a) = r(s,a) + l(s,q)V, Where l(5q) := YP(:|s,a) —es € RISl and e, is the standard basis
vector with 1 at state s. Moreover, define w; o := dY(s,a) > 0 and x5, := b(r(s,a) + l5,4V).

Then, we have

g(V) = Z Ws,q eXP(ﬂfs,a)~ (29)

(s,a)eSxA

For each s,a, we define ps o 1= ws,q€xp(zs,4)/g(v), and {ps.} forms a probability distribution over the
state-action pairs. The Hessian of h(v) can be derived as

T
Zps abs, a (Zps als a> <Zps,als,a> . (30)

=Q

To bound @, we can compute its trace, i.e.,
2

‘l&a”% -

trace(Q) =

< me”ls,a”% < rr817aax Hl&aH%v (31)

9 s,a

where the last inequality follows from that ). p; = 1.

By Cauchy-Schwarz inequality, we have @ = 0, and its largest eigenvalue satisfies Apax(Q) < trace(Q) <
maxs q ||ls.q|[3- This implies that

Q = (max ls7a||%> I (32)

Moreover, we have

lis.all3 = 7P (s, a) — esll3 =+ Y P(s'|s, 0)* — 2yP(s']s,a) + 1. (33)
Since P(s'|s,a) > 0and Y_,, P(s'|s,a) = 1, we have >, P(s'|s,a)? < 1and ||l; 43 <72 14+2v+1 = (1+7)2
This also implies that

1+7VI

2 (
ViLy(v) = T+ a (34)
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Therefore, L is Lg-smooth with Ly = (11122.

To establish (c), we show that the gradient of L is orthogonal to the all-ones vector 1s. Recall the decom-
position L(v) = Ly1(v) + La(v) from the proof of (b):

Li(v)=1—=~)u'v, (35)
Ly(v) = (1 + a)logg(v), (36)

where g(v) =37 1)esxa Ws,a €XP(Zs,a), With x50 = b(r(s,a) +l5qv), and b= 1-%04’ ls,a =vP(|s,a) — es.
Then we have the gradient VL(v) = VLi(v) + VLa(v).
For VL (v), we have

VLi(v)"1ls = (1-y)p'ls =1-7, (37)

Since p is a initial probability distribution.
For VLy(v), we have VLy(v) = (1 + o)< 91) " and inner sum is

gv) ?
Vo) 1 = (14 a)Yd¥) 1s. (38)
9(v)
Then we differentiating g(v) gives 5 (( )) 2 (s.0) Ws,a €XP(Zs,a) ~ b Lsa(s"), and
T . V !
Vy(v) 1s = 81/ ) Z Wg,q €XP(Ts,q) - Z ls,a(s). (39)
s’eS (s,a) s'eS
Since the inner sum s ls.q(s") in Equation is
> lals)=7Y P(s|s,a) — 1=y -1, (40)
s'eS s'eS
where ), s P(s'|s,a) = 1.Therefore,
Vo) 1s = by = 1) > ws 0 exp(asa) = by — 1)g(v). (41)
Substituting back to Equation ,
b(y—1)g(v
Vo) ls = (1 +a) 20 (V))g( )1 (42)
Finally, we have
VL(v)"1s =VLi(v)+ VLy(v) = (1 —7)+ (y = 1) = 0. (43)
The result holds for all v € RIS O

Lemma 2 (Convergence of DemoDICE). Let v® and w® be the sequences generated under DemoDICE,
with |S| < 0o, and learning rate n = 1/Ly. Then:

|w<t><s,a>—w*<s7a>|<cww*<s,a>exp(3||u<0> ) O = (44)

. 2(1+v)\/L
where v* =g« (V) and C,, := %
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Proof. The proof begins by showing the convergence of the visitation distribution »® to the optimum
v* = Mg« (1(?), followed by the convergence of the density ratio w()(s,a) to w*(s,a). Recall that S* :=
{v* +C-15|C € R} denotes the optimal level set of L. The projection Ilg-(-) is taken with respect to the
{5-norm onto this affine subspace. Without loss of generality, we assume v(*) satisfies v(°) ¢ S*. We start
by establishing the convergence bound for ||v® — v*||2.

Since we assume L is quadratic growth on {v | Vv ¢ S*} in the beginning of this section, and gradient descent
with step size = 1/Ly. By the result of Lemma [Ifc), we have

- (v™) = Oge (V) =v*, Yk >0. (45)
Therefore, there exist a constant ¢ > 0 such that for all ¢ > 0
L") = L") = S — s () 3 = S v — v, (46)

Moreover, applying the result of (Bubeck et al., [2015, Theorem 3.3)

2L 0) _ %2
L(l/(t)) _ L(l/*) S f”l/ - v HQ7 (47)
we have
2 4Ly O —v¥|3
() _ %12 <« 2 )y _ N PP A | LG | P
W0 — 3 < 2 (26/9) ~ L)) < = 2, (45)

which proves the first part.

Next, we establish the convergence of the density ratio w® (s, a) to w*(s,a). Their difference can be written
as
A AV* )
w® (s,a) — w*(s,a) = exp (W) — exp (1_5_507)) . (49)

Applying the Mean Value Theorem to the function F'(x) := exp (1-&-%)7 for each (s, a) there exists £ (s, a) =
0 A, 0 (s,a) + (1 — D) A, (s,a) for some A € [0,1] such that
A ®) Ay — A,
exp (Au(”(sva')) — exp ( (Saa)> = exp (§ (S,CL)) . 1/()(87a) (S,Cl). (50)

1+« 1+« 1+« 1+«

Using w*(s,a) = exp (A,+(s,a)/(1 + a)), we have

(51)

®)(s,a) — Ay (s,a Lo (s,a) — Ay (s,a
w(t)(s,a)—w*(s,a)—w*(s,a)~exp<§ (5,0) = Av )).A”( ) = A (s,0),

1+« 1+«

To bound the difference |A, ) (s, a) — Ay« (s,a)| in Equation (51)):

Ay (s,0) = A (s,0)| = |y D T(s' s, @) (D (s') = v (') = (D (s) = 17 (s))

< (y+ 1) max 9 (s) — 7 (s)].

(52)
With the finite state space |S| < oo and the established convergence of ||v(Y) — v*||2, we have
4L 2y/Ly |[v© —v*
max pO(3) ~ ()] < 00 o7l < ([0 - pegg = VDV
: ot N
Therefore,
2(1+)/Ly || — p*
Ay (5,0) = Ape(s,0)] < 2L DVES WD — 172 (54)
Ve e
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©) A . . . .
Next, we bound the exponential term exp (%—2@@) in Equation . Since §(t)(s, a) is a convex

combination of A, (s,a) and A,«(s,a), we have

2(1 /Ly |[p© — p*
lg(t)(saa) - AV* (8,0,)‘ : ‘Au(t)(saa) - AV* (Saa)| < ( +7) ! ”V - H2
C

7 A (55)

where the last inequality follows from Equation .

Consequently,

f(t)(s, a) — Ay« (s,a) 2(1+ ry)\/ff HV(O) T
eXP( 1+ a ) Sexp( Jel +a) 7 ) (56)

Substituting these bounds into Equation (51)), we have

w*(s,a (@ — ¥y
|w(t)(s,a) _ w*(s,a)| S 2 ( \/E)((lljg))\/ff exp (2(\1/6_2171\2? ” \/E H ) %HV(O) _ V*HQ (57)

* Cw * ]‘ *
— o (sca)esp (S0 -] SO <7 (59

2004/ Ly
where Cy, := ~Velita)

C Convergence of AdaptDICE with Weighting Factor ((t)

In this section, we analyze the convergence of the AdaptDICE algorithm. Recall the definitions in Section[3.2]
the cross-domain density ratio is given by w((;fgjss(s,a) = B(t)wsre(GD(5), HD (s,a)) + (1 — ﬂ(t))wt(?r(s, a),
which combines a pre-trained source-domain density ratio and a target-domain density ratio through the
weighting factor B(t), where S(¢) : N — [0,1] denotes a weighting factor that balances the contributions
from the source and target domains. Where the mapping functions G, H are optimized to minimize the
cross-domain loss Lyap Equation .

We further define the source and target domain error terms as follows:
Awlfl(s,a) = [wae (G (5), HO (s,0) = wip(s.0)l, Awgh(s,a) = [wigh(s,a) — wiy(s,a)l,  (59)

and

t *
wil) (s,a) — wiy(s,a)],

(60)

were (GO (5), HO (5,0)) — wiy(s,a)], A0 = E(s 0oy,

tar

Aw(t) = ]E(Sva)NDtar

src

To analyze convergence, we adopt the notations and assumptions from Section [B] and define the optimal
solution set of viar as Sp,, = {1, + C - 1s,,, |C € R} and orthogonal projection in target domain Ilg; :=
argmingess |[Viar — yll2-

Theorem 1 (Upper Bound of Cross-Domain Density Ratio Error in AdaptDICE). Under AdaptDICE, with
learning rate n < 1/Ly, for each (s, a), the cross-domain density ratio error is bounded as follows:

0) _ %
0805, 0) = w5, 0)] < B AW (s,0) + (1 = 5(6) [cww;zr(s, e (S - il ”ﬁ”] ,

(61)

. 0 .
where Ly is smoothness constant of Lpick, Vi, = lls: _(Vt(GZ), and Cy, s a constant.

By selecting B(t) as

0, if Awl) < Al
B(t) = ;
1, otherwise
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the expected cross-domain density ratio error satisfies
E ® — w} < min(Aa(), Aw') 62
(S7a)NDmr|wcmss(Sva) Wiar(s,a)| < min(Awgg, wtar)' (62)
Proof. The cross-domain density ratio error is bounded using the triangle inequality:

[{hes(5,0) = wiar(5,0)] < BE)were( GO (5), HO (s, a)) = wiyy (s, )] + (1 = B)) [wiy (5, @) = wi (s, )

(63)
= B(H) AW (s.a) + (1 = A1) Aw()(s.a). (64)
For the second term in Equation , we bound Awg)r(s, a). It follows from Lemma [2| that:
(6, = i, < Contuls@)oxp (D ~ il ) D vl (69)
Vil Vi

_ 204 VELs
where C’LU = W

We then combine the bounds using 8(t). Substitute Equation into Equation :

o)

* Coi 0w I vile
Cutoion (5. @) oxp (;;nusaz - |) W il |

(66)

|w((:2>ss(s7 a) - w:ar(s’ a)| Sﬁ(t) : Awgg(&a) + (1 - ﬂ(t)) :

Having established the pointwise convergence bounds for both A > 0 and A = 0, we next show that the
wgzjss(s,a) —wi,,(s,a)] < min(Au_Jg();,Awt(;l). Taking the expectation

expected error satisfies E(, 4)~p,,,
over Equation , we have

Eosa)Dear |[080ns(5:0) = 0ine (5, 0)]] < By, [B0OB0E (5,0) + (1= B@)Awln(s,0)] . (67)
By linearity of expectation, this becomes:
Bt)E (s aympy [AWE (5, 0)] + (1 = B1)E (s )p,., [Awia (s, a)] = BHABLE) + (1 — B(t)Awisy.  (68)

Choosing 5(t) = ]I[Au’}s(ﬁ.)3 < Au?(t)}, we obtain:

tar

o If Ai}s(ﬁz > Awé;)r, then B(t) = 0, and the expected error is Aal) = min(Awgg, Aﬁ)t(?r)

tar

o If A’LTJS(Q; < Ao then B(t) = 1, and the expected error is Awéﬁi = min(Awéfg, Au’;t(;)r)

tar’

wgz)ss(s, a) —wi,, (s,a)| < min(Aﬁigg, Azi)t(;)r)

Thus, the expected error satisfies E(, 4)~p,..

Furthermore, when Aﬂ)gf% < PN selecting B(t) = 1 yields an expected error bound of A@éﬁz, which is

tar»
smaller than Awt(;)r, the error obtained by training solely in the target domain with DemoDICE. This implies

a faster convergence rate for AdaptDICE in such cases.

O
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D Detailed Experimental Setup

D.1 Settings of Evaluation Environments

To evaluate our proposed AdaptDICE framework, we conduct experiments in MuJoCo (Todorov et al.,[2012)
and Robosuite (Zhu et al., |2020), two physics-based simulation frameworks widely used for reinforcement
and imitation learning. MuJoCo offers locomotion tasks with realistic dynamics, while Robosuite provides
robotic manipulation tasks, together serving as complementary benchmarks for testing offline cross-domain
imitation learning (CDIL) algorithms.

To systematically examine AdaptDICE under varied cross-domain discrepancies, we design source—target
environment pairs that differ in morphology, observation space, and control dimensionality, while maintain-
ing identical task objectives. For MuJoCo tasks, the domain gap is introduced by modifying the agent’s
embodiment (e.g., adding legs or joints), which alters both the dynamics and state-action representations
(following the procedures described in (Zhang et al.,[2021))). For Robosuite tasks, we evaluate transfer across
robot arms (Panda — URBe) performing identical manipulation tasks, introducing embodiment and kine-
matic mismatches while keeping object configurations and goals consistent. This ensures that performance
differences arise from cross-domain transfer capability rather than task definition. The corresponding state
and action dimensions of each source-target pair are summarized in Table

Table 5: State and action dimensions of the source and target domains.

Environment Source Target
State/Action State/Action
Hopper 11/3 13/4
HalfCheetah 17 /6 23/ 9
Ant 27/ 8 31 /10
BlockLifting 42 / 8 a7 /7
DoorOpening 46 / 8 51 /7
TableWiping 37 /)7 34 /6

Below, we present the source—target environment pairs used in our experiments. For each task, the left image
shows the source domain, and the right image shows the corresponding target domain.

e Hopper and Three-Thigh Hopper:

e Ant and Five-Leg Ant:

e HalfCheetah and Three-Leg HalfCheetah:
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¢ Panda and URS5e BlockLifting;:

SN
e Panda and URS5e DoorOpening:

7/

D.2 Dataset Configuration of Each Experiment

Table [6] summarizes the target-domain dataset configurations used in our experiments. Each dataset is
constructed by mixing a small number of expert trajectories with a larger set of sub-optimal trajectories,
which consist of expert demonstrations and purely random rollouts. We categorize the datasets based on
either the proportion of expert versus sub-optimal trajectories (Default, Expert Rich, Sub-Optimal Rich)
or the overall scale of available data (Data Rich). For all experiments, we used the same dataset setting of
source domain, as describe in Table [7]

Table 6: Configurations (including Data Rich) of the target-domain dataset in various scenarios.

Environment Dataset Set Expert Traj. Sub-optimal Traj. Sub-optimal Composition
Hopper/TableWiping Default 1 60 10 expert + 50 random
Others * 1 101 1 expert 4+ 100 random
Expert Rich 5 101 1 expert + 100 random
All Sub-Optimal Rich 1 505 5 expert 4+ 500 random
Data Rich 10 800 400 expert + 400 random

* Others includes Ant, HalfCheetah, BlockLifting, and DoorOpening.

Table 7: Configuration of the source-domain dataset.

Expert Traj. Sub-optimal Traj. Sub-optimal Composition
400 2000 400 expert + 1600 random
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Regarding the acquisition of expert demonstrations, in addition to the official MuJoCo .hdf5 datasets
provided by D4RL 2020), the remaining expert datasets were generated by training policies
with Soft Actor-Critic (SAC) (Haarnoja et al| |2018). Specifically, we train an SAC agent until it reaches
expert-level performance, and then use the trained policy to collect expert trajectories.

D.3 Training Curves of Experiments

We provide the training curves of evaluation and ablation study in Section [

Evluation Results.

Hopper 5000 Ant HalfCheetah
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|~ AdaptDICE  —— SMODICE GWIL  —=— IGDF+IQ-Learn |

Figure 3: Training curves of AdaptDICE and the baseline methods in the Default setting: (a)-(c) MuJoCo
locomotion tasks; (d)-(f) Robot arm manipulation tasks in Robosuite.

Ablation Study.

Ant HalfCheetah BlockLifting DoorOpening
500 8000 7 175
4000 60 150
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23500 50000 550 S125
& & & &
@ 3000 ® 40 5 100
8 Faooo § 8
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Figure 4: Ablation study: Training curves of the full AdaptDICE and its two ablation variants (i.e., using
only wWgpe OF Way)-
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D.4 Effect of Dataset Configurations on Other Baseline Methods

In the main text, we presented the analysis of AdaptDICE under varying dataset configurations, highlighting
that both Expert Rich and Sub-Optimal Rich regimes improve performance compared to the Default. To
assess whether other baseline methods (SMODICE, GWIL, and IGDF+IQLearn) also benefit from increased
data quantities, we conduct a similar experiments for these algorithms, using the Data Rich configurations
outlined in Table

Hopper HalfCheetah BlockLifting DoorOpening
120
2500 8000 200
100
Szooo g 6000 S ” 5150
& € 4000 & &
21500 o () v
E § E 60 Ewo
21000 g 2000 //\/\/\,/’w N i
& & & g so
500 20
o -2000 o 0
10 20 30 5 10 20 30 5 10 20 30 40 5 10 20 30 40 5
Training Steps (x10%) Training Steps (x10%) Training Steps (x10%) Training Steps (x10%)
(a) Hopper (b) HalfCheetah (c) BlockLifting (d) DoorOpening
[f Default —— Data—Rich]
Figure 5: Effect of dataset configurations under SMODICE.
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Figure 6: Effect of dataset configurations under GWIL.
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Figure 7: Effect of dataset configurations under IGDF+I1Q-Learn.

The training curves in Figures [f] to [7} as well as those final performance values in Table [§] and Table 9]
illustrate the impact of increased dataset sizes on the performance of SMODICE, GWIL, and IGDF+IQ-
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Learn across the evaluated environments. Compared to the Default settings, SMODICE and IGDF+IQ-
Learn exhibit consistent performance improvements under the Data Rich settings. In contrast, GWIL shows
limited improvement under Data Rich settings, with consistently poor performance across all environments.
This can be attributed to GWIL’s reliance on online learning and its unsupervised Cross-Domain Imitation
Learning (CDIL) assumption of isomorphic state-action spaces. The isomorphic assumption often fails in
diverse environments with varying dynamics, leading to poor generalization. Moreover, GWIL’s online
learning nature limits its ability to effectively utilize larger offline datasets, as it struggles to adapt to
increased data variety without explicit supervision or alignment with target domain dynamics.

These results highlight that methods like SMODICE and IGDF+IQ-Learn, which are designed to handle
offline data efficiently, benefit significantly from increased dataset sizes, while GWIL’s performance is con-
strained by its methodological assumptions and online learning requirements.

Table 8: Experimental results of other baseline methods in Data Rich setting.

Environment ‘ SMODICE GWIL IGDF+IQLearn
Hopper 1996.0 £ 219.1 6.4+6.1 466.3 + 153.3
HalfCheetah 2718.7 £ 5468.2 —T13.8£307.8 8184.5 £ 2083.3
BlockLifting 47.3 +£32.2 0.5+£0.1 71.5+£15.3
DoorOpening 184.0 £ 16.6 2.1+£0.3 162.8 + 33.6

Table 9: Experimental results of other baseline methods in Default setting.

Environment ‘ SMODICE GWIL IGDF+IQLearn
Hopper 2046.6 + 53.3 9.8 £0.03 286.6 £+ 78.6
HalfCheetah —15.1+£42.5 —800.7+228.8 2179.5+2422.1
BlockLifting 0.8£0.6 0.01 £ 0.001 73+54
DoorOpening 9.6 £ 14.6 34.5+46.0 70.0 £ 52.8

D.5 Computational Resources and Hyperparameters

All experiments were conducted on a high-performance computing cluster. The training jobs were executed
on a server equipped with an Intel Xeon Gold 6154 CPU (3.0 GHz, 36 cores) and eight NVIDIA Tesla V100
GPUs, each with 32 GB of memory. The software environment was based on CUDA version 12.9 to ensure
compatibility with the GPU architecture. This computational setup provided sufficient resources to support
large-batch training and efficient parallelization across multiple GPUs, which was essential for handling the
complexity of our experiments.

Table 10: Hyperparameters used in our experiments.

Component Setting

Policy hidden dim (256, 256)

Critic hidden dim (256, 256)

Cost hidden dim (256, 256)

Batch size 512

Optimizer Adam

Learning rate {3x107%, 1 x 1074}
Gradient penalty coeffs (0.1, 1x10™4)

Actor L2 penalty 1x1072

Mapping networks (decoder / action decoder) (256, 256), Adam, 3x10~*
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D.6 Implementations of Each Baselines

In this subsection, we provide the detailed implementation of the baseline methods considered in our exper-
iments as follows:

DemoDICE. DemoDICE (Kim et all 2022)) is an offline imitation learning algorithm that directly opti-
mizes a density ratio estimator to recover the pseudo reward function. It has been shown to be effective
in settings with limited demonstrations by exploiting unlabeled trajectories. We used the official PyTorch
implementation from https://github.com/geon-hyeong/imitation-dicel

SMODICE. SMODICE (Ma et all|2022)) is an offline imitation learning algorithm that performs state-
occupancy matching via distribution correction estimation, suitable for cross-domain transfers. We used the
official PyTorch implementation from https://github.com/JasonMa2016/SMODICE. To adapt SMODICE
for our CDIL experiments, we trained the discriminator using expert observations from source domain and
offline dataset from target domain to estimate state occupancy distributions. The policy was trained using
target domain imperfect demonstrations, as these provide diverse behavior for robust learning. Contrary to
the original paper’s assumption of identical state-action spaces, we applied zero-padding or truncation to
align state-action vectors and ensure dimensional consistency.

GWIL. GWIL (Fickinger et al |2022) is a cross-domain imitation learning method that employs Gromov-
Wasserstein optimal transport to align behavioral distributions between source (expert) and target (learner)
domains, enabling transfer without requiring paired data or dimension matching. We used the official Py-
Torch implementation from https://github.com/facebookresearch/gwil. Originally designed for online
settings, we adapted GWIL to offline CDIL by replacing the online replay buffer with an offline dataset of
imperfect demonstrations. Consistent with the original paper, which uses only 1 source demonstration for
training, we also employed 1 source domain expert trajectory in our experiments

IGDF+1Q-Learn. IGDF (Wen et al.| [2024) is a cross-domain offline reinforcement learning method that
uses contrastive learning to learn invariant state-action representations for data filtering across domains. We
adapted it to offline imitation learning (IL) by integrating IQ-Learn (Garg et al., 2021)), which optimizes poli-
cies directly from demonstrations without adversarial training. We used the official PyTorch implementations
from https://github.com/BattleWen/IGDF (IGDF) and https://github.com/Div-Infinity/IQ-Learn
(IQ-Learn). In the encoder phase, we trained a contrastive encoder using imperfect demonstrations from
both source and target domains.In the IL phase, we filtered high-quality source domain expert trajectories
(& = 0.5, selecting the top-50% based on representation similarity) and used target domain expert demon-
strations to train the policy via IQ-Learn. Despite the paper’s assumption of identical state-action spaces,
we applied zero-padding and truncation to align dimensions.
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