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Abstract. Sim-to-real transfer remains a major obstacle for reinforce-
ment learning (RL), especially for vision-based control where image ob-
servations exacerbate the state-distribution shift between simulation and
the real world. Domain adaptation (DA) is a promising remedy for this
challenge. Prior sim-to-real DA works have demonstrated encouraging
results, yet these approaches typically assume substantially more target
data, which is not available in practice. Indeed, their performance de-
grades significantly when the target data budget is reduced. To address
this challenge, we propose AIDA (Adaptive Imagination for Domain
Adaptation), a domain adaptation framework for visual reinforcement
learning that addresses sim-to-real transfer under scarce target data
without requiring additional interaction with the target environment.
Our key idea is adaptive imagination: generating reliable and semantic
imagination rollouts to augment limited target data. Specifically, AIDA
employs a distribution-shift-aware discriminator that truncates rollouts
when imagined transitions drift into low-confidence regions, so that only
reliable transitions contribute to the augmentation. On these reliable
transitions, AIDA introduces a self-consistency loss that cycles through
state — image observation — state, penalizing discrepancies between
the original and reconstructed states. This provides additional adap-
tation signals beyond the scarce target data. Our experiments demon-
strate that adaptive imagination effectively truncates unreliable rollouts.
By enforcing a self-consistency loss on the resulting reliable transitions,
AIDA learns semantically meaningful state representations and outper-
forms baselines across five MuJoCo tasks and two Gymnasium-Robotics
tasks.

1 Introduction

Deep reinforcement learning (RL) has achieved remarkable success in simulation,
enabling agents to master complex control tasks from raw sensory inputs [1,12].
However, deploying these learned policies in the real world remains a fundamen-
tal challenge: discrepancies between simulation and reality—known as the sim-
to-real gap—often cause dramatic performance degradation [24]. This gap can
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be broadly attributed to two factors: dynamics mismatch and state-distribution
shift. In particular, for vision-based RL policies, state-distribution shift often
plays a larger role. This is because pixel observations are high-dimensional and
highly sensitive to changes in appearance and sensing conditions, which exac-
erbates the sim-to-real gap. In this work, we focus on mitigating this state-
distribution shift for vision-based RL policies.

To cope with such distribution shifts, three families of methods are com-
monly used: domain randomization (DR), domain generalization (DG), and do-
main adaptation (DA). DR [9}/10}/15,/18] augments the simulator to train a single
robust policy, hoping that the resulting variability covers factors of variation in
the target environment. However, when the test domain is truly unknown or the
shift is large, such coverage cannot be guaranteed. DG [3[/7)21] aims to learn poli-
cies that transfer to previously unseen test environments without target-domain
supervision, typically by encouraging domain-agnostic representations and in-
variances (e.g., via attention/invariance objectives or augmentation-consistent
regularization) rather than explicitly matching to a specific target domain. How-
ever, because the test domain is unknown by design, there is no guarantee that
the training sources or augmentations capture the true factors of variation en-
countered at deployment; consequently, when the domain gap is large or in-
cludes unmodeled shifts, DG performance may degrade substantially—revealing
a fundamental limitation of methods that must anticipate the target distribution
without ever observing it [21].

DA |2,[6/16,/20] is a promising alternative that directly leverages target-
domain data to adapt to the specific target environment. This requires access to
target data, but in return enables specialization to the particular deployment set-
ting, even when the underlying causes of the shift are unknown at training time.
Prior DA methods have indeed demonstrated superior performance over DR and
DG 6L/20]. Nevertheless, they typically assume access to sufficient target data,
and their performance degrades significantly when this budget is reduced |2}/13].
Moreover, most prior DA methods adopt an image-to-image setting |6},/16,[20],
which requires training RL agents in image-based simulation—a process that
is usually harder [11,[23] and can slow down RL by up to 20x [22]|. These two
practical constraints remain underexplored despite their practical relevance.

To address these challenges, we propose AIDA (Adaptive Imagination for
Domain Adaptation), a DA framework for visual RL that operates under scarce
target data without additional target interaction. Our key idea is adaptive imag-
ination: augmenting limited target data with reliable imagination rollouts ob-
tained via discriminator-gated truncation, and optimizing a self-consistency ob-
jective on these rollouts to learn semantically meaningful representations. Specifi-
cally, AIDA adopts a cross-modality setting (sim-state — real-image) that avoids
the overhead of image-based RL training. A learned dynamics model produces
policy-conditioned rollouts starting from target-inferred states, augmenting the
limited target data with synthetic transitions. However, longer rollouts accu-
mulate model error and drift from the target manifold. Therefore, a three-way
discriminator assesses each imagined transition and truncates the rollout when
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confidence drops, so that only reliable, target-aligned transitions contribute to
training. This adaptive truncation is critical, as imagination reliability varies
across both tasks and individual states, making any fixed imagination horizon
suboptimal. On the resulting reliable transitions, we introduce a self-consistency
loss that enforces a state — image — state cycle on discriminator-gated imagina-
tion rollouts. Unlike prior cycle objectives limited to short, data-supported pre-
dictions, our self-consistency loss extends cycle supervision to multi-step, policy-
conditioned imagination rollouts, extracting additional training signal specifi-
cally from states the agent is likely to visit and thereby promoting semantically
meaningful state representations.

We evaluate AIDA across five MuJoCo tasks and two Gymnasium-Robotics
tasks with scarce pre-collected target data, where it consistently outperforms
baselines, demonstrating its effectiveness in practically important yet challenging
regime. Our contributions are:

(i) AIDA A novel paradigm that augments limited target data with reliable
synthetic transitions and leverages self-consistency to learn semantically
meaningful representations.

(ii) Discriminator-gated imagination. A mechanism for generating only re-
liable imagined transitions by dynamically truncating imagination rollouts
based on the discriminator’s domain classification signal.

(iii) Self-consistency via imagination-augmented data. A scheme that learns
semantically meaningful representations by enforcing a self-consistency loss
on synthetic policy-conditioned imagination rollouts, providing additional
supervision under limited target data.

(iv) Experimental evaluation. Comprehensive experiments across five Mu-
JoCo tasks and two Gymnasium-Robotics tasks demonstrate that imagined
transitions progressively become unreliable as the rollout horizon grows and
that discriminator-gated truncation yields higher returns than any fixed-
horizon alternative, enabling AIDA to consistently outperform baseline DA
methods in the low-data regime.

2 Related Work

Bridging the sim-to-real gap has been a longstanding challenge in RL, and a
number of approaches have been proposed to address the shift in state distri-
butions between source and target domains. Broadly, these methods fall into
three categories: domain randomization (DR), domain generalization (DG), and
domain adaptation (DA).

Domain Randomization (DR). DR trains an agent in simulation under
a wide range of environment parameters—such as textures, lighting, camera
poses, and object appearances—with the goal that such visual variations will
cover the target-domain state distribution. In vision-based settings, this typi-
cally involves randomizing camera poses, lighting conditions, object placements,
textures (including non-realistic ones), and backgrounds [9}/10,[15,/18|. The re-
sulting randomized images can be fed directly to the agent for policy learning,



4 H. Park and S. Lee

or first passed through an image-translation generator to produce more realistic
observations before being used for training.

However, DR often requires generating a large number of variants to encour-
age the policy to learn invariant representations, which makes training computa-
tionally expensive. More importantly, the randomization space (i.e., which fac-
tors to vary and their ranges) is manually specified by the practitioner; therefore,
target domains may contain additional, unforeseen factors that are not included
in the chosen variants. As a result, the assumed variants may fail to fully cover
the target-domain distribution, leading to degraded transfer performance |[6].

Domain Generalization (DG). While DR broadens the training distribu-
tion by randomizing simulator parameters to cover a particular target domain,
DG assumes no target-domain data at training time and seeks to generalize
to unseen domains by learning domain-invariant representations from diverse
sources/augmentations. In vision-based RL, DG is commonly implemented by
shaping the visual representation to be insensitive to appearance changes—for
example, through visual augmentations |7], representation-level consistency and
foreground extraction [21], or feature factorization/reconstruction objectives [3].
However, because the test domain is unknown, there is no guarantee that the
training sources/augmentations capture the true factors of variation encoun-
tered at deployment; consequently, when the domain gap is large or includes
unmodeled shifts, DG performance may degrade substantially.

Domain Adaptation (DA). Unlike DR and DG, DA assumes access to
a target environment and adapts a source-trained policy to the target domain
before deployment or at test time [2L[6|16L[20]. Because the adaptation is driven
by target-domain data, DA can reduce the source—target shift even when the
primary factors behind the domain gap are unknown, focusing updates on dis-
crepancies that are actually observed in the target domain.

Concretely, a common design is to adapt what the policy sees (i.e., the obser-
vation/feature representation) so that source and target become consistent, or
to adapt the policy itself using target-domain experience. For example, PAD |[6]
performs test-time adaptation by updating the visual encoder with an inverse-
dynamics self-supervised objective, while CODAS |[2| uses a GAN-based map-
ping to align target visual observations with source-side privileged information.
PRFT |20] instead adapts the policy during deployment by fine-tuning with pre-
dicted rewards computed in the target domain, enabling reward-free adaptation.
Sun et al. [16] transfer source-trained latent transition and reward models as fixed
regularizers to guide representation learning in the target domain, effectively en-
couraging target features to be compatible with source dynamics priors. Despite
their effectiveness, these methods typically assume access to substantial target
data, which is often impractical in real-world deployment where data collection
is costly and limited. In contrast, our work explicitly targets the scarce-data
regime, which remains underexplored despite its practical importance.
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3 Preliminaries

3.1 Markov Decision Process.

We consider a Markov Decision Process defined by a tuple (S, A, p,r,7), where
S is the state space, A is the action space, p(s’ | s,a) is the transition dynamics,
r(s,a) is the reward function, and v € (0, 1) is the discount factor. The goal of
RL is to learn a policy 7(a | s) that maximizes the expected cumulative return

E [ZtT:o 'ytr(st,at)] In visual RL, the agent does not observe the underlying

state s directly; instead, it receives a high-dimensional image observation o € O,
and must learn to act from pixels.

A dynamics model f, : S x A — S is a parameterized approximation of the
transition dynamics p(s’ | s,a). Given a state s; and action a;, it predicts the
next state S;41 = f,(st, ar). We learn w by minimizing a one-step prediction loss
such as Lym = E(s,a,s’)wp(s’\s,a) |:||fw(57a) - 5,”3] . By repeatedly applying f.
under a policy 7, the agent generates multi-step rollouts S;41, S¢y2, ... entirely
in state space without interacting with the environment—a process referred to
as imagination [5,[17]. Since the dynamics model is an approximation, prediction
error accumulates over successive steps, making longer rollouts less reliable.

3.2 Domain Adaptation in RL as Variational Inference.

When the source domain provides low-dimensional states while the target do-
main provides image observations, a mapping function must project target ob-
servations into the source state space to enable policy transfer. We build on the
trajectory-level variational inference framework of 2| for aligning inferred and
source state distributions. This framework models a generation process via an
auto-regressive observation model pg(o; | §¢,0:—1) that renders target observa-
tions from inferred states $; and the previous observation o;_1, and an inference
process via a mapping function g4(s; | $i—1,air—1,0;) that infers a mapped state
St by combining the previous inferred state $;_;, the previous action a;_1, and
the target observation o;. Applying step-wise inference over a full trajectory
defines a variational posterior g,(7° | 7°) over the source state-action trajec-
tory 7° = {(s1,a1),...,(s7,ar)} given the target observation—action trajectory
7° ={(01,a1),...,(or,ar)}. The resulting ELBO is:

max Ero|Eseng, (rs(o) [10g20(7° | )] = Dici(as(r | 7°) || p(7*)) |,
where 7° denotes an inferred state-action trajectory sampled from g4, the first
term is a reconstruction loss L,econ enforcing visual consistency, and the second
term aligns the inferred trajectory distribution with the source prior. Since the
KL term is intractable, it is approximated with the adversarial loss [14]: a binary
discriminator D,, distinguishes source trajectories from inferred ones, while g
acts as the generator. We denote this loss as L,qv:

m(;n max Eronp,, 108 Dy(7%)] + Eronp,,,, #2may (o) [l0g (1 — Dy (7%))] . (1)



6 H. Park and S. Lee

Stage 1: Source-Domain Learning Stage 2: Target-Domain Adaptation
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Fig.1: Overview of AIDA. The framework proceeds in two stages. Stage 1
(source-domain learning): the agent interacts with the source environment to train
a dynamics/world model f,, and a policy m via dynamics learning and reinforcement
learning. Stage 2 (target-domain adaptation): given scarce target image trajec-
tories Digt, we freeze f,, and 7 and generate reliable, adaptively truncated imagined
trajectories Dimg. A mapping function g, and an observation model py are then opti-
mized with a trajectory alignment loss Laiign and a self-consistency loss Lqc (state —
image — state) to learn target-aligned imagination under limited target data.

Together with the reconstruction loss, this defines the trajectory alignment loss
Latign = Lrecon + ®Ladv, Where o controls the relative weight of the adversar-
ial alignment term. Trajectory-level alignment is essential because state-level
matching alone is ill-posed: a target observation may be mapped to an incorrect
but plausible source state that is indistinguishable without sequential context.

4 Method

AIDA operates in two stages. In the first stage, a state-based policy m and
a dynamics model f, are trained in the source domain with full environment
access. In the second stage, given only a small pre-collected dataset of target-
domain image trajectories Dy, AIDA adapts the source-trained policy to the
target domain without any additional target interaction. The adaptation builds
on the trajectory alignment framework described in Sec. [3] optimizing the tra-
jectory alignment loss. However, the core challenge is that scarce target data
provides insufficient coverage for alignment. AIDA addresses this through adap-
tive imagination: a learned dynamics model generates synthetic rollouts from
target-inferred states, a three-way discriminator truncates these rollouts when
they drift from the target manifold, and a self-consistency loss on the result-
ing reliable transitions provides additional supervision for learning semantically
meaningful representations. Our overall workflow is summarized in Fig. [I We
begin by formally defining the problem setting (Sec. , then describe each



AIDA 7

component in detail. Additional implementation details are provided in the sup-
plementary material.

4.1 Problem Formulation

We consider domain adaptation for visual RL between a source and a target
domain. We distinguish the underlying state s € S, which specifies the physical
configuration of the system, from the observation received by the agent. Follow-
ing common sim-to-real DA formulations [2,|6/16], we assume that the source
and target share the same state space S, action space A, transition dynamics,
and reward function, but differ in their observation spaces.

A straightforward approach to sim-to-real visual adaptation is image-to-
image adaptation, which encodes source and target observations into a shared
latent feature space and aligns the resulting representations so that a policy
trained on the aligned features can transfer across domains [6}(16}20]. However,
visual-based RL is notorious for unstable training [11,[23] and expensive com-
putation [22], making image-to-image approaches impractical when interaction
and computation budgets are limited. Moreover, most existing domain adapta-
tion methods assume access to a large amount of target-domain data [2], which
is often unrealistic since collecting real-world data is far more costly than gen-
erating simulated data.

In this work, we consider a challenging setting that addresses both of these
limitations. First, we adopt a cross-modality problem setting. The policy is
trained in the source domain using low-dimensional simulator states s € S, while
the target domain provides only high-dimensional image observations o € O.
Simulators typically provide privileged access to the full state, which enables
substantially more efficient policy learning. However, this design turns deploy-
ment into a cross-modality transfer problem (sim(state) — real(image)) and en-
larges the domain gap compared to image-to-image adaptation, since the policy
must operate from a different sensing modality at test time. Second, we consider
a scarce target data regime. Only a small number of target-domain trajectories
are available, and no additional target interaction is permitted during adapta-
tion. This makes the adaptation problem substantially harder, as the alignment
module must generalize from minimal target samples.

Consequently, domain adaptation in our setting reduces to learning an image-
to-state mapping g4: O — S from scarce target data, projecting target observa-
tions into the source state space and enabling direct deployment of the source
policy in the target domain as 7(gg(0)). The target dataset Dyy for training gy
consists of trajectories of image observations paired with executed actions, e.g.,
tuples (o¢, at, 0141), and contains no privileged target states.

4.2 Discriminator-Gated Imagination

When target data is scarce, the alignment objective in Eq. alone provides
insufficient supervision. To obtain additional training signal, we leverage the
learned dynamics model to generate imagination rollouts from target-inferred
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states, synthesizing auxiliary transitions beyond the limited target dataset. A
key question, however, is how long to roll out. If the rollout horizon is too long,
imagined transitions drift into regions unsupported by target data, where the
mapping is unreliable. Additionally, the dynamics model accumulates prediction
error over successive steps, further degrading rollout quality. If it is too short,
too few synthetic transitions are generated to supplement the scarce target data.
Therefore, effective adaptation requires choosing an imagination horizon that is
long enough to provide useful supervision while remaining within regions where
the imagined transitions are reliable.

To address this, we introduce a three-way discriminator D, (distinct from the
binary alignment discriminator D,, in Sec. trained to classify transitions as
(1) target-inferred, (ii) source, or (iii) imagined. Since the discriminator is trained
on real target transitions, it assigns high target-likeness scores to imagined tran-
sitions that resemble the target data and low scores to those that have drifted
away, making its output a natural indicator of rollout reliability. We use this
score as an online confidence signal to adaptively truncate rollouts, continuing
while the score remains high and stopping when it drops, so that only reliable
transitions contribute to training. The three-way formulation is important be-
cause a binary source-vs-target discriminator scores transitions that drift outside
the support of both domains ambiguously (often near 0.5), which may be mistak-
enly interpreted as “moderately target-like” even though they are unlike either
distribution. Introducing an explicit imagined class allows the discriminator to
recognize such out-of-support rollouts as imagined/O0OD rather than assigning
a misleading intermediate probability.

Utilizing the three-way discriminator as an online confidence signal, we now
describe how imagination rollouts are generated and adaptively truncated during
training. Given a target-initialized state §; ~ gy(s¢ | $i—1, at—1,0¢), we roll out
imagined states S¢41, S¢42, . .. using the dynamics model under the frozen policy
7. Let begt(ac) £ Py (y = target-inferred | z) denote the discriminator’s predicted

probability of the target-inferred class. At each step, we use Dfpgt(-) as a target-
likeness score and define the adaptive rollout horizon as the first step at which
this score falls below a threshold 6 € (0, 1), limited to a maximum horizon Kyax,

K* = min (min {k >0 ‘ th(gwk, Qpiky Seyht1) < 5}7 Kmax) , (2)

so that imagination proceeds for steps £ =0,1,..., K* — 1. A higher begt indi-
cates that the rollout remains within the target-aligned manifold, whereas a low
score signals drift into a low-confidence region where self-consistency training
would be counterproductive.

Discriminator-gated imagination offers more than simply finding an appro-
priate rollout length, because the truncation decision is made per-state rather
than globally. This is crucial since each state from which imagination begins
leads to a different rollout trajectory, and the maximum length of reliable imag-
ination varies accordingly. In practice, we observe that the rollout horizon varies
significantly depending on the state (see , confirming that a single fixed
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K cannot capture this per-state variability, and that the adaptive scheme con-
sistently outperforms all fixed-horizon alternatives (see [5.2.Q3]).

4.3 Self-Consistency via Imagination-Augmented Data

Here we describe how to fully leverage the reliable imagined transitions obtained
from discriminator-gated truncation. Our key idea is to impose a self-consistency
constraint on these imagined transitions, requiring that a state decoded into an
image and re-inferred should recover the original. This cycle-consistency idea
has been explored in latent space [8[25], but only on real data points. Our
formulation applies this constraint to imagined states from multi-step rollouts,
enabling supervision even in regions where no real target data exists. For each
reliable imagined state §;4x (kK < K*) admitted by the discriminator gate, we
generate an imagined observation o¢1x ~ pg(- | St4k, Ot+k—1) and re-infer a state
Stvk ~ qo(Sttk | Stk—1,01+6—1,0t+%). We penalize discrepancies between the
re-inferred and original imagined states,

1 &

_ ~ 2
Lse = K+ Z 18tk — B4kl - (3)
k=1

This loss encourages the encoder to capture semantically meaningful state in-
formation that is visually grounded. Factors that cannot be rendered into target-
like observations and re-inferred are suppressed, while state-relevant factors that
remain consistent under the decode—re-infer cycle are reinforced. Furthermore,
since our consistency constraint is enforced over multi-step imagination rather
than short, data-supported predictions, it yields extra supervision across suc-
cessive rollout steps. The policy-conditioned rollouts further concentrate this
supervision on reachable states the current policy is likely to encounter. Be-
cause reliable imagination can generate many such multi-step state—observation
pairs without additional target interaction, the self-consistency objective pro-
vides dense auxiliary supervision beyond scarce real target data, stabilizing rep-
resentation alignment in regions where real samples are insufficient.

Combining the trajectory alignment objective from Sec. [3] with the self-
consistency loss, the overall training objective for Stage 2 is: £ = Lajign + A Lse,
where A controls the relative weight of the self-consistency regularization.

5 Experiments

We design our experiments to investigate the following questions: (1) Does
AIDA outperform existing domain adaptation baselines under scarce target
data? (2) Does the three-way discriminator reliably detect unreliable drifted
transitions? (3) Does the adaptive imagination outperform fixed-horizon imagi-
nation, where unreliable imagined transitions are inevitably included? (4) Does
the self-consistency loss encourage the encoder to learn state representations
that faithfully capture the true physical configuration? We first describe the
experimental setup, then address each question in Sec.
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5.1 Experimental Setup

We evaluate AIDA on seven continuous control tasks: five tasks from the MuJoCo
benchmark suite [19], HalfCheetah, Hopper, Swimmer, Walker2d, and Inverted-
Pendulum, and two tasks from Gymnasium-Robotics, Shadow Dexterous Hand
Reach and Fetch Reach. Following the problem setting in Sec. the source
domain provides low-dimensional states while the target domain provides only
high-dimensional image observations, creating a large cross-modality gap. The
target data budget is severely restricted to reflect the practical reality that real-
world data collection is costly and limited: only 50 trajectories are available
for all tasks—1/6 of the target data used in previous work |2|. For InvertedPen-
dulum, a relatively simple task, we reduce the trajectory length 7" and image
resolution to avoid performance saturation across all methods. The target tra-
jectories are collected by executing the expert policy in the target environment,
and no additional interaction with the target environment is permitted during
adaptation, except for PAD, the online adaptation baseline. The source-domain
policy  is trained using Soft Actor-Critic (SAC) [4] with low-dimensional state
inputs until convergence, then frozen throughout the adaptation procedure. Ad-
ditional details are provided in the supplementary material.

We compare AIDA against five methods that span different approaches to
bridging the observation mismatch:

— CODAS [2|: A GAN-based domain adaptation method that aligns target
visual observations with source-side privileged state information via a vari-
ational inference framework with adversarial training. As the closest prior
work to our setting, comparing against CODAS directly measures the benefit
of adaptive imagination under the same problem setting.

— GAN_STACK [2]: A GAN-based domain adaptation method that stacks
consecutive observations and feeds them to the alignment module, providing
temporal context. This baseline tests whether simply providing more tempo-
ral information can substitute for the imagination-based augmentation that
AIDA employs.

— PAD [6]: A self-supervised test-time adaptation method originally proposed
for adapting vision-based RL policies to unseen visual changes. Unlike the
other offline baselines, PAD continuously interacts with the target environ-
ment during deployment. This baseline evaluates whether self-supervised
online adaptation is sufficient under our larger state-to-image domain gap,
compared to AIDA.

— Behavior Cloning (BC): A supervised baseline that directly learns a map-
ping from target image observations to source states using paired data, with-
out any adversarial or self-consistency objective. This serves as a reference
for how far pure supervised learning can go with scarce paired data.

— Oracle (Image): SAC combined with a convolutional autoencoder [23]
trained jointly with the RL objective on target-domain image observations
with unlimited online interaction. This serves as an approximate upper bound
for visual RL without cross-modal transfer, providing a reference point for
the offline adaptation methods.
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Table 1: Comparison of domain adaptation methods under scarce target data. RMSE
() and Return Ratio (1) report converged performance. A ratio of 1.0 corresponds to
the source expert’s average return. Best results are in bold. Mean=std over 3 seeds.

(a) Return Ratio (1)

Method H.Cheetah Hopper Swimmer Walker2d Inv.Pend. Shadow Fetch

Oracle (image) 1.638+.343  0.591+£.232  0.304+.060  0.196+.073  0.989+.072  0.991+.045  0.975+.076
BC 0.462+.011 0.1214+.018  0.403%+.042 0.101+.013 0.319£.052  0.836%+.033  0.453+£.009
GAN_STACK 0.340+.087  0.056+.008  0.2614+.066 ~ 0.026+.004  0.063+£.004  0.645+.122  0.823+.053
PAD 0.573£.075  0.1424+.023  0.347£.058  0.036£.005  0.155+.012  0.395+.088  0.821+.044
CODAS 0.7114+.098  0.356+.086  0.468+.069  0.038+.009  0.440+.038  0.893+.059  0.897+.007

AIDA (ours) 0.810+.113 0.440+.142 0.512+.047 0.058+.018 0.561+.049 0.931+.027 0.984+.012

(b) RMSE (1)

Method H.Cheetah Hopper Swimmer Walker2d Inv.Pend. Shadow Fetch
GAN_STACK 3.006%.153  0.862+.059  1.3604+.272  2.525+.317  0.3284+.042  0.452+.029  0.025+.009
CODAS 1.5504+.081  0.540+.021  0.482+.057  2.1804+.405  0.108+.007  0.425+.037  0.0174.004

AIDA (ours) 1.403+.116 0.523+.023 0.356+.015 1.784+.320 0.075+.004 0.391+.016 0.015+.008

Evaluation metrics. We report two complementary metrics:

— Root Mean Squared Error (RMSE): Measures the accuracy of the
learned mapping g4 by computing the root-mean-squared distance between
the inferred states and the ground-truth states.

— Return Ratio: Measures the task performance of the adapted policy rel-
ative to the source-trained expert. Defined as ryatio = 7/7*, where r is the
cumulative return of the adapted policy deployed in the target environment,
and r* is the average return of the source expert. A ratio of 1.0 indicates full
recovery of the source expert’s performance.

5.2 Experimental Results and Analysis

(Q1) Does AIDA outperform existing domain adaptation baselines
under scarce target data? To assess whether adaptive imagination provides
effective additional supervision under scarce target data, we compare AIDA
against all baselines across the five MuJoCo tasks and two Gymnasium-Robotics
tasks. Note that RMSE directly measures how accurately g4 recovers the true
proprioceptive state, serving as a quantitative indicator of representation quality.

Table [1] summarizes the results. AIDA achieves the lowest RMSE on every
task and the highest return ratio on six out of seven tasks. As shown in Fig. 2]
AIDA also converges faster than all baselines, with the RMSE curves showing
a consistent trend of steeper decrease and stabilization at a lower value, though
the difference on Hopper is marginal.

Comparison with PAD further highlights AIDA’s robustness to large domain
gaps. Although PAD continuously interacts with the target environment dur-
ing deployment, it shows lower performance than AIDA across all tasks. This
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Fig. 2: Training curves across three environments. Top row: target-domain return (1)
over training iterations. Bottom row: mapping RMSE (]) over training iterations. Solid
lines denote the median and shaded regions represent the interquartile range over 3
random seeds.

suggests that while PAD’s self-supervised adaptation can handle relatively small
image-to-image domain gaps, AIDA’s adaptation strategy is more effective under
the larger state-to-image domain gap considered in our setting.

Notably, on Swimmer and Fetch, AIDA even outperforms Oracle (image),
which has access to unlimited online interaction. This is because AIDA benefits
from a policy stably trained on low-dimensional states, whereas Oracle (image)
must learn both representations and a policy jointly from images. Oracle (image)
also achieves relatively low return ratios on Swimmer (0.304) and Walker2d
(0.196), suggesting that these tasks are inherently challenging for extracting
meaningful state information from images alone. On Walker2d, all DA methods
yield lower return ratios than BC, despite AIDA achieving the best RMSE. We
attribute this to the balance-critical nature of Walker2d: even small mapping
errors can cause the agent to fall, amplifying the gap between reconstruction
accuracy and downstream performance.

Overall, AIDA’s advantage stems from two factors. The adaptive imagination
mechanism augments the scarce target data with reliable synthetic transitions,
and the self-consistency loss leverages these transitions to learn semantically
meaningful representations. Together, they provide dense supervision that exist-
ing methods, which rely solely on the limited real target data, cannot achieve.

(Q2) Does the three-way discriminator reliably detect unreliable drifted
transitions? The adaptive truncation mechanism relies on the three-way dis-



e
B RE

£ 241
]

n

N

o
1

(a)

(b

<

=
R LI

Imagination leng

0 250 500 750 999
Steps

Fig. 3: Top: imagined observations decoded from adaptive imagination rollouts on the
Swimmer task (shown at every 2 steps). The marks the point at which
imagination begins. The red line indicates the truncation point determined by D,.
Bottom: adaptive imagination horizon at each step within a single episode, illustrating
how the truncation length varies depending on the state encountered at each step. The
two highlighted rollouts, (a) and (b), correspond to the marked points in the bottom
plot (orange dots) and show the decoded imagination sequences starting from those
specific steps.

criminator Dy, to detect when imagined transitions drift away from the target-
aligned manifold. To verify whether D, makes reasonable truncation decisions,
we visualize imagined observations decoded from rollouts across two initial states,
and additionally plot the adaptive imagination horizon at each step within a sin-
gle episode alongside the corresponding observations at selected steps.

As shown in the top of Fig. [3] the decoded observations before the trun-
cation point remain visually coherent and physically plausible, whereas those
after the truncation point exhibit noticeable degradation such as distorted body
configurations and blurred artifacts. This clear quality gap confirms that the
discriminator reliably identifies the boundary between reliable and drifted imag-
ination. Notably, the truncation length varies substantially across states. The
bottom of Fig. [3] visualizes this per-state variability by plotting the adaptive
imagination horizon across steps within a single episode, with the marked points
corresponding to the two example rollouts shown above. The horizon fluctu-
ates significantly depending on the encountered state, confirming that imagina-
tion reliability is highly state-dependent and motivating adaptive, per-transition
truncation rather than a single globally fixed horizon.
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GT ......

AIDA ......

CODAS ......
(a) (b) () (d) () (f)

Fig. 5: Qualitative comparison of imagined observations on the InvertedPendulum
task. Each column shows the ground-truth observation (GT) and those decoded by
AIDA (with Ls.) and CODAS (without Ls.) for the same state.

(Q3) Does the adaptive imagination outper-  os—2
form fixed-horizon imagination, where un- 71—

reliable imagined transitions are inevitably go4
included? The qualitative analysis in Fig. [3] re- oo

0.36
vealed that imagination reliability varies signifi- §0-34 ﬁ
cantly across individual states and that the dis- €2 74
criminator can detect this drift. We now examine 0.28 /
whether including these unreliable transitions actu- 0'260 10000/ 56860 30000
ally harms performance, by comparing the adaptive Training Step

horizon against fixed horizons K € {0, 5, 10,20}.
As shown in Fig. AID.A achieves the higbest K training curves on Hop-

return among all configurations on Hopper. Fixed per. Return (1). Mean over

horizons—regardless of length—yield performance 3 geeds.

comparable to or even worse than no imagination

at all, confirming that indiscriminately including unreliable transitions harms

rather than helps adaptation. In contrast, the adaptive scheme selectively re-

tains only high-confidence transitions, providing clean supervision that enables

meaningful representation learning beyond what scarce target data alone can

offer.

Fig.4: Adaptive vs. fixed-

(Q4) Does the self-consistency loss encourage the encoder to learn
state representations that faithfully capture the true physical config-
uration? To examine whether the self-consistency loss encourages semantically
meaningful state representations, we compare the quality of imagined observa-
tions from AIDA and CODAS. Since the observation model py can only render
realistic images from states that accurately reflect the true physical configura-
tion, the quality of decoded images directly indicates how well the learned state
representations capture the actual physical state. We select InvertedPendulum
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for this analysis because its reduced trajectory length and image resolution make
the difference between methods more pronounced.

As shown in Fig. [f] the challenging setting leads to lower reconstruction
quality overall, which makes the outputs of AIDA and CODAS appear visually
similar. A closer comparison, however, reveals a clear difference. AIDA closely
matches the ground-truth pendulum angle and position across all cases, whereas
CODAS consistently depicts angles that deviate from the true configuration.
This suggests that without the self-consistency loss, the learned state represen-
tations may not fully capture the precise physical configuration even when the
decoded images appear plausible. The self-consistency loss helps ¢4 learn se-
mantically meaningful state representations that more faithfully reflect the true
pendulum orientation.

6 Conclusions

We presented AIDA, a domain adaptation framework for visual reinforcement
learning that leverages adaptive imagination to overcome the challenge of lim-
ited target-domain data. AIDA augments scarce target data with reliable and
semantically meaningful imagination rollouts. To ensure the reliability of these
transitions, a three-way discriminator adaptively truncates drifted rollouts, and a
self-consistency loss is trained on the resulting reliable transitions to learn seman-
tically meaningful representations. Experiments on five MuJoCo tasks and two
Gymnasium-Robotics tasks demonstrate that AIDA consistently outperforms
existing baselines under severely limited target data, the discriminator reliably
detects imagination drift, and adaptive truncation outperforms all fixed-horizon
alternatives. Despite these results under a challenging cross-modality setting
with scarce target data, our work has two limitations. First, the adapted policy
still falls short of full source-expert performance, particularly on balance-critical
tasks. Incorporating online adaptation algorithm could help close this gap. Sec-
ond, AIDA assumes shared transition dynamics across domains, which may not
hold in practice. Extending AIDA to handle dynamics mismatch is a promising
direction for future work.
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