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Domain Adaptation of Visual Policies with a Single Demonstration
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Abstract— Deploying machine learning algorithms for robot
tasks in real-world applications presents a core challenge:
overcoming the domain gap between the training and the
deployment environment. This is particularly difficult for vi-
suomotor policies that utilize high-dimensional images as input,
particularly when those images are generated via simulation.
A common method to tackle this issue is through domain
randomization, which aims to broaden the span of the training
distribution to cover the test-time distribution. However, this
approach is only effective when the domain randomization
encompasses the actual shifts in the test-time distribution.
We take a different approach, where we make use of a
single demonstration (a prompt) to learn policy that adapts
to the testing target environment. Our proposed framework,
PromptAdapt, leverages the Transformer architecture’s capac-
ity to model sequential data to learn demonstration-conditioned
visual policies, allowing for in-context adaptation to a target
domain that is distinct from training. Our experiments in
both simulation and real-world settings show that PromptAdapt
is a strong domain-adapting policy that outperforms baseline
methods by a large margin under a range of domain shifts,
including variations in lighting, color, texture, and camera pose.
Videos and more information can be viewed at project webpage:
https://sites.google.com/view/promptadapt.

I. INTRODUCTION

Reinforcement learning (RL) has demonstrated impres-
sive achievements in complex robotic tasks that use image
observations [1], [2], [3]. At the same time, advances in
simulation [4], [5] have enabled RL algorithms to overcome
their high sample complexity by training in a simulated en-
vironment before deployment on a physical robot. However,
the discrepancies between the simulated data and the real-
world, the well-known sim-to-real gap [6], often leads to
poor real-world performance [7]. This is an extreme case
of the more general problem of ensuring RL algorithms
are able to accommodate domain shifts on their inputs. The
present work mainly focuses on robustness under changes in
visual appearances, such as changes in lighting and texture,
a significant category of environmental shifts within the sim-
to-real gap.

A common approach to addressing distribution shift is to
attempt to learn a visual policy that is robust to appear-
ance changes through domain randomization [8], [9], [10],
[11]. Applying a large amount of randomization generally
increases (but does not guarantee) the likelihood that visual
policy will work in a novel test environment, but can also
lead to increased training difficulty and decreased average
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policy performance. A variety of other approaches have been
proposed to mitigate the difficulty of policy learning [12],
[13], [14], [15], [16], [17], [18]. However accommodating
large domain shifts between the training environment and
the deployment environment, which may be unknown during
training, remains a challenge.

Instead of attempting to learn a visual policy that is robust
to all unknown environmental changes, we instead pose the
following question: Can a single demonstration serve as a
prompt for visual domain adaptation in visuomotor policies?
Our approach to answering this question builds on a related
set of ideas that use state-action trajectories, in the form
of a demonstration, as a form of context or "prompt" to
enable rapid adaptation to new tasks [19], [20], [21]. In
the case of domain shift, we formulate the problem as a
demonstration-conditioned policy distillation challenge. The
demonstration trajectory provides crucial information about
both the optimal policy and the transition dynamics within
the target domain. In many real-world scenarios, a human
operator can offer this brief demonstration to illustrate how to
complete the task under the conditions of the target domain.

In brief, in our prompt-based domain adaptation frame-
work, termed PromptAdapt, we first train a teacher policy
with a ground truth state vector as input. We then train
a Transformer-based student visual policy to imitate the
teacher policy’s behavior, conditioned on a demonstration
with image observations obtained under various domain
randomization perturbations (the prompt). During testing in
a new environment, the algorithm is given a corresponding
demonstration acquired in the new environment. The agent
leverages the observations and policy information in the
prompt to adapt to the domain shift and act accordingly.
This framework is attractive because the visual policy is
domain adapted with only one short trajectory segment and
no explicit finetuning. It combines policy distillation and the
benefits of the Transformer architecture to efficiently adapt
to the target domain.

To validate the performance of our method, we con-
ducted tests in both simulated and real-world environments.
Our results indicate that PromptAdapt is highly effective
in adapting to visual domain shifts, such as changes in
lighting, color, texture, and camera pose. Through extensive
experiments, we demonstrate its superior performance over
a range of baseline approaches. Our method consistently
achieves higher cumulative rewards or success rates for both
in-distribution and out-of-distribution shifts from the training
set, highlighting its practicality for adapting to unknown
environmental changes that may occur in real-world deploy-
ments.
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Left: We first train a teacher policy using privileged ground truth state information. Right: We then distill the learned policy to a visual input-only

student policy through imitation learning. For the student policy, our PromptAdapt architecture leverages a Transformer network to condition on a single
demonstration, efficiently adapting to the target domain during testing. Same domain randomization function is applied to images in demonstration and per
step observation to enable demonstration conditioned adaptation to visual appearance changes.

II. RELATED WORK

Visual Reinforcement Learning: Visual reinforcement
learning has gained significant attention due to its potential
applicability in a wide range of real-world tasks. Methods
that combine convolutional neural networks (ConvNets) with
reinforcement learning algorithms have achieved remarkable
success in learning policies directly from raw pixel inputs.
More recent work has explored the use of unsupervised or
self-supervised auxiliary tasks [22], [23], [24], [25] and data
augmentations [3], [26], [27], [28], [29] to learn robust and
performing visual polices.

Imitation Learning and Policy Distillation: Imitation
learning [13], [14] is an effective approach to transfer expert
knowledge to a student policy. Policy distillation [15], [16],
[17], [18] is a related technique where a student policy is
trained to imitate a teacher policy, often with the goal of
compressing or refining the teacher policy. In the context
of image based RL, [12] proposes to disentangle between
policy learning and visual generalization by policy distilla-
tion. In some approaches [17], [30], [31], teacher can access
to additional privileged information (e.g., grounded truth
state) which student policy does not have. Building upon this
framework, our method extends it to adapt visual policies
using a single demonstrations.

Domain Transfer for Control Policy: Domain transfer
has been extensively studied for control policies, often in the
context of sim-to-real transfer. In such scenarios, the goal is
to deploy a policy trained in a simulator onto a real physical
robot, where there may be discrepancies in physics, con-
figurations, and appearances. One widely used approach to
bridge this gap is domain randomization. This strategy aims
to reduce the discrepancies between the source (simulated)
and target (real) domains [8], [9]. Techniques such as [10],
[11] have utilized domain randomization to enhance the
generalization capabilities of learned policies. They introduce

variability in the simulation during training to mitigate shifts
in factors such as system dynamics [30], [32] and visual
appearances [33]. In addition to mere augmentation of the
training environment, domain adaptation methods [34], [35]
are explored to refine usually state-based policies using test-
time trajectory sequences. In contexts closely related to ours,
focusing on adapting visual policies, [36] employs inverse
dynamics modeling with a self-supervised learning objective
to fine-tune the image encoder during test time, thereby
enhancing performance. Some recent studies have delved
into the use of generative adversarial training to aid sim-
to-real transfer [37], [38], [39].

Meta-Learning: Meta-learning aims to quickly adapt
to new machine learning tasks with limited data at test
time [40], [41], [42], [43]. In the context of reinforcement
learning, meta-learning has been used to enable fast adapta-
tion of policies to perform new tasks [43], [44], [45], [46].
Our work is related to these approaches, as we leverage a
single demonstrations to adapt visual policies; however, our
method does not make weight updates through finetuning.
Instead, we focus on the Transformer architecture as a
means to effectively condition on the demonstration data for
adaptation in an in-context manner.

One-Shot Imitation Learning with Transformer: The
Transformer architecture [47], [48] has been highly success-
ful in the field of natural language processing and has been
adapted for various other domains, including reinforcement
learning and robotic control. Originating in the realm of NLP,
the prompt-based approach [49], [S0] has gained traction as
an effective method for in-context task adaptation. In this
approach, a task-specific prompt is added as a prefix to
the input sequence, guiding the model toward the desired
output. This design has been adopted in the field of robot
learning recently, particularly for adaptation to new tasks
encountered during testing, and is framed within the context
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of one-shot imitation learning. For example, [19] proposes a
one-shot imitation learning method that employs the Trans-
former architecture to learn new tasks based on a single
demonstration from an expert. Subsequent work [20] further
improves generalization capabilities by incorporating tem-
poral contrastive learning. In the context of offline RL, [21]
extends the recently proposed Decision Transformer [51] to
enable few-shot generalization for unseen tasks.

The majority of current research in this area studies using
a single demonstration to perform unseen testing tasks.
However, these approaches often overlook the challenge of
adapting to different visual domains, an obstacle that remains
significant for important applications such as sim-to-real
adaptation. Our aim is to extend the current framework of
Transformer-based, demonstration-conditioned policy adap-
tation to include visual domain adaptation.

III. METHOD

We frame our problem as a single demonstration condi-
tioned domain adaptation problem for visual policies. For-
mally, consider a Markov decision process (MDP) [52] .#
parameterized by the tuple < S,A,O,R,P,y >, where S and
A are the state and action spaces. P: S x A xS — [0,1] is
the transition function, R : S Xx A — R is the scalar reward,
and 7y is the discount factor. We assume that the desired
visual RL agent cannot directly access state space S but only
receives higher-dimensional input o € O (e.g., pixel images)
as observations. The source environment .Zj,. and target
environment .#;,, differ only in the mapping from state space
S to observation space O due to visual appearance shift, while
all other elements remain the same.

We assume access to an h-step demonstration trajectory
T = (0§, a},...,0;_y,a;_;) in the target environment. In this
work, we aim to design an algorithm that can efficiently
leverage such a single demonstration to perform well on
///lgt, which is not known a priori.

Policy distillation: To concentrate on the issue of domain
adaptation through a single demonstration, we divide policy
learning and policy adaptation under the framework of policy
distillation. In the initial stage, we train a high-performing
teacher policy m;(s) : S — A using a standard RL algorithm
directly from state space. The objective is to maximize
cumulative episodic reward in the source environment:

T
J(M) = Eqor, [R(7)] :Ewm[z Yrl, (1)
=0

where 7 is the rollout trajectory induced by executing teach-
ing policy m;. For this stage, we choose Soft Actor-Critic
(SAC) [53] as it is a state-of-the-art RL algorithm that is
widely used in continuous control tasks.

In the second stage, we train a student policy 7i;(0;7*) to
imitate the optimal actions taken by the teacher, given the
observation and a single demonstration 7*, both of which
are under the same domain randomization function fpg
from a domain randomization function set Fpg. This design
brings demonstrations and per step observation to the same

Algorithm 1 Domain adapted visual policy via single
demonstration
1: Input: m, 7w, trained teacher policy and randomly ini-
tialized student policy, Zyage.r: empty dagger dataset, F:
domain randomization function set, N: number of steps
for each trial and K: number of epochs.
2: Roll out 7; to collect initial samples in Zgaqger
3: for k=1,2,...,K do
Sample domain randomization function fpgr ~ Fpg
5 Roll out 7, to get demonstration T’ under fpg
6 forn=1,2,...,N do
7: Roll out 7, to collect o’,s’ samples under fpg
8
9

b

Add new data Zyageer < Piagger Y{0',5',7'}
> Collect data

10: Sample tuple (0,s,7T*) ~ Daagger
1 Update 7, to minimize ||7,(0;7*) — m (s)||*
12: > Update student policy

randomized visual domain and encourages the student policy
to learn to adapt its policy based on the demonstration T*.

The student policy is distilled from the teacher using
the DAgger (Dataset Aggregation) [13] imitation procedure.
To begin with, we initialize a DAgger dataset Zjgeer by
rolling out the teacher policy. In each iteration, we select a
domain randomization function fpg € Fpg and apply it to
the policy rollout process to collect teacher demonstration
7' and student rollout observations o’,s’ from the simulator.
The process alternates between (1) updating the student’s pa-
rameters through gradient descent on a supervised regression
loss, and (2) adding more samples to Zj4g,er using the latest
student policy.

Transformer-based prompt-conditioned visual policy:
We build our model based on the Transformer architecture.
We first process the visual input through a deep convolutional
neural network (ConvNet) to extract features. Given an
input observation o, the ConvNet encoder E generates an
output representation E(0) € R%, where d, is the encoder
output dimension. We then define two embedding functions,
fo : RY% — R% and f, : R% — R% to embed the observa-
tion features and actions, respectively, to embedding with
dimension of dj,. The resulting embeddings f,(E(0)) and
fa(a) are then used as input to the Transformer’s encoder
layer. To provide sequential information in the trajectory,
we incorporate the learnable linear positional encodings
P e RWHDxdn a5 in [51]. We add the positional encodings
to the input elements before they are processed by the
Transformer encoder, allowing the self-attention mechanism
in the Transformer to selectively focus on different parts of
the demonstration trajectory and the current observation.

Input = Concat ([, (E(05), fa(5),
s ol O Sl @h—1))s So(E(0))] ) +P

We then predict the next action to take @ based on the
last element of the output from the Transformer. To train

2
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the student policy, we minimize the L, distance between the
predicted action & and the teacher policy’s output a¢*, which
is obtained by applying the teacher policy to the state s. The
loss function L can be formulated as:

L(m) = ||a—a’|* = [|7(0;7°) = m(s)|?, 3)

where ||-||? denotes the squared L, distance. By minimizing
the imitation loss, the student policy learns to mimic the be-
havior of the teacher policy. This learning objective results in
adaptive policy capable of effectively extracting knowledge
from given demonstration and adjusting policies accordingly.

1V. EXPERIMENTS
A. Settings

Environments: We selected four tasks from the Dis-
tracting Control Suite (Distracting CS) [54] and further
implemented two tasks for the URS5 robot in both simulation
and real world settings to benchmark our algorithm’s perfor-
mance. Simulation observations can be found in Figure 2.

Based on the DeepMind Control Suite [55], Distracting
CS is a collection of continuous control tasks designed
to challenge an agent’s ability to learn in the presence of
domain shift. This is introduced by varying levels of changes
in colors, backgrounds, and camera poses, making it an ideal
benchmark for testing the generalization of reinforcement
learning algorithms. We selected four tasks: cartpole
swingup, ball_in_cup catch, finger spin, and
walker walk. The evaluation metric is the episode accu-
mulated reward. We treat the distractions (background, color
and camera pose) introduced in this benchmark as domain
randomization elements. We train with environments using
random distractions of 0.2 intensity as defined in [55]. We
then test with random distractions of either 0.2 intensity to
evaluate in-distribution (out-of-sample) adaption ability or
0.4 intensity to evaluate out-of-distribution adaption ability.

To further evaluate the applicability of our approach to
robotic arm manipulation tasks, we conducted tests with two
URS5 robot tasks: reach and push. We have simulated envi-
ronment implemented with the Mujoco physics engine [4]
and a physical URS robot for real-world experiments under
the sim-to-real setting. The evaluation metric is the task
success rate. The success of the reach task is defined as
moving the end effector within 5 cm of a colored circular
chip, while the success of the push task is defined as
pushing a block over a finish line. The policy is trained
in simulation with domain randomization including lighting
conditions, object colors, table textures, and camera poses.
During testing in simulation, we evaluate on a random
generated environments with either in-distribution or out-of-
distribution domain randomization hyperparameters to test
domain adaptation abilities. For testing on physical robot,
we also replicate the in-distribution and out-of-distribution
settings with corresponding colors and camera poses to
evaluate the applicability to real-world scenarios.

Baseline Methods: In order to benchmark the efficacy
of our method in learning domain-adapting visual policies

Fig. 2. Sample observations in simulated environments. In-distribution
image sample is shown left in each pair and out-of-distribution image
sample is shown right. First row: cartpole swingup, ball_in_cup
catch; Second row: finger spinand walker walk; Third row: UR5
reach and UR5 push.

given demonstration, we compare it against three baseline
methods: RL with domain randomization (DR) [10], policy
distillation with domain randomization and policy distillation
with model-agnostic meta-learning (MAML) [43]. DR serves
as a baseline that improves robustness solely by expand-
ing the input observation distribution, without utilizing the
demonstration at test time. This technique is combined with
direct image based RL with SAC [53] and policy distillation
respectively. Also used under policy distillation framework,
MAML utilizes the demonstration by adapting the policy’s
weights through gradient descent on observation-action pairs
from the demonstration. We use the same policy distillation
framework as our method: imitation from trained teacher
policy using the DAgger [13] algorithm.

Algorithm Details: In our algorithm, PromptAdapt, the
teacher policy is learned using SAC [53], with the state
vector serving as input. The actor and critic networks are
implemented with a multilayer perceptron (MLP) consisting
of two hidden layers, each with a size of 1024 units.
The teacher policy is trained with 500K environment steps
for Disctracting CS environments and 100K for URS5 en-
vironments. The student policy is constructed using a 3-
layer Transformer, accompanied by an 11-layer ConvNet
image tokenizer and a linear action tokenizer. To encapsulate
temporal information, we stack three consecutive frames for
each observation. The student policy is trained with 100K
environment steps. During testing in simulation, we use the
same teacher policy with groundtruth state access to produce
demonstration trajectories; for testing in real-world, we have
human tele-operated trajectories as demonstration.

We implement baseline methods using an 11-layer Con-
vNet, followed by an MLP with two hidden layers, each
of size 1024 units. We ensure that the total number of
trainable parameters for our method and both baselines are
comparable around 2.7M. Both baseline methods are trained
by imitating the same teacher policy by 100K steps as our
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TABLE I
EVALUATION IN DISTRACTING CS ENVIRONMENTS BY EPISODIC CUMULATIVE REWARDS (MEAN £ STANDARD DEVIATION)

In-Distribution Reward

Out-of-Distribution Reward

\
Task |
\

RL Policy Distillation RL Policy Distillation

DR | DR | MAML | PA(ours) | DR | DR | MAML | PA (ours)
ball_in_cup catch 109 £28 71870 | 773+£80 | 883+25 129+41 | 3724+61 | 444487 | 538£76
cartpole swingup 123 £30 258+£32 | 234£75 | 4321195 | 117+£48 | 222423 | 203+43 | 280186
finger spin 13£6 167+ 65 192+79 | 4084210 12+4 25+ 14 39£21 103+43
walker walk 3724304 | 3044+101 | 329491 | 601106 | 99465 145£32 | 154+£29 | 220491

method. All experiments are repeated across 4 random seeds
and evaluated with 20 episodes for simulated experiments
and 10 episodes for real-world experiments.

B. Results

1. Does the incorporation of a single demonstrations
enhance agent performance in both in-distribution and out-
of-distribution settings?

We conduct experiments with Distracting CS benchmarks
and simulated URS robot tasks to evaluate our method’s
performance. As can be seen from the results presented in
Table I and Table II, our method consistently outperforms
baselines of RL with DR and policy distillation with DR
and MAML across all environments, exhibiting superior
performance in both in-distribution and out-of-distribution
settings. By leveraging the teacher policy embedded in
demonstrations, our method is capable of effectively cap-
turing and exploiting the nuances of the visual elements
in new environments. The enhanced performance in out-of-
distribution settings demonstrates that the agent has strong
capability for generalizing to new scenarios.

2. How does the proposed approach improve generaliza-
tion across different environmental elements?

We further examine the effectiveness of our method,
PromptAdapt (PA), compared to the baselines in terms of
generalization over various out-of-distribution factors in the
URS simulated environments. As illustrated in Figure 3, our
method consistently outperforms baseline methods across
multiple out-of-distribution factors. A significant improve-
ment is observed in the camera pose factor, which is presum-
ably the most challenging aspect in the domain difference.
The superior performance of PromptAdapt underscores its
ability to capture and adapt to complex changes across
domains. We leave RL with DR out of this comparison
because it does not perform well in in-distribution setting
already due to the difficulty in training RL directly under
heavy domain changes.

PromptAdapt also demonstrates improved performance in
other out-of-distribution factors, such as lighting and texture.
These improvements further support that PromptAdapt can
adapt to novel situations with different visual conditions. The
consistent performance gains across all out-of-distribution
factors suggest that PromptAdapt is a promising approach
for creating adaptable agents capable of handling complex
tasks in diverse environments.

Method
501 mem DR
- MAML
£ 40 { A (ours)

50
E 0
g 30 30
$ 20 Ly
g 10
&10
0
0
-1
Camera p A

Lighting ~ Object color Texture Camera pose
Out of distribution factor

+r~4—hi+

Lighting ~ Object color Text
Out of distri ctor

All

Fig. 3. Ablation study in URS simulation environments. Our method leads
to lower decrease in success for all out of distribution factors including
lighting, object color, table texture and camera pose. Error bar indicates
one standard deviation.

(a) UR5 reach (b) UR5 push

Method
== DR/no demo
= History traj

600 350

= PA (ours)

Cartpole swingup
Environment

Finger spin

Cartpole swingup
Environment

Finger spin

(a) In-distribution (b) Out-of-distribution

Fig. 4. Ablation study in Distracting CS over different variants in
demonstration.

3. How do different components in demonstration trajecto-
ries contribute to the observed performance of the proposed
approach?

To understand how various components in the trajec-
tory prompt influence the performance of PromptAdapt,
we conducted an ablation study in two Distracting CS
environments, focusing on the following variants. History
Trajectory: replace the demonstration with the previous
h steps of student rollout; Random Demonstration:
use a random rollout instead of expert demonstration for
prompt; Demonstration without Action: use the
expert demonstration but excludes action. All variants are
trained and tested both in the given configuration.

The findings from our study, as shown in Figure 4,
suggest that each of the variants results in some degree
of performance drop in both in-distribution and out-of-
distribution settings. This implies that a single demonstra-
tion contains valuable information about the target environ-
ment that isn’t fully captured by the history trajectory, a
random demonstration, or a demonstration without action.
The History Trajectory variant, which utilizes past
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TABLE II
EVALUATION IN SIMULATED URS5 ENVIRONMENTS BY TASK SUCCESS RATE

In-Distribution Reward

Out-of-Distribution Reward

Task \ RL Policy Distillation RL Policy Distillation
\ DR \ DR \ MAML \ PA (ours) \ DR \ DR \ MAML \ PA (ours)
UR5 reach | 48+£16 | 90+12 96 +4 99+1 114+1 | 52410 | 53+12 77+9
UR5 push 39+44 88 +8 87+6 96+1 9+ 14 368 38+5 68+9
In Dist. Out of Dist. Robot Setup
Reach | 5
®
Push
R

Fig. 5.

student rollouts, shows a substantial decrease in performance,
suggesting that these rollouts may not fully encapsulate the
specifics of the target task. The Random Demonstration
variant also shows a similar performance dip, hinting that
the quality of the demonstration, rather than merely the
presence of test domain trajectories, is critical in effective
adaptation. Finally, when action information is excluded
in the Demonstration without Action variant, we
observe a slight drop in performance, indicating that action
sequences in the single demonstration also help adaptation
by providing information about transition dynamics and
optimal policy. Overall, these results indicate the value of
expert demonstrations, inclusive of action sequences, in the
successful adaptation of our method.

4. How does our approach apply to real-world?

We evaluate the real-world applicability of our method
under the sim-to-real setting for the two URS robot manip-
ulations tasks compared to policy distillation based baseline
methods. Demonstration in real-world is recorded by a hu-
man tele-operator. As demonstrated in Table III, our method
consistently outperforms the baseline approaches in the UR5
reach and UR5 push. This highlights the effectiveness
of our method in handling both in-distribution and out-of-
distribution settings, leading to improved performance under
the domain shift from simulation to real-world. Figure 5
presents visual examples of the real-world experiment.

V. LIMITATION

Through our sim-to-real experiments, we have demon-
strated that demonstrations provided by human operators
during testing can align well with those learned via RL
during training. Meanwhile, the proposed method relies on

Left: Real-world observations for UR5 reach and UR5 push. Right: Experiment setup.

TABLE III
EVALUATION ON REAL-WORLD ROBOT BY SUCCESS RATES.

In distribution success rate
DR MAML  PA (ours)

UR5 reach 48+10 50+8 80+8
UR5 push 30+8 33+10 53+13
Out of distribution success rate
DR MAML  PA (ours)
UR5 reach 25+6 28+5 50+8
UR5 push 13+5 13+£10 3345

the availability of a demonstration trajectory on the same
robot to bridge the domain gap between training and testing
environments. This could limit the applicability when only
cross-embodiment demonstrations are available (e.g., from a
different type of robot). Further analysis and solution to this
problem would be in the scope of future work.

VI. CONCLUSION

In this paper, we introduced a novel approach to learn
domain-adapting visual policies. Our method, utilizing the
strengths of policy distillation and the Transformer archi-
tecture, efficiently adapts visuomotor policies to target en-
vironments using a single demonstration. Through compre-
hensive experiments, we demonstrate the effectiveness of
our method across various simulated and real-world robotics
tasks. Ablation studies further illustrate the vital roles of
different components in the trajectory prompt, underscoring
the significant role of demonstrations in our approach. Our
proposed method effectively improve the adaptation of poli-
cies to novel environments, paving the way for more efficient
and effective domain-adapting visuomotor policies.
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