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Abstract. Vision-Language-Action (VLA) models often fail to perform
the same learned tasks under environmental shifts, such as changes in
camera pose and shifts to a different but similar robot (e.g ., from Panda
to UR5e). Adapting these models to the shifted environment (i.e., target
domain) often requires training on multiple demonstrations for each task,
which are costly to collect. To reduce the burden of data curation and
training, we propose an analogy-based method that adapts VLA models
under environmental shifts through weight vector arithmetic with domain-
specific information addition, named Domain ARiThmetic (DART). Un-
like prior approaches, DART requires collecting only a single demonstra-
tion, enabling efficient adaptation. To accurately isolate domain-specific
information for addition, DART performs subspace alignment between sin-
gular components in weight vectors to filter out noisy components. In both
simulated and real-world experiments, DART outperforms existing VLA
adaptation methods in one-shot scenarios across diverse visual and embod-
iment shifts. Code is available at https://github.com/snumprlab/dart.

Keywords: Vision-Language-Action models · Environmental shifts ·
One-shot adaptation · Weight arithmetic

1 Introduction

Vision-Language-Action (VLA) models trained on large-scale corpora show strong
multi-task capabilities [3–5, 23, 24, 42, 65]. Despite their success within trained
environments, i.e., source domain, VLA models face challenges when deployed in
new environments to perform learned tasks, a common real-world deployment
scenario. These environmental shifts involve altered camera poses, distinct sensor
calibrations, or embodiment modifications, leading to substantial performance
degradation [12,14,27,51,60,63,64]. Thus, post-hoc adaptation remains essential
to guarantee reliable execution in the shifted environment, i.e., target domain.
However, existing VLA adaptation approaches [1, 11,12,26,50,53] often require
extensive expert demonstrations for every policy task in the target domain,
resulting in severe deployment bottlenecks [34,47,58]. Also, fine-tuning on limited
data often fails to generalize to unseen tasks [11,53].
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Fig. 1: One-shot VLA adaptation under environmental shifts. Environmental
shifts can cause a source-trained VLA policy to fail in the novel target domain. (a) Full-
data fine-tuning adapts successfully but requires task-wise demonstrations, incurring
expensive data collection costs. (b) One-shot fine-tuning is data-light but often fails
to adapt across tasks. (c) Our one-shot adaptation extracts domain-specific directions
from fine-tuned weights and adapts the policy via weight arithmetic.

For practical policy deployment, extreme data efficiency for adaptation is
essential in settings where collecting task-wise demonstrations at scale is typically
infeasible, such as household environments. Thus, we aim for one-shot VLA
adaptation where a policy adapts under environmental shifts using only a single
demonstration of a single task. To enable this, we leverage the insight that a
single demonstration can provide transferable domain knowledge. It allows a
source-trained base VLA model to harness its learned task capabilities to solve
the same tasks in the target domain, without relearning from scratch (Fig. 1).

To substantiate this idea, we analyze why one-shot fine-tuned models fail
to adapt. Through subspace alignment analysis, we find that their parameter
changes from a base model, i.e., update-vectors, are predominantly task-specific,
with small domain-specific directions present. From this, we further study how
these directions coexist. We conjecture that the task and domain directions are
additively composable, inspired by the disentangled weights for each task in
vision-language models [18, 37, 59], and we find consistent results supporting this
structural property in a VLA model.

Building on this observation, we propose Domain ARiThmetic (DART), an
analogy-based framework for VLA adaptation inspired by weight arithmetic [18,
46,62]. Similar to “queen = king + woman - man”, we add a domain vector that
captures the environmental shift to the base model, transferring its multi-task
capabilities to the target domain without additional data or architectural changes.
To isolate the domain vector, we subtract the source-domain update-vector from
the target-domain update-vector to cancel out shared task-specific directions,
where each update-vector is fine-tuned on one-shot data of the same task.

However, direct subtraction can retain source-domain artifacts and amplify
fine-tuning noise [52, 54, 57], corrupting the extracted domain vector. To address
this, motivated by the low-rank structure of update-vectors and subspace aligning
property for relevant features in model merging [15,35,44], we introduce subspace
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filtering, which filters misaligned subspace basis vectors between source and
target updates for subtraction, and subspace scaling, which down-weights noisy
domain vectors based on source-target subspace alignment.

In simulated and real-world experiments with π0.5 [4] and π0-FAST [40],
DART outperforms existing VLA adaptation baselines under one-shot scenarios
across diverse visual and embodiment shifts. Moreover, our approach enables fast,
hyperparameter-robust adaptation and merging across multiple target domains.

Our contributions are as follows: (i) Empirical evidence shows that one-
shot fine-tuned weights decompose into shareable, additive task- and domain-
specific directions. (ii) From this observation, we propose DART that extracts a
reusable domain vector from one-shot fine-tuned weights by removing task-specific
directions through an analogy operation. (iii) Our approach outperforms prior
VLA adaptation methods across diverse simulated and real-world experiments.

2 Related Work

Domain adaptation for Vision-Language-Action models. By integrating
pretrained vision-language backbones [2, 32] with large-scale robotic datasets [22,
38,47], VLA models such as RT-2 [65], OpenVLA [23,24], and the π series [4,5,19,
40] have shown strong performance in a wide range of tasks. However, they often
require adaptation in novel environments to avoid performance degradation [12,27,
50,51,63]. A common VLA adaptation approach trains with diverse augmentations
to improve generalization [6,12,26,55], but it relies on fine-tuning with additional
training data, incurring prohibitive data collection costs. Some approaches reduce
this data burden by leveraging semantic-rich visual features [11,29,36] or introduce
architectural modifications [1,13,50]. Yet these choices limit generalizability across
backbones and deployment setups. Test-time adaptation methods [9, 33] adapt
at inference time without extra VLA training, but are mainly targeting limited
shift regimes. To address these limitations, we propose an architecture-agnostic
VLA adaptation method with minimal target-domain data under diverse shifts.

Analogy operation using weight arithmetic. Task Arithmetic (TA) [18]
manipulates models using weight-space arithmetic operations, primarily through
merging (i.e., addition) to compose capabilities, and analogy (i.e., “queen - king
= woman - man”) to estimate parameter changes that transfer target properties.
While merging has advanced through interference mitigation [8,45,52,54] and
subspace alignment [15,35,39,44,49], analogy remains limited to direct subtraction,
applied in language models for cross-lingual adaptation [10, 62] and human-
alignment transfer [17, 46]. In VLA models, existing work focuses exclusively
on merging to improve generalization [11, 53, 56], or compose skills [13, 25, 48].
However, merging cannot selectively transfer specific capabilities such as domain
knowledge while preserving others. This limitation motivates revisiting analogy
for efficient VLA adaptation. Our empirical analysis reveals disentangled, additive
task- and domain-specific directions in one-shot fine-tuned VLA models, making
analogy a natural fit for isolating domain vector.
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3 Preliminaries

VLA fine-tuning. Let πθ(at|ot, T ) denote a Vision-Language-Action (VLA)
policy parameterized by θ, which maps an observation ot (e.g ., third-person and
wrist camera images) and a task instruction T (e.g ., language prompts) to a
distribution over actions at at time step t. Let Esrc and Etgt represent the source
and target domains, respectively, where Etgt introduces environmental shifts
(e.g ., camera viewpoint or embodiment changes) in a single (or small number of)
environment of Esrc. We assume access to base policy θ0 that has been trained
to solve a suite of policy tasks T = {T1, . . . , TM} within Esrc. For the target
domain Etgt, we are given a dataset Dm,tgt = {(otgt

t , at, Tm)} comprising a single
demonstration for one adaptation task Tm ∈ T collected per environment in Etgt.

Our objective is to produce adapted parameters θ∗ such that πθ∗ performs
well in Etgt across all tasks in T , despite observing only a one-shot, single-task
supervision Dm,tgt per environment. For adapting VLA models, we consider the
adaptation through behavior cloning (BC) fine-tuning [5,24,65]. Initializing with
θ0, we obtain the target-domain fine-tuned parameters θm,tgt by minimizing a BC
objective over the actions in Dm,tgt. We then evaluate θm,tgt within Etgt across
all tasks in T , including Tm and remaining held-out tasks Tk ̸=m ∈ T .

Update-vector. To understand the property of fine-tuned weights, we analyze
how the model changes through optimization. Building upon Task Arithmetic [18],
we represent an adaptation as a parameter change. Let θ(l)0 and θ

(l)
m,tgt ∈ Rdout×din

denote the weights of layer l in the base and fine-tuned models, respectively. We
define the target-domain update-vector in layer l, ∆(l)

m,tgt, as:

∆
(l)
m,tgt = θ

(l)
m,tgt − θ

(l)
0 , (1)

and denote the full update-vector by ∆m,tgt = {∆(l)
m,tgt}Ll=1.

4 Analysis of One-shot Fine-tuning Failures

Given the substantial cost of collecting data across tasks in each new environment,
we consider one-shot adaptation using a single demonstration Dm,tgt for one
adaptation task Tm in the target domain Etgt. We conjecture in § 1 that Dm,tgt
can provide transferable domain knowledge, enabling the base model θ0 to harness
its multi-task capabilities in Etgt. A natural approach is to fine-tune θ0 on Dm,tgt,
yielding θm,tgt. However, on the LIBERO [31] benchmark with π0.5 [4], Fig. 2a
shows that one-shot fine-tuning generally fails on held-out tasks Tk ̸=m when
evaluated in Etgt, where tgt = Medium (viewpoint shift relative to the source
domain, see § 6 for details). At the same time, performance of θm,tgt on Tm
remains higher than that on Tk ̸=m when evaluated in the source domain (i.e.,
Source viewpoint). This indicates that one-shot model updates primarily capture
task-specific behavior rather than adapting to the target domain across tasks.
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(b) Alignment γ(X,Y ) between update-vectors.

Fig. 2: Properties of one-shot fine-tuning. (a) The model is fine-tuned on adapta-
tion tasks in target (Medium) camera viewpoint. Performance remains high in adaptation
tasks but generalizes poorly to other held-out tasks. (b) Subspace alignment γ(·, ·) among
update-vectors ∆m,tgt = θm,tgt − θ0 on m ∈ {1, 2, 3} and tgt ∈ {Source, Medium}. Vec-
tors align for the same task and domain, showing task- and domain-shared directions.

4.1 Subspace Alignment Between Update-Vectors

To understand why one-shot fine-tuned weights fail in multi-task settings, we
inspect the components of parameter updates. In particular, we analyze the
similarity between layer-wise update-vectors ∆

(l)
m,tgt across tasks and domains.

Since models encoding the same knowledge or capability exhibit high similarity [20,
52], we expect to see the same pattern for update-vectors trained on the same
task or domain. As subspace similarity is a strong predictor of transferability and
downstream performance [7,15,35,44], we quantify the similarity between two
update-vectors ∆

(l)
i and ∆

(l)
j at layer l using the subspace alignment score [35]:

γ(l)(∆i,∆j) =

∥∥∥U (l)
j U

(l)⊤
j ∆

(l)
i

∥∥∥
F∥∥∥∆(l)

i

∥∥∥
F

, (2)

where U (l)
j are left singular vectors from the Singular Value Decomposition (SVD):

∆
(l)
j = U

(l)
j Σ

(l)
j V

(l)
j

⊤
.1 Conceptually, γ(l)(∆i,∆j) measures the fraction of ∆(l)

i

that can be represented by the subspace of ∆(l)
j . In practice, we aggregate γ(l)(·, ·)

across layers into γ(·, ·) = 1
L

∑L
l=1 γ

(l)(·, ·) to obtain a single alignment score.2
As shown in Fig. 2b, update-vectors from the same adaptation task exhibit

strong alignment across domains, indicating that one-shot updates are dominated
by task-specific directions. At the same time, we observe slightly higher overlap
among vectors targeting the same domain across different tasks than those
targeting different domains, suggesting a consistent domain-shared component in

1 We use top-r vectors of U (l)
j with r = min

{
r′ :

∑R
i=r′+1

σ2
i∑R

i=1 σ2
i

≤ 0.052
}

, following [35].
2 We exclude layers with one-dimensional (e.g ., biases and normalization) weights.
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(b) Alignment γ(X,Y ) across target domains.

Fig. 3: Additive task-domain directions in update-vectors. (a) Prototypes
are computed by 16 update-vectors from 4 tasks and 4 domains. Strong alignment
by additive composition suggests orthogonal, linearly combinable task and domain
components. (b) View is viewpoint shift, Noise is camera noise, Light is light change.
Alignment among similar domain shifts shows that domain components are structured
and correlated with semantic of domain shifts.

the updates. This indicates the presence of domain knowledge within the weight
space that can be learned through one-shot fine-tuning.

4.2 Additive Composition of One-shot Update-Vector

Building on observation of task and domain-shared directions in update-vectors
in § 4.1, we investigate how these directions coexist. Prior work shows that fine-
tuning vision and language models for different tasks often updates orthogonal [59],
disentangled weight subspaces [18, 21, 37], enabling interference-free additive
composition of task capabilities. Because VLA models are built upon these
pretrained vision-language backbones [4, 24], we expect them to inherit these
structural properties. We further conjecture that this disentanglement extends
beyond task capabilities to domain knowledge. Specifically, we hypothesize that
within a one-shot target-domain update-vector ∆m,tgt, the directions capturing
task-specific behavior and those capturing domain-specific adaptation can be
independently identified and additively composed without mutual interference.

Validation of additive composition via prototypes. We empirically vali-
date the additive composition hypothesis. Suppose we obtain a set of one-shot
update-vectors ∆m,tgt = θm,tgt − θ0 from a set of tasks T and a set of do-
mains E. From this set of update-vectors, we define three prototypes: (i) task
prototype ∆̄m := 1

|E|
∑

tgt ∆m,tgt averaged across domains, (ii) domain proto-
type ∆̄tgt := 1

|T |
∑

m ∆m,tgt averaged across tasks, and (iii) global prototype
∆̄ := 1

|T ||E|
∑

m,tgt ∆m,tgt. We expect that an update-vector for any specific task-
domain pair (m, tgt) should be correctly estimated via the additive composition
as ∆̂m,tgt := ∆̄m + ∆̄tgt − ∆̄. Intuitively, ∆̄m and ∆̄tgt capture domain-invariant



Domain Arithmetic: One-Shot VLA Adaptation under Environmental Shifts 7

task directions and task-agnostic domain directions, respectively, and subtracting
∆̄ removes common shifts inherent in fine-tuning.

We evaluate how well each prototype and composition explains ∆m,tgt using
the subspace alignment metric γ(·,∆m,tgt) in Eq. (2). In Fig. 3a, the alignment
scores of each prototype across 16 update-vectors exhibit low standard devia-
tion, implying consistent task and domain directions in prototypes and thus in
each update-vector. Moreover, the composed estimate ∆̂m,tgt yields the highest
alignment with ∆m,tgt, suggesting that domain and task adaptations map to
linearly combinable directions in weight space, validating our hypothesis. We
further discuss why the task and domain components are linearly decomposable
in the supplementary material.

Alignment between update-vectors on different domains. To further
understand the properties of the domain directions in update-vectors, we keep
the adaptation task fixed and evaluate the alignment of update-vectors across
diverse target domains (e.g ., viewpoint shifts of varying magnitude, camera
noise, and their compositions) from LIBERO-Plus [12] benchmark. The subspace
alignment results in Fig. 3b reveal that the domain-specific updates learned from
fine-tuning are not arbitrary, but structured. Similar environmental changes (e.g .,
viewpoint shifts) produce similar update directions, while combining two shifts
(e.g ., viewpoint + noise) produces an update that partially reuses the directions
learned for each shift alone. This suggests the model organizes domain knowledge
in a compositional way, where each type of environment change corresponds to a
distinct, reusable direction in weight space.

5 DART: Domain ARiThmetic

In § 4, we find that a one-shot fine-tuned model fails to adapt since its update-
vector is dominated by task-relevant directions, but we also find that the update-
vector can be linearly decomposable into common task and domain components.
Motivated by this, we aim to decompose and utilize the domain component for
model adaptation. Therefore, we propose Domain ARiThmetic (DART), an
analogy-based method inspired by weight arithmetic [18,62]. Instead of computing
the domain prototype as in § 4.2, which requires multiple target-domain tasks,
we extract the domain direction from a single target update-vector by removing
task directions using a source-domain demonstration. To further enhance this
extraction, we introduce subspace filtering and scaling that remove domain-
irrelevant noise from update-vectors. Fig. 4 provides an overview of our approach.

5.1 Domain Vector Extraction

Building on the additive properties in § 4.2, we extract the domain-specific
directions by subtracting the task-specific directions from the target update-vector
∆m,tgt. To estimate these task directions without additional target-domain data,
we leverage a source-domain demonstration Dm,src of the same task Tm, which
is typically available from the data used to train the base model θ0. In practice,
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Fig. 4: Overview of the proposed VLA adaptation approach. (a) We compute
update-vectors ∆m,src and ∆m,tgt by fine-tuning a base policy θ0 on a single task Tm

using source and target data. (b) A domain vector δ̃tgt is extracted by subtracting task
directions, with subspace filtering to suppress misaligned components. Adding δ̃tgt back
to θ0 yields a multi-task policy θ∗ adapted to the target domain.

one can select Tm from the source dataset and then collect the corresponding
target-domain expert demonstration to guarantee the same task. Please refers to
the supplementary material for detailed discussion of source-domain data.

Let θ
(l)
m,src denote the parameters for layer l fine-tuned on Dm,src. Since both

source update-vector ∆
(l)
m,src = θ

(l)
m,src − θ

(l)
0 and target update-vector ∆

(l)
m,tgt in

Eq. (1) are learned from the same adaptation task, they primarily share common
task components. Thus, we define the domain vector δ

(l)
tgt for layer l as:

δ
(l)
tgt = ∆

(l)
m,tgt −∆(l)

m,src. (3)

This subtraction neutralizes the task-specific directions, leaving only domain-
specific directions that encode the environmental shift to the target domain.

5.2 Subspace Alignment for Enhanced Domain Vector

The domain vector extraction through direct subtraction between target and
source update-vectors may successfully isolate target-domain knowledge. However,
fine-tuning often includes task-irrelevant noise [52,54,57], and even minor source-
domain artifacts can be encoded in ∆m,src. Because weight updates reside in low-
rank subspaces that can be rotated or misaligned by fine-tuning artifacts [35,43,61],
naive subtraction may inadvertently inject source-domain noise into the target
domain vector or fail to remove task semantics. To remove irrelevant noise in
domain vectors, we leverage the spectral properties in one-shot update-vectors.

Subspace filtering. Our intuition is that the shared task semantics lie in the
mutually shared subspace between ∆m,src and ∆m,tgt. By filtering the basis
vectors of ∆m,src that weakly align with ∆m,tgt, we can prevent source-specific
noise from corrupting the domain vector. We only filter the source update-vector
as unique bases of target update-vector likely encode the domain directions we
seek to isolate. Specifically, we decompose each update-vector for layer l via SVD:
let ∆

(l)
m,tgt = U

(l)
tgtΣ

(l)
tgtV

(l)⊤
tgt and ∆

(l)
m,src = U

(l)
srcΣ

(l)
srcV

(l)⊤
src , omitting m for brevity.
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We first identify which source basis vectors are geometrically aligned with the
target subspace. Following subspace alignment in model merging [28, 35, 41], we
focus on aligning the column space of the left singular vectors U , as it captures
how the update perturbs a layer’s output-feature directions across all input
directions, highly related to output changes. We form the interaction matrix
C(l) := U

(l)⊤
tgt U

(l)
src and define the overlap energy e

(l)
j of each source basis vector

usrc,j as
e
(l)
j :=

∥∥C(l)
:,j

∥∥2
2

=
∥∥U (l)⊤

tgt u
(l)
src,j

∥∥2
2
, (4)

where j ∈ {1, . . . , R} indexes the column vectors of Usrc. A high energy e
(l)
j

indicates that the j-th source basis vector lies largely within the target sub-
space, signifying a shared task feature. To retain only these shared features in
∆

(l)
m,src, we determine a dynamic cutoff based on the subspace alignment score

γ(l)(∆m,src,∆m,tgt) in Eq. (2). Since this score quantifies the fractional overlap
between the two subspaces, it serves as a natural criterion for determining how
many basis vectors to retain. Let e

(l)
(1) ≥ · · · ≥ e

(l)
(R) denote energies sorted in

descending order. We select basis vectors that are over the energy threshold by

rl := min
{
r :

r∑
i=1

e
(l)
(i) ≥ γ(l)

R∑
j=1

e
(l)
j

}
, Jl := { j : e

(l)
j ≥ e

(l)
(rl)

}, (5)

leading to the aligned source basis matrix Ũ
(l)
src := U

(l)
src[:,Jl]. We then obtain

the filtered source update-vector ∆̃
(l)
m,src = Ũ

(l)
srcŨ

(l)⊤
src ∆

(l)
m,src.

This subspace filtering ensures that we only subtract components that are
aligned with each other. Unlike subspace aligning methods in model merging [15,
28,35,54], which remove insignificant subspaces in all update-vectors and maximize
each vector’s unique components to maintain capabilities from each update vector,
we find the common singular components between update-vectors to correctly
remove common knowledge.

Subspace scaling. Although subspace filtering can remove some misaligned
singular vectors, if the two update-vectors are fundamentally misaligned, i.e.,
γ(l) → 0, filtering alone cannot fully ensure the correct domain vector. Thus, we
scale the domain vector by the alignment score γ(l) to down-weight if the domain
vector is noise-dominant or irrelevant due to misaligned updates. Specifically, we
obtain refined domain vector δ̃

(l)
tgt by scaling the domain vector using γ(l) as

δ̃
(l)
tgt = γ(l) ·

(
∆

(l)
m,tgt − ∆̃(l)

m,src

)
. (6)

Finally, we adapt the base policy θ0 to the target domain by injecting the
domain vector into θ0:

θ∗ = θ0 + α · δ̃tgt, (7)

where δ̃tgt = {δ̃(l)tgt}Ll=1 and α is a scalar coefficient controlling the adaptation
strength. This approach efficiently transfers the base policy to the target domain
Etgt while preserving the multi-task capabilities inherent in θ0.
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Fig. 5: Overview of experimental setups. We experiment on four setups: simulation
setups with novel viewpoints (top-left) and combined visual perturbations (bottom-left)
on LIBERO [31], a cross-embodiment transfer setup on MimicGen [34] (middle), and a
real-world setup on two third-person camera viewpoints (right).

6 Experiments

To evaluate our method, we conduct (i) simulation experiments under diverse
visual shifts and cross-embodiment transfer (§ 6.2), (ii) real-world experiments
under viewpoint shifts (§ 6.3), and (iii) additional analyses (§ 6.4).

6.1 Setups

Models. We primarily evaluate our approach on π0.5 [4], a flow-matching-based
VLA model [30]. To assess architectural generality, we additionally evaluate on
π0-FAST [40], which uses autoregressive action-token generation.

Baselines. In both simulation and real-world experiments, we compare DART
with architecture-agnostic VLA adaptation baselines: (i) Zero-shot (no adapta-
tion), (ii) One-shot FT (full fine-tuning on the one-shot dataset), (iii) FLA [26]
(vision encoder adaptation using LoRA [16]), and (iv) RETAIN [53] (model
merging between source model and One-shot FT with module-wise scaling).

Simulation setup. For visual shifts, we evaluate on LIBERO [31], a robot
manipulation benchmark with four task suites of total 40 tasks. Following prior
work [12, 26, 50], we apply third-person viewpoint shifts and visual perturbations
to LIBERO to mimic real-world environmental shifts (Fig. 5 left). We consider
three levels of viewpoint shift relative to the source camera pose: Small, Medium,
and Large, and two visual perturbations applied on top of the viewpoint shifts:
Noise (noise injection) and Light (illumination change). We adapt the base model
trained on the original LIBERO training dataset [4, 40] to each target domain
using a scene-wise one-shot dataset collected in the target domain, containing a
single demonstration from one task in each of the five LIBERO scenes. We repeat
one-shot adaptation three times with different randomly selected adaptation
tasks and report the average Success Rate (%), with 50 rollouts per task.
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Table 1: Performance on LIBERO across novel viewpoints using π0.5. We
report average success rates of total 40 tasks for three trials of one-shot adaptation
with different adaptation tasks, with the best in bold.

Novel Viewpoints (Success Rate, %)

Methods (π0.5) Small Medium Large Average

Zero-shot 88.3 63.9 11.3 54.5
One-shot FT 43.4 33.3 17.8 31.5
RETAIN (ICLR 2026) 87.4 72.4 48.9 69.6
FLA (CVPR 2026) 92.2 76.4 54.3 74.3
DART (Ours) 92.0 80.8 64.4 79.1

Table 2: Performance on LIBERO under combined visual shifts using π0.5.
We evaluate under the Medium viewpoint shift (View) and two combined settings:
View+Noise (camera noise) and View+Noise+Light (camera noise with illumination).

Visual Perturbations (Success Rate, %)

Methods (π0.5) View View+Noise View+Noise+Light Average

Zero-shot 63.9 60.3 57.2 60.5
One-shot FT 33.3 27.7 28.5 29.8
RETAIN (ICLR 2026) 72.4 65.2 68.5 68.7
FLA (CVPR 2026) 76.4 67.8 70.2 71.5
DART (Ours) 80.8 69.2 75.0 75.0

For cross-embodiment transfer, we evaluate on MimicGen [34] with Stack
and Stack Three tasks, transferring from Panda to UR5e (Fig. 5 middle). Based
on MimicGen-pretrained π0.5, the base policy θ0 is trained on two tasks with
Panda. We then derive the source- and target-domain vector using one Stack
demonstration from each robot. We report Progress Rate (Prog., %) and Success
Rate (Succ., %) as metrics, averaged over 5 seeds with 50 rollouts per seed.

Real-world setup. We evaluate on five real-world tasks using a 6-DoF UR10e
robot arm with a Robotiq 2F-85 gripper (Fig. 5 right): three pick-and-place tasks
(Eggplant, Lemon, Carrot) and two fine-grained manipulation tasks (Stack Cube,
Press Stapler). We use 120 demonstrations (24 per task) collected under the
Source viewpoint to train π0.5, and collect one additional Stack Cube demon-
stration under the Target viewpoint for adaptation. We report Success Rate (%),
averaged over 12 rollouts per task with distinct object placements.

Implementation details. For DART, we fine-tune source and target one-shot
models (θm,src, θm,tgt) for 1,000 steps from the base model θ0. We set the scaling
coefficient α to 0.8 for DART via a small search (10 rollouts per task) on the
Medium viewpoint in a single task suite of LIBERO, and use the same value for
all other task suites, viewpoints, architectures, and in the real-world experiments.
We use the same procedure to find hyperparameters and evaluate each baseline
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Table 3: Performance on LIBERO across novel viewpoints using π0-FAST.
We report average success rates of total 40 tasks for three trials of one-shot adaptation
with different adaptation tasks, with the best in bold.

Novel Viewpoints (Success Rate, %)

Methods (π0-FAST) Small Medium Large Average

Zero-shot 84.6 73.6 62.0 73.4
One-shot FT 71.1 63.0 52.2 62.1
RETAIN (ICLR 2026) 88.3 78.4 62.7 76.5
FLA (CVPR 2026) 86.5 78.4 64.9 76.6
DART (Ours) 91.2 80.8 66.2 79.4

Table 4: Performance on MimicGen under cross-embodiment transfer using
π0.5. We adapt a source policy trained on the Panda robot to the UR5e robot, and
report progress rate and success rate.

Stack Stack Three Average

Methods (π0.5) Prog. (%) Succ. (%) Prog. (%) Succ. (%) Prog. (%) Succ. (%)

Zero-shot 89.4 86.8 70.1 37.2 79.8 62.0
One-shot FT 87.8 84.8 60.9 28.0 74.4 56.4
DART (Ours) 94.8 93.4 73.8 45.4 84.3 69.4

on the same one-shot dataset as our method. Additional details of experimental
setup are provided in the supplementary material.

6.2 Simulation Results

Novel visual domains. As shown in Tab. 1, DART outperforms all baselines
under diverse novel viewpoints. Notably, applying the domain vector δ̃tgt to
the base policy (θ0) yields a substantial gain of 24.6 percentage points (pp).
These results support our hypothesis that domain vectors provide domain-specific
knowledge while preserving multi-task capabilities. Our method outperforms
FLA [26], which fine-tunes only the vision encoder, highlighting the importance of
adapting the entire model in a data-limited setting. Compared with RETAIN [53],
our analogy-based approach performs better, suggesting that explicitly isolating
domain-shift directions helps under data scarcity.

Tab. 2 summarizes performance under combined visual perturbations. DART
maintains a clear advantage over baselines across all settings. This trend indicates
that the advantage of our method persists even under combined environmental
shifts, rather than being limited to a single perturbation type.

Applicability to an alternative VLA architecture. To test generalizability
beyond π0.5’s flow-matching formulation, we apply our approach to π0-FAST, an
autoregressive VLA model. As shown in Tab. 3, our method also consistently
outperforms all baselines on this architecture. This result supports that the
additive structure of update-vectors is applicable to diverse VLA architectures.
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Table 5: Performance on real-world UR10e robot using π0.5. We use a single
Stack Cube demonstration to adapt models to the target domain (novel viewpoint).

Novel Viewpoint (Success Rate, %)

Pick-and-Place Fine-grained Manipulation

Methods (π0.5) Eggplant Lemon Carrot Stack Cube Press Stapler Average

Zero-shot 50.0 33.3 41.7 16.7 75.0 43.3
One-shot FT 58.3 58.3 41.7 33.3 66.7 51.7
RETAIN (ICLR 2026) 58.3 41.7 41.7 16.7 83.3 48.3
FLA (CVPR 2026) 58.3 50.0 50.0 16.7 100.0 55.0
DART (Ours) 91.7 91.7 83.3 41.7 100.0 81.7

Cross-embodiment transfer. Beyond visual domain shifts, upgrading hard-
ware or transferring policies across different robotic platforms remains a major
bottleneck in real-world deployment. To test if our approach can bridge this
physical domain gap, we examine whether the analogy principle in Eq. (3) extends
to cross-embodiment transfer. Tab. 4 shows that DART is also applicable to
the cross-embodiment setting, which differs substantially from visual domain
adaptation. This highlights that our approach can be applied across diverse visual
and physical environmental shifts without any algorithmic modification.

6.3 Real-world Results

We evaluate DART in a real-world setup to assess whether it remains effective
under real-world variability. Table 5 summarizes results under third-person
camera viewpoint shifts on a UR10e robot. Despite adapting from only a single
Stack Cube demonstration, our method achieves high success rates across all
five tasks, indicating that their domain-level transfer is effective even in diverse
real-world conditions. In contrast, baselines perform substantially worse under
the same one-shot budget, indicating limited transfer beyond the demonstration.
We provide experiment videos in the supplementary material.

6.4 Detailed Analysis

Ablation study. Tab. 6 isolates the effect of each component in DART. DART
without any subspace alignment component yields substantial improvement over
One-shot FT (in Tab. 1), suggesting that the analogy-based weight arithmetic
between source- and target-domain update vectors effectively isolates domain-
specific knowledge. This validates the predominant, domain-agnostic task-specific
directions among update vectors evidenced in §4.1, and confirms their linearly
decomposable property consistent with §4.2. Building on this, subspace filtering
leads to marked improvement, highlighting the importance of suppressing noisy
source-domain artifacts in the source-domain update vector for more precise
domain vector extraction. Furthermore, subspace scaling yields additional gains,
suggesting the presence of highly misaligned, low-quality domain vectors whose
contribution is better modulated through alignment-aware reweighting.
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Table 6: Ablation study of each com-
ponent in DART. We report average
success rates (%) across Small, Medium,
and Large viewpoints in LIBERO. Sub.
Filter. is subspace filtering, and Sub.
Scale. is subspace scaling in § 5.2.

Components

Sub. Filter. Sub. Scale. Average

% % 78.1
! % 78.8
% ! 78.5
! ! 79.1

Table 7: Merging domain vectors δ̃tgt
across novel viewpoints. DART reports
average success rates (%) of a separately
adapted model in three novel viewpoints
in LIBERO. Each single merged model is
evaluated across the three domains.

Methods (π0.5) Average

DART 79.1

DART
+ Merging

TA [18] 74.5
TIES [52] 70.9
TSV [15] 75.7
Iso-C [35] 74.8
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(b) Impact of fine-tuning steps.

Fig. 6: Performance under hyperparameter choices on LIBERO across novel
viewpoints. We average success rates (%) across Small, Medium, Large camera views.

Merging multiple domain vectors. We study whether domain vectors for
different target domains from DART can be consolidated into a single transferable
vector, motivated by the additivity of domain directions in weight space (§ 4.2).
We merge three novel viewpoint-shift domain vectors δ̃tgt from LIBERO into a
combined vector δ∗ using model-merging methods [15,18,35,52], and adapt the
base model as θ∗ = θ0+α · δ∗. As shown in Tab. 7, the merged vector successfully
adapts the base model to all three domains, emphasizing the composable nature
of domain vectors. This indicates the practicality of DART that only a single
consolidated vector can be maintained across multiple target domains, reducing
the memory overhead of storing each domain vector.

Scaling coefficient α. Figure 6a shows how DART and its simplified ver-
sion, DART without Subspace Alignment (DART w/o SA) that does not apply
subspace filtering or scaling, vary in performance with the scaling coefficient α
in Eq. (7). Small α is insufficient to address the environmental shift, whereas
large α can interfere with the base policy’s multi-task capabilities. Nevertheless,
DART maintains strong performance across a wide range of α. In particular,
DART is more stable than DART w/o SA, suggesting that subspace filtering and
scaling suppress noisy components that would otherwise be amplified by α.
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Fine-tuning steps. Fig. 6b shows the effect of the number of fine-tuning steps
for the update-vectors in Eq. (3). While One-shot FT degrades over time due
to catastrophic forgetting [53], DART, which extracts the domain vector from
One-shot FT weights, shows small but consistent performance gains, likely as
task-specific directions become more pronounced with training, leading to better
domain vector extraction. Notably, DART maintains strong performance even at
small fine-tuning steps, enabling time-efficient adaptation.

We further show that DART avoids source-domain forgetting, compare DART
with existing model-merging and test-time-adaptation methods, and analyze the
choice of layers to which we add the domain vector and the choice of tasks used
to extract it. Please see the supplementary material for details.

7 Limitation

While DART consistently outperforms baselines, performance degrades under
severe shifts (e.g., Large viewpoint), a challenge shared by all one-shot methods.
We leave this to future work, e.g ., via more reliable domain vector extraction
or stronger base-model training/fine-tuning schemes. Additionally, the scalar
coefficient α requires a small hyperparameter search, though our analysis shows
DART remains stable across a wide range of values and generalizes well across
environments. Hyperparameter-free per-layer adaptive scaling for practical real-
world application is left for future work.

8 Conclusion

We propose a method to adapt VLA models for environmental shifts with only a
single demonstration collection. Motivated by our observation that one-shot fine-
tuned parameters admit an approximately additive decomposition into task- and
domain-specific directions, we introduce DART, an analogy-based approach that
adds filtered domain-specific directions isolated by weight arithmetic. Extensive
evaluation in simulation and on real-world setups shows consistent improvement
and applicability of DART across diverse visual and embodiment shifts.
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