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Abstract—Distribution shifts are a fundamental challenge in
machine learning that can significantly limit model deployment,
especially in robotics where models must handle messy real-
world scenarios. The most direct way to overcome these shifts
is to collect additional data suited for the deployment domain.
However, collecting this data manually can be expensive and
difficult to specify. In this work, we propose Autonomous Em-
bodied Data Adaptation (AEDA), where we instead leverage
autonomous robotic systems themselves to collect data targeted
at overcoming distribution shifts. AEDA uses large multimodal
models (LMMs) to identify distribution shifts, construct data
collection plans to address them, and execute these plans on a
robot. We instantiate AEDA on a real-world mobile manipulator
to improve depth estimation of a pretrained foundation model,
and show that its data improves prediction accuracy by 17.5%
overall compared to a baseline. Additional videos and details:
https://robot-data-collector.github.io

Index Terms—Domain Adaptation, Active Data Collection

I. INTRODUCTION

Distribution shifts between training data and real-world
deployment remain a pervasive challenge in machine learn-
ing [1]. While well-studied in traditional supervised set-
tings [2f, [3], this problem takes on new dimensions when
we have the opportunity to bridge these shifts with additional
data collection [4]. However, doing this manually can be ex-
pensive and require significant domain-specific considerations.
Furthermore, it is often unclear what data is most valuable to
collect, and ensuring that human collectors produce the right
data adds further inefficiency [5], [6]].

This problem is especially acute for foundation models,
particularly large multimodal models (LMMs), when applied
to robotics, where physical and spatial reasoning capabili-
ties are essential. While LMMs have demonstrated strong
generalization, their pre-training on curated, internet-sourced
data leaves them surprisingly brittle on tasks requiring precise
spatial understanding, such as depth estimation, object local-
ization, and scene geometry reasoning. This limitation persists
even in models explicitly designed for robotics applications:
for instance, Gemini Robotics-ER [7]], [8]], a state-of-the-art
closed-source model trained with embodied reasoning in mind.

The dominant remedy to patch these gaps is to collect ad-
ditional domain-specific data [9]], [10]. However, this targeted
collection is typically done by hand, resulting in the cost and
targeting challenges described above. A natural question thus
arises: can we instead use robotics itself to make LMMs more
effective for robotics?

We propose that autonomous robotic systems can serve as
active data collectors for LMMs, targeting collection toward
the specific domain gaps between their training data and
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Fig. 1: Leveraging robots as active data collectors to target dis-
tribution shifts between training and deployment (test) settings:
We propose Autonomous Embodied Data Adaptation (AEDA), a
framework for autonomous embodied data collection that actively
reduces distribution shift. AEDA is comprised of a high-level LMM
Planner [Top], which characterizes distribution shift across self-
proposed dimensions, as well as generates a set of desiderata to direct
autonomous data collection. This desiderata then gets passed a low-
level Code-As-Policies controller [Bottom], which generates code to
execute autonomous data collection over multiple hours.

deployment in robotics settings. As robots become increasingly
capable of operating in the real world, they offer a natural plat-
form for acquiring physically-grounded data at scale, without
the overhead of human supervision.

Concretely, we propose a three-stage framework. First, an
LMM characterizes the domain gap between existing training
data and samples from the target deployment domain by iden-
tifying dimensions of variation along which the distributions
diverge. Second, the LMM synthesizes this characterization
into a data collection plan — a set of structured desiderata
specifying what data to gather. Third, we employ a Code-as-
Policies (CaP) controller [11]], [12], in which the LMM writes
code to command a robot, to autonomously execute the collec-
tion plan. Crucially, the spatial reasoning capabilities required
to execute a data collection plan are substantially simpler than
those downstream reasoning tasks we aim to improve, making
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this a tractable use of current foundation model capabilities.
We instantiate AEDA on a mobile manipulator, targeting depth
prediction as a representative spatial reasoning capability.

Our contributions are: (1) Autonomous Embodied Data
Adaptation (AEDA), a framework for autonomous embodied
data collection which uses a LMM to characterize distribu-
tion shifts and control a robot to collect targeted data to
address them, and (2) an instantiation of this framework
for improving monocular depth estimation capabilities in a
pretrained foundation model on two distinct target domains.
We run two independent data collection campaigns (one per
target domain), and show that fine-tuning on this targeted
data yields an overall 17.5% improvement in depth prediction
accuracy over the baseline, demonstrating that autonomous
embodied collection can be an effective and efficient strategy
for overcoming distribution shifts.

II. RELATED WORK
Our approach sits at the intersection of domain adaptation
and autonomous data collection.

A. Active Domain Adaptation

A large body of work addresses distribution shift from a
statistical perspective, characterizing it via measures such as
KL divergence, maximum mean discrepancy (MMD) [[13]], or
density ratio estimation [[14]]. While these methods offer strong
theoretical guarantees, they often rely on restrictive parametric
assumptions and can be difficult to apply in high-dimensional,
real-world settings. Our work instead leverages the semantic
reasoning capabilities of LMMs to characterize distribution
gaps [15], complementing these statistical tools with more
practical, open-ended characterizations.

In settings where additional data collection is infeasible, a
line of work considers test-time adaptation (TTA): adapting a
model at inference time via auxiliary task prediction, distri-
bution alignment of test samples, or prompt tuning [[16]-[18]].
These methods are constrained to work with whatever the test
sample provides, without the ability to actively reshape it.

When new data can be collected, prior work has studied how
to ensure that collection targets the deployment distribution.
DAgger [19] and its variants [20] address covariate shift in
imitation learning such that the training data matches the state
distribution induced by the learned policy. Gandhi et al. [6]]
studies how to elicit human-provided data to improve model
capabilities. Our work shares the goal of targeted collection,
but replaces human collectors with an autonomous robot.

B. Autonomous Data Collection

The question of how an autonomous agent should explore to
maximize learning is central to reinforcement learning (RL).
A rich literature studies intrinsic motivation and exploration
bonuses, rewarding agents for visiting novel states [21]], [22].
Our work is related in spirit: we seek to direct autonomous
behavior toward data that is informative for improving a
model. However, rather than optimizing for novelty within an
RL policy, we use an LMM planner to explicitly reason about
what data is missing and direct collection accordingly.

Most related to our approach is the emerging paradigm
of robot-powered data flywheels [23[], [24], where deployed
robots act as both task executors and data generators. Our work
is complementary to this: while data flywheel approaches fo-
cus on large-scale autonomous deployment to broadly improve
data coverage, we focus on fargeted collection that explicitly
closes a diagnosed distribution gap, using LMMs not just to
execute collection, but to first reason about what to collect.

III. AuTONOMOUS EMBODIED DATA ADAPTION
AEDA consists of three stages: characterizing the gap
between training and target domains, generating a plan for
active data collection, and autonomously executing that plan.

A. Characterizing Distribution Shift with a LMM

First, AEDA characterizes the gap between the training and
target distributions. Given samples Dygin = {Zi}" 1 ~ Piain
and Dyreer = {7 };”:1 ~ Parger» Wwe prompt an LMM to
identify dimensions along which they differ. Concretely, the
LMM proposes a set of K measurable functions {fj}< ,,
where each f : X — R maps a sample to a scalar value along
an interpretable axis of variation (e.g. object distance or size).
The discrepancy along each dimension is then evaluated as the
W1 Wasserstein distance: A, = Wy ( T (Dieain), fk(Dtarget)).
The dimension is retained if a meaningful gap is observed,
ie., Ar > € and passed to the next stage as a structured
characterization of the domain gap.

B. Desiderata for Directing Data Collection

The LMM converts the retained dimensions { f;} into a set
of “desiderata”: a list of collection plans structured as a JSON
of tasks. Each task specifies a target object class, a required
scene, predominantly arm- or base-driven motions, a trajectory
drawn from the primitive catalog, a collection episode budget,
and per-episode acceptance criteria. The primitive catalog
contains 7 trajectory families, spanning: sphere orbit, far orbit,
approach and retreat, linear, dolly, and look-away-return. This
sits at the rask level, abstract enough that the LMM can plan
without solving geometry, yet concrete enough that each entry
maps unambiguously to a callable skill.

The prompt consists of a fixed preamble defining the
LMM’s role, the output schema, and the primitive catalog
with associated reach envelopes, followed by the ranked
per-dimension discrepancies A, aggregate dataset statistics,
and optional soft guidance from a human operator. Episode
budgets are allocated in rough proportion to Ay, so that larger
distribution gaps receive more collection effort. Importantly,
no per-task few-shot examples or prompt tuning are required
— only the platform capability description needs to change
across different robot embodiments.

C. Robot Controller for Executing Data Collection

At execution time, a LMM orchestrates a catalog of ~25
predefined parametrized robot skills to execute the collection
plan generated in the previous stage. The controller operates
at three nested timescales — task, episode, and control rate —
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Fig. 2: Robot Controller. The LMM controller executes each task
by selecting skills from a predefined catalog. Autonomous execution
is maintained through closed-loop feedback at three timescales: low-
level MPC replanning against a rolling costmap, per-episode accep-
tance evaluation, and task-level budgeting that retries or advances
based on collected episode count.

each with its own feedback loop, enabling closed-loop, fully
autonomous execution without in-context demonstrations.

Skill Catalog. Skills span four categories. First, perception
skills include scene survey, open-vocabulary object listing, and
target detection via a RAM++ [25] to SAM3 [26] cascade.
Second, a set of navigation skills expose goal-driven Nav2 [27]]
planning and frontier-based exploration. For data collection,
an atomic capture-episode skill bundles trajectory generation,
execution, and per-waypoint recording. Finally, a set of arm
movement skills consider resets to home and target-height
poses. The agent consumes one task at a time with a com-
pact primer prompt that describes the skill catalog and task-
conditional rules. Past context and history persists across tasks,
preventing already-visited objects from being recollected.

Trajectory Execution and Safety. Each capture-episode call
begins with a cost-aware feasibility check against the fused
SLAM and Nav2 rolling costmaps, rejecting base trajectories
that pass through lethal cells. Orbit-shaped trajectories are ad-
ditionally refined by a Nelder-Mead search [28]] optimizing for
reachability and data diversity. Arm trajectories are resolved
through per-waypoint inverse kinematics, tagging infeasible
waypoints rather than aborting. Base trajectories are tracked
by a model-predictive controller [29]] that re-optimizes the
remaining arc mid-execution whenever the costmap reveals a
newly-occupied cell ahead.

Closed-Loop Execution. As illustrated in Figure 2] the system
closes the loop at three timescales: at the control rate, via
continuous replanning of base trajectories against the costmap;
at the episode level, via acceptance evaluation that returns
a verdict to the agent, allowing it to retry with adjusted
parameters; and at the task level, via budgeting, where the
runner advances to the next task only after the required number
of accepted episodes or attempt budget is reached.

IV. EXPERIMENTS
To instantiate AEDA, we use a Franka FR3 [30] arm
mounted on a TidyBot++ [31] mobile base. The system is
equipped with a base-mounted Unitree L2 LiDAR for local-
ization and mapping, and an iPhone 15 Pro wrist camera.
The robot is controlled via the Gemini 3 Flash [32]] with
a set of predefined parametrized skills. We note that the robot

is initialized in environments that broadly satisfy its self-
proposed desiderata’s scene requirements, for example access
to larger rooms with space to maneuver or many relatively
small objects to observe. We then let the robot roll out
autonomously within these scenes.

To evaluate the efficacy of AEDA’s data collection, we
consider the task of monocular depth estimation with a pre-
trained foundation model LMM. We select the Qwen2.5-VL-
7B-Instruct [33]] model as our base model and use three
depth datasets with semantic annotations for fine-tuning and
evaluation: SUN RGB-D [34] as our train domain, and NYU
Depth V2 [35] and ARKitScenes [36] as our target settings.

Characterizing Distribution Shifts. As in Section [[II-Al
AEDA first characterizes distribution shifts between train and
target domains along self-proposed dimensions — “distance”
and “object size” in this task of monocular depth estimation.
We visualize the results of the “distance” characterization in
Figure |3 Left. For each domain, we randomly sample 10%
from the training split. To avoid potential bias, we evaluate
exclusively on test splits, ensuring no overlap between the
data used for collection planning and evaluation.

As shown in Figure [3] Left, we note that the actively-
collected datasets exhibit markedly different depth distribu-
tions from the SUN RGB-D training set, confirming the do-
main gaps identified by the LMM. ARKit-targeted collection
is heavily concentrated in the near range, with a sharp peak
below 1m, reflecting the LMM’s diagnosis that ARKit scenes
contain a higher proportion of close-range objects than the
training set. NYU-targeted collection, by contrast, is more
spread across mid-to-far ranges, with a notable long tail
extending beyond 5Sm — a region that is substantially un-
derrepresented in SUN RGB-D. Importantly, the pre-existing
ARKitScenes and NYU Depth V2 evaluation distributions
differ meaningfully from SUN RGB-D in precisely these re-
spects, validating that the LMM-proposed collection directions
target genuine and consequential distribution gaps.

Model ARKit [36] NYU Depth V2 [35]
Pre-Trained Qwen2.5 1.121 £1.044 1.562 £ 1.401

Pre-Trained Gemini ER ~ 0.459 4+ 0.378 0.587 4+ 0.561
FT: Train Set 0.595 + 0.395 0.494 + 0.637

FT: Train Set +
Passive Data 0.426 4+ 0.363 0.559 4+ 1.602

FT: Train Set +
Active Data (AEDA)  0.417 + 0.431 0.469 + 0.526

Table 1: Depth Estimation with AEDA: We report mean absolute
error and standard deviation of predictions on two target domains.

Improving Models with Active Data Collection. Given an
autonomously-collected dataset, we investigate how passive
versus active data collection strategies affect model perfor-
mance. We fine-tune a VLM (Qwen2.5-VL-7B-Instruct [33]),
pre-trained on internet data, on three different data mixtures:
(1) Train Set, in this case the Sun RGB-D dataset; (2) Train
Set + Passive Collection, which incorporates autonomously-
collected data not actively targeted at bridging the domain gap
of the target domain; and (3) Train Set + Active Collection
(AEDA), which incorporates our actively-collected data in
addition to the initial train set. For efficiency, we operationalize
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Fig. 3: Characterizing Data Distributions and Model Performance. Our LMM planner first characterizes samples from each data domain
along self-proposed dimensions of variance (i.e. depth), and then directs data collection to patch these gaps [Left]. We also visualize model
performance relative to this dimension both with and without AEDA’s actively collected data.

“passive collection” as the data collected to bridge the other
target domain’s gap, as it is autonomously collected but
untargeted with respect to the domain being evaluated.

Table [T presents mean absolute error and standard deviation
of model predictions across all conditions. Fine-tuning with
actively-collected data yields the best results overall, with
improvements of 29.9% and 5.06% over the train-set-only
baseline across the ARKit and NYU domains respectively.

Interestingly, passive data collection also yields a nontrivial
improvement on the ARKit evaluation set. We hypothesize this
is because any out-of-distribution data broadens the diversity
of the training mixture, improving model robustness even
without explicit targeting. In support of this, Figure [3] Left
shows that the NYU-targeted collection — which serves
as our passive baseline for ARKit — has a long tail that
partially overlaps with the ARKit domain, providing incidental
but nontrivial coverage. We do not observe the same effect
on NYU, which we attribute to the high specificity of the
data collected when targeting ARKit: unlike truly random
collection, it is narrowly distributed around the ARKit domain
and thus provides little coverage of NYU’s distribution. We
hypothesize that a truly passive, domain-agnostic collection
baseline would yield a larger improvement on NYU. We also
compare against the pre-trained Gemini Robotics-ER 1.6 [[7]],
highlighting the difficulty of spatial reasoning tasks such as
depth estimation even for state-of-the-art closed-source foun-
dation models explicitly designed for robotics applications.

We additionally visualize model failure modes in Figure
Right stratified by depth — one of the dimensions proposed
by the LMM for characterizing domain gaps. For ARKit, we
observe substantial performance gains in near-range settings,
driven by the large proportion of short-range data in the
actively-collected set: 90.6% of ARKit-targeted samples lie
within 1.5m, compared to only 14.4% of the SUN RGB-
D training set. For NYU Depth V2, improvements are con-
centrated at far-range distances, where 22.6% of the newly
collected data lies beyond 5Sm versus only 1.5% in SUN
RGB-D — directly reflecting the distribution gap identified
during planning. We also observe a slight degradation in near-

object estimation on NYU, which we attribute to the limited
object diversity and low proportion of near-range samples in
the NYU-targeted collection, which shifts the overall training
distribution toward farther depths.

Autonomous Embodied Data Collection. We deployed the
robot in two scenes, one for each target domain, according
to the LMM desiderata directing the data collection. For the
ARK:it active data collection, the robot operated in an office
setting for 61 minutes with zero human interventions. The
robot collects a total of 6,852 image frames, which are filtered
during post-processing to 1,293 frames containing 2,632 total
object instances. The resulting dataset accounts for 7.61% of
the final training mixture.

For the NYU active data collection, the robot was de-
ployed in a large conference room setting for 58 minutes,
collecting 10,228 image frames. After post-processing, 1,109
frames were retained with 1,367 object instances. The resulting
dataset accounts for 4.10% of the final training mixture. This
deployment required a single human intervention to reposition
the robot and enable exploration of previously unseen areas.

V. CONCLUSION
We introduce AEDA, a framework that leverages an LMM
to characterize distribution gaps between training and de-
ployment data, then directs a robot to autonomously collect
targeted data to bridge them. Applied to monocular depth
estimation, fine-tuning on AEDA’s actively collected data
yields a 17.5% improvement in VLM performance over fine-

tuning on the original training set alone.

Limitations and Future Work. While AEDA operates au-
tonomously during data collection, it currently requires oc-
casional high-level supervision to transition between scenes
and settings. A related open question is how to incentivize
exploration for data diversity beyond the LMM-proposed
dimensions, particularly in static environments. As embodied
autonomy capabilities continue to improve, we look forward
to extending AEDA to broader deployment settings, enabling
robots to roam more freely and collect richer, more diverse
data with minimal oversight.
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