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Abstract: Extending a vision-language-action (VLA) policy to a new task typi-
cally requires task-specific teleoperated demonstrations and per-task fine-tuning,
making adaptation costly in both data collection and compute. In this paper, we
show that this target-side per-task adaptation cost can be replaced by retrieval.
Our retrieval augmented policy is trained once on paired demonstrations from the
target embodiment (query) and a cheaper embodiment (pool, e.g., human-hand
video), then frozen. New tasks are added at deployment by appending pool-side
demonstrations to a retrieval pool. The frozen policy conditions on retrieved tra-
jectories at every control step, so new tasks are absorbed by indexing data rather
than updating parameters. Fine-tuning is needed only to take on a new, unseen
embodiment, not for each new task. We show that retrieval improves policies
beyond a specific backbone, including standard VLA policies, but its effect is
especially pronounced in Cosmos Policy, a video-generation-based world-action
model (WAM). In this setting, retrieval supplies coarse task progression, while
the WAM'’s future-image objective provides an additional visual consistency sig-
nal that strengthens the retrieval-conditioned actions. On PushT, we study how
retrieval provides a reusable high-level motion prior for cross-embodiment gener-
alization to unseen goal angles, while on RoboTwin 2.0 our method outperforms
cross-embodiment baselines on unseen tasks, and we additionally demonstrate the
method on a real robot.

Keywords: Robot foundation models, World-action models, Retrieval-augmented
policies, Vision-language-action models

1 Introduction

General-purpose robot policies [1, 2, 3, 4, 5, 6, 7, 8] aim to execute open-ended manipulation behav-
iors from natural-language instructions while generalizing across diverse environments, tasks, and
embodiments. Yet a new embodiment still requires its own teleoperated demonstrations and per-task
fine-tuning, so cost grows with each new task added. We argue that this per-task cost is avoidable:
behavioral knowledge from a cheap, data-rich source (e.g., human-hand video demonstrations) can
transfer to the target embodiment through a retrieval rather than retraining paradigm.

The cost of the previous approach is twofold. On the data side, target-embodiment demonstrations
would be collected through teleoperation, which is slow, hardware-bound, and roughly 18 x slower
to acquire than equivalent human-hand demonstrations [9, 10]. On the compute side, modern vision-
language-action (VLA) models and robot foundation models operate over high-dimensional visual
and action sequences, so per-task fine-tuning of recent world-action models (WAM) [7, 11, 8] costs
roughly 24 GPU-hours per task and continues to scale with model size, context length, and action
horizon. Both costs compound with every new task introduced.
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Figure 1: RECAP overview. Instead of teleoperating each new task and fine-tuning the policy (top,
~24 GPU-hours/task for Cosmos Policy [7]), ReCAP appends cheap human-hand demonstrations
to a retrieval pool while keeping the policy frozen (bottom), 18x cheaper [9, 10], no additional
training.

We propose RECAP (Retrieval-Conditioned Action Policy), which shifts adaptation from repeated
optimization to retrieval over a reusable pool of source-embodiment demonstrations. The policy is
trained once to bridge the gap between source and target embodiments and is then frozen; behavioral
coverage expands by simply appending new demonstrations to the retrieval memory.

RECAP builds on a world-action model (WAM) [7, 8, 12, 11, 13, 14, 15], specifically Cosmos Pol-
icy [7]. We parameterize the action latents as a residual over retrieved trajectories: retrieval supplies
the coarse high-level motion and task progression, while the policy learns only the embodiment-
specific dynamics needed to execute the behavior on the target robot. Crucially, the WAM’s future-
image prediction objective enforces consistency between the retrieved trajectory and the predicted
evolution of the scene, a visual alignment signal that becomes informative only when paired with
retrieval in unseen tasks, and that we find especially beneficial for long-horizon behaviors where
high-level motion structure dominates.

The main contribution of this paper is threefold: a paradigm that adapts a policy to new tasks entirely
at test time, absorbing each new task by extending a retrieval pool with cheap pool-embodiment
demonstrations while the policy stays frozen with no parameter updates; a retrieval-conditioned
residual policy on a WAM (i.e., Cosmos Policy [7]) in which retrieval supplies the high-level mo-
tion so the policy learns only the embodiment-specific correction, reinforced by the WAM’s future-
image objective that is informative only when paired with retrieval; and consistent gains over cross-
embodiment baselines on PushT [16] (34.9% vs. 6.0% on seven unseen angles) and RoboTwin
2.0 [17] (31.5% vs. 26.0% on five unseen tasks), with a pool-progression study confirming mono-
tonic coverage growth without parameter updates and a further real-robot validation.

2 Related Work

World action models. Recent VLA policies inherit either a pretrained language backbone with an
added action head (OpenVLA [1], mo.5 [3], GROOT N1.6 [4]) or a pretrained video model that folds
actions into the same generative process (DreamZero [8], Cosmos Policy [7], mimic-video [12],
Fast-WAM [11]). We call the latter family world-action models (WAMs); their video backbone
is pretrained on internet-scale data and already encodes semantics and physical dynamics, so the
policy learns only control on top, with action and future-observation prediction emerging from one
shared video generation. These WAMs train on target-robot demonstrations alone, leaving their dy-
namics priors unpaired with cheaper cross-embodiment supervision, which we address by building
a WAM on Cosmos Policy that conditions on retrieved pool-embodiment trajectories at training and
deployment (Section 4.1).

Retrieval and Cross-embodiment policy transfer. Retrieval-based imitation [18] adapts a policy
with relevant demonstrations rather than training from scratch on each task. Within a single em-
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bodiment, FlowRetrieval [19] co-trains the policy on optical-flow-retrieved data, and STRAP [20]
trains a task-specific specialist at deployment from DTW-matched sub-trajectories. To cut data cost,
attention has turned to cheaper human demonstrations [21, 22, 23]: Hong et al. [24] uses a single
human-hand demonstration to retrieve matching robot sub-trajectories and efficiently fine-tunes a
policy on them for fast adaptation. These methods still pay for each new task with training, whether
by co-training or a test-time fine-tune. Other methods reduce this training cost by using human
data more directly. R+X [25] retrieves everyday human videos and executes them directly without
training, but it stays in the human domain and does not learn an embodiment-specific correction.
In-context methods such as MimicDroid [9] condition on a human prompt, which a user must hand-
pick for each task. We instead learn the cross-embodiment gap once on paired (query, pool) data
and freeze it; the user then grows the retrieval pool with new pool-embodiment demonstrations at
test time, which broadens the policy’s task coverage without retraining.

3 Problem Formulation

Setting. We study a cross-embodiment imitation setting with two sides: a query side that we want
to control autonomously at deployment, carrying a target embodiment (e.g., a robot arm), and a pool
side carrying a pool embodiment that is easier to collect demonstrations from but is never deployed
(e.g., a human hand). The two embodiments differ in geometry, contacts, and dynamics, and differ
sharply in data cost, since a query demonstration requires a teleoperation rig and operator while
a pool demonstration only needs a lightweight tracker on a human. Transfer between them rests
on two assumptions: a shared state/action representation (we use SE(3) end-effector pose plus a
gripper signal where applicable), and motions that are semantically similar at the trajectory level, so
a coarse plan derived from a pool trajectory is informative for the query.

Train and test access. At training time we assume that the model is given paired demonstrations
DI and DP on a fixed task distribution, each a set of state-action pairs { (s, a;)} collected on

the corresponding embodiment. At test time the model faces new tasks outside this distribution; only

pool demonstrations DE;;?I are provided, no additional query data is collected, and model parameters

are not updated. The model is rolled out on the target embodiment, so the current query state sj"~
is observed at every control step.
Retrieval-conditioned action prediction. Let Drool denote the active retrieval pool, DP at train-

train
ing and D% at deployment. At each step ¢, we select ' = arg min, d(s™*, s2°') over DP°!,
where d is a feature-space distance specified in Section 4.2. The retrieved chunk (s2y, . 17, abo. ;)
of action chunk length H steps together with s{"*” is fed to the policy, which predicts the query
query

action chunk a;,,,";;. The same rule applies at training and deployment with only DPo°! changing;

crucially, DI can be extended at any time without touching .

4 Proposed Method

We propose RECAP to adapt a policy to new tasks at test time without retraining, by retrieving
relevant demonstrations rather than updating weights. The intuition is that the target and pool em-
bodiments largely agree on what a task requires and differ mainly in sow to execute it. A retrieved
pool trajectory therefore supplies the shared high-level plan cheaply, leaving the policy to learn only
the embodiment-specific correction, so adapting to a new task becomes a matter of indexing data
rather than updating parameters, much as retrieval-augmented generation externalizes knowledge
into a searchable store (Fig. 2). Section 4.1 details the backbone and its retrieval conditioning, and
Section 4.2 specifies how the retrieved chunk is selected and extended at test time.

4.1 Retrieval-Augmented World Action Model

Because the policy stays frozen and conditions on an external pool, new tasks can be absorbed at
test time by extending that pool rather than by retraining; we expect coverage to grow with the pool,

3
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human-hand video, to partly substitute for Qrpini I* . ; SpeH
target-robot teleoperation.

Backbone and retrieval-conditioned in-

put. The backbone is the Cosmos Policy ReCAP

formulation [7], which emits query-side E B B
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Figure 2: RECAP framework. The current observa-
tion retrieves a matching state-action chunk from the
pool database; the retrieved chunk and the current ob-
servation then condition a world action model that de-
noises the next action and next observation in one video
sequence.

trieved pool-embodiment chunk:

query pool pool
o (st ) (St’:t’JrH? at’:t’JrH))

~ query Aquery
> Qg Seppe (D

The retrieved chunk and the observed
query frame are encoded into clean latent
frames and prepended along the tempo-
ral axis as conditioning, while the query-
side future actions and observations are
denoised from noise (Fig. 2); the language instruction enters via cross-attention. The retrieved
chunk thus extends the standard I2V conditioning, a single clean frame, to a clean state-action sub-
sequence, with no architectural modification.

Joint training objective (World action model). Action and future-image latents are supervised
jointly with a single flow-matching loss:

L(O) = NLac @iV r> afirin) + Loae( S5 5810) 2)

Joint training yields actions aligned with the predicted next state, producing more grounded action
outputs. For a standard VLA, we lack L and 83 ;.

Residual action parameterization. Because the retrieved pool action chunk af’}, ,; already
encodes a coarse motion the target should execute, we let the action latents represent only the
embodiment-specific correction [26, 27] on top:

. 1

Ay = gy + Aapiin. 3)
This narrows what the action latents must encode to “how the query action differs from the pool’s,”
the variation actually caused by the embodiment gap. This variation is weakly reflected in action
labels but clearly visible in pixels, e.g., how contact happens, how the gripper closes. Residual
focuses the action latents on this correction, and state prediction provides the dense visual signal to
learn it.

4.2 Retrieval

At each control step ¢, the policy retrieves a pool-embodiment index ¢’ from DP°! whose surround-
ing chunk best matches the current query context. We first form a candidate set C;mj by taking the
top-K trajectories closest to the query under a composite initial-frame descriptor 19, a language
embedding of the goal, initial task-relevant object positions (via SAM 3 [28]), and initial proprio-
ception. Within C;™, the index distance d in Section 3 is a weighted sum of L distances over object
pose, proprioception, and the upcoming action chunk (training only; dropped at inference), and a
cosine distance over a DINOv3 [29] image feature.

. . . 1 . .
At inference, new pool-embodiment demonstrations Dby, replace the active pool and are reindexed
. | 1. .
under vy and the features above; retrieval re-runs every step, so Dhv; can grow within a session.
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Figure 3: PushT cross-embodiment pool database setting. The training set pairs the triangle
(target) and disc (pool) at £45°. The test set is a pool database of disc-pusher demonstrations
spanning all goal angles, which the frozen triangle policy retrieves from on the seven unseen angles.

5 Experiments

We evaluate the proposed RECAP policy in three challenging cross-embodiment settings. PushT
variant [16] (§5.2) provides a controlled environment for analyzing how retrieval improves gener-
alization and why retrieval-conditioned WAMs are effective. RoboTwin 2.0 [17] (§5.3) evaluates
whether the same paradigm scales to multi-task dual-arm manipulation, while real-robot experi-
ments (§5.4) test whether unseen tasks can be absorbed through retrieval alone using human-hand
demonstrations without additional robot training. Across all setups, we study the same hypothe-
sis: retrieval supplies coarse task progression, while the policy learns only the embodiment-specific
dynamics needed to execute the behavior on the target robot.

5.1 Experiment Setup

PushT Environment. In the 2D PushT benchmark [16, 30] an agent pushes a T-shaped block
to a goal pose; we make it cross-embodiment with two pushers of different contact dynamics, a
triangle (target) and a disc (pool), and take the goal rotation angle as the task axis. Training uses
100 paired {triangle, disc} demonstrations at +45°; the triangle is then evaluated on nine different
angles ranging from —60° to +60° in 15° steps, seven of them unseen. The test-time pool holds
disc-pusher demonstrations at 5° resolution over [—60°, +-60°], added without retraining.

RoboTwin Simulation Environment. On RoboTwin 2.0 [17], we take Aloha-Agilex [31] as the
target and URS as the pool, training on five paired {target, pool} tasks and evaluating on five unseen
ones (Table 1). A test-time pool-progression eval grows the pool through five levels (i.e., 11, 17, 23,
29, 35 tasks), each a strict superset of the previous, with the policy frozen throughout.

Real Robot Setup. On a physical robot, the pool embodiment is a human hand (video with wrist-
pose tracked in VR) and the target is the teleoperated robot. We fine-tune on a single task, open-
cabinet, with 25 paired demonstrations. Then we freeze the policy and evaluate on three tasks: the
seen open-cabinet and two held out from fine-tuning, place-bottle-in-plastic-box and close-cabinet
(Fig. 8a). The only test-time exposure to the held-out behaviors is 10 human-hand demonstrations
per task added to the pool.

5.2 PushT Experiments

In this section, we study the following aspects of retrieval-conditioned generalization through PushT
experiments [16]: (1) whether expanding the retrieval pool at test time improves unseen-task cov-
erage without retraining, (2) whether retrieval benefits more from a WAM backbone than from an
action-only policy, and (3) whether the retrieved trajectory acts as a reusable high-level motion prior
that the policy adapts to the target embodiment. PushT is a controlled testbed whose generalization
axis (i.e., the goal angle) is one-dimensional and densely measurable, which enables exploring these
questions.

Test-time pool progression. Expanding the retrieval pool at test time without parameter updates
steadily recovers the unseen angles. We grow the pool with disc-pusher demonstrations at inter-
mediate goal angles and track per-angle success across five snapshots (Fig. 4). Specifically, the
unseen-angle average rises monotonically from 6.0% without retrieval to 34.9% at the full pool.
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Figure 4: Test-time pool progression on PushT. The leftmost panel is the no-retrieval baseline
with our full-pool curve overlaid (shaded gap). The other panels show per-angle success as the pool
grows with no retraining, with the previous snapshot in gray and the incremental gain shaded.
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Figure 5: Comparative analyses of RECAP and baseline on PushT. (a) Unseen-angle success
with and without retrieval on a 7y 5 and a Cosmos (WAM) backbone; retrieval helps both, and the
WAM benefits more. (b) The future-image objective improves unseen success only when paired
with retrieval. (c) Action-slot attention across decoder layers, which peaks on the T-block and then
on the predicted next position under retrieval but stays near uniform without it.

Notably, each angle reaches much of its final success before its matching pool angle is added, so the
policy interpolates over neighboring demonstrations rather than memorizing the nearest one.

Retrieval and the role of the WAM objective. If retrieval already supplies the coarse motion
plan, then the remaining learning problem is primarily adapting that plan to the target embodiment
dynamics. We therefore hypothesize that a WAM should benefit more from retrieval than an action-
only policy, since its future-image objective encourages the retrieved trajectory to remain consistent
with the predicted future scene, providing a stronger learning signal for the embodiment-specific
dynamics adaptation. Figure 5a reveals that retrieval improves both backbones, raising the unseen-
angle success of the action-only 7 5 [3] from 6.6% to 25.1%. However, the gain is larger with a
WAM backbone. In Fig. 5b, removing the image-prediction objective reduces our model to 27.4%,
comparable to retrieval-augmented g 5 (25.1%), while restoring it improves performance to 34.9%.

How the retrieval-conditioned policy works. The retrieved chunk acts as a coarse motion prior,
while the policy adapts it to the target embodiment rather than planning from scratch. Decoder
cross-attention analysis in Fig. 5c reveals a two-stage routing behavior: early layers attend to the
manipulated object and retrieved trajectory, whereas later layers shift attention toward the policy’s
own predicted next state, adapting the retrieved plan to the target embodiment dynamics. This
structure does not emerge without retrieval, where the ROI ratio remains near 1.0 across layers,
indicating near-uniform attention. Masking the action-to-retrieval attention further confirms that the
retrieved trajectory causally influences the generated actions.

5.3 RoboTwin Simulation Experiments

In this section, we evaluate the proposed method in a multi-task, dual-arm manipulation simulation
environment, RoboTwin 2.0 [17]. We compare against standard cross-embodiment baselines on seen
and held-out unseen tasks, then test whether the test-time pool growth seen on PushT carries over to
this multi-task regime.

Baseline comparisons. We compare against three cross-embodiment baselines that share our back-
bone but differ in how they incorporate the URS5 (pool) data. Baseline, Cosmos Policy [7] is trained
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Table 1: Quantitative analysis on RoboTwin. We report per-task success rate (%) on RoboTwin,
with Aloha-Agilex as the target embodiment and URS as the retrieval pool. The left block shows
seen tasks, and the right block shows unseen tasks.

Seen tasks Unseen tasks
Method PCB OM DB MP GR Avgt MPP PBS CB HM LP Avgt
Baseline [7] 475 10.0 25.0 30.0 50.0 325 00 0.0 200 00 00 40
Retrieval Only 300 75 225 75 600 255 0.0 100 425 375 40.0 26.0
Co-training 00 50 75 500 725 270 00 0.0 400 0.0 100 10.0

RECAP (Ours) 60.0 12.5 40.0 35.0 70.0 43.5 5.0 125 47.5 475 450 31.5
PCB = Place Cans Plasticbox OM = Open Microwave DB = Pick Dual Bottles MP =Move Can Pot ~ GR = Grab Roller

MPP = Move Pillbottle Pad PBS = Place Bread Skillet CB = Click Bell HM = Hand-over Mic LP = Lift Pot
Baseline Retrieval Only
e V-8 g 3 I# ’ X ?N
! 2 " 7 r
Co-training Ours

3 P

Figure 6: Qualitative comparison on the held-out hand-over-mic task. Baseline (top-left) and
Co-training (bottom-left) fail to grasp the microphone; Retrieval Only (top-right) knocks it over (red
box); Ours (bottom-right) grasps it successfully. Each inset shows the retrieved URS chunk that the
policy conditions on.

on Aloha-Agilex (target) demonstrations alone, with no access to the pool. Retrieval Only executes
the action sequence of the nearest pool demonstration without learning. Co-training is a common
cross-embodiment baseline, also used in EgoBridge [21] and STRAP [20], that jointly trains a single
policy on the union of target and pool trajectories. Table 1 shows that RECAP leads on both splits,
at 43.5% seen and 31.5% unseen versus 32.5% and 26.0% for the strongest baseline. Replaying
the nearest pool trajectory (i.e., Retrieval Only) is competitive only where that trajectory already
approximates the target action. Otherwise, the learned residual on top of retrieval is what closes the
gap. As Fig. 6 illustrates, the nearest URS trajectory collides and dislodges the object, while our
policy produces the finer grip orientation the task needs.

Test-time pool progression. Figure 7 shows that growing the re-
trieval pool at test time with the policy frozen raises unseen-task
success monotonically, from 9.0% to 31.5% at the full pool. Each
increase coincides with a held-out task becoming retrievable, and ‘ : : : :
once all five are in the pool, the frozen policy matches its supervised 1 17 23 29 35
unseen-task average. Cheap pool-embodiment data at deployment Pool size (tasks)

can therefore stand in for new target-embodiment demonstrations on  Figure 7: Test-time pool
tasks unseen during fine-tuning. progression on RoboTwin.

315
185 19.5 220

©
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Success (%)
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5.4 Real Robot Experiments

We test whether the protocol transfers to real-world robots, despite the large embodiment gap be-
tween the human-hand demonstrations in the retrieval pool and the target robot (Fig. 8a). On two
held-out tasks, the no-retrieval baseline collapses to the trained open-cabinet motion regardless of
the target task, reaching only 10% and 0%, while retrieval enables the frozen policy to follow the
conditioned human trajectory and reach 80% and 30% on closing the cabinet and placing the bottle
(Fig. 8b). This indicates that human-hand demonstrations in the pool can partly substitute for addi-
tional target-robot teleoperation, even across a substantial embodiment gap. The qualitative results
are shown in Figure 9.
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Figure 8: Real-robot experiment. (a) The training-time database pairs the robot (query) with a
human-hand pool; the test-time database adds human-hand demonstrations for the held-out tasks.
(b) Per-task success rate over 10 rollouts, Baseline vs RECAP (Ours).

Task: Close cabinet

N

Baseline - ReCAP (Oﬁrs)

Figure 9: Real-robot generalization to unseen tasks. We show rollouts on the two held-out tasks
(three frames each; baseline left, ours right). Trained only on open-cabinet, the baseline replays that
trajectory and fails to close the cabinet (top) or grasp the bottle (bottom), whereas our policy follows
the commanded behavior by conditioning on retrieved human-hand chunks.

6 Discussions

Summary. We extend a world-action-model policy to new tasks without retraining. Trained once
to condition on a retrieval pool and predict an embodiment-specific residual on the retrieved tra-
jectory, the frozen policy absorbs a new task by adding cheap pool-embodiment demonstrations at
deployment. Across a cross-embodiment PushT variant, RoboTwin [17], and a physical robot, this
improves generalization to unseen angles and tasks over cross-embodiment baselines, with success
growing as the pool expands, and our analysis ties the gain to the WAM’s future-image objective
acting together with retrieval. Indexing cheaper pool-embodiment data at deployment can thus stand
in for collecting new target-robot demonstrations.

Limitations and Future Work. Several constraints point to future work. The target and pool em-
bodiments must share an end-effector action space, since the residual refines a retrieved chunk in a
common low-level representation; structurally different action spaces (e.g., a dexterous hand versus
a parallel gripper) would require an embodiment-agnostic interface or learned action translator. The
pool must also contain trajectories rather than video alone, so video-only sources such as raw hu-
man or web video would first need to be lifted into a state-action representation. What constitutes an
effective representation for cross-embodiment retrieval also remains an open question; our current
descriptor combines language, object pose, proprioception, and visual features, but more scalable or
embodiment-invariant representations may further improve transfer.

In addition, the residual formulation becomes less reliable when retrieved motions differ substan-
tially in execution speed or temporal scale, particularly for larger chunks where errors can accumu-
late over time. Developing retrieval and adaptation mechanisms that remain robust under significant
temporal or dynamical mismatch is an important direction for future work. Finally, scaling retrieval
beyond curated trajectory pools to in-the-wild video sources such as raw YouTube video remains a
promising step toward broadly reusable robot experience.
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