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Abstract: Retrieving useful context for a robot requires matching not only its task, but also its current
stage of execution and the continuation that should follow. We introduce Robota-Embed, to our knowl-
edge the first vision-language—action (VLA) embedding model to jointly encode all three modalities in both
current-state queries and recorded future continuations. Predictive retrieval training aligns these endpoints
for physical-experience retrieval, and the resulting representation retrieves historical continuations as context
at inference time. We construct a multi-source corpus of 1,695,684 cleaned training anchors and introduce
Robota-Embed-Bench, which evaluates 4,000 queries against a shared 8,000-entry gallery. Our model achieves
47.33% clip-level and 81.77% episode-level R@1, surpassing action-free Gemini Embedding 2 by 22.09 and
33.47 percentage points. Across controlled retrieval studies, removing native action degrades retrieval more
than removing vision, indicating that execution information is a central part of the retrieval key. We then
study how this shared retrieval space transfers beyond retrieval metrics through two complementary applica-
tions. Embed2ICL uses retrieved experience for training-free and training-based policy conditioning, increas-
ing success from 47.0% to 56.3% in DROID-Sim and from 86.4% to 92.8% on the LIBERO difficult subset.
Both interfaces also improve task progress in real-robot evaluations. Embed2FEvolve uses execution feedback to
grow task-local memory and refine how retrieved context is used around a frozen GPT-6 Astra policy. Across
five ManiSkill tasks, it achieves 68% success, compared with 24% for GPT-6 Astra Direct and 33% for a har-
ness independently evolved with Omni-Embed-Nemotron-3B under the same protocol. Relative to the latter,
it uses approximately 79.5% fewer policy tokens per test rollout. Together, these results show that a unified,
action-aware retrieval space can support both robot in-context learning and task-local context evolution.
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Figure 1 | One joint VLA embedding, two context applications. Robota-Embed jointly encodes vision,
language, and native action from human, robot, and simulated experience to retrieve recorded continuations. Left:
retrieval accuracy and modality contributions on Robota-Embed-Bench. Right: retrieved demonstrations condition
robot policies in Embed2ICL; task-local memory and context use evolve around a fixed GPT-6 Astra policy in
Embed2Evolve. Token savings include failed final tests and exclude development; decision/time savings use matched
successful pairs. These efficiency comparisons use Direct as the baseline.
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1. Introduction

Robot policies increasingly use experience supplied in context. GEN-1.5 [1] and S1 [2] demonstrate Robot
In-Context Learning from sensorimotor or video examples. In our experiments, GPT-6 Astra [3] generates
robot actions from observations and execution history. These capabilities make experience selection part of
the control problem. Demonstration-conditioned world action models (WAMs) need useful existing examples;
policies acting repeatedly must organize accumulated experience. Both raise a representation question: how
should physical experience be represented for task- and stage-sensitive retrieval?

Task similarity alone is insufficient. Reaching toward a bowl and withdrawing after placement can share
objects and an instruction yet require different continuations. Language specifies the goal, vision the inter-
action state, and native action the ongoing motion. The retrieval endpoints have different temporal roles:
the query describes the present, whereas a candidate records what followed an earlier interaction. Predictive
retrieval therefore requires sensitivity to task intent and execution stage: the goal is an appropriate recorded
continuation, not simply a similar scene.

General-purpose embeddings align vision and language [4, 5, 6], while action-aware metric learning con-

nects perception or language with behavior [7, 8]. We introduce Robota-Embed, a unified vision-language—
action (VLA) embedding model for physical-experience retrieval. To our knowledge, it is the first to jointly
encode all three modalities in both current-state queries and recorded continuations. Each endpoint yields
one vector, so native action informs retrieval itself. Source-specific projectors handle heterogeneous action
formats. Retrieval training combines predictive alignment, multimodal grounding and discrimination, and
representation regularization.

We construct a multi-source training corpus and introduce Robota-Embed-Bench, with 4,000 queries and
8,000 gallery candidates spanning human, simulated, and real-robot experience. Nearby same-episode clips
distinguish finding the right experience from locating its recorded continuation. Across four sources, Robota-
Embed achieves 47.33% clip-level and 81.77% episode-level RQ1. Native action adds information beyond text
and images: with backbone, data, and training budget matched on DROID, adding action raises clip-level
R@1 from 59.8% to 78.7%. Complementary retraining and query-masking studies examine which information
the representation learns and uses.

Figure 1 connects retrieval to demonstration conditioning and memory-based interaction. Embed2ICL
supports robot in-context learning through two policy interfaces. For DreamZero [9], retrieved videos ini-
tialize the visual cache without policy updates. For Fast-WAM [10], we fine-tune the policy to condition on
precomputed Context Tokens from retrieved demonstrations. Both interfaces improve simulation task suc-
cess and real-robot task progress. Random-reference controls show that useful context depends on reference
selection.

Embed2Evolve extends retrieval to context management for agentic robots. Repeated attempts grow
task-local memory, while execution feedback refines retrieval, refresh, and retained-history settings around
a frozen GPT-6 Astra policy. Policy and embedding weights remain fixed. Across five ManiSkill tasks, the
selected context harness raises success from 24% with Direct to 68%, using 43.7% fewer policy tokens per
test rollout. To examine the retrieval model’s role, we independently repeat evolution with Omni-Embed-
Nemotron-3B from the same initial memory under the same search protocol. Its harness reaches 33% success;
Embed2Evolve uses approximately 79.5% fewer tokens than this baseline. Token averages include failed tests
and exclude development.

We make four contributions.

¢« Robota-Embed. A unified embedding model that jointly encodes vision, language, and native action at
both endpoints for predictive physical-experience retrieval.

e Data and evaluation. A multi-source training corpus, Robota-Embed-Bench, and controlled studies of
temporal precision, representation learning, and native action’s contribution beyond vision and language.

e Embed2ICL. Training-free and training-based interfaces that turn retrieved demonstrations into useful
policy context, evaluated in simulation and on real robots.

e Embed2Evolve. Embedding-guided memory and context evolution around a frozen policy, improving
success and token efficiency under matched comparisons of retrieval embedding models.
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2. Related Work

Multimodal and action-aware embeddings. CLIP aligns images with language [4]; Perception Encoder
and InternVideo2 extend vision-language representation learning to video [11, 12]. Unified vision-language
embeddings support image and video retrieval in one space [6, 13, 14, 15, 16]; ImageBind [5] includes additional
sensory modalities. Deep Multimodal Embedding [7] and CLASP [8] align language or perception with action.
VLA-R [17] embeds visual-language queries and action-token candidates in a shared space, while RADAR [18]
reuses VLA-policy features for retrieval. Robota-Embed jointly encodes vision, language, and native action at
both retrieval endpoints: the current state and the recorded future clip.

Physical-experience retrieval. Action can enter the retrieval key or the content returned to the policy.
ROSER [19] searches proprioceptive sequences; RAEA [20], REGENT [21], and RICL [22] return actions
selected through action-free keys. Zeva [23] indexes action—effect evidence, whereas RADAR [18] uses policy
features. MemER [24] selects rollout keyframes; Retrieve-Reason-Act [25] indexes visual manuals. Robota-
Embed includes native action in both query and candidate keys, so motion informs the similarity comparison
itself (Table 33).

Robot In-Context Learning and Evolution. GEN-1.5 [1] conditions on a sensorimotor example; S1 [2],
Zero-WAM [26], and HOST [27] use supplied video. R+X [28] retrieves human-video clips and converts them
into keypoint and hand-trajectory context. Embed2ICL uses Robota-Embed to select experience for training-
free and training-based WAM conditioning. Reflexion [29] stores verbal reflections in episodic memory, using
feedback to improve later trials without updating model weights. In robotics, Zeva [23] retrieves action—effect
evidence across retries within an episode, resetting memory for each new episode. Embed2Evolve performs
in-context evolution: it grows task-local memory across development episodes and refines retrieval, refresh,
and history settings around a frozen policy. Evaluation uses the selected memory and context settings without
further changes on fresh task initializations.

3. Robota-Embed

3.1. Problem Formulation

Physical AI experience combines language, vision, and source-native motion or control from human, simulated,
or robotic interaction. Given a current VLA state, Robota-Embed retrieves the video and actions that followed
an anchor in a recorded trajectory.

For sample ¢ from source d;, the query combines instruction ¢;, an interaction-region image z; ., and
synchronized native action a;:. The paired target combines the same instruction with a four-second video
clip Vf and aligned actions Aj recorded strictly after ¢:
xq = (Eiazi,t;ai,tadi)a :L'f = (£i7‘/i+7Aj7di>' (1>

K2

3.2. Action-Native Predictive VLA Embeddings

We train Robota-Embed for current-to-future retrieval using Cosmos3-Edge 4B [30] as the base model (Fig-
ure 2). Query and target share the Transformer, video tokenizer, and head, with separate adapters A, Ag.
Source-specific projectors Py, map native actions into the backbone. Each endpoint jointly encodes language,
vision, and action into one normalized vector. For retrieval, we rank candidates by the cosine similarity
between the current-state query ¢; = fd(z; P;,) and the future-clip target k; = f§(2¥; Py,).

Retrieval-oriented training. We train with predictive alignment, multimodal grounding, and represen-
tation regularization. Structured parsing and deterministic rules supply weak labels. The supervision dis-
tinguishes exact continuation identity from broader task compatibility; a different clip ID alone does not
establish a valid negative. Native action is learned within the fused representation, with modality swaps
encouraging sensitivity to motion without requiring action-only matching to an exact future clip.
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Figure 2 | Robota-Embed architecture and objectives. Each query is paired with the next four seconds of
recorded video and actions. Three objective groups train a joint VLA space.

Predictive retrieval alignment (Lajign) uses bidirectional InfoNCE with exact future-clip positives and task,
object, action, or joint conflicts as negatives. Compatible, uncertain, or potentially duplicate non-positives
are ignored. Figure 2 shows the validity mask. We optimize:

L= Calign + £gr0und + £reg~ (2>

Multimodal grounding and discrimination (Lgrouna) combines task/object auxiliaries with margins against
modality swaps and hard semantic conflicts, so that similarity responds to changes in the inputs. Rep-
resentation regularization (L,eg) centers query and target batches and discourages low-variance, low-rank
embeddings. Section A.1-A.2 detail the architecture, native-action preprocessing, optimization schedule,
and individual training losses.

3.3. Training Data and Retrieval Benchmark

Our training corpus contains 1,695,684 filtered current—future pairs from EgoDex [31], DROID [32],
LIBERO [33], and RoboMIND-Franka-dual [34]. EgoDex records tracked human motion; the other sources
record robot controls. We sample sources equally and form within-source pairs (Figure 3; Section A.3).

Multi-source episodes

EgoDex DROID LIBERO RoboMIND-Franka-dual —— Split by episode
01 02 03 04 05
Dense anchors — Object localization — Object zoom — Quality gate — Predictive pair
Current t ' Qwen3-VL Current query

| v Visible text - image - action

l v Task-relevant

Future 4 s —— v Separable Future target
: - e text - video - action

Dense time anchors ~ Task phrase — SAM3 320 x 192 crop v/ Unoccluded e '
Accepted anchor-level pairs 1,695,684

Figure 3 | Multi-source training-data curation. We split episodes before sampling anchors, localize and verify
interaction crops, and pair accepted anchors with video and actions from the next four seconds. Query filtering uses
only the instruction and current observations.

Robota-Embed-Bench. All 4,000 held-out queries search one shared 8,000-clip gallery from the four source
datasets. Each source contributes 1,000 queries from 800 episodes, 1,000 paired future clips, and 1,000 nearby
same-episode clips. Queries follow Equation 1. Clip-level retrieval treats only the paired clip as positive;
episode-level retrieval accepts all clips from the same source episode. Downstream experiments test whether
retrieved context helps control.
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We split episodes, sessions, and content identities before sampling anchors; task, object, and embodiment
categories may recur. Clip-level metrics weight sources equally. Episode-level metrics aggregate within
episodes, then equally over each source’s 800 episodes and the four sources. We use cosine similarity without
reranking (Section B.1).

4. Embedding Evaluation

Table 1 | Retrieval on Robota-Embed-Bench. Four-source average recall and MRR (%) on the shared 8,000-clip
gallery. Bold marks column-wise best results.

Clip-level Episode-level

Model R@1 R@5 R@10 MRR R@1 R@5 R@10 MRR
CLIP-style text—video embeddings

CLIP ViT-L/14 1.2 5.8 9.8 4.06 3.2 7.7 11.6 5.98
Perception Encoder B16 2.0 8.1 12.8 5.02 5.0 10.1 15.2 8.01
InternVideo2 1.6 7.3 11.4 4.82 4.1 9.1 13.2 6.94
Unified VL embeddings

Qwen3-VL-Embedding-2B 23.3 51.6 57.3 36.20 45.1 55.9 61.0 50.71
VLM2Vec-V2 24.1 51.9 57.6 36.67 47.3 58.1 63.3 52.88
WeMM-Embedding-2B 24.1 52.2 58.2 36.78 45.1 57.3 63.2 51.08
Omni-Embed-Nemotron-3B 24.5 54.5 60.1 38.10 48.6 59.1 64.4 53.84
Gemini Embedding 2 25.2 52.3 57.5 37.68 48.3 58.2 64.7 53.69
Unified VLA embedding

Robota-Embed (ours) 47.3 91.9 97.0 67.05 81.8 94.9 98.1 86.96

4.1. Unified VLA Retrieval on Robota-Embed-Bench

Protocol and models. Eight action-free baselines search the shared gallery (Section 3.3). CLIP-style
models retrieve video from text; unified VL models also use visual queries (Table 1). We use each model’s
supported interface. The retraining studies in Section B.4 use the same DROID data splits and training
budgets for the compared model variants.

Main results. Robota-Embed achieves 47.33% clip-level and 81.77% episode-level R@Q1. The strongest
baselines, Gemini Embedding 2 and Omni-Embed-Nemotron-3B, reach 25.24% and 48.59%, respectively.
Robota-Embed improves on them by 22.09 and 33.18 percentage points.

Gains over unified VL baselines are largest on LIBERO and RoboMIND-FD (Section B.2). Episode
retrieval does not resolve temporal localization: on EgoDex, episode/clip RQ1 is 87.06/36.70%, versus
99.88/74.10% on DROID. Finding a relevant experience is easier than locating its paired continuation, the
target of predictive retrieval.

Benchmark validity. Masking candidate text before fusion and recomputing embeddings lowers clip-level
R@1 from 47.33% to 12.78%, confirming that the model uses language. Restricting candidates to the same
instruction still gives 47.62% R@1, so the model also distinguishes continuations that share an instruc-
tion. Within same-instruction galleries, Robota-Embed achieves 38.60% and 40.10% R@1 on LIBERO and
RoboMIND-FD, compared with random-ranking rates of 1.90% and 0.24%, respectively. High-k recall ap-
proaches saturation in the smaller EgoDex and DROID pools. Tables 12 and 13 give the full aggregate results,
per-source candidate counts, and random baselines.

Index-size scaling. Expanding the precomputed gallery from 1M to 15M entries increases query encoding
plus retrieval latency from 160.36 to 195.17 ms on one NVIDIA A100 (Table 22). At 15M, Top-10 search
alone takes 37.47 ms. These timings exclude time spent on SAM3 preprocessing, reference reranking, and
downstream policy execution (Section B.6).
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4.2. What Makes Predictive Retrieval Work?

The controlled studies separate representation adaptation from input use. On the shared four-source bench-
mark, a frozen Cosmos3-Edge readout reaches only 0.65% clip-level R@1, whereas retrieval training reaches
47.33% (Table 15). On the matched DROID split, a learned head over frozen features reaches 13.8%, com-
pared with 78.7% when the backbone and head are adapted (Table 16). Predictive alignment already places
the paired continuation near the top at 75.6% R@1 and 100.0% R@10; representation regularization raises
R@1 to 77.0%, and multimodal grounding and discrimination further raise it to 78.7% (Table 17). The added
objectives therefore refine top-rank ordering rather than merely broad recall.

Action is the most consequential non-language input in both controlled views. Retraining without action
lowers RQ1 by 18.9 percentage points, versus 1.9 points without vision (Table 19); with the final model and
gallery fixed, masking query action or vision lowers clip R@Q1 by 27.25 or 24.33 points (Table 20). These
interventions answer different questions: retraining measures what the remaining modalities can relearn,
whereas masking measures reliance under an input shift. Thus the small no-vision retraining gap does not
imply that the final model ignores vision. SAM3 interaction crops provide a further, modest localization gain
over full frames, 78.7% versus 77.9% R@Q1 (Table 18). Appendix B reports each intervention as a separate
table and conclusion.

4.3. Benchmark Retrieval Examples

Figure 4 contrasts a paired-clip hit with a temporal near-miss. The latter retrieves a nearby window from the
correct episode rather than the paired continuation, illustrating why episode matching and clip localization
require separate metrics.

(a) Clip-level hit paired rank 1 (b) Temporal near-miss paired rank 7

Current query Retrieved continuation Current query Retrieved continuation

— —

Instruction Write on paper with a pink marker. Instruction Turn off the black kettle, then open its lid.

Top-1 Paired future clip Top-1 Same-episode neighbor

Paired clip

Figure 4 | Selected retrieval diagnostics. (a) The paired future clip ranks first. (b) A nearby clip from the same
episode ranks first, while the paired clip ranks seventh. Both top-1 returns are episode-level matches; only (a) is also
a clip-level match.

5. From Embeddings to Robot Context

5.1. Embed2ICL: Embedding-Guided Robot In-Context Learning

Training-free ICL with DreamZero. Embed2ICL initializes the visual cache of frozen DreamZero-
DROID [9] with a retrieved video. Table 2 compares top-1 and reranked retrieval on three DROID-Sim
tasks. Both retrievers use the same GPT-5.6 sol Reranking Agent to select task-relevant four-second refer-
ences with completion evidence. All six conditions use 100 trials per task, including the random-reference
control. Embed2ICL uses one fixed reference video per task across all evaluation trials (Section C.1).

Embed2ICL performs best on all three tasks, averaging 56.3% success versus 47.0% without warm-up and
36.0% with random references. Reranking improves both retrievers. Robota-Embed exceeds Omni-Embed-
Nemotron-3B before reranking (50.3% versus 43.3%) and with the same reranker (56.3% versus 51.0%; Sec-
tion C.2). Random references underperform no warm-up: adding a demonstration is not sufficient. Selected
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Figure 5 | Embed2ICL: one retriever, two policy interfaces. Reranked DROID videos warm up DreamZero’s
visual cache; top-1 EgoDex matches supply Context Tokens for Fast-WAM’s native cross-attention. Retrieval vectors
select experience; videos or tokens condition the policy.

Table 2 | Training-free DreamZero-DROID in DROID-Sim. Success rates (%); parentheses show percentage-
point changes from no warm-up. Reranked conditions share the same agent.

Reference condition Cube — Bowl Can — Mug Banana — Bin Average
No warm-up 61 13 67 47.0
Random reference 50 (—11) 7(-6) 51 (—16) 36.0 (—11.0)
Omni-Embed-Nemotron-3B

Top-1 57 (—4) 5(—8) 68 (+1) 43.3(-3.7)

+ reranking 62 (+1) 19 (+6) 72(+5) 51.0 (+4.0)
Robota-Embed Top-1 63 (+2) 16 (+3) 72 (+5) 50.3 (+3.3)
Embed2ICL 65 (+4) 24 (+11) 80 (+13) 56.3 (+9.3)

references preserve placement relations despite changes in objects or receptacles, suggesting that useful con-
text need not reproduce the target scene exactly.

On YAM, Embed2ICL raises Banana-to-Bowl mean task progress from 21.67 to 40.00 (Table 5). Both
conditions use the same DreamZero-AgiBot policy adapted to YAM, with no further policy updates for
reference warm-up (Section C.3).

Training-based ICL with Fast-WAM. For Fast-WAM [10], Robota-Embed retrieves the top-ranked
EgoDex demonstration. Cached Context Tokens from its multimodal temporal states condition the pol-
icy (Figure 5). We train the policy to use this context while keeping the offline embedding encoder fixed
(Section C.4).

LIBERO difficult subset. Before ICL evaluation, an independent pilot selected five tasks on which the
official release succeeded in at most 46 of 50 trials. In 50 trials per task and condition, Embed2ICL improves
every task and raises average success from 86.4% to 92.8% (Table 3).

With the same policy checkpoint, retrieved Context Tokens outperform tokens from random references
by 4.8 percentage points (Table 4). After the same 21,700 training updates as Embed2ICL, the no-ICL
continuation still achieves 86.4% (Section C.5), versus 92.8% with retrieved context. Figure 12 illustrates a
retrieved human reference and robot execution.

Both interfaces improve task progress on real robots (Table 5). With partial-credit scoring inspired by
T-Rex [35], Fast-WAM gains more on Split Cup than on Pick Fruit. Split Cup requires one hand to stabilize
a stack while the other separates a cup; Pick Fruit scores each arm’s grasp and placement into the center
basket.

These progress gains complement binary LIBERO success rates but are not directly comparable across
tasks: each real-robot score reflects task-specific completion stages. The references span robot and human
experience, while each policy retains its own conditioning interface. Retrieval quality and the form of policy
context therefore need to be evaluated together.
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Table 3 | Training-based ICL on the LIBERO difficult subset. Successes out of 50 per task; last row: average
success (%). Parentheses give percentage-point gains over the official release.

Official

Suite / ID Abbreviated task release Embed2ICL
Spatial / S4 Black bowl — plate 46 49 (46)
Goal / G3 Bowl — top drawer 42 50 (+16)
Goal / G9 Wine bottle — rack 45 47 (4+4)
LIBERO-10 / L4 Two mugs — plates 43 44 (42)
LIBERO-10 / L6 Mug—pudding arrangement 40 42 (44)
Five-task average (%) 86.4 92.8 (+6.4)

Table 4 | LIBERO controls. Five-task average success (%); 50 trials per task and condition.

Official release Random Embed2ICL
(no ICL) Context Tokens (retrieved)
86.4 88.0 92.8

Table 5 | Embed2ICL on real robots. Mean task progress on task-specific 0-100 scales over 12 rollouts per task
and condition. Parentheses show gains computed before rounding.

Task No ICL Embed2ICL
Training-free: DreamZero
Banana — Bowl 21.67 40.00 (+18.33)
Training-based: Fast-WAM
Pick Fruit 75.00 79.17 (+4.17)
Split Cup 66.67 87.50 (420.83)
Banana-to-Bowl Pick Fruit Split Cup
DreamZero / YAM | training-free Fast-WAM | training-based Fast-WAM | training-based

Human / EgoDex reference Human / EgoDex reference

3.8s 2.87s 7.50s
Robot execution Robot execution Robot execution

130s 26.77 s 22.67s

Figure 6 | Retrieved references and real-robot execution. Each task pairs a retrieved reference (top) with
real-robot execution (bottom). References come from DROID for DreamZero/YAM and EgoDex for Fast-WAM.
Timestamps are relative to each clip’s start.

5.2. Embed2Evolve: Embedding-Guided Context Evolution

Embed2Evolve builds task-local memory and refines how it is used through repeated attempts. This memory
and context recipe form a harness; GPT-6 Astra and Robota-Embed remain fixed (Figure 7).

Memory and context search. Completed attempts, successful or failed, add indexed continuations of
up to four seconds. Deterministic search varies retrieval ranking and count, refresh cadence, and retained
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Figure 7 | Embed2Evolve. Development grows memory and optimizes its use; testing fixes both. GPT-6 Astra
proposes actions for a fixed controller. The model comparison replaces Robota-Embed in both phases. Images show
the PullCubeTool task.

history, prioritizing success before successful-execution efficiency. The selected memory and recipe are frozen
for fresh-test initializations (Figure 13; Section D.2). Along PullCubeTool’s R4—R5—R8 path, memory
grows from 938 to 1,667 anchors while retained history shrinks from eight to four pairs. The current VLA
query retrieves historical RGB, actions, and feedback to guide GPT-6 Astra within an unchanged action
interface (Section D.1).

Evaluation. Five development-selected ManiSkill tasks [36] use 20 fresh matched initializations per condi-
tion. GPT-6 Astra Direct (Direct) uses within-episode history; GPT-6 Astra + random history adds a fixed
random same-task RGB clip. These conditions use the same policy, current observations, controller, and
per-rollout control budgets.

Embedding-model comparison. We replace only Robota-Embed with Omni-Embed-Nemotron-3B [6] and
independently repeat evolution. Both conditions share the policy, prompt, initial memory, seeds, proposal
and stopping rules, and eight-round cap per task. Both retrieve actions and feedback, but their resulting
memory banks and context recipes may differ.

Table 6 | Embed2Evolve in ManiSkill simulation. Success (%) over 20 trials per task and condition; mean
policy tokens per test rollout, including failures.

GPT-6 Astra Evolve +
Task GP%—igejcktstra + random Omni-Embed- Embed2Evolve
history Nemotron-3B

Poke Cube 45 15 45 80

Stack Cube 10 20 20 60

Lift Peg Upright 30 40 55 65

Pull Cube with Tool 10 10 20 50
Two-Robot Stack Cube 25 15 25 85
Average (%) 24.0 20.0 33.0 68.0
Tokens/rollout (M) 0.921 - ~2.531 0.518

The Omni-Embed-Nemotron-3B harness raises success from Direct’s 24% to 33%, while mean policy
tokens rise from 0.921M to approximately 2.531M per test rollout (Table 6). Embed2Evolve reaches 68%
at 0.518M tokens, improving success on every task while using approximately 79.5% fewer tokens than this
independently evolved baseline. Under matched evolution settings, the embedding model affects the resulting
harness’s success and token use.
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Tool use and dual-arm coordination. Within the same action interface, retrieved continuations may
narrow GPT-6 Astra’s effective decision space through task- and stage-specific examples of tool contact,
motion direction, and arm coordination. Against Omni-Embed-Nemotron-3B, success rises from 20% to 50%
on Pull Cube with Tool and from 25% to 85% on Two-Robot Stack Cube.

Test-time efficiency. Compared with Direct, Embed2Evolve uses 43.7% fewer tokens across all test roll-
outs and reduces reference API cost by 41.8%, from $9.9641 to $5.7980 (Section D.6). Most savings come
from inputs. On 19 shared-success pairs, policy decisions fall by 64.1% and observed client execution time
by 41.4%. Both reductions average task-wise percentages equally across the five tasks; the mean task-wise
Direct-to-Embed2Evolve time ratio is 1.90x. Execution time includes API waits and is affected by actual
caller and scheduling differences (Section D.5); the time savings are observational, not an isolated method
speedup. Fewer policy calls need not reduce physical control ticks (Table 31).

6. Discussion

Retrieval quality has two levels. Episode recall measures experience identification; clip recall measures
continuation localization. Their gap shows that matching a task and embodiment need not identify the
execution phase. Same-instruction evaluation and candidate-text masking probe temporal discrimination
and target-language use beyond episode identification.

The modalities play complementary roles. Language specifies the task, action supplies motion and
phase, and vision localizes the interaction. Action adds information beyond vision and language. However,
retraining permits adaptation to remaining inputs, whereas masking perturbs learned fusion. The no-vision
retraining/masking gap supports a joint VLA key, not a universal modality ranking. Accordingly, masking
characterizes the trained model’s use of each input, not the attainable performance of separately trained
unimodal systems.

Retrieved context is useful only through a compatible interface. Random references hurt
DreamZero relative to no warm-up (36.0% versus 47.0%), whereas Robota-Embed’s raw retrieval and
reranked Embed2ICL reach 50.3% and 56.3%. Fast-WAM gains from retrieved rather than random Context
Tokens under fixed policy weights (92.8% versus 88.0%). More context is not inherently better: reference
selection, temporal content, and conditioning jointly matter, without isolating each component’s causal
contribution.

Memory size and policy context are different resources. Embed2Evolve can grow memory while
retaining less history and refreshing less often. Independent evolution with Omni-Embed-Nemotron-3B com-
pares discovered memories and harnesses, not a fixed-harness encoder swap. Token and reference-cost metrics
cover all test rollouts; decision/time comparisons use shared successes. Fewer policy calls need not mean fewer
control ticks or shorter robot motion.

Future work. Future work will extend Robota-Embed to more robot embodiments with diverse kinematics,
native action spaces, and control interfaces. We will also explore variable-length retrieval that adapts the
temporal extent of recorded continuations to the task and execution stage, rather than using a fixed four-
second window. The goal is to retrieve only the duration of experience needed for the current interaction.

7. Conclusion

Robota-Embed jointly encodes task intent, visual state, and native action for physical-experience retrieval;
action improves retrieval beyond language and vision. This shared space supports Embed2ICL conditioning
and Embed2Evolve memory evolution. Under matched settings, Embed2Evolve’s success and efficiency gains
show that representation shapes both retrieved context and the harness around a frozen policy.
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Appendix
A. Robota-Embed Method Details

A.1. Architecture and Optimization

Paired inputs. Queries use instructions, synchronized current actions, and SAM3 [37] interaction crops.
Targets pair instructions with 16 frames and native-rate actions from strictly future four-second windows.
We favor less-occluded third-person views; EgoDex is egocentric.

Shared backbone and endpoint adapters. Robota-Embed uses Cosmos3-Edge 4B, with 28 Transformer
layers and hidden width 2,048. The Transformer, shared retrieval head, endpoint adapters, and temperature
are initialized from its pretrained checkpoint. Query and target share the Transformer, video tokenizer,
and embedding projection head. Separate bias-free residual linear adapters specialize the current-state and
future-clip endpoints. Each source retains its native action projector, trained jointly with the Transformer.
For endpoint r € {q,k}, let H" € RT+*2048 denote the multimodally fused hidden states at native action-
token positions, after the generation RMSNorm following layer 28. These states jointly encode the endpoint’s
language, vision, and action. Let g, denote the endpoint readout, comprising the shared LayerNorm and
projection W € R1024x2048 tooether with the endpoint-specific residual adapter. Temporal pooling and

normalization give
T _
_ i (hT
B = wp, =2 (3)

e tH z = = :
T t=1 g7 (A7) |2
The shared projection is bias-free. Benchmark retrieval uses cosine similarity; only training-free Embed2ICL

reranks. Temporal pooling of the target states, shared projection, and per-token normalization yield Em-
bed2ICL’s cached Context Tokens (Section C.4).

Native actions. Table 7 specifies the native action interfaces. For each source, we compute per-coordinate
quantiles go1 and ggg using its training partition and normalize actions as

a — do1
max(gog — qo1,107%)

Values remain unclipped, and zero-padding to 64 dimensions standardizes tensor shape. The source identifier
selects the native projector; future actions retain their native sampling rate.

a=2

~ 1 (4)

Table 7 | Native action interfaces. Dimensions and rates describe native actions before normalization and padding.
Domain IDs route actions to their Cosmos3-Edge projectors.

Source Domain ID Action dimensions Rate (Hz)
EgoDex 3 57 30
DROID 8 10 15
LIBERO 5 10 10
RoboMIND-Franka-dual 12 20 10

Optimization. We use AdamW with 5 = (0.9,0.95) and gradient clipping at 1.0. The Transformer learning
rate is 3 x 1077, and the projection head and endpoint adapters use 10~%. Training runs for 26,275 optimizer
steps, with 1,314 steps of linear warm-up followed by cosine decay, global batch size 512, and equal sampling
of EgoDex, DROID, LIBERO, and RoboMIND-Franka-dual (1:1:1:1). The optimizer and scheduler are
reinitialized for retrieval training. Both parameter groups use weight decay 0.05; the video VAE is frozen.
We use the final-step checkpoint (26,275).

A.2. Robota-Embed Objective

The objective (Eq. 2) combines predictive retrieval alignment, multimodal grounding and discrimination, and
representation regularization. Table 8 lists term coefficients and ranking margins.
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Table 8 | Robota-Embed training objective. Loss coefficients and ranking margins for each term, organized into
the three objective groups in Eq. 2.

Objective Constraint or positive relation Weight Margin

Predictive retrieval alignment

Clip-level retrieval Exact future-clip identity; bidirectional InfoNCE 1.00 —
Multimodal grounding and discrimination

Text auxiliary Text-only query; matched task 0.15 -
Image auxiliary Image-only query; matched interaction object 0.20 -
Action auxiliary Disabled; future identity uses multimodal context 0.00 -
Text swap Replacing query text must reduce similarity 0.25 0.08
Image swap Replacing the query zoom must reduce similarity 0.35 0.10
Action swap Replacing current action must reduce similarity 0.20 0.06
Hard task Same object roles; operation/relation/direction conflict 0.25 0.08
Hard object Same task relation; interaction-object category conflict 0.35 0.10
Hard action Same task/objects; action-primitive/phase conflict 0.20 0.06
Fused dominance Fused query must outperform every unimodal query 0.20 0.02
Representation regularization

Isotropy Variance, participation-ratio rank, and centering 0.05 -
Query center Direct query-centering penalty 0.10 -
Target center Direct target-centering penalty 0.10 -

Positive, negative, and ignored pairs. Positive pairs share the exact future-clip ID. For query ¢;, k; is
the paired positive (k™ in Figure 2). Each pair links a current state to its recorded future clip within the
same source. Let s(q, k) be cosine similarity and N (i) contain only candidates with a different clip ID and
an explicit semantic conflict. The query-to-target term is

_ vy, exp(s(gi. k1) /)
Lt = T8 2198 Colalan BT 3ot o0 o(an B/

()

We independently build the reverse validity mask and average the directions: Lajign = %(ﬁq_m + Lig)-
The global pool contains 512 entries before masking; each denominator retains only the positive and valid
negatives. We optimize the inherited Cosmos3-Edge temperature T within [0.01,0.2].

Semantic conflict rules. We generate weak labels through structured parsing and deterministic rules.
Qwen3-VL-8B-Instruct [38] parses task instructions into operation names and object roles using non-sampling
decoding. From this output, we construct signatures for task relations, object identities, and object categories.
The resulting labels are rule-driven weak supervision, not human annotations. Before similarity-based mining,
we determine eligibility for A(7) using four pairwise conflicts: Task conflict preserves object roles but changes
the operation, relation, or direction. Object conflict preserves the task relation but changes a valid interaction-
object category. Action conflict shares task and objects but differs in the current-action primitive or future-
action phase. Joint conflict changes both task and objects.

For same-episode action negatives, future windows with temporal intersection-over-union greater than
0.25 are treated as near-duplicates and excluded. Cross-episode action negatives must additionally differ
in future gripper phase. These checks filter the action-conflict class; semantically compatible, uncertain, or
potentially duplicate candidates are masked out of the negative set. A different clip ID alone is therefore
insufficient to make a pair negative.

Current-action primitives are obtained by scale-standardizing the domain-normalized action and discretiz-
ing each coordinate at thresholds —0.5 and +0.5. Future-action phase combines the dominant motion direc-
tion, the timing of peak motion, and changes in gripper state. To compare future actions, we sample 16
time points and concatenate the per-coordinate means, standard deviations, and first-to-last differences. We
compare these descriptors using scale-normalized RMS distances.

Auxiliary alignment. Text-only and image-only auxiliary queries align with targets sharing task and
interaction-object identity, respectively. We disable standalone action-only alignment to exact future clips:
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a single current action does not uniquely determine a future trajectory. Action remains an input to fused
retrieval alignment, with action swaps discouraging the model from ignoring it.

Modality comparisons. Each swapped query replaces exactly one modality while keeping its paired target
fixed. Text donors share object identity but differ in task relation; image donors share the task relation but
differ in valid object category. Action donors share the action domain, task, and object identity, but differ
in both current-action primitive and future-action phase. The standardized RMS distances between their
current actions and between their future descriptors must each be at least 0.75. These donor conditions are
stricter than the action-conflict eligibility rules.

Let ¢’ encode a valid swapped query. We use the cosine hinge loss
Cowap (a4, k) = max{0, m — s(q, k") + (¢, k) }, (6)

with m = 0.08 (text), 0.10 (image), and 0.06 (action). We skip only the corresponding swap loss when no
valid donor exists. A 0.02 margin favors the fused query over each unimodal query.

Hard-negative constraints. The contrastive denominator uses all valid negatives. For the hard-task,
hard-object, and hard-action terms, we select the highest-similarity candidate from the corresponding
nonempty conflict class ¢ after validity masking: j¥(i) = argmax;ca., (i) s(¢i, kj). Their margins are 0.08,
0.10, and 0.06, respectively. Conditional hinge losses are averaged over valid samples within each rank, then
averaged across ranks.

Representation regularization. We encourage near-zero batch centers, a per-dimension standard-
deviation floor near 0.02, and participation-ratio effective ranks of at least 16 for query batches and 18 for
target batches. Center losses weighted at 0.10 per side reinforce isotropy-based centering.

A.3. Training Data and Curation

Our training dataset contains 1,695,684 filtered anchor-level examples from EgoDex [31], DROID [32],
LIBERO [33], and RoboMIND-Franka-dual [34]. Table 9 gives the source composition. EgoDex contributes
tracked human hand and body pose trajectories, encoded by its source-specific native-action projector.
Before constructing dense anchors, we assign complete episodes, sessions, and content identities to disjoint
training, validation, and original test partitions.

Table 9 | Training-data composition. Filtered anchor-level training examples by source.

Source domain Training rows
EgoDex [31] 1,345,160
DROID [32] 26,563
LIBERO ([33] 136,671
RoboMIND-Franka-dual [34] 187,290
Total 1,695,684

Anchor enumeration and object localization. For a source sequence with N frames, let a be a frame
index and h the future horizon in frames. We enumerate dense anchors satisfying a + h + 1 < N. We prompt
SAMS3 with phrases naming the instruction’s physical interaction objects, using a proposal threshold of 0.35.
We retain detections with a final score of at least 0.40 that cover at least 0.08% of the source image, and
permit a zoom ratio of at least 1.10. We independently recompute each accepted crop at 320 x 192.

Visual quality gate. Qwen3-VL-8B-Instruct [38] verifies each crop deterministically. A crop passes only
if the model confirms with high confidence that the interaction object is visible, matches the instruction, is
separable from other instances, and is unoccluded. If verification fails, we resample an earlier neighboring
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timestamp, updating the image, synchronized action, and temporal anchor together. Selection uses only the
instruction and current observations.

Future target construction. We pair each accepted anchor with the strictly future four-second action
sequence and 16 video frames from that interval. The window starts after the accepted timestamp, including
when resampling selects an earlier one. Figure 3 shows the pipeline.

B. Robota-Embed-Bench Evaluation and Diagnostics

B.1. Robota-Embed-Bench: Composition and Evaluation

EgoDex, DROID, LIBERO, and RoboMIND-Franka-dual each contribute 1,000 held-out queries from 800
unique episodes. The shared 8,000-item gallery contains 2,000 candidates per source: 1,000 paired future
clips and 1,000 nearby same-episode clips. Nearby clips often share the positive’s instruction, objects, and
visual content, requiring precise temporal localization.

The four sources contain 591, 800, 39, and 5 distinct task-instruction strings, respectively, covering human
experience, simulation, and single- and dual-arm robots. DROID and LIBERO also support the downstream
ICL studies, evaluated separately from retrieval.

Clip-level retrieval assigns one positive to each query: its uniquely paired future four-second window.
Episode-level retrieval treats any indexed window from the same source-scoped episode as relevant. Episode-
level metrics average query outcomes within each episode, then equally over the 800 episodes per source and
the four sources, giving each episode equal weight regardless of its query count. In total, the benchmark
contains 4,000 queries and 3,200 episodes. Training, validation, and original test partitions are separated by
complete episode, session, and content identity before dense anchoring. Benchmark episodes are excluded
from training; task, object, and embodiment categories may overlap across partitions. Every target is strictly
later than its paired query anchor. Ranking uses cosine similarity on L2-normalized embeddings, without
reranking. We evaluate the final Robota-Embed checkpoint at training step 26,275, the last step of retrieval
training.

Baseline input interfaces. Robota-Embed queries combine instruction, a SAM3 object zoom, and synchro-
nized action; gallery entries combine instruction, future video, and future action. Omni-Embed-Nemotron-3B
and Qwen3-VL-Embedding-2B use instruction and the uncropped current frame as the query, and instruc-
tion and the 16-frame future clip as the candidate. CLIP, Perception Encoder, and InternVideo2 use the
instruction to retrieve the future video clip. Gemini Embedding 2 and VLM2Vec-V2 likewise use instruction
plus the original, uncropped current image as the query, without action input, and instruction plus the fu-
ture four-second video as the gallery entry. For Gemini Embedding 2, we upload a video assembled from 16
frames and obtain normalized 768-dimensional vectors. VLM2Vec-V2 receives the 16 frames directly and uses
last-token pooling followed by L2 normalization, producing 1,536-dimensional vectors. Both are evaluated on
all 4,000 queries and 8,000 gallery entries. The released WeMM-Embedding-2B model is evaluated zero-shot
with instruction and the uncropped current frame as the query, instruction and the 16-frame future clip as
the candidate, and L2-normalized 2,048-dimensional outputs. Each external baseline is evaluated through
its supported input interface. The controlled DROID study isolates modality choices with matched training
data, backbone architecture, and optimization budget.

Frozen Cosmos3-Edge feature baseline. The frozen Cosmos3-Edge control uses the same query and
target fields and native action projectors as Robota-Embed. We extract dense action-token features after the
final RMSNorm of layer 28, before the action-output projection. Temporal averaging and L2 normalization
produce a 2,048-dimensional VL A-conditioned backbone readout.
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B.2. Per-Domain Results

Tables 10 and 11 report retrieval on the shared 8,000-item gallery. Recall and MRR are percentages; lower
ranks are better. Average weights sources equally. Episode-level metrics first average within episodes, then
over 800 episodes per source.

For Robota-Embed, EgoDex episode-level RQ1 reaches 87.06%, while clip-level RQ1 is 36.70%; the cor-
responding DROID scores are 99.88% and 74.10%. The larger gap on EgoDex shows that identifying the
episode often leaves the paired window unresolved, as in the near-miss in Figure 4. VLM2Vec-V2 and
WeMM-Embedding-2B both perform best on DROID and EgoDex, with markedly lower recall on LIBERO
and RoboMIND-FD.

Table 10 | Robota-Embed retrieval by source. Recall and MRR are percentages; lower mean ranks are better.
Overall median ranks are 2 for clip retrieval and 1 for episode retrieval.

Domain R@1 R@5 R@10 MRR Median rank Mean rank

Clip-level retrieval

EgoDex 36.70 96.60 99.30 62.22 2 2.68
DROID 74.10 99.00 100.00 85.27 1 1.41
LIBERO 38.50 87.00 96.60 60.33 2 2.92
RoboMIND-FD 40.00 85.00 91.90 60.39 2 3.87
Average 47.33 91.90 96.95 67.05 - 2.72
Episode-level retrieval

EgoDex 87.06 98.94 99.44 90.98 1 1.54
DROID 99.88 100.00 100.00 99.94 1 1.00
LIBERO 67.62 91.81 98.19 77.42 1 2.17
RoboMIND-FD 72.50 88.88 94.62 79.50 1 2.80
Average 81.77 94.91 98.06 86.96 - 1.88

Table 11 | Action-free VL baselines by source. Recall and MRR are percentages on the shared gallery. Average
weights sources equally; episode-level metrics first average within each episode.

Clip-level Episode-level

Domain R@1 R@5 R@10 MRR R@1 R@5 R@10 MRR
VLM2Vec-V2

EgoDex 32.40 92.00 99.20 56.90 78.13 97.81 99.88 86.04
DROID 58.70 97.80 99.90 75.15 99.19 100.00 100.00 99.51
LIBERO 4.70 16.20 28.10 12.68 10.75 30.44 46.25 22.01
RoboMIND-FD 0.40 1.40 3.00 1.96 1.19 3.94 6.94 3.95
Average 24.05 51.85 57.55 36.67 47.31 58.05 63.27 52.88
WeMM-Embedding-2B

EgoDex 30.80 90.20 98.50 54.54 70.31 96.25 99.63 80.22
DROID 61.10 98.40 100.00 77.18 99.69 100.00 100.00 99.84
LIBERO 4.30 18.30 30.30 13.31 9.00 28.56 44.31 20.05
RoboMIND-FD 0.30 1.70 3.80 2.09 1.25 4.44 8.75 4.20
Average 24.13 52.15 58.15 36.78 45.06 57.31 63.17 51.08

B.3. Candidate Language and Gallery Controls

Two evaluation-time controls on Robota-Embed-Bench test reliance on candidate language and discrimination
among clips with the same instruction. Queries and targets come from held-out episodes excluded from
training, but retain within-episode visual continuity.

Both controls use the same fixed Robota-Embed model. Candidate text masking replaces each gallery
instruction with an empty prompt before multimodal fusion, then recomputes embeddings while preserving

17



Robota-Embed: Unified VLA Embeddings for Robot In-Context Learning and Evolution

candidate video and action. Same-instruction gallery restricts each query to candidates with the same
instruction, testing within-instruction ranking. The original protocol and candidate-text masking both retain
the full shared 8,000-item cross-source gallery.

Table 12 | Aggregate benchmark-validity controls. Candidate-text masking and same-instruction retrieval use
a fixed model. Recall and MRR (%) are averaged equally across four sources.

Clip-level Episode-level
Setting R@1 R@5 R@10 MRR R@1 R@5 R@10 MRR
Original 47.33 91.90 96.95 67.05 81.77 94.91 98.06 86.96
Candidate text masked 12.78 33.65 43.10 23.06 23.17 36.83 46.69 30.32
Same-instruction gallery 47.62 92.45 97.25 67.46 82.53 95.23 98.20 87.55

Candidate text masking lowers clip-level R@1 from 47.33% to 12.78% and episode-level R@1 from 81.77%
to 23.17%. The model relies on candidate language for current-to-future alignment: masked and original
candidate embeddings have a mean cosine similarity of 0.506.

Restricting the gallery to the same instruction yields 47.62% clip-level R@1, approximately 0.3 percentage
points above the original protocol after removing different-instruction distractors. The retained candidates
share the instruction, so ranking them depends on their visual and action content. Nearby same-episode
distractors further require precise localization of the paired future clip.

Table 13 | Same-instruction gallery difficulty. Candidate counts and clip-level recall (%) within query-specific
galleries. Random recall uses the same restricted candidates. The final row averages source means and recalls equally;
its candidate median is the cross-source aggregate. RoboMIND-FD denotes RoboMIND—Franka-dual.

Candidates R@1 R@5
Domain Mean Median Model Random Model Random
EgoDex 4.06 4 37.60 29.76 98.40 95.09
DROID 2.71 2 74.20 54.64 99.20 97.46
LIBERO 54.51 50 38.60 1.90 87.00 9.50
RoboMIND-FD 473.59 342 40.10 0.24 85.20 1.19
All domains 133.72 25 47.62 21.63 92.45 50.81

Same-instruction pools are small in EgoDex and DROID, so R@5 approaches saturation. LIBERO and
RoboMIND-FD have larger pools, averaging 54.51 and 473.59 candidates. Their R@Q1 scores of 38.60% and
40.10% exceed the corresponding random rates of 1.90% and 0.24%.

Table 14 | Benchmark-validity controls by source. Recall and MRR are percentages. Candidate-text masking
preserves video and action; same-instruction retrieval restricts each query’s gallery. Original-protocol results are in
Table 10. Episode-level metrics use the within-episode and per-source reducer from Section 3.3.

Clip-level Episode-level

Domain R@1 R@5 R@10 MRR R@1 R@5 R@10 MRR
Candidate text masked

EgoDex 4.00 14.30 21.40 9.73 9.00 16.81 24.75 13.62
DROID 4.40 13.30 21.20 9.69 6.50 16.81 25.25 12.57
LIBERO 13.40 36.40 49.30 25.03 23.19 39.56 53.87 32.09
RoboMIND-FD 29.30 70.60 80.50 47.77 54.00 74.12 82.88 63.01
Same-instruction gallery

EgoDex 37.60 98.40 100.00 63.59 89.69 100.00 100.00 92.99
DROID 74.20 99.20 100.00 85.34 100.00 100.00 100.00 100.00
LIBERO 38.60 87.00 96.80 60.41 67.69 91.81 98.19 77.47
RoboMIND-FD 40.10 85.20 92.20 60.51 72.75 89.12 94.62 79.73

18



Robota-Embed: Unified VLA Embeddings for Robot In-Context Learning and Evolution

B.4. Controlled Robota-Embed Ablations

Retraining tests how well each input set supports retrieval; query masking tests a fixed model’s reliance on
its inputs. Retraining uses matched DROID splits and budgets, with clip-level metrics (%). Tables 15 and 20
report four-source averages for frozen-feature adaptation and final-model masking.

B.4.1. Retrieval Adaptation

Table 15 | Retrieval adaptation. Four-source average retrieval (%) on the shared Robota-Embed-Bench gallery.
The frozen readout and Robota-Embed use the same VLA query/target fields.

Setting Clip R@1 Episode R@1
Cosmos3-Edge 4B (frozen readout) 0.65 1.17
Robota- Embed 47.33 81.77

Frozen Cosmos3-Edge features provide 0.65% clip-level R@1 and 1.17% episode-level R@1. Retrieval training
raises these scores to 47.33% and 81.77%, respectively. The pretrained features contain all three modalities,
but retrieval training is needed to compare present states with recorded continuations effectively.

B.4.2. Trainable Scope

Table 16 | Trainable scope. Clip-level retrieval on the controlled DROID split (%). Both rows use a learned
retrieval head; the second also updates the backbone.

Trainable scope R@1 MRR
Head only 13.8 24.00
Backbone + head 78.7 88.00

Training a retrieval head over the frozen backbone reaches 13.8% R@1, whereas training the backbone and
head reaches 78.7%. Under matched DROID training, adapting the shared representation is much more
effective than learning a readout from fixed features.

B.4.3. Objective Groups

Table 17 | Objective groups. Clip-level retrieval on the controlled DROID split (%). Each row adds an objective
group from Equation 2.

Objective (Eq. 2) R@1 MRR
Lalign 75.6 86.20
Lalign + Lreg 77.0 87.10
Lalign + [:ground + Ereg 78.7 88.00

Predictive retrieval alignment alone reaches 75.6% R@1. Adding representation regularization raises RQ1
to 77.0%, and adding multimodal grounding and discrimination reaches 78.7%. R@10 is 100.0% throughout
these three runs. Predictive alignment already places the correct clip near the top; the added objective groups
improve its rank among those closest candidates.
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B.4.4. Visual Input

Table 18 | Visual input. Clip-level retrieval on the controlled DROID split (%). All rows are retrained for their
stated visual interface.

Visual input R@1 MRR
w/o vision (retrained) 76.8 86.69
Full frame 77.9 87.40
SAMS3 object zoom 78.7 88.00

The no-vision, full-frame, and SAM3 object-zoom settings reach 76.8%, 77.9%, and 78.7% R@Q1, respectively.
Their MRR values are 86.69%, 87.40%, and 88.00%. SAMS3 object zoom gives the highest R@Q1 and MRR
among these matched DROID retrieval variants, with a modest 0.8-point R@Q1 gain over the full frame.
Cropping to the interaction region gives a small improvement in clip localization.

B.4.5. Training-Time Modalities

Table 19 | Training-time modalities. Matched DROID retraining after removing one modality (%). V/L/A
denote vision, language, and action.

Clip A clip
Setting Input R@1 R@1
Full VLA VLA 78.7 —
No action VL 59.8 —18.9
No vision LA 76.8 —-1.9
No language VA 20.2 —58.5

Removing action lowers RQ1 from 78.7% to 59.8%, a drop of 18.9 percentage points. Removing language has
the largest effect, while retraining without vision lowers R@Q1 by 1.9 points. Native action supplies retrieval
signal beyond vision and language in this controlled DROID study.

B.4.6. Inference-Time Modality Availability

Table 20 | Inference-time modality availability. Four-source average retrieval (%) with the final checkpoint and
gallery fixed. Only the query inputs are changed. V/L/A denote vision/language/action; A gives the percentage-point
change in clip-level R@Q1 from Full VLA.

Query input Clip R@1 Episode R@1 A clip R@1
Full VLA 47.33 81.77 —
VL (no action) 20.08 37.36 —27.25
LA (no vision) 23.00 39.50 —24.33
VA (no language) 7.13 14.73 —40.20
L (text only) 16.23 31.09 —31.10
V (image only) 1.68 3.66 —45.65
A (action only) 0.53 1.58 —46.80

Withholding query action, image, or text lowers clip-level R@Q1 by 27.25, 24.33, or 40.20 percentage points,
respectively. Full VLA ranks highest at both clip and episode levels. The final model uses all three query
modalities; the drops also reflect the input distribution shift caused by masking. Text alone reaches 16.23%
clip-level RQ1; image-only and action-only queries yield 1.68% and 0.53%. No single query modality repro-
duces the fused VLA representation under this fixed-model protocol.
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B.5. Controlled DROID Query Masking

We mask inputs to the fixed DROID Full VLA model and compare its response with the retrained variants
in Table 19. This test uses the controlled DROID checkpoint and split, whereas Table 20 uses the final
checkpoint across four sources.

Table 21 | DROID query-only masking. Clip-level recall and MRR (%) with the model and gallery embeddings
fixed. A R@1 gives the percentage-point change from the full VLA query.

Query setting Input R@1 R@5 R@10 MRR A R@1
Full query VLA 78.7 99.4 100.0 88.00 0.0
Action masked VL 50.7 90.3 94.9 67.60 —28.0
Image masked LA 60.9 91.8 96.1 74.17 —17.8
Text masked VA 1.9 7.2 12.0 5.41 —76.8

Conclusion. Masking action, image, or text lowers clip-level RQ1 from 78.7% to 50.7%, 60.9%, or 1.9%,
respectively. Removing text has the largest effect, followed by action and image. The larger effect of removing
action than vision is shared by the retraining and masking studies. No-vision retraining reaches 76.8% R@1,
whereas masking vision in the full model yields 60.9%. Retraining permits adaptation to the remaining
inputs; masking tests the fixed model’s reliance on its inputs, including sensitivity to distribution shift. The
small no-vision retraining gap therefore does not imply that the full model ignores vision.

B.6. Index-Size Scaling and Retrieval Latency

Table 22 measures query encoding and Top-10 search over precomputed galleries on one NVIDIA A100.
Timings exclude SAM3 preprocessing, reranking, policy inference, and robot execution. Throughput is the
reciprocal of total latency; GPU memory is estimated. Encoding takes 157.70 ms at every scale, while
expanding the gallery from one million to 15 million entries adds 34.81 ms to search latency. Retrieval
quality is evaluated separately on the 8,000-entry benchmark.

Table 22 | Retrieval scaling on one NVIDIA A100. Measured latencies cover Top-10 search alone and query
encoding plus search. Throughput is derived from the latter; GPU memory is estimated.

Top-10 Encode + retrieve Single-stream Est. GPU
Gallery search (ms) latency (ms) QPS memory (GB)
1M 2.66 160.36 6.24 11.29
2M 5.14 162.84 6.14 15.39
5M 12.60 170.30 5.87 27.69
10M 25.04 182.74 5.47 48.19
15M 37.47 195.17 5.12 68.69

B.7. Qualitative Cross-Embodiment Analysis

Figure 8 presents three selected cases from a diagnostic checkpoint. Each query searches only the illus-
trated target source, excluding its own. The top-ranked clips share placement or removal roles with their
queries across human, robot, and simulated experience. The three cases provide selected qualitative evidence
from a separate diagnostic checkpoint. Aggregate cross-source accuracy, prevalence, robustness, and source
invariance are outside this analysis.
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Current query Retrieved continuation Rank 1

(a) RoboMIND-Franka-Dual

Move a gray plate
from table to rack.

EgoDex

Move a blue box from
table into a bowl.

DROID
Take one packet from a pack.

(b) EgoDex
Take a block from a cabinet. —_

LIBERO

Put a book in the rear
compartment of a caddy.

(c) DROID

Place the white book upright, —
then move it backward.

Figure 8 | Selected qualitative evidence across embodiments. Each query searches only the illustrated target
source. The top-ranked clips share placement or removal roles with their queries.

C. Embed2ICL Implementation and Supplementary Results

This section covers DreamZero’s training-free video-cache warm-up and Fast-WAM’s training-based Context
Tokens, followed by integration controls.

C.1. DreamZero-DROID Reference Warm-Up

Embed2ICL initializes frozen DreamZero-DROID’s cache with a retrieved and reranked video (Figure 9).
Both retrievers use the same GPT-5.6 sol Reranking Agent. All reference conditions use four-second videos.
Each Embed2ICL reference contains three synchronized streams at 15 Hz for four seconds (60 frames per
view): 45 frames before the detected final gripper release, the release frame, and 14 frames after it. All
three streams serve as video-only policy input. Embed2ICL performs one warm-up per applicable task phase
and issues eight reference-conditioned policy requests. Live observations then update the rolling cache. The
source episode and temporal window remain fixed across all trials for a task, so the experiment evaluates
conditioning on a selected task reference. We evaluate the three tasks in Table 2. No warm-up, random
reference, both retrievers’ top-1, and both reranked conditions each use 100 trials per task, totaling 300 per
condition. All share the released DreamZero-DROID policy; only the test-time video reference changes. The
top-1 conditions select an episode and recut a four-second reference from its successful stage.

C.2. DreamZero Reference and Interface Analysis

Figure 10 shows the task-specific DROID warm-up references for full Embed2ICL (Table 2). All three preserve
the placement relation while changing the object or receptacle: Cube—Bowl uses a block-to-bowl example;
Can—Mug uses a cap-to-container analogue; and Banana— Bin preserves the manipulated object but changes
the receptacle. Reranking selects references using completion evidence among other criteria; Table 2 evaluates
their usefulness as policy context.

Reference-cache compatibility. DreamZero-DROID [9] supports video warm-up through its rolling 6.6-
second visual KV cache and stateless VAE. LingBot-VA [39] (CauVA in the proceedings) instead requires
synchronized initialization of video/action positions and streaming VAE state. Fast-WAM [10] resets visual
KV state at each policy call; Embed2ICL therefore supplies its trained Context-Token interface (Section C.4).
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01 Select a task-relevant reference

Robot query Rerankina Aaen Selected video
, Robota-Embed eranking Agent ‘ -

nstruction d — Task relevance — )

Current image DROID index Come g

Current action Top-k retrieval ompletion evidence

Reference segment

Video-only warm-up ‘

02 Initialize and update the visual cache |

|

Live observations Rolling visual KV cache DreamZero-DROID
Current robot view Frozen po"cy
Native cache updates . . . . . . . . . .

6.6-s context - FIFO eviction v

Robot actions

Figure 9 | Training-free Embed2ICL. Robota-Embed retrieves candidate VLA clips, and the Reranking Agent
selects a task-relevant reference containing completion evidence. Its video initializes DreamZero-DROID’s visual key—
value cache. The policy remains frozen while live observations update the cache during execution.

Evaluation task 2.0 s before release Release frame 0.8 s after release

Cube — Bowl

DROID reference .
block — bowl .

Can — Mug

DROID reference
cap — container

Banana — Bin

DROID reference
banana — bowl

Figure 10 | DROID references for training-free Embed2ICL. Each row shows one task’s fixed reference
from a single camera, before, at, and after the detected final gripper release. DreamZero-DROID receives all three
synchronized four-second video streams.

C.3. Training-Free Embed2ICL on the YAM Robot

Policy and reference. We adapt DreamZero-AgiBot [9] to YAM for 20 epochs on 55 play trajectories,
comprising approximately 30 minutes of interaction. Both conditions share this adapted policy; Embed2ICL
adds retrieved video through visual KV-cache warm-up without further policy updates. It reuses the banana-
placement reference selected by Robota-Embed and the Reranking Agent for the DROID-Sim Banana-to-Bin
task. This DROID reference depicts placement into a bowl; the real-robot task is Banana-to-Bowl.
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Evaluation. We evaluate each condition over 12 real-robot rollouts. Success requires the banana to remain
inside the bowl while the bowl stays upright. We also report mean cumulative task progress on a 0-100 scale,
awarding 20 points for each completed stage: (1) gripper contact with the banana; (2) grasping and lifting
it from the table; (3) transporting it above the bowl; (4) releasing it into the bowl; and (5) stable placement
with the bowl upright. Embed2ICL raises mean progress from 21.67 to 40.00 (Table 5); success increases
from 0.0% to 16.7%.

C.4. Fast-WAM Integration Details

Context Tokens from target states. The target encoder jointly encodes task text, future video, and
native actions. From valid action slots after layer 28’s generation RMSNorm, we extract fused states HF €
R7i%2048 y15ed by the global retrieval branch (Eq. 3). Adaptive temporal average pooling retains at most 32
positions; standard windows from all four sources yield 32. Pooled states pass through shared LayerNorm,
2048 — 1024 projection W, and target residual adapter Ag:

ﬁi = P00132(H7;k)a Ui, = Ak (W LN(ﬁl’J)) ’

Cij = wij/|uijlla, C; € R32X1024,

(7)

Standard windows yield 32 independently L2-normalized tokens from temporally pooled states, not copies of
the global retrieval vector. Cosine search uses k;; Fast-WAM consumes C;.

Retrieval-trained parameters. Context Tokens reuse the Transformer, shared projection, and endpoint
adapters learned during retrieval training. The video VAE remains frozen. Token extraction adds no separate
head or token-level alignment or reconstruction loss.

01 Encode and cache human experience

Shared LN + Linear
Human record 2048 —» 1024 EgoDex cache

Robota-Embed

, Time mean _,  ‘targetadapter perieval vector k
= Action-slot states L2-normalized k

. . Layer 28 + RMSNorm Adaptive avg. Context Tokens C
Text + native action 2048 D pool (£32) —  Token-wiselL2 3&;10:14
Cached vectors |

02 Retrieve the cached context l
Robot query Cosine top-1 Load context
Text + image — Robota-Embed — seject reference ID —— Tokens C + mask m
Action hiStory Query vector q l
03 Policy conditioning Native cross-attention K/V Width adapter

Fast-WAM LN + Linear: 1024 — 4096

+«— Text Proprio Reference — + type / position
Figure 11 | Training-based Embed2ICL. Offline encoding caches each candidate’s retrieval vector, Context
Tokens, and context mask. Online cosine top-1 search selects a reference and loads its tokens and mask. The prefilling
adapter projects the tokens to Fast-WAM’s context width and appends them to the native text and proprioceptive
conditioning for cross-attention.

Offline cache and online lookup. Offline, we cache each candidate’s retrieval vector, Context Tokens, and
context mask m;. Online, we encode the robot query as g, find i* = arg max; ¢ k;, and load (Cj«, m;-) without
re-encoding the candidate. Each rollout starts without reference context. After the first successful retrieval,
that reference stays active until the rollout ends. Task-progress metadata is excluded from conditioning.
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Prefilling. Embed2ICL projects C' = C;+ to Fast-WAM’s conditioning width:
R = Linearig24—4096 (LN(C)) + Etype + Eposa R e [R32x4096 (8)

The projected sequence extends native conditioning [Hiext; Ppropriol; Eiype and Epos are learned type and
position embeddings. Native cross-attention reads it in all 30 video-expert and 30 action-expert layers, at
every action-diffusion denoising step, and during video KV-cache prefilling.

Policy-adaptation scope. Video and action flow-matching losses update approximately 5.00B video-
expert parameters, 1.02B action-expert parameters, the proprioception encoder, and a 4.34M-parameter
projection adapter: approximately 6.02B trainable parameters in total. The text encoder and VAE remain
frozen. The context adapter inserts cached tokens into native conditioning, with no gradient propagation to
the offline Robota-Embed encoder.

LIBERO training schedule. The retrieved-context condition starts from the official Fast-WAM LIBERO
checkpoint and trains on 1,712 trajectories comprising 277,713 samples across the four LIBERO suites. Five
epochs yield 21,700 parameter updates with an effective batch size of 64. We use AdamW with a learning
rate of 1074, a 5% warm-up, and cosine decay to 1076. The random-reference condition evaluates this same
policy checkpoint. A separate no-ICL control uses the same 21,700 training updates (Section C.5).

Real-robot evaluation. Pick Fruit and Split Cup each use 12 rollouts per task and condition. Following
T-Rex’s partial-credit approach [35], we report 100 ﬁ Zzlil s;, where s; € [0,1] is a rollout’s normalized

task-progress score.

Additive scoring. Pick Fruit and Split Cup award 0.25 independently for each completed sub-step, up
to a total of 1. For Pick Fruit, the four sub-steps are: the left hand grasps a fruit from the left side; the
left hand places that fruit in the center basket; the right hand grasps a fruit from the right side; and the
right hand places that fruit in the center basket. For Split Cup, they are: the left hand grasps and stabilizes
the cup stack; the right hand separates exactly one cup; the right hand grasps the separated cup; and the
separated cup is placed upright on the table.

Table 5 reports mean task progress and gains computed before rounding. Figure 6 pairs retrieved refer-
ences with illustrative executions for these two tasks and DreamZero/YAM.

C.5. LIBERO Supplementary Controls

Table 4 compares retrieved and random Context Tokens with the official release without ICL. The retrieved-
and random-reference conditions evaluate the same policy checkpoint, changing only the source of Context
Tokens at inference. For the random-context condition, a fixed seed deterministically selects a pseudorandom
real reference window from the EgoDex gallery. Its precomputed 32 x 1024 Context Tokens replace the
retrieved window’s tokens; the control neither injects noise nor shuffles token order. Each condition uses 50
binary-success trials per task across the five-task LIBERO difficult subset. Retrieved tokens reach 92.8%
success, compared with 88.0% for tokens from random references. This isolates reference selection at fixed
policy weights.

Separately, continuing the official release without ICL for 21,700 updates, matching Embed2ICL’s update
count, yields 216/250 successes (86.4%). Success remains unchanged from the official release and 6.4 percent-
age points below Embed2ICL. Thus, continuation for the same number of updates does not reproduce the
gain from retrieved-context conditioning.

Retrieved human context. Figure 12 pairs the G3 bowl-to-drawer task with a top-1 EgoDex clip of a
human moving an object toward a bowl. Both depict placement into a receptacle. The selected Embed2ICL
rollout completes G3, whereas the rollout from the official release does not.
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G3 Open the top drawer and put the bowl inside

Retrieved human reference EgoDex - Top 1

retrieve
—_—

Current query

Selected terminal states
Official release 42/50

Embed2ICL 50/50

Figure 12 | LIBERO G3: reference and final states. Successes out of 50 per condition.

C.6. Training-Based Integration Ablation

We compare two complete integration settings: Embed2ICL’s native-context prefilling with policy fine-tuning,
and a frozen-backbone reference side branch. Both use the Robota-Embed retriever, EgoDex index, cosine
top-1 selection, and complete 32 x 1024 Context Tokens. They differ in both the conditioning path and
trainable scope.

Side-branch setting. A shared reference encoder projects the cached tokens to width 512. Each of the
30 video-expert and 30 action-expert layers receives an eight-head reference cross-attention block, inserted
after self-attention and before native text/proprioception cross-attention. Channel-wise residual gates are
initialized to zero, preserving the original policy at initialization. Training updates the reference encoder,
added attention blocks, and gates (approximately 158.74M parameters), while freezing the original Fast-
WAM backbone and proprioception encoder. Standard Embed2ICL instead fine-tunes approximately 6.02B
parameters with its prefilling interface (Section C.4).

Table 23 | LIBERO integration ablation. Successes from 50 trials per task and condition; the final row gives
the five-task average (%). Parentheses show percentage-point changes from the official release; bold marks the better
ICL setting.

Official
Suite / ID release Side branch Embed2ICL
Spatial / S4 46 46 (0) 49 (+6)
Goal / G3 42 44 (+4) 50 (+16)
Goal / G9 45 44 (-2) 47 (+4)
LIBERO-10 / L4 43 43 (0) 44 (42)
LIBERO-10 / L6 40 43 (46) 42 (+4)
Five-task average (%) 86.4 88.0 (+1.6) 92.8 (+6.4)

Conclusion: LIBERO. The side branch reaches 88.0% average success, compared with 86.4% for the
official release and 92.8% for Embed2ICL (Table 23). Embed2ICL performs better on four tasks; the side
branch performs better on L6 (43 versus 42 successes). The side branch uses fewer trainable parameters, but
Embed2ICL reaches higher average success.
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Table 24 | Real-robot integration ablation. Mean normalized task progress (%) from 12 rollouts per task and
condition. Parentheses show percentage-point changes from Fast-WAM without ICL.

Task No ICL Side branch Embed2ICL
Pick Fruit 75.00 77.08 (+2.08) 79.17 (4+4.17)
Split Cup 66.67 75.00 (+8.33) 87.50 (420.83)

Conclusion: Real robots. Both settings improve mean normalized task progress over no ICL (Table 24).
Embed2ICL reaches 79.17% on Pick Fruit and 87.50% on Split Cup, compared with 77.08% and 75.00% for
the side branch. The larger gap occurs on Split Cup.

Table 25 | Retrieved versus random Context Tokens. Each integration is evaluated on the LIBERO difficult
subset with 50 trials per task and condition. Results are five-task average success rates (%).

Integration Random tokens Retrieved tokens
Side branch 85.6 88.0
Embed2ICL 88.0 92.8

Conclusion: Retrieved versus random context. Retrieved tokens yield higher success than random
tokens within each setting (Table 25): 88.0% versus 85.6% for the side branch and 92.8% versus 88.0%
for Embed2ICL. In the Embed2ICL comparison, both reference conditions use the same policy checkpoint.
Retrieved context helps in both the frozen-backbone and fine-tuned settings.

D. Embed2Evolve: Harnesses, Development, and Evaluation

Embed2Evolve accumulates completed attempts in task-local memory and searches for a recipe for using
that memory during control. Online retrieval ranks individual memory anchors; development compares
entire context configurations. The two decisions use different criteria. The policy and embedding models
remain fixed throughout.

D.1. Policy and Memory Interfaces

Matched embedding-model design. We compare Robota-Embed with Omni-Embed-Nemotron-3B [6]
by replacing only the retrieval embedding model and developing each condition independently. Both use the
same GPT-6 Astra policy, prompt, initial memory, development and test seeds, candidate-generation rules,
and stopping criteria. Retrieved memories supply the same RGB, action, and feedback fields to the policy.
Both evolved systems use the full memory interface; the random-history baseline supplies only RGB.

At each decision, GPT-6 Astra receives all current RGB views, robot state, execution feedback, recent
action/feedback history, and external context when available. It proposes end-effector target poses and
gripper commands, which are validated and executed by a fixed IK/controller. Table 26 gives the runtime
and budgets. The four single-arm tasks use base_camera, vision_side, vision_top, and vision_wrist;
TwoRobotStackCube uses base, side, top, and separate left /right wrist cameras. The policy observes all four
or five views, respectively, at every decision.

Action execution and observation constraints. Each primitive specifies one arm’s world-frame end-
effector position in metres, unit XYZW quaternion, and gripper open/close command. Targets are trans-
formed to that robot’s base frame and executed by the native IK/PD controller. In the two-arm task, the
other arm holds its measured pose at the start of the primitive. The shared prompt requires explicit targets,
without hidden tool calls or automatic execution until a target is reached. It restricts observations to RGB,
the robot’s own state, the instruction, and public actions and feedback; object poses, private simulator state,
and task code are excluded. A gripper command does not establish grasp success, nor does an IK target
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Table 26 | Embed2Evolve runtime and observation interface. Simulation time is distinct from client execution
time, which includes API waiting.

Component Configuration

Policy GPT-6 Astra, reasoning effort low

Simulator ManiSkill 3.0.1; SAPIEN 3.0.3

Current RGB One 256 x 256 image per camera per decision

Cameras Four for single-arm tasks; five for TwoRobotStackCube
Control rate 20 Hz; two ticks per primitive (0.1s simulation time)
Decision budget At most eight primitives per GPT decision

Rollout budget 100 decisions, 300 primitives, and 600 policy control ticks
Target-change limits Per tick: 0.026 m translation and 0.1rad rotation

establish arrival. The joint_eff field estimates the robot’s own PD drive effort, not contact ground truth
or measured torque. Native environment feedback determines task success.

Historical-context prompt. Both conditions retain the Direct system prompt except that “This condition
is Direct: no memory or retrieval.” is replaced by “A historical RGB video excerpt may accompany the current
observations.” Both use this fixed preamble for historical video:

This reference is a uniformly random four-second excerpt from a retrieved historical video. The
images are historical, not current observations.

Here, “uniformly random” is inherited prompt wording: both conditions use the clip associated with the
retrieved anchor, not a randomly drawn excerpt from the selected video.

Anchor index and query. For Robota-Embed, the query combines the instruction, current main-camera
RGB, and an endpoint-error action proxy derived from the most recent acknowledged active-arm command,
rather than achieved displacement. Applying the LIBERO action codec to ManiSkill is an out-of-distribution
adaptation.

Omni-Embed-Nemotron-3B runs in BF16 with eager attention. Its query uses the query: prefix, task text,
and current RGB, without native actions; its target uses passage:, task text, and historical video. Retrieved
context supplied to GPT includes the clip’s public actions, execution feedback, relative timestamps, and
robot state after command acknowledgement. These policy-context fields are distinct from the embedding
model’s inputs.

Memory indexes completed development episodes, including successes and failures. Each key represents a
current-state anchor linked to at most four seconds of recorded RGB, commands, robot state, feedback, and
timestamps. Retrieval matches the task and active arm, excludes episodes with the current seed, and selects
anchors from distinct source episodes.

Ranking and refresh. For candidate anchor j, let S; € {0,1} be its source episode’s native success label
and L; its total control ticks, with budget 600. For normalized query and anchor vectors ¢, z; from the chosen
embedding model, the score uses success/efficiency bonuses «, 3:

R(q,j) = cos(q, z;) + aS; + BS; (1 - 6LOjO> . 9)

Candidates are ranked in descending order, with at most one anchor retained per source episode. The

efficiency bonus rewards successful episodes that use fewer control ticks; tokens, cost, and policy decision

counts do not enter the score. For example, 300 ticks with o = 0.10, 8 = 0.03 adds 0.115 to cosine similarity.

The episode-level label records the outcome of the whole attempt, so it does not establish that every local

action was correct. Decision zero uses no retrieved context. Retrieval starts at decision one, refreshes at the
selected cadence and upon an active-arm change, and caches context between refreshes.
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Failed attempts. Ordinary task failures and budget-exhausted episodes count as unsuccessful trials and
can enter memory. With S; = 0, their anchors receive neither a bonus nor a penalty and remain retrievable
by similarity. Exhausted repairs of malformed policy output also count as valid failures, but the memory
builder does not admit these episodes. Audited infrastructure interruptions are excluded from the valid-trial
denominator and memory; replacement runs complete the trial budget. The policy receives failed attempts
as execution records under the fixed prompt; these records are not rewritten as prompt advice.

D.2. Development and Selected Harnesses

Search varies retrieval count k, refresh cadence 0, history pairs H, and success/efficiency bonuses «, 8. Models,
prompt prose, controller, and episode budgets stay fixed. Every candidate uses development seeds 0-9 and
retains historical images. The history window keeps the most recent 2H messages, corresponding to H
action/feedback pairs; § counts policy decisions. Each task begins with the three presets in Table 27.

Table 27 | Initial context configurations. All presets enable historical images and are evaluated on the same ten
development seeds.

Preset k Cadence ¢ History H « I}
A 2 2 12 0.10 0.03
B 1 4 6 0.10 0.10
C 2 1 8 0.15 0.05

Memory expands between rounds, so development changes both available experience and its retrieval
recipe. Search round r need not equal the numbered report round ¢: earlier transport-version rounds can
contribute memory but are excluded from current-version configuration selection.

Before During evolution Selected harness
Direct policy PullCubeTool: selected parent path Frozen R8
No external R4 - R5 - R8 @]
memor .
/ am) ) | () | soepiodes
Full il - - 1,667 anchors
et 6/10 success 7/10 success 7/10 success
938 anchors 1,125 anchors 1,667 anchors Top-k Refresh History
l Refresh 1 Refresh 2 Refresh 3 2 3 4
GPT-6 Astra History 8 History 6 History 4 GPT weights unchanged
Execution with the selected harness PullCubeTool - matched trial
Direct 80 policy decisions - 962.27 s Embed2Evolve 26 policy decisions - 489.55 s

Figure 13 | From Direct control to a selected harness. PullCubeTool’s R4 — R5 — R8 parent—child sequence
grows memory while reducing retained history and retrieval frequency. The bottom filmstrips show the same fresh-test
initialization completed successfully by both systems. Task execution time includes API waits.
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Success-first selection. Let & contain the eligible numbered development rounds. For round /¢, write
Ny for its number of successful trials, and Ly, T, for mean control ticks and client execution time over its
successful trials. We select lexicographically:

£* = arg min (7Ng,zg,Tg,£) . (10)
Le&

We first maximize successes, then break ties by fewer control ticks, shorter time, and the earlier round. Every
round contains ten valid trials. If none succeeds, both successful-trial means are +o00, so rapid failure confers
no efficiency advantage. Configuration selection thus ranks success and efficiency in order of priority; online
retrieval combines them in a weighted score.

Local proposals. After the presets, search round r copies the current winner and makes one deterministic
local proposal; all unlisted settings are inherited:

e If rmod3 =1, set § < min(4,0 +1) and H < 6 if H > 6, or H + 4 otherwise.
o If r mod 3 =2, set § + max(1,0 — 1), k + 2, and a + min(0.25, « + 0.05).
e If rmod 3 =0, set k < 1 and 8 < min(0.20, 8 + 0.05).

Stopping and freezing. Stopping tracks the Pareto frontier of (Ny, —L;, —T'). A point dominates another
when it is no worse in all three coordinates and better in at least one. A candidate adds a frontier point only
if no existing point dominates it and its coordinates are not already present.

After at least three eligible rounds under the current transport version, two consecutive rounds without a
new frontier point trigger stopping. A separate cap allows at most eight numbered development rounds per
task, including earlier transport versions; baseline collection and formal testing do not count toward it. Any
started round must complete ten valid trials.

For each embedding model, formal testing freezes the winning configuration and the memory bank from
that round. Test outcomes do not enter selection. The two conditions develop independently and can produce
different banks and recipes. The comparison measures the embedding model’s contribution through evolution,
not a replacement within one final harness.

With Robota-Embed, StackCube stops by the frontier rule after four rounds and TwoRobotStackCube
after eight. PokeCube, LiftPegUpright, and PullCubeTool each reach the eight-round cap. The 36 recorded
configurations and 360 trials include historical first rounds that are ineligible for selection. Table 28 lists the
selected harnesses, and the trajectories below show eligible candidates.

Table 28 | Selected Embed2Evolve harnesses. Bank sizes count development episodes and indexed anchors.
Cadence counts GPT decisions; H counts retained action/feedback pairs.

Task Round Episodes Anchors k Cadence H a/B
Poke Cube 8 80 1,610 2 2 6 .15/.05
Stack Cube 2 20 454 2 2 12 .10/.03
Lift Peg Upright 6 60 1,116 2 1 6 .20/.05
Pull Cube with Tool 8 80 1,667 2 3 4 .15/.05
Two-Robot Stack Cube 5 50 1,126 2 3 6 .10/.03
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D.3. Development Trajectories

Figure 14 traces Robota-Embed’s candidate performance. Decision counts average each round’s successful tri-
als; test-time efficiency uses matched initializations (Section D.5). Hollow diamonds mark selected harnesses,
which need not come from the final round.

Policy decisions
Task success (%) per successful episode

100

0 0
2 3 4 5 6 7 8 2 3 4 5 6 7 8
Development round Development round
—e— Poke Cube --B-- Stack Cube
—a— Lift Peg Upright --4-- Pull Cube with Tool
—o&— Two-Robot Stack Cube { Selected harness

Figure 14 | Task-wise development trajectories. Success uses ten trials per round; decisions average that round’s
successful trials. Hollow diamonds mark selected harnesses. Lines connect evaluated candidates, not necessarily
parent—child configurations.

D.4. Embedding-Model Comparison

Table 29 lists the completed and selected rounds for each embedding model. Both stay within the eight-round
cap and produce their own memory banks and context configurations.

Table 29 | Independent development under matched search rules. Completed rounds count all numbered
rounds; selected rounds identify the configuration and memory frozen for testing.

Omni-Embed-

Nemotron-3B Robota-Embed
Task Completed Selected Completed Selected
Poke Cube 8 6 8 8
Stack Cube 6 3 4 2
Lift Peg Upright 8 4 8 6
Pull Cube with Tool 3 1 8 8
Two-Robot Stack Cube 7 5 8 5

The selected Omni-Embed-Nemotron-3B releases’ frozen banks contain 182 rollout videos: 49 from the
original Direct collection and 133 from that condition’s own development, with 30 successful and 152 failed
rollouts. These are the selected-round snapshots, not a post-hoc merge of all development trajectories. Video
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counts differ from indexed-anchor counts; failed rollouts remain retrievable by similarity under the scoring
rule in Section D.1.

The two context systems evolve independently; the embedding-model replacement changes both input
modalities and retrieval training. It is neither an action-only ablation nor an encoder swap within one fixed
final harness. Fewer high-level decisions can coexist with more physical control ticks (Table 31): these metrics
measure different aspects of execution.

D.5. Fresh-Test Protocol and Efficiency

The five tasks—PokeCube, StackCube, LiftPegUpright, PullCubeTool, and TwoRobotStackCube—were se-
lected from earlier development results. All four conditions use the same 20 test seeds (40-59) per task,
disjoint from development seeds 0-9, yielding 400 valid test episodes. We measure native task success; bud-
get exhaustion and policy failures count as failures. Audited infrastructure interruptions are excluded.

System comparisons. GPT-6 Astra Direct (Direct) uses its original prompt and full within-episode ac-
tion/feedback history without external memory. GPT-6 Astra 4+ random history adds one randomly sampled
same-task development clip with up to eight ordered RGB frames. This RGB-only reference remains fixed
within the episode. The harnesses evolved with Omni-Embed-Nemotron-3B and Robota-Embed use their
selected memories, bounded histories, ranking, and context refresh. Table 6 compares these four context
systems.

Success rates and token-use means include all test trials; decision-count and execution-time comparisons
use shared successes. Table 30 specifies each metric’s population and aggregation rule.

Table 30 | Embed2Evolve test-metric accounting. All five tasks receive equal weight. Paired comparisons and
reference API costs use Direct and Embed2Evolve.

Metric Test population Five-task aggregation
Task success All 20 trials per task in all four Mean of task success rates.
conditions
Policy decisions and Matched initializations successful =~ Mean of task-wise relative reductions; speedup
execution time under Direct and Embed2Evolve averages Direct/Embed2Evolve time ratios.
Policy tokens All 20 trials per task for Direct, Relative reduction between equal-task per-rollout
evolution with means.

Omni-Embed-Nemotron-3B, and
Embed2Evolve, including failures

Reference API cost All 20 trials per task for Direct Relative reduction between equal-task per-rollout
and Embed2Evolve, including means at fixed input/output rates.
failures

Efficiency accounting. Direct and Embed2Evolve both succeed on 7, 2, 5, 1, and 4 matched initializa-
tions in task order. Here, Evolve denotes Embed2Evolve. Per task, we compute the reduction 100(1 —
TEvolve/TDirect) ON this paired set. Averaging the five task-wise reductions equally gives 64.1% fewer policy
decisions and 41.4% less task execution time. Observed mean speedup is %25:1 TDirect,j /TEVOlve’j ~ 1.90,
where each mean uses that task’s shared successful trials. The 1.90x speedup and 41.4% reduction average
task-wise time ratios and relative savings, respectively.

Task execution time includes context preparation, API waiting, and execution overhead, but excludes
embedding-model cold-start time. It varies with API load, whereas replay videos show simulation time with-
out API waits. During this evaluation, rate-limit recovery changed API caller handling mid-batch, and Direct
was added after the batch began. Concurrency, CPU placement, and API load were not controlled across
conditions. These differences confound wall-time attribution: the reported time ratios describe observed
execution, not an isolated method-induced speedup. Table 31 reports physical control ticks separately from
GPT decisions.
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Table 31 | Efficiency and physical control on shared successes. Direct — Embed2Evolve means over the
same n matched successful initializations for all three metrics. Execution time includes API waiting. Tick change is
100(Evolve/Direct — 1); positive values indicate more physical control ticks despite fewer GPT decisions.

Paired Policy Execution Control Tick change
Task n decisions time (s) ticks (%)
Poke Cube 7 34.86 — 22.71 419.30 — 382.16 133.0 — 181.4 +36.4
Stack Cube 2 45.00 — 10.00 499.03 — 186.35 90.0 — 65.0 —27.8
Lift Peg Upright 5 57.20 — 12.40 556.06 — 234.46 152.0 — 149.6 —-1.6
Pull Cube with Tool 1 80.00 — 26.00 962.27 — 489.55 347.0 — 337.0 —-2.9
Two-Robot Stack Cube 4 87.25 — 33.00 1054.67 — 751.59 206.0 — 312.8 +51.8

D.6. Token Usage and Reference Cost

Table 32 reports mean policy input, output, and total tokens across all 20 test rollouts per task and condition,
including successes and failures, for GPT-6 Astra Direct and Embed2Evolve. We average the five task
means equally before comparing methods: total tokens fall from 920,979.76 to 518,216.15 per rollout, a
43.7% reduction. Reference API cost falls from $9.9641 to $5.7980, or 41.8%. Both reductions use 100(1 —
TEvolve/ Thirect) ON these five-task means. They measure resource use per attempt, including failures; timing
in Section D.5 uses initializations on which both Direct and Embed2Evolve succeed.

Reference costs use fixed rates of $10 per million input tokens and $50 per million output tokens, giving
(101 4+ 500) /108 USD for input count I and output count O. This fixed-rate estimate of test-time policy cost
excludes cache discounts, retrieval, simulation, and memory/harness development.

Table 32 | Policy token usage and reference cost per rollout. Means include all 20 test rollouts per task and
condition, regardless of outcome. Direct denotes GPT-6 Astra Direct; the final group averages task means equally.
USD estimates use the fixed input/output rates above.

Ref. cost
Method Input tokens Output tokens Total tokens (USD)
Poke Cube
Direct 693,733.05 16,052.50 709,785.55 7.7400
Embed2Evolve 375,759.60 12,903.40 388,663.00 4.4028
Stack Cube
Direct 935,086.30 18,401.05 953,487.35 10.2709
Embed2Evolve 656,130.60 19,000.10 675,130.70 7.5113
Lift Peg Upright
Direct 839,705.25 16,225.95 855,931.20 9.2083
Embed2Evolve 380,229.95 13,087.65 393,317.60 4.4567
Pull Cube with Tool
Direct 955,384.05 20,302.90 975,686.95 10.5690
Embed2Evolve 399,519.65 15,041.75 414,561.40 4.7473
Two-Robot Stack Cube
Direct 1,086,699.35 23,308.40 1,110,007.75 12.0324
Embed2Evolve 702,461.85 16,946.20 719,408.05 7.8719
Five-task average
Direct 902,121.60 18,858.16 920,979.76 9.9641
Embed2Evolve 502,820.33 15,395.82 518,216.15 5.7980

Total token use decreases on every task, most on Pull Cube with Tool (57.5%). Input tokens account for
most of the savings. Even on Stack Cube, where output usage increases, the reduction in input tokens lowers
total consumption.
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Token use after matched context evolution. The Omni-Embed-Nemotron-3B comparison in Table 6
uses all final test rollouts of the independently evolved, frozen harnesses, including failures, and excludes
development consumption. Its aggregate total-token comparison does not establish a wall-time or monetary-
cost ratio: neither an Omni-Embed-Nemotron-3B input/output split nor matched-success timing is available.

E. Related Retrieval Protocols

Table 33 compares retrieval inputs, the role of action, gallery scope, and policy dependence. Action can
enter the retrieval key, a retrieved record, or the consuming policy’s output. Policy coupling specifies how
the retrieval interface depends on that policy; lifetime specifies the scope over which retrieved experience is
stored or reused. In Zeva, both phase keys encode recurrent interaction history, including executed actions
and observed effects. RADAR’s row follows its observation—language retrieval formulation. Embed2ICL and
Embed2Evolve share Robota-Embed’s retrieval space.

Table 33 | Representative physical-experience retrieval interfaces. V/L/A/S/P denote vision, language,
native action, state, and proprioception; 3D denotes point clouds. Training-only action use is listed under action role;
cross-source galleries span datasets or interfaces.

Method Modalities Query — candidate Action role Cross- Policy Lifetime
source coupling
Deep Multimodal 3D/L/A 3D+L — trajectory Candidate key No Independent Offline corpus
CLASP L/S/A L — state+action Candidate key No Independent Offline corpus
VLA-R V/L/A scene V/L — action token  Candidate key No  Direct control Action vocab.
ROSER P prototype — window None No Independent Offline corpus
RAEA V/L V/L — V/L record Returned only Yes  Coupled Persistent
bank
REGENT S state — demo state Returned-+blend No Coupled Task buffer
RICL \% image — demo frame Returned+blend No Coupled Task buffer
Zeva V/A task phase — stored phase  Recurrent keys No Coupled Within episode
RADAR V/L eval V/L — train V/L Policy prior No Analysis only  Offline corpus
Robota- Embed V/L/A current VLA — future Query + Yes Independent Persistent
VLA candidate index

34



	Introduction
	Related Work
	Robota-Embed
	Problem Formulation
	Action-Native Predictive VLA Embeddings
	Training Data and Retrieval Benchmark

	Embedding Evaluation
	Unified VLA Retrieval on Robota-Embed-Bench
	What Makes Predictive Retrieval Work?
	Benchmark Retrieval Examples

	From Embeddings to Robot Context
	Embed2ICL: Embedding-Guided Robot In-Context Learning
	Embed2Evolve: Embedding-Guided Context Evolution

	Discussion
	Conclusion
	Robota-Embed Method Details
	Architecture and Optimization
	Robota-Embed Objective
	Training Data and Curation

	Robota-Embed-Bench Evaluation and Diagnostics
	Robota-Embed-Bench: Composition and Evaluation
	Per-Domain Results
	Candidate Language and Gallery Controls
	Controlled Robota-Embed Ablations
	Retrieval Adaptation
	Trainable Scope
	Objective Groups
	Visual Input
	Training-Time Modalities
	Inference-Time Modality Availability

	Controlled DROID Query Masking
	Index-Size Scaling and Retrieval Latency
	Qualitative Cross-Embodiment Analysis

	Embed2ICL Implementation and Supplementary Results
	DreamZero-DROID Reference Warm-Up
	DreamZero Reference and Interface Analysis
	Training-Free Embed2ICL on the YAM Robot
	Fast-WAM Integration Details
	LIBERO Supplementary Controls
	Training-Based Integration Ablation

	Embed2Evolve: Harnesses, Development, and Evaluation
	Policy and Memory Interfaces
	Development and Selected Harnesses
	Development Trajectories
	Embedding-Model Comparison
	Fresh-Test Protocol and Efficiency
	Token Usage and Reference Cost

	Related Retrieval Protocols

