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Figure 1: CometVLA overview.

Abstract: Vision-language-action (VLA) models remain brittle in manipulation
tasks that require physical commonsense. Current physical VQA data is typically
disembodied and misaligned with robot action domains. Egocentric videos are
used only as auxiliary pre-training. It remains unclear whether improved VLM
physical understanding actually benefits downstream action generation. Therefore,
we present CometVLA to close this gap. We construct CometData and Comet-
Bench, an embodied physical VQA corpus and benchmark strictly aligned with
the robot’s action data and embodiment. We introduce Global Action Prior (GAP)
tokens, a compact learnable bottleneck that isolates task-agnostic motion regulari-
ties and lets the action head consume physical commonsense without corrupting
the pre-trained VLM backbone. We co-train CometVLA across the embodied data
pyramid, spanning teleoperation, simulation, egocentric trajectories, and VQA
layers. On real-world manipulation tasks and RoboTwin simulation, CometVLA
consistently outperforms strong VLA baselines. Correlation analysis shows that
stronger VLM performance on CometBench indicates higher VLA success rates.
Results demonstrate that physical understanding pre-training genuinely benefits
downstream manipulation.

Keywords: Robot Foundation Models, Robot manipulation, Embodied VQA,
Physical Understanding
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1 Introduction

Vision-Language-Action models have made remarkable strides by repurposing large visuo-linguistic
backbones as the perceptual and planning front-end of manipulation policies, inheriting grounding,
spatial reasoning, and instruction following essentially for free [1, 2, 3]. VLM4VLA [4] has shown
that while VLM pre-training and VLA training share a broadly aligned learning trajectory early
on, their representations eventually diverge into distinct regions. Although starting from fine-tuned
VLMs [5, 1], they are systematically misaligned with the contact-rich, temporally evolving physical
dynamics that are required by VLAs. This mismatch reveals a clear gap between VLMs and VLAs,
and closing it is essential for physically reliable manipulation.

Physical commonsense is widely acknowledged as indispensable for robust robotic manipulation.
Despite this recognition, existing efforts to incorporate physical knowledge into VLMs have largely
remained confined to static settings [6]. Prior work typically injects physical priors through curated Vi-
sual Question Answering (VQA) datasets [7], supervised fine-tuning [8], or alignment techniques [9],
and evaluates the resulting capabilities on disembodied benchmarks [10]. While recent studies have
begun to explore transferring such capabilities to embodied settings, they often decouple perception
from action [11, 12] or simplify the control problem to high-level planning or discrete primitives [4],
leaving open a fundamental question of whether improved physical understanding in VLMs actually
translates to better action generation in realistic manipulation scenarios. From the perspective of data
sources, most existing VQA corpora are harvested from internet images or simulation renderings [13],
while Robo2VLM [14] attempts to extract VQA pairs directly from robot trajectories. Nevertheless,
the VQA scenarios rarely match the data distribution of the robot action stream or the specific
embodiment used during policy training in most cases, resulting in a persistent domain gap between
physical reasoning and physical acting.

Beyond VQA data, another important component of the embodied data pyramid is ego-centric
human video, which provides scalable, diverse, and natural interaction data from real-world envi-
ronments [15]. Such videos are appealing because they capture fine-grained manipulation behaviors
at scale with relatively low collection cost. Existing robot foundation models typically either treat
ego-centric video as an auxiliary pre-training corpus mixed into the overall data blend [16], or
leverage it to learn world models [17] or latent representations [18] for downstream control policies.
In contrast, our method introduces an alternative paradigm by curating physical-understanding VQA
pairs from ego-centric video for co-training.

This analysis exposes two complementary gaps that explain why physical commonsense has so far
failed to translate into reliable manipulation. We propose CometVLA, an end-to-end framework
with physical understanding. We take a systematic route among data, model, and training. (i)
At the data level, we build CometData and CometBench, an embodied physical-commonsense
corpus and benchmark aligned with the recipe of the training robot data. Specifically, we curate
CometData following the same recipe used for the VLA training dataset, thereby ensuring in-domain
physical understanding enhancement. (ii) At the model architecture level, we introduce Global
Action Prior (GAP) tokens, the information bottleneck for the action head to actively consume
physical commonsense and to exploit motion regularities shared across various samples. (iii) At the
training level, we implemented a single pre-training stage by leveraging knowledge insulation [19].
The co-training paradigm couples all layers of the embodied data pyramid along with structural
designs. The resulting system demonstrates robust action generation performance on both simulation
benchmarks and real-world manipulation tasks. Moreover, the pre-trained models exhibit a positive
correlation between performance on CometBench and action generation. Per-domain analysis reveals
the contribution of different QA tasks.

In summary, the contributions of this work are: (1) CometData and CometBench (data). The first
embodied physical-commonsense VQA corpus and benchmark that is aligned with the visual domain
and embodiment of the robot action data used for policy training. Validation on CometBench shows a
positive correlation with action generation. (2) Global Action Prior token (architecture). An inductive
bias that lets the action head explicitly consume physical commonsense and aggregate cross-sample



motion priors. (3) CometVLA (training). Training with embodied data pyramid for end-to-end action
generation with physical understanding. Evaluations show robust real-world manipulation skills and
superior performance compared to SOTA methods.

2 Related Work

2.1 Action Generation with Embodied Data Pyramid

A fundamental challenge for embodied agents is the scarcity of high-quality, ego-centric robot data.
To address this, recent work adopts an embodied data pyramid. Levels in the pyramid vary by source
and collection method. The pyramid has a broad base of abundant, low-cost data and narrower
upper layers of scarcer, more expensive data. From bottom to top: VQA data, ego-centric human
videos [20, 21], simulation data [22], and finally real robot teleoperation [23, 24]. This pyramid
offers a data-centric view of different action generation methods: imitation learning policies [25],
Vision-Language-Action models (VLAs), and World Action Models (WAMs) [17]. Each leverages
different combinations of pyramid levels to predict actions or their consequences.

Initial attempts typically consume the top, most expensive tier of the pyramid. RT-2 [1] first showed
that a web-scale VLM could be fine-tuned on a modest amount of teleoperation data to directly
output action tokens. OpenVLA [2], Octo [26], and mo/mg.5 [3, 27] further refined this paradigm,
demonstrating that the language-conditioned action distribution can be effectively learned from
hundreds of hours of real robot demonstrations. The pyramid’s middle tier, consisting of simulation
and scripted data, has been exploited by InternVLA_A1 [28] to pre-train on human video, synthetic
data, and real-world data. In contrast, WAMs aim to leverage the abundant ego-centric human video
tier to train video generation abilities. EgoScale [29] and FastWAM [17] learn predictive world
models from large-scale, unlabeled ego-centric video, enabling the agent to imagine future states
without requiring action labels. Our work leverages each pyramid tier to form a comprehensive
framework that systematically correlates embodied VLM capabilities with downstream VLA action
performance, without conflating architectural changes or sacrificing action expert fidelity.

2.2 Fine-tuning VLMs with Embodied/Physical VQAs

A growing amount of work fine-tunes VLMs on curated VQA corpora targeting embodied or physical
reasoning [30, 31, 32, 33, 34, 35, 36], see section A for a detailed comparison. Each introduces
a dedicated fine-tuning dataset that emphasizes a distinct slice of the competence space, such as
2D/3D grounding, affordance reasoning, task planning, or error detection. Such models can be
viewed as explicit carriers of capabilities to be inherited by downstream robot control. However, three
limitations persist. First, most corpora remain disembodied, drawing their visual input from generic
web imagery or short third-person videos rather than robot-centric observations. Second, although
incorporating visual cues such as bounding boxes may provide guidance and improve performance,
particularly for grounding and affordance tasks, such annotations are difficult to obtain and deploy in
real-world settings. Third, few of these benchmarks have been validated in realistic VLA scenarios.
Moreover, several methods rely on backbones of 32B parameters or larger, whose inference latency
yields control frequencies too low to be practical for current VLA deployment. In contrast, our
approach is sourced exclusively from robot action data spanning teleoperation, simulation, and
ego-centric robot observations, ensuring direct alignment with real-world VLA deployment scenarios.

2.3 Correlation Analysis from VLMs to VLAs

Since RT-2 [1] first repurposed a web-scale VLM as the backbone of a manipulation policy, a steady
stream of vision-language-action (VLA) models, e.g., OpenVLA [2] and 7 [3], has converged on a
shared premise: general visuo-linguistic pre-training supplies the grounding and instruction following
that scarce robot data can no longer afford to teach from scratch. However, systematic investigation
of how action generation benefits from VLMs remains absent. Recent VLA works have leveraged
embodied VQA data while simultaneously improving multiple components, including architecture,
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Figure 2: Overview of the proposed CometData generation pipeline for physics-aware embodied
VLMs. (1) Multi-source embodied trajectories are collected from teleoperation, simulation, and
ego-centric videos, forming a hierarchical embodied data pyramid with increasing physical grounding.
(2) A physics middleware extracts keyframes, detects interaction events and converts low-level
proprioceptive and action signals into semantic physical state descriptions. (3) Category-specific
generators construct diverse embodied VQA tasks, spanning 5 domains with 16 categories. (4) The
generated samples are curated into the CometData corpus and the sampled CometBench benchmark.

selection

data, and training strategies, to boost VLA performance, as seen in MIMO-Embodied [12], HY-
Embodied-0.5 [11], and GenieReasoner [37]. While effective, these approaches couple various
improvements, making it difficult to isolate the specific contribution of VLM representations. In
contrast, VLM4VLA [4] has taken a first step toward correlating VLMs and VLAs by simplifying
the action expert to a minimal set of parameters. While this successfully isolates the influence of
VLM representations from different action expert designs, it also limits the practical applicability of
its conclusions, as the action expert network is an inherent and non-separable variable in the VLA
pipeline. Complementing this, Lin et al. [38] provide large-scale evidence that the VLM backbone’s
understanding directly correlates with policy generalization even under a full, non-simplified action
expert, showing that effective co-training preserves VLM capabilities and yields stronger robot
performance. In contrast to these existing efforts, we proposed a different analytical framework that
neither couples all components nor simplifies the action expert. This allows a systematic assessment
of how specific VLM capacities translate into downstream action performance.

3 Method

3.1 Overview

CometVLA integrates physical commonsense into a VLA through a coherent sequence of design
choices. We construct CometData, a large corpus of embodied physical VQA pairs automatically
harvested from the full embodied data pyramid. We then leverage knowledge insulation to implement
VLM-VLA co-pre-training as the first stage. This stage simultaneously trains the VLM backbone with
a FAST action tokenizer and a flow-matching action expert. The pre-trained backbone is extended
with a small set of learnable GAP tokens. These GAP tokens are globally shared and decoupled from
the vision-language stream, forming a bottleneck that encodes task-agnostic motion regularities.

3.2 CometData Data Construction

CometData is constructed through a physics-aware embodied data generation pipeline with 1 million
QA pairs and incorporates more than 1.8 million images. We build a data pipeline that integrates
heterogeneous trajectory sources, structured physical state extraction, and category-specific QA
synthesis, as shown in fig. 2. At the generator level, 16 generators from 5 domains transform these
descriptors into question-answer pairs. See section B for details of the generators. Generators fill
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Figure 3: CometVLA architecture and global action prior token. (a) CometVLA unifies auto-
regressive vision-language modeling and continuous action generation within a single framework.
Multi-view observations, language tokens, and FAST actions are processed by a pre-trained Qwen3-
VL backbone under the auto-regressive objective Lar. A lightweight diffusion-based action expert
predicts continuous FM actions using flow matching Ly, while a stop-gradient barrier preserves pre-
trained multimodal representations during policy learning. (b) Attention visibility grid of CometVLA.
The orange dashed line denotes the stop-gradient barrier, and the purple block highlights the GAP
token, which serves as the sole communication interface between the auto-regressive backbone and
the diffusion action expert. img’, text, A}a, G, St, and A}m denote image tokens, language tokens,
FAST action tokens, the GAP token, robot state tokens, and flow-matching action tokens, respectively.

category templates with the middleware descriptors, renders the selected keyframes, and prompts a
strong teacher VLM to produce grounded answers. Notably, we construct CometData following the
same recipe of robot data for pre-training, which ensures an in-domain semantic enhancement.

At the core of CometData is a physics-aware middleware that consumes synchronized proprioceptive
state s; and commanded action a;, and emits compact descriptors of trajectory dynamics. Instead
of uniform sampling, we identify manipulation-critical keyframes via dynamics-based criteria. [39].
Keyframes are scored using three embodiment-agnostic criteria: Hamiltonian jump Ca (¢), gripper
step Cg(t), and power anomaly Cc(t). The saliency score S; aggregates these indicators to prioritize
physically salient frames. Keyframes are obtained by retaining the top-K frames per episode.
See section C for more details.

CometBench A balanced held-out subset of CometData is reserved as CometBench. It comprises
2,000 questions with reference answers for evaluating embodied physical reasoning in vision-language
models. CometBench tests co-trained VLAs using curated question-answer pairs that span five distinct
domains from CometData. The evaluation is conducted by a large language model as a consistent and
fair judge. For each question, the judge compares the candidate answer against the reference answer
on correctness, logical coherence, relevance, completeness, and physical reasoning with a total of
100 scores. Results are averaged among the full 2000 questions of CometBench. All the QA-pairs
are reviewed by human testers for integrity and soundness.

3.3 CometVLA Architecture

CometVLA combines auto-regressive vision-language modeling with diffusion-based continuous
action generation in a unified architecture, as illustrated in fig. 3. Given multi-view visual observations,
proprioceptive states, and language instructions, a pre-trained Qwen3-VL [40] backbone jointly
models vision-language tokens and discrete FAST action tokens [41] under a standard autoregressive
objective LaRr + Liast- Specifically, Lag is a cross-entropy loss for language generation, while Ly,
supervises discretized action tokens produced by the FAST tokenizer.

To enable high-frequency continuous control, we further attach a lightweight diffusion-based action
expert trained with a flow-matching objective Ly,,,. Continuous actions are noised via a Beta-sampled



Figure 4: Captured frames during the real-robot experiment of organizing the liquid foundation.

Table 1: Success rate of real-robot experiment.

Task name bbcream liquid foundation lotion makeup sponge serum
SR (%) 75.00 31.25 37.50 93.75 43.75

timestep and optimized through velocity regression, where the model predicts the ground-truth flow
field from latent action representations conditioned on VLM embeddings, GAP tokens, and state
tokens. During training, a stop-gradient barrier isolates the action expert from the backbone, ensuring
that Ly, only updates the action head and GAP token parameters while preserving the pre-trained
multimodal reasoning capability of the VLM. The overall training objective is:

Llotal = EAR + Efast + Efm- (1)

Global Action Prior To bridge the auto-regressive VLM domain and the bidirectional diffusion
policy domain, we introduce a dedicated GAP token as the sole communication interface between
the two modules. The idea of an information bottleneck has been widely validated for improving
efficiency and modularity in VLMs [42]. Recent VLA works have explored latent bottlenecks
and compressed interfaces to decouple high-level reasoning from low-level control, such as latent
intent variables in DIAL [43] and token compression or latent action representations in VLA pre-
training frameworks [44, 45]. However, existing approaches typically rely on either fully shared
representations or symmetric cross-attention, which can still lead to optimization interference between
language modeling and low-level control.

In contrast, the GAP token is inserted directly into the backbone token sequence and transferred to the
action expert through a detached latent pathway. Functionally, it serves as a global action prior that
aggregates high-level semantic and temporal context within the VLM backbone, similar to a [CLS]

token [46], and conditions action generation inside the DiT-based action expert via cross-attention.
During attention computation, the GAP token is permitted to traverse the stop-gradient boundary,
enabling controlled semantic information flow while preventing gradient leakage into the backbone.
This asymmetric attention topology decouples language modeling from continuous control, improving
optimization stability while preserving the pretrained multimodal reasoning capabilities.

4 Experiments

4.1 Experimental Setup

Training details We train CometVLA in two stages. In the co-training stage, we combine a
Qwen3-VL-4B backbone, a FAST action tokenizer, and a DiT-B flow-matching action head with a
learnable GAP token. The model is jointly trained on AgiBot-World-Beta [23], InternData-A1 [22],
EgoLive [16], EgoDex [20], common VQA dataset[47] and the CometData VQA dataset. All robot
datasets are retargeted to a bi-manual format with the action space padded to 32 dimensions. We
train distributed across 4 nodes with 8 xH200 GPUs each. In the post-training stage, we further
fine-tune the model on task-specific datasets, including real-world teleoperation data for deployment
and RoboTwin for simulation benchmarks, respectively.

4.2 Real-Robot Experiments

We conduct real-world experiments on the G1 dual-arm robot from AgiBot Robotics. The manip-
ulation policy runs on local workstation, forming the control client. We set up a dressing table



Table 2: Comparison of VLA methods on RoboTwin 2.0. Metrics originally reported with single-
decimal precision are zero-padded.

Baseline Methods Ours

JEPA LingBot w/o phys. w/o
vLa HALO "yTA" VQA  GAP

Easy 4642 62.86 34.50 70.00 88.66 73.50 80.50 86.50 83.54  86.38 89.24
Hard 16.34 6030 13.72 39.00 87.02 17.70 26.40 85.34 8346  85.12 88.38

Model Split

) 0.5 RDT X-VLA Motus CometVLA

RoboTwin

organization scenario with multiple tasks. Pre-trained CometVLA is fine-tuned on task-specific
datasets. We tested each task for 16 trials, results are recorded in table 1 and fig. 4. Success rate varies
across different objects resulting from object size and textures. More details are shown in section E.

4.3 Evaluation on RoboTwin

We compare CometVLA against representative VLA baselines spanning discrete-token, diffusion,
and flow-matching action heads. As summarized in table 2, CometVLA achieves an 89.24% success
rate on the RoboTwin easy (clean) split and 88.38% on the hard (randomized) split, outperforming
prior methods including 7y 5 [27]. Ablations trained under the same configuration further validate
the contribution of each proposed component. Replacing the curated embodied physical VQA corpus
with same amount of generic VQA datasets (w/o phys. VQA) during pre-training leads to the largest
performance drop, indicating that physical understanding learned from embodied data substantially
improves downstream manipulation performance. Removing the Global Action Prior (GAP) token
also consistently degrades performance. Additional results are provided in the appendix, including
per-task success rates in section F.1, qualitative rollout visualizations in section F.2, and action
trajectory analysis in section F.3.

44 VLM-VLA Performance Correlation Analysis

We conduct a correlation analysis between VLM performance on CometBench and VLA performance
on the RoboTwin 2.0 easy benchmark. See per-domain analysis in section F.4. All results are
obtained from a set of models trained under identical VLM backbone and action expert configurations
with full parameters activated for training. These trials differ in robot action dataset mixtures or
training configurations, yielding a diverse range of data points. As shown in fig. 5a and summarized
in fig. Sc, we observe a consistent positive correlation between VLM and VLA performance across
all semantic domains. The overall trend indicates that stronger physical understanding is predictive
of downstream robotic manipulation success. Among different categories, Spatial Reasoning exhibits
the strongest correlation, suggesting that geometric and spatial priors transfer most effectively to
embodied control. Physics & Dynamics shows the second strongest correlation, which validates our
proposed claim. Moreover, Task Understanding’s moderate correlation may stem from the sub-task
structure embedded in the robot action data, where additional enhancement is less critical.

4.5 Analysis on GAP token

A natural question is whether the bottleneck imposed by a single 1024-d GAP token learns the
desired physical commonsense aggregation of the 2560-d VLM backbone. To examine this, we
conduct two complementary analysis on a held-out subset of AgiBot-World-Beta. The first is a
qualitative semantic preservation test via t-SNE and TF-IDF of token-level features. The second
is a quantitative action information content test via linear probing on action-relevant labels. We
compare the GAP token against a mean-pooled final-layer VLM representation, which serves as an
unrestricted, higher-capacity baseline. See implementation details in App. section G.

We clustered task annotations with TF-IDF and visualize the GAP features with t-SNE, as shown
in fig. 5b. The GAP token yields a t-SNE layout where broad embodiment concepts like “arm” and
“left” form continuous global regions, and interaction-centric semantics like “bottle” and “door”
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Figure 5: Analysis of VLM-VLA correlation, GAP token semantics, and action probing test.

emerge as localized clusters. This indicates that the bottleneck learns a semantic-level representation
of the actions. Beyond semantics, fig. 5d shows that the GAP token consistently outperforms
VLM-mean on action-relevant probing. It achieves +7.0% on gripper state and +3.9% on motion
magnitude. Taken together, these results support our central design claim that despite a 2.5x smaller
dimensionality, the GAP token preserves the backbone’s semantic structure while selectively distilling
control-relevant information into a compact latent interface for the action expert.

5 Limitations

Several limitations of the current study should be acknowledged. First, the correlation analysis may
benefit from a wider range of data points. The corresponding VLA success rates are concentrated
within a moderate range around 85%. A more diverse set of model checkpoints with greater perfor-
mance disparity would further strengthen the statistical basis of the observed correlation. Second,
the real-robot evaluation could be extended with more scenarios and tasks. The current experiments
cover only a subset of manipulation behaviors. Expanding to a broader set of environments and task
difficulties would provide additional evidence for the generalizability of our findings.

6 Conclusion

In this work, we presented CometVLA, an end-to-end vision-language-action framework for physical
commonsense reasoning. We constructed CometData and CometBench—the first embodied physical
VQA corpus and benchmark aligned with the robot action data pyramid, demonstrating positive cor-
relation with downstream action performance. We introduced GAP tokens, a lightweight information
bottleneck that enables the action head to explicitly consume physical commonsense and aggregate
cross-sample motion regularities. We trained CometVLA with a co-training paradigm that jointly
leverages the full embodied data pyramid. Extensive evaluations show that CometVLA achieves
superior performance on both simulation benchmarks and real-world dual-arm manipulation tasks.
Correlation analysis and action probing further validate the proposed methods.
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Appendix

This appendix provides additional details and experimental results referenced in the main paper.
Section A compares related embodied VQA datasets and benchmarks, section B documents the data
generators used to construct CometData, section C describes the keyframe extraction algorithm, sec-
tion E contains further real-robot experiment details, and section F.1 reports per-task RoboTwin
success rates together with action analysis and per-domain correlation results.

A Comparisons of Embodied VQA Datasets and Benchmarks

Table Al and table A2 provide a detailed comparison of representative embodied VQA datasets
and benchmarks discussed in section 2.2. Table A1 categorizes each dataset according to its data
sources, distinguishing between robot-centric data (teleoperation, robot simulation, ego-centric robot
views) and non-robot data (common web images, non-robot simulation). Table A2 summarizes the
reasoning capabilities covered by each benchmark, including spatial, planning, dynamics, error
detection and recovery, affordance reasoning, and tool use, together with the scale of each benchmark
where available.

Table Al: Data source composition of representative embodied VQA datasets. For each dataset, we
categorize its data sources into robot data (teleoperation, robot simulation, robot ego-centric view)
and non-robot data (common web images, non-robot simulation).

Robot Data Non-Robot Data
Tele Sim (Robot) Ego (Robot) Common Sim (Non-Robot)

Dataset Visual cues

RoboVQA [32]
RefCOCO [48]
RoboPoint [49]
PixMo-Points [50]
RefSpatial [51]
RoboAfford [52]
Robo2VLM [14]
MultiPlan [53, 54]
Cosmos-Reasonl [55]
CometData (Ours)

cevCceeCceeoe
[ N JON NONONONONON ]
[ JORONON NONONONONC)
[ N NONOXCRCNONONON ]
oXoN JXoX N X NON XO
O®000e0@0O0

@ Fully Supported @ Partially Supported O Not Supported

Table A2: Reasoning capability coverage of embodied VQA benchmarks. Scale indicates the number
of question-answer pairs. Each benchmark is evaluated across six reasoning categories: Spatial,
Planning, Dynamics, Error Detection & Recovery, Affordance, and Tool Use.

Reasoning Categories

Benchmark Scale
Spatial Plan Dyn Error Afford Tool

RoboSpatial [56] 6,350 ) O O O O O
EgoPlan [57] 1,584 O ) O O O O
Cosmos-Reasonl [55] 1,205 [ ] [ O © O @)
ERQA [33] 400 O ® O © ® O
RoboVQA [32] 1,000 ) ) ) O o O
RoboBench [58] 6,092 ) ) O O O O
ERIQ [37] 6,052 ) ) O ) O O
CometBench (Ours) - ) ® o o ® (]

@ Fully Supported  © Partially Supported O Not Supported
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B Data Generators

This appendix documents the procedural data generators used to produce visual question answering
instances from raw robot manipulation trajectories. Each generator consumes a trajectory sample
composed of synchronized multi-view video frames, a tabular telemetry timeline, and high-level
task annotations. From these inputs, a generator selects evidence frames, instantiates a question
template, and queries a vision language model server to obtain a grounded answer. The keyframe
selection policy and the physics state extractor have been described in the main text, so the following
subsections focus on the supervisory role of each generator and provide a representative question for
every one.

B.1 Spatial Reasoning

Spatial 3D Generator This generator supervises three-dimensional spatial reasoning by asking the
model to describe the relative arrangement of two task-relevant objects in terms of front, back, left,
etc. It consumes a triple of evidence frames spanning the manipulation episode together with their
physics state summaries. Example question:

Where is the bottle relative to the cup?

Multi-View Matching Generator This generator targets viewpoint-invariant object grounding. At
a single anchor moment, it presents synchronized frames from at least two camera views and asks
the model to identify the same manipulated object across them, treating cross-view occlusion and
perspective distortion as the central challenge. This generator is only activated when dataset has
multiple views. Example question:

Across the synchronized views shown, identify the object the
robot is currently manipulating and explain how the views
correspond.

Timeline Matching Generator This generator combines cross view and temporal correspondence.
Two views are sampled at two distinct anchor moments, yielding four frames presented in a fixed view
by time order. The model must first match the target object across views at each moment and then
track it between the two moments, supervising joint viewpoint and temporal grounding. Example
question:

Across these four frames covering two views and two moments,
track the bottle and describe how its state changes between
the two moments.

B.2 Task Understanding

Subtask Decomposition Generator This generator supervises task planning at the subtask level.
Given a single image and the high-level task description, it asks the model to predict what the next
subtask should be, optionally conditioned on the current subtask. The prompt forbids the model from
referencing hidden metadata, so the prediction must be grounded in observable robot configuration,
object placement and tool state. Example question:

The overall task is: pour water from a bottle into a cup
and hand it to the user. The current subtask is: grasp the
bottle. What should be the next subtask?

Qualitative Progress Generator This generator supervises qualitative progress estimation. The
model is asked to describe, in natural language, where the robot currently stands within the overall
task, for example whether execution is just starting, advancing, or nearly complete. The hidden
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completion ratio and the history of executed subtasks are exposed only as latent context, and the
model must justify its qualitative answer purely from visual evidence. Example question:

The overall task is: pour water from a bottle into a cup and
hand it to the user. What is the current progress of the
task?

Quantitative Progress Generator This generator supervises quantitative progress estimation by
asking the model to justify a numerical completion percentage from the visible scene. The completion
ratio is defined as the average of a structural component, computed as the fraction of planned subtasks
already entered, and a temporal component, computed as the relative position of the current frame
within the episode. The model is required to argue why the visible scene is consistent with this hidden
ratio. Example question:

The overall task is: pour water from a bottle into a cup
and hand it to the user. The current subtask is: grasp the
bottle. What is the progress percentile of this subtask?

B.3 Physics & Dynamics

Physics Understanding Generator This generator supervises causal physical reasoning. The
model is shown a physically salient frame and asked to explain how gravity, contact and energy will
determine the immediate next outcome, for example whether the held object will stay stable, slip, or
fall. Example question:

If the robot releases the bottle now, what physical outcome is
most likely?

Object Characteristic Generator This generator supervises dense object centric description. For
each evidence frame, the model is asked to enumerate strongly task relevant objects and characterize
them along a fixed schema covering visual evidence, color, material, shape and size, surface, rigidity,
weight class, tool function, canonical and task specific use, role in the task pipeline, expected robot
interaction and likely failure modes. Example question:

Describe the physical and tool related properties of the
clothes. Is it heavy?

Motion Understanding Generator This generator supervises action recognition from short, contact
centered trajectory windows. The model is presented with a stack of consecutive frames around a
physically salient keyframe and is asked to infer which manipulation action is being executed in the
window, link motion and contact to causality, and analysis stability and risk. Example question:

Looking at these images, what manipulation action is the robot
executing, and what contact and stability cues support your
answer?

Motion Imagination Generator This generator supervises short horizon action prediction. Given
the current physical state, the model is asked to output a single immediate action that safely advances
the high-level task, in a fixed seven-dimensional schema [z, y, 2, 74, 7'y, T, g ] encoding body frame
translation, rotation and a binary gripper command. The model is expected to respond with descriptive
answers like "move along the x negative axis" or "close the gripper". Example question:

The overall task is: pour water from a bottle into a cup
and hand it to the user. The current subtask is: grasp the
bottle. Considering the physics state, what should the robot
do next?"
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B.4 Error & Tool

Execution Error Generator This generator supervises error detection. The ground truth task
description is deliberately corrupted by substituting a verb or object token with a different one drawn
from a curated pool, and the model is asked to judge whether the perturbed description correctly
describes the current scene. The expected response is an explicit refutation, an analysis of the
discrepancy with respect to gripper status and spatial relations, and a justified statement of the correct
task. Example question:

The current subtask is predicted as ’push the bottle’. Is
this correct? If not, point out the error and provide the
correct subtask.

Error Recovery Generator This generator supervises recovery planning under counterfactual
failure. Reusing the same perturbation operator, it presents a hypothetical failed task together with
the ground truth task and the physics state, and asks the model to design a minimal safe recovery
procedure that returns the robot to the correct task while respecting torque limits and workspace
constraints. Example question:

Suppose the robot mistakenly attempted to push the bottle
instead of grasping it. What is a minimal safe recovery plan
to resume the correct task?

Constraint Detection Generator This generator supervises reasoning about the physical and
geometric constraints that must be respected for safe execution. A keyword router classifies the
constraint into one of three types: direction constraints for tasks involving containers or doors that
must remain in a particular orientation, force constraints for fragile or deformable objects that require
compliant contact, and space constraints for obstacle avoidance and reachability. The model is asked
to explain the relevant constraints, why they matter, and how to satisfy them. Example question:

For the task ’pour water from the bottle into the cup’, what
orientation constraints must the robot respect, and why?

Tool Usage Generator This generator supervises tool selection and identification. An upstream
perception middle layer first issues a separate vision language query to detect whether a tool is present
in the scene and, if so, returns its bounding box. The generator then asks the model to identify the
appropriate tool, locate it when visible, and explain why it is suitable for the task, in either a single
image or a multi image variant that exposes the workspace from several temporal vantage points.
Example question:

Which tool in the scene is most appropriate for the current
task, where is it located, and why is it suitable?

B.5 Affordance

Affordance Reasoning Generator This generator supervises grasp and interaction affordance
prediction, that is, where on a target object the robot should make contact in order to perform a given
action. Frames around gripper transitions are preferred as evidence, since they typically capture the
moment of contact establishment or release. The model is asked to point out the contact location and
to explain the rationale. Example question:

Where on the bottle should the robot grasp in order to 1lift
it, and why?

Object Function Generator This generator supervises functional understanding of objects. The
model is asked to describe the canonical function of a target object, the way it is used by the robot,
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and the purpose it serves in the depicted scene, using the image as primary support and the telemetry
summary as secondary. Example question:

What is the typical function of the cup in this scene, and
what role does it play in the manipulation pipeline?

C Keyframe extraction

At frame t, let s; and a; denote the synchronized proprioceptive state and commanded action. Let
G be the set of proprioceptive groups, and define the per-group tracking residual as A £ af — s7.
Based on these quantities, we compute the instantaneous Hamiltonian Hy, command effort &;, and

dimensionless command-to-response ratio R as defined in eq. (2)

H, — H:_
Hy =3 A5 +mgozs, &= [IAYl2  Re= =, @

E+e

IS S e+

where m is the manipulator mass, go is gravitational acceleration, z;® is the end-effector height (set
to zero if pose is not in a world frame), and € > 0 is a small constant for numerical stability.

Keyframes are identified using three complementary criteria in eq. (3), eq. (4), and eq. (5). We use
I[-] as the indicator function (1 if true, O otherwise), with thresholds 7, Tg» Te, and 7. Hamiltonian
jump Ca detects abrupt energy redistribution during contact formation, impact, or release. Gripper
step Cp captures grasp/release boundaries through the normalized aperture g; € [0, 1] and its first
difference Ag; = g; — g1—1, where Sustaing,, (¢) indicates that [Ag;| > 7, has held for the most
recent K, frames. Power anomaly C¢ flags phases where command effort is large but Hamiltonian
change or response ratio is disproportionately small; o controls the attenuated energy threshold in
this criterion.

Ca(t) =1[|Hy — Hi—1| > 1|, 3)
Co(t) = I[|Age| > 74 A Sustaing, (t)] V I[(gi-1 — 3)(g¢ — 3) < 0], 4)
Cc(t)=1[& >1e AN(|Hy — Hi—a| < atg V [Ry| <7r)]. 5)

The final saliency score aggregates these indicators to prioritize physically salient frames:
_ |Hy — Hy

TH

Sy + waCa(t) + wpCs(t) + weCc(t), (6)

with saliency mixing weights (w4, wp, we) = (1.0, 1.5, 1.3) in our implementation. Keyframes are
obtained by retaining the top-K frames per episode, where K is the per-episode keyframe budget.

Each selected keyframe is paired with a structured descriptor that includes the triggered criteria,
normalized energy change |AH,|/7x, aperture change Ag;, command effort &, response ratio R,
and an inferred task phase (grasp/release/manipulation). This descriptor serves as shared conditioning
for all downstream category-specific QA generators. All quantities are computed solely from
(8¢, az, g¢), requiring no direct force or tactile sensing and ensuring uniform applicability across
embodiments and data sources.

D Model Training configurations

The training is generally divided into two stages: pre-training and post-training. For both stages,
actions are denoted with end-effector position ee; /. = [Ti/r, Yi/rs 21/rs TT1 /vy TYL /v T2 /v 911>
where x,y, z denote spatial coordinates, rx, ry, rz denote rotation angle, and g denotes gripper
open/close. This design generates a total of 14 dimensions for bi-manual control commands. We
padded the action space to 32 dimensions for future adaptation. We use an action chunk size of
30 and perform inference with 4 flow-matching steps. In addition, CometVLA is trained with full
parameters with no modules frozen.
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In the pre-training stage, the model is trained on a mixture of vision-language and vision-language-
action data. The VLM data includes general VQA and CometData with a per-device batch size of 4.
The VLA data uses a mixture of AgiBot-World-Beta, InternData-A1, EgoLive, and EgoDex with a
per-device batch size of 8. The training runs for 100,000 steps with a cosine learning rate scheduler.
The base learning rate is set to 3e-5 and the warmup steps are 5000. The loss weights for VLA
and VLM tasks are 1.0 and 0.1 respectively. The model is optimized with AdamW and gradient
checkpointing and mixed precision training are enabled. The framework employs DiT-B as the action
model and Qwen3-VL-4B-Instruct for the vision backbone.

In the post-training stage, the model is initialized from the pretrained checkpoint and fine-tuned on
the RoboTwin or real-robot-specific dataset. The per-device batch size for VLA data is 16. The base
learning rate remains 3e-5 with 5000 warmup steps and a cosine scheduler with minimum learning
rate. The loss scale keeps VLA at 1.0 and VLM at 0.1. The model is trained in a fully fine-tuned
manner without freezing any modules. The action model uses DiT-B with isolated embeddings and
the same optimizer and training techniques as in the pre-training stage..

E Details of Real-Robot Experiments

E.1 Experiment Configurations

The workstation runs the robot DDS middleware and directly sends end-effector pose commands in
the camera coordinate system to the robot actuators. The computation-intensive policy inference runs
on a remote H200 server cluster, which serves as the server. We establish WebSocket connections
between the server and client through port forwarding, enabling low-latency command streaming.
This hybrid architecture separates cloud-based inference from edge control, where the H200 cluster
handles high-concurrency model inference and the 5090 workstation manages real-time robot control
and state feedback.

E.2 Visualization of the Real-Robot Experiments

This appendix provides a per-task visual gallery of the five real-robot manipulation tasks. Each
task is illustrated by six uniformly sampled keyframes arranged left-to-right to show the execution
progression, followed by the corresponding language instruction.

Task 1 — Lotion. The right arm picks up the lotion from the desk and places the lotion into the long
strip-shaped compartment at the back of the top layer of the storage box.

Task 2 — Serum. The right arm picks up the serum from the desk and places the serum into the long
strip-shaped compartment at the back of the top layer of the storage box.

Task 3 — Makeup Sponge. The right arm picks up the makeup sponge from the desk and places the
makeup sponge into the right compartment at the front of the top layer of the storage box.
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Task 4 — BB Cream. The left arm picks up the BB cream from the desk and places the BB cream into
the middle compartment at the front of the top layer of the storage box.

Task 5 - Liquid Foundation. The left arm picks up the liquid foundation from the desk and places
the liquid foundation into the top open compartment on the left side of the storage box.

E.3 Failure case analysis

We visualize a representative failure case from the real-robot experiments in fig. Al. The robot is
instructed to pick up the lotion bottle with the right arm from the desk and place it into the long
strip-shaped compartment located at the back of the top layer of the storage box. While the left arm
correctly remains static as instructed, the right arm opens the gripper prematurely before reaching
the lotion bottle, causing the object to be knocked over. The testers subsequently terminated the
execution to avoid potential collisions and unsafe motions.

Left Arm End-Effector Right Arm End-Effector

Z(m)
Z(m)

Figure Al: A failure case of lotion organization.
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F Details of Evaluation on RoboTwin 2.0

F.1 Per-task Success Rate

We report the success rate of the full 50 tasks of CometVLA on RoboTwin 2.0 in table A3.
Table A3: Per-task success counts

Task Easy (Clean) Hard (Randomized)
adjust_bottle 100% 95%
beat_block_hammer 100% 96%
blocks_ranking_rgb 100% 97%
blocks_ranking_size 96% 79%
click_alarmclock 1% 71%
click_bell = 94% 100%
dump_bin_bigbin 98% 80%
rab_roller 99% 100%
andover_block 83% 52%
handover_mic 99% 97%
hanging_mug 53% 54%
lift_pot 100% 100%
move_can_pot 55% 97%
move_pillbottle_pad 90% 95%
move_playingcard_away 97% 92%
move_stapler_pad 91% 93%
open_laptop 100% 98%
open_microwave 92% 81%
pick_diverse_bottles 91% 65%
pick_dual_bottles 85% 72%
place_a2b_left 85% 97%
place_a2b_right 79% 86%
place_bread_basket 97% 98%
place_bread_skillet 100% 89%
place_burger_fries 96% 96%
place_can_basket 84% 51%
place_cans_plasticbox 99% 98%
place_container_plate 93% 100%
place_dual_shoes 94% 98%
place_empty_cup 99% 100%
place_fan 82% 95%
place_mouse_pad 78% 82%
place_object_basket 85% 89%
place_object_scale 96% 83%
place_object_stand 94% 74%
place_phone_stand 86% 98%
place_shoe 97% 84%
press_stapler 95% 98%
put_bottles_dustbin 99% 91%
put_object_cabinet 1% T4%
rotate_qrcode 83% 89%
scan_object 80% 80%
shake_bottle 92% 100%
shake_bottle_horizontally 98% 100%
stack_blocks_three 96% 97 %
stack_blocks_two 97 % 94%
stack_bowls_three 2% 86%
stack_bowls_two 83% 93%
stamp_seal 87% 95%
turn_switch 71% 90%
Average 89.24% 88.38%

F.2 Visualization of CometVLA on Simulation Tasks

We provide sampled rollout frames from RoboTwin 2.0 simulations in fig. A2.

F.3 Action Analysis

During the RoboTwin benchmark evaluation, we record the full 14-dimensional action sequence
produced by our policy to diagnose the quality and temporal structure of generated robot motions.
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Figure A2: Per-episode qualitative previews. Each row shows sampled frames from one rollout
during the RoboTwin 2.0 Easy evaluation.

This appendix provides a complete visualization of a representative evaluation episode, including raw
action time series, 3D end-effector trajectories, frequency-domain analysis, and gripper actuation
events. These figures complement the quantitative success-rate metrics reported in the main text by
revealing that our policy outputs smooth and physically plausible trajectories with minimal high-
frequency jitter, while also demonstrating well-coordinated temporal alignment between the two
grippers during bi-manual manipulation.

F.4 Per-domain Correlation Analysis

We further provide per-domain scatter plots between VLM performance on CometBench and VLA
success rate on RoboTwin 2.0, as shown in fig. A7. Each subplot includes a linear regression fit and
the corresponding Pearson correlation coefficient. Across all domains, linear fits consistently show
positive slopes, reinforcing the conclusion that VLM improvements reliably translate to VLA gains,
albeit with domain-dependent strength.

21



Action time series (T=481, D=14)
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Figure A3: Complete action time series of a RoboTwin evaluation episode (timestep 7' = 481, action
dimension D = 14). Step-like transitions and plateaus correspond to gripper actuation events and
target-reaching phases.

G Ablation on the GAP Token

We use the final checkpoint of our model trained on the full co-training mixture, and extract token-
level features on a held-out subset of AgiBot-World-Beta. For every sampled frame, we run a single
forward pass with the original training-time data pipeline and record both GAP token and VLM mean
pooling baseline representations. The GAP token is taken before being passed into the cross-attention
of the DiT-based action expert. The VLM mean pooling baseline is computed by averaging the hidden
states of all language and visual tokens at the final layer of the VLM backbone, excluding padding
tokens. Both features are extracted in bfloat16. We collect N=3,000 frames sampled uniformly
across episodes from the held-out split. To prevent any single trajectory from dominating, we cap the
number of sampled frames per episode.

Visualization Experiment AgiBot-World-Beta provides language instructions at the granularity of
individual trajectories. We aggregate them into coarse task clusters via standard TF-IDF + KMeans
(1-2 grams, English stop-words removed, k=15). Each resulting cluster is named after the two terms
with highest centroid weight (e.g., “open / drawer”, “pick / bottle”). We retain frames belonging to
the remaining clusters for all subsequent analysis. We use scikit-learn’s TSNE with perplexity= 30,
init=pca, learning_rate=auto, max_iter= 1000 and random_state= 42.
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Figure A4: Three-dimensional end-effector trajectories of both arms. The blue and orange curves
denote the left and right end-effector paths, respectively. Circles (o) and stars (%) mark the starting

and ending poses. Red dots and triangles highlight timesteps where the left and right grippers are
closed.

FFT magnitude spectrum (mean-removed)

Lx Ly Lz Lx Ly Lrz Lgripper

1 tlog)
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Figure AS5: Mean-removed FFT magnitude spectrum for each of the 14 action dimensions. The
vertical axis is logarithmic. Most signal energy is concentrated at low normalized frequencies (<< 0.1
cycles/step), indicating that the manipulation motion is predominantly smooth and quasi-static, with
relatively little high-frequency jitter.

Gripper open intervals (blue = open, gray = closed)
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Figure A6: Gripper open/close event timeline during the evaluation episode. Blue segments indicate
open states and gray segments indicate closed states. The left and right grippers exhibit asynchronous
actuation patterns, reflecting the coordinated bi-manual manipulation strategy required by the task.

The short closed gap within the left gripper open interval is transient actuator jitter and recovers
instantly.
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Figure A7: Per-domain scatter plots between VLM performance on CometBench and VLA
success rate on RoboTwin 2.0

Action Linear Probing Experiment We test whether the GAP token fulfills its role as a physical
commonsense aggregation bottleneck. Linear probing measures how much of a target attribute
remains linearly separable in this compressed representation. Unlike downstream policy evaluation,
probing isolates representation quality from the action head and optimizer. Results show the GAP
token aggregates action-relevant commonsense; attributes like gripper state and motion magnitude
should be linearly extractable. Probing turns this architectural hypothesis into a quantitative test.

Let a; € R3? denote the action vector predicted at step ¢ inside an action chunk, where a chunk is the
contiguous block of 30 future control commands {a; }72,, that the policy emits in one forward pass;
within each a;, dimensions 6 and 13 encode the binary open/close states of the left and right grippers,
dimensions 0-2 encode the left end-effector Cartesian xyz position in the robot base frame, and the
trailing 14 dimensions are unused zero padding that we therefore exclude from all probing analysis.
From the chunk {a;}??, we derive three complementary classification targets that together cover the
principal facets the action expert must condition on.

The first target is the gripper state with four classes defined as:
Yo =2 - Klal >0.5] + ¥[a{"® >0.5], @)

which jointly encodes whether each of the two grippers is open or closed at the start of the chunk and
thus probes how well a representation captures the discrete bi-manual control intent that gates every
manipulation primitive.

The second target is the motion direction with six classes, constructed by first computing the
displacement of the left end-effector across the chunk A = a;fi;?’) — aéozg), then identifying its
dominant translation axis j* = argmax; |A;|, and finally assigning yq = 25 + ¥[A;« > 0] so
that the chunk is labeled by one of {4z, +y, +z}, which probes whether the representation linearly
encodes the geometric direction of the intended motion in workspace coordinates.
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The third target is the motion magnitude with three classes y,,, € {static, slow, fast}, obtained by
binning || A||2 at the empirical 1/3 and 2/3 quantiles of the dataset, which measures how readily the
overall scale of motion, ranging from near stationary holds to fast transport.

Taken together, these three targets respectively probe discrete control intent, geometric direction, and
motion scale, giving a quantitative complement to the qualitative t-distributed Stochastic Neighbor
Embedding (t-SNE) visualizations.
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