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Fig. 1: We introduce mimic-video, a new class of Video-Action Model (VAM) that grounds robotic policies in pretrained video models.
Unlike standard VLAs that must learn physical dynamics from scratch (top), mimic-video leverages the inherent visual dynamics of video
backbones to isolate the control problem (bottom). This enables state-of-the-art performance on dexterous manipulation tasks, while achieving
10x greater sample efficiency compared to VLAs (right).

Abstract—Prevailing Vision-Language-Action Models (VLAs)
for robotic manipulation are built upon vision-language backbones
pretrained on large-scale, but disconnected static web data. As
a result, despite improved semantic generalization, the policy
must implicitly infer complex physical dynamics and temporal
dependencies solely from robot trajectories. This reliance creates
an unsustainable data burden, necessitating continuous, large-scale
expert data collection to compensate for the lack of innate physical
understanding. We contend that while vision-language pretraining
effectively captures semantic priors, it remains blind to physical
causality. A more effective paradigm leverages video to jointly
capture semantics and visual dynamics during pretraining, thereby
isolating the remaining task of low-level control. To this end, we
introduce mimic-video, a novel Video-Action Model (VAM) that
pairs a pretrained Internet-scale video model with a �ow matching-
based action decoder conditioned on its latent representations. The
decoder serves as an Inverse Dynamics Model (IDM), generating
low-level robot actions from the latent representation of video-
space action plans. Our extensive evaluation shows that our
approach achieves state-of-the-art performance on simulated and
real-world robotic manipulation tasks, improving sample ef�ciency
by 10x and convergence speed by 2x compared to traditional
VLA architectures.

I. INTRODUCTION

Building on the capabilities of pretrained Vision-Language
Models (VLMs), Vision-Language-Action Models (VLAs)
transfer semantic knowledge acquired through Internet-scale

vision-language pretraining to the physical domain. By fine-
tuning a VLM on diverse robot action data, VLAs learn
generalist, natural language-conditioned robot manipulation
policies that combine a wide range of skills and exhibit
impressive generalization to unseen instructions, objects, and
environments [52, 22, 3, 21].

However, this paradigm faces a fundamental limitation: the
pretraining data, while massive in scale, is inherently static.
Images and text lack explicit, temporally-grounded information
about dynamics and physical procedures that are crucial for
complex manipulation. Consequently, the burden of learning
physical dynamics (how objects move, deform and interact)
falls entirely on the post-training stage, where the model
must infer these from scarce and expensive expert-teleoperated
demonstrations. This heavy reliance on robot data creates a
data-efficiency bottleneck that limits scalability. While prior
works have explored augmenting VLA training with auxiliary
video-derived signals such as language plans, affordances, or
keypoints [48, 16, 20, 21], reducing dense video into such
sparse representations creates an information bottleneck, failing
to capture fine-grained dynamics.

In this work, we posit that the key to more sample-efficient
and capable robot policies lies in leveraging a pretraining
modality that inherently encodes dynamic, procedural infor-
mation: video. Unlike static image-text pairs, internet-scale
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Fig. 2: We compare success rates when conditioning our action
decoder on different visual inputs: video latents generated
by either predictions or ground-truth (expert) video for both
features from a standard pretrained video model (gray), as
well as a video model finetuned on video data from the robot
dataset (orange). The near-perfect performance with ground
truth inputs confirms that control effectively reduces to visual
prediction, implying policy performance scales directly with
video model quality.

VLM backbones commonly used in current state of the art
VLAs. Intuitively, video models jointly model images, physical
dynamics, alongside visual action plans. A policy trained on
such representations effectively reduces the role of the action
decoder to a simple translator, mapping visual action plans into
a low-dimensional robot action trajectory. If this hypothesis
holds, the bulk of learning in Video-Action Models falls on
the large-scale video pretraining and finetuning phases, while
training the action decoder (the step requiring expensive, high-
quality robot teleoperation data) becomes lightweight and data
efficient.

We investigate this claim by conducting an “oracle” case
study (see Fig. 2), where we disentangle the difficulty of
predicting the future in robotic control tasks from executing
it. Concretely, we train an action decoder on top of video
representations and evaluate its performance under different
conditioning regimes. We compare success rates when the
decoder is conditioned on predicted video latents, from either a
standard off-the-shelf video model or one finetuned on robotics
data, versus “oracle” latents extracted from ground-truth future
video frames. We observe a pronounced scaling behavior: while
minimizing the domain gap via finetuning leads to improved
performance when using predicted video, conditioning on
oracle latents yields near perfect success rates regardless of
whether the underlying backbone is finetuned on the target
distribution or not. Notably, this finding suggests that a high-
quality pretrained video model backbone provides extremely
rich representations for action decoding, sufficient on their own
to perfectly decode low-level action plans with a decoder trained
on minimal low-level action finetuning data. Consequently, the
burden for policy learning in VAMs effectively shifts away from
low-level action decoding towards video model pretraining and
finetuning.

IV. VIDEO-ACTION MODELS

We introduce mimic-video, a generative Video-Action Model
(VAM) capable of modeling the joint distribution of video and
robot actions. Our architecture couples two Conditional Flow
Matching (CFM) models: a pretrained, language-conditioned
video backbone and a lightweight action decoder that functions
as an Inverse Dynamics Model (IDM) by conditioning on the
video model’s latent representations.

A. Preliminaries: Flow Matching

Both the video and action prediction components are trained
using the Flow Matching framework [27] to model a data
distributionp0(x0) by constructing a Continuous Normalizing
Flow [5]. We use the conditional optimal transport path

x � = (1− �)x 0 + � "; � ∈ [0; 1] (1)

which interpolates between clean datax0 (at � = 0 ) and
Gaussian noise" ∼ N (0; I) (at � = 1 ) to define the conditional
probability pathp�

�
x � | x0

�
. The model parameterizes an

estimatorv� to the intractable marginal generating vector field

u� (x � ) = Ep(x 0 |x � )u� (x � | x0)

whereu� (x � | x0) := d
d� x � = "−x 0 is termed the conditional

generating vector field and can be computed trivially for
samplesx0; " . The power of flow matching lies in learningv�

by regressing to u� (x � | x0):

LCFM = ET (�); p 0 (x 0 ); p� (x � |x 0 )




 v� (x � ; �)− u � (x � | x0)




 2

;
(2)

where the expectation is taken over a distributionT of flow
times� , which isU([0; 1]) in [27] and will take different values
in this work.

Inference is performed by integrating the learned fieldv�

from � = 1 to � = 0 to recover x̂0 ∼ p0:

x̂0 = " +

Z 0

1

v� (x̂ � ; �)d� (3)

Critically, this continuous time parameter� allows us to define
partial denoising (stopping at intermediate� > 0 ), which is
central to our method.

B. Architecture Formulation

Formally, we aim to learn a generalist robot policy
�(A t | ot ; l) that predicts a sequence of actionsA t =
[at ; : : : ; at+H a−1] given observations consisting of multiple
RGB imagesI t ′ , a language instructionl and the robot’s
proprioceptive stateqt , such thatot = [I t−H o+1; : : : ; I t ; l; q t ].

Our model consists of two flow matching-based models
trained using the objective defined in Eq. 2. Letz0

t be the
sequence of video encodings andA 0

t be the clean action chunk:
Video Model: v� (z0

past; z� v
future; l; � v ) induces p� (z0

future |
z0

past; l).
Action Policy: � � (A � a

t ; qt ; h � v ; � a ; � v ) induces the action
distribution p� (A 0

t | qt ; h � v
t ; � v ).

Here,h � v = v(k)
� (z0

past; z� v
future; l; � v ) is the vector of hidden

states extracted after thekth layer of the video model when



Algorithm 1 Action Sampling(k; �v )

1: Input: z 0
past; qt ; l

2: z1future; A 1
t ∼ N (0; I)

3: z� v
future← z1

future +
R� v
1

v� (z0
past; z� ′

v
future; l; � ′v ) d� ′v

4: h� v ← v(k)
� (z0

past; z� v
future; l; � v )

5: A 0
t ← A 1

t +
R0

1
� � (A � a

t ; qt ; h � v
t ; � a ; � v )d� a

6: return A 0
t

speed. See Sec. D for a discussion on the motivation behind
“noisy” video conditioning.

F. Training

Video-Action Model training proceeds in two distinct phases
operating on disjoint sets of parameters. The first stage focuses
on the video backbone. To align the generalist backbone
with the specific visual domain and dynamics of our robotic
tasks, we finetune it using Low-Rank Adapters (LoRA) [19]
on robotics video datasets. This adaptation step ensures the
model captures domain-specific semantics while preserving its
pretrained temporal reasoning capabilities.

The second stage focuses on learning the action decoder� �

while keeping the video backbone frozen. We train the decoder
from scratch to regress the action flow field, conditioned on
video representationsh � v extracted from the frozen backbone.
Crucially, to ensure robustness to varying noise levels during
inference, we sample independent flow times� v (for video)
and � a (for action) during each training iteration, as detailed
in Algorithm 2. We employ a logit-normal distribution forTv

matching the video pretraining andTa(� a) ∝
√

� a − 0:001 for
actions following [3]. This decoupled training scheme renders
our approach significantly more sample-efficient and faster to
converge than comparable VLA baselines (see Sec. V-B).

Algorithm 2 Action Decoder Training(k; Tv ; Ta)
1: repeat
2: zpast

0 ; zfuture
0 ; a0; s0; l ∼ p0(zpast

0 ; zfuture
0 ; a0; s0; l)

3: � v ∼ Tv (� v ); � a ∼ Ta(� a)

4: εv ; εa ∼ N (0; I)

5: zfuture
� v ← (1− � v ) zfuture

0 + � v εv

6: a� a ← (1− � a) a0 + � a εa

7: h� v ← v(k)
� (zpast

0 ; zfuture
� v ; l; � v )

8: Take gradient descent step on
∇� ‖� � (a� a ; s0; h � v ; � a ; � v )− u� a(a� a | a0)‖2

9: until converged

V. EXPERIMENTS

Our experiments provide an empirical analysis of mimic-
video, evaluating the efficacy of leveraging a video backbone
for robotic control across several axes:

1) Can mimic-video effectively control multiple embodi-
ments?

2) Does conditioning on a generative video backbone yield
superior sample efficiency and faster convergence for
action decoder training, compared to conditioning on a
VLM backbone?

3) Is fine-grained video reconstruction necessary for effec-
tive policy learning?

a) Evaluation setups: We evaluate mimic-video’s ca-
pabilities across the simulated benchmarks SIMPLER [24]
and LIBERO [28], as well as through real-world dexterous
manipulation experiments using humanoid hands.

SIMPLER serves as a high-fidelity proxy for real-world
performance, evaluating policies trained on the BridgeDataV2
[44] dataset of a Widow-X robot embodiment. By employing
system identification and visual matching, it specifically tests
the policy’s ability to generalize to unseen tasks under realistic
visual domain shifts.

LIBERO benchmark evaluates precision and multi-task
capacity with a simulated tabletop Panda robot. We focus on
the LIBERO-Goal, -Object, and -Spatial suites, each providing
50 expert demonstrations per task across 10 distinct tasks. This
widely used benchmark assesses the model’s ability to learn
precise multi-task manipulation behaviors.

Real-World Dexterous Bimanual Manipulation. To vali-
date mimic-video on high-dimensional, contact-rich tasks, we
utilize a bimanual setup equipped with two 16-DoF “mimic”
hands [32] mounted on Panda arms. The observation space
includes a global workspace view, four wrist cameras, and
full proprioception. We evaluate on two long-horizon tasks:
Package Sorting (pick, handover, place) and Tape Stowing
(pick, stow, move box). Critically, while the video backbone is
finetuned on a broader 200-hour corpus, the respective action
decoders are trained on extremely scarce task-specific data: just
1h 33m (512 episodes) for sorting and 2h 14m (480 episodes)
for stowing.

b) Comparisons: We compare mimic-video’s ability to
control multiple robots against several state-of-the-art baselines.

� 0:5-style VLA (Knowledge-Insulating). To isolate the
effect of video pretraining versus standard vision-language
pretraining, we construct a VLM-based baseline following
a similar architecture as� 0:5 [21, 10]. We employ the 3B-
parameter PaliGemma [2] as backbone and couple it with an
action decoder identical to that of mimic-video, creating a
3.42B-parameter VLA. Mirroring mimic-video (and departing
from � 0:5), the action decoder cross-attends to one particular
layer of the backbone for which we empirically find the
optimal choice. This equivalent action decoder design, together
with training on perfectly equivalent datasets, ensures that
performance differences in our comparisons stem strictly from
the quality of the conditioning representations (video vs. image-
text). Adhering to the “Knowledge-Insulation” protocol [10],
we employ a two-stage training process: the autoregressive
backbone is trained via Next Token Prediction (discretizing
and compressing actions with FAST [37]), while the action
decoder is separately trained via flow matching. Notably,
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Fig. 4: We train and evaluate mimic-video on a real-world bimanual robot setup with Franka Emika Panda robot arms and
mimic 16-DoF dexterous humanoid hands. We execute a real-world evaluation on the bimanual setup with two tasks: package
sorting and pick and place of a measuring tape into a box. For each action chunk, mimic-video generates a latent video plan
(� v = 1) and then executes the actions on the real robot. We further fully denoise the predicted video for this visualization.

while the original � 0:5 leverages massive web and cross-
embodiment pretraining, our baseline (denoted “� 0:5-style”)
trains the backbone from the original VLM checkpoint and
the decoder from scratch. Additionally, the original� 0:5 is
commonly finetuned using multiple robot camera views while
in our experiments,� 0:5-style VLA is restricted to a workspace
camera view only. Both changes standardize the data regime
across methods and thus allow for a fair evaluation of the
backbone prior.

DiT-Block Policy. For real-world bimanual evaluations, we
compare against a strong single-task baseline: a DiT-Block
Policy [8] following the action representation recipe from Nava
et al. [32]. This model features a ViT-S DINO backbone [9, 4]
(with separate encoders for each camera view) feeding into an 8-
block, 8-head transformer diffusion policy. With approximately
155M parameters (in the multi-view setting), this architecture
represents a competitive standard for imitation learning in low-
data regimes, making it an ideal reference point for the utilized
bimanual dexterous tele-operation datasets.

State-of-the-Art Published Baselines. We additionally in-
clude results reported for state-of-the-art competing approaches,
namely Octo [43], ThinkAct [20], FLOWER [40], OpenVLA
[22] and OpenVLA-OFT [23].

A. Direct Evaluation across Diverse Robot Platforms

a) SIMPLER-Bridge: We first evaluate mimic-video’s
cross-task generalization capabilities on the SIMPLER-Bridge
benchmark, with full results detailed in Table I. Our model
achieves the strongest average success rate across all four
tasks, matching or surpassing the performance of state-of-the-
art baselines, including our� 0:5-style VLA comparison. This
strong performance validates that conditioning on the generative
video prior yields more robust policy representations than
those derived from vision-language-action (VLA) pretraining
alone. Additionally, leveraging the partial denoising strategy, we
demonstrate a novel form of inference-time policy optimization:
by adjusting the flow parameter� v , the fixed trained model
can be specialized to individual task dynamics, achieving
further performance gains at the cost of modest increases
in computation.

b) LIBERO: We evaluate mimic-video’s multi-task manip-
ulation capabilities on the LIBERO benchmark. Despite being
trained from scratch on task-specific action data, mimic-video
outperforms the majority of state-of-the-art methods finetuned
from generalist models (see Table II). Notably, mimic-video
achieves significantly higher success rates than the comparable
� 0:5-style VLA baseline, indicating that the generative video
prior facilitates more robust and efficient policy learning than
the corresponding vision-language pretrained representations.



Fig. 6: Convergence speed for action decoder training. Both
decoders are trained with a batch size of 128 (optimal for
� 0:5-style VLA) and their respective optimal learning rate.

success rate, placing mimic-video trained on 2% of the action
data competitive with our Diffusion Policy baseline.

Beyond sample efficiency, Fig. 6 shows that the mimic-
video action decoder converges in significantly fewer gradient
updates and to a higher asymptotic success rate than the� 0:5-
style VLA decoder. Notably, this advantage persists despite
the VLA baseline having been exposed to task-specific action
data during FAST-pretraining.

The improved sample efficiency and optimization dynamics
of mimic-video compared to the VLA baseline stem from
a deliberate compute-for-data trade-off: by investing more
compute per gradient step through a richer video conditioning
signal, the model requires significantly less robot data to reach
the same performance. As such, mimic-video will spend 3.8
PFLOPs per gradient update when training on LIBERO while
� 0:5-style VLA will spend 55 TFLOPs. We argue that this

Fig. 7: Policy success rate across the SIMPLER-Bridge
environments vs video flow time (� v , logit-scaled). Performance
peaks at an intermediate noise level, confirming that high-
fidelity video reconstruction is not required for performant
robot policies.

trade-off is favorable in robotics, where expert teleop data is
highly scarce while compute is a more scalable resource.

C. Trade-offs between Video Fidelity and Action Performance

mimic-video couples two separate flow matching models
for video and actions, respectively. A key design element of
our approach is the ability to control the video generation
process via an inference-time hyperparameter: the video flow
time � v ∈ [0; 1]. This parameter dictates the extent to which
future video latents are denoised during action sampling. To
investigate the necessity of fine-grained video reconstruction for
effective policy learning, we first note the intuitive hypothesis:
a more resolved, higher-fidelity video signal should correlate
with better policy performance. In order to study this question,
we sweep� v across the SIMPLER-Bridge environments and
visualize the resulting success rates in Fig. 7.

Counterintuitively, we find that the best autonomous policy
performance in our SIMPLER experiments is achieved at the
highest flow time � v = 1. Theoretically, as� v progresses
from 1 (pure noise) to0 (full reconstruction), the underlying
video signal grows, and the mutual informationI(z future

� v ; A 0)
between the future video latent and future actions increases.
However, consistent with the case study in Sec. III, we
hypothesize that imperfect video generation introduces artifacts.
Consequently, fully denoised video latents may diverge from the
training distribution, presenting out-of-distribution conditioning
to the action decoder. To isolate the effect of these generation
errors, we perform an additional sweep of� v where we
condition the action decoder on “noisy” ground-truth video
latents,zfuture

� v , computed via Eq. 1. We report the resulting
action reconstruction MSE on a held-out validation set of
BridgeDataV2 in Fig. 8. We observe that the lowest action
reconstruction error is achieved at an intermediate flow time
of � v ≈ 0:4, corresponding to the perfect rollout performance
observed in our Case Study (Sec. III). Action prediction error
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Fig. 8: Action reconstruction MSE of a decoder conditioned on
“noisy” ground-truth video latents at varying flow times (logit-
scaled) on BridgeDataV2. Reconstruction is best at intermediate
flow times and increases towards clean and pure noise latents.



increases sharply as we move from this optimum towards
� v = 0 (full reconstruction). We provide a detailed discussion
of these mechanisms in Appendix D.

This observation yields a significant practical advantage:
operating at� v = 1 requires only a single forward pass of
the video backbone, resulting in both the highest average
performance and the fastest inference speed.

TABLE IV: Inference latency of mimic-video at �v = 1.

GPU Inference latency
RTX 4090 1.3 s
H200 470 ms

D. Inference Latency

We measure the inference latency incurred when generating
a chunk of actions with mimic-video on different compute
hardware in Table IV. Following the results of the previous
section, we focus on the case� v = 1 where only a single
(partial) forward pass of the video model suffices. We find
that control at> 2 Hz is feasible using data center-grade
GPUs, while even on consumer hardware action generation
fits comfortably within less than half of the 3 second action
prediction horizon used in our experiments.

VI. DISCUSSION AND FUTURE WORK

In this work, we introduce mimic-video, a new class of
Video-Action Model (VAM) that grounds robotic policies in
a pretrained video model. By leveraging the physical priors
embedded in internet-scale video, mimic-video achieves an
order-of-magnitude improvement in sample efficiency and
significantly faster convergence compared to standard VLA
baselines. These results strongly suggest that representations
learned from large-scale generative video pretraining provide a
significantly more robust signal for policy learning than those
induced by vision–language-action pretraining. To achieve
this, our approach operates by first partially generating a
plausible video of a task’s successful execution. We find
that conditioning on these partially-denoised plans is critical,
yielding a dual benefit: it mitigates the distribution shift between
model predictions and the ground-truth data used for training,
while simultaneously accelerating inference by significantly
reducing the computational cost of video generation.

While mimic-video achieves strong performance across both
simulated and real-world evaluations, we find that the current
model still has several shortcomings. First, we rely on a
single-view video backbone, which restricts our policies to
a fixed, single workspace view. Exploring a wider range of
video architectures, particularly natively multi-view models,
would likely enhance spatial reasoning and occlusion robustness.
Second, we have not yet applied the VAM recipe to train
a unified, large-scale, cross-embodiment model, a step we
believe is necessary to unlock the full generalization capabilities
of video foundation models. Finally, our current real-world
experiments are limited to a focused set of tasks; scaling this
approach to a broader diversity of manipulation behaviors
remains a key objective for future work.
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