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Abstract. Pretraining Vision-Language-Action (VLA) policies on internet-
scale video is appealing, yet current latent-action objectives often learn
the wrong thing: they remain anchored to pixel variation rather than
action-relevant state transitions, making them vulnerable to appearance
bias, nuisance motion, and information leakage. We introduce VLA-JEPA,
a JEPA-style pretraining framework that sidesteps these pitfalls by design.
The key idea is leakage-free state prediction: a target encoder produces
latent representations from future frames, while the student pathway
sees only the current observation—future information is used solely as
supervision targets, never as input. By predicting in latent space rather
than pixel space, VLA-JEPA learns dynamics abstractions that are ro-
bust to camera motion and irrelevant background changes. This yields
a simple two-stage recipe—JEPA pretraining followed by action-head
fine-tuning—without the multi-stage complexity of prior latent-action
pipelines. Experiments on LIBERO, LIBERO-Plus, SimplerEnv and real-
world manipulation tasks show that VLA-JEPA achieves consistent gains
in generalization and robustness over existing methods. Code is available
at https://github.com/ginwind/VLA-JEPA.
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1 Introduction

Learning visuomotor policies from internet-scale video has become an increasingly
attractive route for robot learning (32; 33; 71). Compared to robot interaction
data, which are costly and narrow in coverage (22; 47), unlabeled videos are abun-
dant and diverse, offering rich demonstrations of temporally extended change. This
has motivated a growing body of latent-action pretraining for Vision–Language–
Action (VLA) (9; 10; 35; 41): rather than learning actions only from scarce
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control trajectories, they first learn representations and transition structure from
video, then adapt them to downstream control (13; 21; 79).

However, we argue that today’s “latent action from video” objectives often do
not learn what we actually need for control. For an embodied agent, the most
useful notion of “action” is not a compact descriptor of pixel differences; it is a
variable that captures how the underlying state will evolve under interaction, i.e.,
action-relevant state transition semantics. When pretraining is misaligned with
this goal, the downstream policy inherits representations that are temporally
predictive yet weakly tied to controllable structure—leading to brittle behavior,
poor transfer, and inefficient fine-tuning.

Why latent-action pretraining often drifts away from action semantics?

We identify four failure modes that repeatedly appear in latent-action pre-
training pipelines built on unlabeled video:

1. Pixel-level objectives bias representations toward appearance, not
action. A common strategy is to use “the future” as supervision—either by
predicting future pixels directly or by compressing frame-to-frame changes
into a latent variable interpreted as an action (13; 79; 86). Even with compres-
sion mechanisms such as VQ-VAE (69), the supervision signal is frequently
dominated by what changes visually: texture, illumination, background clutter,
and viewpoint. These factors are high-variance but low-control; they are easy
to predict yet only weakly connected to the controllable degrees of freedom
that a policy must master.

2. Real-world videos amplify noisy motion. This mismatch becomes espe-
cially pronounced on human videos and in-the-wild footage (33; 34), where
camera motion and non-causal background changes can be stronger than
interaction-induced state changes. Frame-difference-based latent-action ob-
jectives are then incentivized to encode these dominant signals, turning the
latent action into a delta-frame encoder of nuisance motion rather than a
representation of meaningful transition dynamics.

3. Information leakage makes latent action collapse into a shortcut.
Several latent-action pipelines model transitions by feeding both the current
observation and future observation into the same module, or by allowing future
context to influence the learned action variable during training (13; 79). This
design creates an easy shortcut: the latent action can simply encode the future
itself instead of capturing how state transitions should be explained (82). The
resulting “action” becomes semantically empty—useful for matching training
losses, but not a meaningful factor for control.

4. Multi-stage training pipelines are complex and fragile. To stabilize
training and mitigate the above issues, many approaches rely on three-stage
(or more) procedures: representation pretraining, latent-action learning/align-
ment, then policy learning (20; 28; 79). These pipelines increase engineering
complexity, introduce stage-wise inconsistencies, and make it harder to train
and evaluate methods cleanly.



VLA-JEPA 3

𝐼!

V-JEPA 
Encoder

Projector

VLA V-JEPA 
Encoder

		𝐼!"#

𝐸! 𝐸"!"#

𝐼!

𝐸!"#

L

···
···Latent 

action

LIBERO
𝜋!

UniVLA

VLA-JEPA

UniVLA
𝜋!

VLA-JEPA

𝜋!

𝜋!.#

VLA-JEPA

94.2

95.2

97.2

LIBERO-Plus
42.9

53.6

79.5

31.1

28.8

45.0

Real-world

Fig. 1: Left: VLA-JEPA model architecture; Right: performance on LIBERO,
LIBERO-Plus, and real-world benchmarks, compared with previous SOTA methods.

Together, these issues point to a single underlying problem: many latent-action
objectives remain implicitly anchored to pixel variation, and thus learn dynamics
that are predictive but not necessarily action-centric (82). For embodied control,
we want a value-bearing latent state that discards nuisance appearance while
preserving factors governing state evolution under interaction (34; 37; 74). This
motivates a key principle: predict future latent states that reflect action-relevant
transition structure, while preventing future information from leaking into the
predictor.

This aligns naturally with JEPA (Joint-Embedding Predictive Architec-
tures) (1; 2; 4; 17; 24), which replaces pixel reconstruction with latent-space
alignment. By predicting representations rather than pixels, JEPA is inherently
robust to low-level noise and encourages semantic abstraction (31).

Motivated by this perspective, we introduce VLA-JEPA, a JEPA-style pre-
training framework tailored to VLA policies. As shown in Figure 1, the key
design is leakage-free state prediction: during pretraining, a target video encoder
produces latent targets from future context (e.g., a short clip), while the latent
action pathway receives only the current observation through a VLM backbone.
Compared with V-JEPA2-AC (2), a VLM backbone leverages world knowledge
from large-scale text-annotated data, while direct action prediction eliminates
the need for energy-minimization-based planning, which relies on a goal image to
generate actions. Furthermore, a predictor maps the history latent states and
the latent action representations to future latent states, which is trained as a
latent world model using a JEPA alignment loss. Crucially, future frames are
never provided as inputs to the VLM backbone; instead, they are used solely to
construct the training targets, eliminating the shortcut that causes latent-action
collapse. This yields two benefits: (1) semantic robustness to camera motion
and background changes, since supervision operates in latent space rather than
pixel space; (2) a streamlined two-stage pipeline—JEPA pretraining followed by
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action-head fine-tuning—without introducing auxiliary modules or redefining the
learned representations. This work makes three contributions:
– Analysis of latent-action pretraining pitfalls. We analyze why many

future-supervision objectives (including compressed frame-difference latent
actions) remain pixel-tethered, becoming biased toward appearance, vulnerable
to nuisance motion in real-world videos, and prone to information leakage
when future context enters the learner.

– VLA-JEPA: leakage-free, state-level JEPA pretraining. We propose a
JEPA-style latent predictive alignment scheme that learns action-relevant tran-
sition semantics by predicting and aligning future latent states—without pixel
reconstruction, information leakage and only one-stage pretraining pipeline.

– Improved and robustness with a simpler workflow. Across embodied
control benchmarks (LIBERO, LIBERO-Plus, SimplerEnv) and real-world
settings, VLA-JEPA yields consistent gains in robustness, and generalization,
while simplifying training relative to prior multi-stage latent-action pipelines.

2 Related Works
2.1 Vision-Language-Action Models

With the rapid advancement of Large Language Models (LLMs) (6; 25; 38;
51; 62; 77) and large-scale robot datasets (23; 26; 39; 60), Vision-Language-
Action (VLA) models have become a dominant paradigm in robot learning (9;
41; 43; 76). The RT series (5; 10; 92) pioneered fine-tuning multimodal LLMs
on robot demonstrations, and subsequent works further improved manipulation
and navigation performance (9; 41; 46; 64; 75; 84; 85). However, most VLA
methods rely heavily on large-scale action-labeled robot data, which is costly
and difficult to scale (72). To reduce dependence on explicit action supervision,
recent works introduce multimodal Chain-of-Thought signals, such as hierarchical
planning (5; 36; 48; 63; 91), subgoal or rollout prediction (18; 49; 54; 67; 73;
80; 87; 88), object-centric conditioning (15; 23; 35; 55; 65; 83; 90) and latent
future embeddings or actions (12; 53; 56; 86; 89). Nevertheless, these approaches
suffer from relying on action-labeled data. In contrast, VLA-JEPA learns action-
centric representations via latent predictive alignment, avoiding explicit future
reconstruction and reducing the need for large-scale action supervision.

2.2 Latent action learning for robotics

To leverage large-scale videos without action labels, ILPO (27), LAPO (66)
and Genie (11) propose using latent action for video games. For robot learn-
ing, LAPA (79), IGOR (19), UniVLA (13), MotoGPT (21), Adaworld (30),
CoMo (78) and StaMo (52) extract discrete or continuous motion tokens from
frame transitions, and pretrain VLA to predict these latent actions before map-
ping them to real robot controls. To align the latent action to the real action space,
villa-x (20), XR-1 (28), CLAP (81) and VITA (57) propose that extract latent
action from both robot and human video and use a unified codebook. However,
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since latent actions are often learned directly from adjacent frames, models may
exploit pixel-level shortcuts and encode future-frame leakage. Although some
methods attempt to mitigate the above issues by constraining the latent action
space—through optical-flow (7; 14), or object-centric constraints (42), among
others (58; 59)—such constraints inevitably bias the learned latent actions toward
aligning with hand-crafted, visually defined priors rather than the true underlying
controllable factors. Consequently, when such priors become mismatched in novel
environments, the learned latent actions tend to fail systematically, and the latent
spaces may align more with visual deltas than with actionable control signals,
necessitating multi-stage training pipelines and additional alignment mecha-
nisms (82). On the contrary, our proposed VLA-JEPA learns action-relevant
representations without relying on delta frame info extraction, avoiding leakage
and pixel shortcuts while enabling single-stage end-to-end pretraining.

3 Methodology

To address the limitations of existing approaches, we introduce VLA-JEPA, a
unified framework that enables joint pre-training on both action-free and action-
labeled data. For action-free human videos, VLA-JEPA extracts latent actions
from vision-language prior representations by optimizing a world-model-based
state transition objective. Building upon this foundation, we further integrate
a flow-matching-based action generator for robot demonstrations to support
precise end-effector trajectory generation. During fine-tuning, VLA-JEPA enables
end-to-end fusion of the two objectives, allowing the learned state-transition
dynamics to be effectively leveraged for downstream robotic control.

3.1 Model Backbone

As shown in Figure 2, we adopt Qwen3-VL (3) as the core large vision-language
model (VLM) in our framework. This VLM is built upon the Qwen3 (77) and
uses SigLIP-2 (68) as its vision encoder. It is well established that the world
knowledge acquired by VLMs during large-scale pretraining, including image
understanding and key object detection, can be transferred to robot control tasks.
To distill continuous latent action representations from the VLM, which encode
state transition information for world modeling, we introduce a set of learnable
tokens that denoted as ⟨latenti⟩ and ⟨action⟩, where i denotes the time step. For
instance, ⟨latent0⟩ represents the state transition between s0 and s1. To model
state transitions in continuous videos, we encode pixel-level human videos into
time-step–aware feature sequences using an encoder architecture trained with
V-JEPA2 (2), and employ a time-causal attention mechanism to capture the
correlations between the feature sequences and the latent actions.

3.2 Learning from Human Videos

To enable VLM to learn from human demonstration videos, we design a training
framework that explicitly injects environment dynamics into the latent action
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Fig. 2: VLA-JEPA supports cross-domain training on both human videos and robot
data, where human videos are trained using an alignment loss under the latent world
modeling objective, while robot data are trained with a joint objective consisting of an
alignment loss and a robot action prediction loss.

tokens. Specifically, we consider a human video dataset D = {(O0, O1, ..., Ov, ℓ)},
where ℓ denotes the associated language instruction, and each Ov represents a
video captured from viewpoint v. Formally, Ov = (Iv,t0 , Iv,t1 , ..., Iv,tn), where
Iv,ti denotes the video frame at time step ti from view v, and n is the total
number of frames within a video.
World State Encoder. Unlike traditional single-view video representation
approaches, we encode diverse observations from the same episode into a unified
world state representation through a world state encoder. Specifically, we adopt a
self-supervised V-JEPA2 encoder as the single-view video state representation and
integrate representations from multiple viewpoints via a concatenation operator.
The encoding process for each view and the subsequent aggregation across views
are formulated as follows:

sti = ∥vF (Iv,ti) (1)

where F (·) is the V-JEPA2 single-view video encoder, and ∥ denotes the vector
concatenation operator. The resulting sti is the unified world-state representation.
Latent Action Pretraining through World Modeling. To encourage learn-
able latent action tokens to model state dynamics, we introduce a state prediction
objective based on an auto-regressive transformer-based world model.

Formally, the VLM takes as input the multi-view observations at the initial
time step t0, together with the language instruction ℓ. Conditioned on these
inputs, the VLM maps a set of special learnable tokens ⟨latenti⟩ into latent
representations that summarize the underlying world dynamics:

zti = pV LM
θ

(
⟨latenti⟩

∣∣ {Ij,t0}vj=0, ℓ
)
, (2)
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where zti denotes the latent action representation at time step ti.
Subsequently, the unified representation zti is used to condition the world

model, providing additional context for state prediction. Formally, given the
sequence of encoded world states st0:i and the corresponding conditioning variables
zt0:i , the world model predicts the next chunk of states as:

ˆst1:i+1 = pWM
θ (st0:i , zt0:i), (3)

where ˆst1:i+1
is the predicted world state chunk over [t1, ti+1].

In practice, each special latent token ⟨latenti⟩ is replicated K times in the
input sequence to enable variable-length latent action encoding, where K is
a tunable hyperparameter. The world model employs a time-causal attention
mechanism. Within each time step, all latent action tokens and world state tokens
attend to each other via bidirectional full attention. Across different time steps,
attention is strictly causal: tokens at time step t are allowed to attend only to
tokens from time steps up to and including t, while attention to future time steps
is masked out.

Finally, we optimize the combined WM and VLM using a teacher-forcing
objective. This enables the unified representation zti informed by the world
knowledge encoded in the VLM, in order to effectively characterize world state
transitions. The world modeling loss is defined as:

LWM =

T∑
k=1

Estk∼F (·)(ŝtk − stk), (4)

where stk denotes the ground-truth world state at time tk, ŝtk is the corresponding
prediction, and T is the video prediction horizon.

3.3 Action Prediction with Joint Optimization Objectives

Action Token Conditioning. To leverage the latent action representations
learned from video data for guiding action prediction, we design joint optimization
objectives. Specifically, for multi-view RGB videos in the robot dataset, we adopt
the same training objective as in Equation 4 to fine-tune the latent action
representations within the robot data domain. For practical action prediction,
we intend the latent action to serve as a conditioning signal for embodied action
generation, analogous to the roles of the initial image observation Iv,t0 and the
language instruction. Therefore, we append a set of learnable embodied action
tokens ⟨action⟩ after the latent action tokens. Leveraging the causal attention
mechanism of the VLM, the model captures the dependencies among ⟨action⟩, the
latent action tokens, the initial visual observation, and the language instruction.

Formally, given the visual tokens {Ii,t0}vi=0 at the initial time step t0, the
language instruction l, and a sequence of latent action tokens ⟨latenti⟩, we obtain
a global action-conditioning representation

za = pV LM
θ (⟨action⟩ | {Ii,t0}vi=0, ℓ, ⟨latenti⟩) , (5)
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where za serves as an additional conditioning signal for the action head.
Conditional Flow-Matching Action Head. We adopt conditional flow match-
ing to model a distribution over continuous action trajectories. Specifically, let
a0:H denote the ground-truth action sequence over a horizon H, and â0:H denote
the predicted action sequence generated by the learned flow. Following standard
flow-matching formulations, we define a time-dependent interpolation

at = (1− t) ϵ+ t a0:H , t ∼ U(0, 1), (6)

where ϵ ∼ N (0, I) is Gaussian noise. The action head parameterizes a vector
field vθ(at, t | za), conditioned on za, which is trained to match the ground-truth
conditional flow. The flow-matching objective is given by

LFM = Ea0:H , ϵ, t

[∥∥vθ(at, t | za)− (a0:H − ϵ)
∥∥2
2

]
, (7)

where vθ(·) denotes the predicted velocity field, (a0:H − ϵ) is the target velocity
induced by the linear interpolation, and ∥ · ∥2 is the ℓ2 norm. At inference time,
the learned vector field is integrated from noise to data space to obtain the
predicted action trajectory â0:H , conditioned on the action tokens za.

The overall training objective for action-labeled robot data is as follows:

L = LFM + βLWM, (8)

where β is a tunable hyperparameter.

4 Experiments

To evaluate the generalization and robustness of VLA-JEPA, we perform com-
prehensive simulation experiments utilizing two distinct simulation environments
and three public benchmarks, Simpler-Env, LIBERO, along with real-world
experiments covering both in-distribution and out-of-distribution settings as
shown in Fig. 3. Furthermore, we compare VLA-JEPA against the latest VLA
baselines that support pretraining with human videos as well as VLA baselines
pretrained solely on robot-collected data. For a fair comparison, all baselines are
fine-tuned on the corresponding benchmark datasets, including LIBERO (50),
BridgeV2 (70), and our self-collected real-world dataset.

We first pretrain VLA-JEPA on the large-scale human hand–object interaction
dataset Something-Something-V2 (32) and the large-scale action-labeled robot
dataset DROID (39). We then fine-tune VLA-JEPA on each simulation and
real-world environment using its environment-specific dataset. All experiments
are conducted on 8 NVIDIA A100 GPUs. Detailed implementations are provided
in the supplementary materials.

4.1 Simulation Setup and Baseline

Benchmarks. We conduct generalization experiments on the LIBERO (50) and
SimplerEnv (45) benchmarks. The LIBERO benchmark employs the Franka
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Emika Panda arm and comprises four task suites designed to facilitate research
on lifelong learning in robotic manipulation. SimplerEnv features WidowX and
Google Robot setups, offering diverse manipulation scenarios with varying lighting,
colors, textures, and robot camera poses, thereby bridging the visual appearance
gap between real and simulated environments. Furthermore, we conduct robust-
ness experiments on LIBERO-Plus (29), a large-scale benchmark designed to
systematically stress-test VLAs through perturbed tasks across seven dimensions.

The three simulation environments correspond to (i) in-distribution scenarios
in which policies, trained using simulated expert data, are validated on in-
distribution tasks in simulation (LIBERO), (ii) out-of-distribution scenarios
involving a real-to-sim gap, in which policies are trained using real-world data
and evaluated in simulation (SimplerEnv), and (iii) out-of-distribution scenarios
in which policies, trained using simulated expert data, are validated on out-of-
distribution tasks in simulation (LIBERO-Plus).
Baselines. We compare VLA-JEPA with previous latent-action VLAs, future-
prediction VLAs and state-of-the-art VLAs including Moto (21), LAPA (79), Uni-
VLA (13), villa-X (20), CoT-VLA (87), WorldVLA (16), RoboVLMs (44), GR00T
N1 (8), OpenVLA-OFT (40), DreamVLA (86), F1 (55), π0 (9), π0-Fast (61),
and π0.5 (35).

Table 1: Comparison on the LIBERO benchmark. We report the task success rate for
each suite and the average across all tasks. Each task is evaluated over 50 episodes (500
episodes per suite), and success rates are computed over these trials. Bold denotes the
best performance, and italics denotes the second best.

Method LIBERO

Spatial Object Goal LIBERO-10 Avg

LAPA (79) 73.8 74.6 58.8 55.4 65.7
UniVLA (13) 96.5 96.8 95.6 92.0 95.2
OpenVLA-OFT (40) 97.6 98.4 97.9 94.5 97.1
π0 (9) 96.8 98.8 95.8 85.2 94.2
π0-Fast (61) 96.4 96.8 88.6 60.2 85.5
CoT-VLA (87) 87.5 91.6 87.6 69.0 81.1
WorldVLA (16) 87.6 96.2 83.4 60.0 81.8
villa-X (20) 97.5 97.0 91.5 74.5 90.1
GR00T N1 (8) 94.4 97.6 93.0 90.6 93.9
DreamVLA (86) 97.5 94.0 89.5 89.5 92.6
F1 (55) 98.2 97.8 95.4 91.3 95.7
π0.5 (35) 98.8 98.2 98.0 92.4 96.9

QwenVLA 95.0 99.4 96.8 92.6 96.0
+ ViT 94.2 99.6 97.0 94.6 96.4
+ VQGAN 91.8 99.0 96.2 87.6 93.7
+ LAM 94.8 99.2 96.4 93.0 95.9

VLA-JEPA 96.2 99.6 97.2 95.8 97.2
w/o human video 94.8 99.6 95.8 94.0 96.1
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In addition, we construct backbone-controlled VLA baselines, termed Qwen-
VLA, by equipping Qwen3-VL-2B with a flow-matching-based action head. We
further evaluate three QwenVLA variants that differ in their prediction targets:
(1) “+ViT” , which predicts continuous future representations encoded by the
Qwen3-VL ViT; (2) “+VQGAN” , which predicts discrete future tokens encoded
by VQGAN; and (3) “+LAM” , which predicts latent actions encoded by a latent
action model. All QwenVLA variants are trained using the same data split as
VLA-JEPA. Since QwenVLA does not support training on human videos, it only
uses the robot data adopted by VLA-JEPA.

a. LIBERO b. LIBERO-Plus

c. SimplerEnv Google Robot d. SimplerEnv WidowX Robot

e. Real-World Franka Robot

Fig. 3: Experiments setup on LIBERO, LIBERO-Plus, SimplerEnv and real-world
Franka Robot.

4.2 Simulation Evaluation

LIBERO. As presented in Table 1, VLA-JEPA achieves state-of-the-art perfor-
mance on 2 out of the 4 task suites within the LIBERO benchmark, securing
the highest average success rate overall. We observe that other top-performing
models on LIBERO, such as OpenVLA-OFT and π0.5, rely on extensive robot
datasets for pre-training. In contrast, VLA-JEPA achieves better performance
using less training data. Furthermore, previous latent-action-based VLAs and
VLAs trained on human videos, such as UniVLA, villa-X, LAPA, and CoT-VLA,
consistently underperform VLA-JEPA, which corroborates the limitations of such
approaches discussed in Section 1.
SimplerEnv. Table 2 reports the results on SimplerEnv. VLA-JEPA achieves
the best performance both on the Google Robot and the WidowX Robot. Since
SimplerEnv does not provide expert demonstrations, we observe that the quality
of robot data plays a crucial role in performance on this benchmark. For example,
LAPA extracts only successful rollouts in SimplerEnv and uses them as expert
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Table 2: Comparison on the SimplerEnv benchmark. We report the average success
rate for each individual task under the visual matching setting in both SimplerEnv-
WidowX Robot and SimplerEnv-Google Robot. ∗ denotes that the method is trained
on in-distribution expert demonstrations collected in simulation environment. All other
methods are trained on subsets of the OXE dataset.

Method Google Robot WidowX Robot

Pick Move Drawer Place Avg Spoon Carrot Block Eggplant Avg

LAPA∗ (79) - - - - - 70.8 45.8 54.2 58.3 57.3
villa-x (20) 81.7 55.4 38.4 4.2 44.9 48.3 24.2 19.2 71.7 40.8
UniVLA (13) - - - - - - - - - 42.7
RoboVLMs (44) 77.3 61.7 43.5 24.1 51.7 45.8 20.8 4.2 79.2 37.5
GR00T N1 (8) 0.7 1.9 2.9 0.0 1.4 1.4 0.0 0.0 13.9 3.8
MoTo (21) 74.0 60.4 43.1 - - - - - - -
OpenVLA-OFT (40) - - - - - 34.2 30.0 30.0 72.5 41.8
π0 (9) 72.7 65.3 38.3 - - 29.1 0 16.6 62.5 40.1
π0-Fast (61) 75.3 67.5 42.9 - - 29.1 21.9 10.8 66.7 48.3

VLA-JEPA 88.3 64.1 59.3 49.1 65.2 75.0 70.8 12.5 70.8 57.3
w/o human video 85.3 66.7 75.5 86.1 78.4 75.0 54.2 20.8 79.2 57.3

demonstrations for training, and achieves the second-highest success rate on the
WidowX Robot with merely 100 rollouts. This is mainly because training on
successful rollouts effectively mitigates the real-to-sim gap. In comparison, VLA-
JEPA achieves the strongest performance among methods trained on subsets of
the OXE dataset.

Table 3: Comparison on the LIBERO-Plus benchmark. We report the average success
rate across each perturbation dimension, where each perturbation includes the four task
suites from the original LIBERO benchmark.

Method LIBERO-Plus

Camera Robot Language Light Background Noise Layout Total

UniVLA (13) 1.8 46.2 69.6 69.0 81.0 21.2 31.9 42.9
OpenVLA-OFT (40) 56.4 31.9 79.5 88.7 93.3 75.8 74.2 69.6
π0 (9) 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6
π0-Fast (61) 65.1 21.6 61.0 73.2 73.2 74.4 68.8 61.6
WorldVLA (16) 0.1 27.9 41.6 43.7 17.1 10.9 38.0 25.0

QwenVLA 53.0 62.5 82.8 96.8 90.1 40.0 77.2 69.6
+ViT 60.3 64.5 81.4 91.8 90.3 48.0 83.8 72.6
+VQGAN 12.8 49.8 70.8 68.2 47.9 37.1 72.6 50.5

VLA-JEPA 63.3 67.1 85.4 95.6 93.6 66.3 85.1 78.1
w/o human video 40.3 55.7 72.9 88.2 70.5 38.2 74.6 62.9
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LIBERO-Plus. As shown in Table 3, VLA-JEPA achieves the best performance
on 5 out of 7 perturbations in LIBERO-Plus. It demonstrates a substantial
advantage over UniVLA, which is trained on human videos, and OpenVLA-OFT,
π0, and other methods trained on large amounts of robot data. This indicates that
latent actions, learned through our pretraining approach, possess a level of world
knowledge representation comparable to that encoded by text data. In particular,
we find that VLA-JEPA demonstrates a significant advantage over all baselines
under perturbations in Language, Light, Background, and Layout, which verifies
that our latent action can effectively handle task-agnostic disturbances, thereby
achieving a more robust and generalized policy.

4.3 Real-world Experiments

For real-world experiments, we designed table-top manipulation tasks using a
Franka Research 3 arm equipped with a Robotiq 2F-85 gripper. We collected
100 human demonstration trajectories for training, which include 3 picking and
placing tasks. In alignment with the simulation experiments and extending beyond
in-distribution task evaluation, we introduce two OOD experimental protocols to
rigorously assess the model’s generalization capability and robustness for physical
deployment. The first OOD protocol involves executing tasks not present in the
training data, validating the model’s ability to acquire and transfer fundamental
skills. The second protocol requires executing tasks seen during training but with
randomized object layouts, thereby emulating the cluttered scenarios typical of
real-world table-top manipulation tasks. For fair comparison, we finetune π0,
π0.5, and VLA-JEPA on collected demonstration datasets.

As shown in Figure 4a, VLA-JEPA achieves state-of-the-art performance under
both the ID and the object layout OOD settings, demonstrating a clear advantage
over both π0 and π0.5. In the task OOD setting, it attains the second-best result.
During real-world deployment, we observed that the generalization capability of
VLA-JEPA is less robust than that of π0.5, yet it produces execution trajectories
that are significantly more stable and reliable. Specifically, π0.5 more accurately
follows instructions to contact the target object compared to VLA-JEPA. However,
its position motion controller frequently violates the safety boundaries of the
robot arm, leading to execution failures. In contrast, VLA-JEPA rarely breaches
the robot arm’s safety constraints. In addition, VLA-JEPA acquires the skill of
repeated grasping, i.e., reopening the gripper to attempt another grasp after a
failure, which is not observed in π0 or π0.5. We attribute this to the abundance of
repeated-grasping knowledge present in human videos, whereas this skill does not
require additional physical dynamics knowledge. In contrast, robot data rarely
contain demonstrations specifically designed for repeated grasping. More details
are provided in the supplementary.

4.4 Further Analysis and Ablation Study

In this section, we investigate the following questions under the multi-view setting
to thoroughly evaluate the ability of our model:
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(a) Real-world experimental results. (b) Effect of the proportion of human video data
in pre-training on success rates across different
perturbation dimensions on the LIBERO-Plus.

Question 1. Does JEPA-style latent world modeling improve VLA per-
formance? By comparing QwenVLA with VLA-JEPA in Tables 1 and 3, we show
that the performance gains stem from the JEPA-style world modeling objective
rather than the choice of model backbone. Moreover, comparing the “+ViT”
and “+VQGAN” variants with VLA-JEPA shows that the JEPA-style objective
is more effective than pixel-level future prediction. Similarly, the comparison
between the “+LAM” variant and VLA-JEPA indicates that, when controlling
for the model backbone, information leakage in LAM-based latent actions can
adversely affect downstream VLA performance, a limitation that VLA-JEPA
effectively mitigates.

Question 2. What impact does human video have? Tables 1, 2 show that
removing human video pretraining does not yield a significant performance drop
on either LIBERO or SimplerEnv. This further indicates that, for both ID settings
and OOD scenarios with a real-to-sim gap, high-quality expert demonstrations
are more critical to model performance than action-free human videos. Table 3
present that action-free human videos provide substantial performance gains on
the LIBERO-Plus benchmark.

Our analysis suggests that human videos lack actionable information about
action trajectories, which prevents VLA models from directly learning the physical
dynamics of robotic actions. Instead, the primary benefit lies in enhancing the
robustness and stability of the model’s pre-existing skills. This process closely
resembles human skill acquisition from observation: when a person learns a skill
by watching a video, the first attempt is unlikely to succeed, and proficiency is
achieved only after repeated trials that establish the correspondence between
the observed video knowledge and the underlying physical dynamics, ultimately
leading to a stable and reliable policy.

Figure 4b illustrates how the success rates across different perturbation
dimensions on the LIBERO-Plus benchmark vary as the proportion of human
videos in the pre-training data increases. These results further corroborate our
hypothesis that human video data primarily enhances the robustness and stability
of the VLA model by strengthening its existing skill repertoire, rather than
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Fig. 5: Visualization of the attention weight matrix of latent action tokens attending
to image tokens.

introducing new action execution capabilities. Moreover, as the scale of human
video data increases, the robustness of the resulting policy consistently improves.

Question 3. What is the impact of unified pretraining? According to
Section 4.2, the experimental results demonstrate that our unified pretraining
method consistently outperforms the previous two-stage pretraining paradigm.
In addition, to more clearly analyze the information captured by latent action
tokens, we visualize the attention weights from latent action tokens to image
tokens in the internal attention maps of three VLAs—LAPA, UniVLA, and VLA-
JEPA—under simulated, human-video, and real-world robot image inputs. For
a fair comparison, all methods are evaluated using pretrained-only checkpoints,
without any fine-tuning on either simulated or real data.

As shown in Figure 5, the latent actions of LAPA focus on dense visual
information, resulting in the inclusion of too many operation-irrelevant details,
such as unrelated objects on the desktop. We attribute this to the leakage of
information during the pretraining stage, leading to the degradation of latent
actions into compressed representations of the target images, a point further
analyzed in Section 1. In contrast, UniVLA alleviates this issue via task-relevant
textual guidance, yet its overemphasis on semantics causes attention to operation-
irrelevant background elements in the images, such as the stationary pen in
human videos or the texture of the tablecloth in real-world wrist-view recordings.
By comparison, VLA-JEPA focuses more precisely on the operation, for instance,
the robotic arm, the hand, and the objects to be manipulated. This shows that
the unified pretraining approach simplifies the training pipeline while improving
training effectiveness by reducing the impact of task-irrelevant information.

Question 4. How does the number of video horizon affect performance?
We vary the number of future video horizon T ∈ {4, 8, 16} to investigate the



VLA-JEPA 15

impact of dynamic information on the performance. For a fair comparison, all
models are directly fine-tuned on the LIBERO dataset, with all other hyper-
parameters kept the same in the comparison. As shown in Table 4, the model
achieves its best when the video horizon is close to the predefined action horizon
8, which indicates that latent actions are effective for embodied action generation.
When T is too small, the encoded information is insufficient, leading to inferior
performance, particularly on long-horizon tasks. In contrast, an excessively large
T introduces redundant information. It yields the best results on the goal-oriented
task suite with relatively simple objectives, but performs worst on the spatial
task suite that requires fine-grained manipulation.

Table 4: Comparison of VLA-JEPA on the LIBERO benchmark with different numbers
of future video horizon.

T Spatial Object Goal LIBERO-10 Avg

4 95.0 99.2 95.8 89.0 94.8
8 94.8 99.8 95.8 94.0 96.1
16 92.8 98.8 98.0 92.2 95.5

5 Conclusion

This paper proposes VLA-JEPA, a unified pretraining framework that learns
latent actions from both human and robot videos via latent world modeling.
Extensive experiments and analyses reveal that existing latent action pretraining
methods suffer from information leakage and representation degeneration, which
hinder the learning of meaningful temporal dynamics. In contrast, VLA-JEPA
effectively mitigates these issues and enables the model to capture genuine inter-
frame dynamics. As a result, VLA-JEPA achieves competitive performance in
both simulation benchmarks and real-world robotic experiments. We further
believe that the human-video pretraining paradigm introduced by VLA-JEPA
is highly scalable, and can be naturally extended by incorporating robot data
and text-based reasoning data, thereby further improving the generalization and
robustness of VLA models.
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