
WanPolicy: Representation Alignment for Robust and
Efficient World-Action Models

Abstract

World-Action Models (WAMs) repurpose pretrained video diffusion backbones
for robot manipulation by jointly modeling future visual observations and actions.
Existing approaches rely on video diffusion objectives to learn future dynamics,
implicitly assuming that pixel-level reconstruction benefits downstream control. In
this work, we challenge this paradigm. We present WanPolicy, which replaces the
diffusion objective with a representation alignment loss that supervises intermediate
DiT features using a frozen DINOv3 encoder; rather than training the DiT to predict
future pixels, we train it to predict future DINOv3 features, which we show are
more semantically relevant for robot control. Importantly, we fine-tune the DiT
backbone as a regressor, eliminating the need for iterative denoising at inference,
requiring only a single forward pass through the video backbone which results in
significant speedups. On the LIBERO benchmark, WanPolicy matches standard
vision language action (VLA) models and recent WAMs. Crucially, WanPolicy
does so by training on much less robot data than prior work, OpenVLA-OFT (1M
episodes in Open X-Embodiment vs 2K episodes in LIBERO), indicating that real-
world human videos contain more robot-relevant priors than vision-language data.
As such benchmarks appear saturated due to the alignment between test and training
conditions, we further evaluate on LIBERO-Plus, a benchmark designed to evaluate
generalization to environmental perturbations. Here, WanPolicy substantially
outperforms prior methods with a success rate of 80% (compared to prior art of
69%).

1 Introduction

Pretrained video diffusion models (31; 5; 33) have recently emerged as a compelling foundation for
robot learning because they encode rich priors over temporal dynamics, object interactions, and scene
geometry. Building on this observation, a growing line of work repurposes video/image generative
backbones for control, using them either to extract predictive visual representations (11; 25; 9; 4) or
to jointly model future observations and robot actions (21; 34; 36; 2; 8). Collectively, these works
suggest that video-based pretraining offers a promising alternative to conventional vision language
action (VLA) backbones (3; 14; 18; 16; 6; 38; 22) for embodied control.

Despite their strong empirical performance, most existing WAMs still rely on the training objective of
pixelwise video generation. We see two limitations to this dominant approach. First, pixel-space (or
latent-frame) generation may be wasteful or "overkill" for control: manipulation depends primarily on
representations that capture semantics, geometry, and action-relevant state, rather than pixel-perfect
imagery. Second, iterative diffusion-based denoising is compute heavy and introduces substantial
latency, limiting its applicability to closed-loop control.

In this paper, we revisit the role of future prediction in WAMs and ask a different question: does
robot control really require predicting future pixels, or does it instead require learning action-relevant
world representations? We present WanPolicy, a simple alternative to standard WAM training that
replaces the video diffusion objective with a representation alignment objective (35; 19; 37). Instead
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of supervising the model to generate future pixels, we supervise the model to generate future features
from a frozen DINOv3 encoder (28). Our premise is that these features provide a more suitable target
for policy learning: they are semantically structured and more invariant to irrelevant visual changes,
properties that are more important for action prediction than pixel-accurate futures.

This change in objective leads to two key advantages. It directly optimizes the video backbone for
control-oriented visual representations rather than high-fidelity pixel generation. Moreover, because
we train the video branch with a regression-based DINO alignment loss, we can create predictive,
action-relevant future states in a single forward pass of the video backbone, significantly speeding up
inference. The result is a WAM-like policy that retains the priors from real-world pretraining while
substantially simplifying deployment for real-time manipulation.

We show that WanPolicy matches both standard VLA baselines and WAM baselines on LIBERO (23),
while achieving substantially stronger robustness on LIBERO-Plus (10) under environmental pertur-
bations. WanPolicy does so while training on much less robot data than prior works, indicating that
real-world human videos used to pretrain video generation models contain more robot-relevant priors
than vision-language data. More broadly, our results suggest that the main value of video generation
for robot learning may not lie in synthesizing future pixels, but in the structured world representations
that can be aligned to control.

2 Related Work

Vision-Language-Action Models. Vision-Language-Action (VLA) models learn robot policies by
mapping visual observations and language directly to actions, typically without explicitly modeling
future scene evolution (18; 16; 3; 14; 6; 38; 22). This paradigm has enabled strong generalization
through large-scale multimodal pretraining, but it often relies on backbones pretrained on static image-
text data and therefore does not directly exploit predictive structure over future world dynamics.

World-Action Models and video-based policy learning. A parallel line of research explores how
pretrained video generative models can serve as foundations for robot control by exploiting their
learned representations of dynamics, interactions, and scene structure over time. One group of
methods uses generated visual futures as an explicit intermediate for control. SuSIE (4) generates
intermediate visual subgoals with an image-editing diffusion model and executes them with a separate
low-level goal-conditioned policy, while UniPi and NovaFlow (9; 20) formulate policy learning as text-
guided video generation and then derive actions with learned or heuristic inverse dynamics modeling.
A second group uses video models primarily as predictive backbones for action learning. VPP
and Mimic-Video (11; 25) condition policy learning on predictive visual representations extracted
from a video diffusion model rather than acting directly from generated pixels. More recent world-
action models couple future world modeling and action generation more tightly within a shared
architecture: LingBot-VA (21) learns frame prediction and policy execution simultaneously in an
autoregressive diffusion framework; DreamZero (34) jointly models future world states and actions
with a pretrained video diffusion backbone; Fast-WAM (36) studies whether the benefits of WAMs
come from joint video-action training or explicit future imagination at test time; and Motus (2) unifies
video generation, action modeling, and related embodied capabilities within a latent action world
model. Our work is most closely related to this latter line. However, unlike prior methods that retain
a video generation objective during training, we replace future video reconstruction or denoising
with direct representation alignment, training the video backbone to produce action-relevant world
representations without iterative denoising at inference time.

3 Method

To provide a thorough understanding of WanPolicy, we first introduce the model design, including
the architecture and the modified WAM formulation, in which the video branch is trained to predict
future DINO representations while the action branch retains the standard flow-matching objective.
We then discuss why this representation-level supervision is better aligned with action generation
than pixel-level video prediction, and finally describe our intermediate read-out layer design, which
further improves both performance and efficiency.
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Figure 1: Overview of WanPolicy training pipeline. Some details are hidden for clarity. Left: video-
conditioned cross attention and separate cross attention and FFN layers for video and action branch.
Video branch is supervised by representation alignment loss with future DINO representation. Action
branch is supervised by standard flow matching loss. We read out the features from the intermediate
layer of DiTs and discard the later parts. Right: attention mask for video-conditioned cross attention.
Video tokens attend to other video tokens but not action tokens. Action tokens attend to both video
and action tokens.

Figure 2: Inference pipeline

3.1 Model Design

Architecture.

We build upon WAN2.2 TI2V 5B (31), a video diffusion transformer pretrained on web-scale video
data, and adopt a similar architecture design as Fast-WAM and Lingbot-VA (21; 36) that augments
the backbone with action tokens. We modify the original self attention layer from WAN to design a
video-conditioned cross attention for action tokens: under a structured mask, video tokens attend
only to video tokens, which serve as the conditioning signal for action, while action tokens attend to
both streams. After video-conditioned cross attention, separate cross-attention branches condition
the video branch on T5 instruction embeddings (27), and the action branch on the same instruction
embeddings together with encoded robot proprioceptive states.

Training Design. We start from the standard world-action model (WAM) formulation, in which
a video backbone models future visual observations while an action branch predicts future action
chunks. Prior WAMs typically train both branches with diffusion or flow-matching objectives, so
that the model jointly denoises future video latents and actions. Our key modification is to retain the
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standard flow-matching objective for action prediction while replacing the video-generation objective
with a representation-alignment objective.

Let v1:T denote the target future video latents. A standard video diffusion formulation constructs a
noisy input by sampling Gaussian noise ϵ ∼ N (0, I) and a timestep t ∼ U(0, 1), and defining

vt
1:T = (1− t)v1:T + tϵ. (1)

Standard WAMs then train the video branch to predict a denoising target from vt
1:T . In contrast, we

supervise the video branch using frozen DINOv3 features extracted from the target future frames. In
our setup, we always use t = 1, so the future video input is pure Gaussian noise, i.e., vt

1:T = ϵ.

Formally, given initial observation o and language instruction l, the video branch predicts future
visual representations, which are trained with the loss

LREP = 1−Avg
(
sim

(
fθ(o,v

t
1:T , t, l),d1:T

))
, (2)

where fθ denotes the video branch, and d1:T denotes the frozen DINOv3 features of the target future
frames. We compute cosine similarity at each spatiotemporal token and average across all frames and
tokens.

For the action branch, we keep the standard flow-matching formulation. Let a1:H denote a target
action chunk. We define its noisy version as

at
1:H = (1− t)a1:H + tϵ, (3)

and optimize

LAction = Ea,ϵ,t

[∥∥gϕ(at
1:H , t, l, p)− (ϵ− a1:H)

∥∥2
2

]
, (4)

where gϕ denotes the action branch and p denotes the robot proprioceptive state.

The final training objective is
L = LREP + LAction. (5)

Inference Design. Our modification changes the inference procedure only for the video branch.
In standard WAMs, future visual prediction is formulated as an iterative denoising process, which
requires multiple sampling steps through the video backbone before obtaining features that can be
used for action generation. In WanPolicy, the video branch is instead trained with a regression-
based representation objective, so it directly predicts future action-conditioning representations from
the initial observation, language instruction, and noisy video input in a single forward pass. This
eliminates the need for iterative denoising in the video branch.

In practice, we first run the video branch once to obtain the predicted future visual representations
as shown on the left hand side of Figure 2. Since the video-conditioned cross attention layers are
only evaluated once for the video tokens, their key-value states can be cached and reused during
subsequent action decoding. We then perform iterative denoising only in the action branch, shown
on the right hand side of Figure 2, which is substantially smaller and therefore much faster than
running the full video backbone for multiple denoising steps. This design preserves the benefits of
action-space flow matching while significantly reducing overall inference latency.

3.2 Learning Action-Relevant World Representation

In this section, we shed light on the key design choice to replace the standard video diffusion objective
with a regression-based representation objective for the video branch. The motivation is that, for
action generation, reconstructing future frames in pixel or video latent space with pixel-accurate
detail is wasteful. Instead, the model primarily needs future representations that preserve coarse but
actionable information relevant to control, such as object configuration, scene geometry, and temporal
evolution under interaction.

Based on this observation, we supervise the video branch using frozen DINO features extracted
from future frames, rather than diffusion or flow-matching targets in the video latent space. This
encourages the backbone to predict compact future representations that are more directly aligned
with downstream action decoding, while reducing emphasis on low-level visual details that are less
relevant for control.
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This design also changes the inference procedure. In standard video diffusion models, future
prediction requires iterative denoising, which introduces substantial inference latency. In contrast,
because our video branch is trained with a regression objective, it predicts future representations in a
single forward pass. We therefore avoid multi-step sampling in the video branch and use its predicted
representations directly for action generation.

3.3 Read-out Layer Design

Another important design in WanPolicy is that the video and action predictions are not necessarily
read from the final layer of the video diffusion transformer. Instead, both branches operate on
intermediate backbone features from layer K. In practice, this means that layers after K are discarded
during training and inference, and both the visual representation prediction and action prediction are
computed from the features at layer K.

This design is motivated by the observation from Huang et al. (12), that the deepest layers of a video
diffusion transformer are specialized toward the native video generation objective, and may therefore
place greater emphasis on pixel-level reconstruction details than is necessary for control. By reading
out from an intermediate layer, we aim to preserve higher-level scene structure and dynamics while
avoiding over-specialization to appearance. We study the effect of K in Sec. 4.2.1 and show that the
middle read-out layer yields the best performance.

4 Empirical analysis

We evaluate WanPolicy on both standard manipulation performance and robustness under environ-
mental perturbations. We first compare against strong VLA and WAM baselines on LIBERO and
LIBERO-Plus, showing that WanPolicy remains competitive on the standard benchmark while achiev-
ing substantially stronger robustness on the harder generalization setting. We then perform ablations
on the two central design choices of our method, namely the read-out layer and the supervision target
for the video branch, and conclude with an efficiency analysis that quantifies the inference-time
benefit of removing iterative video denoising.

Implementation details We use the pretrained WAN2.2 TI2V 5B (31) model as video backbone.
The action expert backbone is warm-started from the pretrained video DiT via variance-preserving
linear interpolation of its weights to the target hidden dimension (3072 → 1024), while task-specific
input/output projections are randomly initialized. We use read-out layer K = 15 unless otherwise
specified.

For data processing, we follow the Fast-WAM convention (36) and temporally downsample input
videos by a factor of 4, resulting in 9 frames per chunk. Under this setup, the action horizon is
32. During training, we predict the full 32-step action chunk, and at inference time we execute the
predicted actions over the entire horizon.

We use two camera views provided by the training data: an agent view capturing the overall scene
and a gripper view mounted on the robot arm. The two views are concatenated into a single video
input before being processed by the visual backbone.

All experiments are conducted on two types of hardware platforms: 8× NVIDIA H100 GPUs and 8×
NVIDIA A6000 GPUs. We train all models using AdamW with a learning rate of 1× 10−4, weight
decay of 0.01, and a cosine annealing learning rate scheduler. We train our model and all the related
ablation variants for 20K with a total batch size of 96.
Datasets We evaluate WanPolicy on LIBERO (23), a standard benchmark for language-conditioned
robot manipulation in simulation, and further assess its robustness on LIBERO-Plus (10), which
extends LIBERO with a diverse set of environmental perturbations designed to stress-test policy
generalization. For LIBERO, we rollout 50 trials for each task, creating a total of 2000 trials, and we
measure success rate over all the trials. For LIBERO-Plus, we follow the standard evaluation protocol
which rollout a total of around 10K trails with different types of perturbations, and we measure the
success rate over all the trials.
Baselines We compare WanPolicy to a wide range of VLA and WAM methods. In addition to
comparisons with both VLA and WAM baselines, we conduct a series of ablation studies to analyze
the contribution of our design choices. Specifically, we first study the effect of the read-out layer
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Figure 3: LIBERO-Plus qualitative comparisons between WanPolicy and the Fast-WAM model. Even
though the two models use the same video backbone, WanPolicy’s representation alignment objective
makes it more robust under environmental perturbations. We visualize the rollout results for two
models under the perturbation of camera view point, sensor noise, table-top layout, and lighting
condition.

design by varying the layer from which visual features and action tokens are extracted. We then
ablate the supervision target used for training the video backbone, comparing DINO features against
alternative representations. These experiments highlight the advantage of DINO-based supervision,
particularly in terms of robustness under distribution shifts.

4.1 Comparison to state-of-the-art

LIBERO. Table 1 shows that WanPolicy achieves competitive performance on LIBERO without
any large-scale robot-data pretraining. This stands in clear contrast to several strong VLA baselines.
OpenVLA is pretrained on 970k robot episodes from Open X-Embodiment (24), and OpenVLA-
OFT inherits the same OpenVLA initialization before applying its optimized fine-tuning recipe
on LIBERO (18; 16). Likewise, π0 is pretrained on over 10K hours of robot data from a diverse
cross-embodiment mixture, in addition to internet-scale VLM pretraining (3). In contrast, WanPolicy
is trained only on LIBERO for 20k iterations, yet remains competitive with these heavily pretrained
baselines.

These results support our hypothesis that the priors embedded in large video models—learned from
web-scale human videos and transferred through our representation-alignment objective—provide a
strong foundation for policy learning. In particular, the comparison indicates that video priors may
offer a more effective source of action-relevant supervision than the static vision-language pretraining
typically used in VLA backbones.

LIBERO-Plus. We next evaluate on LIBERO-Plus, which introduces diverse environmental per-
turbations and therefore provides a more direct test of robustness and generalization. As shown in
Table 2, WanPolicy achieves the best overall success rate of 80.0, outperforming the prior state of the
art, OpenVLA-OFT, by 10.4 points. We further outperform the concurrent work Fast-WAM by 9.8
points. This result is particularly notable because Fast-WAM is already a strong video-based policy
baseline, suggesting that the gain comes not merely from using a video-pretrained backbone, but
from learning a more action-relevant world representation.

A closer look at the perturbation breakdown shows that WanPolicy delivers the strongest performance
on Camera (90.4), Noise (94.8), Light (97.4), and Layout (78.4), while also remaining highly
competitive on Language (79.2). These improvements are consistent with our design motivation:
supervising the video branch with DINO features encourages invariance to nuisance visual changes
while preserving the scene structure and dynamics needed for action generation. The overall LIBERO-
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Model Robot Pretraining Spatial Object Goal Long Overall

OpenVLA (18) ✓ 84.7 88.4 79.2 53.7 76.5
OpenVLA-OFT (16) ✓ 97.6 98.4 97.9 94.5 97.1
Pi0 (3) ✓ 96.8 98.8 95.8 85.2 94.1
Pi0.5 (14) ✓ 98.8 98.2 98.0 92.4 96.9

LingBot-VA (21) ✓ 98.5 99.6 97.2 98.5 98.5
Fast-WAM (36) ✗ 98.2 100.0 97.0 95.2 97.6
Cosmos Policy (17) ✗ 98.1 100.0 98.2 97.6 98.5

WanPolicy ✗ 94.6 99.2 97.8 95.0 96.7

Table 1: Comparison on LIBERO benchmark suites. WanPolicy approaches the state-of-the-art on
LIBERO while training on far fewer robot data; we trained for 20k iterations using solely LIBERO
data, while past work pretrained on large robotic datasets before finetuning on LIBERO. Overall,
many approaches saturate this benchmark since the test set is similar to the train set. We evaluate
generalization on the more challenging LIBERO-Plus in Table 2.

Model Camera Robot Language Light Background Noise Layout Total

OpenVLA (18) 0.8 3.5 23.0 8.1 34.8 15.2 28.5 15.6
OpenVLA-OFT (16) 56.4 31.9 79.5 88.7 93.3 75.8 74.2 69.6
NORA (13) 2.2 37.0 65.1 45.7 58.6 12.8 62.1 39.0
WorldVLA (7) 0.1 27.9 41.6 43.7 17.1 10.9 38.0 25.0
UniVLA (32) 1.8 46.2 69.6 69.0 81.0 21.2 31.9 43.9
π0 (3) 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6
π0-Fast (26) 65.1 21.6 61.0 73.2 73.2 74.4 68.8 61.6
RIPT-VLA (29) 55.2 31.2 77.6 88.4 91.6 73.5 74.2 68.4

Fast-WAM (36) 48.1 72.5 70.0 96.7 66.0 69.7 78.1 70.2

WanPolicy 90.4 54.9 79.2 97.4 65.4 94.8 78.4 80.0

Table 2: Comparison on LIBERO-Plus benchmark. WanPolicy achieves the best overall performance
and outperforms prior methods across several generalization domains. Top-three results in each
column are highlighted: best, second best, and third best.

Plus results show that the proposed representation objective yields substantially stronger robustness
than prior VLA and WAM approaches, even without large-scale robot-data pretraining.

Qualitative Results. We provide visual comparisons between WanPolicy and the contemporary
Fast-WAM on LIBERO-Plus under perturbations in camera viewpoint, sensor noise, table-top layout,
and lighting condition, as shown in Figure 3. The results show that WanPolicy is more robust to these
perturbations, which we attribute to the DINO feature supervision used during training. Concretely,
the visual comparisons show that Fast-WAM suffers from issues such as getting stuck under camera
viewpoint changes, unstable motion under layout changes, and reduced precision under sensor noise
or lighting changes. In contrast, WanPolicy is generally more robust under these visual perturbations
and completes the tasks successfully.

4.2 Ablations

4.2.1 Read-out Layer Ablation

A key design choice in WanPolicy is to read out the video features and action features from an
intermediate DiT layer, rather than using the output from the final layer. Concretely, we truncate the
backbone at layer K, extract the output feature for both video and action, and use them for training
and inference. Table 3 shows that this design is important: using the middle layer (K = 15) yields the
best performance on both LIBERO and LIBERO-Plus, outperforming both the final layer (K = 30)
and a much earlier layer (K = 8).
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Layer Spatial Object Goal 10 LIBERO-Overall LIBERO-Plus

30 90.6 99.6 97.0 91.0 94.6 75.0
20 94.2 99.0 96.8 94.0 96.0 78.3
15 94.6 99.2 97.8 95.0 96.7 80.0
8 91.2 96.8 94.6 82.8 91.4 70.3

Table 3: Ablating the read-out transformer layer. We find better results by defining the action head
on features extracted from the 15th layer of the DiT rather than the final (30th) layer. We posit that
"action semantics" can be recovered from early layers that by-pass later layers that may focus on
detailed pixel generation.

We hypothesize that this behavior reflects a trade-off between semantic abstraction and task relevance.
In video diffusion transformers, deeper layers are optimized to model fine-grained reconstruction
details that are useful for pixel synthesis but less relevant for control. Continuing to optimize these
late layers for policy learning may therefore waste both gradient and compute on features that do
not directly improve action generation. In contrast, very early layers do not yet provide sufficiently
rich visual processing or enough interaction between visual and action tokens, which limits their
usefulness for downstream control. The intermediate layers strike a better balance: they preserve
high-level scene structure and dynamics while avoiding over-specialization to pixel-level generation.

This observation is also consistent with recent findings in 3D understanding from video models.
Huang et al. (12) show that, across several video diffusion backbones, the most informative features
for downstream 3D read-out are consistently found in mid-layer representations rather than in the final
layers. Their results suggest that intermediate features retain more structured geometric information,
while the deepest layers become increasingly specialized for the native generation objective. Our
ablation indicates a similar phenomenon in robot control: the best action-relevant representations are
obtained not from the final DiT output, but from an intermediate stage where the model has developed
sufficiently strong world representations without overcommitting to pixel reconstruction.

4.2.2 Supervision Representation Ablation.

We next ablate the supervision target used for the video branch. In order to create a fair comparison,
we keep other design choices intact. Concretely, we always use the same model architecture and
read out the features of the 20th layer for all candidate methods. During inference, we always run
a single forward pass for the video backbone and perform iterative denoising on the action branch.
As shown in Table 4, DINO-based supervision achieves the best overall performance across both
benchmarks, yielding the strongest robustness on LIBERO-Plus while remaining competitive on
standard LIBERO. Replacing DINO supervision with the standard video flow-matching objective
slightly improves in-domain LIBERO performance, but leads to a noticeable drop on LIBERO-Plus.

We further consider an action-only variant, where the video branch receives no DINO or video
flow-matching supervision and the model is trained only through the action objective. Removing
video-side supervision degrades LIBERO performance more substantially, indicating that explicit
future-oriented visual supervision is still important for strong in-domain policy learning. At the same
time, the action-only variant performs better on LIBERO-Plus than the video flow-matching variant.
This comparison is informative: although video flow matching helps fit the training distribution
more closely, it also appears to encourage the backbone to model low-level visual details that are
brittle under perturbations such as camera changes, noise, and layout shifts. We show more detailed
Per-Perturbation breakdown at Appendix A.

Taken together, these results support our central claim that the choice of supervision target for the
video branch matters more than simply adding an auxiliary visual objective. Standard video flow
matching improves reconstruction-oriented in-domain performance, but DINO supervision yields
representations that transfer better under distribution shift. We hypothesize that this is because DINO
features emphasize higher-level semantic and structural information, whereas pixel-oriented video
supervision pushes the model toward appearance details that are less relevant for action and less
stable under perturbation.
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Representation DINO Pixel Action Spatial Object Goal 10 LIBERO-Overall LIBERO-Plus

DINOv3 ✓ ✗ ✓ 94.2 99.0 96.8 94.0 96.0 78.3
Video FM ✗ ✓ ✓ 95.8 99.8 97.6 97.2 97.6 74.4
Action only ✗ ✗ ✓ 93.8 99.4 91.0 92.2 94.1 77.2

Table 4: Deva: We ablate various supervised signals. Our default uses DINO and action supervision.
When replacing DINO with pixel supervision (as much past WAM efforts do) performance on
the challenging LIBERO-PLUS drops signifantly from 78 to 74. Interestingly, removing pixel
supervision recovers some of that drop, producing a score of 77. Ablating supervision representations.
We find that DINO feature supervision provides the best overall performance, especially on LIBERO-
plus, indicating good robustness on environmental perturbations. Video flow matching slightly
improves LIBERO performance but degrades robustness on LIBERO-Plus. The action-only variant
underperforms on the training distribution, while also has slightly worse results on LIBERO-Plus.

π0.5

WanPolicy
Fast-WAM LingBot

103

L
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cy

(m
s) Model Latency(ms)

π0.5 273.3
WanPolicy 279.9
Fast-WAM 529.1
LingBot-VA 5262.6

Figure 4: Rollout latency comparison. WanPolicy reduces rollout latency by nearly 19× compared
to LingBot-VA and about 1.9× compared to Fast-WAM, while remaining comparable to the VLA
baseline π0.5.

4.3 Efficiency Analysis

A key advantage of WanPolicy is that it removes iterative denoising from the video branch at inference
time. To quantify the resulting efficiency gain, we benchmark rollout latency under a unified protocol
across WanPolicy, LingBot-VA, Fast-WAM, and the VLA baseline π0.5. We measure the wall-clock
GPU latency of one rollout chunk, defined as the time from receiving an observation to producing a
chunk of actions. To ensure a fair comparison, all models are evaluated under the same input setting
and timed with the same GPU synchronization protocol. We use the default inference setup of each
method and report the average latency over 10 runs after warmup.

This benchmark directly reflects the systems-level difference between WanPolicy and prior WAMs.
As shown in Figure 4, standard WAMs such as LingBot-VA repeatedly execute the full video
backbone during iterative denoising, leading to 5262.6 ms of sampling time for a single action chunk.
In contrast, WanPolicy predicts future visual representations in a single forward pass and performs
iterative denoising only in the smaller action branch, resulting in a rollout latency of 279.9 ms. Fast-
WAM also reduces video-side inference cost by avoiding repeated video-backbone denoising at test
time, but still requires 529.1 ms per rollout chunk. By comparison, WanPolicy achieves an additional
∼1.9× speedup over Fast-WAM. Notably, the latency of WanPolicy is also comparable to the VLA
baseline π0.5, which runs at 273.3 ms. We attribute this further gain over Fast-WAM to our read-out
layer design: instead of running the full DiT backbone, WanPolicy reads out from an intermediate
layer, reducing both compute and inference cost while preserving strong policy performance.

5 Conclusion

We presented WanPolicy, a world-action model that replaces the standard video diffusion objective
with a representation alignment objective for robot policy learning. Instead of training the video
backbone to reconstruct future pixels, we supervise intermediate DiT features with frozen DINO
representations, encouraging the model to learn visual features that are more directly relevant to
control. This design also removes the need for iterative denoising in the video branch at inference
time, enabling future representation prediction in a single forward pass.
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Empirically, WanPolicy achieves competitive performance on LIBERO while requiring no large-
scale robot-data pretraining, and substantially outperforms prior methods on LIBERO-Plus, where
robustness under environmental perturbations is more directly tested. Our ablations further support
two key conclusions: first, intermediate DiT layers provide the most useful read-out features for
action generation; second, the choice of supervision target for the video branch is critical, with
DINO-based supervision yielding better robustness than standard video flow matching.

Overall, our results suggest that the main value of pretrained video generative models for robot
learning may not lie in pixel-level future synthesis itself, but in the structured world representations
they contain and the ability to align these representations with downstream control objectives. This
points to a simple alternative to standard WAM training: rather than optimizing video backbones
for generation and hoping that useful control features emerge, one can directly optimize them for
action-relevant future representation prediction.

There are several important directions for future work. First, due to compute limitations, we have not
yet scaled WanPolicy to larger and more diverse robot datasets such as DROID (15) or BridgeData
(30). Evaluating whether the same representation-alignment formulation continues to improve with
broader robot data is an important next step. Second, our experiments only explore a limited set
of supervision targets for the video branch. While DINO already yields strong results, it is likely
not the optimal representation for control. More extensive investigation of alternative supervision
spaces, including stronger predictive representation learning objectives such as JEPA-style targets
(1), may further improve both in-domain performance and robustness. More broadly, we believe that
identifying the most action-relevant supervision space for pretrained video backbones is a promising
direction for building scalable and robust robot foundation policies.
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Appendices

A LIBERO-Plus Per-Perturbation Breakdown for Ablations

In Table 5, we provide the detailed success rate breakdown of perturbations for models trained
with different supervision signals. The clearest trend is that standard video flow matching degrades
robustness under visually disruptive perturbations, especially camera viewpoint and sensor noise.
This is consistent with our hypothesis that pixel-oriented supervision encourages the backbone to
model low-level appearance details that are brittle under visual shift. At the same time, video flow
matching performs better on robot and language perturbations than DINO supervision. We do
not have strong evidence for the exact cause of this effect, so we avoid over-interpreting it, but it
suggests that different perturbation types stress different aspects of the learned representation. The
action-only variant further supports this interpretation: it remains relatively robust on camera and
noise perturbations, yet underperforms more clearly on language and in overall success rate. Taken
together, these results suggest that DINO supervision provides the best overall balance, improving
robustness to nuisance visual changes while preserving strong task performance.

In Table 6, we show success rate breakdown for models trained with different read-out layers.
The per-perturbation breakdown shows that the advantage of intermediate read-out is consistent
across multiple perturbation types. The middle layer (K = 15) gives the best overall result and is
particularly strong under camera, light, and noise perturbations. In contrast, final-layer read-out
(K = 30) degrades robustness substantially under camera perturbation, while very early read-out
(K = 8) performs worse across most categories. This is broadly consistent with our hypothesis
that late layers are increasingly specialized to pixel-level generation, whereas early layers are not
yet sufficiently informative for control. We note, however, that some categories such as robot and
background do not follow this trend perfectly, so we interpret the intermediate-layer advantage as an
overall empirical pattern rather than a universal rule.

Representation Camera Robot Language Light Background Noise Layout Total

DINOv3 83.1 56.3 76.3 94.5 66.7 91.0 80.4 78.3
Video FM 50.9 74.5 90.6 95.9 58.9 72.0 79.0 74.3
action-only 85.7 58.0 64.0 91.5 71.4 92.6 78.5 77.2

Table 5: Per-perturbation LIBERO-Plus breakdown for different supervision representations.

Layer Camera Robot Language Light Background Noise Layout Total

30 59.1 66.3 78.7 90.6 78.8 79.9 77.0 75.0
20 83.1 56.3 76.3 94.5 66.7 91.0 80.4 78.3
15 90.4 54.9 79.2 97.4 65.4 94.8 78.4 80.0
8 82.2 51.9 70.0 90.6 40.6 81.5 73.4 70.3

Table 6: Per-perturbation LIBERO-Plus breakdown for the read-out layer ablation.

B Further Discussion

B.1 Limitations

Our study has several limitations. First, all experiments are conducted in simulation, primarily on
LIBERO and LIBERO-Plus, so the conclusions have not yet been validated in real-robot settings.
Although LIBERO-Plus provides a stronger robustness test than standard LIBERO, it still captures
only a limited subset of the variability encountered in real-world deployment. Second, due to compute
constraints, we have not yet scaled WanPolicy to larger and more diverse robot datasets such as
DROID or BridgeData. It therefore remains an open question whether the same representation-
alignment formulation will continue to improve under broader multi-domain training. Third, our
experiments only explore a limited set of supervision targets for the video branch. While DINO
supervision yields strong robustness and overall performance, it is unlikely to be the only or optimal
representation space for control. Finally, although our results suggest that intermediate DiT features
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are more action-relevant than the final generation-oriented layers, this interpretation is still primarily
empirical and would benefit from deeper analysis.

B.2 Social Impact

This work studies foundation models for robot manipulation, which could have positive impact
by improving the robustness and efficiency of embodied agents in applications such as household
assistance, warehouse automation, and industrial manipulation. More reliable and efficient robot
policies may reduce deployment cost and make robotic systems more practical in environments that
require adaptation to changing visual conditions. At the same time, advances in robot autonomy
may also introduce risks. More capable manipulation systems could be deployed in safety-critical
settings without sufficient oversight, or be adapted for harmful or unintended uses. In addition,
models pretrained on large-scale internet video may inherit biases from their pretraining data, which
could affect behavior in downstream robotic settings. Our work does not directly address these issues,
but we believe they are important considerations for future real-world deployment. We therefore
encourage careful evaluation, human oversight, and appropriate safety constraints when transferring
such systems beyond controlled research benchmarks.

C Visual Results for WanPolicy LIBERO-Plus Rollout

We provide additional qualitative results for WanPolicy to complement Figure 3 in the main paper.

Figure 5 shows successful rollouts across nine tasks spanning both LIBERO-Goal and LIBERO-
Spatial. The first five rows cover perturbations, including camera viewpoint change, sensor noise,
lighting change, and language variation along with tasks with diverse spatial references. WanPolicy
reliably completes all nine tasks.

Figure 6 shows failure cases spanning two perturbation categories. Rows 1–3 show LIBERO-Plus
Language perturbations: object descriptions deviate substantially from training vocabulary, e.g., a
wine bottle referred to as “glass container of fermented grapes” or the bowl as a “darkhued rounded
food container.” These cases account for the gap in the Language score (79.2%). Rows 4–5 show
failures under non-language perturbations: an extreme object layout displacement causes WanPolicy
to miss the bowl placed far from its nominal position and an unusual robot initial configuration
prevents successful bowl retrieval from the wooden cabinet.
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Figure 5: Successful rollouts of WanPolicy across nine perturbed tasks from LIBERO-Plus
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Figure 6: Failed rollouts of WanPolicy on LIBERO-Plus Language (rows 1–3), Objects Layout (row
4), and Robot Initial States (row 5) perturbations.
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