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World Action Models (WAMs) commonly rely on video generation to bridge visual world modeling and robot
control. However, video-based WAMs face three coupled limitations: dense multi-frame future tokens make
inference costly, full video prediction spends capacity on action-irrelevant temporal and appearance details,
and long-horizon future imagination may introduce errors that mislead action prediction. These issues raise a
simple question: Does world action model really need video generation? We propose ImageWAM, a simple
WAM framework that repurposes pretrained image editing models for robot action prediction. In contrast
to video generation, image editing provides a better-matched prior: it only needs to model a target-frame
transformation, focuses on action-relevant current-to-target visual differences, and grounds task instructions
to localized visual changes through edit pretraining. In practice, ImageWAM does not decode the target
frame at inference time; instead, it conditions a flow-matching action expert on the KV caches produced by
image-editing denoising, using them as a compact world-action context. ImageWAM outperforms standard
VLA baselines and matching competitive WAMs without additional policy pretraining across different simulator
and real-world experiments. It also reduces FLOPs to 1/6 and latency to 1/4 of video-based WAMs. Attention
analysis further shows that editing caches focus on task-relevant change regions, supporting image editing
as an effective alternative to video-based world-action modeling.
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1 Introduction

Recent robot policy learning has increasingly explored video generation models as world-action backbones.
This direction is appealing because video pretraining exposes models to rich visual dynamics, such as object
motion, temporal continuity, physical interaction, and scene evolution [1–5]. It also supports a reason-before-
act paradigm: a policy may first imagine how the scene will change, and then use this imagined future to guide
action prediction [6–8]. Together with the scalability of generative pretraining on large and heterogeneous
video data [9–12], video models provide an intuitive bridge between visual world modeling and robot control.

However, this bridge also reveals a mismatch as shown in Figure 1(a). Video generation models are trained
to synthesize complete future videos. To do so, they must model appearance details, background changes,
camera motion, temporal smoothness, and many other factors that may be only weakly related to the
robot’s next action [13–15]. Generating many spatio-temporal tokens across multiple frames makes inference
costly for real-time robot control [2, 3]. Moreover, generating a physically consistent video is a hard proxy
task [16–18]. This is especially true for fine-grained manipulation, where small contact events, slight object
displacements, or subtle configuration changes can determine success, but are difficult to predict reliably over
multiple frames. If the imagined video is wrong, the downstream action predictor may be misled. These
issues raise a simple question: Does the world action model really require video generation?

We argue that image editing models offer a more direct visual generative prior for language-conditioned
manipulation. Instead of predicting how an entire scene evolves over time, image editing models are trained
to transform a source image according to a language instruction. This objective matches a key requirement of
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(a). From video prediction to visual editing (b). ImageWAM backbone (c). Better performance

Video-generation WAM
Observation Predict full future videos

higher
latency

redundant
visual details

wrong
generation

ImageWAM (Ours)
Observation

“Scan barcode
 on the object.”

Task-relevant  state

single
edited state

task-relevant
modification

lower
latency

Observation

VAE Tokenizer

Image Editing Backbone

Instruction

Robot Action

VAEKV

Success
Rate (%)

Latency FLOPs

VLA

…

Action Expert

“Scan barcode 
on the object.”

Noisy Latent

Noisy Latent

50

75

100

LIBERO LIBERO-Plus

ImageWAMWAM

60

70

80

90

Clean Rand.

60

70

80

90

Real-world

1/4 1/6

Figure 1 Previous video-generation WAMs instantiate world-action reasoning by predicting dense future video tokens,
which can be computationally expensive and may allocate capacity to action-irrelevant visual details. ImageWAM
replaces future video prediction with an image editing backbone that reasons over a source-grounded, instruction-
guided visual transformation. The resulting edit-aware representation serves as a compact world-action intermediate
for action prediction, achieving strong policy performance while reducing inference cost.

robot policies: the model should understand what task-relevant visual change should happen in the current
scene under the given instruction. For many manipulation tasks, the essential signal is not a photorealistic
future video, but an instruction-guided transformation from the current observation toward a desired visual
state as illustrated in Figure 1(a).

This view gives image editing models three advantages as robot policy backbones. First, they provide
strong instruction-to-change alignment. Their pretraining objective directly couples language with visual
modifications, encouraging the model to focus on what should change, where it should change, and how the
change is specified by the instruction. Second, editing provides an easier and more action-relevant proxy
than full video prediction. Rather than modeling complete temporal trajectories, an editing model focuses
on the visual difference between the current state and an instruction-consistent target state. This avoids
spending capacity on irrelevant temporal details and reduces the risk of using inaccurate future videos for
action generation. Third, editing offers a more compact inference path. A policy can use internal editing-
aware representations that encode the intended visual transformation, without decoding dense multi-frame
videos at inference time.

Motivated by this insight, we propose ImageWAM, a new framework that repurposes pretrained image edit-
ing models as backbones for robot action prediction, as shown in Figure 1(b). Given the current observation
and task instruction, ImageWAM extracts editing-aware representations from an image editing backbone and
feeds them into an action prediction head. Our goal is not to generate visually appealing edited images, nor
to use editing models as goal-image generators. Instead, we use their intermediate instruction-conditioned
features as transformation-aware representations for direct policy learning. This design preserves the benefits
of generative visual pretraining while avoiding explicit future video synthesis, leading to a compact inference
path for real-time control.

Empirically, we find that editing-aware representations are effective for language-conditioned robot policies.
Under comparable action prediction architectures, ImageWAM improves over standard visual and vision-
language backbones, showing that the gains are not merely due to stronger image recognition or language
alignment. Our analyses further show that instruction conditioning and editing-oriented feature extraction
are important for obtaining action-relevant representations. These results suggest that image editing models
provide a promising backbone choice for robot policy learning, broadening visual generative pretraining
beyond video-based world modeling.



Our contributions are three-fold:

• We introduce ImageWAM, a framework that repurposes pretrained image editing models as instruction-
conditioned visual backbones for robot action prediction, offering an alternative to video-generation-based
world action models.

• We formulate robot manipulation as instruction-guided visual transformation and identify three properties
of image editing pretraining that are well aligned with policy learning: instruction-to-change alignment,
easier goal/change proxy, and compact inference.

• We empirically validate the effectiveness of editing-aware representations against standard visual and
vision-language backbones, and analyze the role of instruction conditioning and editing-oriented feature
extraction in action prediction.

2 Related Works

2.1 Image Editing

Text-guided image editing modifies a source image according to a language instruction while preserving
irrelevant content [19–28]. Recent diffusion-based and MLLM-enhanced editing models have progressed from
simple object-level edits to more complex spatial, semantic, and knowledge-driven modifications [29–35].
While prior work mainly focuses on perceptual quality and instruction fidelity, we study image editing from a
robotics perspective, using its source-conditioned and change-centric representations as compact world-action
backbones for robot policy learning.

2.2 World Action Models

Unlike vision language action models [36–57], video generation models have recently been explored as predic-
tive priors for robot policy learning. Early world action model [58–61] treats video generation as an explicit
visual planning model: given the current observation and task context, the model predicts a complete fu-
ture video or visual rollout, which is then translated into executable actions by an inverse dynamics model
or action decoder [62–68]. More recent works broaden this paradigm by using video generative models as
representation extractors for action generation [5, 69–78], value prediction [79] and interactive world model-
ing [80–83]. However, they are still largely built around video generation priors. Such designs often require
predicting or processing dense spatio-temporal future tokens, leading to non-trivial inference cost and poten-
tially modeling action-irrelevant and unrealistic visual details. ImageWAM uses instruction-guided editing
caches as a compact world-action context, avoiding dense future-video token processing while preserving the
advantage of WAMs.

3 Method

3.1 Problem Formulation

We consider robot manipulation conditioned on a current visual observation and a task instruction. At each
time step t, the robot receives an image observation ot and a task instruction l, and predicts an action chunk

at:t+H = (at, at+1, . . . , at+H), (1)

where H denotes the action horizon. The policy learning objective is

πθ(at:t+H | ot, l). (2)

World-action models introduce an intermediate visual reasoning step before action prediction. Video-generation-
based WAMs typically instantiate this intermediate by predicting a future visual trajectory:

(ot, l) → ôt+1:t+H+1 → at:t+H . (3)
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Figure 2 ImageWAM Pipeline. Given a language instruction and the current observation ot, the image editing
backbone synthesizes the future frame ôt+H+1. The Action Expert integrates the intermediate KV features from this
generation process via joint attention, predicting a sequence of future actions at:t+H conditioned on the current robot
state and action noise.

This enables reason-before-act policy learning, but requires generating dense spatio-temporal visual tokens
across multiple future frames. Instead of predicting the full future trajectory, Our ImageWAM predicts only
the endpoint frame:

(ot, l) → ôedit ≡ ôt+H+1 → at:t+H . (4)

ôedit is a single source-conditioned frame that summarizes the task-specified visual transformation of the
current observation. It serves as a compact world-action intermediate for action prediction.

3.2 ImageWAM Architecture

ImageWAM builds on a variant image editing model like OmniGen2 [84],Ovis-U1 [85] and Flux2 [86] by
attaching an action expert to their image editing branch. OmniGen2 provides a source-conditioned image
editing backbone that takes the current observation ot and task instruction l as inputs. Instead of using the
editing branch only to decode an edited image, ImageWAM reuses the intermediate transformer key-value
caches produced during denoising as conditioning context for action generation.

During training, we randomly sample an editing denoising timestep τ and run the editing branch at this
timestep. For each transformer layer ℓ, we collect the corresponding key-value cache:

Cτ
edit = {(Kτ

ℓ , V
τ
ℓ )}Lℓ=1 = fτ

edit(ot, l), (5)

where L is the number of transformer layers. The cache Cτ
edit is computed after the visual latent has inter-

acted with the task instruction through the editing backbone. It therefore contains task-conditioned visual
transformation information without requiring the final edited image to be decoded.

The action expert conditions on Cτ
edit for action generation. This design transfers the image editing model’s

internal reasoning process to robot control: the editing branch reasons about how the source observation
should change under the task instruction, while the action expert converts this editing context into executable
robot actions. Unlike video-generation WAMs, ImageWAM does not require future video tokens to be
generated or decoded.

In addition to the standard video-WAM variant that performs denoising over future video tokens, we also
implement a Fast-WAM-style variant [13]. In this variant, future video tokens are used only during training
for video co-training, but are removed at inference time. The action expert is conditioned on the KV caches
produced from the current observation and task instruction, without instantiating or denoising future video
tokens. This gives a video-WAM baseline with the same no-future-token inference interface as Fast-WAM.



We keep the VLM and multimodal understanding components of the editing model frozen, including the
modules used to encode task instructions and visual context. Only the diffusion-based image generation
branch and the action expert are updated during training. The frozen VLM provides stable language-vision
conditioning, while the trainable diffusion branch learns to predict task-relevant future frames and to produce
editing caches useful for action generation.

3.3 Action Prediction and Training

Image editing objective. The editing branch is trained to predict a task-relevant future endpoint frame. Let
ot+H+1 denote the target future observation and let z∗t+H+1 = Evae(ot+H+1) be its latent representation. We
sample image noise ϵz ∼ N (0, I) and an image flow time r ∈ (0, 1), and construct the interpolated image
latent

zr = (1− r)z∗t+H+1s + rϵz. (6)
The diffusion image branch predicts the corresponding velocity field:

Limg = Ez∗,ϵz,r

[∥∥uϕ(zr, r | ot, l)− (ϵz − z∗t+K)
∥∥2
2

]
, (7)

where uϕ denotes the velocity predictor of the diffusion image branch. This objective preserves the editing
branch’s ability to predict task-relevant future visual states and encourages the extracted editing caches to
encode useful visual transformation information.

Action flow matching. The action expert generates an action chunk using a flow-matching objective. Let
a∗t:t+H denote the expert action chunk and let ϵa ∼ N (0, I) be Gaussian noise. We sample an action flow
time s ∈ (0, 1) and construct the interpolated action sample

as = (1− s)a∗t:t+H + sϵa. (8)

Conditioned on the current observation, task instruction, and editing context cache Cτ
edit, the action expert

predicts the velocity field:

Lact = Ea∗,ϵa,s,τ

[∥∥vθ(as, s | ot, l, Cτ
edit)− (ϵa − a∗t:t+H)

∥∥2
2

]
. (9)

Here, s denotes the action flow-matching time, while τ denotes the image editing denoising timestep used
to extract the editing cache. Sampling τ during training exposes the action expert to editing caches from
different stages of the denoising process. We jointly optimize the diffusion image branch and the action expert
with L = Lact + Limg.

3.4 Efficient Inference

At inference time, ImageWAM avoids full future-video generation and also does not require decoding a
complete edited image. Instead of running the full image editing denoising trajectory, we select a fixed
editing denoising timestep τ⋆ and perform only one editing-branch forward step to obtain

Cτ⋆

edit = fτ⋆

edit(ot, l). (10)

Action expert generates the action chunk by denoising action samples conditioned on this cache:

ât:t+H ∼ pθ(at:t+H | ot, l, Cτ⋆

edit). (11)

This inference procedure is more compact than video-generation-based WAMs. A video WAM typically
denoises and decodes dense spatio-temporal tokens across multiple future frames. In contrast, ImageWAM
computes a single set of layer-wise editing caches and uses them directly as context for the action expert.
Thus, ImageWAM preserves the reason-before-act principle of WAMs while avoiding the instantiation of
dense future-video tokens.

For comparison, we also implement a Fast-WAM-style inference strategy for the video-WAM backbone. In
this setting, future video tokens are removed at test time. The video backbone only processes the current
observation and task instruction, and the action expert uses the resulting current-context KV caches for
action generation. Therefore, this variant keeps a compact action-conditioning interface but avoids future-
video token denoising during deployment.



4 Experiments

4.1 Experiment Setup

Unlike many VLA and WAM baselines that rely on additional embodied policy pretraining (P.T.), Image-
WAM does not use extra embodied data and is trained only on the downstream benchmark demonstrations.
We evaluate ImageWAM on LIBERO [87], LIBERO-Plus [88] and RoboTwin 2.0 [89], as well as on several
real-world manipulation tasks as shown in Figure 3 with Flux.2 4B.

(a). Robotwin2.0 (b). LIBERO (c). LIBERO-Plus

(d). Real-world  Dual-arm Xtrainer Robot

Figure 3 Experiments setup on Robotwin2.0, LIBERO,
LIBERO-Plus and real-world robot.
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Table 1 Results on RoboTwin2.0.

Method P.T. Clean Rand. Avg.

π0 [36] ✓ 65.92 58.40 62.16
π0.5 [37] ✓ 82.74 76.76 79.75
ABot-M0 [90] ✗ 81.20 80.40 80.80
Motus [12] ✓ 88.66 87.02 87.80
LingBot-VA [3] ✓ 92.90 91.50 92.20
FastWAM [13] ✗ 91.88 91.78 91.83
ImageWAM ✗ 93.20 93.56 93.38

Table 2 Results on LIBERO.

Method P.T. Spatial Object Goal Long Avg.

OpenVLA [91] ✓ 84.7 88.4 79.2 53.7 76.5
GR00T N1 [38] ✓ 84.7 88.4 79.2 53.7 76.5
π0 [36] ✓ 96.8 98.8 95.8 85.2 94.1
π0.5 [37] ✓ 98.8 98.2 98.0 92.4 96.9
LingBot-VA [3] ✓ 98.5 99.6 97.2 98.5 98.5
Motus [12] ✓ 96.8 99.8 96.6 97.6 97.7
Fast-WAM [13] ✗ 98.2 100.0 97.0 95.2 97.6
ImageWAM ✗ 97.2 99.2 98.8 98.4 98.4

LIBERO & LIBERO-Plus. We evaluate our model on LIBERO [92] and LIBERO-Plus [88]. For LIBERO,
we follow the standard benchmarking protocol and train on the four standard suites: Spatial, Object, Goal
and LIBERO-Long. Each suite contains 500 expert demonstrations spanning 10 tasks.

LIBERO-Plus provides a more challenging evaluation setting built upon the LIBERO tasks, with increased
visual and layout variations. Following prior work, we use the same original LIBERO training demonstrations
and do not incorporate the augmented LIBERO-Plus training data. We evaluate the trained policies under
the LIBERO-Plus protocol and report the average success rate.

RoboTwin 2.0. We further evaluate on RoboTwin 2.0 [89], a large-scale simulated benchmark for bimanual
robot manipulation. The benchmark covers more than 50 tasks and requires policies to coordinate two
robot arms under diverse object layouts and scene conditions. Following the multi-task setting used in prior
work [3, 13], we train a single policy on demonstrations from all tasks, including 2,500 trajectories collected
in clean scenes and 25,000 trajectories collected with heavy scene randomization. All models are trained for
30k steps. We evaluate each method under both clean and randomized test settings, and report the average
success rate over 100 trials per task.



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.

Method LIBERO-Plus

P.T. Camera Robot Language Light Background Noise Layout Avg

UniVLA [93] ✓ 1.8 46.2 69.6 69.0 81.0 21.2 31.9 42.9
OpenVLA-OFT [94] ✓ 56.4 31.9 79.5 88.7 93.3 75.8 74.2 69.6
π0 [36] ✓ 13.8 6.0 58.8 85.0 81.4 79.0 68.9 53.6
π0-Fast [95] ✓ 65.1 21.6 61.0 73.2 73.2 74.4 68.8 61.6
WorldVLA [96] ✓ 0.1 27.9 41.6 43.7 17.1 10.9 38.0 25.0
FastWAM [13] ✗ 16.4 44.5 68.9 78.2 53.7 37.7 60.7 51.5

ImageWAM(Omnigen2) ✗ 80.0 49.2 70.9 82.6 69.4 77.1 71.8 71.8
ImageWAM(Ovis-U1) ✗ 63.3 58.4 75.4 86.3 66.7 75.2 74.6 71.2
ImageWAM(FLUX.2 4B) ✗ 80.8 50.3 91.4 98.1 85.5 93.8 80.5 83.1

Real-world Experiments. We also evaluated our model in a real-world dual-arm robot setup. We used
the Dobot XTrainer dual-arm robotic platform to collect a dataset consisting of four tasks: Stack Three
Bowls(T1), Fold Towel(T2), Open Drawer & Store Marker(T3), and Hang Cup On Rack(T4).
These tasks involve long-horizon manipulation, visual occlusion, fine-grained manipulation, and deformable-
object manipulation, allowing us to assess the real-world performance of the model. Each task contains 100
trajectories. The model was trained on the combined dataset across all tasks, and all models were trained
for 30k steps. We report the overall success rate over 100 trials conducted under multiple different initial
configurations on this platform.

4.2 Main Results

Results on RoboTwin 2.0. Table 1 reports the results on RoboTwin 2.0 under both clean and randomized
evaluation settings. In the clean setting, ImageWAM achieves an average success rate of 93.20%. In the
randomized setting, ImageWAM achieves an average success rate of 93.56%. Compared with VLA baselines,
ImageWAM shows a clear improvement, indicating that the editing-based world-action context provides useful
visual transformation information for multi-task control. Compared with video-generation-based WAMs,
ImageWAM reaches comparable performance while avoiding dense future-video token prediction, leading to
a more efficient world-action reasoning pathway.

Results on LIBERO & LIBERO-Plus. Table 2 summarizes the results on LIBERO. On the standard
LIBERO benchmark, ImageWAM achieves strong performance across Spatial, Object, Goal, and Long suites,
showing that the editing-based backbone is effective for diverse manipulation skills. ImageWAM obtains
an average success rate of 98.4%, remaining competitive with video-generation-based WAMs and pretrained
VLA without any data pretraining.

Under the LIBERO-Plus setting, ImageWAM maintains an average success rate of 83.1%. This suggests
that the source-conditioned editing context helps the policy focus on task-relevant visual changes rather than
overfitting to fixed visual configurations. Together, the results on LIBERO and LIBERO-Plus indicate that
image-editing-based world-action reasoning generalizes well across both standard and distribution-shifted
simulation benchmarks.

Results on Real-world. As shown in Table 4, ImageWAM achieves an average success rate of 84.5%,
outperforming π0 (55.8%), π0.5 (72.3%), and FastWAM (79.0%). Notably, ImageWAM performs best on all
four real-world tasks, covering long-horizon manipulation, deformable-object manipulation, visual occlusion,
and fine-grained control. Compared with FastWAM, ImageWAM improves success rates by 6 points on T1
(Stack Three Bowls), 9 points on T2 (Fold Towel), 1 point on T3 (Open Drawer & Store Marker), and 6 points
on T4 (Hang Cup On Rack). The largest gain appears on T2, suggesting that the editing-based context is
particularly useful when the task requires reasoning about task-relevant visual changes in deformable-object
manipulation. On T3, both WAM-style methods substantially outperform π0, indicating that world-action
reasoning helps mitigate the impact of visual occlusion during manipulation. Overall, these results show
that replacing dense video-token reasoning with image-editing caches yields a practical and efficient WAM
backbone.



Table 4 Real-robot eval. Success rates (%).

Method T1 T2 T3 T4 Avg

π0 [36] 57 58 54 54 55.8
π0.5 [37] 83 77 74 55 72.3
FastWAM [13] 88 75 77 76 79.0
ImageWAM(Ours) 94 84 78 82 84.5

Table 5 Efficiency. Lower is better.

Method Lat. TFLOPs Interm.

FastWAM-IDM 1081 ms 63.65 Video
FastWAM (1 Step) 302 ms 13.21 Cache
ImageWAM(Ours) 263 ms 9.72 Cache

4.3 Analysis

Attention Visualization. Figure 4 visualizes the attention maps from the ImageWAM and FastWAM.
ImageWAM concentrates attention on task-relevant change regions, including manipulated objects, target
receptacles, and contact areas, while suppressing irrelevant background regions. This indicates that the
editing caches encode source-grounded and change-centric visual information, providing useful context for
the action expert.

Latency and FLOPs. Table 5 compares inference latency and FLOPs on A6000 GPU. Video-generation
WAMs process dense spatio-temporal tokens across multiple future frames, whereas ImageWAM obtains a
single set of image-editing caches from one editing-branch forward step. As a result, ImageWAM reduces
latency from 1081 ms to 263 ms and FLOPs from 63.65 to 9.7, while maintaining competitive task success.
This demonstrates that editing caches offer a more efficient world-action intermediate than future-video token
rollout.

Qualitative analysis of future-video artifacts. Figure 5 illustrates a failure case of video-generation-based
WAMs. The imagined future frames contain visible artifacts around task-relevant objects, including distorted
geometry and inconsistent spatial layout. Such artifacts may mislead the action expert, since the predicted
action is conditioned on the generated future representation. In contrast, ImageWAM does not instantiate
dense future-video tokens or decode future frames at inference time. It directly uses image-editing caches as
compact action-conditioning context, avoiding the accumulation of visual artifacts in future-video imagination.

4.4 Ablation Study

Q1: Can we use different editing models? We evaluate whether ImageWAM depends on a specific
editing backbone by replacing OmniGen2 [84] with Ovis-U1 [85] and FLUX.2 4B [86], while keeping the
action expert and training data unchanged. As shown in Table 7, all variants outperform FastWAM and
most VLA baselines on LIBERO-Plus without policy pretraining. OmniGen2 and Ovis-U1 achieve similar
average success rates of 71.8% and 71.2%, respectively, while FLUX.2 4B further improves the average to
83.1% and performs best on most perturbation dimensions. These results show that ImageWAM is not tied
to a particular edit model, and that stronger editing backbones can directly improve policy robustness.

Q2: Why do we not use unified understanding-and-generation models?
Table 6 Comparison with unified understanding-and-generation
models. K.F. denotes keyframe prediction instead of plain future predic-
tion which we adopt.

Method P.T. LIBERO RoboTwin2.0
Clean Only

RoboTwin2.0
Clean2Hard

UniVLA [97] ✓ 95.5 – –
BagelVLA (w/ K.F.) [6] ✓ – 75.3 20.9
BagelVLA (w/o K.F.) [6] ✓ – 56.7 15.9
ImageWAM (Ours) ✗ 98.4 84.4 18.3

Unified multimodal models that
combine understanding and gener-
ation are promising, but the two
capabilities impose different archi-
tectural demands. Understand-
ing benefits from high-level se-
mantic abstraction, whereas gen-
eration requires fine-grained spa-
tial and structural details, espe-
cially in deeper layers [98]. Jointly
optimizing both objectives in a single fully shared model may therefore introduce interference, where improv-
ing generation can hurt understanding, and vice versa. Instead, ImageWAM decouples these roles: we keep
the VLM-based understanding components frozen and adapt only the diffusion generation branch and the
action expert for robot control. As shown in Table 6, this design outperforms UniVLA and BagelVLA under
similar non-keyframe future prediction setting, which are built upon unified understanding-and-generation
models, while requiring no additional policy pretraining.
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Figure 5 Future-video artifacts can mislead action prediction. The video-WAM baseline generates distorted future
observations around task-relevant objects, leading to an unreliable action-conditioning context and task failure. Im-
ageWAM avoids dense imagination and instead conditions the action expert on compact image-editing caches.

Q3: What is the effect of the size of the editing backbone? We evaluate whether increasing the
capacity of the editing backbone improves the robustness of the policy in LIBERO-Plus. Replacing FLUX.2
4B with a larger FLUX.2 backbone increases the average success rate from 83.1% to 85.21%. The improvement
mainly comes from Robot, Language, Background, and Layout perturbations, suggesting that larger editing
models provide stronger instruction-conditioned visual context for action prediction. However, the gains are
not uniform across all dimensions: Camera, Light, and Noise do not improve monotonically. This indicates
that backbone scaling generally improves robustness, but the benefit depends on how the editing cache aligns
with different perturbation types.

Table 7 Effect of using a larger editing backbone on LIBERO-Plus. We report the average success rate across each
perturbation dimension, where each dimension includes the four LIBERO task suites.

Method LIBERO-Plus

P.T. Camera Robot Language Light Background Noise Layout Avg

ImageWAM(FLUX.2 4B) ✗ 80.8 50.3 91.4 98.1 85.5 93.8 80.5 83.1
ImageWAM(FLUX.2 9B) ✗ 79.8 58.7 95.2 96.1 91.2 93.3 83.1 85.2

5 Conclusion
In this paper, we explore employing an image editing rather than a video generation model as the WAM
backbone because image editing is an inherently ideal general task that naturally demands both visual under-
standing and generation. By simply predicting a single future frame, our model provides strong intermediate
representations for the action model and enables end-to-end policy learning. Our model achieves a 93.56%
success rate on RoboTwin (Random), substantially outperforming all VLA baselines and reaching perfor-
mance comparable to state-of-the-art WAM models. We argue that the language-vision interaction priors in
editing models drive our model’s effectiveness and lay the groundwork for broader use of image models.
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Appendix

5.1 Architecture of ImageWAM

Across the three model variants, namely OmniGen2, FLUX.2[klein], and Ovis-U1, we adopt the MoT structure
as our multimodal joint modeling architecture.

5.1.1 OmniGen2-based ImageWAM

For the OmniGen2-based ImageWAM variant, we load the LLM component from the corresponding original
pretrained Qwen2.5-VL-3B as the LLM backbone, which provides the downstream model with a strong
foundation for vision-language alignment. The last-layer hidden states of the Qwen2.5-VL LLM are fed into
the OmniGen2 DiT, together with the latent tokens of the reference image and the future noisy frames,
for self-attention. In MoT, we extend the original self-attention mechanism into joint self-attention over
four types of tokens: language context tokens, visual condition tokens, visual prediction tokens, and action
tokens. The visual prediction transformer and the action transformer independently generate their attention
QKV representations, which are then concatenated into a complete QKV sequence. The attention mask is
configured such that action tokens attend to the other tokens in a one-way manner, while noisy tokens attend
only to context tokens, thereby keeping the information in the context tokens clean.

To prevent the visual model from being affected by noisy gradients from the action model during the early
stage of training, we adopt an action-head weight-copy initialization strategy similar to [3, 13]. Specifically,
our Action DiT uses the same architecture as the image editing model. We copy and interpolate the weights
of the image editing model to match the size of the Action DiT, and add additional projection layers to
support action inputs and outputs. To enable cross-modal attention while maintaining a moderately sized
Action DiT, we use a relatively small DiT hidden dimension 1024 while keeping the same attention hidden
dimension 2520. The final size of our Action DiT is approximately 760M parameters.

5.1.2 FLUX.2-based ImageWAM

For the FLUX.2-based architecture, the LLM module is the original pretrained Qwen3-4B/8B used by
FLUX.2. We similarly extend FLUX.2 into a joint self-attention structure, while modifying the action-
head initialization strategy according to the double-stream and single-stream design of FLUX.2. In this
setting, the lower layers of the action head are initialized by copying the weights from the image stream in
the double-stream stage of FLUX, while the higher layers are initialized from the single-stream blocks of
FLUX. The final sizes of the Action DiT in this variant are 642M parameters for the 4B version and 952M
parameters for the 9B version.

5.1.3 Ovis-U1-based ImageWAM

For the Ovis-U1-based architecture, we use the Qwen3-1.7B model trained and vision-language fine-tuned by
Ovis-U1, and adopt its approximately 1.2B-parameter diffusion visual decoder as our visual editing backbone.
In this model, the language context tokens also include vision-language tokens processed by the LLM. Since
Ovis-U1 adopts an MMDiT structure similar to FLUX, we use the same Action DiT initialization strategy
as in the FLUX.2-based ImageWAM variant. Because this model is relatively small, we do not reduce the
DiT hidden dimension. The final size of the Action DiT is 1.1B parameters.

5.2 Training Details

All models are trained on 8 NVIDIA H20 GPUs. Unless otherwise specified, we use DeepSpeed ZeRO-1 for
distributed training. For the FLUX.2 9B variant, we use DeepSpeed ZeRO-2 due to its larger model size. All
models are trained with bf16 precision and optimized using AdamW. The common training hyperparameters
are summarized in Table 8.

On LIBERO, we horizontally concatenate the two camera views and resize the resulting image to 224× 448.
The model predicts the future observation 16 frames ahead, together with an action chunk of length 16. We
train on the merged dataset of the four LIBERO suites for 10 epochs.



Table 8 Common training hyperparameters.

Parameter Value

GPUs 8 NVIDIA H20
Distributed strategy DeepSpeed ZeRO-1∗

Precision bf16
Optimizer AdamW
Optimizer betas (0.9, 0.95)
Learning rate 1× 10−4

Weight decay 1× 10−2

LR scheduler Warmup cosine
Warmup steps 0.05Ttotal

Minimum LR 0.01× lr
Gradient clipping 1.0

∗For FLUX.2 9B, we use ZeRO-2 for VRAM compatibility.

On RoboTwin, we first resize the two wrist-view images to a smaller resolution and horizontally concatenate
them. The concatenated wrist views are then vertically concatenated with the main-view image, and the
final input is resized to 288 × 256. The model also predicts the future observation 16 frames ahead and an
action chunk of length 16. We train the models for 5 epochs.

On Real-World Dataset, we follow the same preprocess in RoboTwin, predicting 16 action steps and training
on all four task for 10 epoch.

Table 9 Dataset-specific training configurations.

Parameter LIBERO RoboTwin

Input views 2 views 3 views
View layout Horizontal Wrist-horizontal + vertical
Input resolution 224× 448 288× 256
Future horizon 16 frames 16 frames
Action chunk length 16 16
Training epochs 10 5

Table 10 Training cost and batch size.

Benchmark Model Time Batch/GPU

LIBERO OmniGen2 18 hours 12
LIBERO Ovis-U1 18 hours 16
LIBERO FLUX.2 4B 18 hours 10
LIBERO FLUX.2 9B 1.6 days 12

RoboTwin OmniGen2 5 days 48†

RoboTwin FLUX.2 4B 5 days 48†

Real-World Robot OmniGen2 18 hours 16
† Effective per-GPU batch size with gradient accumulation over three steps.

6 Efficiency Optimization

To further optimize inference latency, we also evaluate on our model the prefix-only attention training and
image-denoising-free inference strategy, similar to that adopted in FastWAM. In addition, we explore model
optimization with ‘torch.compile‘ and static CUDA graphs. The inference latency results are reported in
Table 11, where all models use three action denoising steps during inference. We observe that adding com-
pilation brings nearly a 3× overall speedup, mainly due to the improved efficiency of the action head. This
is because, under typical action chunk lengths, the number of action tokens is relatively small, making the



parallel efficiency of the Action DiT often suboptimal.

Table 11 Inference latency and relative speedup. Speedup is computed with respect to FastWAM with one video
denoising step.

Variant Latency (ms) Speedup

FastWAM (1× Vid. Denoise) 302 1.00×
ImageWAM (1× Vid. Denoise) 263 1.15×
FastWAM (Prefix Only) 194 1.56×

+ Compiled 80 3.78×
ImageWAM (Prefix Only) 198 1.53×

+ Action Loop Compile 85 3.55×
+ Image Prefill Compile 77 3.92×
+ Action Static Graph 69 4.38×

7 Real-World Experiments Detail

7.1 Task settings and evaluation in Real-world Tasks

Task Settings. To evaluate the capability and generalizability of ImageWAM, we design four representative
and challenging real-world manipulation tasks, including: (1) Stack Three Bowls (T1), stacking three
green nested bowls; (2) Fold Towel (T2), folding a fabric towel; (3) Open Drawer & Store Marker
(T3), which involves opening a drawer, placing a marker inside, and closing the drawer; and (4) Hang Cup
On Rack (T4), hanging a mug onto a designated peg on a wooden stand. We collect an average of 100
demonstrations per task. Each model is evaluated over 50 trials per task. The execution success rate is
reported as the primary performance metric.

8 RoboTwin Evaluation Results

Here we present the per-task results on RoboTwin evaluation in Table 12.



Table 12 Per-task success rates on RoboTwin under clean and randomized evaluation settings.

Task ImageWAM
Flux.2 4B (Ours)

ImageWAM
OmniGen2 (Ours)

(50 trials)
Fast-WAM-IDM Fast-WAM

w.o. co-train LingBot-VA π0.5 Motus

Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand.

Adjust Bottle 100 99 100 100 94 99 98 100 90 94 100 99 89 93
Beat Block Hammer 98 99 100 98 98 98 80 92 96 98 96 93 95 88
Blocks Ranking RGB 96 99 100 96 100 99 88 86 99 98 92 85 99 97
Blocks Ranking Size 96 100 86 92 79 90 56 62 94 96 49 26 75 63
Click Alarmclock 98 100 100 100 98 100 100 98 99 100 98 89 100 100
Click Bell 100 100 100 100 100 96 100 100 100 100 99 66 100 100
Dump Bin Bigbin 96 90 92 88 93 98 92 94 89 96 92 97 95 91
Grab Roller 100 100 100 100 100 100 100 100 100 100 100 100 100 100
Handover Block 96 95 94 84 97 94 58 46 99 78 66 57 86 73
Handover Mic 100 100 100 100 98 99 100 100 94 96 98 97 78 63
Hanging Mug 74 84 50 56 66 62 28 40 40 28 18 17 38 38
Lift Pot 100 100 100 100 100 100 92 90 100 99 96 85 96 99
Move Can Pot 96 98 96 92 97 100 80 68 94 97 51 55 34 74
Move Pillbottle Pad 98 100 98 98 98 100 88 96 99 99 84 61 93 96
Move Playingcard Away 100 99 100 100 99 100 94 96 100 99 96 84 100 96
Move Stapler Pad 67 60 74 82 89 85 64 78 91 79 56 42 83 85
Open Laptop 98 98 96 100 92 92 100 98 92 94 90 96 95 91
Open Microwave 97 94 98 82 54 53 46 52 82 86 34 77 95 91
Pick Diverse Bottles 84 88 84 92 87 89 58 62 89 82 81 71 90 91
Pick Dual Bottles 96 98 100 100 100 98 80 74 100 99 93 63 96 90
Place A2B Left 95 93 94 100 97 96 84 92 97 93 87 82 88 79
Place A2B Right 96 94 96 98 94 98 88 84 97 95 87 84 91 87
Place Bread Basket 96 92 90 94 91 97 74 76 97 95 77 64 91 94
Place Bread Skillet 90 89 92 90 90 95 98 84 95 90 85 66 86 83
Place Burger Fries 95 100 100 100 97 99 94 96 97 95 94 87 98 98
Place Can Basket 74 72 82 76 37 28 72 72 81 84 62 62 81 76
Place Cans Plasticbox 99 97 100 94 98 96 98 96 100 99 94 84 98 94
Place Container Plate 98 98 98 98 100 96 94 98 99 97 99 95 98 99
Place Dual Shoes 81 81 90 84 85 87 80 74 94 89 75 75 93 87
Place Empty Cup 100 100 100 100 100 100 100 100 100 100 100 99 99 98
Place Fan 95 94 94 88 97 95 80 88 99 93 87 85 91 87
Place Mouse Pad 84 93 90 84 97 93 64 76 93 96 60 39 66 68
Place Object Basket 86 83 92 90 87 82 82 90 91 88 80 76 81 87
Place Object Scale 97 96 92 98 99 99 86 80 96 95 86 80 88 85
Place Object Stand 98 98 100 92 96 100 82 92 99 96 91 85 98 97
Place Phone Stand 100 100 98 98 99 99 90 92 97 97 81 81 87 86
Place Shoe 97 95 94 96 95 98 92 90 98 98 92 93 99 97
Press Stapler 97 100 90 94 50 57 80 80 85 82 87 83 93 98
Put Bottles Dustbin 97 91 92 96 97 92 78 88 87 91 84 79 81 79
Put Object Cabinet 91 89 90 96 93 90 88 84 85 87 80 79 88 71
Rotate QRcode 87 92 82 90 91 86 82 78 96 91 89 87 89 73
Scan Object 94 90 94 86 93 90 78 86 96 91 72 65 67 66
Shake Bottle 100 100 100 100 100 100 100 100 100 97 99 97 100 97
Shake Bottle Horizontally 100 100 100 100 100 100 100 100 100 99 99 99 100 98
Stack Blocks Three 96 97 100 100 99 95 90 90 99 98 91 76 91 95
Stack Blocks Two 99 100 100 100 100 100 100 98 100 98 97 100 100 98
Stack Bowls Three 78 83 84 86 85 83 66 82 86 83 77 71 79 87
Stack Bowls Two 94 97 92 98 94 96 90 98 94 98 95 96 98 98
Stamp Seal 79 84 76 84 99 94 60 78 96 97 79 55 93 92
Turn Switch 77 79 54 70 59 74 66 66 44 45 62 54 84 78

Average 93.20 93.56 92.48 92.80 91.16 91.34 82.76 84.80 92.90 91.50 82.74 76.76 88.66 87.02
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