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World action models (WAMs) predict the future alongside actions during training. Due to the heavy
computation cost of video denoising, whether the future must still be generated during inference is
disputed: Explicit WAMs denoise it into clean frames along with every action chunk, whereas Latent
WAMs discard it entirely for acceleration. We conduct an empirical comparison of the two paradigms
on robot manipulation using a matched backbone, data, budget, and protocol, varying only whether the
action expert conditions on the future. Latent WAMs perform on par with explicit ones on in-distribution
tasks, but fall considerably behind on all three generalization axes. Further analysis shows that the
gap arises almost entirely from the first denoising step: the benefit comes from preparing the future,
not generating it. We therefore propose Simple-WAM, which simplifies future modeling into a single
forward pass of fully noised video tokens and adapts the training-time noise schedule to this inference
behavior. Across simulation and real-world tasks, Simple-WAM achieves the best of both worlds, leading
explicit WAMs in generalization performance with efficiency comparable to Latent WAMs.

Project Page: https://simple-wam.github.io

1. Introduction
Building generalizable robot policies is a long-standing goal of embodied AI. World Action Models (WAMs)
pursue it by jointly generating future dynamics and actions conditioned on observations and language instructions,
which supplies supervision in observation space beyond sparse action labels (Ye et al., 2026; Li et al., 2026b;
Bi et al., 2026; Kim et al., 2026). Initialized from video generation models trained on web-scale video data,
WAMs inherit rich spatiotemporal priors and shift action learning from dense state-action imitation toward inverse
dynamics that aligns motor commands with predicted visual futures, and it is this capacity to model the future
that is credited with their stronger robustness and generalization (Cheang et al., 2024; Pai et al., 2025; Hu et al.,
2025). This sets them apart from Vision-Language-Action (VLA) models (Zitkovich et al., 2023; Black et al.,
2024; 2025; Liu et al., 2025; Kim et al., 2025; Shi et al., 2026b), whose backbones are pretrained predominantly
on static image-text pairs and optimized for understanding or reasoning rather than for generation, and which
therefore carry little of the dynamic understanding of temporal evolution that manipulation demands (Zhou et al.,
2025; Guruprasad et al., 2025; Ni et al., 2026).
While the value of future modeling to WAMs during training is widely accepted, whether the future must also
be modeled at inference, and through what mechanism it would then act on the action, is still an underexplored
question. Early WAMs (Hu et al., 2025; Cheang et al., 2024; Ye et al., 2026; Kim et al., 2026; Pai et al., 2025)
adopt the explicit paradigm, in which the future is denoised into clean frames alongside every action chunk and
the action is conditioned on them, and report that the success rate tracks the quality of that generated future, which
established it as an indispensable component of inference (Ye et al., 2026; Li et al., 2026b). Because video tokens
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Figure 1: An empirical study of test-time future modeling for WAM generalization. Left: the three axes of
the protocol, environmental perturbation, data efficiency, and task generalization. Right: the explicit and latent
paradigms are within 0.9 points on in-distribution tasks yet separate on all three axes (F1), and a single forward
pass over a fully noised future recovers almost all of that separation (F2).

far outnumber action tokens, however, that denoising dominates the per-chunk cost and hinders high-frequency
closed-loop control. More recent works (Yuan et al., 2026; Ni et al., 2026) focused on efficiency argue instead that
future modeling contributes to the policy mainly as a training objective rather than as a test-time requirement, and
propose a latent paradigm that retains video supervision during training but skips the heavy video generation at
inference, reporting little difference from explicit WAMs at a fraction of the cost. Motivated by these discussions,
we raise the following question: is inference-time video generation necessary after all?
We answer this through a controlled comparison of the two paradigms, and find that neither claim is wrong on the
evidence that supports it. A latent policy does match an explicit one on in-distribution performance, and it does
so at a fraction of the cost. They stop holding on generalization, the ability that motivated future modeling to
begin with and the one that the efficiency comparisons leave out. We conduct the comparison along three axes
of generalization—robustness to environmental perturbations, data efficiency, and task generalization—with all
other variables held fixed, so that the only variable is whether, and in what form, the action expert conditions on
the future. We have two findings, demonstrated in Fig. 1. (i) Generalization deteriorates without inference-time
future modeling. Under a strictly matched setting, latent WAMs match explicit WAMs in distribution, yet degrade
consistently across all three generalization settings. Inference-time future modeling is therefore not an optional
component to be traded away for efficiency; it is an important source of generalizable temporal information. (ii)
Fully noised future is sufficient for generalization. Conditioning the policy on future video tokens that are still at
pure noise, never denoised into clean future frames, already recovers most of the gap. The generalization benefit
thus comes from inference-time future conditioning itself, rather than from the fidelity of the generated future.
Guided by these findings, we propose Simple-WAM, which restores inference-time future conditioning to latent
WAMs at negligible additional cost. Simple-WAM retains the single-pass prefill and inference cost of the latent
paradigm, but keeps the future in the policy’s context as future video tokens left at noise. At inference, the video
expert runs once instead of over the whole schedule, and training shifts its flow-time sampling toward that same
point. As a result, neither stage pays for the denoising Finding 2 shows to be unnecessary. Simple-WAM leads the
explicit paradigm on seven of the eight measurements of Tab. 2 and the latent one on all eight, reaching 79.5
under environmental perturbation against 67.7 and 53.8, while running at 3.8× the speed of the explicit paradigm
and within 1.2× the latency of the latent one. Therefore, the choice between the two paradigms is not the trade-off
between generalization and efficiency it is usually taken to be.

2. Related Works
2.1. World Action Models and Inference Efficiency
Using generated video as an intermediate for control predates the current formulation: early predictive policies
imagine a future from the current observation and recover the action from it by inverse dynamics (Du et al., 2023;
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Zhou et al., 2024; Hu et al., 2025; Shi et al., 2026a), and large-scale video pretraining was shown to transfer to
manipulation ahead of any action label (Wu et al., 2024; Cheang et al., 2024). World action models tighten this
coupling into a single network that predicts future frames and actions jointly (Ye et al., 2026; Li et al., 2026b; Bi
et al., 2026; Kim et al., 2026; Pai et al., 2025). They attribute the advantage to a training signal defined over the
observation rather than the action alone, and to a video backbone carrying a prior on how a scene evolves. These
works demonstrate gains in sample efficiency, robustness to scene variation, and transfer to tasks and embodiments
beyond the action data (Ye et al., 2026; Pai et al., 2025; Li et al., 2026b).
That prediction is paid for at inference, where the video branch is denoised once per action chunk over far more
tokens than the action branch. A number of recent works therefore examine how an efficient WAM should be
built, along the model architecture (Li et al., 2026c; Zhao et al., 2026), the inference-time formulation (Yuan
et al., 2026; Zhang et al., 2026a; Ni et al., 2026), and the training recipe (Li et al., 2026a; Luo et al., 2026; Zhang
et al., 2026b). Among them, the latent paradigm makes the strongest claim: that future prediction contributes as a
training objective rather than as a test-time requirement, so its video branch is trained as usual but never asked to
produce a future at deployment (Yuan et al., 2026; Ni et al., 2026). Success rates close to the explicit paradigm’s
are reported at a fraction of its latency, so whether the future must be generated at inference is still contested.
That evidence is, however, collected in distribution. Concurrent work such as Faster-WAM (Zhao et al., 2026)
attributes a shortfall on the perturbation axis to the absent future, with efficiency as its target. We ask whether
removing test-time future modeling is genuinely free, and, where it is not, what relation holds between explicit
future generation and generalization.

2.2. Generalization of Embodied Policies
Generalization is a key ability for embodied agents, and VLA and WAM policies alike are evaluated on it not as a
single quantity but along dimensions that differ in what changes at deployment (Liu et al., 2023; Chen et al., 2026;
Guruprasad et al., 2025). Closest to the training distribution is variation that leaves the task unchanged, which
LIBERO-Plus decomposes into seven factors covering the camera, the scene, the language, and the robot’s initial
state (Fei et al., 2026). Holding the task fixed and reducing its supervision gives data efficiency, measured by
success under fewer demonstrations per task, where video-pretrained policies report their clearest gains (Pai et al.,
2025; Li et al., 2026b; Ye et al., 2026). Furthest is the case in which the task itself changes, studied as transfer to
tasks withheld from training (Zhou et al., 2025; Guruprasad et al., 2025) or as the acquisition of a skill from
action-free video of it (Ye et al., 2026; Li et al., 2026b). These properties are claimed or observed across prior
WAM work, but each is demonstrated by one system under its own backbone, data, and training budget, and the
dimensions are seldom placed side by side. We consolidate them into three axes and compare the paradigms
under one matched setting that isolates inference-time future modeling, so as to ask what makes WAMs generalize
and how that generalization can be retained at the smallest inference cost.

3. Preliminaries
3.1. World Action Models
We consider language-conditioned visuomotor control from demonstrations. At control step t, the policy receives
one or more image observations ot, a language instruction ℓ, and a proprioceptive state st, and predicts an action
chunk At = at:t+H−1 of horizon H . The language instruction ℓ and proprioceptive state st condition every stage
of the model. For notational simplicity, we omit them below.
A world action model couples a video expert with parameters θ, initialized from a pretrained video generator, and
an action expert with parameters ψ (Ye et al., 2026; Li et al., 2026b; Bi et al., 2026; Kim et al., 2026). The video
expert reads a single sequence of latents spanning the current and future frames. Let E be the visual encoder of
the backbone and yt = E(ot) the latent of the current observation, which is given and therefore clean, while the
latents yt+1:t+T of the T future frames are unknown at inference and carry a flow time τ ∈ [0, 1], with τ = 0 at
clean data and τ = 1 at Gaussian noise. Writing yτt+1:t+T = (1 − τ) yt+1:t+T + τϵ for the interpolant, the video
expert operates on

Y τ
t =

[
yt ; yτt+1:t+T

]
, (1)
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and regresses the velocity field at the future video tokens,

Lvid = Eτ,ϵ ∥uθ(Y τ
t , τ) − (ϵ− yt+1:t+T )∥2 . (2)

The action expert regresses its own velocity field vψ over an independent flow time σ and interpolant Aσt , and
training minimizes L = Lact + λLvid. Both flow times follow a schedule S that serves training and inference
alike: the expectation over τ in Eq. (2) draws τ = S(u) with u ∼ U [0, 1], and the steps τk of Sec. 3.2 are the
same schedule discretized. Because τ and σ are sampled independently, the action expert is trained against future
latents at every noise level, including τ near 1.

3.2. Inference-Time Future Conditioning
At inference the action chunk is produced by integrating the action velocity field from σ1 = 1 to σK+1 = 0
over K steps, and the executed chunk is the resulting A0

t . Let Φθ denote the map from the video expert to the
representation read by the action expert. At step k the action latent is updated by

A
σk+1
t = Aσk

t + (σk+1 − σk) vψ(Aσk
t , ct,k, σk) , (3)

where the future conditioning feature supplied at that step is
ct,k = Φθ(Y τk

t ) . (4)
Both paradigms are instances of Eq. (3), and two quantities in Eq. (4) distinguish them: whether future video
tokens are present in the video sequence, and what schedule the flow time τk of those positions follows.
Explicit WAMs keep the future video tokens and drive their flow time toward clean data,

ct,k = Φθ(Y τk
t ) , τ1 = 1 −→ τK+1 = 0. (5)

The action expert is therefore conditioned on a progressively sharper future rather than on a single fully denoised
one: at every step it reads the future at that step’s noise level. Jointly denoising models step the video and
action experts along this shared schedule (Bi et al., 2026; Li et al., 2026b; Ye et al., 2026; Kim et al., 2026).
Generate-then-act models are the special case in which the video is denoised to τ = 0 first and the action expert
reads Φθ(Y 0

t ) at every step.
Latent WAMs drop the future video tokens from the sequence at inference while retaining future prediction
during training (Yuan et al., 2026; Ni et al., 2026),

ct,k = Φθ

([
yt

])
for all k. (6)

The video expert still makes one forward pass, on the current-frame latent alone, but no flow time is defined and
the feature read by the action expert is constant across the K steps.
Inference cost. Let Cvid be the cost of one video-expert forward pass carrying future video tokens, Ccur the
cost of one pass on [ yt ] alone, and Cact the cost of one action step. Reaching τK+1 = 0 requires denoising the
video over the whole schedule, so the explicit paradigm costs K Cvid + K Cact, whereas the latent paradigm
costs Ccur + K Cact. Two factors make Cvid large relative to Cact. The video expert carries the future video
tokens and therefore a far longer sequence than the action expert, |yt+1:t+T | ≫ |At|, and it is also the larger of the
two, since it is initialized from a pretrained video generator while the action expert is comparatively small. The
video term therefore dominates in the explicit case and is the source of the latency gap reported in Sec. 5. The
cost is set by how far τk is driven toward 0, not by how many times the action expert reads the future: a schedule
held near τ = 1 requires no denoising at all.
Prior work has compared only these two settings, which differ in both factors at once. Our study holds every other
component of Eq. (3) fixed and varies them separately.

4. A Controlled Study of Inference-Time Future Conditioning
4.1. Evaluation Protocol for Generalizability
The generalization benefits of WAMs have been widely discussed (Ye et al., 2026; Pai et al., 2025; Li et al.,
2026b). However, a systematic evaluation of this capability, and a controlled comparison across paradigms
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and components, are still lacking. We therefore propose a protocol including three axes, as shown in Fig. 1, to
systematically evaluate the generalization capabilities of WAMs.
Environmental perturbation. Trained to predict how a scene evolves and initialized from video models carrying
rich spatiotemporal priors, WAMs are expected to remain robust under conditions not observed during training (Ye
et al., 2026). We evaluate the in-distribution checkpoint without retraining, under the seven perturbation factors
of LIBERO-Plus (Fei et al., 2026): robot initial states, camera viewpoints, language instructions, sensor noise,
backgrounds, object layouts, and lighting.
Data efficiency. WAMs are reported to retain their competence when the demonstrations available per task are
reduced (Ye et al., 2026; Pai et al., 2025; Kim et al., 2026). Such data efficiency is attributed to video pretraining,
which already supplies the physical dynamics of how objects move and interact. LIBERO provides 40 to 50
demonstrations per task; we retrain each configuration from the same initialization with the per-task count reduced
to 10, and evaluate in distribution to isolate the impact of demonstration count.
Task generalization. WAMs trained across diverse tasks are reported to acquire skills for unseen tasks without
any additional data or merely by seeing the operation video (Ye et al., 2026; Li et al., 2026b). We evaluate this
ability under two settings: without video, where no data of the held-out tasks is available at any stage, and with
video, where video of those tasks is available but carries no action labels. We use it to train the video branch only.
Both settings use four-fold cross-validation over the four LIBERO suites, spatial, object, goal, and long (Liu et al.,
2023): each fold withholds one suite and trains on the remaining three, and we report the average success rate.
To compare the paradigms rather than their implementations, every configuration in this section follows the
architecture and training hyperparameters of Fast-WAM (Yuan et al., 2026): a pretrained Wan2.2-5B video
DiT (Wan et al., 2025) as the video backbone, reusing its text encoder and video VAE, and a 1B action expert
initialized from the interpolation of the video DiT. Following Fast-WAM, we use the same flow-time sampling
strategy during training and the corresponding discretized schedule during inference. The explicit and latent
paradigms differ only in a structured attention mask, which decides whether the action tokens may attend to the
future video tokens. On each of the three axes the training budget is the same as in distribution.

4.2. Finding 1: Generalization Deteriorates without Inference-time Future Modeling

Table 1: Generalization Deteriorates without
Inference-time Future Modeling. Success rate (%)
under the matched setting of Sec. 4.1. w/ vid: action-
free video of the held-out tasks with video available.
∆ is Explicit minus Latent; the in-distribution column
is greyed, and the generalization deltas are bold.

In-dist. Generalization
Perturb. Data Eff. Task Gen.

Paradigm LIBERO LIBERO-Plus 10-shot w/o vid w/ vid
Explicit 97.75 67.72 96.95 6.25 69.90
Latent 96.85 53.75 88.50 2.10 5.90
∆ 0.90 13.97 8.45 4.15 64.00

We first ask whether the future can be removed at in-
ference without cost. Tab. 1 compares the explicit and
latent paradigms. In distribution the two are comparable,
at 97.75 against 96.85, in line with what latent WAM
works report (Ni et al., 2026; Yuan et al., 2026). How-
ever, a clear gap emerges under the three axes of our
protocol: the explicit paradigm leads by 13.97 points
under environmental perturbation and by 8.45 under
data efficiency. Task generalization shows the largest
separation. With no data of the held-out tasks both
paradigms stay near the floor, the explicit one slightly
ahead. Acquiring a skill from action-free video is one
of the properties claimed for WAMs (Ye et al., 2026; Li
et al., 2026b), and only the explicit paradigm realizes
it: such video is worth 63.65 points to it and 3.80 to the
latent paradigm, which reaches 5.90 against 69.90.
The gap shows that an in-distribution match is not sufficient for comparing the two paradigms. The latent paradigm
removes future modeling at inference to reduce cost, and loses generalization as a result. Future modeling is
therefore a requirement at inference, not only a training objective.

4.3. Finding 2: Fully Noised Future is Sufficient for Generalization
Finding 1 establishes that the future must be modeled at inference for a WAM to generalize, and leaves open how
much of it is required. A natural question is whether a future denoised more clearly yields a stronger policy, and
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what kind of future is sufficient for that generalization. The same question matters for efficiency, since denoising
the future dominates the per-chunk cost (Sec. 3.2).
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for a model trained under the explicit paradigm. The
video expert is run for tdenoise of the K denoising
steps; no retraining is performed.

To answer this question, we conduct an experiment that
changes how far the future is denoised. We take a model
trained under the explicit paradigm and run its video
expert for only the first tdenoise of the K steps of the
schedule, holding the feature it supplies fixed for the rest
of the action chunk, so that ct,k = ct,tdenoise for every
k > tdenoise. tdenoise counts how many times the video
expert is run before the action expert stops seeing the
future change. It is set at inference alone: nothing is
retrained, the weights and the action denoising are those
of the explicit paradigm, and tdenoise is the only quantity
that varies. At tdenoise = K this recovers Eq. (5), the
explicit paradigm itself.
The sweep is reported in Fig. 2, and almost all of the
gain comes from the first pass. At tdenoise = 1 the video
expert is run once, at τ1 = 1, where yτt+1:t+T = ϵ ∼
N (0, I): the future video tokens of Eq. (1) are pure
Gaussian noise, so nothing about the future has been
explicitly denoised when the action expert conditions
on it. Even so, this single pass outperforms the latent
paradigm by 26.44, 8.2, 13.4 and 89.8 points across the
four settings. The nine forward passes that follow, which
carry the entire cost of denoising the video, reach at best
−1.62, +1.8, +0.8 and +0.8 against it.
The gain therefore does not come from the future the video expert generates, but from the single pass that forms
the intermediate representation the action expert reads. This implies a misalignment between the visual fidelity
the video model is trained for and the feature the action expert requires: a fully noised future is already sufficient.

5. Method
Guided by two findings in Sec. 4, in this section, we propose Simple-WAM, which makes two changes to the
explicit paradigm, and keeps only the part of the video expert that the two findings call for. Since each denoising
step runs the video expert once, dropping the steps Finding 2 shows to be unnecessary removes most of the
inference cost. Under Eq. (4), Simple-WAM balances the two paradigms: the future video tokens are conditioned
on, as in the explicit one, and the video expert makes a single forward pass, as in the latent one (Fig. 3). Neither
change adds a module or a loss term, and together they approach the inference cost of a latent WAM with the
generalization of an explicit one.

5.1. Inference: One Pass over a Fully Noised Future
During inference, Simple-WAM give up the iterative denoising of the future video tokens from the explicit
paradigm. The video expert makes one forward pass over the sequence with its future video tokens left at Gaussian
noise, and the feature it produces conditions all K action steps,

ct,k = Φθ

(
Y τ=1
t

)
for all k. (7)

The action denoising of Eq. (3) is unchanged. Against the two paradigms of Sec. 3.2, this keeps the future video
tokens the explicit one reads and pays only for the single forward pass the latent one makes: Cvid + K Cact,
against K Cvid +K Cact and Ccur +K Cact.
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Figure 3: The three conditioning schemes. The explicit paradigm denoises the future video tokens across the
schedule; the latent paradigm drops them and keeps only the single forward pass. We propose Simple-WAM,
which keeps both the future video tokens and the single forward pass: future video tokens are input as pure
Gaussian noise at τ = 1 and are never denoised.

5.2. Training: A Mixed Schedule
Sec. 5.1 rests the entire future feature on an input at τ = 1, while the explicit paradigm trains its video expert by
denoising across the whole schedule. The share of the training budget spent at τ = 1 is therefore negligible, while
at inference it is the only flow time used. To strengthen the ability to read a feature out of pure noise, we raise that
share with a single scalar p and draw the flow time of the future video tokens as

τ =
{

1, with probability p,
S(u), u ∼ U [0, 1], otherwise,

(8)

where S is the flow-time schedule of the explicit paradigm. Training is otherwise unchanged: the two experts are
trained jointly as in Sec. 3, the action expert reads the future video tokens through Φθ, and Lvid is applied at the
sampled τ . The remaining (1 − p) keeps the video expert supervised across the rest of the schedule. The mixture
therefore sharpens the feature the video expert produces at the one flow time inference reads, while (1 − p) leaves
it under the flow-time sampling it was originally trained with. We set p = 0.5 and ablate it in Sec. 6.4.

6. Experiments
6.1. Implementation Details
Simple-WAM is built on the setting of Sec. 4.1. We use pretrained Wan2.2-5B (Wan et al., 2025) as the video
backbone, set the action chunk to H = 32, and use 9 video frames per chunk. During training we set the video
loss weight to λ = 3.0. And we use K = 10 denoising steps with classifier-free guidance (CFG) scale set to 1.0
at inference time. All remaining training settings follow Fast-WAM (Yuan et al., 2026). All models are trained on
NVIDIA A800 GPUs, and latency numbers are measured on a single NVIDIA GeForce RTX 5090 GPU under
each configuration’s own denoising settings. We provide more hyperparameter settings in Appendix A.1.

6.2. Experimental Setup
We evaluate Simple-WAM on LIBERO (Liu et al., 2023), RoboTwin 2.0 (Chen et al., 2026), and LIBERO-Plus (Fei
et al., 2026), along the three axes of Sec. 4.1.
LIBERO. LIBERO comprises four suites covering spatial relations, object-centric skills, goal-conditioned tasks,
and long-horizon behaviors, each with 10 tasks and 500 expert demonstrations. We follow the standard protocol
in distribution, and form the other two axes as in Sec. 4.1: for data efficiency we retrain with the demonstrations
per task reduced to 10 and to 5, and for task generalization we run four-fold cross-validation over the suites.
RoboTwin 2.0. RoboTwin 2.0 is a bimanual manipulation benchmark with tasks that require coordinated dual-arm
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Table 2: Main results across the three generalization axes. Success rate (%) under the protocol of Sec. 4.1,
per factor for environmental perturbation and averaged over suites elsewhere. w/o vid. and w/ vid. denote task
generalization without and with action-free video of the held-out tasks; such video provides no training signal in a
VLA, so “*” repeats the w/o vid. entry. “Emb. P.T.” denotes large-scale embodied pretraining; those rows are grey,
and bold indicates the best among the rest. “–”: not covered by the official release. Detailed results are in Tab. A2.

Environmental perturbation Data efficiency Task generalization
LIBERO-Plus LIBERO RoboTwin LIBERO RoboTwin

Method Emb.
P.T. Init. Cam. Lang. Noise Bg. Lay. Light Avg. 5-shot 10-shot 10-shot w/o vid w/ vid w/o vid w/ vid

Vision-language-action models
π0.5 (2025) ✓ 73.6 78.4 80.8 89 94.1 84.5 96.2 84.4 87.5 91.5 33.9 9.4 9.4* 2.5 2.5*
VLA-Adapter (2025) ✗ 37.4 36.4 73.8 57.2 76.6 70.2 71.0 59.0 77.6 85.9 – 0.3 0.3* – –

Explicit WAMs
Lingbot-VA (2026b) ✓ 83.0 86.4 82.3 53.1 40.9 64.4 76.2 70.5 78.5 87.6 3.9 15.2 71.1 0.0 1.1
FastWAM-Joint (2026) ✗ 64.9 36.4 94.8 54.8 54.7 78.6 94.9 67.7 91.5 97.0 35.0 6.3 69.9 5.4 47.3

Latent WAMs
FastWAM (2026) ✗ 49.5 21.0 73.3 46.7 52.0 63.7 77.5 53.8 78.2 88.5 4.8 2.1 5.9 3.5 4.8

Simple-WAM ✗ 82.1 55.6 96.2 74.2 72.9 83.4 95.8 79.5 92.4 97.2 37.2 10.1 73.6 6.2 44.5

control, reported under both clean and randomized scenes. We repeat the same two axes here: for data efficiency
we retrain with 10 demonstrations per task, and for task generalization we withhold 10 randomly selected tasks.
LIBERO-Plus. LIBERO-Plus extends the LIBERO tasks with seven kinds of variation, which form the
environmental perturbation axis of Sec. 4.1. The overall score is computed by weighting the seven variation
factors according to their respective task counts, following the official evaluation protocol.
Real-World Evaluation. We conduct real-world experiments on an AgileX Aloha dual-arm platform. We
consider four tasks, Stack the Bowls, Store the Blocks, Sort in Row, and Move in Order (Fig. 6); the last two
are language-conditioned, with the instruction naming the order in which the objects are to be handled. We
collect 200 demonstrations per task and jointly train a single policy with a global batch size of 512, concatenating
the three camera views into a single image as in RoboTwin. Each task is evaluated over 30 trials on three axes:
grasping, placement, and, for the two tasks that specify one, whether the order was followed.

6.3. Main Results

0 100 200 300
Latency (ms / chunk)

FastWAM-Joint

Simple-WAM

FastWAM

π0.5

286.9

74.7

62.0

52.3

0 25 50 75
Generalization (%)

60.2

65.1

37.6

48.7

Figure 4: Inference Latency. Per-chunk latency and mean
success rate over the four generalization settings of Tab. 2.

Simulation Results. Tab. 2 reports all three axes.
Under environmental perturbation Simple-WAM
averages 79.5 over the seven LIBERO-Plus fac-
tors and is best on six among models without
embodied pretraining, against 67.7 for the explicit
paradigm and 53.8 for the latent one. It comes
within 4.9 points of π0.5, which is initialized with
large-scale embodied pretraining, and leads every
model trained without it by at least 11.8. The
margin falls on the four factors that change what
the camera sees: a visual shift corrupts the future
the explicit paradigm generates, while a future left
at noise has nothing to corrupt, consistent with
Finding 2 on this axis. With the demonstrations per task reduced it reaches 92.4 and 97.2 on LIBERO at 5 and 10
shots and 37.2 on RoboTwin, comparable to the explicit paradigm on all three, while the latent one collapses
on RoboTwin to 4.8. On tasks withheld from training it reaches 10.1 without any data of them and 73.6 with
action-free video, against 6.3 and 69.9; the corresponding RoboTwin pairs are 6.2 against 5.4 and 44.5 against
47.3; Tab. A2 breaks both axes down by suite. The latent paradigm falls behind on every axis, as Finding 1
reports: future modeling is a test-time requirement, not only a training objective.
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Store in OrderLight Layout BackgroundMove in OrderSort in RowStack the Bowls Store the Blocks

In-Distribution Tasks Environmental Perturbation New Task

Figure 6: The real-world setup. Left: the four training tasks, one per column, each shown at three moments of a
single rollout. Middle: the three environmental perturbations, varying the lighting, the object layout and the
background. Right: Store in Order, the held-out task.
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Figure 5: Real-world results. Success rate (%) over 30
evaluation runs. T1–T4 are the four training tasks of Fig. 6,
in order; task generalization is the held-out Store in Order.

Efficiency. Fig. 4 places these gains against their
cost. Simple-WAM runs at 74.7 ms per action
chunk, 3.8× faster than the explicit paradigm at
286.9 ms and within 12.7 ms of the latent one at
62.0 ms, while averaging the best across the four
generalization settings. The additional computa-
tion does not yield a consistent improvement.
Real-World Evaluation. Fig. 5 reports the four
tasks of Fig. 6. In distribution the three models are
within 2.3 points of each other, reproducing the
parity of Finding 1 on real-world tasks. Under the
environmental perturbations the latent paradigm
falls to 25.2 while Simple-WAM holds 69.2, and
with the demonstrations reduced to 50 per task
it holds 69.6 against 37.2. On held-out Store in
Order, action-free video of the task raises Simple-
WAM from 2.2 to 87.8, against 68.9 for the explicit
paradigm and 10.0 for the latent one. Tab. A3 gives
the per-task numbers and their standard deviations.

6.4. Ablation Study
We ablate LIBERO-Spatial along the three generalization axes, using task generalization with-video.
Probability of the mixed schedule. Tab. 3a sweeps p over its whole range. On the three-axis average, p = 0.25,
0.5 and 0.75 differ by 1.3 points, showing that performance is robust to the choice of p. Both endpoints fall
lower, to 90.8 and 88.6. At p = 0 training reverts to the explicit paradigm and leaves the mismatch that Sec. 5.2
mitigates; at p = 1 the flow time never varies, and training departs from the objective the video backbone was
pretrained under. Both extremes therefore perform poorly.
Future video tokens. In this part, we investigate whether pure Gaussian noise is a good input for the spatiotemporal
information the action expert conditions on. We replace the future video tokens the action expert reads, with
learnable query embeddings or with zeros, and keep the video diffusion target in place so that the video branch
trains as before. As shown in Tab. 3b, every axis drops, by 27.7, 10.2 and 86.6 points for the queries and by
22.2, 8.2 and 87.4 for the zeros. We attribute this to how far the substitution departs from pretraining: the video
backbone saw neither in pretraining, while noised video tokens are exactly what it denoises. These results show
that our design is simple yet effective because it keeps the original training strategy and thus benefits most from
the video pretraining, stressing pretraining-aligned conditioning.
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Table 3: Ablations on LIBERO-Spatial. The shaded entries are the default setting and bold marks the best.

(a) Mixture probability p

0 0.25 0.5 0.75 1
Environmental perturbation 83.3 90.2 87.5 89.1 85.7
Data efficiency 97.0 97.4 97.8 94.4 96.8
Task generalization 92.2 95.8 97.2 96.2 83.4
Average 90.8 94.5 94.2 93.2 88.6

(b) Future tokens

Noise Learn. Zeros
Environmental perturbation 87.5 59.8 65.3
Data efficiency 97.8 87.6 89.6
Task generalization 97.2 10.6 9.8
Average 94.2 52.7 54.9

7. Conclusion
In this work, we compared the explicit and latent paradigms under a matched protocol. The two match in
distribution yet diverge on all three generalization axes, and future video tokens left at pure noise recover almost all
of that gap. Simple-WAM therefore conditions on a fully noised future in one pass, leading the explicit paradigm
on nearly every measurement at 3.8× its speed. Our conclusions rest on a 5B backbone without embodied
pretraining; whether they hold at larger scale, or with it, remains open.
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A. Appendix
A.1. Training Details
Tab. A1 lists our training configuration. The other baselines follow their official settings.

Table A1: Training configuration.

LIBERO RoboTwin 2.0 Real world
Optimizer AdamW, β = (0.9, 0.95)
Learning rate 1 × 10−4

Weight decay 1 × 10−2

LR schedule cosine, 5% warmup
Precision BF16
Batch size 128 1,024 512
Training steps 20k 30k 30k
Resolution 224 × 448 384 × 320 384 × 320

A.2. Per-Suite Simulation Results
Tab. A2 gives the detailed results of Tab. 2 on Data Efficiency and Task Generalization axes. For LIBERO each
suite is the held-out fold of the four-fold cross-validation; RoboTwin 2.0 is reported under its clean and randomized
scenes, and its data efficiency is measured at 10 demonstrations per task rather than 5.

Table A2: Success rate (%) behind the data-efficiency and task-generalization columns of Tab. 2.

LIBERO RoboTwin 2.0
Spatial Object Goal Long Avg. Clean Rand. Avg.

Data efficiency, 5-shot
π0.5 92.1 94.5 89.7 73.6 87.5 – – –
VLA-Adapter 85.7 95.0 75.8 54.0 77.6 – – –
Lingbot-VA 59.0 96.3 88.6 70.2 78.5 – – –
FastWAM-Joint 97.0 99.4 92.4 77.2 91.5 – – –
FastWAM 84.4 93.4 77.6 57.4 78.2 – – –
Simple-WAM 97.0 99.4 89.6 83.6 92.4 – – –

Data efficiency, 10-shot
π0.5 95.4 96.6 91.0 82.8 91.5 35.5 32.3 33.9
VLA-Adapter 92.8 92.4 89.4 69.0 85.9 – – –
Lingbot-VA 89.1 95.8 89.2 76.4 87.6 4.1 3.6 3.9
FastWAM-Joint 98.0 98.4 97.2 94.2 97.0 36.8 33.2 35.0
FastWAM 87.4 95.2 88.0 83.4 88.5 9.6 0.1 4.8
Simple-WAM 97.8 98.4 97.8 94.8 97.2 38.8 35.5 37.2

Task generalization, w/o video
π0.5 18.2 7.2 12.2 0.0 9.4 2.8 2.1 2.5
VLA-Adapter 1.2 0.0 0.0 0.0 0.3 – – –
Lingbot-VA 29.7 12.4 18.8 0.0 15.2 0.0 0.0 0.0
FastWAM-Joint 13.4 1.6 10.0 0.0 6.3 6.4 4.3 5.4
FastWAM 0.0 8.4 0.0 0.0 2.1 4.6 2.4 3.5
Simple-WAM 19.8 10.4 10.0 0.0 10.1 7.4 4.9 6.2

Task generalization, w/ video
π0.5 18.2* 7.2* 12.2* 0.0* 9.4* 2.8* 2.1* 2.5*
VLA-Adapter 1.2* 0.0* 0.0* 0.0* 0.3* – – –
Lingbot-VA 96.2 90.3 58.2 39.6 71.1 1.2 1.0 1.1
FastWAM-Joint 95.4 94.8 57.6 31.8 69.9 47.7 46.8 47.3
FastWAM 6.2 17.4 0.0 0.0 5.9 4.3 5.3 4.8
Simple-WAM 97.2 99.2 56.4 41.4 73.6 45.1 43.8 44.5
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A.3. Per-Task Real-World Results
Tab. A3 reports the mean and standard deviation of real-world results, where T1–T4 are the four training tasks
of Fig. 6 and the held-out task is evaluated without and with action-free video of it. A run is not a binary success:
it receives the fraction of the sub-goals listed in Sec. 6.2 that the policy completes, and each cell averages thirty
such runs. “Avg.” averages the four task means and is the quantity quoted in Sec. 6.3.

Table A3: Real-world results per task.

T1 T2 T3 T4 Avg.
In-distribution

FastWAM 83.3±19.2 92.5±16.9 81.1±12.9 93.3±14.1 87.6
FastWAM-Joint 80.0±21.9 92.5±16.9 83.3±13.1 92.2±11.8 87.0
Simple-WAM 81.7±16.6 95.0±10.5 80.0±15.5 84.4±18.3 85.3

Environmental perturbation
FastWAM 23.3±26.3 17.5±23.7 20.0±13.7 40.0±23.5 25.2
FastWAM-Joint 48.3±16.6 72.5±29.9 63.3±35.2 88.9±21.0 68.3
Simple-WAM 46.7±18.9 82.5±16.9 67.8±22.5 80.0±16.4 69.2

Data efficiency
FastWAM 21.7±20.9 35.0±26.9 35.6±18.0 56.7±32.5 37.2
FastWAM-Joint 56.7±22.5 70.0±30.7 58.9±19.6 81.1±18.2 66.7
Simple-WAM 60.0±21.1 65.0±33.7 62.2±32.4 91.1±11.5 69.6

Task generalization, held-out task
w/o video w/ video

FastWAM 0.0±0.0 10.0±9.7
FastWAM-Joint 3.3±5.4 68.9±20.2
Simple-WAM 2.2±4.7 87.8±19.2
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