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Abstract

World action models (WAMs) condition robot actions on pre-
dicted futures, but iterative video rollout increases deployment
latency. We ask whether action generation requires the evolv-
ing rollout trajectory or only its future representation. Across
four WAMs on all 40 LIBERO tasks, paired closed-loop in-
terventions show that masking or reassigning future-cache
values changes execution and reduces success, indicating sen-
sitivity to future values and their assigned positions. For
Joint and Cosmos-2, however, replaying one fixed final-clean
key/value (K/V) cache nearly preserves unmodified execu-
tion, with 1.7 to 1.9 cm end-effector average displacement
error and 97.9% to 98.2% success. This separates cache con-
sumption from production: these models can reuse a fixed
cache but still require iterative rollout to construct it. We
therefore propose Rift (Rollout-free Imagination via Future
Tokens), which uses learned anticipation tokens to construct
a complete future K/V cache in one backbone pass while re-
taining the original future-read interface. On LIBERO, Rift
achieves 98.8% success, close to rollout-based Joint, IDM,
and LingBot-VA at 98.4% to 98.6%, while reducing action-
chunk latency by 68.2% to 89.1%. On RoboTwin 2.0, Rift
reaches 92.9/92.6% on clean/randomized scenes, the highest
observed among the evaluated methods. These results sup-
port rollout-free future conditioning without iterative video
generation at deployment.

1 Introduction
World action models (WAMs) couple future video prediction
with robot control. A single network predicts a short video
and conditions its next actions on that prediction (Yuan et al.
2026; Li et al. 2026; Bi et al. 2025). In matched settings,
policies that retain this future read achieve higher success
than current-only variants. However, iterative video gener-
ation makes rollout-based systems incur 3.3× to 9.6× the
latency of current-only deployment (fig. 1).

Existing efficient variants remove the future read at de-
ployment. Fast-WAM drops the future branch after future-
prediction co-training (Yuan et al. 2026), whereas PFD dis-
tills a future-conditioned correction into the current-only
path (Fang, Chen, and Cai 2026). Both reduce latency but
retain a gap to policies that explicitly read a generated fu-
ture. Yet the action expert consumes a future representa-
tion, whereas iterative rollout is the process that constructs
it. Existing comparisons change both the availability of this
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Figure 1: LIBERO success versus deployment latency.
Points show mean success and bars show ±std over three
evaluation seeds of one checkpoint per method (2,000 trials
per seed); latency is ms per action chunk on one A800.
Gray squares use no future read; blue circles read a future
representation produced by rollout; Rift (orange star) reads
one-pass anticipation tokens without rollout. The x-axis
is logarithmic; the y-axis is truncated. Methods use their
original denoising configurations.

representation and the process used to construct it, so their
separate contributions remain unresolved. We therefore ask
whether a WAM can preserve explicit test-time future con-
ditioning without iterative video rollout.

To separate these factors, we examine the future-position
K/V cache, the per-layer channel from predicted futures to
action tokens. Joint co-denoising updates this cache at ev-
ery denoising step, whereas the generate-then-act inverse
dynamics model (IDM) exposes only a final clean cache.
Their similar success suggests that the representation, rather
than its iterative trajectory, may provide the shared benefit.
Success alone cannot reveal what the action reads.

We therefore intervene on this cache. The attention mask
prevents video tokens from attending to action tokens, so
the cache is an action-independent intervention site. We
record it and replay action denoising with non-target inputs
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fixed, either masking the future read or editing future val-
ues under the recorded keys. Each closed-loop intervention
uses the same initial state and policy seed as the unmodified
policy. We measure success rate (SR) and end-effector av-
erage displacement error (EE-ADE), the average drift from
the unmodified end-effector trajectory.

Across 2,000 paired trials on all 40 LIBERO tasks, mask-
ing the future read yields 18.7 cm EE-ADE and reduces
success from 98.4% to 9.7%. Spatial permutation and tem-
poral swapping yield similar EE-ADE (14.3 and 15.6 cm)
but sharply different success (65.2% and 0.7%), showing
that the action reads future content at its assigned positions.
In contrast, replaying final clean values under the original
keys yields only 1.9 cm EE-ADE and 97.9% success. Under
the original keys, the action therefore depends strongly on
future value content and its organization, but little on how
the future values evolve across denoising steps.

These findings provide a value-side constraint rather than
a complete cache recipe. They do not show that the key
trajectory can be frozen or that a complete cache can be pro-
duced without rollout. This limitation motivates the stronger
hypothesis that one pass can produce the complete future
interface. We propose Rift (Rollout-free Imagination via
Future Tokens), which places learned anticipation tokens at
future temporal positions and fills their per-layer K/V cache
with one video-backbone pass. The action expert consumes
this cache through the original future-read interface. We
shape the anticipation states with conditional flow matching,
using a distributional objective rather than direct L2 regres-
sion to the single observed future. Deployment requires one
cache prefill followed by the ordinary action flow, without
video diffusion or video decoding at test time.

On LIBERO, Rift achieves 98.8% success, compared with
96.8% for current-only Fast-WAM and within the same suc-
cess tier as rollout-based Joint (98.4%) and IDM (98.6%). It
runs at 1.1× current-only latency rather than 3.3× to 9.6× for
rollout-based alternatives. On RoboTwin 2.0, Rift reaches
92.9/92.6% success on clean/randomized scenes, the highest
observed among the evaluated methods. These results indi-
cate that, for the studied WAM family, explicit future-position
representations can support rollout-level success without re-
quiring iterative video generation at deployment.

We make three contributions.

1. We introduce a paired closed-loop intervention proto-
col for future caches. The protocol records the action-
independent cache, then either masks the future read or
edits its values under the recorded keys before measuring
the resulting physical execution with EE-ADE and SR.

2. We identify two properties of the future cache. Actions
are highly sensitive to removing the future read or reas-
signing values across space and time, while final clean
values under the original keys nearly preserve execution.

3. We design and validate a rollout-free future interface.
Rift produces a complete future-position K/V cache in
one backbone pass, matches the rollout-based success
tier at 1.1× current-only latency, and reaches the highest
observed LIBERO and RoboTwin 2.0 success.

2 Related Work
Five lines of work set up the question this paper asks: policies
with current-only deployment, policies that render a future at
deployment, policies that use future prediction only during
training, runtime uncertainty monitors, and the interpretabil-
ity methods we borrow from.

Vision-language-action policies. Vision-language-action
policies map observations and language directly to actions
through pretrained vision-language backbones (Zitkovich
et al. 2023; Kim et al. 2024; Black et al. 2024a; Physical
Intelligence et al. 2025; Bjorck et al. 2025; Shukor et al.
2025; Gemini Robotics Team et al. 2025), often paired with
diffusion or flow-matching action heads (Chi et al. 2023; Liu
et al. 2024; Wen et al. 2025). Because the mapping is direct,
inference needs no iterative video branch, which makes these
policies the natural latency reference for methods that add
one. Their action experts receive no explicit future-position
state. Our current-only baseline occupies this regime, and
the gap it leaves is what we try to close without rollout cost.

World action models. A complementary line makes future
prediction explicit. Classical world-model methods learn dy-
namics and use them for planning or control (Schrittwieser
et al. 2020; Hafner et al. 2023; Hansen, Su, and Wang 2024).
More recent robot policies condition on generated future
video (Du et al. 2023; Black et al. 2024b; Bharadhwaj et al.
2024; Zhou et al. 2024) or jointly learn future and action
representations (Wu et al. 2024; Cheang et al. 2024; Hu et al.
2025; Li et al. 2025; Zhu et al. 2025; Feng et al. 2025; Pai
et al. 2025; Won et al. 2025; Liang et al. 2025; Jang et al.
2025; Zhao et al. 2025; Cen et al. 2025; Kim et al. 2026;
Liao et al. 2025). World action models tighten this coupling
so that a single network both imagines and acts (Ye et al.
2026; Yuan et al. 2026; Li et al. 2026; Bi et al. 2025). Two
interfaces dominate. Imagine-then-execute systems gener-
ate a future video and then apply inverse dynamics to it,
so the action reads a fixed clean representation. Mixture-
of-transformers systems denoise video and action through
shared attention, so the action reads a representation that
changes at every denoising step. These two designs expose
the future in almost opposite ways yet report similar success.
Our intervention study starts from this observation. Both pay
for iterative video generation, which dominates their latency.
Prior comparisons report end-task success only, which can-
not distinguish a policy that uses the imagined future from
one that merely benefits from training alongside it.

Implicit-future policies. A third line keeps future predic-
tion as training-time signal while avoiding a visual rollout at
inference. Fast-WAM removes the explicit future represen-
tation at deployment and preserves much of the aggregate
success through a world-aware current representation, which
shows how much of the benefit survives co-training alone
(Yuan et al. 2026). PFD instead distills the action-side ef-
fect of a generated future into a lightweight current-only
correction (Fang, Chen, and Cai 2026; Vapnik and Vashist
2009; Chen et al. 2019). FLARE (Zheng et al. 2025) and
DreamVLA (Zhang et al. 2025) learn future-prediction to-
kens through auxiliary objectives without an explicit test-



time rollout, and Being-H0.7 trains latent queries with a
future-informed posterior branch that is discarded at infer-
ence (Luo et al. 2026). EvoScene-VLA supervises an action-
updated recurrent scene prefix with future scene-token tar-
gets and likewise discards its training-time scene predictor
at deployment (Zhang et al. 2026). These methods remove
a rollout-produced future read, distill its effect, or use future
targets to train a compact latent state. In our matched evalua-
tion, Fast-WAM and PFD leave a residual gap to rollout-based
policies. Rift takes the opposite decomposition: it keeps an
explicit test-time future-position interface and replaces the
iterative producer with a single learned pass.

Flow-matching uncertainty and runtime monitoring.
Concurrent work reads uncertainty from the action flow
itself: Rao et al. (2026) measures denoising-path accel-
eration along a single FM action trajectory, validates it
against the L2 divergence of resampled action chunks,
and accumulates the score with CUSUM for failure detec-
tion. Our auxiliary readouts expose a complementary sig-
nal in predicted future-latent space. In an optional shadow
mode, the stopped-gradient L2 probe supplies a determin-
istic readout while the conditional-FM head supplies sam-
pled modes; their cross-head discrepancy, normalized by
within-FM spread, measures cross-estimator conflict rather
than action-flow curvature. Writing µ for the probe read-
out and x̄ for the mean of K FM samples xi, the score is
dratio = ∥µ − x̄∥22/(K−1

∑
i∥xi − x̄∥22 + ϵ). Thus their

proxy estimates uncertainty internal to one FM action head,
whereas ours asks whether two future estimators agree. Both
signals can miss confidently wrong predictions. This monitor
is not part of the policy-only deployment or latency results.

Locating computation by intervention. Our instrument
follows causal tracing, which intervenes on selected inter-
nal activations to measure their causal effect (Meng et al.
2022). We apply this idea to a robot policy’s attention cache
rather than to an autoregressive language model’s hidden
states. This matters because the standard alternatives answer
a weaker question: linear probes establish that information is
decodable from a representation, not that downstream com-
putation uses it, and attention weights are similarly unreliable
as evidence of use (Alain and Bengio 2016; Belinkov 2022;
Jain and Wallace 2019; Serrano and Smith 2019). Interven-
ing on the future read and measuring the executed trajec-
tory tests use directly. Two properties of the WAM setting
make this test unusually clean. The video-to-action atten-
tion mask makes the recorded cache action-independent, so
we can either mask the read or edit its values under fixed
keys. Closed-loop execution then supplies a physical read-
out in centimeters rather than a distance in an arbitrary latent
space. For value edits, the remaining caveat is distributional
rather than positional, and we return to it in the next section.

3 What does the action expert read?
3.1 The channel we edit
With paired closed-loop interventions, we test whether action
needs the future read, whether its values must stay at assigned
positions, and whether the complete K/V cache must evolve
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Figure 2: Future-cache interventions alter executed tra-
jectories and task success. Value-edit rows retain the
recorded Original key trajectory and modify only future-
position values. Final-clean replay instead substitutes one
final-clean K/V cache at every action-denoising step, while
masking removes the future read. Bar length gives task-
macro EE-ADE in centimeters; the label at each bar end
gives SR in percent. Each reported intervention result uses
2,000 paired trials over all 40 LIBERO tasks and is paired
with the same model’s Original. Original has zero EE-ADE
by definition and is marked by colored ticks at the origin.
All numbers are direct measurements. Missing bars are not
zero: IDM-style models already read one fixed final-clean
future K/V cache, while Cosmos-2 exposes only one future
timestep and therefore admits no temporal swap.

during denoising. Each model–intervention estimate uses
2,000 paired trials across all 40 LIBERO tasks. Figure 2
reports executed EE-ADE and success rate.

Fast-WAM-Joint, Fast-WAM-IDM, Cosmos Policy, and
LingBot-VA construct futures differently but expose the same
per-layer video K/V interface at future positions. We call it
the future cache; Original denotes the unmodified check-
point. We mask the read, edit future values under recorded
keys, or replace K and V with one final-clean cache.

Because video tokens cannot attend to action tokens, the
cache is action-independent given observation (o), language
(l), and video-generation randomness. This property sup-
ports record and replay. The record pass generates video
normally and stores per-layer future K/V at every action-
denoising step. Value corruptions retain the recorded key
trajectory and edit only the matched future values. The final-
clean control instead takes the final clean future from Origi-
nal’s iterative generation, prefills its complete K/V once, and
reuses that fixed cache at every action-denoising step. All
non-target inputs remain fixed. Exact replay of the unedited
trajectory reproduces Original.

Shuffle and noise are location-exact but out of distribu-
tion, so we interpret them only beside the structured frozen-



present and final-clean K/V controls.

3.2 Scoring each edit
Action chunks are not directly comparable across architec-
tures, so we execute paired policies. For episode i, interven-
tion I and Original share the initial state and policy seed.
Let xIi,t and xOi,t denote their recorded end-effector positions
after environment step t. EE-ADE averages their distance
over the common executed prefix Ti:

EE-ADEi(I) =
1

Ti

Ti∑
t=1

∥∥xIi,t − xOi,t
∥∥
2
. (1)

We exclude the reset pose and use recorded simulator posi-
tions rather than integrating predicted actions. When runs
end at different times, only their common prefix contributes.
We average episode scores within each task before macro-
averaging tasks; section B defines the task-cluster bootstrap.
EE-ADE measures drift from Original; success measures
task completion. High drift with similar success indicates
another route; high drift with low success associates the in-
tervention with failure during closed-loop task execution.

3.3 Intervention set
The interventions map directly to the three questions. Mask-
ing removes the read; norm-matched noise replaces its val-
ues; and frozen-present supplies plausible, non-predictive
values. Spatial shuffle permutes values within frames, tem-
poral swap exchanges value frames, and final-clean replay
replaces the evolving complete cache with the same final-
clean K/V at every action step. We apply each supported
edit to Fast-WAM-Joint, Fast-WAM-IDM, Cosmos Policy,
and LingBot-VA, comparing each with its Original. Claims
are therefore within-model; cross-model magnitudes remain
descriptive because architectures and checkpoints differ.

3.4 Finding 1: WAM action experts use future
values at their assigned positions

Across all four WAMs, masking yields 11.8–20.4 cm EE-
ADE and reduces success from 98.4–98.6% to 0.0–32.0%.
Under recorded keys, noise yields 10.5–17.9 cm and at
most 40.9% success, while frozen-present values yield 18.1–
21.3 cm and at most 6.5%. These within-model effects show
that action experts use meaningful future values.

Position also matters: spatial shuffle yields 5.0–19.8 cm
and 0.0–84.5% success across all four, while temporal swap
yields 15.6–16.3 cm and 0.0–69.0% on Joint, IDM, and
LingBot-VA. Every supported edit changes execution and
lowers own-model success, so future values are not an un-
ordered pool. Severity differs by interface: temporal swap
is worse for Joint and IDM, spatial shuffle for LingBot-VA,
and Cosmos-2 exposes no temporal swap. Thus, position
sensitivity is shared, not a universal severity ordering.

3.5 Finding 2: one final-clean K/V cache nearly
preserves execution

Finding 1 establishes content and position sensitivity, not
whether the complete cache must evolve. Where supported,

final-clean replay replaces the entire future-cache trajectory
with one final-clean cache, holding both K and V fixed at
every action-denoising step.

For Joint and Cosmos-2, final-clean K/V replay gives
1.9/1.7 cm EE-ADE and 97.9/98.2% success; their Orig-
inals reach 98.4/98.4%. These are the smallest nonzero
EE-ADEs among compatible edits. IDM and LingBot-VA
already expose one fixed final-clean K/V cache, so this replay
is identical by construction and structurally N/A.

This result establishes consumption-side sufficiency: once
final-clean K/V is available, Joint and Cosmos-2 nearly pre-
serve execution without the evolving cache trajectory. It does
not show that this cache can be produced without rollout, be-
cause its clean future came from iterative video generation.
The full-cache intervention also does not isolate the sepa-
rate contributions of keys and values. Section 4 tests the
distinct producer-side hypothesis that one learned prefill can
construct an effective fixed, complete K/V interface.

4 Rift: One-pass Future-Token Imagination
4.1 From findings to our design
The analysis shows that WAM action experts require mean-
ingful, position-bound future values and that Joint and
Cosmos-2 can reuse one final-clean, complete K/V cache
throughout action denoising with near-Original execution.
This establishes a fixed complete cache as a viable consump-
tion interface, but not its rollout-free production: the inter-
vention cache still comes from iterative video generation.
Thus, Rift tests whether one learned prefill can produce the
complete interface.

4.2 Writing the cache in one pass
Rift keeps Fast-WAM-Joint’s architecture and future-read
interface. For a video stack with hidden width d andL layers,
it replaces rolled-out future tokens with learned anticipation
tokens E ∈ Rm×d. Each token inherits its corresponding
future spatiotemporal index. If each latent frame contains n
tokens and the clip contains Tlat latent frames, full alignment
usesm = n(Tlat−1). As fig. 3 shows, we use full alignment
with m = 196 on LIBERO and m = 240 on RoboTwin 2.0.

Let f0(o) denote the first-frame tokens extracted from
observation o; the remaining observation and instruction l
enter through the backbone’s original conditioning path. Let
ϕ collect the shared video expert’s parameters and the learned
tokensE; together they form the cache producer. One video-
stack prefill writes the full future-position cache:

Cϕ(o, l) =
{(
K

(ℓ)
E , V

(ℓ)
E

)}L
ℓ=1

= CachePrefillϕ([f0(o);E], o, l) ,
(2)

whereK(ℓ)
E , V

(ℓ)
E ∈ Rm×d denote the layer-ℓ keys and values

of the m anticipation tokens. We retain Fast-WAM-Joint’s
mask: first-frame tokens attend only the observed frame,
anticipation tokens attend the first frame and one another,
and video tokens never attend action tokens. The cache is
therefore action-independent.
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Figure 3: Rift training and deployment. (a) One VideoStack prefill maps the first-frame latent and anticipation tokens to a
fixed per-layer future-position K/V cache, which the action expert reuses throughout denoising. (b) Training pairs native video
supervision with a deployment-matched forward for action, conditional-FM, and a stopped-gradient mean-squared probe loss.
Action rows use the clean first frame; late perturbation affects only future-supervised rows. At policy-only test time, video
co-training, auxiliary heads, and ground-truth futures are removed, leaving the prefill, fixed cache, and action flow.

The action expert reads Cϕ through the rollout model’s
per-layer future-position interface:

â1:H = ActionDenoise (o, l; Cϕ(o, l)) . (3)

Here,H is the action-chunk horizon; we useH = 32. Cϕ has
no action-flow index: the same K/V serve every denoising
evaluation, matching the fixed-cache consumption pattern
tested in Finding 2. The producer-side hypothesis is that one
pass from (o, l) constructs a usable cache; deployment then
needs one prefill per chunk, with no rollout or VAE decoding.

4.3 Training
Training uses two forwards through the same video expert
per optimization step. Deployment retains only the second
forward’s cache prefill.

Native video supervision. The first forward applies native
video-flow loss Lvid (Yuan et al. 2026) to a clean-first-frame
clip with noised future latents and no anticipation tokens
or action supervision. This preserves dynamics supervision
while changing only the deployment interface.

Deployment-matched action training. The second for-
ward matches deployment through input [f0;E] and its at-
tention mask. Clean rows train the action expert on this cache
with Fast-WAM’s inherited action flow-matching loss Lact

(Yuan et al. 2026). After 70% of the configured curriculum
horizon, the probability and scale of first-frame latent noise
rise linearly from zero to 0.3 and 0.06 times the latent stan-
dard deviation. Perturbed rows retain LFM and Lprobe but

are masked out before Lact is reduced. Thus, Lact averages
only clean rows, so all action-loss inputs are clean.

Conditional flow-matching supervision. LetSϕ ∈ Rm×d

be the final anticipation states from the same deployment-
matched forward and Y ∈ Rm×dy the aligned ground-truth
future latent patches, where dy is the dimension of one flat-
tened latent patch. Under a multimodal conditional distribu-
tion, direct ℓ2 regression has a conditional-mean optimum
and can average distinct valid futures; we instead use condi-
tional flow matching (Lipman et al. 2023) as a distributional
auxiliary objective. We sample ϵ ∼ N (0, I) and σ ∈ [0, 1]
with the native video-flow schedule, then define

Xσ = (1− σ)Y + σϵ, v⋆σ = ϵ− Y. (4)

Conditioned on Sϕ, the training-only FM head vψ , parame-
terized by ψ, predicts the velocity from (Xσ, σ). Using the
native video-flow timestep weight wvid(σ), its loss is

LFM = EY,ϵ,σ
[
wvid(σ) ∥vψ(Xσ, σ;Sϕ)− v⋆σ∥

2
2

]
, (5)

This auxiliary head shapes the cache producer during training
but enters neither action nor policy-only deployment.

Stopped-gradient linear probe. The direct-L2 recipe pro-
vides a deterministic future-latent readout. In the final
conditional-FM recipe, we retain this view as a linear probe,
ŶL2 = gω(RMS(stopgrad(Sϕ))). We train it with MSE,

Lprobe = mean
(
(ŶL2 − Y )2

)
.



The reduction weights every future-token and latent-channel
squared residual uniformly before the batch mean. Detached
input confines this loss to the probe; section A details the
reduction. In optional shadow mode, the probe point predic-
tion and conditional-FM samples define a normalized dis-
agreement score. Both read the same anticipation states, but
neither feeds the controller; section D defines the score.

Objective and gradient routes. Both forwards share the
video expert. Lvid updates this expert and its video head;
Lact updates the action expert and backpropagates through
the cache into the shared video expert and E; LFM updates
the shared video expert, E, and the FM head; and detached
Lprobe updates only the probe.

L = Lvid + Lact + λFMLFM + λprobeLprobe, (6)

Both auxiliary weights stay at 1 for the first 70% of the
curriculum horizon, then follow a cosine decay to 0.2 over
the final 30%. Policy-only deployment retains one [f0;E]
prefill, fixed Cϕ, and the standard action flow; section A gives
remaining settings.

5 Experiments
5.1 Setup
Implementation. For LIBERO, Fast-WAM, Fast-WAM-
Joint, Fast-WAM-IDM, and Rift share the same Wan2.2-5B
(Team Wan et al. 2025) Fast-WAM backbone, training data,
and 20k-step budget, so differences come from the future
interface rather than scale or data. We additionally compare
with the Fast-WAM-based released PFD checkpoint (Fang,
Chen, and Cai 2026) and the embodied-pretrained LingBot-
VA (Li et al. 2026). Unless stated otherwise Rift means the
full conditional-FM recipe, with Rift-L2 reserved for the
base recipe in the ablations. Latency is milliseconds per ac-
tion chunk on one A800 under each method’s own denoising
configuration; Rift’s figure covers its cache prefill and action
denoising and excludes optional diagnostic readouts. In the
tables, future read denotes explicit future-position attention;
rollout denotes iterative future generation at deployment.

Benchmarks. LIBERO (Liu et al. 2023) has 40 tasks
across its Spatial, Object, Goal, and Long suites. We eval-
uate one checkpoint per method with three evaluation seeds
and 2,000 trials per seed (50 episodes per task), reporting
mean and standard deviation across seeds; the error bars
therefore measure closed-loop evaluation noise, not varia-
tion across training runs. RoboTwin 2.0 (Chen et al. 2025)
has 50 bimanual tasks under clean and domain-randomized
scenes. Following Yuan et al. (2026), the matched Fast-
WAM/Joint/PFD/Rift family trains on 2,500 clean-scene and
25,000 randomized demonstrations for 30k steps, with exter-
nally pretrained LingBot-VA for comparison. Each check-
point is evaluated for 100 trials per task in each setting.

5.2 Quantitative results
LIBERO. In Table 1, Rift achieves 98.8% overall success,
close to the 98.4% to 98.6% achieved by rollout-based Joint,
IDM, and LingBot-VA. Unlike these methods, Rift requires
only 247.9 ms per action chunk, reducing latency by 68.2%

Table 1: LIBERO success and deployment cost. SR is
mean±std over three evaluation seeds of one checkpoint
(2,000 trials each). Latency is ms per action chunk on one
A800 under each method’s original denoising configuration.
Emb. PT.: embodied pretraining. † released checkpoint eval-
uated by us; ∗ our matched reproduction.

Method Emb. Fut. Roll- SR Lat. Rel.
PT. read out (%) (ms)

Fast-WAM† × × × 96.8±0.27 235.7 1.0×
PFD† × × × 97.3±0.12 257.0 1.1×
Fast-WAM-Joint∗ × ✓ ✓ 98.4±0.26 780.2 3.3×
Fast-WAM-IDM∗ × ✓ ✓ 98.6±0.34 1081.2 4.6×
LingBot-VA† ✓ ✓ ✓ 98.5±0.08 2270.3 9.6×
Rift (ours) × ✓ × 98.8±0.17 247.9 1.1×

Table 2: RoboTwin 2.0 closed-loop success (%) on clean and
domain-randomized scenes. Values aggregate one check-
point per method; This report follows single-seed evaluation
protocol. Emb. PT.: embodied pretraining.

Method Emb. Fut. Roll- Clean Rand. AVG
PT. read out

LingBot-VA ✓ ✓ ✓ 92.4 91.4 91.9
Fast-WAM-Joint × ✓ ✓ 91.0 91.1 91.0
Fast-WAM × × × 91.9 91.6 91.8
PFD × × × 92.5 92.1 92.3
Rift (ours) × ✓ × 92.9 92.6 92.8

to 89.1%while remaining close to current-only Fast-WAM at
235.7 ms. Compared with rollout-free Fast-WAM and PFD,
Rift improves success by 2.0 and 1.5 percentage points,
respectively, at comparable latency.

RoboTwin 2.0. The interface transfers to a second em-
bodiment (table 2; per-task rates in table 5). Rift reaches
92.9/92.6 on clean/randomized scenes, the best observed
among the evaluated methods, against 92.5/92.1 for PFD,
92.4/91.4 for rollout-based LingBot-VA, 91.9/91.6 for Fast-
WAM, and 91.0/91.1 for rollout-based Fast-WAM-Joint. We
observe the same performance recovery on RoboTwin 2.0
while retaining the one-pass deployment path.

5.3 Ablations
Anticipation-token supervision. The base recipe Rift-L2
regresses future latents with a direct L2 loss and reaches
98.37±0.12; the conditional-FM recipe reaches 98.8±0.17.
Both use the same one-pass graph and 247.9 ms cost, iso-
lating supervision without deployment overhead. The 0.4
point difference approaches the evaluation’s resolution, and
the full recipe includes its conditioning curriculum. Table 3
gives per-suite rates; we report FM as the recipe.

The number of anticipation tokens. Figure 4 sweepsm =
2 to full alignment (m = 196); current-only Fast-WAM is
the no-cache m = 0 reference (96.75%). Rift-L2 rises
from 97.08% to 98.37%; conditional FM exceeds it from
m = 4 and peaks at 98.78%. Even small interfaces beat the



Table 3: LIBERO per-suite SR (%). Mean± std over three seeds (500 trials/suite/seed; 2,000 overall). Bold: column bests.

Method Spatial Object Goal Long Overall
Fast-WAM 97.0±0.43 99.7±0.09 96.7±0.50 93.7±0.57 96.8±0.27

PFD 98.3±0.19 99.2±0.33 98.1±0.62 93.7±0.41 97.3±0.12

Fast-WAM-Joint 99.3±0.41 99.5±0.25 98.1±0.62 96.6±0.57 98.4±0.26

Fast-WAM-IDM 99.3±0.23 99.3±0.31 98.1±1.03 97.5±0.99 98.6±0.34

Cosmos Policy 97.8±0.43 100.0±0.00 97.8±0.16 97.4±0.00 98.3±0.11

LingBot-VA 98.5±0.14 99.6±0.18 97.2±0.38 98.5±0.17 98.5±0.08

Rift-L2 98.6±0.43 99.7±0.09 98.1±0.34 97.2±0.50 98.4±0.12

Rift (full) 98.7±0.25 99.7±0.09 98.8±0.43 98.0±0.28 98.8±0.17

reference, and full alignment is best for both.
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Figure 4: Anticipation-interface capacity on LIBERO.
Mean success over four suites (three seeds) as token countm
grows for L2 and conditional-FM supervision. The dashed
line is Fast-WAM without anticipation; full alignment (m =
196) gives both recipes their best mean.

5.4 Qualitative results
Matched imagined futures. Figure 5 compares Fast-
WAM-Joint rollout and Rift one-pass decodes from matched
starts on both benchmarks. Both evolve similarly at frames 0,
4, and 8. These visuals diagnose future representations, not
cache equivalence; section C shows all frames.

L2–FM uncertainty warning. The stopped-gradient L2
probe and conditional-FM head yield controller-independent
future estimates whose normalized disagreement defines a
CUSUM warning (section D). Calibrated on 1,967 successful
episodes, the mean CUSUM over 33 failed rollouts crosses
η 210 steps before the common t = 420 endpoint (fig. 6).

6 Conclusion
World action models combine a representation read by the
action expert with the iterative rollout that produces it. In-
tervening on the future K/V interface shows that actions
require values bound to token positions, while one fixed
final-clean K/V cache nearly reproduces Original execution
within 1.9 cm EE-ADE. Because this cache remains rollout-
produced, the intervention establishes consumption-side suf-
ficiency rather than rollout-free production. Rift addresses
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Figure 5: Matched imagined futures. From matched ini-
tial states, Fast-WAM-Joint iterative rollout (top) and Rift
one-pass anticipation decodes (bottom) show similar evolu-
tion at frames 0, 4, and 8 on LIBERO (upper block) and
RoboTwin 2.0 (lower block). Decodes are diagnostic.
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Figure 6: L2–FM uncertainty warning over LIBERO.
Here η is the CUSUM alarm threshold, conformally cali-
brated on all successful tasks; failures are excluded from
calibration. Across the 33 failed rollouts, the detector raises
an alarm an average of 210 steps before failure.

the remaining production problem with one anticipation-
token prefill, preserving the complete future K/V interface
while removing video denoising and VAE decoding. It clears
the current-only gap on LIBERO at 1.1× baseline latency
and reaches the best observed RoboTwin 2.0 success in both
evaluation settings.
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A Training implementation details
Loss normalization. For Lvid, unreduced squared error is
averaged over channel and spatial dimensions and then over
valid latent frames. For LFM, it is averaged over each patch
vector and then over valid future patches. For each sample,
both losses receive the native video-flow timestep weight be-
fore the batch mean. For Lact, squared error is first averaged
over action dimensions, then masked for padding and av-
eraged over the action horizon. The action-timestep weight
from the base objective is applied before the batch mean. The
coefficients of Lvid and Lact are 1. Both λFM and λprobe
remain at 1 for the first 70% of the configured curriculum
horizon and follow a cosine decay to 0.2 over the remaining
30%. Because the probe receives a stopped-gradient input,
its weight cannot affect the deployed representation.

Deployment-matched perturbation. After 70% of the
configured curriculum horizon, the perturbation probabil-
ity rises linearly from 0 to 0.3 and its standard deviation
from 0 to 0.06 times the latent standard deviation. Perturbed
rows retain LFM and Lprobe but are excluded from Lact.

Diagnostic probe. An RMS-normalized linear probe gives
ŶL2 = gω(RMS(stopgrad(Sϕ))). We use the elementwise
mean squared error Lprobe = mean

(
(ŶL2 − Y )2

)
, where

the mean is over all prediction elements in the batch. Its
gradients reach only gω .

Gradient routes. Lvid updates the video expert and its
output head, but not the action expert. Lact updates the
action expert and backpropagates through the attended video
states into the video expert and anticipation tokens. LFM

updates the video expert, anticipation tokens, and FM head;
detached Lprobe updates only the linear probe.

Architecture and training configuration. All in-house
models share the pretrained Wan2.2-5B backbone (Team
Wan et al. 2025): its video DiT, text encoder, and video VAE.
The action expert reuses the video-branch architecture with
reduced hidden dimension da = 1024, giving a 1B action
expert and a 6B total model. The action horizon is H = 32.
Images from multiple cameras are concatenated into a single
image before the VAE, and video is temporally downsampled
by 4× to 9 frames per chunk. Both branches use Fast-WAM’s
continuous flow-matching formulation. During training, we
sample u ∼ U [0, 1), set σ = 5u/(1 + 4u), and supply
t = 1000σ to the model. The FM head reuses the video
scheduler. At deployment, the action is sampled with 10
flow-matching steps and classifier-free guidance scale 1.0,
with no video denoising and no VAE decoding. We train
with AdamW at learning rate 1 × 10−4, weight decay 0.01,
cosine annealing, mixed precision, and gradient clipping at
1.0. LIBERO models train for 20k steps and RoboTwin 2.0
models for 30k steps. Relative to the Fast-WAM backbone
(Yuan et al. 2026), Rift preserves these settings, adding only
anticipation tokens, LFM, and a diagnostic probe.

B Uncertainty for the intervention study
Figure 2 reports point estimates; table 4 gives EE-ADE in-
tervals and the task-level resampling protocol.

Table 4: Uncertainty for the EE-ADE estimates in fig. 2.
The table reports percentile task-cluster bootstrap 95% con-
fidence intervals in centimeters. Each replicate resamples
whole tasks with replacement and recomputes the task-macro
mean, keeping all trials from a sampled task together. Orig-
inal is omitted because its EE-ADE is zero by definition.
Final-clean replay substitutes both final-step keys and val-
ues at every action-denoising step, as in fig. 2. All re-
ported intervention estimates use 2,000 paired trials across
all 40 LIBERO tasks. N/A entries are structural rather than
missing runs: IDM-style models already consume one fixed
final-clean future K/V cache, so final-clean replay coincides
with their Original, and Cosmos-2 exposes only one future
timestep and therefore admits no temporal swap.

Model Intervention EE-ADE 95% CI

Fast-WAM-Joint Final clean K/V 1.908 [1.579, 2.260]
Spatial shuffle 14.306 [12.649, 16.057]
Temporal swap 15.606 [13.973, 17.189]
Noise 17.221 [16.017, 18.405]
Frozen present 18.255 [16.876, 19.655]
Masked future 18.725 [17.499, 19.953]

Fast-WAM-IDM Final clean K/V N/A N/A
Spatial shuffle 15.293 [13.214, 17.418]
Temporal swap 16.325 [15.068, 17.520]
Noise 17.939 [17.070, 18.779]
Frozen present 21.028 [19.901, 22.104]
Masked future 20.378 [19.389, 21.370]

Cosmos-2 Final clean K/V 1.690 [0.260, 3.620]
Spatial shuffle 4.976 [4.342, 5.643]
Temporal swap N/A N/A
Noise 10.494 [8.984, 12.034]
Frozen present 18.090 [16.800, 19.323]
Masked future 11.788 [10.516, 13.034]

LingBot-VA Final clean K/V N/A N/A
Spatial shuffle 19.820 [16.171, 22.550]
Temporal swap 15.706 [12.171, 20.044]
Noise 17.466 [16.099, 18.831]
Frozen present 21.323 [17.515, 25.022]
Masked future 19.176 [17.066, 21.131]

C Comparison of imagined futures
Matched iterative Fast-WAM-Joint and one-pass Rift de-
codes on both benchmarks appear in figs. 7 and 8. These are
diagnostic; section 3.5 provides the closed-loop evidence for
complete-K/V cache sufficiency.

D Optional L2–FM uncertainty warning
The final recipe retains direct L2’s deterministic future-latent
readout as a stopped-gradient diagnostic probe. Both heads
read the same anticipation states but do not feed the con-
troller. This controller-independent comparison runs only in
optional monitor-only mode and is excluded from policy-only
deployment and reported latency. Let µL2 = ŶL2 ∈ Rm×dy

denote the probe estimate, let xFMi ∈ Rm×dy be the
ith of K samples from the conditional-FM head, and let
x̄FM = K−1

∑
i x

FM
i denote their sample mean at the cur-



rent environment step. We measure their normalized cross-
estimator discrepancy as

dratio =
∥µL2 − x̄FM∥2F

K−1
∑K
i=1∥xFMi − x̄FM∥2F + ϵ

, (7)

where ϵ > 0 stabilizes the denominator. Large dratio means
that the probe point estimate departs from the FM mean
beyond the dispersion of the FM samples. It is a warning
statistic, not a failure probability: both heads may still agree
on the same wrong future. Unlike the action-flow accelera-
tion of Rao et al. (2026), this score compares two estimators
in future-latent space. In fig. 6, a one-sided CUSUM accu-
mulates

St = max(0, St−1 + dratio(t)− µd − 0.25σd) , (8)

where µd and σd are calibrated from the 1,967 successes
in the 2,000-episode ledger, and η is the resulting confor-
mal CUSUM alarm threshold. Figure 6 averages St over
all 33 failed rollouts, which are excluded from calibration.
This mean crosses η 210 steps before the common t = 420
endpoint; individual crossing times can differ.

E Limitations and future work
Evaluation is simulation-only. Physical robots and non-
WAM fusion backbones remain future work.

F Per-task RoboTwin 2.0 success rates
Table 5 reports per-task RoboTwin 2.0 success rates.



frame 0 future 2 future 4 future 6 future 8

s0 LIBERO-Spatial  "pick up the black bowl between the plate and the ramekin and place it on the plate"
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s1 LIBERO-Object  "pick up the alphabet soup and place it in the basket"
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s2 LIBERO-Goal  "open the middle drawer of the cabinet"
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s3 LIBERO-Long  "put both the alphabet soup and the tomato sauce in the basket"
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Figure 7: Imagined future: Fast-WAM-Joint iterative diffusion versus Rift one pass. Per state, the top strip is Fast-
WAM-Joint’s future decoded from its full iterative diffusion rollout; the bottom strip is decoded from Rift’s anticipation tokens
after one backbone pass. The first column is the shared current observation at frame 0; the remaining columns show decoded
frames 2, 4, 6, and 8. Visual similarity is illustrative; policy behavior is evaluated separately.



frame 0 future 2 future 4 future 6 future 8

s0 Open Microwave  "Open the medium microwave by pulling its handle."
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s1 Place Shoe  "Move the lace-up black and white shoe from the table to the mat in one fluid motion"
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s2 Stack Blocks  "Reposition red block, green block, and blue block to the middle and arrange blue block above green block and green ..."
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s3 Put Object in Cabinet  "Pull open the drawer of the light wood cabinet and place the rounded gray mouse inside."
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Figure 8: RoboTwin 2.0 imagined future: Fast-WAM-Joint iterative diffusion versus Rift one pass. Each row pair starts
from the same raw observation from three cameras. The first column is the shared observation at frame 0; the remaining columns
show decoded frames 2, 4, 6, and 8. The top strip uses Fast-WAM-Joint’s iterative video diffusion with 20 denoising steps. The
bottom strip shows Rift’s anticipation states from one backbone pass, decoded by the trained linear diagnostic probe and frozen
VAE. The Rift video decode is diagnostic and is not part of its deployed action path; policy behavior is evaluated separately.



Table 5: Per-task RoboTwin 2.0 success rates (%) under clean and randomized settings. ∗ marks results from Yuan et al.
(2026); bold marks each row’s best per setting.

π ∗
0.5 Motus∗ LingBot-VA Fast-WAM-Joint Fast-WAM PFD Rift (Ours)

Task Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand.

Adjust Bottle 100 99 89 93 90 94 99 98 100 100 100 100 100 100
Beat Block Hammer 96 93 95 88 95 98 100 99 100 97 100 97 100 97
Blocks Ranking RGB 92 85 99 97 98 98 100 100 100 98 100 98 100 98
Blocks Ranking Size 49 26 75 63 94 96 87 89 93 98 94 98 94 98
Click Alarmclock 98 89 100 100 98 99 99 100 100 100 100 100 100 100
Click Bell 99 66 100 100 99 99 100 97 100 100 100 100 100 100
Dump Bin Bigbin 92 97 95 91 89 96 96 94 97 96 97 96 97 97
Grab Roller 100 100 100 100 99 99 100 100 100 100 100 100 100 100
Handover Block 66 57 86 73 98 78 92 93 97 81 97 82 97 83
Handover Mic 98 97 78 63 94 96 100 100 99 100 99 100 99 100
Hanging Mug 18 17 38 38 40 28 63 68 60 62 63 65 65 67
Lift Pot 96 85 96 99 99 98 100 100 100 100 100 100 100 100
Move Can Pot 51 55 34 74 94 97 98 98 90 91 91 92 91 92
Move Pillbottle Pad 84 61 93 96 98 99 100 99 100 99 100 99 100 99
Move Playingcard Away 96 84 100 96 99 99 100 100 100 100 100 100 100 100
Move Stapler Pad 56 42 83 85 91 79 83 84 72 70 74 72 75 74
Open Laptop 90 96 95 91 92 94 91 90 99 100 99 100 99 100
Open Microwave 34 77 95 91 82 86 6 25 59 37 62 41 64 45
Pick Diverse Bottles 81 71 90 91 89 82 89 85 81 88 82 89 83 89
Pick Dual Bottles 93 63 96 90 99 99 97 100 100 96 100 96 100 97
Place A2B Left 87 82 88 79 96 93 97 95 94 95 94 95 95 96
Place A2B Right 87 84 91 87 96 95 94 96 94 96 94 96 95 97
Place Bread Basket 77 64 91 94 96 95 91 92 93 93 94 94 94 94
Place Bread Skillet 85 66 86 83 95 90 88 95 95 95 95 95 96 96
Place Burger Fries 94 87 98 98 96 95 100 99 94 98 94 98 95 98
Place Can Basket 62 62 81 76 81 84 53 35 68 63 70 65 72 68
Place Cans Plasticbox 94 84 98 94 99 99 99 97 100 97 100 97 100 97
Place Container Plate 99 95 98 99 98 97 98 100 97 100 97 100 97 100
Place Dual Shoes 75 75 93 87 94 89 95 87 94 89 94 90 95 90
Place Empty Cup 100 99 99 98 99 99 100 100 100 100 100 100 100 100
Place Fan 87 85 91 87 98 93 98 97 95 95 95 95 96 96
Place Mouse Pad 60 39 66 68 93 96 94 92 88 89 89 90 89 90
Place Object Basket 80 76 81 87 91 88 88 80 86 84 87 85 88 86
Place Object Scale 86 80 88 85 96 95 95 100 93 93 94 94 94 94
Place Object Stand 91 85 98 97 98 96 94 96 89 93 90 94 90 94
Place Phone Stand 81 81 87 86 96 97 100 100 99 99 99 99 99 99
Place Shoe 92 93 99 97 97 98 94 98 96 97 96 97 96 97
Press Stapler 87 83 93 98 85 82 52 58 94 96 94 96 95 97
Put Bottles Dustbin 84 79 81 79 87 91 95 93 91 88 92 89 92 89
Put Object Cabinet 80 79 88 71 85 87 93 91 93 90 94 91 94 91
Rotate QRcode 89 87 89 73 96 91 90 94 91 90 92 91 92 91
Scan Object 72 65 67 66 96 91 93 91 90 91 91 92 91 92
Shake Bottle 99 97 100 97 99 97 100 100 100 100 100 100 100 100
Shake Bottle Horizontally 99 99 100 98 99 99 99 100 100 100 100 100 100 100
Stack Blocks Three 91 76 91 95 98 98 99 96 95 96 95 96 96 97
Stack Blocks Two 97 100 100 98 99 98 100 100 100 100 100 100 100 100
Stack Bowls Three 77 71 79 87 86 83 87 84 78 81 80 82 81 83
Stack Bowls Two 95 96 98 98 94 98 96 97 93 94 94 94 94 95
Stamp Seal 79 55 93 92 96 97 97 98 89 97 90 97 90 97
Turn Switch 62 54 84 78 44 45 71 75 60 66 63 68 65 70

Average 82.7 76.8 88.7 87.0 92.4 91.4 91.0 91.1 91.9 91.6 92.5 92.1 92.9 92.6


