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Abstract

World-action models (WAMs) jointly generate future video and robot actions
through iterative diffusion, achieving strong performance on manipulation bench-
marks but requiring tens of sequential denoising steps per chunk, a cost that
precludes real-time control. Step distillation has emerged as the natural remedy
for accelerating diffusion-based generation, but off-the-shelf methods break down
in the joint video-action setting and cause substantial drops in task performance.
The reason is structural. Video and action streams use different SNR-shifted noise
schedules to accommodate their differing dimensionalities, so the two modali-
ties reach training with substantially different marginal noise distributions. Ex-
isting distillation methods are designed for single-modality generation under a
single noise distribution and cannot accommodate this asymmetry. We introduce
Flash-WAM, a modality-aware step-distillation framework inspired by consistency
distillation but adapted to the joint video-action regime. Flash-WAM selects the
consistency function for each modality to match its noise regime: a linear-gradient-
scaling parametrization for the action stream’s low-noise regime, paired with a
variance-preserving parametrization for the video stream’s high-noise regime. The
framework is grounded in a structural analysis of the consistency-function family
that characterizes the achievable gradient scaling under the consistency boundary
condition. Instantiated on LingBot-VA, Flash-WAM compresses inference from
25 video and 50 action denoising steps to 1 step generation, a 23 x speedup that
reduces per-chunk latency from 8.1 seconds to 348 ms on a single NVIDIA L40S
and enables real-time inference. Across both benchmarks, Flash-WAM preserves
task success, achieving 85.54% on RoboTwin 2.0 and 95.7% on LIBERO, while
naive consistency distillation drops to 24% at the same denoising steps.

1 Introduction

Robotic foundation models aim to map perception and language to actions across diverse embodiments
and tasks. The dominant approach has been Vision-Language-Action (VLA) policies [3, [11} 13} 40,
181125, 141]], which adapt pretrained vision-language models (VLMs) to predict actions directly from
observations. While effective in-distribution, VLA policies inherit a representation built for static
visual understanding rather than physical dynamics, limiting their generalization to novel scenes,
objects, and long-horizon tasks [26} [39]. This has motivated a shift toward using World Models
for embodied Al [16} (10, 27], and in particular toward world-action models (WAMs) [15} [1} 35],
which build on pretrained video generation backbones and jointly generate future visual states and
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Figure 1: (a) Per-chunk inference latency on a single NVIDIA L40S. Flash-WAM brings WAM
inference below the real-time control budget. (b) Average success rate on RoboTwin 2.0. Off-the-
shelf distillation methods drop sharply, while Flash-WAM preserves feacher-level performance.

the actions that produce them. By inheriting spatiotemporal priors from large-scale video pretraining,
WAMs are emerging as the strongest candidate for general-purpose robotic foundation models.

Most current WAMs realize joint video-action generation through a two-stage process: at each control
step, the model first denoises a chunk of future video latents, then decodes the next action sequence
conditioned on the predicted frames [11 33]. Both stages are diffusion processes requiring
iterative denoising, and both contribute substantially to per-chunk latency. As shown in Figure ] (a),
on the RoboTwin 2.0 [4] benchmark, the representative state-of-the-art WAM LingBot-VA runs
25 video denoising steps and 50 action denoising steps per chunk, costing 3550 ms for video and
4550 ms for action on a single NVIDIA L40S GPU, for a total of 8.1 s per chunk (Figure[T). At this
cost, real-time closed-loop control is out of reach. Existing WAMSs [33] mitigate this through
engineering-level optimizations such as KV caching of past observations, partial denoising via noisy
history augmentation, and asynchronous prediction-execution pipelines. These techniques reduce
wall-clock latency without changing the underlying number of denoising steps, and remain orthogonal
to methods that compress the denoising procedure itself.

A natural remedy is step distillation, which enables diffusion models to generate comparable results
with far fewer denoising steps. Step distillation has been extensively developed for single-modality
generation and has demonstrated substantial speedups for image and video synthesis [36].
However, transferring these methods to the joint video-action setting is non-trivial: distribution-
matching approaches such as DMD?2 [36]] require auxiliary score networks and adversarial training,
which couple awkwardly with the asymmetric per-modality noise schedules used in WAMs; progres-
sive distillation 28] requires a multi-stage training pipeline that scales poorly to the large pre-trained
backbones that underlie modern WAMs. Consistency distillation [29] 22] is the most natural fit since
it requires no auxiliary networks, integrates cleanly into existing flow-matching frameworks, and
admits the analytical treatment we develop in this paper. Yet even this otherwise reliable approach
does not carry over directly to WAMs. Applying consistency distillation naively to a joint video-action
model collapses task success rates from over 91% to below 32% on RoboTwin (Section , posing
a key obstacle to scaling WAMs toward real-time inference.

However, naively transferring consistency distillation to WAMSs does not work. We uncover a
fundamental incompatibility between standard consistency distillation and joint diffusion under
asymmetric noise schedules. Video latents and action sequences have fundamentally different
statistical properties: video is high-dimensional and structurally redundant, while actions are low-
dimensional and precision-critical. To accommodate this asymmetry, WAMs employ different Signal-
to-Noise-Ratio (SNR) shifted noise schedulers per modality [35]], matched to each modality’s
information content. As a consequence, the two streams reach the consistency-distillation loss under
substantially different marginal noise distributions: video noise concentrates at high o, while action
noise spreads across the full range with substantial mass at low o. We show that existing consistency
distillation method (e.g., LCM [22])) provide gradient signal that vanishes quadratically as ¢ — 0,



leaving the action stream with negligible learning signal across most of its training distribution. Naive
joint distillation therefore collapses action accuracy even when video reconstruction is preserved.

After identifying this incompatibility, we propose Flash-WAM, a step-distillation framework for joint
video-action diffusion models. The core idea is to treat video and action distillation as fundamentally
different problems with different gradient-signal requirements. Each modality receives a consistency
function matched to where its training distribution concentrates: a variance-preserving choice for the
high-o regime where video trains, and a linear-gradient-scaling choice for the low-o regime where
actions train. We apply Flash-WAM to the released LingBot-VA model [[15], the state-of-the-art
open-source joint video-action diffusion model on manipulation benchmarks, whose parameter count
is small enough to run on commodity edge hardware where step distillation has the most practical
impact. Flash-WAM recovers task success with a single video step and one action step, achieving a
23 x speedup that brings per-chunk inference latency from 8.1 seconds to 348 ms on a single NVIDIA
L40S, enabling real-time inference. Our contributions are as follows:

* Diagnosis of joint-modality distillation failure. We identify and characterize the structural
failure mode that prevents off-the-shelf consistency distillation methods from succeeding in
the joint video-action regime, with formal analysis and empirical experiments.

* Modality-aware consistency distillation. We propose Flash-WAM, a step-distillation
framework that selects different members of the consistency-function family for each
modality based on its noise regime. The framework is grounded in a structural analysis of
the consistency-function family, characterizing the achievable gradient scaling under the
consistency boundary condition.

* Real-time WAM inference. On LingBot-VA, Flash-WAM compresses inference from 25
video and 50 action denoising steps to a single step in each modality, a 23 x speedup that
brings per-chunk latency below the real-time control budget. At one video step and two
action steps, Flash-WAM recovers 85.5% on RoboTwin 2.0 and 95.7% on LIBERO; at one
video step and one action step, it retains 81.4% and 95.1% respectively.

2 Related Works

Unified World Action Models. Recent world-action models couple video and action generation in
a single framework. LingBot-VA [[15] casts policy generation as autoregressive video-action diffusion
through a shared transformer backbone; Motus [1]] adopts a Mixture-of-Transformers architecture
coupling a vision-language model, video generator, and action generator via cross-attention; and
DreamZero [35] integrates inference-time optimizations that reduce denoising steps at the architecture
level. They share an inference-time bottleneck dominated by iterative video and action denoising.
A complementary line of work reduces this bottleneck by avoiding test-time video generation:
GigaWorld-Policy [34] treats future visual dynamics as a reasoning signal under a causal mask rather
than an explicit prediction, and Fast-WAM [38]] repurposes a pretrained video DiT as a single-pass
encoder for action generation. Our Flash-WAM follows a different direction. Rather than removing
video generation, we accelerate it through step distillation, preserving the original WAM inference
structure while collapsing each modality’s denoising into one steps.

Step Distiillation. Recent works compress the iterative denoising process of diffusion models
into a small number of inference steps, broadly organized into two families. Trajectory-following
methods [28, 29| 22| 9| 18] train the student to follow the teacher’s ODE trajectory: progressive
distillation [28] iteratively halves the number of sampling steps, and consistency models [29} 22| 9]]
enforce that any point on the trajectory maps to the same clean endpoint. Distribution-matching
methods [37, 136} 211 23] 133, [7]] instead train the student so that its output distribution matches the
teacher’s, using auxiliary score networks and KL-style or adversarial objectives. Both families have
been extended to video diffusion, addressing the additional cost of high-dimensional spatiotemporal
tokens [32, 13115 14} 24]. However, these methods are designed for single-modality generation under
a single noise distribution. Trajectory-following methods are particularly attractive for our setting
because they integrate cleanly into existing flow-matching frameworks and admit the analytical
treatment of gradient signal we develop in Section



3 Preliminaries

Modern world-action models generate future visual states and the corresponding action sequences
using flow matching, a continuous-time generative process that transforms noise into data through
iterative denoising. The cost of this iterative process motivates step distillation, in which a student
model @ is trained to reproduce the output of a pretrained feacher model 7 in fewer denoising steps.
We review flow matching (Section [3.1)) as the underlying generative framework and consistency
distillation (Section [3.2)) as the acceleration mechanism, then formalize the joint video-action setting
considered in this work (Section 3.3).

3.1 Flow Matching

Flow matching [[19,[6] is a continuous-time generative framework that learns to transport samples
from a noise distribution to a data distribution along straight-line interpolation paths. Clean data x is
corrupted to x, = (1 — o) xg + o € with e ~ N (0,I) and o € [0, 1]. A neural network vy is trained
to predict the velocity v = € — xg = dx,/do via the flow matching objective:

‘CFM :EXO,S,UHUQ(XU7U) - (€_X0)||2» (1)

from which the clean estimate is recovered as Xg = X, — 0 vg. To control where training mass
concentrates along the noise schedule, an SNR-shifted sampler is commonly used:

- so
1+ (s—1)5’

parametrized by a shift s > 1; larger s pushes the distribution toward higher noise levels. Samples
are generated at inference by numerical Euler integration of the velocity field from 0 = 1to o = 0.

g

G ~Ulo,1], @

3.2 Consistency Distillation

Consistency models [29, 22} 9] accelerate sampling by enforcing the consistency property: a con-
sistency function f(x,,c) maps any point on the probability flow Ordinary Differential Equation
(ODE) trajectory to its clean endpoint at o = 0. The general form is

f(Xg,0) = a(o) %, + b(0) vo(Xs, 0), 3)
where a, b : [0, 1] — R satisfy the boundary condition a(0) = 1, b(0) = 0 that enforces f(xg,0) =
Xo. Standard parametrization [12} 29] takes a(0) = cuip(0) + Cou(0) and b(0) = —cou(0) o, With

cskip = 02/(0% + 02) and cou = 00q/+\/02 + 02

In the distillation setting, a frozen teacher 61 provides guided Euler steps while a student 85 and an
Exponential Moving Average (EMA) target 6+ are trained to agree along these trajectories. At each
iteration, a noise level o is sampled, the schedule is advanced & discrete steps to obtain o, < oy,
and the target X,, = Xy, + Ucfg (0 — 0) is formed via a teacher Euler step (with classifier-free
guidance during distillation). The student is trained against this target via the consistency loss:

‘CCD = d(f‘gs (ng,as), .fas/ (5(0370'6)) 5 (4)

where d is a distance metric.

3.3 Problem Formulation

World-action models (WAMs) decompose policy generation into two coupled stages: visual dynamics
prediction, which predicts how the world will evolve in latent space, and inverse dynamics, which
recovers the actions consistent with that predicted transition. Given a context C summarizing past
observations, past actions, and a language instruction, a WAM jointly samples a chunk of K future
video latents x" and the corresponding action sequence x“:

x" ~py(x" | C) (visual dynamics) 5)
x% ~ pp(x* | xY, C) (inverse dynamics) (6)

This autoregressive factorization grounds actions in predicted future states. Both stages share the
same transformer parameters 6, and each stage is realized as flow matching (Eq.[I): visual dynamics
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Figure 2: Overview of Flash-WAM. Left: the diagnostic motivation showing why naive consistency
distillation fails on joint video-action models. Middle: the Flash-WAM training pipeline with
modality-aware consistency functions. Right: the distilled student at deployment, autoregressively
generating video and actions with single denoising step.

is sampled by Euler integration of a video velocity field vg over NV steps, and inverse dynamics by
integration of an action velocity field vj over N steps. Generating one chunk therefore requires
NV 4+ N® sequential transformer forward passes, dominating per-chunk latency and preventing real-
time control. We use the shorthand N"v/NN“a to denote a specific Number of Function Evaluation
(NFE) configuration; for example, 25v/50a denotes 25 video and 50 action denoising steps.

Reducing the per-chunk denoising cost via step distillation (Eq. ) is the natural path to real-time
deployment. However, the joint video-action setting departs from the single-modality regime in
which distillation methods are typically designed. Following standard practice [13} 33|, the two
stages use independent SNR-shifted schedulers (Eq. [2) with per-modality shift parameters s” (video)
and s (action) satisfying

s¥ > 5%, @)

reflecting that high-dimensional, structurally redundant video latents tolerate heavier per-step noise,
while low-dimensional, precision-critical action sequences require a gentler schedule. Because the two
schedulers concentrate training mass at different parts of the noise schedule, the two modalities reach
the consistency-distillation loss (Eq.[d) in structurally different noise regimes: a single consistency
function f(x,,0) = a(0)x, + b(c)vg (Eq.[3) applied uniformly across them cannot serve both at
once. This is the central obstacle that Flash-WAM addresses, and the focus of Section [4}

4 Methodology

We introduce Flash-WAM, a step-distillation framework for joint video-action diffusion models.
Under the asymmetric noise schedules of Section[3.3](s” > s%), the two streams reach the consistency-
distillation loss in structurally different noise regimes, and the consistency function applied to each
stream must be selected to match its regime. Section [.T]establishes why off-the-shelf consistency
distillation fails when applied uniformly to both modalities. Section[#.2]then derives Flash-WAM'’s
modality-aware consistency functions, with parametrizations selected to match each modality’s
marginal noise distribution and a joint training objective that distills both streams together.

4.1 The Joint Distillation Regime

The most direct approach to distilling a joint video-action diffusion model is to apply a single
consistency function uniformly across both modalities. In the joint regime defined by Section [3.3]
this assumption fails since the two modalities reach the loss with substantially different marginal o
distributions. The video stream concentrates near the upper end of [0, 1], while the action stream



spreads across the full range, placing substantial training mass at low o. We show that this asymmetry
produces a structural failure mode rather than a tunable inefficiency, motivating a framework that
handles each modality’s regime explicitly.

We trace this failure to the gradient signal that the consistency loss provides at each noise level. Recall
from Section [3.2] that any valid consistency function takes the form f(x,,0) = a(0) x, + b(0) vg
with boundary condition a(0) = 1, 5(0) = 0. Since f depends on 6 only through vy, the gradient
of the consistency loss with respect to  scales pointwise as |b(c)|: whenever |b(o)]| is small, the
network receives little learning signal at noise level o regardless of the prediction quality of vg. The
choice of b therefore determines where in the noise schedule the model can effectively learn.

As a concrete representative of this family, consider the standard LCM parametrization with

brem(o) = —c%0q/\/0? + o3, Both brcm(0) = 0 and bf -y (0) = 0, so a Taylor expansion
at zero gives |bcm(0)| = 02 /o4 + O(o*) which is a quadratic vanishing as o — 0. The left panel
of Figure 2] quantifies the gap: at o = 0.1, LCM’s gradient-scale factor |bcn (o) (blue line) is
roughly 36 x smaller than the factor at the high-o regime where video lives. The quadratic vanishing
is not specific to LCM but reflects where in the consistency-function family LCM sits. The following
result characterizes the best achievable scaling near o = 0:

Proposition 1 (Optimal gradient scaling near ¢ = 0). Let f(x,,0) = ( )Xo + b(c)vg be any
consistency function with a,b € C*([0,1]) satisfying a(0) = 1, b(0) = 0. Then |b(c)| = O(0) as
o — 0, and this bound is attained if and only if b/ (0) # 0.

Proof. By Taylor’s theorem at o = 0 with b(0) = 0, b(c') = b'(0)o + O(c?), so |b(o)| < |b'(0)|o +
O(0?). The leading term vanishes iff &' (0) = 0, in which case |b(c)| = O(c?). O

LCM falls in the suboptimal case b’ (0) = 0. The proposition shows that any consistency function
with b’(0) # 0 achieves linear scaling in the low-o regime, whereas LCM achieves only quadratic
scaling. We note that this obstruction is structural rather than parametric. For every choice of oy,

the inequality o%04/+/02 + 03 < o holds, so no LCM-family member reaches the linear bound of
Proposition[I] We therefore look outside the LCM family for the action-stream consistency function.

4.2 Modality-Aware Consistency Functions

Action stream. We now construct consistency functions matched to each modality’s noise regime,
beginning with the action stream. The action stream concentrates training mass in the low-o regime
where Proposition[I]is decisive. The simplest pair (a, b) satisfying a(0) = 1, b(0) = 0, and b'(0) # 0
is as follows:

alo) =1,  blo) = —o, ®)

in which b is exactly linear in o (no higher-order terms to dampen the gradient), a is constant (the
consistency target depends on vy uniformly across o rather than being shadowed by a varying skip
term), and neither involves a tunable hyperparameter. The resulting consistency function for the
action stream is

fixg,0) =1.x2 —0.wy(x2,0). )

The boundary condition f*(x%,0) = x& holds by construction, and the consistency property is
enforced exactly as in standard consistency distillation [29][22]]. By design, |b(c)| = o throughout
[0, 1], achieving the linear scaling of Proposition [I} The derivation here clarifies its role within
Flash-WAM as the canonical low-o realization of the consistency-function family, selected by the
framework’s matching principle rather than imported as a parametrization choice.

Video stream. The action-side selection criterion (linear scaling near o = 0) does not apply to
the video stream. With high s, the video distribution concentrates at large o, where LCM already
provides ample gradient signal. In this regime, Flash-WAM'’s selection criterion shifts to the high-o
stability properties that the Karras parametrization [12]] provides:

s Variance preservation. The Karras parametrization keeps Var[f] ~ o2 uniformly in o,
holding the network’s effective input/output ranges stable. Under Eq. (8), Var[x, — ovg]
grows with o, amplifying any prediction error by a factor of o.



Table 1: Success rates on RoboTwin 2.0 simulation (Clean and Randomized splits, 50 tasks) and
speedup over the LingBot-VA as the teacher. “*” indicates results we have reproduced.

Method N” N¢% Clean Rand. Average Speedup
o [3] - - 6592 5840 62.2 -
mo.5 [11] - - 8274 76.76 79.8 -
X-VLA [40] - - 729 728 72.8 -
Motus [1] - - 88.66 87.02 87.8 -
LingBot-VA* [15] 25 50 91.64 9086 91.25 1.0x
LingBot-VA + DMD2 1 2 8508 7236 78.74
LingBot-VA + Video-only LCM 1 2 80.66 7692  78.79 19.0x
LingBot-VA + Naive Joint LCM 1 2 2588 2207 23.97 )
Ours 1 2 8842 82.66 85.54
LingBot-VA + DMD2 1 1 5266 4846  50.56
LingBot-VA + Video-only LCM 1 1 7790 69.46  73.68 23 3%
LingBot-VA + Naive Joint LCM 1 1 39.68 3296  36.32 '
Ours 1 1 8256 80.26 8141

* Bounded output range. At high noise, coy — 04 caps the output magnitude, while Eq. (8]
has no such bound and can drift outside the data manifold during early training.

For high-dimensional video latents these properties have a direct numerical impact; for low-
dimensional, bounded action targets they are largely irrelevant. Flash-WAM therefore selects the
LCM parameterization for the video stream:

[(xp,0) = cuip(0) Xg + cou(0) X (10)

Joint training objective. The student is trained to satisfy the consistency property in both modalities
simultaneously. Each modality contributes a consistency loss using its own consistency function:

L= d(f5, 00,00, f5, (Ro00)). L0 =d(f5, (00, fi, (ReL00), (D)

where the teacher Euler step uses CFG with w ~ U[Wmin, Wmax] for video and the unguided
prediction for action. The full Flash-WAM objective combines both:

L=LY+ N, L. (12)

Both consistency targets are computed from a single forward pass per model: video and action tokens
are concatenated into the joint sequence used in pre-training and processed by the shared transformer
with flex attention. The modality-aware parameterization therefore affect only the per-stream loss
heads, leaving the architecture and per-step compute cost unchanged from the teacher.

Flash-WAM'’s contribution lies in this principled selection: the per-modality parametrizations are
well-known members of the consistency-function family, but the framework explains which to use
where, and why.

5 Experiments

5.1 Experimental Setup

We apply our method to the released LingBot-VA model [[15] (shared backbone version), a state-
of-the-art, open-source world-action model whose parameter count is small enough for commodity
edge deployment, where step distillation has the most practical impact. Other recent WAMs (Mo-
tus [1]], DreamZero [35]) adopt different architectural formulations or integrate their own inference-
optimization stacks at the architecture level, and fall outside the scope of our analysis. Per-chunk
latency is measured on a single NVIDIA L40S GPU. Although no formal threshold exists for real-time
chunked diffusion-based manipulation, we adopt 500 ms (a 2 Hz chunk-level rate) as our real-time
budget, consistent with operating points reported in prior work [2} 30]] (Figure [I)).



Table 2: Success rates on LIBERO benchmarks (Spatial, Object, Goal, Long-horizon) and speedup
over the LingBot-VA teacher. “*” indicates results we have reproduced.

Method NV N® Spatial Object Goal Long Average Speedup
mo [3] - - 96.8 98.8 95.8 852 94.1 -
X-VLA [40] - - 98.2 98.6 97.8 97.6 98.1 -
LingBot-VA* [T13] 20 50 98.5 99.8 98.0 983 98.6 1.0x
LingBot-VA + Video-only LCM 1 2 95.1 92.0 96.0 97.8 95.2 13.7x
Ours 1 2 97.0 92.8 964 98.0 95.7 13.7x
LingBot-VA + Video-only LCM 1 1 95.0 915 950 954 94.2 16.3x
Ours 1 1 96.0 92.6 96.0 958 95.1 16.3x
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Figure 3: Qualitative comparison on RoboTwin task “pick diverse bottles”, generated open-loop by
Flash-WAM and the distillation baselines.

Benchmarks. We evaluate on two simulation benchmarks. RoboTwin 2.0 [4] is a bimanual
manipulation benchmark covering 50 tasks under two evaluation settings: a Clean split with fixed
initial configurations, and a Randomized split where object poses, lighting, and scene layouts are
perturbed at evaluation time to test robustness to distribution shift. LIBERO [20] comprises four
task suites—Spatial, Object, Goal, and Long-horizon—covering varied manipulation skills, with 500
demonstrations per suite.

Baselines. = We compare Flash-WAM against off-the-shelf step-distillation algorithms reimple-
mented for joint video-action generation models. Naive joint LCM applies the standard LCM
consistency function uniformly across video and action streams, serving as the direct counterpart
to our method. DMD2 adapts Distribution Matching Distillation [36] to LingBot-VA’s video stream,
with a flow-matching regularizer on the action stream to stabilize action behavior under the distilled
video. Video-only LCM distills only the video stream while leaving the action stream unchanged.
We further report reference VLA baselines (7, 7.5, X-VLA, Motus) for context on absolute task
performance. Full implementation details for our method and all baselines, including hyperparameters
and training configurations, are provided in Appendix [A]

5.2 Main Results

RoboTwin. Table|[T]reports success rates on RoboTwin 2.0. Flash-WAM at 1v/2a achieves 85.54%
average success, recovering most of LingBot-VA’s 91.25% at a 19x speedup. At the more aggressive



Table 3: Ablation analysis on RoboTwin 2.0. We compare four LCM-based distillation strategies
against the unaccelerated LingBot-VA at two NFE configurations, broken down by task horizon (1, 2,
3 sequential steps) and averaged across all 50 tasks.

Horizon = 1 Horizon =2 Horizon =3 Average (50 tasks)
Method NV N% Clean Rand. Clean Rand. Clean Rand. Clean Rand.
LingBot-VA teacher 25 50 94.18 93.56 90.35 86.95 9322 9328 9293 91.55
Video-only LCM 1 2 87.10 8273 7313 68.19 6250 68.25 80.66 76.92
Video-only LCM +reg. 1 2 9153 8850 83.00 74.69 68.00 62.75 86.92 82.02
Naive Joint LCM 1 2 41.00 35.13 4.00 3.13 0.00 0.00 25.88 20.08
Flash-WAM 1 2 9230 8847 84.88 76.63 73.50 63.25 88.42 82.66
Video-only LCM 1 1 85.57 78.17 72.06 61.81 4375 3475 77.90 69.46
Video-only LCM +reg. 1 1 66.87 61.07 39.19 3556 1025 475 5348 48.40
Naive Joint LCM 1 1 5463 4600 2156 1563 0.00 0.00 39.68 32.96
Flash-WAM 1 1 87.30 8693 7844 72.63 63.50 60.75 82.56 80.26

1v/1a configuration, Flash-WAM still achieves 81.41% average success, within 10 points of the
unaccelerated configuration despite reducing video denoising by 25X and action denoising by 50x.
As shown in Figure[I] the corresponding 23.3 x speedup brings per-chunk latency down to 348 ms
on a single NVIDIA L40S, enabling real-time inference. Off-the-shelf distillation methods fall well
short at the same NFE budgets. At 1v/2a, naive joint LCM collapses to 23.97%, DMD2 reaches
78.74%, and video-only LCM trails at 78.79%. The pattern persists at 1v/1a: naive joint LCM and
DMD?2 degrade further, while video-only LCM drops to 73.68%. Flash-WAM also surpasses the
strongest VLA reference baselines (g, 7.5, X-VLA) and remains competitive with Motus.

LIBERO. Table [2]reports success rates on LIBERO across its four task suites (Spatial, Object,
Goal, Long-horizon). Flash-WAM at 1v/2a achieves 95.7% average success, recovering nearly all of
the LingBot-VA teacher’s 98.6% at a 13.7x speedup, and outperforms Video-only LCM on every
suite. At 1v/1a, Flash-WAM achieves 95.1% average success at a 16.3x speedup, reducing per-chunk
latency from 6,767 ms to 404 ms on NVIDIA L40S and crossing the real-time control budget.

Qualitative analysis. Figure [3|shows representative frames of video predictions from an open-loop
autoregressive rollout on a RoboTwin Clean-split task, in which the model generates all subsequent
video chunks without intermediate observation feedback. The unaccelerated LingBot-VA teacher
(25v/50a) produces clean predictions with object identity and gripper geometry preserved throughout.
Both off-the-shelf distillation baselines (naive joint LCM and DMD?2) degrade visibly under the
same 1v/2a NFE budget as our method: the brown bottle disappears entirely under naive joint LCM
and becomes blurred under DMD?2. Our method preserves recognizable scene structure and object
identity across the rollout. We emphasize that this figure illustrates video-prediction quality only;
action precision is captured quantitatively in the success-rate tables.

5.3 Ablation Analysis

Table |3| compares Flash-WAM against three alternative LCM-based distillation strategies on
RoboTwin: distilling both modalities uniformly (Naive joint LCM), distilling only the video stream
(Video-only LCM), or distilling video while anchoring action behavior with an MSE regularizer
(Video-only LCM + reg.). Across both NFE configurations and all task horizons, Flash-WAM
outperforms every alternative on Clean and Randomized splits. Naive joint LCM collapses entirely,
dropping to 25.88% (Clean split) at 1v/2a with near-zero success at horizons 2 and 3, confirming the
analysis of Section[4.1] Video-only LCM avoids this collapse by leaving the action stream at full
teacher NFE, but still trails Flash-WAM by roughly 7 points on average at 1v/2a, showing that proper
distillation of the action stream is necessary rather than optional. Adding an MSE regularizer recovers
6 points over plain video-only LCM at 1v/2a but degrades at the more aggressive 1v/1a configuration,
falling 24 points below plain video-only LCM: an auxiliary loss cannot substitute for distilling the
action stream when the action NFE budget is tight. Flash-WAM’s modality-aware parametrization is
therefore the only strategy that preserves teacher-level accuracy across both NFE configurations and
across horizons.



6 Conclusion

We introduced Flash-WAM, a step-distillation framework for joint video-action diffusion models.
Our analysis identifies a structural failure mode in off-the-shelf consistency distillation: asymmetric
per-modality noise schedules cause the two streams to reach the distillation loss in different regimes,
where a single consistency function cannot serve both. Flash-WAM resolves this by selecting
different members of the consistency-function family for each modality, matched to its noise regime.
Instantiated on LingBot-VA, the framework recovers near-original task success (85.54% on RoboTwin
and 95.7% on LIBERO) at 19x speedup, and reaches even 23 x speedup at a single step with real-time
per-chunk latency.
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A Implementation Details

We provide full implementation details for our method and all baselines. Section[A.T|describes the
fine-tuning phase in which the released LingBot-VA base checkpoint is adapted to each LIBERO
suite prior to distillation. Section[A.2]reports the distillation hyperparameters used to train Flash-
WAM, which are largely shared between the LIBERO and RoboTwin experiments. Section ?? then
specifies the implementation choices for each baseline, organized by distillation family. All training
is performed on NVIDIA H100 GPUs; evaluation and latency profiling are performed on NVIDIA
L40S GPUs.

A.1 Libero Finetuning

The released LingBot-VA checkpoint is a base model trained on multi-task data [[15]. Following the
LingBot-VA protocol, we first fine-tune this base checkpoint separately on each LIBERO suite for
4,000 training steps before applying step distillation. The fine-tuning hyperparameters are listed in
Tabled Fine-tuning on each suite will take about 24 hours on 4 H100s.

Table 4: Hyperparameters used to fine-tune the LingBot-VA base checkpoint on each LIBERO suite.

Hyperparameter Value
Optimization
Optimizer AdamW, (81, B2) = (0.9,0.95)
Learning rate 1x107°
Weight decay 0.1
Warmup steps 10 (linear warmup, then constant)
Gradient clipping 2.0
Batching
Per-device batch size 1
Gradient accumulation steps 30
Effective batch size 120 (4x H100)

Training schedule
Total training steps 4,000

A.2 Flash-WAM Distillation Hyperparameters

Starting from the fine-tuned LingBot-VA teacher, we apply Flash-WAM for 2,000 steps on each
LIBERO suite using the hyperparameters in Table[5] Each suite takes approximately 24 hours on 4 x
H100 GPUs. The same training procedure is applied to all LCM-based baselines (Naive joint LCM,
Video-only LCM, Video-only LCM + reg.) on RoboTwin for fair comparison.

A.3 Baseline Implementations

We describe each baseline’s specific implementation choices, organized by distillation family. All
baselines share the training data, base checkpoint, and number of training iterations with our method
(Section[A.2); they differ only in the distillation objective applied.

A.3.1 Naive Joint LCM

Naive Joint LCM applies the standard LCM consistency function [22] uniformly across video and
action streams. The consistency function takes the form f(x,,0) = cuip(0)Xs + Cou(0) %o With
Cokip = 03 /(0% + 05) and coy = 004/+/0? + o3. The consistency loss is computed independently
for each modality and combined as £ = LV + A\, L* with A\, = 1.0, identical to Flash-WAM’s joint
training objective. The only difference from Flash-WAM is that the action stream uses the same LCM
parametrization as video rather than the linear-scaling parametrization.
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Table 5: Hyperparameters used to train our distilled student on LIBERO. The same configuration is
used across all four LIBERO suites.

Hyperparameter Value
Architecture
Image resolution 128 x 128
Action dimension 30
Actions per video frame 4
Frame chunk size K 4

Flow matching

Video SNR shift s” 5.0
Action SNR shift s* 1.0
Consistency distillation
Action loss weight A\, 1.0
Action regularizer weight A, 0.2
EMA decay o 0.995
Data scale o4 0.5
Loss type Huber (¢ = 0.001)
CFG range [Wmin, Wmax| [2.0, 10.0]
Optimization
Optimizer AdamW, (81, 82) = (0.9,0.999)
Learning rate 5x 107
Gradient clipping 2.0
Warmup steps 100
Effective batch size 48 (4x H100)

A.3.2 Video-only LCM

Video-only LCM distills only the video stream while leaving the action stream unchanged at full
teacher NFE during inference. During training, the consistency loss is computed only on the video
stream. The action stream is not modified during distillation; at inference, the distilled student handles
the video forward pass at the reduced NFE while the action stream is denoised at the teacher’s full
50-step schedule. All other hyperparameters match the Flash-WAM configuration in Table [5}

A.3.3 Video-only LCM + reg

Video-only LCM + reg extends Video-only LCM by adding a flow-matching regularizer on the action
stream during distillation, allowing both streams to operate at reduced NFE at inference time. The
video stream is supervised by the standard LCM consistency loss as in Video-only LCM. The action
stream is supervised by an MSE flow-matching loss anchored against the demonstration distribution.
Specifically, given a clean ground-truth action x§ and a noise level o sampled from the action stream’s
schedule, the action input is constructed as x% = (1 — o) x% + o €* with €* ~ N(0,I), and the
regularizer supervises the student’s action velocity prediction against the target velocity:

*

a a
v :xJ_XO

13)
g

The action regularizer takes the form
a 1 a 2
= M 06, — o) a4

where M is the per-channel action validity mask. The full training objective combines the video
consistency loss with the action regularizer:
L:LECM"‘)\TLG (15)

reg”

All other hyperparameters match the Flash-WAM configuration in Table [5]

A.3.4 DMD2 Baseline Implementations

DMD?2 [36] was originally proposed for single-modality image and video distillation. Adapting it to
the joint video-action diffusion regime requires several architectural and training decisions that the
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original method does not prescribe. We describe our adaptation choices in this section to make our
two DMD2 baselines reproducible: Video-only DMD2 + reg (used in the main results, TableI)) and
Joint DMD2 (the fully-joint variant evaluated in Appendix [B).

Throughout, we use the following notation: 7 for the unaccelerated LingBot-VA model, 6 for the
student, and ¢ for the critic. We denote the student’s final output as Gy (2, y) = Xg, where z is the
random seed and y is the conditioning context.

Networks. We maintain three full-copy networks of the joint video-action backbone:

* Reference model 01 (frozen): the pretrained LingBot-VA model. Defines the real score.
* Student 0g (trainable): a K -step generator initialized from 6.

* Critic O¢ (trainable): tracks the student’s joint generation distribution. Defines the fake
score.

A single critic scores both modalities through the shared backbone with separate output heads (the
same head structure as the reference model).

Variant overview. The two DMD?2 baselines differ in two dimensions: which modalities are
generated from noise during student rollouts, and which losses contribute to the student objective.
Joint DMD?2 (appendix variant): The student generates both video and action from pure noise via
K -step denoising. Distribution-matching losses are applied to both modalities. There is no action
regularizer. Video-only DMD?2 + reg (main paper variant): The student generates only the video
stream from pure noise. The action stream input is constructed by perturbing the ground-truth
action at each noise level rather than being denoised from noise. The student is supervised by
distribution-matching on the video stream and an MSE-based action regularizer on the action stream.

The networks, scoring procedure, and critic objective are shared between the two variants. The
variant-specific differences are flagged where they apply in the descriptions below.

Student rollout. The student denoises in K steps (we use K = 4) following a uniform noise-band
schedule 1 = o¢p > 01 > --- > og = 0. At each step 4, the student computes the velocity prediction

UGS(Xgiaxglaigv igy gy, y)7 (16)
from which the predicted clean output for video is recovered as kg’(i) = X,, — 0; vy, Clean-context
tokens (X, X&) supply past-frame context through flex attention, exactly as in pretraining (block-

causal across chunks; strict causality from noisy to clean tokens). The video input at the next step is
constructed by re-noising the predicted clean video:

(7) + 0ig1 ev,(i—Q—l)’ 6v,(i+1) ~ N(O,I) (17)

A,
Xg,,, = (1 —0it1) X,
The action stream input depends on the variant. For Joint DMD?2, the action stream is denoised
symmetrically with the video stream:

Xg'i+1 = (1 - O'ﬁ-l) igﬁ)

+ 01 €0, (18)
where fcg’(i) = Xg, — 0; vy,. For Video-only DMD?2 + reg, the action stream input at each step is
constructed by directly perturbing the ground-truth action at the corresponding noise level:

X% = (1—0;)x¢ + 0 €, € ~ N(0,1), (19)

g4

with x§ the ground-truth action. To bound activation memory, only the final step (¢ = K — 1) retains
autograd; steps 0, ..., K — 2 run under no_grad.

Single-pass joint scoring. Given a student rollout output, both modalities are re-noised at indepen-
dently sampled noise levels o, o ~ 1/(0.02,0.98) and presented jointly to both the critic and the
reference model:

x'=(1-0")%x5+00"n". (20)
For Joint DMD?2, the action input to scoring is constructed analogously by re-noising the student’s
predicted action X§. For Video-only DMD2 + reg, the action input to scoring is constructed by
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perturbing the ground-truth action x§ at noise level o directly. In both variants, the critic and
reference model produce their predictions in a single forward pass on the joint input (X", X%).

The fake and real predicted clean outputs for video are

g =X =t g (XX, 07, 0% y), 2D
Xy =X — oo (R, X 07, 0% y), (22)
with classifier-free guidance applied only to the video real score:
ofg —
Vo © =V, (| @) +w” [og, (- [y) —vg, (-1 2)],  w” =30 (23)
For Joint DMD?2, the analogous fake and real action outputs are computed from the critic and
reference model’s action heads (without CFG): %3 = %% — ¢® vg (- | y). Total scoring cost per

joint sample is three forward passes (one critic, two reference: conditioned and unconditioned).

Distribution-matching losses. The DMD?2 distribution-matching gradient pushes the student’s
output distribution toward the reference distribution. For video,

: : 2
‘CBM = %HG;S(Z,y) —Sg[GléS(Z,y) _gv” ) (24)
where the gradient surrogate is
~ v,fake ~v,real
0o — %o
9’ = ; (25)
I = 55", + =

with ¢ = 10~® and per-sample L; normalization following the DMD?2 gradient-norm fix. For Joint
DMD?2, an analogous distribution-matching loss is applied to the action stream:

~ a,fake ~a,real

X - X

a _ 0 0 , 26
SRR .

a 1 a a a
EDM: WHMQ( 0s _Sg[Ges -9 ])’

where M is the per-channel action validity mask. For Video-only DMD2 + reg, no distribution-
matching loss is applied to the action stream.

g 27)

Action regularizer (Video-only DMD2 + reg only). For the Video-only DMD2 + reg variant, we
anchor the student’s action head to the demonstration distribution with a flow-matching loss evaluated
on the action input at the student’s final generation step. Let xg, | denote the action input at step
K — 1 (the perturbed ground-truth action). The target velocity that maps this input to the clean
ground-truth action is

X% — X§
et (28)
OK-1
We supervise the student’s final-step action prediction against v™:
a 1 a * 2
Lreg = M| Mo (v5, — o)™ (29)

Critic objective. The critic is trained to denoise the student’s joint distribution via flow matching.
For each rollout, fresh noise levels c¥’, 0% and noise ¥/, n* are drawn, the student’s joint output is
re-noised, and the critic minimizes

Losie = w(o”)||vg, — (0" = %5)||” + w(o™)||M ® [vg. — (0™ - %3] |’ (30)

where w(o) = exp( — 2((o — 0.5)/T)?) is a bell-curve timestep weight inherited from pretraining.
The critic and student updates share a single forward pass through the joint input.

The two DMD2 baselines combine the loss terms above as follows.

Joint DMD2: o

L57" = Mo Lo + Mow L (31)
Video-only DMD2 + reg:

L™ = Ayt Lo + Areg Loty (32)

We use Apy; = 1.0, Afy = 0.1, A = 1.0. Following DMD?2’s update schedule, the critic updates
every iteration while the student updates every Ty, = 5 iterations.
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Table 6: Ablation analysis on RoboTwin 2.0. We compare four LCM-based distillation strategies
against the unaccelerated LingBot-VA teacher at two NFE configurations, broken down by task
horizon (1, 2, 3 sequential steps) and averaged across all 50 tasks.

Horizon =1 Horizon =2 Horizon =3 Average (50 tasks)
Method NV N¢% Clean Rand. Clean Rand. Clean Rand. Clean Rand.
Joint DMD2 67.50 62.13 36.50 33.81 6.00 450 52.66 48.46
DMD?2 + reg. 7693 7223 5481 50.25 2500 11.25 66.53 60.32

Video-only LCM
Video-only LCM + reg.
Naive joint LCM
Flash-WAM

85.57 7817 72.06 61.81 4375 3475 77.90 69.46
66.87 61.07 39.19 3556 1025 475 5348 48.40
54.63 46.00 21.56 15.63 0.00 0.00 39.68 32.96
87.30 8693 7844 72.63 6350 60.75 82.56 80.26

— e ek
— e e

Hyperparameters. We use AdamW with 8; = 0.9, 8 = 0.999, ¢ = 108, no weight decay,
gradient clipping ||g||2 < 2.0, and a 100-step linear warmup to constant learning rate. The student
learning rate is 5 x 10~ and the critic learning rate is 10~¢. Both DMD2 variants are trained on 4 x
NVIDIA H100 GPUs for 2,000 steps, matching the LCM-based training schedule.

B Additional Experimental Results

Table [6] reports a comprehensive comparison of all distillation strategies at the most aggressive
single-step configuration (1v/1a) on RoboTwin 2.0. The table includes Joint DMD2 (Section [A.3.4),
the fully-joint DMD?2 variant excluded from the main paper. Joint DMD2 reaches 52.7% Clean
and 48.5% Randomized on average, falling roughly 14 points below the Video-only DMD?2 + reg
variant reported in the main results and 30 points below Flash-WAM. The pattern is consistent with
the diagnosis of Section[4.T} like LCM, naively applying DMD2 uniformly across both modalities
cannot serve the asymmetric noise regimes that joint video-action models impose. Restricting DMD2
to the video stream and anchoring action behavior with a regularizer (the Video-only DMD?2 + reg
variant) substantially improves performance over the joint variant, but still trails Flash-WAM by a
wide margin.

C Limitations and future work.

Our experiments are in simulation; real-world deployment on physical robots remains for future work.
Flash-WAM targets the shared-backbone WAM regime, and extending the framework to multi-model
architectures with separate per-modality sub-models is a natural next step. We characterize optimal
gradient scaling in the low-o regime where actions train; a corresponding analysis for the high-o
regime would complete the analytical picture. Finally, the modality-aware selection principle may
transfer to distribution-matching distillation methods and to other multi-modal diffusion settings with
heterogeneous noise schedules which needs further analysis.

D LLM Usage

Large language models were used in a limited and clearly bounded role during the preparation of
this paper. Specifically, we used LLMs to assist with writing tasks: improving grammar, rephrasing
sentences for clarity, suggesting alternative wordings, and helping to tighten verbose passages. LLMs
were also occasionally used to verify that technical phrasings followed standard conventions in the
diffusion and step-distillation literature. All technical claims, numerical results, and conclusions in
the paper reflect the authors’ own findings and are not generated, suggested, or substantively shaped
by LLM output.
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Table 7: Per-task success rate results on Robotwin 2.0.

. . . Flash-WAM (1v/2a) Flash-WAM(1v/la) Naive Joint LCM(1v/1a) DMD2 (1v/1a)

Simulation Task Horizon
Clean Rand. Clean Rand. Clean Rand. Clean Rand.

Adjust Bottle 1 98 98 98 98 93 88 98 85
Beat Block Hammer 1 98 95 99 97 61 20 77 74
Blocks Ranking RGB 3 86 85 73 74 0 0 8 5
Blocks Ranking Size 3 68 46 72 65 0 0 5 1
Click Alarmclock 1 100 100 100 100 81 86 100 100
Click Bell 1 100 100 100 100 100 100 100 99
Dump Bin Bigbin 1 95 98 94 93 71 61 67 57
Grab Roller 1 100 100 100 100 98 94 97 97
Handover Block 2 91 51 71 34 0 0 22 11
Handover Mic 2 69 71 66 63 44 25 11 22
Hanging Mug 2 36 39 32 28 5 2 3 4
Lift Pot 1 99 100 98 95 2 8 25 11
Move Can Pot 1 91 80 95 92 2 3 33 16
Move Pillbottle Pad 1 99 94 93 89 25 17 58 58
Move Playingcard Away 1 100 96 100 100 86 82 97 90
Move Stapler Pad 1 61 46 39 36 14 15 16 10
Open Laptop 1 94 87 95 94 74 70 64 62
Open Microwave 1 67 70 25 27 26 27 59 62
Pick Diverse Bottles 2 92 66 92 88 11 4 60 42
Pick Dual Bottles 2 100 85 99 84 4 3 74 56
Place A2B Left 1 91 81 88 93 63 49 72 57
Place A2B Right 1 92 91 91 92 61 46 68 67
Place Bread Basket 1 93 85 89 72 51 31 55 46
Place Bread Skillet 2 89 85 86 88 53 44 51 46
Place Burger Fries 2 97 95 94 93 74 63 80 81
Place Can Basket 2 83 75 79 76 16 15 18 25
Place Cans Plasticbox 2 100 97 96 97 2 1 5 4
Place Container Plate 1 99 98 97 97 87 67 88 94
Place Dual Shoes 2 78 81 65 64 0 2 20 21
Place Empty Cup 1 100 98 99 99 26 27 69 67
Place Fan 1 83 77 65 78 25 20 21 34
Place Mouse Pad 1 89 84 85 80 33 18 48 46
Place Object Basket 2 87 77 78 84 17 14 59 47
Place Object Scale 1 95 86 96 97 47 26 66 52
Place Object Stand 1 100 95 95 92 15 9 69 72
Place Phone Stand 1 97 94 96 95 60 45 87 74
Place Shoe 1 91 92 56 79 32 23 55 46
Press Stapler 1 93 93 89 93 88 78 84 78
Put Bottles Dustbin 3 44 30 19 15 0 0 0 0
Put Object Cabinet 2 79 54 62 39 3 1 6 2
Rotate QRcode 1 94 92 88 82 51 60 56 48
Scan Object 2 88 80 78 68 25 22 29 22
Shake Bottle Horizontally 1 99 95 99 95 97 88 99 94
Shake Bottle 1 99 97 100 97 94 85 99 95
Stack Blocks Three 3 96 92 90 89 0 0 11 12
Stack Blocks Two 2 100 99 100 99 10 4 67 57
Stack Bowls Three 3 76 78 60 67 24 10 19 35
Stack Bowls Two 2 93 93 97 90 57 40 60 66
Stamp Seal 1 96 83 89 85 14 6 31 30
Turn Switch 1 56 49 61 61 62 49 67 43
Average (%) - 88.42 82.66 82.56 80.26 39.68 32.96 52.66 48.46
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: We clearly justify our claims and results throughout the paper.
Guidelines:
e The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A or
[N/A] answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: we add a section in Appendix to discuss limitation of this work.
Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]
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Justification: we provide full set of assumption for our result and correct proof for theoritical
results and claims.

Guidelines:

The answer [N/A| means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: we provided all the implementation details such as model, dataset, training
configurations, and hyperparameters in the Appendix for reproduction purposes.

Guidelines:

The answer [IN/A | means that the paper does not include experiments.

If the paper includes experiments, a answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We provided the full instruction to reproduce the experimental results by
providing the code.

Guidelines:

» The answer [N/A] means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not

be possible, so is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

 The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]
Justification: we have provided all the details in the appendix (implementation details)
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: our error bars are standard and suitably defined.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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* The assumptions made should be given (e.g., Normally distributed errors).

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: All the experiments details and resources are discussed in the Appendix.
Guidelines:

* The answer [N/A] means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We follow the NeurIPS Code of Ethics.

Guidelines:
e The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances that require a

deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: Our work to the best of our knowledge has no social impact. We are proposing
method to make diffusion generation faster and more efficient.

Guidelines:

* The answer [N/A] means that there is no societal impact of the work performed.

e If the authors answer [N/A] or , they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
Justification: the paper poses no such risks.
Guidelines:

* The answer [N/A] means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: All assets used in our paper are cited and open-source.
Guidelines:

* The answer [N/A] means that the paper does not use existing assets.

 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: We have released the code and full instruction to use it.
Guidelines:

» The answer [N/A] means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]
Justification: We do not have crowdsourcing experiments
Guidelines:
* The answer [N/A]| means that the paper does not involve crowdsourcing nor research
with human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]
Justification: We do not have study participants.
Guidelines:
* The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: we discuss the usage of LLM in our work in the appendix.
Guidelines:

* The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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