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Abstract. Distilling video generation models to extremely low infer-
ence budgets (e.g., 2-4 NFEs) is crucial for real-time deployment, yet
remains challenging. Trajectory-style consistency distillation often be-
comes conservative under complex video dynamics, yielding an over-
smoothed appearance and weak motion. Distribution matching distilla-
tion (DMD) can recover sharp, mode-seeking samples, but its local train-
ing signals do not explicitly regularize how denoising updates compose
across timesteps, making composed rollouts prone to drift. To overcome
this challenge, we propose Self-Consistent Distribution Matching Distil-
lation (SC-DMD), which explicitly regularizes the endpoint-consistent
composition of consecutive denoising updates. For real-time autoregres-
sive video generation, we further treat the KV cache as a quality param-
eterized condition and propose Cache-Distribution-Aware training. This
training scheme applies SC-DMD over multi-step rollouts and introduces
a cache-conditioned feature alignment objective that steers low-quality
outputs toward high-quality references. Across extensive experiments on
both non-autoregressive backbones (e.g., Wan 2.1) and autoregressive
real-time paradigms (e.g., Self Forcing), our method, dubbed Salt, con-
sistently improves low-NFE video generation quality while remaining
compatible with diverse KV-cache memory mechanisms. Project page:
https://xingtongge.github.io/Salt.
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1 Introduction

Despite rapid progress in diffusion and flow-matching models [12}22)25|35], push-
ing video generation to extremely low inference budgets (e.g., 2-4 NFEs) remains
challenging. A natural strategy, inherited from few-step image generation, is to
distill a multi-step teacher into a few-step student using trajectory-level con-
sistency objectives [3}/7,/9,28,/33]. However, video dynamics are inherently more
complex, as the same conditioning may admit multiple plausible futures—for
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example, the continuation of a motion across time can vary in speed, extent,
or trajectory. Under regression-style trajectory losses, this ambiguity tends to
pull the predictor toward conditional averages, often resulting in over-smoothed
appearance and conservative motion [10,30}44].

By contrast, distribution-level score distillation—notably Distribution Match-
ing Distillation (DMD) [38/41,42]—has emerged as a widely adopted paradigm
for practical video distillation. By matching the student’s output distribution to
a strong reference through adversarial or distribution-matching gradients, DMD
avoids regressing toward a single target trajectory and often produces sharper,
more expressive samples in the low-NFE regime. This advantage has driven rapid
adoption across recent video distillation methods [5}[6}/14},/15}20}21,31]. It has
also become a core ingredient in autoregressive real-time generation systems—
including CausVid [43|, Self Forcing [13], and LongLive [39]—suggesting that
DMD-style objectives have become a practical default for few-step video genera-
tion. Crucially, most of these systems operate at 2-8 denoising steps rather than
a single step, meaning that inference quality depends on repeatedly composing
the learned denoising operator across multiple steps.

However, this reliance on multi-step composition exposes a structural gap in
the DMD framework. Few-step sampling is fundamentally a problem of repeat-
edly composing learned denoising updates, which is actually incompatible with
the objective of predicting clean outputs in DMD training. As a result, per-step
errors can accumulate along the composed trajectory, leading to drift as the
number of steps increases [32]. In this work, we note that the training objective
for DMD is purely local: each noise level is supervised independently as a “one-
step generator”, with no constraint on how the per-timestep behaviors interact
when applied in sequence. We term this compositionality deficit: despite strong
single-step quality, increasing the number of denoising steps can degrade rather
than improve output (e.g., over-exposure and loss of fine-grained semantics; see
Fig. . This issue may be further amplified in autoregressive settings |13}[39./48],
where each newly generated chunk is conditioned on previous generations; errors
introduced in earlier chunks can be encoded into the generated KV cache and
progressively propagated to later chunks over time.

In this work, we propose Self-Consistent Distribution Matching Dis-
tillation (SC-DMD). The key idea is to retain DMD as the primary driver
of distribution alignment and single-step sharpness, while augmenting it with
a shortcut self-consistency regularizer to mitigate the compositionality deficit.
Concretely, this regularizer penalizes the semigroup defect of the student-induced
transport operator, encouraging endpoint consistency under the composition of
consecutive student updates. Rather than replacing distribution matching with
a trajectory-style objective, we use this constraint as a complementary struc-
tural bias: the self-consistency term improves compositionality, while DMD pre-
serves sharpness and avoids the mode-averaging tendencies of pure trajectory-
based supervision in video. This combination yields consistent improvements in
both non-autoregressive video generation (e.g., Wan 2.1 [35]) and autoregres-
sive real-time generation. Moreover, autoregressive real-time video generation



Salt 3

introduces an additional challenge beyond few-step sampling. With KV caching,
each newly generated chunk is conditioned on previous generations, and the
quality of this conditioning depends on how accurately earlier chunks were de-
noised; consequently, errors can propagate through the cache and accumulate
over long rollouts [13/43]. We find that training with a single fixed step count
leaves the generator brittle to the cache-quality variation encountered at infer-
ence. To address this, we introduce Cache-Aware Mixed-Step Training for
autoregressive generation. Specifically, training alternates among rollouts with
K 2 12;4; 89 denoising steps, exposing the model to cache-conditioned inputs of
varying quality and significantly improving few-step generation with the appli-
cation of self-consistency mechanism. Besides, this mixed-step setup naturally
enables cross-step supervision: under the same noise and context, higher-step
outputs can be used to regularize lower-step outputs through cache-conditioned
feature alignment. By transferring richer information from high-step predictions
to low-step ones, this design further improves extreme low-step performance and
rollout stability. In summary, our contributions are threefold:

— We identify the compositionality deficit of DMD: although distribution-level
score distillation is widely used, its purely local training signal imposes no
structural constraint on multi-step coherence.

— We propose SC-DMD, which addresses the compositionality deficit by intro-
ducing a semigroup-defect regularizer. It improves multi-step stability while
preserving the sharpness of distribution matching, yielding consistent gains
in both non-autoregressive and autoregressive video generation.

— We further propose a cache-aware mixed-step training strategy for autore-
gressive distillation, combining mixed-step rollout with self-consistency and
cache-conditioned representation alignment. This further improves extreme
low-step generation and long-horizon rollout stability.

Across extensive experiments on both non-autoregressive (e.g., Wan 2.1) and
autoregressive real-time paradigms (e.g., Self Forcing and LongLive), our full
method, dubbed Salt, consistently improves extremely low-NFE video genera-
tion quality and long-horizon stability in autoregressive rollouts, while retaining
compatibility with diverse KV-cache memory mechanisms [13}[27,[39] and incur-
ring no additional inference overhead.

2 Related Work

Di[udion Distillation methods mainly fall into two categories: trajectory-
based [26,[28]/29,/32}/331/36] and distribution-based approaches [5]/6l/8}/11}161/20,31]
37,1411{42]. Trajectory-based distillation compresses sampling by approximating
the teacher’s denoising dynamics: DCM [29] mitigates the detail degradation by
decoupling semantic learning from detail refinement via a dual-expert design.
rCM [47] scales continuous-time consistency distillation to application-scale im-
age and video diffusion through efficient JVP training, and incorporates score-
distillation as a long-skip regularizer to preserve fine details under few steps
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generation. Distribution-based methods instead target matching the generative
distribution: Recent one-step video methods|[20, 21] operationalize distribution
matching via adversarial post-training, while POSE (5] introduces a phased equi-
librium procedure to stabilize adversarial one-step distillation for video models.
Autoregressive Video Generation enables streaming and interactivity via
causal factorization, and can be grouped into training-based [4,13,24,27,84,39,43]
and training-free [40|46] approaches. Training-based methods close the train test
gap of long rollouts beyond standard teacher forcing: Self Forcing [13] directly
trains on autoregressive self-rollouts so each step conditions on previously gen-
erated context, reducing exposure bias; Causal Forcing [48] further pinpoints
the bidirectional-to-causal distillation gap and uses an autoregressive teacher for
ODE initialization before asymmetric DMD [42], leading to higher-quality real-
time interactive generation; Reward Forcing [27] distills bidirectional video di u-
sion into a few step autoregressive student with rewarded distribution matching
to improve e cient streaming generation. In addition, long-horizon AR genera-
tion emphasize scalable causal designs and long-video interaction mechanisms:
MAGI-1 [34] scales chunk-wise autoregressive denoising for strong temporal con-
sistency and deployability, LongLive [39] targets real-time interactive long videos
with mechanisms for stable prompt transitions and long-range consistency un-
der causal decoding. On the other hand, training-free methods, such as In nity-
RoPE [40] modi es temporal encoding and KV-cache behaviors to unlock action-
controllable in nite self-rollout, while UltraViCo [45] studies length extrapola-
tion failure modes and suppresses out-of-window attention to reduce repetition
and quality degradation.

3 Method

3.1 Preliminaries

Di usion/Flow-Matching Models and Flow Maps. Let x ¢« 2 RY denote
a noisy latent at noise level t 2 [0; 1] (larger t indicates noisier states), and ¢
denote conditioning (e.g., text, image, or autoregressive context). Many di usion
and ow-matching models admit a probability ow ODE view, where sampling
corresponds to transporting states from high noise to low noise via a learned
vector eld:

dXt

ot S veator 2[00I Xy, PX to): 1)
The induced timestep-to-timestep transport operator (ow map) deterministi-
cally maps a state at timestep t to timestep s < t:

Xs= U (x;c); 0 s<t 1 )

A fundamental property of exact ODE ow maps is the composition (semigroup)
law:
tls  — uls tu . 8t>u>s (3)
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which has been explicitly exploited by recent ow-map learning and distillation
frameworks [1, 2, 19, 32]. In practice, is approximated by a numerical solver
(e.g., Euler) using a learned vector eld v .
Distribution Matching Distillation (DMD). Assume a pre-trained teacher
di usion (or ow-matching) model is available, inducing a reference distribu-
tion pr (X¢) and a teacher score s(x¢;t) =r «, logp (X;). Distribution Matching
Distillation (DMD) distills a few-step generator by matching the student distri-
bution to the teacher distribution at sampled noise levels. Instead of directly
optimizing D k. (pgkpr), DMD introduces an intermediate fake distribution
pr (X¢;t) parameterized by a learnable score s(x¢;t) = r , logp (X¢;t), and
alternates between updating the critic () and the generator ().

In practice, the generator produces a clean sample x= G (z) with z
N (0;1), and a noisy sample at level t is obtained by forward di usion X
qlx¢ j xg) (€.9., % = (O)x o+ (), N(O;1)), where x  depends on through
Xo. DMD vyields a generator update direction of the form

h @x! _

rr Lomp = Etzz s Xest) s ((Xi5t) @ ; (4)

3.2 SC-DMD: Self-Consistent Distribution Matching Distillation

We distill a pre-trained teacher into a few-step student generator parameterized
by a velocity eld v (xy;t;c) under the probability ow ODE view. The student
induces a one-step Euler transport operator

U (x), x (t s)v (x;t; c); 0 s<t 1; (5)

and a K-step Euler sampler on a schedule T = ft o > >t g g iterates
Xty = Lt (xt;). At inference, we consider both deterministic Euler inte-
gration and consistency-style sampling (CM solver) [33], which alternates de-
noising and re-noising and is widely used in modern autoregressive generation
settings [13, 43]. Since both solvers repeatedly apply the same student model,
generation quality ultimately depends not only on the quality of each individual
update, but also on how well these updates compose across timesteps.
Compositionality de cit of DMD. DMD provides local distribution-matching
supervision at sampled noise levels (Eq. 4), encouraging each trained timestep
to act as a strong one-step generator. However, few-step inference is inher-
ently compositional: it relies on chaining the learned update operators across
timesteps. Even in recent DMD variants [13,41] that use backward simulation to
better approximate inference-time inputs, the training objective itself remains
per-timestep and independent across noise levels. At timestep,tDMD only su-
pervises the output distribution of the current step given input Xy, ; it does not
explicitly penalize how neighboring updates interact under composition. As a
result, the learned operators can be individually well-calibrated yet collectively
incoherent, leading to step-count-dependent behavior and unstable multi-step
rollouts.
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