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LongLive

0 min The Great Wall of China is shown from an aerial perspective, with multiple sections of 1 min
the wall visible. The wall is constructed from large, ...

SelfForcing

A movie trailer in a classic cinematic style, featuring the adventurous journey of a 30- 1 min
year-old space man wearing a vibrant red wool knitted motorcycle helmet ...

Figure 1: OPSD-V improves long-horizon autoregressive video generation. We compare the original base
model and its OPSD-V post-trained version under the same prompt and seed. The first example is based
on LongLive, and the second example is based on Self-Forcing. In each example, the first row shows the
base model result, while the second row shows the result after applying OPSD-V. Our method produces
more dynamic and temporally stable videos while reducing long-horizon error accumulation. For LongLive,
OPSD-V noticeably reduces artifacts in the grass region and distant background. For Self-Forcing, OPSD-V
improves the character’s head motion and suppresses background artifacts.
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We propose OPSD-V, a cache-aware on-policy self-distillation paradigm for post-training
few-step autoregressive (AR) video diffusion models. Efficient AR video generators can
produce long videos with low latency, but they remain vulnerable to error accumulation:
once imperfect generated chunks are written into the KV cache, the resulting degraded tem-
poral state affects all subsequent generation. OPSD-V aims to alleviate this long-horizon
degradation while preserving the original few-step inference path. The key idea is to let
the student follow the exact inference-time rollout and receive supervision on its own gen-
erated cache states, while using the same AR video model with a cleaner temporal cache
to provide corrective denoising targets. Specifically, the student branch follows inference-
time rollout exactly, generating each chunk conditioned on its own previously generated
KV cache. In parallel, the teacher branch is evaluated at the same student-visited denois-
ing states, but uses a cleaner KV cache where older history can be replaced by real-video
context. To maintain autoregressive consistency and prevent the teacher from becoming a
fully teacher-forced oracle, both branches share an initial real-video prefix as context, and
the teacher keeps its most recent cache chunk generated by the model itself. This design
provides dense denoising-level supervision under on-policy AR cache dynamics. We apply
OPSD-V to representative few-step AR video models, including Self-Forcing and LongLive.
Experiments show consistent improvements in visual quality and VBench scores, demon-
strating the effectiveness of cache-aware on-policy self-distillation for long-horizon AR video
generation.

1 Introduction

Video generation has rapidly evolved from short, offline clip synthesis to large-scale video foundation models
capable of producing high-resolution, text-aligned, and temporally coherent videos. Modern video genera-
tion models are largely built upon diffusion transformers (DiTs) [Peebles and Xie, 2022], whose scalability
has enabled substantial progress in visual fidelity, motion quality, prompt following, and long-video genera-
tion [Yang et al., 2024, Kong et al., 2024, Wan Team, 2025, Meituan LongCat Team et al., 2025, HaCohen
et al., 2026, Brooks et al., 2024|. Despite these advances, most large-scale video foundation models are still
primarily designed for offline generation, where an entire video is synthesized after sampling rather than
produced continuously during user interaction.

In contrast to offline video generation, real-time video generation requires a model to produce content
sequentially with low viewing latency. This requirement naturally favors autoregressive (AR) video models,
where each new frame or chunk is generated conditioned on previous outputs, and transformer KV caches are
reused to maintain historical context efficiently. To make AR generation practical, recent methods combine
causal video modeling with few-step distillation, which compresses slow diffusion or flow models into efficient
few-step generators [Yin et al., 2024a,b, Wang et al., 2023]. Building on this recipe, CausVid distills a
bidirectional video DiT into a causal AR student for fast streaming generation [Yin et al., 2025], while
Self-Forcing further aligns training with inference by rolling out the model on its own generated frames and
rolling KV cache [Huang et al., 2025a]. Together, these AR and few-step generation techniques are enabling
applications such as streaming avatars [Yang et al., 2025a, Team et al., 2026a, Wang et al., 2026], interactive
media [Shin et al., 2025, ai et al., 2025], world-model-like applications [Ball et al., 2025, Team et al., 2026b],
and embodied intelligence [Li et al., 2026a, Ye et al., 2026], where models must produce videos continuously
while maintaining stable identities, motions, and scene structures over long horizons.

Despite the success of combining self-forcing style training with DMD-style few-step distillation, existing AR
video generators still suffer from long-horizon degradation. One fundamental limitation is that the target
distribution used in DMD-style training is usually provided by a bidirectional short-clip video teacher,
which cannot directly supervise truly long autoregressive trajectories. Although recent methods Yang et al.
[2025b], Cui et al. [2025], Zhang et al. [2026], Li et al. [2026b] extend rollout length and adopt attention-
sink mechanisms Xiao et al. [2023] to mitigate error accumulation, their supervision is still limited by the
capability and temporal range of the underlying clip-level teacher. Moreover, DMD itself may introduce side
effects such as weakened dynamics and color drift, and its supervision is typically defined at the chunk or
clip distribution level rather than as dense corrective targets along the entire denoising trajectory.

These observations motivate a post-training method that preserves the few-step inference capability of exist-
ing AR video generators while further improving their long-horizon generation quality. To achieve this goal,
two requirements are essential. First, the target distribution should not be limited to a short-clip teacher
model, whose temporal range is insufficient for supervising truly long autoregressive rollouts. A more
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reliable source of long-range temporal guidance is needed, and real long videos naturally provide cleaner and
more temporally consistent context than a short-clip teacher. Second, preserving the few-step sampling path
requires supervision to be applied directly at the fixed denoising steps used during inference, rather than only
at the final chunk or clip level. On-policy self-distillation (OPSD) provides a suitable framework for satisfy-
ing both requirements. Recently studied in autoregressive large language models [Zhao et al., 2026, Shenfeld
et al., 2026, Hiibotter et al., 2026], OPSD adopts an on-policy learning paradigm in which the model samples
from its current policy as a student, while a stronger teacher distribution is obtained by conditioning the
same model on richer in-context information. This formulation naturally provides dense supervision along
the model’s own trajectory. In our AR video setting, real long videos can serve as such richer context: by
conditioning the same video generator on cleaner long-video states, the teacher can provide a more reliable
target distribution for the student’s rollout trajectory. This allows real long videos to be used not as direct
teacher-forcing targets, but as privileged temporal context for constructing denoising-level supervision at
the fixed few-step sampling states. A closely related work, D-OPSD [Jiang et al., 2026], has demonstrated
the feasibility of this context-enhanced self-distillation idea for text-to-image generation, where a real image
paired with the text prompt is used as additional context to obtain a stronger teacher distribution. Inspired
by this paradigm, we explore using real long videos as reliable temporal context to construct a cleaner teacher
distribution, enabling dense denoising-level supervision on the student’s autoregressive rollout states.

In this paper, we propose OPSD-V, a cache-aware on-policy self-distillation framework for post-training
few-step AR video diffusion models. As illustrated in Fig. 2, OPSD-V starts from an existing few-step AR
generator and continues training it with supervision tailored to long autoregressive rollout. The student
remains fully on-policy: it denoises each chunk with the original few-step sampler, writes its own generated
chunks into the KV cache, and continues from the resulting self-induced temporal states. The teacher is
evaluated at exactly the same temporal positions, timesteps, and student-visited noisy latents, but receives
a cleaner cache constructed from real long-video context. Both branches share the same initial real-video
prefix; for each target chunk, the teacher replaces older generated cache history with the corresponding real-
video context while retaining the most recent generated chunk. This preserves autoregressive continuation
while allowing the teacher to provide less degraded corrective targets. Dense velocity matching along the
fixed few-step denoising trajectory then improves long-horizon generation without changing the original
low-latency sampling path.

The lower part of Fig. 2 provides a direct diagnostic for this design. Before performing any post-training,
we run the same LongLive model from the same first chunk of a real video under two cache conditions. The
first row follows standard inference and constructs its history entirely from generated chunks. In the second
row, we replace only the older cache history with KV features computed from the corresponding real-video
chunks, while keeping the most recent cache chunk generated by the model itself. No model parameters are
updated in this comparison. Nevertheless, access to the cleaner historical context alone produces a visibly
more stable long-horizon rollout. This observation suggests that accumulated degradation in the generated
KV cache is itself a major bottleneck, and motivates using real long-video context as privileged information
for the teacher rather than altering the student’s deployment trajectory.

We evaluate OPSD-V on a small customized long-video dataset containing 3,800 videos, each approximately
one minute in length. To verify the generality of our post-training framework, we apply OPSD-V to two
representative few-step AR video generators, Self-Forcing Huang et al. [2025a] and LongLive Yang et al.
[2025b], using LoRA-based continued training for both models. We choose Self-Forcing as a standard base-
line for self-rollout AR video generation, and LongLive as a representative model that incorporates longer
rollout training and cache management for interactive long-video synthesis. After post-training, OPSD-V
consistently improves motion dynamics and effectively mitigates error accumulation during long-horizon gen-
eration. Fig. 1 further shows that our method reduces long-rollout degradation while preserving the original
few-step AR inference path.

2  Related Work

Video diffusion foundation models. Recent progress in video generation has been largely built upon diffusion
and flow-matching generative paradigms, which synthesize data through iterative denoising or continuous
transport from noise to data [Song et al., 2020, Lipman et al., 2023, Ho et al., 2020]. Combined with scalable
diffusion transformer architectures Peebles and Xie [2022], these techniques have substantially improved text-
to-video fidelity, motion quality, prompt following, and temporal coherence. Representative systems such as
CogVideoX, HunyuanVideo, Wan, and LongCat-Video further scale video diffusion with stronger transformer
backbones, latent video autoencoders, and large training corpora [Yang et al., 2024, Kong et al., 2024, Wan
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Figure 2: Overview and motivating cache intervention. Top: Unlike Self-Forcing training, which applies
DMD supervision after self-rollout, OPSD-V continues post-training an existing few-step AR generator by
aligning an on-policy student with a teacher conditioned on cleaner long-video context. The student writes
its own generated chunks into the KV cache, while the teacher is evaluated at the same denoising states
using a data-assisted cache. Bottom: We isolate the effect of cache quality without any training. Both rows
start from the same first chunk of the same source video. The first row is the original LongLive rollout; in
the second row, older KV-cache entries are replaced by those computed from the corresponding real-video
chunks, while the most recent cache chunk remains generated by the model. This simple inference-time
intervention already improves long-horizon stability, motivating our use of real-video context to construct
cleaner teacher targets.

Team, 2025, Meituan LongCat Team et al., 2025, Brooks et al., 2024, Zheng et al., 2024]. These models
typically denoise a temporal window with bidirectional attention, allowing rich interactions among frames
and leading to strong offline generation quality. However, their full-window denoising interface and multi-
step sampling procedure are less suitable for real-time or interactive scenarios, where frames or chunks need
to be emitted sequentially before the entire video is synthesized. This motivates causal autoregressive video
generation, which preserves the generative strength of diffusion models while adapting them to streaming
inference.

Autoregressive video generation and forcing-based training. Autoregressive (AR) video models generate
videos sequentially by conditioning each new frame or chunk on previously generated content, often using
transformer KV caches to efficiently reuse historical context. Early causal video diffusion methods commonly
follow teacher-forcing or diffusion-forcing paradigms, where the model learns to denoise future frames con-
ditioned on clean or partially noised context frames [Jin et al., 2025, Chen et al., 2024, 2025]. To make AR
diffusion practical for real-time generation, CausVid distills a bidirectional video DiT into a causal student
with DMD-style few-step distillation [Yin et al., 2025, 2023|. Self-Forcing further reduces exposure bias by
performing autoregressive self-rollout during training, allowing the model to condition on its own generated
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frames and rolling KV cache [Huang et al., 2025a]. Following this direction, Self-Forcing++ [Cui et al., 2025]
extends self-rollout to minute-scale horizons; Causal Forcing improves causal AR distillation through a better
initialization strategy [Zhu et al., 2026]; Reward Forcing introduces reward feedback and EMA attention sinks
to improve optimization and inference performance [Zhang et al., 2026]; and LongLive develops chunk-level
AR generation with KV recache and streaming long tuning for interactive long videos [Yang et al., 2025b].
Other works further improve cache management, long-context extrapolation, attention sinks, or inference-
time stabilization for open-ended AR generation [Li et al., 2026b, Liu et al., 2025a, Mao et al., 2026, Yi et al.,
2025, Yesiltepe et al., 2026]. These methods improve the efficiency and stability of causal video generation,
but their supervision is still primarily based on short-clip teachers, rollout-level objectives, reward signals,
or cache heuristics. More recently, [Cai et al., 2026] also explores real long-video data as supervision by
introducing a two-head DiT design ; however, it targets a non-causal long-video training paradigm rather
than cache-aware post-training for causal few-step AR video generation. In contrast, OPSD-V focuses on
post-training an already efficient few-step AR video model by providing dense denoising-level supervision on
the student’s own inference-time cache states.

On-policy self-distillation. On-policy self-distillation (OPSD) has recently emerged as a way to improve
models on the trajectories they actually visit. In autoregressive large language models, the same model can
act as both student and teacher under different contexts: the student samples from its current policy, while
the teacher distribution is obtained by conditioning the model on richer in-context information [Zhao et al.,
2026, Shenfeld et al., 2026, Hiibotter et al., 2026, He et al., 2026]. This idea has also been extended to
step-distilled diffusion and flow models. D-OPSD applies OPSD to text-to-image generation by conditioning
the teacher on both the text prompt and its paired real image, enabling supervised tuning along the student’s
own few-step rollouts without sacrificing few-step inference capability [Jiang et al., 2026]. Related OPD-style
methods further study trajectory-level distillation for diffusion and flow models [Fang et al., 2026, Li et al.,
2026¢, Gu et al., 2026]. OPSD-V follows this context-enhanced self-distillation principle, but extends it to the
AR video setting where the on-policy state is not only the noisy latent and denoising timestep, but also the
evolving KV cache written by previous generated chunks. By using real long videos as privileged temporal
context, OPSD-V constructs a cleaner teacher distribution and provides cache-aware dense supervision for
long-horizon few-step AR video generation.

3 Preliminaries

3.1 Few-Step Autoregressive Video Generation

We consider a causal autoregressive (AR) video diffusion model that generates a video as a sequence of latent
chunks. Let x1.x = {z1,...,2n} denote a video divided into N chunks, where each chunk may contain one
or more latent frames, and let ¢ denote the text prompt or other conditioning signal. An AR video generator
factorizes the video distribution as

N
po(zn | ) = [ polai | w<iy o).
i=1

In causal video diffusion transformers, the historical context z.; is implemented through transformer key-
value (KV) caches, so previous chunks do not need to be recomputed from scratch at every generation step.
We denote the cache state available before generating chunk i as h;. During inference, the model generates
chunk 7 conditioned on h;, and then appends the generated chunk into the cache for future chunks.

For a few-step AR video generation model, each chunk is generated by a small number of denoising steps.
Starting from Gaussian noise z; i, the model denoises it over a fixed timestep schedule {tx,...,t1}. Let fo
denote the causal video DiT velocity predictor. At denoising step k, the model predicts a velocity field

Uik = fo(Zik, thsc, hi),

where z; i, is the current noisy latent of chunk 7, ¢ is the denoising timestep, and h; is the historical KV-cache
state. The predicted velocity 9; ; is not the next latent itself; instead, it specifies the denoising direction
used by the numerical solver. Given this velocity, a solver transition ® updates the latent state:

Zik—1 = q)(zi,k7tk7tkfluﬁi,k:>7 k:K7,1
After the final denoising step, the clean latent chunk is obtained as

€Tr; = Zi,O-
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The generated chunk is then written into the KV cache. We use KVy(&;) to denote the KV entries obtained
from the generated clean chunk, and use & to denote appending new KV entries to the existing cache. The
cache update can be written as

hit1 = h; ® KVg(Z;).
Thus, future chunks depend recursively on previously generated chunks through the evolving KV cache.

Few-step AR video generators are commonly obtained by combining causal video modeling with distribution
matching distillation (DMD) or related few-step distillation objectives [Yin et al., 2023, Liu et al., 2025b].
DMD compresses a strong but slow diffusion model into an efficient one-step or few-step generator by
matching the student distribution to a teacher or data distribution. In AR video generation, methods such
as CausVid use DMD-style distillation to adapt a bidirectional video diffusion teacher into a causal few-step
student [Yin et al., 2025], while Self-Forcing further performs autoregressive self-rollout during training so
that the model conditions on its own generated frames and rolling KV cache [Huang et al., 2025a]. These
techniques provide the efficient few-step AR generators that serve as the starting point for our post-training
framework.

3.2 On-Policy Self-Distillation

On-policy self-distillation (OPSD) has recently been studied in autoregressive language models as a way to
improve a model on the trajectories it actually samples Zhao et al. [2026], Shenfeld et al. [2026]. Given an
input query ¢, the model first acts as a student and samples an output trajectory from its current policy:

ot ~ 7o | q), (1)

where 61.7 denotes the sampled sequence. The same model, or an exponential-moving-average copy of it,
then acts as a teacher under a stronger context. Let r denote additional in-context information, such as
demonstrations, intermediate reasoning, or other privileged supervision. At each token position m, the
student predicts the next-token distribution conditioned on the query and its own sampled prefix 6,,, while
the teacher predicts under the same sampled prefix but with the additional context r:

7T0(- | q76<ﬂ’L)7 7T§( | q,T, 6<m)a (2)

where § denotes the teacher parameters. OPSD then optimizes the student by matching these two distribu-
tions along the student-sampled trajectory:

T
Lopsp = Eél;TNﬂ'qu) Z D (7T§(' I q,m, é<’m) ” 779(' | q’6<m)) ) (3)

m=1

where D(:]|-) denotes a distillation divergence. The key idea is that the rollout prefix 6., comes from the
student itself, so the trajectory remains on-policy, while the teacher provides a stronger target by using the
additional context r.

Recent D-OPSD extends this idea to step-distilled text-to-image diffusion models [Jiang et al., 2026]. In
D-OPSD, the student follows its own few-step denoising trajectory conditioned on the text prompt, while
the teacher is conditioned on richer multimodal context constructed from the text prompt and its paired real
image. The student is then supervised along its own rollout states, preserving the original few-step inference
behavior. Our goal is to instantiate this principle in few-step AR video generation. Compared with image
diffusion, the on-policy state in AR video is more complex: it includes not only the current noisy latent and
denoising timestep, but also the temporal KV cache produced by previous generated chunks. In the following
section, we introduce OPSD-V, which uses real long videos as privileged temporal context to construct a
cleaner teacher distribution, while keeping the student rollout and cache dynamics aligned with inference.

4  Method

4.1 Overview

We propose OPSD-V, a cache-aware on-policy self-distillation framework for post-training few-step causal
AR video generators. Given a long training video divided into latent chunks 222 we use the first chunk

232 a5 a shared real-video prefix for both student and teacher. This prefix initializes the KV cache and
anchors the scene, but does not participate in generation or loss computation. Starting from chunk ¢ = 2, the
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Figure 3: OPSD-V post-trains a few-step autoregressive video generator with cache-aware on-policy self-
distillation. The student follows the exact inference-time rollout and writes its own generated chunks into
the KV cache. The teacher is evaluated at the same student-visited denoising states, but uses an AR-
consistent real-video cache, where older history is replaced by real-video chunks while the most recent chunk
remains student-generated.

student follows the original inference-time rollout: it denoises each chunk with the fixed few-step sampler,
writes its own generated chunk into the KV cache, and continues from this self-generated temporal state.

The key idea is to keep the student rollout fully on-policy while constructing a cleaner teacher distribution
from real long-video context. For each generated chunk, the teacher is evaluated at the same student-visited
noisy latents and denoising timesteps, but with a different temporal cache: older history is replaced by real-
video chunks, while the most recent chunk remains student-generated to preserve autoregressive continuation.
For example, when supervising chunk i = 5, the student conditions on x93 25 5 25, whereas the teacher
conditions on z{ata ggata gdata 52 This design provides dense denoising-level corrective targets on the
student’s own rollout states without changing the original few-step sampling path. We next describe the
student on-policy rollout, the construction of the real-video teacher cache, and the dense distillation objective.

4.2 Student On-Policy Rollout

The student branch defines the on-policy rollout states used for training. We first initialize the student cache

with the real first chunk z{2**. Specifically, z#** is passed through the causal DiT to obtain its KV entries:

hy = KVg(z{?), (4)

where KVy(-) denotes the operation that converts a clean chunk into the corresponding cached key-value
entries. This first chunk serves only as a shared context and is not generated by the student.

Starting from chunk ¢ = 2, the student follows the exact inference-time procedure. Given the current student
cache hj, the student starts from Gaussian noise z; ;- and denoises it with the fixed few-step sampler. At
denoising step k, the student predicts a velocity field

{);k = fQ(Zf,katk’Q hf)’ (5)

where Zj ) s the student noisy latent, t; is the denoising timestep, and c is the text condition. The solver
then updates the latent state by

21 =58 (q)(zf,k,tk,tk,l,ﬁik)) , k=K,... 1 (6)

Here sg(+) denotes stop-gradient through the rollout transition, which prevents losses on later chunks from
backpropagating through the entire autoregressive history. During rollout, we record all student states
{25 05 o B, for teacher evaluation and distillation.
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After the final denoising step, the generated chunk is

5=z, (7)
It is then written into the student cache using the same cache update rule as inference:
ir1 = hi @ KVy(i7), (8)

where & denotes appending the new KV entries to the existing cache.

Equivalently, before generating chunk ¢, the student cache contains the real first chunk followed by all
previously generated student chunks:

hi = KV (2{®) @ KVg(i) @ --- @ KVg(25_,). (9)

Therefore, every supervised student prediction is conditioned on the same type of self-generated KV-cache
state that the model will encounter during deployment.

4.3 AR-Consistent Real-Video Teacher Cache

The teacher branch provides cleaner corrective targets while preserving autoregressive continuation. Let 6
denote the teacher parameters. In our LoRA post-training setting, the base video generator is frozen, the
student LoRA is trainable, and the teacher LoRA is maintained as an exponential-moving-average (EMA)
copy of the student LoRA. The teacher is used only to produce stop-gradient targets.

For chunk ¢, the teacher is evaluated at the same student-visited noisy latent 27, and timestep ¢, but with
a different temporal cache hl:

ﬁf,k = fé(zikvtkaca hi) (10)
Importantly, the teacher does not sample its own denoising trajectory. The denoising state remains on-policy
because z;, comes from the student rollout, while the teacher cache provides a cleaner temporal context

for constructmg the target velocity. In other words, the student trajectory determines where supervision is
applied, and the teacher cache determines the corrective direction.

The teacher cache is constructed from real long-video chunks with an autoregressive consistency constraint.
Before supervising chunk ¢, the student cache contains the real first chunk followed by previously generated
student chunks:

hi = KVo(z{*) @ KVy(23) @ --- @ KVg(25_,). (11)
In contrast, the teacher cache replaces the older generated history with the corresponding real-video chunks,
while keeping the most recent student-generated chunk:

= KV5(2{™*) @ KV5(z9**) @ - - - @ KV(*5) @ KVg(&5_,). (12)

For example, when supervising chunk 7 = 5, the two caches are

hg « [y, &5, &5, 3],

hé . [xcliata x(Qiata xgata i‘i] (13)
This cache policy balances two goals. Replacing older history with real-video chunks reduces accumulated
error contamination in the teacher context and provides a cleaner long-range temporal state. Keeping
the most recent student-generated chunk prevents the teacher from becoming a fully teacher-forced oracle:
the teacher still predicts how to continue from the student’s latest generated state, which better matches
autoregressive deployment. Both student and teacher use the same attention-sink cache mechanism with
rolling relative RoPE. The sink positions are updated consistently as the rollout grows, so the difference
between student and teacher predictions mainly comes from cache content rather than inconsistent positional
indexing.

4.4 Dense Denoising-Level Objective

OPSD-V provides supervision at the fixed denoising steps used by the few-step sampler. For each supervised
chunk-step pair (i,k), the student prediction 07 ), and the teacher target f)f . are evaluated at the same
student-visited noisy latent 27, and timestep ¢x, but under different temporal caches. We use a pure velocity
matching objective:

1
Lopsp-v = 3] Z (|97, — sg(0 H2 (14)
(i,k)eS
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where sg(-) stops gradients through the teacher prediction, and S denotes the set of supervised chunk-step
pairs.

In our implementation, the underlying AR generator uses a four-step sampler, and we supervise all four
denoising steps. We apply a rollout warm-up by excluding the first M = 7 chunks from the loss:

S={(i,k)|i>M k=1,.... K}, M=17 K=A4. (15)

The warm-up chunks are still generated autoregressively and written into the student cache, but they do
not contribute to the distillation loss. We set M = 7 because the Wan-based AR models used in our
experiments are originally trained within a local window of seven chunks, corresponding to 3 x 7 = 21 latent
frames. Starting the loss after this local horizon encourages supervision to focus on long-rollout states where
accumulated cache degradation begins to appear. The loss is then applied to all subsequent chunks in the
same contiguous long-video rollout.

4.5 Training Procedure

We summarize the training procedure of OPSD-V in Algorithm 1. For each long training video, both branches
start from the same real first chunk. The student then performs autoregressive self-rollout to define the on-
policy denoising states. At each generated chunk, the teacher cache is constructed with real-video older
history and the most recent student-generated chunk, as defined in Eq. (12). The EMA teacher is evaluated
at the same student-visited noisy latents, and the student is optimized with dense velocity matching after
the rollout warm-up.

Memory-efficient truncated backpropagation. A naive implementation would retain the computation graphs
of all supervised chunk-step pairs until the complete long-video rollout is finished, causing activation memory
to grow with both rollout length and the number of denoising steps. This is unnecessary in our formulation
because the solver transition in Eq. (6) is stop-gradient and all KV-cache writes are performed without
gradients. Consequently, the gradient of Eq. (14) decomposes over supervised pairs:
VyLopsp-v = Z Vo Tg,k7 G =05, — Sg@f,k)”j- (16)
(i,k)eS

We therefore backpropagate each normalized term /; 1./|S| immediately after its student forward pass and
accumulate parameter gradients without updating the model. The current activation graph is then released
before proceeding to the next denoising step. Teacher predictions, warm-up student predictions, denoising
transitions, and cache updates are all evaluated without gradients. The optimizer is stepped only once after
the complete rollout, followed by the EMA teacher update. This online accumulation is mathematically
equivalent to backpropagating the summed objective, while retaining at most one gradient-enabled student
forward graph at a time. Thus, activation memory does not grow with the number of supervised chunk-step
pairs; only the detached KV caches and accumulated parameter gradients persist across the rollout.

In our experiments, K = 4 and all denoising steps are supervised. We set M = 7, so the first seven chunks are
still generated and written into the student cache, but they do not contribute to the loss. This warm-up lets
the student enter long-rollout cache states before dense distillation begins. Although all four denoising steps
receive supervision, their activation graphs are processed and released one at a time according to Eq. (16).
At inference time, the teacher branch and real-video cache are removed; the model uses the original few-step
AR sampling path.

5 Experiments

5.1 Experimental Setup

Training data. We construct a small customized long-video dataset for OPSD-V post-training. The dataset
contains 3,800 videos, each approximately one minute in length and processed at 480p resolution. The videos
cover diverse content, including natural landscapes, large camera motions, and human-centered scenes. We
apply a lightweight filtering process based on optical flow and other basic quality cues to remove low-motion,
unstable, or low-quality samples. All videos are encoded into latent chunks using the Wan2.1 VAE Wan
Team [2025]. Compared with short-clip training data, these long videos provide richer temporal context and
are therefore suitable for constructing the real-video teacher cache in our framework. During training, we
use the first chunk as the shared real-video prefix for both student and teacher, and perform autoregressive
rollout on subsequent chunks.
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Algorithm 1 Memory-Efficient Training Procedure of OPSD-V

Require: Long-video dataset D, student model fp, EMA teacher fg, denoising steps K, warm-up chunks M
1: while not converged do
2:  Sample a contiguous long video and condition (z{&#, ¢c) ~ D.

3:  Initialize detached student and teacher caches from the shared prefix z{at.
4:  Initialize the accumulated parameter gradient: g < 0.

5. fori=2to N do

6: Sample initial noise z{ - ~ N(0, I).

T Construct the teacher cache h} using Eq. (12).

8: for k=K to1ldo

9: Predict teacher target without gradients: o} , < fg(27,,tk, ¢, hi).
10: if ¢+ > M then
11: Predict student velocity with gradients: 07, < fo (zf,k, ti, ¢, hi).

2

12: Compute ¢; 1, H@fk — sg(ﬁ;‘k)H :
13: Backpropagate immediately: g < g+ Vo (4;.1/|S]).
14: Release the current activation graph and detach all cache tensors.
15: else
16: Predict student velocity without gradients: 97 < fo(2; 1, tk, ¢, hi).
17: end if
18: Update student latent without gradients: 27, ; sg(@(zf’k,tk,tk_l,@f’k».

19: end for

20: Obtain generated chunk: 7 < z7.
21: Update student and teacher caches without gradients.
22:  end for

23:  Clip g and update the student LoRA parameters 6 once.
24:  Update the teacher LoRA parameters § with EMA.
25: end while

Base models. We evaluate OPSD-V on two representative few-step AR video generators: Self-
Forcing [Huang et al., 2025a] and LongLive [Yang et al., 2025b]. Both models are built upon the Wan2.1-
T2V-1.3B backbone Wan Team [2025]. For Self-Forcing, we start from its official base checkpoint and train
a LoRA adapter for our post-training. For LongLive, we use its official base model and released LoRA
checkpoint, and continue post-training the LoRA adapter with OPSD-V. Evaluating on both models allows
us to test whether OPSD-V can serve as a general post-training refinement method for different few-step
AR video generators.

Post-training setting. The student branch uses the trainable LoRA adapter, while the teacher branch uses
an exponential-moving-average (EMA) copy of the student LoRA with a decay rate of 0.9999. The teacher
is only used during training and is removed at inference time. We use the original four-step sampler of the
base AR video models and supervise all four denoising steps with the velocity matching loss in Eq. (14). No
additional DMD, reward, or adversarial loss is used. We train each model for 200 iterations on 24 H800 GPUs
with a per-GPU batch size of 1. Training uses BF16 mixed precision, activation checkpointing, and fully
sharded data parallelism. Together with the immediate per-step backward strategy described in Sec. 4.5,
these choices enable long-rollout post-training without retaining the full rollout computation graph.

Rollout and cache construction. Each training sample is a contiguous long-video segment. For each rollout,
we use 180 latent frames in total, divided into 60 chunks, with each chunk containing 3 latent frames.
Both student and teacher are initialized from the same real first chunk. The student then follows the exact
inference-time rollout, writing each generated chunk into its KV cache. The teacher cache is constructed
with real-video chunks for older history and the most recent student-generated chunk for autoregressive
continuation. We exclude the first M = 7 chunks from the distillation loss, corresponding to the original
local training horizon of the Wan-based AR models. These warm-up chunks are still generated and written
into the student cache, but only subsequent chunks contribute to the loss.

10
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Table 1: Quantitative comparison on one-minute video generation. We generate 240 videos in total, including
120 prompts from MovieGenBench and 120 internal prompts from MeiBench, and evaluate all results with
VBenchLong [Huang et al., 2025b]. All methods are based on the same Wan2.1-T2V-1.3B backbone, use
the same 4-step autoregressive inference path, and adopt the same attention-sink cache mechanism. Higher
scores are better. OPSD-V improves Quality Score and Dynamic Degree on both LongLive and Self-Forcing
without increasing inference cost. User preference results will be filled after the user study.

Method Params NFE Quality Score T Dynamic Degree 1 Semantic Score T User Pref. 1
LongLive 1.3B 4 0.8138 0.5012 0.4911

LongLive + OPSD-V 1.3B 4 0.8242 0.5890 0.4904 —
Self-Forcing 1.3B 4 0.8259 0.6218 0.4897 -
Self-Forcing + OPSD-V 1.3B 4 0.8389 0.6570 0.4864 =

Evaluation protocol. We evaluate OPSD-V both qualitatively and quantitatively on one-minute video gen-
eration at 16 FPS. For qualitative comparison, we use the same prompt, random seed, sampler, and attention-
sink inference setting for each pair of baseline and OPSD-V post-trained models. This allows us to directly
compare the effect of our post-training objective under identical inference conditions. For quantitative eval-
uation, we use 240 prompts in total: the first 120 prompts from MovieGenBench [Polyak et al., 2024] and
120 internal prompts, which we refer to as MeiBench. Each method generates one video per prompt, and
the resulting 240 videos are evaluated with VBenchLong [Huang et al., 2025b]. We report averaged results
over MovieGenBench and MeiBench. All compared models use the same 4-step AR inference path and the
same inference-time KV-cache mechanism as their corresponding base models. Therefore, any improvement
comes from post-training rather than additional inference computation.

5.2 Qualitative Comparison

Tab. 1 reports the quantitative results averaged over MovieGenBench and MeiBench. Across both LongLive
and Self-Forcing backbones, OPSD-V consistently improves Quality Score and Dynamic Degree while using
the same model scale, 4-step inference path, and attention-sink cache mechanism. These results indicate that
our cache-aware on-policy distillation improves long-video generation quality mainly by enhancing motion
dynamics, rather than relying on extra inference computation. The Semantic Score remains comparable to
the corresponding base models, with a slight decrease after post-training, suggesting a mild trade-off between
more active motion generation and conservative semantic matching metrics. Overall, the quantitative results
support OPSD-V as an effective post-training refinement strategy for few-step AR video generation. .

5.3 Ablation Study

We study two design choices that directly affect the stability of long-horizon post-training: the prediction
space used for distillation and the trajectory on which the distillation targets are evaluated. Unless otherwise
specified, all variants use the same training videos, four-step sampler, rollout length, cache construction, and
LoRA post-training setup as our main method.

Velocity versus clean-latent matching. Our default objective directly matches the student and teacher
velocity predictions, as defined in Eq. (14). As an alternative, we convert both predictions into clean-latent
estimates at every denoising step and optimize

1 . R 2

Ly, = E Z Hzgzk - Sg(%,z’,ﬂ”g' (17)
(i,k)eS

Under the flow parameterization, converting a velocity prediction to x( introduces a timestep-dependent
scale. Consequently, an zg-space MSE reweights prediction errors across the four fixed denoising steps and
places relatively greater emphasis on high-noise states. As shown in Fig. 5, this variant produces increasingly
smooth details during long rollout, particularly in the bridge structure and tree boundaries. Direct velocity
matching instead supervises the model in its native prediction space and better preserves high-frequency

structure. We therefore use velocity matching for all main experiments.

Student versus teacher trajectory. A central design choice in OPSD-V is that the teacher is evaluated at
the noisy latents visited by the student, z7,, rather than sampling an independent denoising trajectory. We

11
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ablate this choice by constructing the distillation pairs from the teacher’s own trajectory sz Although
these teacher states yield visually cleaner targets, they are not the states that the student encounters when
generating autoregressively at inference time. As a result, the student receives little supervision on how to
recover from errors in its own denoising states, and the mismatch is repeatedly amplified after each generated
chunk is written into the KV cache. Fig. 6 shows the resulting failure mode: the teacher trajectory remains
clear, whereas the student rollout rapidly loses spatial detail and becomes dominated by blur. This result
confirms that the teacher should provide the corrective prediction, but the student must determine the states
on which that prediction is evaluated. We therefore keep the denoising trajectory fully on-policy in our final
design.

12
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LongLive

LongLive
+
OPSD-V

0 min A large, multi-story building with a traditional architectural style, featuring a red roof and 1 min

white walls, is situated on a hilltop. The building is surrounded by a vast, ...

LongLive

LongLive
+

OPSD-V

0 min A stunning aerial photograph captured from a drone, circling around a majestic historic 1 min
church perched atop a rocky outcropping along the Amalfi Coast ...

Self-Forcing §

Self-Forcing ¢
+
OPSD-V = = S = ey
S i 1 F ik *

Alush, green landscape with numerous tall trees standing in a straight line, casting 1 min
shadows on the ground, ...

0 min

Self-Forcing

o S

Self-Forcing
+

OPSD-V

0 min A cinematic film shot in 70mm, capturing an extreme close-up of a 24-year-old woman's 1 min

eye as it blinks. The scene takes place during magic hour in Marrakech, with the vibrant
colors of the setting sun casting warm hues over the bustling streets. ...

Figure 4: Qualitative comparison on long autoregressive video generation. The first two examples are based
on LongLive Yang et al. [2025Db], and the last two examples are based on Self-Forcing Huang et al. [2025a].
For each example, the first row shows the result generated by the original base model, and the second row
shows the result after applying OPSD-V post-training. Each pair uses the same prompt, the same random
seed, the same 4-step sampler, and the same attention-sink inference setting. Compared with the base
models, OPSD-V better preserves motion dynamics and visual quality during long rollout, reducing common
AR degradation artifacts such as weakened motion, blur, temporal flickering, and semantic drift in later
chunks.

13



OPSD-V A Preprint

0 min An aerial view of a long train crossing a bridge over a body of water. The train consists of 1 min

multiple tanker cars, and the bridge is a steel truss structure with a series of beams and
cross-bracing, ...

Figure 5: Velocity versus clean-latent matching. We compare distillation in the predicted clean-latent (x¢)
space and in the native velocity space over a one-minute rollout. Both variants remain plausible at the
beginning, but o matching progressively smooths fine structures and introduces geometric degradation in

the bridge truss and foliage. Velocity matching better preserves these details at later timestamps. Red boxes
highlight representative regions.

Student 5‘5

Teacher 51

0 min 1 min
Figure 6: Failure of teacher-trajectory supervision. When distillation states are sampled from the teacher’s
own denoising trajectory, the teacher rollout remains sharp and coherent (bottom), but the student becomes

severely blurred under its own autoregressive rollout (top). This discrepancy reveals the off-policy state
mismatch introduced by teacher-trajectory supervision.
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6 Analysis and Future Work

Our work starts from a simple question: what should be used as the target distribution when post-training
few-step autoregressive video generators? Existing DMD-style approaches usually rely on a short-clip diffu-
sion model as the teacher distribution. While effective for accelerating generation, such a target is inherently
limited by the temporal range and quality of the teacher model, making it difficult to provide reliable su-
pervision for truly long autoregressive rollouts. A natural alternative is to directly exploit real long videos,
which contain richer temporal structure and cleaner long-range dynamics.

However, incorporating real videos into few-step AR post-training is not straightforward. Direct teacher
forcing would break the inference-time rollout distribution, while using real videos only as reconstruction
targets would not correct the model on its own generated cache states. Our key observation is that on-
policy self-distillation provides a suitable interface for this problem: real videos can be treated as privileged
temporal context rather than direct output targets. In this way, the student still follows its own inference-time
trajectory, while the teacher uses cleaner real-video cache states to provide dense denoising-level corrective
supervision.

This perspective suggests a promising direction for future work. Since OPSD-V explicitly leverages real long-
video data, its performance may further benefit from scaling the amount, diversity, and quality of training
videos, as well as increasing training compute. Moreover, our current cache construction and loss design
are only one possible instantiation of this idea. More effective teacher-cache policies, adaptive supervision
schedules, or stronger context-enhanced teachers may further improve long-horizon generation. We hope that
OPSD-V can serve as a useful baseline and provide insight for future research on data-driven post-training
of causal autoregressive video models.

7 Conclusion

We presented OPSD-V, a cache-aware on-policy self-distillation framework for post-training few-step autore-
gressive video generators. Instead of relying on short-clip teacher targets or fully teacher-forced training,
OPSD-V supervises the student on its own inference-time rollout states while using real long-video context
to construct cleaner teacher caches. This provides dense denoising-level correction under self-generated KV-
cache states, improving long-horizon generation behavior without changing the original few-step inference
path. Experiments on Self-Forcing and LongLive show that OPSD-V improves video quality and motion
dynamics while preserving the same model scale and inference cost. We hope this work provides a useful
step toward data-driven post-training for causal long-video generation.
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