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Figure 1: Comparison of results between our Greedy Distill (4 steps), the original Wan2.1 and other
distill methods (left). Comparison of inference time across different methods (right) under the video
synthesis configuration of 81 frames, which is measured on a single H100 GPU.

ABSTRACT

Due to bidirectional attention dependencies, video generation models generally
suffer from O(n2) computational complexity. In this work, we find the “local
inter-frame information redundancy” phenomenon which indicates strong local
temporal dependencies in video generation, with global attention to distant frames
contributing only marginally. Built upon this finding, we introduce a novel dis-
tillation training paradigm for video diffusion models, namely GREEDY DIS-
TILL. Specifically, to generate the next frame using only the 0-th and the last
frames, we propose the Streaming Diffusion Decoder (SDD) as the “Greedy De-
coder” to avoid redundant computational costs from the other frames. Meanwhile,
we introduce Efficient Temporal Module (ETM) to capture the global temporal
information across frames. These two modules achieve the computational com-
plexity reduction from O(n2) to linear. Moreover, to our knowledge, we make
the first attempt to apply RL fine-tuning to address the error accumulation dur-
ing streaming generation. Our method achieves an overall score of 84.60 on the
VBench benchmark, surpassing previous state-of-the-art methods by large mar-
gins(+4.18%). Qualitative results also demonstrate superior performance. Lever-
aging its efficient model structure and KV cache, it is able to rapidly generate
high-quality video streams at 24 FPS (nearly 50% faster) on a single H100 GPU.

1 INTRODUCTION

Video generation models based on diffusion transformers (DiT) (Peebles & Xie, 2023) have achieved
remarkable progress. DiT-based video generation models (Ho et al., 2022; Zhang et al.; Blattmann
et al., 2023; Hu, 2024; Zheng et al., 2024b; Zhang et al., 2025; Wan et al., 2025) have made sig-
nificant strides in recent advancements. However, as the demand for long-form video generation
grows, the computational cost becomes a critical challenge. The slow iterative sampling process
and the reliance on increasingly large denoising networks result in prohibitively high computational
requirements, making practical deployment difficult. For DiT-based video generation (Hong et al.,
2022; Kong et al., 2024; Yang et al., 2024; Peng et al., 2025), the computational cost is primarily

1
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Figure 2: Local Inter-frame Information Redundancy.Video generation models assigns substan-
tially higher attention to the first frame and its neighboring frames than to distant ones.

determined by the number of sampling steps (T ), the number of frames (F ), and the feature length
in the latent space for one chunk of frames (L), leading to a total complexity of T × F 2 × L2. As a
result, generating high-quality videos necessitates substantial computational resources.

To reduce computational overhead, diffusion models for video increasingly adopt a paradigm, where
a teacher model guides the training of a student (Luhman & Luhman, 2021; Liu et al., 2022; Sal-
imans & Ho, 2022; Zheng et al., 2023; Meng et al., 2023; Liu et al., 2023). This approach is
particularly effective in alleviating the slow, iterative sampling process of video diffusion models.
However, existing distillation methods (Yin et al., 2024a;b;c) come with a common trade-off: they
focus primarily on reducing computational costs by optimizing the sampling steps, while overlook-
ing other computationally expensive factors. Notably, optimization along the Frames dimension,
which contributesO(f2) complexity, remains underexplored. Meanwhile, the recent CausVid (Yin
et al., 2024c) employs an asymmetric structural distillation strategy that transfers knowledge from a
bidirectional-attention teacher diffusion model to a causal student model. However, this approach
still requires the teacher and student to be nearly isomorphic and mainly reduces cost by cutting
sampling steps.

In our initial exploration, we observe that DiT assigns substantially higher attention to the first
frame and its neighboring frames than to distant ones, as shown in Figure. 2; the same phenomenon
is evident across multiple video-generation foundation models(i.e.Wan (Wan et al., 2025), Hunyuan
Video (Kong et al., 2024), CogVideoX (Yang et al., 2024)). Consequently, in these foundation
models, we reinitialize the attention matrices as constants whose attention standard variance exceeds
0.02 and observe that the generated videos are nearly indistinguishable from those of the original
model. Other work (Meng et al., 2023) reports similar findings; we refer to this as “local inter-frame
information redundancy” in video.

The “local inter-frame information redundancy” phenomenon indicates strong local temporal de-
pendencies in video generation, with global attention to distant frames contributing only marginally.
Building on this finding, we propose a new asymmetric structural distillation framework (Greedy
Distill). Specifically, the student model combines an AR Transformer with a diffusion decoder. The
AR Transformer adopts a chunk-wise sliding window attention (Berthelot et al., 2023) mechanism
as the Efficient Temporal Module (ETM), enabling it to capture strong local and weak global cues
to form a temporal representation while avoiding the cost of full global attention. The Streaming
Diffusion Decoder(SDD) follows the diffusion paradigm to generate the next frame in a streaming
manner, conditioned on the 0-th, the last frame and the temporal representation.

With causal attention and a sliding-window mechanism with window size w, the AR Transformer in
ETM reduces the (L2)× (F 2) term to (L2)×w, and unlocks streaming generation. The SDD uses
the 0-th, the last frames and the temporal features of the ETM to generate the next frame, reducing
the original diffusion complexity from T × (F 2) × (L2) to T × F × (L2). The total complexity
becomes (F ×w)× (L2)+T ×F × (L2) = (w+T )×F × (L2), where L, S and w are constants,
substantially lower than T × (F 2)× (L2). Our approach can also leverage step distillation to further
reduce T , yielding additional savings. Meanwhile, to address the inevitable error accumulation, we
make the first attempt to apply RL fine-tuning to address the exposure bias (Schmidt, 2019; Ning
et al., 2023), where a model is trained exclusively on ground-truth context but must rely on its own

2
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Figure 3: Greedy Distill comprises two main components: Efficient Temporal Module (ETM) and
Streaming Diffusion Decoder (SDD) as shown (a).And training pipeline comprises two key stages:
Next Block Fine-tuning and RL Fine-tuning.The score function s is defined in Sec.2.2.2.

imperfect predictions at inference time. The rollout paradigm in RL effectively tackles this issue, as
policy gradients are directly applied to the model’s inner predictions throughout the entire generation
process, thus reducing the reliance on ground-truth context during inference.

We apply Greedy Distill to the Wan2.1 video diffusion model, reducing the latency time to 0.24 s
and achieving a speed-up of ×2. On the Wan2.1 1.3B model, inference speed reaches 24 FPS,
enabling real-time, high-fidelity video synthesis for interactive applications. Experiments show that
Greedy Distill attains few-step quality comparable to the multi-step teacher while offering stronger
interactivity and faster generation. To our knowledge, this is the first distillation paradigm that
allows substantial architectural differences between teacher and student models.

We provide a detailed review and discussion of related work in Appendix B.1.

2 METHODOLOGY

Greedy Distill introduces a new asymmetric distillation framework 3, which distills a pretrained
bidirectional video diffusion model as teacher model into an efficient student model comprising two
main components: Efficient Temporal Module (ETM) and Streaming Diffusion Decoder (SDD).
Specifically, ETM employs an autoregressive transformer with sliding window attention to capture
local and global features and produces a temporal representation, while SDD follows the diffusion
paradigm to generate the next frame in a streaming manner conditioned on the first frame, the last
frame and the temporal representation.

The framework overview and the training pipeline is shown in Figure. 3, comprises two key stages:
Next Block Fine-tuning (Sec.2.2.1) and Reinforcement Learning Fine-tuning (Sec.2.2.2). Notably,
both ETM and SDD are trained via Low Rank Adaptation (LoRA) (Hu et al., 2022) layers and
initialized from the teacher. We also enable efficient inference using the sliding window attention
mechanism and KV caching.

2.1 MODEL ARCHITECTURE

2.1.1 EFFICIENT TEMPORAL MODULE(ETM)

We begin by compressing the video into a latent space using a 3D VAE. The VAE encoder processes
each chunk of video frames independently, compressing them into shorter chunks of latents. The de-
coder then reconstructs the original video frames from each latent. Our causal diffusion transformer
operates in this latent space, generating latents sequentially.

3
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Unlike common AR models (Radford et al., 2019; Brown et al., 2020), ETM employ a chunk-wise
sliding window attention mechanism inspired by prior work that combines autoregressive models
with diffusion (Zhen et al., 2025). Within each chunk, we apply bidirectional attention among
latents. To capture both local and global dependencies while controlling computational cost, we
employ sliding window attention across chunks of latents. Formally, the attention maskM of chunk-
wise sliding window attention is typically defined as:

Mi,j =

1, if
⌊
i

k
− w

⌋
≤

⌊
j

k

⌋
≤

⌊
i

k

⌋
,

0, otherwise.
(1)

where i and j index of latents of input frames, k is the chunk size, w is a fixed window size, and ⌊·⌋
denotes the floor function. ETM follows an autoregressive paradigm, compressing historical latents
into a temporal representation:

cf = ETMθ((x0, x1, ..., xf−1),Mask =M) (2)

where cf denotes a temporal representation of the index of f of the latents of input frames, and xi
denotes the index of i of the latents. In this way, ETM can capture strong local and weak global cues
to form a temporal representation while avoiding the cost of full global attention.

2.1.2 STREAMING DIFFUSION DECODER(SDD)

We then apply SDD to generate the next frame in a streaming manner. Concretely, SDD employs
DiT with Flow Matching (Lipman et al., 2022; Liu et al., 2022), which assumes that the trajectory
connecting a data sample x and a noise sample ϵ in latent space follows a straight-line path:

xt = (1− t) · x+ t · ϵ (3)

where ϵ ∼ N (0, I) and t ∈ [0, 1]. SDD learns a transformation from noise sample to samples drawn
from the data distribution, formulated through an Ordinary Differential Equation (ODE):

dxt

dt
= SDDθ(x

t, t, cf ) (4)

Here, SDDθ represents a learnable velocity field parameterized by the model weights θ. t ∈ [0, 1]
denotes the continuous time variable and xt refers to the data point at time t. cf is the temporal
representation generated by ETM. Putting Eq. 2 and Eq. 4 all together, the forward process is:

Gθ ≜ x̂1:F = {ΨT :1(SDDθ, t, cf )|f = 1, 2, ..., F} (5)

whereGθ denotes video generator which uses SDDθ and cf from ETM to autoregressively generate
all latents of frames. x̂f denotes the predicted latents at index f , Ψ denotes the integrator (i.e.UniPC
Solver (Zhao et al., 2023)) , that simulates the forward diffusion process from T -th step to 0-th step
to get x0.

2.1.3 INFERENCE PROCESS

During inference, both SDD and ETM in our model architecture utilize the KV cache strategy to
make the inference more efficient. Specifically: ① When using ETM for inference, we use the
key and value of the previous w chunks to predict the next chunk. Therefore, the computational
complexity of this part of our inference is (L2)× w for one chunk, where L is the feature length in
the latent space for one chunk. ② When using SDD for inference, we use the key and value of the
previous chunk to predict the next chunk. Therefore, the computational complexity of this part of
our inference is (L2)× T for one chunk, where the number of sampling steps is T.

Therefore, the overall time with linear time complexity can be expressed as the sum of the two
components is (w+T )× (L2)×F , where F is the number of chunks of video, the feature length(L
) is fixable for given teacher model. Finally, the inference cost of Greedy Distill is a linear time
complexity that is only dependent on F . Complete description refers to the Algorithm 1.

4
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Algorithm 1 Inference Process with KV Caching

Require: Denoising timesteps {t0 = 0, t1, . . . , tQ}, video length F , few-step autoregressive video generator
Gθ , sliding window size w

1: Initialize KV cache CETM ← ∅, CSDD ← ∅
2: Initialize 0-th frame: x0 ∼ N (0, I)
3: for f = 1 to F do
4: Generate temporal representation: cf = ETMθ(xf−w, ..., xf−1) using cache CETM

5: Append new KV pairs to cache CETM
6: if f > w then
7: Remove oldest KV pairs
8: end if
9: Initialize current frame: xT

f ∼ N (0, I)
10: for t = T to 1 do
11: Generate current frame: xt

f = ΨT :t(SDDθ, t, cf ) using cache CSDD

12: if t = T then
13: Append new KV pairs to cache CSDD
14: end if
15: if t = 1 then
16: Clear KV cache CSDD

17: end if
18: end for
19: xf = x0

f

20: end for
21: Return {xf}Ff=1

2.2 TRAINING PIPELINE

2.2.1 NEXT CHUNK FINE-TUNING

We follow the common next-token fine-tuning paradigm in autoregression, but extend it here to next-
chunk fine-tuning. SDD generates the next frame in a streaming manner, conditioned on the first
frame, the last frame and the temporal representation from ETM. The loss function is defined as:

Lnc = Et∼Uniform([0,1]),x∼P
1

F

F∑
f=1

∥∥∥(ϵ− xf )−SDDθ(x
t
f , t, ETMθ(x0, x1, . . . , xf−1))

∥∥∥2 (6)

2.2.2 ADDRESSING ERROR ACCUMULATION WITH REINFORCEMENT LEARNING

In experiments (Tab. 3), we observe that after next-chunk fine-tuning, the model already demon-
strates certain generative capabilities, but it still suffers from error accumulation. In addition,
qualitative results reveal that some frames remain insufficiently sharp after next-chunk fine-tuning.

Generally, error accumulation problem is more broadly known as exposure bias, where a model is
trained exclusively on ground-truth context but must rely on its own imperfect predictions at infer-
ence time, resulting in a distributional mismatch that compounds errors as generation progresses. To
mitigate this issue, we make the first attempt to incorporate RL fine-tuning into the distillation
process. The key advantage of RL lies in its actor–critic architecture and rollout paradigm, which
directly optimizes the model’s own predictions across the entire generation process. By doing so, RL
effectively alleviates error accumulation by reducing the model’s reliance on ground-truth context at
inference time, thereby addressing the exposure bias problem.

Here, we use deterministic policy gradient (Lillicrap et al., 2015; Fujimoto et al., 2018), where the
policy gradient is defined as:

∇θJ = −Es∼ρµ

[
∇θµθ(s)∇aQ

µ(s, a)|a=µθ(s)

]
(7)

where µθ is a parameterized actor function which specifies the current policy by deterministically
mapping states to a specific action. The critic Q(s, a) is learned using the Bellman equation (Bell-
man, 1954) as in Q-learning (Watkins & Dayan, 1992).

5
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Specifically, in our approach, we define the expected reward as the KL divergence
KL(Pgen(x)|Preal(x)). It can be proven that (refer to the Appendix C):

∇θJ ∝ −Ext∼ρµ

[
∇θµθ(xt) · Epfake

∇xt−1
log

pfake(xt−1|xt)
preal(xt−1|xt)

]
(8)

Following the derivations in DMD (Yin et al., 2024b), we rewrite ∇xt−1
log pfake(xt−1|xt)

preal(xt−1|xt)
as

sgen(xt−1, t − 1) − sreal(xt−1, t − 1)), where s denotes the score function. In practice, we ap-
proximate the score function by the velocity field ψθ as DMD. Combining Equations 8 and 5, the
overall loss of reinforcement learning fine-tuning is:

∇θJ ∝ −Ex∼µθ

[
∇θµθ(x

f
t ) (sgen(xt−1, t− 1)− sreal(xt−1, t− 1))

]
(9)

where xt−1 = µθ(x
f
t ) = ΨT :t(SDDθ(x

t
f , t, ETMθ(x0, x1, . . . , xf−1))), sgen, sreal are score

function, while sgen is provided by the SDDθ and sreal corresponds to the teacher model. The RL
fine-tuning loss L is formulated as:

LRL = Ex∼µθ,f∈[1,2,...F ],t∈T MSE
[
µθ(x

f
t )− sg[µθ(x

f
t )− (sreal(x

f
t−1, t− 1)− sgen(x

f
t−1, t− 1))]

]
(10)

where T denotes the set of steps in our distillation objective which is set as [1000, 750, 500, 250],
MSE denotes Mean Squared Error, and sg denotes the stop-gradient operation.

The key difference between our method and DMD is that DMD’s score function relies on training
another network, while ours is derived from SDDθ. Additionally, DMD’s critic model update incurs
high computational costs, whereas our method updates both the policy and critic models simultane-
ously without additional training, significantly reducing computational costs. The overall training
of our framework is done in two steps, the model is optimized with Lnc at the first stage while the
LRL is used at the second stage for further fine-tuning.

3 EXPERIMENT

3.1 SETUP

Implementation. Our teacher model is based on the bidirectional DiT architecture of Wan2.1, which
processes video data in the latent space. A 3D VAE is used to compress video frames into latents.
The student model adopts our Greedy Distill architecture, consisting of ETM and SDD. Both com-
ponents are initialized from the Wan2.1 and fine-tuned via Low Rank Adaptation (LoRA) (Hu et al.,
2022). The key distinction is that ETM is a causal attention mechanism combined with a sliding-
window mechanism to capture the global temporal information across frames, which substantially
reduces computational cost. The temporal representation produced by ETM is able to attend not only
to the current window but also to information from preceding windows, thereby balancing efficiency
with temporal context modeling.

Training and Inference. Our training process consists of two stages: Next Block Fine-tuning
(Sec.2.2.1) and Reinforcement Learning Fine-tuning (Sec.2.2.2). The prompts for training are taken
from OpenVidHD (Nan et al., 2024), while the video data are sampled from the teacher model, i.e.,
WAN 2.1 (Wan et al., 2025).

The model is trained on 64 NVIDIA H100 GPUs using the AdamW optimizer. The input video
resolution is set to 832 × 480, and each video contains between 81 and 301 frames. In the Next
Block Fine-tuning stage, the student model is trained for 10 epochs with a batch size of 1024 and
a learning rate of 1 × e−5.In the Reinforcement Learning Fine-tuning stege, the student model is
trained for 3 epochs with a batch size of 256 and a learning rate of 2× e−6.

Evaluation metrics. We conduct a comprehensive evaluation of our method using VBench (Huang
et al., 2024) as the primary metric. We rewrite the test prompts using Qwen/Qwen2.5-7B-
Instruct (Team, 2024), a practice that has already been widely adopted in prior work(i.e., Self Forc-
ing (Huang et al., 2025) and OpenVid (Nan et al., 2024)). In addition, we perform human evaluation
to assess the perceptual quality of the generated videos. We compare our approach against state-of-
the-art distillation methods from multiple perspectives, and the aggregated results demonstrate that
our method consistently outperforms competing approaches.

6
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Table 1: We compare Greedy Distill with representative open-source video generation models of
similar parameter sizes and resolutions.

Model #Params Resolution Throughput Latency Evaluation scores ↑
(FPS) ↑ (s) ↓ Total Score Quality Score Semantic Score

Diffusion models
LTX-Video (HaCohen et al., 2024) 1.9B 768×512 8.98 13.5 80.00 82.30 70.79
Wan2.1 (Wan et al., 2025) 1.3B 832×480 0.78 103 84.26 85.30 80.09

Chunk-wise autoregressive models
SkyReels-V2 (Chen et al., 2025b) 1.3B 960×540 0.49 112 82.67 84.70 74.53
CausVid (Yin et al., 2025)∗ 1.3B 832×480 17.0 0.69 81.20 84.05 69.80
Self Forcing(chunk-wise) (Huang et al., 2025) 1.3B 832×480 17.0 0.69 84.31 85.07 81.28

Frame-wise Autoregressive models
NOVA (Deng et al., 2024) 0.6B 768×480 0.88 4.1 80.12 80.39 79.05
Pyramid Flow (Jin et al., 2024) 2B 640×384 6.7 2.5 81.72 84.74 69.62
Self Forcing(frame-wise) (Huang et al., 2025) 1.3B 832×480 8.9 0.45 84.26 85.25 80.30

Greedy Distill (Ours) 1.3B 832×480 24.0 0.24 84.60 85.37 81.52

3.2 MAIN RESULTS

Quantitative Comparison. To ensure fairness, all experimental results are obtained from the same
model scale, i.e., 1.3B-2.0B. Table 1 presents a comprehensive comparison between Greedy Distill
and existing state-of-the-art methods. Obviously, our method achieves the highest VBench score,
while meets the real-time requirements, i.e., 24 FPS in Throughput and a Latency Time of only 0.24
seconds. Moreover, Greedy Distill maintains generation quality comparable to that of the teacher
model (85.60 vs. 85.26 of Wan2.1-1.3B).

Qualitative Comparison. We compare the videos generated by our method with those from
CausVid (Yin et al., 2025) and Self Forcing (Huang et al., 2025), as in Figure. 10. The results
indicate that CausVid and Self Forcing suffers from inconsistencies with physical dynamics and
CausVid in particular is prone to error accumulation, whereas Greedy Distill maintains high-quality
video generation while ensuring fast inference speed, effectively avoiding the error accumulation
problem and adhering more closely to physical principles.

Specifically, as shown in Figure. 10 (a) and Figure. 10 (b), CausVid and Self Forcing produce object
details that deviate from their natural properties (e.g., unrealistic cycling postures and incorrect
numbers of cat tails). In Figure. 10 (c) andFigure. 10 (d), the generated videos from CausVid and Self
Forcing violate physical dynamics (e.g., a ball remaining static in midair or an airplane following
an implausible curved trajectory during landing). In contrast, our method does not suffer from these
issues, producing results that are both physically consistent and visually coherent.

User Study. To further evaluate the perceptual quality of videos generated by our method, we
conducted a human assessment study. For each model, we selected 40 video samples of vary-
ing durations to reflect challenges across different video lengths: 15 short clips (0–5 seconds), 15
medium-length clips (5–10 seconds), and 10 long clips (10–18 seconds). The evaluation involved 60
participants (50% aged 18–30, 30% aged 30–40, and 20% aged 40–50; 41.7% male, 58.3% female).
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Figure 5: User preference study. Greedy Distill outper-
forms all baselines in human preference.

Each participant was presented with a
text prompt alongside videos generated
by different models, with all videos
displayed in random order to mini-
mize ordering bias. Following prior
work (Kong et al., 2024), participants
were asked to select the video they per-
ceived as better in terms of text align-
ment, motion quality, and visual qual-
ity. As shown in Fig. 5, Our videos are
preferred over others, especially in text
alignment and motion quality.

3.3 ABLATION STUDY

Long Video Generation. To demonstrate that our method’s ability in mitigating the error accu-
mulation problem, we conduct long-video generation experiments (i.e., 18s). From the qualitative
results(i.e., Figure. 7) on long video generation, we also observe that both CausVid and Self-Forcing
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Self Forcing

CausVid

Ours

t=0s t=1.5s t=5s

Self Forcing

CausVid

Ours

t=5st=0s t=1.5s

A bicycle accelerating to gain speed, captured in a smooth time-lapse sequence. [...] A playful domestic cat running joyfully across a green grassy field. [...]

A soccer player in a vibrant green jersey is mid-kick, attempting to shoot a
goal.The ball is arcing towards the goalpost as the goalkeeper in a red jersey
dives to save it. Both players are [...]

A Boeing 747 commercial airliner accelerating down a runway to gain speed
for takeoff. [...]

(a) (b)

(c) (d)

Figure 4: Qualitative comparisons between Greedy Distill and Self Forcing(chunk-wise), CausVid.
All models are distilled from the same teacher model of Wan2.1.Videos are available in the supple-
mentary materials.

Table 2: Evaluation of long video generation.

Method
Throughput

(FPS)
Temporal
Coherence

Frame
Quality

Semantic
Alignment

Streaming T2V
(Henschel et al., 2025) 0.5 88.9 45.3 27.1

CausVid
(Yin et al., 2025) 17.0 88.5 60.1 25.8

Self Forcing
(Huang et al., 2025) 17.0 90.3 61.3 26.9

Greedy Distill (Ours) 24.0 94.2 61.7 27.7
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Figure 6: Imaging Quality scores show
that Greedy Distill maintains stable and
superior image quality in long video.

suffer from error accumulation and produce videos with low dynamics or static content in the later
segments. For example, after the 9-second mark, the main objects in videos generated by CausVid
and Self-Forcing either remain motionless or exhibit only minor movements. In addition, these
methods suffer from over-exposure artifacts caused by accumulated errors. Our method shows a
clear advantage(i.e.Table. 2) on long-video evaluation with VBench, particularly in the Temporal
Coherence metric, where it achieves an improvement of 4.3%. This demonstrates that our ap-
proach not only maintains frame-level fidelity but also better preserves consistency across extended
time horizons, effectively addressing the error accumulation and stagnation issues observed in prior
methods, as shown in Fig. 6,

Differences between Greedy Distill and previous approaches. We compare Greedy Distill with
prior approaches in two aspects. ① Teacher-Student Model Architecture: As in Figure 8, previous
methods use nearly identical teacher and student models, with only a causal attention mechanism,
incurring significant computational overhead of T ×w×F ×L2, where L is the sequence length. In
contrast, Greedy Distill introduces a novel student architecture and reduce complexity to (T +w)×
F × L2. The ETM effectively captures global features for temporal representations while avoiding
the high cost of global attention. ② Previous methods generally adopt a chunk-wise inference
strategy, outputting results every 3 chunks and resetting the context every 7 chunks. This design,
however, leads to severe error accumulation and temporal artifacts. While some approaches attempt
to mitigate these issues through diffusion forcing (i.e.CausVid, SkyReels-V2) or self forcing (i.e.Self
Forcing), the problems remain significant (shown in Figure. 7). In contrast, our method leverages a
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CausVid 

Ours

Self

Forcing

CausVid 

Ours

0s 3s 6s 9s 12s 18s
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Dynamics
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Dynamics

Figure 7: Qualitative results on long video generation show that our method avoids error accumula-
tion and low-dynamics issues.Videos are available in the supplementary materials.

……

……

……

……

……

……

……

……

……

SDD SDD SDD SDD
Causal DiT Causal DiT Causal DiT

ETM

Diffusion Forcing Chunk-wise Prediction Ours

Figure 8: Differences between Greedy Distill and prior approaches.

ETM module, which allows the decoder to access global information, effectively avoiding the error
accumulation problem and adhering more closely to physical principles.

Table 3: Ablation studies. We com-
pares different components in our distilla-
tion framework..The last row is our final
configuration

RL ETM
Total
Score

Quality
Score

Semantic
Score

✗ ✗ 81.01 80.93 81.32
✗ ✓ 83.2 83.63 81.49
✓ ✓ 84.60 85.37 81.52

Necessity of ETM and RL Fine-tuning. We investi-
gate the need for ETM in the student model of Greedy
Distill and Reinforcement Learning Fine-tuning, as
shown in Table 3. Removing ETM and performing di-
rect distillation (similar to CausVid and Self-Forcing
with a chunk size of 1) reveals the limitations of using
only a diffusion decoder in the student model. Intro-
ducing ETM with sliding-window attention improves
Quality Score (+3.3%). Finally, RL Fine-tuning yields
the best results, improving Quality Score by 5.73%
and mitigating error accumulation. Meanwhile, the
training loss curve of RL Fine-tuning, which corre-
sponds to the action-value, is illustrated in Fig. 9.

4 CONCLUSION

In this paper, we present GREEDY DISTILL, a novel distillation training paradigm for autore-
gressive video diffusion models. It employs the Streaming Diffusion Decoder (SDD) to generate
intermediate frames using only the 0-th and the last frames, avoiding redundant computation, and
the Efficient Temporal Module (ETM) to capture global temporal dependencies. GREEDY DIS-
TILL reduces the computational complexity from O(n2) to linear. Moreover, for the first time, we
applies reinforcement learning fine-tuning to mitigate error accumulation in streaming generation.
Our approach achieves strong improvements in both real-time and long-duration video generation.
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REPRODUCIBILITY STATEMENT

This statement presents a comprehensive report detailing the reproduction process for our Greedy
Distill, a distillation training paradigm for autoregressive video diffusion models. The implemen-
tation builds upon Diffusers’s code base and integrates components from additional open-source
libraries, to which we extend our gratitude.

KEY IMPLEMENTATION DETAILS

• Code Base: In terms of implementation, we build upon the Diffusers project as our code
base, using /src/diffusers/models/transformers/transformer wan.py as the foundation for
the DiT architecture. For Low-Rank Adaptation (LoRA), we leverage the open-source
PEFT library as an additional component.

• SDD Implementation: The SDD is initialized from Wan2.1 and fine-tuned using Low-
Rank Adaptation (LoRA). Furthermore, the teacher model’s global attention is replaced
with causal attention, enabling streaming inference and leveraging KV cache to improve
inference efficiency.

• ETM Implementation: The ETM is initialized from Wan2.1 and fine-tuned using Low-
Rank Adaptation (LoRA). In this process, the teacher model’s global attention is replaced
with causal sliding-window attention (window size set to 3), enabling streaming inference
and leveraging KV cache to further improve efficiency.

• RL Fine-tuning Implementation: In the RL Fine-tuning stage, we randomly sample f ∈
[1, 2, ...F ], t ∈ T , compute the loss according to Eq. 10, and adopt a smaller learning rate.
Notably, in distributed training, to improve GPU utilization, we enforce the same f and t
within each minibatch. The student model is trained for 3 epochs with a batch size of 256
and a learning rate of 2× e−6. The training loss curve is illustrated in Fig. 9.

Figure 9: The training loss curve in RL Fine-tuning.

RESULTS

Using the aforementioned process, we successfully distill the Wan2.1 model into a student model
that meets real-time requirements, achieving 24 FPS throughput and a VBench score of 84.60.

CONCLUSION

This reproduction report documents the end-to-end procedure for replicating Greedy Distill on
Wan2.1, covering codebase choices (Diffusers/PEFT), module initialization (SDD/ETM via LoRA),
and training protocols (Next-Block and RL fine-tuning). We provide exact hyperparameters, data
sources, and inference settings—including causal sliding-window attention with KV cache—to en-
able faithful re-creation. Our reimplementation attains 24 FPS throughput and a VBench score of
84.60, validating the method’s reproducibility. We release scripts and configuration files to stream-
line replication and adaptation to other backbones or hardware budgets. These artifacts offer a robust
foundation for advancing efficient, real-time, long-duration video generation research.

REFERENCES

Eloi Alonso, Adam Jelley, Vincent Micheli, Anssi Kanervisto, Amos J Storkey, Tim Pearce, and
François Fleuret. Diffusion for world modeling: Visual details matter in atari. Advances in
Neural Information Processing Systems, 37:58757–58791, 2024.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang, Xiaodong Deng, Yang Fan, Wenbin Ge,
Yu Han, Fei Huang, et al. Qwen technical report. arXiv preprint arXiv:2309.16609, 2023.

Richard Bellman. The theory of dynamic programming. Bulletin of the American Mathematical
Society, 60(6):503–515, 1954.

David Berthelot, Arnaud Autef, Jierui Lin, Dian Ang Yap, Shuangfei Zhai, Siyuan Hu, Daniel
Zheng, Walter Talbott, and Eric Gu. Tract: Denoising diffusion models with transitive closure
time-distillation. arXiv preprint arXiv:2303.04248, 2023.

Andreas Blattmann, Tim Dockhorn, Sumith Kulal, Daniel Mendelevitch, Maciej Kilian, Dominik
Lorenz, Yam Levi, Zion English, Vikram Voleti, Adam Letts, et al. Stable video diffusion: Scaling
latent video diffusion models to large datasets. arXiv preprint arXiv:2311.15127, 2023.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in neural information processing systems, 33:1877–1901, 2020.
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A THE USE OF LARGE LANGUAGE MODELS(LLMS)

In preparing this paper, large language models (LLMs) were used solely for language refinement,
such as improving grammar, clarity, and fluency. All research questions, conceptual and theoretical
frameworks, methodology, data analysis, and conclusions were developed and carried out indepen-
dently by the author. The LLMs did not generate or influence any core ideas, interpretations, or
findings. Their role was limited to enhancing readability while preserving the originality and in-
tegrity of the scholarly work.

B RELATED WORK

B.1 AUTOREGRESSIVE VIDEO GENERATION

Autoregressive video generation aims to synthesize videos frame by frame along the temporal di-
mension, thereby achieving lower latency and improved temporal coherence. Inspired by the re-
markable success of large language models (LLMs) (Bai et al., 2023) in natural language processing,
early studies (Yan et al., 2021; Ge et al., 2022; Wu et al., 2022; Kondratyuk et al., 2023; Wang et al.,
2024; Wu et al., 2024) encoded videos into discrete tokens and employed autoregressive Transform-
ers to generate video tokens sequentially. More recently, diffusion models (Ho et al., 2020; Song
et al., 2020; Lipman et al., 2022) have achieved significant advances in video generation and have
been widely adopted in this domain. Some works (Alonso et al., 2024; Jin et al., 2024; Valevski
et al., 2024; Zhang et al., 2024; Chen et al., 2024; Kim et al., 2024; Ruhe et al., 2024) train diffusion
models to denoise new frames conditioned on the given context frames, thereby enabling autore-
gressive generation. Even more recently, a line of research has explored leveraging pre-trained
text-to-image (Kodaira et al., 2023; Liang et al., 2024; Valevski et al., 2024; Weng et al., 2024) or
text-to-video (Gao et al., 2024; Kim et al., 2024; Xing et al., 2024; Xie et al., 2025; Henschel et al.,
2025) models and adapting them to perform autoregressive next-frame generation conditioned on
context frames. Our approach is closely related to this research direction. The key difference is that
we propose an innovative adaptation method via diffusion distillation. This method not only sig-
nificantly improves efficiency but also makes autoregressive methods competitive with bidirectional
diffusion in video generation.

B.2 DIFFUSION MODEL DISTILLATION

Diffusion distillation aims to distill knowledge from a pre-trained teacher diffusion model to a stu-
dent diffusion model, enabling the student to generate samples in fewer steps and thereby reduc-
ing inference costs. According to the distillation mechanism, previous studies can be roughly di-
vided into two categories: trajectory-preserving distillation and Distribution-matching distillation.
Trajectory-preserving distillation aims to predict the ordinary differential equation (ODE) trajectory
of the teacher model with fewer steps. Luhman & Luhman (2021); Zheng et al. (2023) trained
the student model on noise–image pairs precomputed by the teacher model using an ODE solver.
Progressive distillation (Meng et al., 2023; Salimans & Ho, 2022) trains a series of student mod-
els, iteratively halving the number of sampling steps at each stage to reduce the total number of
steps required. instaflow (Liu et al., 2022; 2023) uses a reflow-based distillation approach to align
noise and image mappings, enabling accurate one-step generation. Consistency Distillation (Luo
et al., 2023a;b; Song & Dhariwal, 2023; Song et al., 2023; Gu et al., 2023; Berthelot et al., 2023;
Kim et al., 2023; Zheng et al., 2024a; Lu & Song, 2024; Liu et al., 2025) trains student models to
produce outputs aligned with the teacher at all timesteps along the ODE trajectory, thereby achiev-
ing self-consistency. Unlike trajectory-preserving distillation, which imposes constraints via ODE
paths, distribution-matching distillation supervises at the distributional level, aligning the output dis-
tributions of the student and teacher models. Some approaches (Xiao et al., 2021; Kang et al., 2024;
Luo et al., 2024b; Sauer et al., 2024a;b; Xu et al., 2024; Chen et al., 2025a; Lin et al., 2025) reduce
the distribution discrepancy through adversarial training, while others (Luo et al., 2023c; 2024a; Yin
et al., 2024a;b;c; Zhou et al., 2024) achieve this via score-based distillation.

In contrast to aforementioned approaches that primarily focus on distillation through reducing the
number of generation steps, we propose a novel student distillation architecture. Our approach not
only reduces the number of generation steps but also decreases the computational complexity along
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the frame dimension from quadratic to linear. In particular, compared with the asymmetric strategy
adopted by CausVid (Yin et al., 2025), which distills a bidirectional teacher into a unidirectional
student, our method introduces a more substantial structural innovation by integrating autoregres-
sive (AR) and diffusion paradigms. This fusion design achieves higher inference efficiency while
preserving generation quality.

C DERIVATION FOR REINFORCEMENT LEARNING FINE-TUNING

We frame the training objective within a reinforcement learning paradigm. We consider the denois-
ing process as a Markov Decision Process (MDP). We define t̄ to be the timestep of MDP, and the
relation between MDP timestep t̄ and denoising timestep t is t̄ = T − t. Let st̄ ∈ S to be the state
at MDP timestep t̄, where S is the state space. We define st̄ = xT−t̄ = xt, which is the noisy image
xt at timestep t. So when t̄ = 0, t = T , and we have st̄=0 = xT , which is the initial noise. When
t̄ = T , t = 0, and we have st̄=T = x0, which is the fully denoised image. at̄ ∈ A is the action at
timestep t̄, where A is the action space. We define at̄ to be the noise ϵt added to noise image xt.
Thus we have st̄+1 = xt−1, because of the claim t̄ = T − t.

The expected value of cumulative return along the entire trajectory τ = (xT , xT−1, . . . , x0) can be
defined as:

Eτ∼ρ(R(τ)) = DKL (pfake(τ) ∥ preal(τ))

= Ex∼pfake log
pfake(xt=0)

preal(xt=0)

= Ex∼pfake

T∑
t=1

log
pfake(xt−1|xt)
preal(xt−1|xt)

=

T∑
t=1

Ex∼pfakeR(xt−1, xt)

(11)

Thus, we define the r(st̄, at̄) as the log-ratio of transition probabilities under the fake and real
distributions:

r(st̄, at̄) = R(xt−1, xt) = log
pfake(xt−1|xt)
preal(xt−1|xt)

(12)

This represents the log-ratio of the probabilities of the entire trajectory under the fake and real
distributions.

The action-value function (Q-function) for taking action xt−1 in state xt and following the policy
thereafter is defined as:

Q(st̄, at̄) = Epfake

T∑
k=t̄

r(st̄, at̄)

= Epfake

t∑
k=1

log
pfake(xk−1|xk)
preal(xk−1|xk)

(13)

The defined Q-function satisfies the Bellman equation for the expected return:

Q(st̄, at̄) = Epfake

t∑
k=1

log
pfake(xk−1|xk)
preal(xk−1|xk)

= Epfake

[
log

pfake(xt−1|xt)
preal(xt−1|xt)

+ Epfake

t−1∑
k=1

log
pfake(xk−1|xk)
preal(xk−1|xk)

]
= Epfake

[
r(st̄, at̄) +Q(st̄+1, at̄+1)

]
(14)

Instead of parameterizing policy directly as π(at̄|st̄), we parameterize the policy with distillation
model x = Gθ(ϵ), ϵ ∼ N (0; I).The training objective can now be expressed as:

θ = argmax
θ

J (θ) (15)
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where
J (θ) = Eτ∼pfake [R(τ)] = DKL (pfake(τ) ∥ preal(τ)) (16)

Follow DDPG Lillicrap et al. (2015), the gradient of this objective with respect to the generator
parameters θ is:

∇θJ = −Es∼ρµ

[
∇θµθ(s)∇aQ

µ(s, a)|a=µθ(s)

]
= −Ext∼ρµ

[
∇θµθ(xt) · ∇at̄

xt−1 · ∇xt−1
Q(xt, at̄)

] (17)

Since at̄ is the noise and xt−1 is the next denoised image, so ∇at̄
xt−1 is a constant, so we have:

∇θJ = C · −Ext∼ρµ

[
∇θµθ(xt) · ∇xt−1

Q(xt, at̄)
]

= C · −Ext∼ρµ

[
∇θµθ(xt) · ∇xt−1

Epfake

t∑
k=1

log
pfake(xk−1|xk)
preal(xk−1|xk)

]

= C · −Ext∼ρµ

[
∇θµθ(xt) · Epfake

∇xt−1
log

pfake(xt−1|xt)
preal(xt−1|xt)

]
(18)

D MORE DETAILS OF THE USER STUDY

To comprehensively evaluate the quality of generated videos, we conduct a user study based on a
5-point Likert scale (1 = Strongly Disagree, 2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly
Agree). Participants were presented with paired videos generated by different models and were
asked to score each video independently across three major dimensions: Text Alignment, Motion
Quality, and Visual Quality. Each dimension contains multiple carefully designed questions tar-
geting distinct aspects of video generation. The full questionnaire is provided below.

① Text Alignment

This dimension assesses how well the generated video matches the semantic intent of the input text
prompt. Participants evaluated the following aspects:

Object Class Accuracy

The objects in the video correctly match the categories described in the prompt.

Multiple Objects Handling

The video correctly represents and maintains multiple objects without confusion or merging.

Color Accuracy

The colors in the video are accurate, stable, and consistent with the expected appearance.

Spatial Relationship

The spatial relationships between objects (e.g., relative positions, sizes) are logical and consistent.

Scene Coherence

The video presents a coherent and believable scene that aligns with the prompt.

Appearance Style Consistency

The appearance style (e.g., realistic, cartoon, cinematic) matches the intended style and remains
stable.

② Motion Quality

This dimension focuses on the realism, stability, and smoothness of motion across the video se-
quence:
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Temporal Flickering

The video shows minimal flickering or frame-to-frame jitter.

Motion Smoothness

Movements in the video appear smooth and natural without abrupt jumps.

Dynamic Degree

The video presents an appropriate level of dynamics that matches the scene and prompt.

Temporal Style Consistency

The stylistic elements of the video remain consistent across time.

Overall Consistency

The video maintains overall coherence and consistency across all frames.

③ Visual Quality

This dimension evaluates perceptual clarity, aesthetics, and frame-level consistency:

Subject Consistency

The main subject remains visually consistent throughout the video.

Background Consistency

The background stays stable and does not exhibit unexpected changes across frames.

Aesthetic Quality

The overall artistic and aesthetic quality of the video is appealing.

Imaging Quality

The video appears clear, sharp, and free from noticeable visual artifacts.
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Figure 10: Detail scores of each dimension in the user study.
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