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Overview. In the supplementary material, we introduce
more implementation details and additional experimental
results. The full video results are available in http:

//haonanqiu.com/projects/HiStream.html.

7. More Implementation Details
7.1. Training details
We utilize the DMD2 [60] distillation framework for our
training pipeline. This setup employs three distinct mod-
els based on the Wan2.1 [50] architecture: a frozen 14B
model serves as the real diffusion model (teacher), an up-
datable 1.3B model acts as the final generator (student), and
a second updatable 1.3B model functions as the fake dif-
fusion model to assist gradient calculation. The fake dif-
fusion model is updated using the standard diffusion loss.
Crucially, the final generator is updated by the distribution
matching gradient, which is calculated from the divergence
between the real and fake diffusion models. Further techni-
cal details regarding the training process are available in the
original DMD2 paper.

To adapt the models for high-resolution generation, we
set the timestep shift to 5 and employ NTK-RoPE with a
scaling factor of 2⇥ throughout the training process. Train-
ing clips have a spatial resolution of 960⇥544 and a tempo-
ral length of 81 frames. After VAE compression, this trans-
lates to 21 latent frames, which are processed in 7 chunks of
3 latent frames each. The entire procedure was efficiently
performed on 64 ⇥ H100 GPUs and achieved convergence
in approximately 12 hours.

7.2. Inference details
Our inference pipeline utilizes only the final 1.3B genera-
tor model. The process is conducted at a high resolution
of 1920 ⇥ 1088 (twice the spatial resolution used during
training), maintaining 81 frames (21 latent frames) which
are generated chunk-by-chunk in 7 total chunks (3 latent
frames per chunk).

To manage this significant resolution jump while main-
taining quality, we apply the HD Tech: the timestep shift
parameter is increased from 5 to 7, and the NTK-RoPE fac-
tor is increased from 2⇥ (used in training) to 5⇥. We also
set the attention scaling factor to 2 exclusively for the initial
chunk, allowing the model to focus on generating strong,
detailed high-resolution content for the anchor frames. For
all subsequent chunks, attention scaling is disabled (fac-
tor set to 1). This is highly effective because the high-

Table 3. Quantitative comparisons with super-resolution.
Compared to super-resolution post-processing setting Self Forc-
ing + FlashVSR, HiStream achieves a higher Quality Score and
Total Score.

Method Quality
Score "

Semantic
Score "

Total
Score "

Self Forcing [20] + FlashVSR [69] 84.71 81.04 83.98
HiStream (Ours) 85.00 80.97 84.20

FlashVSR

HiStream
(Ours)

Figure 7. Qualitative comparisons with super-resolution. Our
native high-resolution synthesis captures fine textures with greater
accuracy than two-stage super-resolution pipelines, which often
miss or hallucinate details. Best viewed ZOOMED-IN.

resolution details generated in Chunk 1 are efficiently trans-
ferred and propagated to subsequent chunks, preventing the
generation of redundant artifacts. For alignment with es-
tablished baselines, all 1080p benchmark experiments re-
ported in the main paper were uniformly conducted on a
single A100 GPU.

8. Additional Experimental Results

8.1. Comparison with Super-Resolution

In contrast to conventional super-resolution (SR) method-
ologies, our higher-resolution generation approach is de-
signed to exploit the latent capabilities of the pre-trained
model. Therefore, the resultant performance is derived di-
rectly from the underlying base model, obviating the need
for a separate, dedicated SR model. We evaluate our method
against a standard super-resolution post-processing config-
uration: namely, applying FlashVSR [69] to the Self Forc-
ing [20] output. As shown in Table 3, HiStream achieves
a better Quality Score and Total Score. In addition, Fig-
ure 7 shows that our native high-resolution synthesis pro-
vides better detail accuracy, capturing fine textures that are
often missed or incorrectly generated by two-stage pipelines
that depend on super-resolution.

http://haonanqiu.com/projects/HiStream.html
http://haonanqiu.com/projects/HiStream.html
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Figure 8. Qualitative ablations for timesteps. We perform controlled comparisons of HiStream with alternative variants in different
timestep strategies.

Table 4. User study for Video Generation. Users are required
to pick the best one among our proposed HiStream and the other
baseline methods in terms of video quality, semantic alignment,
and detail fidelity.

Method Video
Quality

Semantic
Alignment

Detail
Fidelity

Wan2.1 [50] 2.78% 5.95% 3.17%
Self Forcing [20] 10.71% 7.54% 8.73%
LTX [13] 0.79% 1.59% 0.79%
FlashVideo [65] 12.30% 14.68% 11.51%
HiStream (Ours) 73.41% 70.24% 75.79%

8.2. Qualitative Ablations for Timesteps.
We further investigate the impact of the denoising step
count, comparing the robust 4-step setting against accel-
erated 2-step variants. As depicted in Figure 8, the uni-
form 2-step approach suffers from catastrophic failure: the
initial chunk exhibits severe blur and artifacts, manifesting
as pronounced ghosting on the trumpet and faint details on
the motorcycle’s windshield. In this autoregressive system,
these early-stage errors propagate through the cache, criti-
cally degrading the temporal and visual fidelity of all sub-
sequent chunks.

In stark contrast, HiStream+ mitigates this failure by in-
vesting computation strategically. By dedicating the full
4 steps to the initial chunk, it establishes a robust, high-
fidelity anchor cache. This high-quality initialization pre-
vents error accumulation, resulting in minimal visual degra-
dation across the entire video. This confirms that our asym-
metric strategy is the superior acceleration approach, dras-
tically reducing the computational load (effectively cutting
steps in half for later chunks) with only a minimal and ac-
ceptable sacrifice in visual fidelity.

8.3. User Study
In addition, we conducted a user study to assess the per-
ceptual quality of our generated results. Participants were
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Figure 9. VBench scores visualization. We compare our two
variants (HiStream and HiStream+) with Wan2.1 [50], Self Forc-
ing [20], LTX [13], and FlashVideo [65] using all 16 VBench met-
rics.

asked to view videos produced by all comparison meth-
ods, with each example presented in a randomized order
to minimize potential bias. For each case, users selected the
best result based on three evaluation criteria: video qual-
ity, semantic alignment, and detail fidelity. A total of 21
participants took part in the study. As shown in Table 4,
our method received the highest number of votes across all
evaluation aspects, significantly outperforming the baseline
approaches.

8.4. VBench Scores Across All Dimensions
Figure 9 presents a comprehensive evaluation of our two
variants (HiStream and HiStream+) against representative
models using all 16 VBench metrics. Both variants gener-
ally outperform competitors in semantic alignment, achiev-
ing top scores in dimensions such as object class, spatial re-
lationship, and scene. They also demonstrate robust frame-
wise quality, scoring high in aesthetic quality and imaging
quality.



9. Concurrent Work
Several concurrent works [7, 33, 47, 58] leverage frame-
wise anchors and local windows for streaming. In contrast
to these designs focused on interactivity, HiStream employs
a chunk-wise strategy to effectively mitigate the substantial
computational demands of 1080p video synthesis.
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