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Prompt: a stylish woman walks down a Tokyo street filled with warm glowing neon
and animated city signage.

Figure 1: We present S?Q-VDIT, a post-training quantization method for video diffusion transformers.
We quantize HunyuanVideo to 4-bit weights and 6-bit activations without compromising visual
quality. S*Q-VDiT can further achieve 3.9x model compression and 1.3x inference acceleration.

Abstract

Diffusion transformers have emerged as the mainstream paradigm for video gener-
ation models. However, the use of up to billions of parameters incurs significant
computational costs. Quantization offers a promising solution by reducing memory
usage and accelerating inference. Nonetheless, we observe that the joint model-
ing of spatial and temporal information in video diffusion models (V-DMs) leads
to extremely long token sequences, which introduces high calibration variance
and learning challenges. To address these issues, we propose S?Q-VDIiT, a post-
training quantization framework for V-DMs that leverages Salient data and Sparse
token distillation. During the calibration phase, we identify that quantization per-
formance is highly sensitive to the choice of calibration data. To mitigate this, we
introduce Hessian-aware Salient Data Selection, which constructs high-quality
calibration datasets by considering both diffusion and quantization characteristics
unique to V-DMs. To tackle the learning challenges, we further analyze the sparse
attention patterns inherent in V-DMs. Based on this observation, we propose
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Attention-guided Sparse Token Distillatiomhich exploits token-wise attention
distributions to emphasize tokens that are more in uential to the model's output.
Under W4A6 quantizationS?Q-VDIT achieves lossless performance while de-
livering 3:9 model compression arld3 inference acceleration. Code will be
available ahttps://github.com/wlfeng0509/s2g-vdit

1 Introduction

In recent years, diffusion transform&9] has emerged as a powerful generative paradigm, demon-
strating remarkable performance across diverse domains such as image s)i6i{26s8, 57], audio
generation[15], and increasingly, video generatiddi/f[35]. Among these, video diffusion models
(V-DMs) [58,124] represent a new frontier by extending the spatial generative capabilities of image
diffusion models (I-DMs) into the spatial-temporal domain, enabling high-quality video synthesis
from textual prompts.

However, the transition from image to video generation introduces substantial computational chal-
lenges, primarily due to the exponential growth in token count introduced by the temporal dimen-
sion [35,/58, 24]. These memory and compute demands become patrticularly severe in large-scale
video generation model8%, 58, 24], which contain up to billions of parameters, where each input
consists of thousands or even tens of thousands of tokens. To enable ef cient deployment of such
models in resource-constrained environments, post-training quantization (B4,®2,[20, 5] has

become a widely adopted approach. PTQ compresses the pre-trained models into low-bit representa-
tions without modifying the model weights, relying only on a small dataset to calibrate quantization
parameters with only hours on a single GPU [51, 28].

While PTQ has proven effective for I-DM8(, 45, 54, directly applying it to V-DMs leads to
substantial performance degradati@ng2]. Prior works R, 54, 62] have sought to improve V-DMs'
guantization performance primarily from the perspective of quantizer design. In this paper, we delve
deeper into the PTQ challenges speci ¢ to V-DMs, focusing on calibration data and optimization
methods.

We identify that the long token sequences characteristic of V-DMs signi cantly constrain the number
of calibration samples (e.g., thousands for I-DMs vs. only dozens for V-DMs under equal compu-
tational budgets). Under such limited budgets, quantization performance becomes highly sensitive
to the selection of calibration samples. Existing methads 2, 62] typically employ random or
uniform sampling strategies, which work reasonably well for I-DMs but fail to generalize well to
only dozens of data for V-DMs. Moreover, we observe that V-DMs exhibit sparse attention patterns
across all tokens. Current PTQ optimization framewofig 80] treat all tokens equally during

loss alignment between full-precision and quantized models. However, this uniform treatment is
suboptimal for long token sequences, where only a small subset of tokens signi cantly impacts the
nal output. These observations highlight two fundamental challenges in PTQ for V-DMs: (1) the
absence of a principled method for selecting calibration samples, and (2) the inef ciency of uniform
token treatment during optimization, despite the varying importance of tokens.

To address these limitations, we prop&€-VDIT , a post-training quantization framework tailored

for V-DMs, built uponSalient data selection angparse token distillation. An overview of the
proposed framework is illustrated in Fig. 2. First, we introdbiessian-aware Salient Data Selectjon
which constructs calibration datasets by jointly assessing diffusion informativeness and quantization
sensitivity. We de ne a uni ed metric to quantify sample's saliency to the denoising process and
its sensitivity to quantization perturbations. Second, we preAgantion-guided Sparse Token
Distillation, a technique that leverages the inherent sparsity of spatial-temporal attention in V-DMs.
Rather than treating all tokens equally during optimization, we reweight quantization losses based on
token-wise attention distribution, allowing the model to focus more on the impactful representations.

Our main contribution can be summarized as follows:

» We empirically identify that V-DMs suffer from high calibration data variance in quantization
performance. We propostessian-aware Salient Data Selectjovhich jointly considers
diffusion informativeness and quantization sensitivity to construct effective calibration
datasets.


https://github.com/wlfeng0509/s2q-vdit

Figure 2: Overview oB8°Q-VDIT. The framework includes Hessian-aware Salient Data Selection
(SDS) for constructing calibration dataset and Attention-guided Sparse Token Distillation (STD) for
block-wise optimization.

» We introduceAttention-guided Sparse Token Distillatioa method that leverages the
inherent sparsity in spatial-temporal attention of V-DMs. We reweight the quantization loss
of different tokens by measuring token-wise attention distribution. This enables the model
to focus more on the impactful representations during optimization.

» Extensive experiments on large-scale video diffusion transformers with 2B to 13B parameters
demonstrate that o8 Q-VDIT consistently outperforms existing PTQ baselines, achieving
state-of-the-art performance under all quantization settings.

2 Related Works

Diffusion modelsfi6, 17] have demonstrated strong generative capabilities in video generation tasks.
However, up to billions of parametersq, 49, 58, 24] pose major challenges for deployment in
resource-constrained environments. Quantization has emerged as a widely adopted solution for model
compression and acceleratiotO[ 14, 3, 21, 25]. A growing body of work has explored post-training
quantization (PTQ) for diffusion models, particularly focusing on U-Net-based architecB@xes [

45, 16, 18, 29, 63]. For the Diffusion Transformer architecture speci cally, recent meth&ds [

2, 10] have made further explorations from the perspective of data distribution and architecture
characteristics on quantization behavior. To address performance degradation at ultra-low bits, several
guantization-aware training approaches have been prop64¢8l] 36, 65, 8, 11]. While effective,

these methods typically require extensive training time and large-scale datasets, making them less
practical in many scenarios.

Despite these advances, most existing quantization research remains focused on image diffusion
models (I-DMs), with limited exploration of video diffusion models (V-DMs). ViDiT-@4 and

Q-DiT [2] have made the rst explorations on the quantization of V-DMs. Q-ATifitroduces
automatic quantization granularity allocation for ne-grained quantizer selection. ViDigro-

poses static-dynamic quantization strategy to enhance quantization accuracy. While these approaches
improve performance from different perspectives, they primarily focus on quantization granularity
and quantizer design. In this paper, we tackle V-DM quantization from a new angle—calibration data
quality and optimization strategy. Our method achieves lossless performance on various large-scale
video diffusion transformers from 2B to 13B.

3 Methods

3.1 Preliminary

Video Diffusion Transformer. Diffusion transformers39 predict the target using the represen-
tation of multiple tokenX 2 R" 9 wheren andd represent the number of tokens and feature
dimension, respectively. For image diffusion models (I-DME, p6], n = s accounts for spatial



tokens. But for video diffusion models (V-DMs}8, 24, 37], n = st incorporates the temporal
dimensiont. This signi cantly increases the token count per sample (&.g.49 for a 6-second
video at 8 FPS), resulting in heightened memory consumption and greater optimization complexity.

Post-training Quantization. Quantization maps the model weights and activation to low-bit
integers for acceleration and memory saving. For a oat vectthe symmetry quantization process
can be formulated as:

max abqx
2N 1;2N 1 1), - 2aN)( - d 1)) (1)
whereN is the quantized bit,ound( ) is the round operation, aredamp( ) constrains the value
within integer rangg 2V ;2N ! 1]. Among quantization methods, post-training quantization
(PTQ) is a more ef cient method that only calibrates quantization parameters using a small calibration
datasetD ., Without altering model weights. According to common practitedb, 62], the
guantization loss is expressed as:

Lauant= Ex ol 1) I)ii%l; )

where T and 9 denote the full-precision and quantized model parameters, respecivgly.2

RN " dwhereN denotes the sample numbein;,. Due to the limitations in computing resources

and long token sequences in V-DMs, the calibration sampleNsilesmaller than that in I-DMs,
leading to higher variance in data representation. This variance is further exacerbated by the diverse
text prompts and different denoising timesteps present in the diffusion models.

X
Xint = clampround —1;

3.2 Hessian-aware Salient Data Selection

Figure 3: Visualization of different calibration data on CogVideoX-2B. We compare our proposed
method with All Timesteps from One Prompt (ATOP), All Timesteps from Five Prompts (ATFP),
and Random Timesteps from Five Prompts (RTFP). Our method has better generation quality.

Observation 1. Calibration sample selection methods result in high variance of the quantized model
performance.

In line with we discussed in Sec. 3.1, we observed that under constrained calibrated data size, different
samples have signi cant differences in the nal model performance as shown in Fig. 3 and Fig. 6a.
However, the sample selection method for V-DMs post-training quantization has not been thoroughly
explored. Therefore, we hope to evaluate the importance of different data for V-DMs. To address
this issue, we propose evaluating sample utility along two dimensions that naturally exist in the
quantization of diffusion models: contribution to the diffusion process and sensitivity to quantization.

Prior work on timestep distillatiord3, 44] and caching 33, 22] indicates that skipping certain
consecutive timesteps has limited impact on output quality, suggesting varying information content
across different timesteps. Based on this insight, we measure the salient information of tinfiestep
the whole denoising diffusion process by calculating the contribution of two consecutive timesteps
latent representation. Given all candidate data among all the diffusion timésieps; i XT1]
whereT is the total denoising timesteps de ned in the pretrained models. We de ne the diffusion
salience as: B L

Xt X
- I Xt _ -Ez 1)) . (3)

Xl

wherex; stands for the denoised feature of timegtep higherCgyis value denotes more informative
denoising steps, while a low8yjs value indicates that the contained information largely overlaps
with the previous timestepCgyi naturally measures the saliency of different timesteps during
the diffusion denoising process. By focusing on the salient data, we can better approximate the
distribution of the entire diffusion process and achieve better performance.
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