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ABSTRACT

Diffusion transformers have demonstrated remarkable performance in visual gen-
eration tasks, such as generating realistic images or videos based on textual in-
structions. However, larger model sizes and multi-frame processing for video
generation lead to increased computational and memory costs, posing challenges
for practical deployment on edge devices. Post-Training Quantization (PTQ) is
an effective method for reducing memory costs and computational complexity.
When quantizing diffusion transformers, we find that existing quantization meth-
ods face challenges when applied to text-to-image and video tasks. To address
these challenges, we begin by systematically analyzing the source of quantiza-
tion error and conclude with the unique challenges posed by DiT quantization.
Accordingly, we design an improved quantization scheme: ViDiT-Q (Video &
Image Diffusion Transformer Quantization), tailored specifically for DiT models.
We validate the effectiveness of ViDiT-Q across a variety of text-to-image and
video models, achieving W8A8 and W4A8 with negligible degradation in visual
quality and metrics. Additionally, we implement efficient GPU kernels to achieve
practical 2-2.5x memory saving and a 1.4-1.7x end-to-end latency speedup.
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Figure 1: ViDiT-Q addresses the challenges that existing quantization methods face in text-to-image
and video generation. It achieves quantization with negligible performance loss, delivering 2-2.5x
memory savings and 1.4-1.7x latency reduction.

1 INTRODUCTION

Diffusion Transformers (DiTs) Peebles & Xie (2023) and video generation tasks Singer et al. (2022)
have garnered significant research interest since the impressive performance of SORA OpenAI
(2024). However, the increasing model size poses challenges for application and deployment on
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edge devices. In the realm of video generation, processing multiple frames imposes a signi�cant
burden on both memory and computation. For example, the OpenSORA HPC-AI (2024) model
consumes over 10 GB of GPU memory to generate a single 512� 512 resolution video with only 16
frames, taking about 50 seconds on an Nvidia A100 GPU.

Model quantization Jacob et al. (2018) has proven to be an effective compression method, and
is compatible with diffusion ef�ciency improvement techniques from other perspectives such as
ef�cient sampling Liu et al. (2023a;b); Ni et al. (2024); Yuan et al. (2024a) and caching Ma et al.
(2023); Zhang et al. (2024a; 2025a); Zou et al. (2024) . By compressing high bit-width �oating-
point (FP) data into lower bit-width integers, the computational and memory costs can be effectively
reduced. The quantization of DiT models remain under-explored. While some prior studies Wu
et al. (2024); Chen et al. (2024) explores DiT quantization for class-conditioned generation, we
empirically obeserve challenges when applying them to more challenging text to image and video
generation tasks with larger-scaled model (as seen in Fig. 1). Another line of recent literature Zhang
et al. (2024c;b; 2025b); Yuan et al. (2024b); Pu et al. (2024) focus on optimizing the attention
computation, while we focus on quantizing the linear layers.

To address this challenge, we begin by analyzing the sources of quantization error and conclude the
primary issue stems from improperly large quantization range caused by high data variation within
quantization groups. Next, we investigate the unique challenges in the speci�c application. For
DiT models, we observe signi�cant variation in multiple dimensions. For visual generation task, we
�nd that merely reducing quantization error is insuf�cient to preserve the multi-faceted generation
quality, such as textual alignment Wu et al. (2021) and temporal consistency Liu et al. (2023d).

In light of the above �ndings, we further investigate the reason for the failure of existing methods and
introduce corresponding modi�cations. First, to handle data variation in multiple dimensions, we
carefully examine the limitations of quantization grouping of existing methods from the perspectives
of both algorithm performance and hardware ef�ciency, and highlight the need for �ne-grained and
dynamic quantization parameters. Second, in response to the unique time-varying channel imbal-
ance problem, we analyze the shortcomings of existing scaling and rotation based channel balancing
techniques, and design a “static-dynamic” channel balancing technique that combines the strengths
of both approaches. Finally, to preserve multiple aspects of generation quality under lower bitwidth,
we introduce a metric-decoupled mixed precision scheme, which ”decouples” the effects of quanti-
zation across different dimensions for sensitivity analysis.

We summarize our contributions as follows:

1. We conduct extensive analysis and identify the major source of quantization error and
unique challenges for quantizing the DiT model and visual generation task.

2. We design improved quantization scheme ViDiT-Q, tailored for DiT models, containing
techniques accordingly to address these challenges.

3. We validate the effectiveness of ViDiT-Q on extensive DiT models for both image and
video generation, and further implement ef�cient GPU kernels to achieve practical hard-
ware savings and acceleration.

2 RELATED WORKS

2.1 DIFFUSION TRANSFORMERS FORIMAGE AND V IDEO GENERATION

Diffusion Transformers (DiTs), which employ Transformers Vaswani et al. (2017) to replace the
CNN-based diffusion backbones (U-Net Ronneberger et al. (2015)) in prior research Rombach et al.
(2022), have achieved remarkable performance in visual generation.Image Generation: DiT Pee-
bles & Xie (2023) and UViT Bao et al. (2023) pioneer the use of transformers as diffusion backbones.
PixArt-� Chen et al. (2023) explores text-to-image generation with DiTs.Video Generation: Early
video generation models Ho et al. (2022b;a); Guo et al. (2023) mainly adopted CNN backbones.
Latte Ma et al. (2024) pioneer the use of transformers for text-to-video generation. The success of
SORA OpenAI (2024) inspire the development of video diffusion transformers such as OpenSORA
HPC-AI (2024). Both high-resolution image generation and multi-frame video generation add to
hardware costs, necessitating ef�ciency improvements.
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2.2 IMAGE AND V IDEO GENERATION EVALUATION METRICS

Visual generation can be evaluated from multiple aspects, and many metrics are introduced accord-
ingly. Image Metrics: FID Heusel et al. (2017) and IS Salimans et al. (2016) are two commonly
adopted metrics for measuring the Inception network feature difference between generated and ref-
erence images for quality and �delity assessment. ClipScore Hessel et al. (2021) evaluates how well
the generated image follows the prompt instruction (text-image alignment), while ImageReward Xu
et al. (2023), HPS Wu et al. (2023b) incorporates human preference by collecting actual user data
to train the reward model.Video Metrics: FVD extends the feature-based metric FID to the video
domain. CLIPSIM Wu et al. (2021) estimates the similarity between video and text instructions.
CLIP-temp Esser et al. (2023) measures the semantic similarity between video frames. Flow-score
is proposed as part of the video evaluation benchmark EvalCrafter Liu et al. (2023c) to assess mo-
tion quality. EvalCrafter also adopts DOVER Wu et al. (2023a) for video quality assessment. These
metrics from multiple aspects should be consideredwhen evaluating the effect of quantization.

2.3 MODEL QUANTIZATION

Post Training Quantization (PTQ) has proven to be an ef�cient and effective model compression
method Nagel et al. (2021).Diffusion Model: Focusing on the unique timestep dimension, prior
research Q-Diffusion Li et al. (2023) and PTQ4DM Shang et al. (2023) collects timestep-wise ac-
tivation data to determine quantizaiton parameters.Transformer: Prior research made signi�cant
progress in quantizing transformers for both ViTs Liu et al. (2021) and language models Yao et al.
(2022). One major focus is addressing the channel imbalance issue. SmoothQuant Xiao et al. (2024)
introduces channel-wise scaling to balance the dif�culty of weight and activation quantization, while
Quarot Ashkboos et al. (2024) employs orthogonal matrix rotations to distribute values more evenly
across channels.DiT: Q-DiT Chen et al. (2024) tackles channel-wise imbalance by assigning differ-
ent quantization parameters to different channels. PTQ4DiT Wu et al. (2024) addresses time-varying
channel imbalance by designing a �xed channel balance mask that �ts all timesteps. While these
methods improve quantization from various angles,directly applying them to the more chal-
lenging task of text-to-image/video generation in DiT models results in notable performance
degradation. In Sec. 4, we thoroughly discuss their limitations and propose novel techniques to
overcome these challenges.

3 PRELIMINARY ANALYSIS

3.1 QUANTIZATION ERRORANALYSIS

Consider the quantization problem as seeking the optimal quantization strategy to minimize the
difference between the quantized model and the �oating-point model. An usual approach is to
surrogate this task into minimzing the layer-wise quantization error for weightW and activationX :

min L task(f F P ; f q) ) min
W q ;X q

LX

l

�
kW ( l ) � Q(W ( l ) )k2

2 + kX ( l ) � Q(X ( l ) )k2
2

�
; (1)

wheref F P , f q denotes the network withL layers. TheWq, X q represents quantized weight and
activation. The weight and activation are quantized within each groupG (e.g., tensor-wise, channel-
wise). The quantization process approximates the full-precisionx with integerx int and quantization
parameters (scaling factors, zero pointz): x � x̂ = s(x int � z). The elements within certain group
of sizeg, represented by vectorx 2 Rg shares the same quantization parameters (s andz). The
quantization operatorQ with bbits is described as:

x int = Q(x; s; z; b) = clamp
�j x

s

m
+ z;0; 2b � 1

�
: (2)

The function clamp(x; a; c) clamps the values into range[a; c], theb�eis the round-to-nearest oper-
ator. As discussed in prior literature Nagel et al. (2021), the quantization error mainly consist of two
parts, the clamping error and the rounding error. They act as a trade-off, the clamping error could
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be reduced with larger scalings, however, this in turn increases the rounding error, which lies in
range[� s

2 ; s
2 ]. In the minmax quantization scheme adopted by most recent literature and deploy-

ment tools, the scalings = (max( x) � min(x))=(2b � 1) are chosen to set the quantization range in
[max(x); min(x)], which avoids the clipping error. Therefore,the major source of the quantiza-
tion error arises from the rounding error with large s when large data variation exists within
the group. For example, when the group size is large (i.e., tensor-wise), the range are determined by
a small portion of large values, making the quantization range unnecessarily large for the majority
of elements, thus resulting in larger rounding error. Recent literature Chee et al. (2024) introduces
the idea of “incoherence processing” echoes this �nding. The data groupx 2 Rg is de�ned to be
� -coherent if:max(x) � � jjW jjF =

p
g, wherejj � jj F indicates the Frobenius norm, andg is the

number of elements. The data group with higher incoherence are harder to quantize, since the largest
element is an outlier relative the average magnitude. Additional incoherence processing to ensure
balanced data distirbution within group is essential to reduce the quantization error.

3.2 UNIQUE CHALLENGES FORDITS AND V ISUAL GENERATION

Challenges for DiT model: As mentioned above, data variation within group incur large quanti-
zation error. We conduct comprehensive analysis for DiT data distribution, and discover that DiT
model witnesshigh data variation in multiple levels as presented in Fig. 2:

• Token-wise Variation: We observe notable variation between the visual tokens. Speci�-
cally, for video DiTs, the variations exist both along the spatial and temporal dimension.

• Condition-wise Variation: For conditional generation, the classi�er-free-guidance Ho
(2022) (CFG) conducts two separate forwards with and without the control signal (often
implemented with batch of 2). We observe notable difference between the conditional part
(red square) and the unconditional part (blue square).

• Timestep-wise Variation: Diffusion method iterates the model for multiple timesteps. We
observe notable variation in activation for the same layer across timesteps.

• Channel-wise Variation: For both the weight and activation, we witness signi�cant differ-
ence across different channels. Speci�cally, the activation channel variation demonstrate
time-varying characteristics.

Challenges for visual generation task:As described in eq. (2), the minimization of quantization
error is often adopted as the proxy task for quantization. However, for visual generation, the gen-
eration quality could be evaluated from multiple perspectives (e.g., aesthetic, alignment).Simply
regularizing the absolute error may not be suf�cient for assessing the quantization's effect on
visual generation.(discussed in more details in Sec. 4.3) For video generation, more aspects related
to the temporal dimension should be included (e.g., temporal consistency, temporal �ickering).

4 VIDIT-Q: QUANTIZATION SCHEME TAILORED FORDITS

As presented in Fig. 2, to address the aforementioned challenges, we designViDiT-Q . Firstly, we
highlight the importance of choosing �ne-grained and dynamic quantization parameters to avoid
data variation in large group. (Sec. 4.1). Secondly, we design a static-dynamic channel balance
technique to handle the unique time-varying channel-wise data variation within group (Sec. 4.2).
Finally, considering the quantization's effect of multiple aspects on generation quality, we design
metric decoupled mixed precision method to preserve performance under lower bitwidths (Sec. 4.3).

4.1 FINE-GRAINED GROUPING AND DYNAMIC QUANTIZATION

As discussed in Sec. 3.1, high data variation within the quantization group (i.e., high incoherence)
is a major source of quantization error. Adopting coarse-grained quantization grouping with larger
group size is more likely to include data with higher variation. For instance, in tensor-wise quanti-
zation groupings, as used in prior research Wu et al. (2024), the group contains all tokens, leading to
high variation (as shown in Fig. 2). This suggests that�ner groupings should be used as long as
they do not impede ef�cient hardware implementation. In hardware implementations, the data
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Figure 2:The overall framework of ViDiT-Q. We begin by analyzing the sources of quantization
error and identifying the unique challenges faced by DiT models and visual generation tasks. Cor-
respondingly, we develop specialized techniques to address these challenges.

summed together should share the same quantization parameters (i.e., belong to the same quanti-
zation group) to avoid the overhead of casting integer values to �oating-point for summation. In
transformer quantization, where the majority of computation occurs in the Linear layers, summation
occurs along the input-channel dimension of the weights and activations. Therefore, despite the
“channel-wise” activation quantization in Q-DiT Chen et al. (2024) enhances performance, it brings
dif�culty in hardware acceleration. Differently, we adopt the hardware-friendly ”channel-wise”
and ”token-wise” quantization groupings for weights and activation. This approach compresses the
group size for activation quantization to the number of channels, introducing negligible overhead
compared to coarse-grained groupings, and is supported by mainstream inference frameworks Zhao
et al. (2024b); Lin et al. (2024).

For diffusion model, two additional dimensions, ”condition-wise” and ”timestep-wise” variation are
introduced.Using static quantization parameters across all timesteps and conditions results in
equivalent larger group sizes with larger data variation.For example, PTQ4DiT Wu et al. (2024)
adopts the tensor-wise static activation quantization grouping, and fails to hanlde the high variation
in the token, timestep dimensions. To address timestep-wise variation, previous methods So et al.
(2024) adopt timestep-wise static quantization parameters. However, the determination of these
quantization parameters are costly (requires iterative training) and face dif�culties when general-
izing across solvers. In contrast, we propose using ”dynamic” quantization parameters, which are
computed online and naturally adapt to varying timesteps and conditions. This approach acts as the
upper bound of algorithm performance for resolving the timestep-wise variation issue. The addi-
tional hardware cost is negligible, as it only requires determining the max and min of the data group
and can be fused with previous operations to further minimize overhead. More detailed pro�ling
and analysis are presented in Sec. 5.3.

4.2 STATIC-DYNAMIC CHANNEL BALANCING

As mentioned above, by incorporating �ne-grained grouping and dynamic quantization, the data
group is reduced to a vector withC channels. Consequently,reducing data variation within the
group (i.e., channel balancing) is crucial for minimizing quantization error. As illustrated in
Fig. 2, channel-wise data variation is evident in transformer models. Speci�cally, for DiTs, the de-
gree of channel imbalance varies signi�cantly across timesteps. Existing channel-scaling or rotation
based techniques struggle with the unique ”time-varying channel imbalance”. We investigate the
reasons for their failure and design a specialized ”static-dynamic” channel balance technique.

Scaling based methods Xiao et al. (2024) introduce a per-channel balancing masks 2 R C i . By
dividing the activation withs and multiplyings with weights, it shifts the quantization dif�culty
from activation to weights, and vice versa. The masks could be calculated as follows:
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Figure 3:The illustration of static-dynamic channel balancing. Left: the limitations of existing
rotation and scaling based channel balancing techniques. Right: the reason for time-varying imbal-
ance could be decomposed into the static and the dynamic part.

Y = ( X diag(s) � 1) � ((diag(s)W )) = X̂ � Ŵ ; si = max(jX i j) � =max(jWi j)1� � ; (3)

whereX; Y; W represents the input activation , output activation, and weights. Thes is a channel-
wise balancing mask,� is a hyperparameter. Channel balancing could effectively alleviate the input
channel-wise variation. However, we empirically discover that it is sensitive to� choices.For dif-
ferent timesteps, the degree of activation channel imbalance changes, suitable� also changes.
Employing the same� for earlier stages may shift too much dif�culty from weights to activations,
harming the activation quantization, and vice versa for latter stages. Introducing multiple� s for
different timesteps can resolve this issue. However, it necessitates different versions of weights for
various timesteps. Optimizing for the optimal� cross all timesteps is alos challenging.

Rotation based methods Ashkboos et al. (2024); Liu et al. (2024) introduces an orthogonal rotation
matrix Q, such thatQQT = I andjQj = 1 . Multiplying the matrixQ on the left and right of the
data preserves computational invarianceY = XW T = ( XQ )(QT W ). The rotation matrix makes
the data values more evenly distributed along channels. Quantizing the rotated matrixXQ with
less incoherence could reduce quantization error. The rotation based method requires no parameter
tuning and naturally adjust to varying degree of channel imbalance across timestep. However, as
seen in Fig. 3,some channels are still prominently larger than others after the rotation.

To overcome these limitations, we analyze the data distribution of DiT models and discover that the
time-varying channel imbalance phenomenon arises from the ”feature modulation” that aggregates
the timestep embedding with the feature (as shown in Fig. 3). This phenomenon can be decomposed
into two parts: the ”static” initial activation distribution orginating from the pretrained “scale shift
table” and the ”dynamic” variation introduced by the time embedding. Inspired by these �ndings, we
propose combining scaling and rotation-based channel balancing methods to leverage the strengths
of both. The scaling-based method addresses the ”static” channel imbalance at the initial denoising
stage, avoiding the need for multiple� s for varying distributions. The rotation-based method is
then utilized to address the ”dynamic” varying distribution. Since the scaling method has already
alleviated extreme channel imbalance, the rotation method ensures a balanced distribution.

4.3 METRIC DECOUPLEDM IXED PRECISIONDESIGN

The aforementioned techniques can effectively reduce the ”incoherence” of data distribution,
thereby decreasing quantization error. However, we still observe notable quality degradation with
lower bit-widths (W4). Upon investigating the reasons for this issue, we �nd that some layers, de-
spite exhibiting relatively low quantization error, can signi�cantly impact overall quantization. This
suggests that layers have varying quantization sensitivity, and quantization can be ”bottlenecked”
by certain highly sensitive layers. This aligns with the discussions in Sec. 3.1 and Sec. 3.2. Merely
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