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Abstract

Diffusion models have been widely adopted in image and
video generation. However, their complex network architec-
ture leads to high inference overhead for its generation pro-
cess. Existing diffusion quantization methods primarily focus
on the quantization of the model structure while ignoring the
impact of time-steps variation during sampling. At the same
time, most current approaches fail to account for significant
activations that cannot be eliminated, resulting in substan-
tial performance degradation after quantization. To address
these issues, we propose Time-Rotation Diffusion Quanti-
zation (TR-DQ), a novel quantization method incorporating
time-step and rotation-based optimization. TR-DQ first di-
vides the sampling process based on time-steps and applies
a rotation matrix to smooth activations and weights dynam-
ically. For different time-steps, a dedicated hyperparameter
is introduced for adaptive timing modeling, which enables
dynamic quantization across different time steps. Addition-
ally, we also explore the compression potential of Classifier-
Free Guidance (CFG-wise) to establish a foundation for sub-
sequent work. TR-DQ achieves state-of-the-art (SOTA) per-
formance on image generation and video generation tasks and
a 1.38-1.89x speedup and 1.97-2.58 X memory reduction in
inference compared to existing quantization methods.

Introduction

Diffusion models (Ho et al. 2022; Xing et al. 2024) have
demonstrated a remarkable ability to generate model param-
eters (Shao et al. 2025), 3D scenes (Erkog et al. 2023; Wang
et al. 2024; Yan et al. 2024b), etc. Also, they outperform
GANs (Goodfellow et al. 2014, 2020) in most image and
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video generation tasks. However, due to their high memory
consumption during inference, diffusion models are chal-
lenging to deploy on edge devices. In addition, the genera-
tion process consumes significant latency at each time-step,
leading to low throughput, particularly for high-resolution
images and long video generation. Therefore, compressing
diffusion models while preserving their generative capabil-
ity is crucial for practical deployment.

Several model compression methods are currently being
tested in diffusion. In most of the model compression meth-
ods (Bucilud, Caruana, and Niculescu-Mizil 2006; Cheng
et al. 2017; Zhu et al. 2024; Wang et al. 2025b). Quantiza-
tion offers a promising solution to reduce memory and speed
up computation for deployment on limited-resource devices.
However, among them, post-training quantization (PTQ)
methods (Frantar et al. 2022; Lin et al. 2024; Dettmers
et al. 2023; Wang et al. 2025¢) could avoid retraining the
model, but do not achieve satisfactory results when applied
directly to diffusion models. The distribution of time-steps
significantly influences the generation process; hence, ig-
noring the activation distribution at each time-step can lead
to negative effects. To address these issues, Q-Diffusion (Li
et al. 2023) introduces a timestep-aware calibration and real-
izes end-to-end quantization, which enables the quantization
of full-precision unconditional diffusion models into 4-bit.
QUEST (Watson and Pelli 1983) identifies three key prop-
erties in quantized diffusion models affecting current meth-
ods: imbalanced activation distributions, imprecise tempo-
ral information, and specific module perturbation vulnera-
bility. However, most of these methods mentioned above
ignore the effect of significance activation in the diffusion
model and therefore cause additional losses in quantifica-
tion. In addition, Classifier-Free Guidance (CFG) is also a
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Figure 1: Main pipeline of TR-DQ. TR-DQ uses a rotation matrix for the activations to reduce the massive outliers, and also
rearranges the weights to be a smoother and easier to quantify model overall. For CFG and non-CFG with high similarity of
attention TR-DQ performs weight sharing, which further reduces the computational cost.

major factor that is ignored (Xie et al. 2024). To address
these problems, we propose a time-step and rotation based
quantization method, Time-Rotation Diffusion Quantiza-
tion (TR-DQ). TR-DQ first transfers the massive activations
into weights using a rotation metrix, which makes activa-
tions and weights smoother and easier to quantize. Mean-
while, we explore both Classifier-Free Guidance (CFG) and
non-CFG based quantization. Notably, we observe that some
layers in CFG and non-CFG share similar parameter sen-
sitivity distributions, allowing us to further compress them
through a merging-based approach.

In order to demonstrate the effectiveness of our method-
ology, we conducted extensive experiments on image gen-
eration and video generation tasks. Experimental results
demonstrate that our method outperforms existing quantiza-
tion techniques in both image and video generation across
most metrics, achieving state-of-the-art (SOTA) perfor-
mance. Meanwhile, our method can achieve 1.7x speedup,
significantly enhancing the efficiency of the generative
model. The key contributions of our work are as follows:

* We shift the hard-to-quantify activations into weights us-
ing a rotation matrix, resulting in a smoother activation
distribution that is easier to quantize.

e We introduce a novel quantization approach, Time-
Rotation Diffusion Quantization (TR-DQ), by extending
the global rotation matrix into a time-dependent rotation
matrix based on the time-step distribution of diffusion
models.

* By analyzing the similarity in attentional sensitivity be-
tween CFG and non-CFG, we implement attentional
merging quantization to optimize compression.

* Our method significantly reduces quantization loss while
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preserving high visual quality in image and video genera-
tion tasks while achieving 1.38-1.89 x speedup and 1.97-
2.58 x memory reduction without compromising perfor-
mance.

Related Work
Generative Models

Image and video generation has achieved remarkable
progress. Early GAN-based video generation meth-
ods (Gupta, Keshari, and Das 2022; Liu et al. 2021)
have temporal coherence problems and consecutive frame
discrepancies. Similarly, GAN-based image generation
models (Karras, Laine, and Aila 2019) are known for
their instability during training, frequently encountering
problems such as mode collapseand. VAE-based meth-
ods (Yan et al. 2021; Kingma 2013; Yan et al. 2024a;
Wang et al. 2025d) provide a robust framework but often
require extensive computational resources. Video diffusion
models with U-Net architecture were adapted to boost
frame continuity. Latte (Ma et al. 2024) pioneered the
use of transformer (Vaswani 2017) to realize high quality
text-to-video generation, outperforming traditional methods
in processing complex video data. SORA (Brooks et al.
2024; Zheng et al. 2024) further inspired the development of
video diffusion transformer, advancing the development of
models like GenTron (Chen et al. 2024b), which extended
the capabilities of diffusion transformers to multi-frame
video generation. Tora (Jankovic, Fontaine, and KokotoviC
1996) focuses on trajectory-oriented video generation
and combines textual, visual, and trajectory conditions to
create high-quality videos. However, existing image and
video generation models still suffer from high memory
cost. To address this issue, approaches such as model



quantization (Shao et al. 2024), pruning and distillation
are proposed. In our work, we mainly focus on model
quantization, and we will review milestones of diffusion
quantization in Section Diffusion Model Quantization.

Diffusion Model Quantization

The evolution of model quantization has been instrumen-
tal in enabling the deployment of complex neural net-
works on resource-constrained devices. Post-training quan-
tization (PTQ) methods like RTN (Nagel et al. 2020) and
LLM.int8 (Dettmers et al. 2022) quantize weights and ac-
tivations post-training with a few calibration dataset. How-
ever, most of the quantization methods are not suitable for
diffusion models because diffusion models contain time-
steps with different activation each steps. To address this,
Q-Diffusion (Li et al. 2023) proposes a PTQ method for
diffusion models, compressing them to 4-bit without per-
formance loss by time-step-aware sampling and separation
shortcut quantization. PTQ4DM (Shang et al. 2023) uses
time-step-aware and separation shortcut techniques to com-
press models to 4-bit with similar performance to full-
precision ones, and SVDQuant (Li et al. 2024) quantizes
diffusion model weights and activations to 4-bit by intro-
ducing a low-rank branch to absorb outliers. Q-DiT (Chen
et al. 2024a) customizes quantization parameters for chan-
nels to address imbalance, while PTQ4DiT (Wu et al. 2024)
has designed a fixed mask adaptable to all timesteps to han-
dle time-varying imbalance. For video generation model,
ViDiT-Q (Zhao et al. 2024) designs a post-training quanti-
zation (PTQ) method for DiTs that enables W8AS8 lossless
quantization and W4AS8 quantization without loss of gener-
ation quality. In our work, we mainly focus on time-steps
modeling and explore the impact of Classifier-Free Guid-
ance (CFG) wise.

Methodology
Preliminaries

As blocks of diffusion models are predominantly con-
structed with basic linear layers, which can be represented
as, Y = X - W. Here, W is the weight matrix. X and Y are
denoted as input activations and output activations, respec-
tively. In this paper, we focus on integer uniform quantiza-
tion of both activations and weights, aiming to achieve bet-
ter hardware support. Specifically, the b-bit quantization pro-
cess maps the FP16 tensor X to low-bit integer X;,,; could
be expressed as Eq. (1),

X
Xint = clamp <{s—‘ +2,0,2° — 1) ,

where the function clamp(z,0,2° — 1) clamps the values =
into range [0, 2° — 1], the nation | -] means the nearest round-
ing operation. The scaling s could be expressed as Eq. (2),

_ max(X) —min(X) '

ey

= 2
96 1 (2)
and the zero point z could be calculated as Eq. (3),
min(X
- {s( )w - 3)
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Following recent work, we employ per-token quantization
for activations and per-channel quantization for weights.

For diffusion models, the presence of outliers in activa-
tions poses significant challenges to activations quantiza-
tion. To address this issue, current quantization methods like
SmoothQuant (Xiao et al. 2023) typically employ smoothing
techniques, using computational invariance to shift the quan-
tization difficulty from activations to weights. It’s formula is
as Eq. (8),

Y = (X diag(A)7!) (diag(A)W) =X -W. (4

The diagonal element A ; within A is computed as Eq. (5),

max(|Xj|)a

(5
max (||

)1—0(’

where « is a hyper-parameter representing the migration
strength.

Quantization Strategies

(a) X without Time-Rotation.

(c¢) W without Time-Rotation.

(d) W with Time-Rotation.

Figure 2: Effect of Time-Rotation on Data Distribution.
Data distribution with Time-Rotation is more smoother.
Where X is the activations and W is the weights.

Examining Fig. 2a reveals that although smooth techniques
reduce some outliers in activations, certain difficult to
smooth outliers which we term Massive Outliers still per-
sist. Although some outliers were smoothed, this did not
change the unevenness of the data distribution (Wang et al.
2025c,a). All these factors affect quantization performance.
Additionally, since the quantization difficulty is transferred
from activations to weights, the weight distribution becomes
even more irregular, making weight quantization another
challenge (Shao et al. 2024). Therefore, adopting a novel



balancing strategy to equilibrate activations and weights is
necessary. As it shown in Fig. 1, we leverage rotation ma-
trices based on computational invariance. Through rotation
matrices, we can reduce the number of Massive Outliers in
activations and make the data distribution of both activations
and weights more uniform, facilitating group-wise quantiza-
tion. The specific details are as follows:

Balancing Strategies. Based on these observations and
building upon DuQuant (Lin et al. 2025), we utilize an or-
thogonal rotation matrix R, a matrix constructed based on
prior knowledge and greedy strategies, which can identify
and swap the positions of outliers The construction of this
rotation matrix is as Eq. (6),

R!' = C;QCso, (6)

where the C; is the switching matrix used to swap the first
column and the column containing the maximum outlier
columns of the activations, and Q represents an orthogonal
randomly initialized rotation matrix, in which the first row
is specifically uniformly distributed. The motivation behind
this is to mitigate outliers in the first column after the trans-
formation by C;. To ensure the orthogonality of the rotation
matrix, we employ Cg to perform the corresponding row
exchange that mirrorsC;’s column operation. Specifically,
if C;1 swaps column 0 with column i (the outlier column),
then Cy swaps row 0 with row i.

Thus, we obtain the final rotation matrix through a greedy
strategy, with the formula as Eq. (7),

R=R'R?...R", (7)

where n arg mingeqi;nj (maxi,j\(XRl e Rk)ij\).
Each R’ is constructed according to 6. Through this con-
struction manner, we can ensure that the final rotation matrix
R can effectively mitigate outliers with large magnitudes, as
opposed to merely using a randomly selected orthogonal ro-
tation matrix. Nevertheless, directly constructing the entire
rotation matrix is time-consuming and results in substantial
memory overhead. For fast matrix multiplication, follow-
ing (Lin et al. 2025), we approximate the rotation matrix
R € R%»*Cin in a block-wise manner:

R = BlockDiag(Ry,, ..., Ry, ),

®)

where R, € R?"*2" denotes a square matrix of the i-th
block, which is constructed following the three steps men-
tioned above. And the block numbers K is calculated by
K = Cy,/2". After the first block rotation, most Mas-
sive Qutliers can be eliminated, but in order to make the
data smoother for per-token quantization, we need to per-
form a second block rotation. However, When we using the
first block rotation reduces outliers locally, the distribution
between different blocks may remain imbalanced, which is
unfavorable for our second block rotation. To address this is-
sue, we introduce the zigzag permutation. Concretely, we
generate a zigzag sequence that starts by assigning channels
with the highest activations to the first block. The process
continues by assigning channels with the next highest acti-
vations to the subsequent blocks in descending order until
the end of block K. Upon reaching the final block, the order
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reverses, starting from the channel with the next highest ac-
tivations and proceeding in ascending order. This back-and-
forth patterning continues throughout all the blocks, ensur-
ing that no single block consistently receives either the high-
est or lowest activations channels. It is worth noting that the
constructed permutation is also an orthogonal matrix, which
we denote as P. By employing the zigzag permutation, we
achieve a balanced distribution of outliers across different
blocks. This allows us to use the second block rotation to
further smooth the outliers. The final balancing strategy can
be represented as Eq. (9),

Y=X-W
=[(X- ARM . P. R(2)]
[(R@))T PT. (R(l))T(A—l . W)]v

where the notation P denotes the orthogonal permutation
matrix learned via the zigzag manner, the R(*) and R(?)
represent the first and second block-diagonal rotation ma-
trix, respectively. Through the application of the second ro-
tation matrix, the activations values become smoother.
Time-Steps Awareness Quantization. Since activations at
each time-step in diffusion models are different, applying
a set of static quantization parameters to these activations
would severely damage the generation quality of diffusion
models. Furthermore, as activations at each time-step in dif-
fusion models vary, the distribution of outliers in activations
across different time-steps also differs significantly. If we
still use a single set of R, P and A for activations across
all time-steps, this would ignore the distinctive characteris-
tics of diffusion models and similarly impair their genera-
tion quality. To address these issues, we have implemented
two approaches. First, we implement dynamic quantization
for activations, calculating quantization parameters online.
This process only requires additional computation of maxi-
mum and minimum values, making the computational cost
negligible. Second, based on the characteristics of diffusion
models, we propose Time-Rotation, which models the rela-
tionship between time and rotation matrices etc. Throughout
the denoising process, instead of sharing a single set of R,
P and A, activations will select appropriate of R, P and A
based on the current time-step. Therefore, our final formula
is as follow:

9

Fy (X, W) = Ge(Xy) - He (W),
Gi(X0) = (X;- &) -R{Y PR,
H(W) = R P ®)T- (a0t w), (0
F, : RT*Cin o RCin*XCout _y RTXCous
teT={1,2,...,N}.

Compared to ViDiTQ (Zhao et al. 2024)’s Quarot (Ashk-
boos et al. 2024) based rotation matrices, our Time-
Rotation are more sophisticated in construction. Rather
than being simply initialized, they are constructed based
on prior knowledge and greedy strategies. In addition, the

extra permutation operation enables better handling of un-
evenly distributed data. As demonstrated in 2b and 2d, this



method effectively smooths the distribution of both activa-
tions and weights, with the activations values range narrow-
ing from [-2.0, 1.5] to [-0.6, 0.6], and the weight values
become smoother. This evidence confirms that our method
achieves superior smoothing effects compared to conven-
tional smoothing approaches.

Attention-Sharing Quantization (AS)

(a) Heat map at time-step=12.

(b) Heat map at time-step=15.

Figure 3: Heat maps of multi-head self-attention under
conditional and unconditional situations. Each square re-
flects the similarity between the two. The redder the square,
the higher the similarity; the bluer the square, the lower the
similarity.

Classifier-free guidance (CFG) is widely used for diffu-
sion transformers, enabling the generation of more imagina-
tive images or videos that are not confined to a single for-
mat. However, the adoption of CFG technology means that
we cannot complete the task with just a single denoising pro-
cess, which significantly slows down inference speed. To ad-
dress this issue, through examination of the structure of dif-
fusion transformers, we discovered that there exists substan-
tial similarity between attention values of multi-head self-
attention in each block of the condition and unconditional
paths, as shown in 3a. Our evaluation metric is cosine simi-
larity, detailed as follows Eq. (11),

 A-B

cos(AB) = Bl

Y

However, due to the time-step differences mentioned ear-
lier, not all attention values are identical across every time-
step, as illustrated in 3b. Through extensive observation, we
found that the attention values of multi-head self-attention in
the forward and backward blocks show significant similari-
ties across all time-steps. Therefore, we decided to imple-
ment Attention-Sharing for these blocks. Subsequent exper-
iments demonstrated that our Attention-Sharing approach
improves inference speed without compromising the qual-
ity of generated images or videos.
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Experiments
Experiment Settings

Setting up. We follow the experimental configuration of
VIDITQ (Zhao et al. 2024), employing PixArt-a (Chen
et al. 2023) (pre-trained on COCO (Lin et al. 2014)) and
Open-SORA (Zheng et al. 2024) (pre-trained on UCF-
101 (Soomro, Zamir, and Shah 2012)) for image and video
generation tasks, respectively. The parameters are set to
STEP=20 and CFG=4.5. All experiments are conducted on
an NVIDIA A800 GPU (80GB).

Baselines. Since many diffusion quantization methods are
developed from LLMs quantization methods, our baseline
includes diffusion quantization methods and LLMs quan-
tization methods. Therefore, the quantization schemes for
LLMs that we have chosen include SmoothQuant (Xiao
et al. 2023), DuQuant (Lin et al. 2025), and Quarot (Ashk-
boos et al. 2024), all of which can achieve weight-activation
quantization. The selected diffusion quantization baselines
include Q-Diffusion (Li et al. 2023), Q-DiT (Chen et al.
2024a), PTQ4DiT (Wu et al. 2025) and ViDiT-Q (Zhao et al.
2024).

Evaluation Metrics. For image generation, we adopt
FID (Heusel et al. 2017), CLIPScore (Hessel et al. 2021),
and ImageReward (Xu et al. 2023). Video generation is eval-
uated using VBench (Huang et al. 2024). To assess the align-
ment between language and video, we follow the metrics in-
troduced in EvalCrafter (Liu et al. 2024). Model efficiency is
measured in terms of inference peak memory and through-
put. Detailed definitions of all evaluation metrics are pro-
vided in the supplementary material.

Main Results

Image Generation Tasks. In this section, we will discuss
the superiority of our method through the existing bench-
mark and visualization results. To ensure comprehensive-
ness, we will introduce some of the existing quantization
methods for large language models (LLMs) as baseline for
comparison. As it shown in Tab. 2, the model quantinaized
by TR-DQ leads the model quantinaized by the other quan-
titative methods in all metrics. At the same number of quan-
tization bits, both TR-DQ and the method after weight shar-
ing generate images with better quality than ViDiT-Q. This
suggests that many of the previous methods ignored the
time-steps change of MASSIVE activation and activation,
while TR-DQ proposed a more effective solution. When the
weights were quantinaized to 4 bits, the effect of massive
activation was ignored as ViDiT only smoothed the out-
liers of the weights by rotating the matrix. Therefore, in the
case of diffusion quantization, the treatment of activations
greatly affects the performance of the quantinaized model.
In contrast, our approach focuses on the activations, which
are smoother and more favourable for quantization.

Video Generation Tasks. The results of the experimental
video generation evaluation may have some errors due to
the poor robustness of the benchmark vbench. As it shown
in Tab. 1, TR-DQ is better than the current SOTA ViDiTQ
in most metrics. especially when the weights are quantized
to 4bit. This difference is more significant compared to im-



Method

Bit-width Imaging Aesthetic Motion Dynamic

BG. Subject Scene Overall

(W/A) Quality Quality Smooth. Degree Consist. Consist. Consist. Consist.
- 16/16  63.68 57.12 97.01 5694 96.13 9228 40.51 26.21
Q-Diffusion (Li et al. 2023)  8/8 60.38 55.15 9444 68.05 94.17 87.74 36.62 25.66
Q-DiT (Chen et al. 2024a) 8/8 60.35 5580 93.64 68.05 9470 8694 32.34 26.09
PTQ4DiT (Wu et al. 2024) 8/8 56.88 5553 9589 63.88 96.02 9126 34.52 2532
ViDiT-Q (Zhao et al. 2024) 8/8 6148 5695 96.14 61.11 9584 90.24 38.22 26.06
TR-DQ (Ours) 8/8 61.82 5744 96.63 5538 96.11 91.14 39.78 26.18
TR-DQ+AS (Ours) 8/8 60.38 57.10 96.26 50.27 9571 91.58 38.50 25.99
Q-DiT (Chen et al. 2024a) 4/8 2330 29.61 9789 4166 97.02 9151 0.00 4.985
PTQ4DiT (Wu et al. 2024) 4/8 3797 31.15 9256 9.722 98.18 93.59 3.561 11.46
ViDiT-Q(Zhao et al. 2024) 4/8 59.01 5537 9569 4833 9523 8872 36.19 2594
TR-DQ (Ours) 4/8 59.88 5620 96.57 51.83 96.65 90.74 3246 26.17
TR-DQ+AS (Ours) 4/8 57.69 55.02 9674 47.78 96.58 91.03 3225 2534

Table 1: Performance of TR-DQ on video generation on VBench. TR-DQ outperforms the current SOTA ViDiTQ in most
metrics, suggesting that it is more capable of generating models after quantization.

Method B‘(w;f;h FID(}) CLIP(1) IR(})

- 16/16 7334 0258 0901

Q-Diffusion (Lictal. 2023)  8/8  96.54 0239 0.186
Q-DiT (Chenctal. 20242)  8/8  73.60 0256 0.854
PTQ4DIT (Wu etal. 2024) 88 1279 0217 -1216
VIDIT-Q (Zhao et al. 2024)  8/8 7598 0232  0.859
TR-DQ (Ours) 88 7512 0249 0.887
TR-DQ+AS (Ours) 88 7557 0233 0.863
Q-Diffusion (Li et al. 2023)  4/8 9195 0228 -0.224
Q-DiT (Chenctal. 2024a)  4/8 4758 0127 -2.277
PTQ4DIT (Wu etal. 2024) 48 1719 0177 -2.064
VIDIT-Q (Zhao et al. 2024)  4/8 7665 0243 0.837
TR-DQ (Ours) 48 7553 0252 0851
TR-DQ+AS (Ours) 48 7576 0246 0.847

Table 2: Results of image generation task. TR-DQ method
has an overall advantage over current quantization methods
for the same bits. AS indicates Attention-Sharing. In addi-
tion, it is worth noting that VIDiT-Q’s W4AS8 uses a mixed
quantization that means the weights are not really 4-bit
quantization, there may be 6 and 8 bits.

ages, and we believe that one reason is that the video gen-
eration model has a larger number of parameters compared
to the image generation model, so the effect of activation
quantization is more significant. In addition, the video gen-
eration task has a stronger timing dependency than the im-
age generation task, so other quantization methods may lack
fine-grained timing divisions, leading to poorer quality of
the generated video. As shown in Tab. 3, for most metrics,
TR-DQ is ahead of other methods. This suggests that the
video-text consistency of the quantized TR-DQ model has
an advantage over other methods. And this gap becomes
more obvious when the weights are quantized to 4bit. This
shows that we effectively shift the activation to the weights
to reduce the error caused by the activation. Also, we pro-
pose a long prompt video generation sample to for visualisa-
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tion. The video quality generated by the compressed model
is slightly degraded compared to the original model, but still
maintains better results. The comparison with the quantiza-
tion approach to large language model can be found in the
supplementary material.

Classifier-Free Guidance Result. As it shown in Tab. 2,
with the addition of CFG weight sharing in TR-DQ, al-
though there is a loss in the quality of the generated image,
its effect still outperforms the current SOTA method. There-
fore, it indicates that the difference between partial CFG and
non-CFG attention distribution is not obvious, and there is a
possibility of compression. As it shown in Tab. 1 and Tab. 3,
Attention Sharing leads to a decrease in the quality of video
generation, but the generative power of the model still dif-
fers little from the current SOTA. Therefore, our approach
reduces redundant ATTENTION computations while main-
taining model generation capabilities.

Efficiency Comparison. As it shown in Tab. 5, TR-DQ sig-
nificantly reduces the memory overhead and latency com-
pared to the original model, and is more conducive to hard-
ware inference computation because the TR-DQ activation
and weight distributions are smoother than those of ViD-
iTQ. Further, we reduce the attention computation by weight
sharing so that the model can skip the layers with high CFG,
no-CFG similarity in inference. This operation reduces the
overall inference overhead of the model and also reduces the
computational latency of the model.

Ablation Study

In this section, we discuss the main influences of our
methodology. We will discuss our main contribution from
the rotation matrix approach and time modeling.

As it shown in Tab. 4, R is the rotation matrix for han-
dling activation outliers, Ry is the rotation matrix for han-
dling weight outliers, and P denotes the weight permuta-
tion process. We found that the biggest impact on the model
was the dynamic transformation of the rotation matrix based
on time-steps. The overall quality of the generated video is
significantly improved by adding time information. The fact



Bit-width VQA- VQA- A Flow
Method (W/A) CLIPSIM  CLIP-Temp Aesthetic  Technical  Score. ({)
- 16/16 0.1818 0.9988 63.40 50.46 -

Q-Diffusion (Li et al. 2023) 8/8 0.1781 0.9987 51.68 38.27 0.328
Q-DiT (Chen et al. 2024a) 8/8 0.1788 0.9977 61.03 34.97 0.473
PTQ4DiT (Wu et al. 2024) 8/8 0.1836 0.9991 54.56 53.33 0.440
ViDiT-Q (Zhao et al. 2024) 8/8 0.1950 0.9991 60.70 54.64 0.089
TR-DQ (Ours) 8/8 0.1861 0.9990 62.43 57.07 0.295
TR-DQ+AS (Ours) 8/8 0.1830 0.9991 59.16 51.52 0.128
Q-DiT (Chen et al. 2024a) 6/6 0.1710 0.9943 11.04 1.869 41.10
PTQ4DiT (Wu et al. 2024) 6/6 0.1799 0.9976 59.97 43.89 0.997
ViDiT-Q (Zhao et al. 2024) 6/6 0.1791 0.9984 64.45 51.58 0.625
TR-DQ (Ours) 6/6 0.1795 0.9988 61.80 49.58 0.042
TR-DQ+AS (Ours) 6/6 0.1747 0.9987 59.74 44.94 0.068
Q-DiT (Chen et al. 2024a) 4/8 0.1687 0.9833 0.007 0.018 3.013
PTQ4DiT (Wu et al. 2024) 4/8 0.1735 0.9973 2.210 0.318 0.108
ViDiT-Q (Zhao et al. 2024) 4/8 0.1809 0.9989 60.62 49.38 0.153
TR-DQ (Ours) 4/8 0.1815 0.9990 59.86 55.56 0.130
TR-DQ+AS (Ours) 4/8 0.1715 0.9993 56.87 48.09 0.306

Table 3: The corresponding effects of different quantization methods on prompt. Video generated at different bit-widths
with response to prompt. g-diffusion does not generate video properly at WO6A6 and W4AS.

Methods Bit-width CLIPSIM  CLIP-Temp VQA- VQA- A Flow
Smooth R; P R T-R (W/A) Aesthetic  Technical Score.
- - - - - 16/16 0.1797 0.9988 63.40 50.46 -
v - - - - 4/8 0.1739 0.9985 44.12 21.19 0.675
v v - - - 4/8 0.1755 0.9941 50.42 42.12 0.421
v v - v - 4/8 0.1745 0.9972 52.38 45.67 0.342
v v / v - 4/8 0.1741 0.9985 54.94 47.97 0.219
v v / v v 4/8 0.1815 0.9990 59.86 55.56 0.130

Table 4: Ablation studies of TR-DQ. We discuss the main influences on the model when quantifying W4AS.

Bit-width A800 A100 than permutation.
(W/A) Memory Latency Memory Latency
16/16 1.00x  1.00x  1.00x  1.00x Conclusion
8/8 (ViDiTQ) 1.98x  1.70x  2.00x 1.74x In this article, we explore two current issues in diffusion
8/8 (TR-DQ) 1.97x  1.69x  1.97x  1.69x model quantization: massive activation and time-steps sam-
8/8 (TR-DQ+AS) 2.17x  1.89x 217x  191x pling. To address these problems, we design a rotation
4/8 (ViDITQ)  241x  136x  242x  138x matrix quantization method based on time-steps activation
4/8 (TR-DQ) 246x  138% 247x  1.42% distribution, Time-Rotation Diffusion Quantization (TR-
4/8 (TR-DQ+AS) 2.58x  1.41x  2.59x  1.44x DQ). TR-DQ shifts hard to quant activations to weights via

Table 5: Efficiency Comparison between original model
and SOTA method. The size and lantency of the com-
pressed model of TR-DQ is almost the same as that of ViD-

iTQ.

that R has a greater impact on the overall effect of the video
than any other factor suggests that diffusion is different from
the large language model in that it directly affects the qual-
ity of the generation of the generative model. Permutation
and Ry, although both affect the video generation results,
are not major factors. In contrast Ro has a greater impact
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a matrix and adaptively adjusts the parameters of the ro-
tation matrix for each time-step activation change. Mean-
while, we found that some layers have higher weight sim-
ilarity in the case of CFG and non-CFG, so we chose to
merge these weights for processing to reduce the memory
overhead of CFG. Our method has better image and video
generation compared to current quantization methods. Com-
pared to original model, our approach achieve 1.38-1.89x
speedup and 1.97-2.58 x memory reduction.
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