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Abstract: Objective In recent years, the diffusion model has become a promising alternative to conventional generative
models including generative adversarial network and variational autoencoder due to the high quality and diversity of its gen-
erated images, as well as its stable training process. It has a wide range of applications such as super-resolution, graph gen-
eration, and image restoration. Generally, the generation process of diffusion models involves gradually adding Gaussian
noise to image data and then iteratively removing the noise step by step through a noise estimation network. As this process
typically takes hundreds or even thousands of steps to find sampling trajectories for denoising, the diffusion model usually
requires tremendous storage overhead and inference time cost. The high computational complexity of diffusion models is
mainly attributed to the following two issues. First, generating a single image requires hundreds or even thousands of
denoising steps, which involve repeatedly executing the estimation network. Second, the estimation network alone involves
significant computational cost due to the high network complexity. Although many approaches have been proposed to
reduce the number of estimation steps, balancing the number of steps with the quality of generated images remains an
unsolved problem. In this paper, we address the second issue, i. e. , accelerating the U-Net-based noise estimation net-
work. Quantization has been a promising solution by converting the floating-point weights and activations to low-bit-width
integers. Typically, quantizing a full-precision model to 8-bit can theoretically accelerate the inference process by about
2.2 times, while further reducing to 4-bit achieves an additional 59% improvement. However, directly applying the quanti-
zation methods designed for general-purpose to diffusion models often yields poor performance, as the diffusion models
using the same network to denoise inputs with different distributions at various timesteps, which is neglected by most exist-
ing approaches. Some works incorporate multi-timestep calibration into the quantization process or focus on the temporal
characteristics within the estimation network to mitigate the impact of multi-timestep distribution. Despite these advance-
ments, a significant performance drop persists when models are quantized to bit-widths lower than 8-bit using post-training
techniques. To overcome the above drawbacks, we analyze quantization errors within the estimation network across differ-
ent timesteps. Our analysis reveals that the reconstruction granularities employed in quantization are often inappropriate for
diffusion models, leading to pronounced discrepancies among quantized modules. Moreover, we identify substantial quanti-
zation errors in specific modules characterized by a wide range of activation distributions across timesteps , leading to dimin-
ished performance when quantizing to lower bit-widths. Method In this study, we propose a novel method called temporal
distribution-aware quantization for diffusion models to deal with the uneven distribution of internal quantization errors
within the network and the accumulation of external quantization errors over multiple sampling timesteps. We evaluate the
significance of different quantized modules by analyzing relative quantization errors and select quantization parameters for
fine-tuning on the basis of the significance score. Meanwhile, the fine-tuning strength is dynamically set according to the
range of inputs. Furthermore, to reduce the accumulation of quantization errors across multiple sampling timesteps in diffu-
sion models, we calculate the mean squared error between output of the full-precision model at each sampling timestep with
that of quantized models. Result Our method outperforms the state-of-the-art compared approaches, achieving an improve-
ment of 0.34 (9.40 vs. 9.06) in inception score (IS) and 1.96 (4. 61 vs. 6.57) in Frechet inception distance score
(FID) on CIFAR-10, respectively. The quantized LDM by our method outperforms TFMQ-DM by an FID reduction of
0. 34 on the LSUN-Church benchmark. In the meantime, the computational cost for our method remains consistent with
that of baseline methods. The results demonstrate improved performance across various datasets and distinct models. Addi-
tionally, our method can be incorporated into existing quantization methods as a plug-and-play module. Conclusion In this
study, we propose a novel temporal distribution-aware quantization method for diffusion models, which reduces the accumu-
lating quantization errors arising from the substantial distribution variations across distinct layers and blocks at different
timesteps. Our method is a plug-and-play method that is applicable to existing quantization approaches. Extensive experi-
ments on various benchmarks clearly demonstrate the effectiveness of our method.
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proposed with SOTA quantization methods

ciFaR.o  WSUN- LSUN-
Iy fr g Church ~ Bedroom
IST FID! FID! FID |
£ W32A32 9.12 422 412 2.98
PTQ4DM W8A8 931 14.18  4.80 4.75
Q-Diff W8A8 948 375 441 4.51
TDQ W8A8 885 599 817 -
PTQD W8A8 - - 4.89 3.75
APQ-DM W8A8 9.07 424  4.02 3.88
TFMQ-DM ~ W8A8 9.07 424 402 3.14
AL W8A8 9.67 3.38  3.68 3.73
PTQ4DM W4A8 - - 4.97 20.72
Q-Diff W4A8  9.12 493  4.66 6.40
PTQD W4A8 - - 5.10 5.94
TFMQ-DM ~ W4A8 9.13 478  4.14 3.68
AL W4A8 949  4.08  4.17 3.71
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Table 2 Results for quantized DDIM on W6A6

) ‘ CIFAR-10
WiRiS [y

IRN) FID |
R W32A32 9.12 422
Q-Diff W6A6 8.76 9.19
APQ W6A6 9.06 6.57
TFMQ-DM W6A6 8.84 9.59
AR3L W6A6 9.40 4.61

TE RIS R 5 H R R 2 2R 1 7 FoR (B, |7
FoR (H GBS o

®3 BUFEREMIRE

Table 3 Ablation for proposed quantization methods

CIFAR-10
Ik 758

ISt FID |
Koy W32A32 9.12 422
LT WS8AS8 9.38 3.75
+DA WS8AS 9.48 3.85
+PT W8AS 9.46 3.72
+DA +PT WSAS 9.67 3.38
HEE T W4AS 9.12 4.93
+DA W4A8 9.47 4.11
+PT W4A8 9.18 3.96
+DA +PT W4A8 9.49 4.08
FET vk W6A6 8.76 9.19
+DA W6A6 8.96 6.75
+PT W6A6 9.31 8.10
+DA +PT W6A6 9.40 4.61
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10 BN 1 B AL S S O ik S BB 2E S )
ITERCR B TRk . =, +DA (distribution
aware ) 775 W 143 A 3 BT AL 2 808 A8 Tk
Y J77% , +PT (parameters finetuning) 7~ W T 2FH
BRZEMHI Tk
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Table 4 Demonstration of the expansibility of

proposed method
CIFAR-10
ik (oA

st FID |
SN AR W32A32 9.12 422
TDQ WS8AS 9.58 3.77
+ A W8AS 9.58 3.47
Q-Diff W4A8 9.12 4.93
+ AR W4A8 9.43 4.02
EfficientDM W4A8 9.30 4.67
+ AR W4A8 9.32 4.18
TFMQ-DM W4A8 9.03 7.68
+ A W4A8 9.09 6.79
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