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Abstract

Diffusion models have achieved cutting-edge performance in
image generation. However, their lengthy denoising process
and computationally intensive score estimation network im-
pede their scalability in low-latency and resource-constrained
scenarios. Post-training quantization (PTQ) compresses and
accelerates diffusion models without retraining, but it in-
evitably introduces additional quantization noise, resulting in
mean and variance deviations. In this work, we propose D2-
DPM, a dual denoising mechanism aimed at precisely miti-
gating the adverse effects of quantization noise on the noise
estimation network. Specifically, we first unravel the impact
of quantization noise on the sampling equation into two com-
ponents: the mean deviation and the variance deviation. The
mean deviation alters the drift coefficient of the sampling
equation, influencing the trajectory trend, while the variance
deviation magnifies the diffusion coefficient, impacting the
convergence of the sampling trajectory. The proposed D2-
DPM is thus devised to denoise the quantization noise at each
time step, and then denoise the noisy sample through the in-
verse diffusion iterations. Experimental results demonstrate
that D2-DPM achieves superior generation quality, yielding a
1.42 lower FID than the full-precision model while achieving
3.99x compression and 11.67x bit-operation acceleration.

Code — https://github.com/TaylorJocelyn/D2-DPM

Introduction

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020; Song and Ermon 2019; Song et al. 2020)
have rapidly emerged as predominant deep generative mod-
els. By leveraging intricate posterior probability modeling
and stable training regimes, diffusion models effectively pre-
vent mode collapse while achieving superior generation fi-
delity and diversity over GANs (Aggarwal, Mittal, and Bat-
tineni 2021) and VAEs (Kingma and Welling 2013). Recent
multi-domain studies demonstrate that highly flexible dif-
fusion models excel in various applications, including text-
to-image (Zhu et al. 2023), image super-resolution (Wang
et al. 2023), inpainting (Lugmayr et al. 2022), style transfer
(Zhang et al. 2023), text-to-video (Singer et al. 2022) and
interpretability modeling (Lee, Kim, and Kim 2022).

*Corresponding author.
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Figure 1: Comparison of generated samples on the Ima-
geNet 256 x 256 between full-precision LDM-4 and its quan-
tized versions using PTQ4DM, PTQD, and our proposed
D2-DPM (comprising two variants, S-D? and D-D?).

However, the generation speed of diffusion models is con-
strained by two orthogonal factors: the lengthy denoising
chain, involving up to 1000 steps (Ho, Jain, and Abbeel
2020), and expensive overhead at each iteration of the cum-
bersome noise estimation network, i.e., the score estima-
tion network (Song et al. 2020). The former challenge has
been significantly alleviated through advanced learning-free
samplers, which find more efficient sampling trajectories by
providing high-precision numerical approximations for the
stochastic differential equations (SDEs) (Dockhorn, Vahdat,
and Kreis 2021) and ordinary differential equations (ODEs)
(Lu et al. 2022; Liu et al. 2022) corresponding to the reverse
diffusion process. However, the latter challenge remains
formidable. While researchers have employed lightweight
model paradigms such as pruning (Fang, Ma, and Wang
2024), knowledge distillation (Meng et al. 2023), and model
quantization (Shang et al. 2023; Li et al. 2023) to further



accelerate each iteration and reduce runtime computational
memory overhead for deployment on edge devices, the itera-
tive nature of diffusion models inherently accumulates vary-
ing degrees of distortion.

Specifically, post-training quantization (PTQ) converts a
pre-trained FP32 network directly into fixed-point networks
with lower bit-width representations for weights and ac-
tivations, bypassing the necessity for the original training
pipeline. It has risen as a commonly embraced methodol-
ogy owing to its practicality and ease of implementation.
Nonetheless, PTQ unavoidably incurs quantization noise
through the quantification of the noise estimation network,
leading to deviations in the estimated mean during the in-
verse diffusion process and discrepancies with the predeter-
mined variance schedule. The deviation in mean and vari-
ance significantly change the sampling trajectory, resulting
in a decline in the fidelity of generated images.

In this work, we initially delve into the pattern of quan-
tization noise based on its statistical properties, based on
which we derive the denoising mechanism through the lens
of the reverse-time SDE framework (Song et al. 2020). The
reparameterization unveils that the mean and standard devi-
ation induced by quantization noise impact distinct elements
of the sampling equation at each time step. The mean devia-
tion is integrated into the drift term of the reverse-time SDE,
altering the direction of the sampling trajectory, while the
variance deviation is superimposed on the stochastic term,
resulting in increased volatility and divergence of the sam-
pling trajectory. Building upon this insight, we propose D?-
DPM, a dual denoising mechanism to precisely mitigate the
adverse effects of quantization noise on the noise estimation
network. Specifically, we propose to establish a joint Gaus-
sian model for the quantized output and quantization noise
at each timestep, enabling precise quantization noise mod-
eling based on the quantized output during inference. With
the quantization modeling, we propose two variants of D?-
DPM, named sfochastic dual denoising (S-D?) and deter-
ministic dual denoising (D-D?), to eliminate the quantiza-
tion noise during the inverse diffusion process. Experimen-
tal results demonstrate that the proposed method achieves
significantly superior image generation quality (some exam-
ples shown in Fig. 1), in both conditional and unconditional
image generation tasks.

In conclusion, we summarize our contributions as follow:

* We make the empirical observation that the quantization
noise approximately follow a Gaussian distribution at
each time step, which enables precise quantization noise
modeling based on the quantized output at inference.

» We propose D2-DPM, a dual denoising mechanism to
precisely mitigate the adverse effects of quantization
noise on the noise estimation network. Innovatively, we
customize various error correctors for sampling equa-
tions with different stochasticity capacities to fully utilize
the additional standard deviation.

* Our extensive experiments demonstrate that, regardless
of the stochasticity capacity of the sampling equations,
D2-DPM achieves state-of-the-art post-training quantiza-
tion performance for diffusion models.
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Related Work

Diffusion Model Acceleration. To reduce inference costs
while maintaining generation quality, two orthogonal dif-
fusion model acceleration methods have emerged: i) opti-
mizing model-agnostic sampling processes, and ii) develop-
ing more efficient score estimation models. The former in-
cludes advanced techniques such as diffusion scheme learn-
ing (Chung, Sim, and Ye 2022; Franzese et al. 2023), noise
scale learning (Kingma et al. 2021; Kong and Ping 2021),
and learning-free samplers based on SDE/ODE acceleration
techniques. Meanwhile, the latter leverages model compress
paradigms tailored to the intrinsic properties of diffusion
models. (Salimans and Ho 2022; Song et al. 2023; Berth-
elot et al. 2023) employed knowledge distillation, utilizing
ODE formulations parallels mapping the prior distribution
to the target distribution through efficient paths within the
distribution domain. (Fang, Ma, and Wang 2024) applied
Diff-Pruning, achieving approximately a 50% reduction in
FLOPs. (He et al. 2023) proposed a quantization-aware vari-
ant of the low-rank adapter (QALoRA) that can be merged
with model weights and jointly quantized to low bit-width.
Although these methods significantly lower per-iteration in-
ference overhead, they require retraining the network, result-
ing in substantial additional time and computational costs.

Model Quantization. Quantization is a widely used tech-
nique for memory compression and computational accel-
eration (Liu et al. 2021; Fan et al. 2024; Lin et al. 2023).
It includes quantization-aware training (QAT) (Nagel et al.
2022; Chu, Li, and Zhang 2024), and post-training quan-
tization (PTQ) (Nagel et al. 2021; Yao et al. 2022; Xiao
et al. 2023). QAT retrains the network to model quantiza-
tion noise, incurring significant computational overhead. In
contrast, PTQ uses a small calibration dataset to quantize
network parameters to low-bit fixed-point values. PTQ com-
monly employs uniform asymmetric quantization, where the
parameters include the scale factor s, zero-point z and quan-
tization bit-width b. A floating-point value x is quantized to
a fixed-point value z;, through the preceding parameters:

Tint = Clamp (\‘g—‘ +z, 07 2b> ) (1)

where |-] is the round operation and clamp is a truncation
function. In practice, quantization parameters are often de-
rived by minimizing the MSE between the pre- and post-
quantization weight or activation tensors.

PTQ on Diffusion Models. Until now, only a limited num-
ber of studies have delved into post-training quantization
for diffusion models. PTQ4DM (Shang et al. 2023) intro-
duces a calibration sampling strategy based on normal dis-
tribution but restricts its experimentation to low-resolution
datasets. Q-diffusion (Li et al. 2023) proposes a time step-
aware calibration strategy and shortcut-splitting quantiza-
tion for Unet. PTQD (He et al. 2024) proposes a PTQ error
correction method based on the assumption that the quan-
tization noise is linear correlated with the quantized out, a
premise that does not always hold true at various time step.
In this work, we adopt a joint Gaussian distribution to mod-
eling the quantization noise, which yield significantly supe-
rior performance in diverse experimental settings.



Preliminaries
Differential Equation Background in Diffusion

Diffusion models progressively add isotropic Gaussian noise
with a variance schedule 31, ..., 87 € (0,1) to real data xq
along the forward propagation chain {xg, ..., xr}, then ap-
proximate the posterior probability p(x;—1|x;) by learning
the denoising process. During inference, they iteratively de-
noise the noisy sample along the learned posterior probabil-
ity chain gp(x;_1|x;) to generate images.

The forward SDE. Song et al. (Song et al. 2020) ex-
tend the discrete-time propagation chain to continuous-time
space by stochastic differential equations. In this theoretical
framework, the diffusion process can be modeled as a solu-
tion to an Itd SDE:

dx = f(x,t)dt + g(t) dw, 2)

where w is the standard Wiener process (a.k.a., Brownian
motion), f(-,¢) : R? — R is a vector-valued function called
the drift coefficient of x(¢), and ¢g(-) : R — R is a scalar
function known as the diffusion coefficient of x(t), repre-
senting the stochasticity capacity.

Inverse Sampling Equation. The predominant sampling
methodologies are categorized into stochastic and deter-
ministic sampling. Stochastic sampling follows Anderson’s
reverse-time SDE (Anderson 1982):

dx = [f(x,t) — g(t)*Vx logpy(x)] dt + g(t)dw, (3)

where Vy log p;(x) is the score function (Bao et al. 2022),
w is a standard Wiener process when time flows backwards
from T to 0, and dt is an infinitesimal negative timestep.

Deterministic sampling is typically formalized as the
Probability Flow ODE sampling equation, derived by (Song
et al. 2020) from the Fokker-Planck equation, ensuring that
the corresponding probability densities p;(x) of the reverse-
time SDE and ODE are equivalent at any given time ¢. The
equation is as follows:

1
dx = |£(x,1) = 59(t)*Vx logpi(x) | dt,
To estimate the score Vxlogp:(x) in Eqn. (3) and
Eqn. (4), it is common to train a time-independent score-
based model sg(x¢,t), which is linearly related to the de-
noising network:

“

€o(x¢, T
ol t) 2 — 2L,

&)

where o, is the standard deviation of po;(x¢|Xg), referred to
as the noise schedule and €y (x¢,t) is the noise prediction
network, from which quantization noise is introduced.

ODE-based samplers achieve faster sampling speeds due
to the deterministic nature of their components. SDE-based
samplers leverage the stochasticity provided by stochas-
tic term g(¢t)dw to achieve better generation quality. This
stochasticity essentially functions as implicit Langevin dif-
fusion, driving the sample towards the desired marginal dis-
tribution over time while correcting any errors made in ear-
lier sampling steps. Inspired by this, we utilize the effective
components of quantization errors to supplement stochastic-
ity, thereby ensuring high generation quality.
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Pre-analysis: Quantization Noise on Diffusion

We first make an empirical analysis of the quantization noise
incurred by the quantized noise estimation model. At time

(t

step t, we use €, ) to denote the full-precision output, éét) the

quantized output, and Ae((f) the quantization noise, Ae((f) =

éét) — eét). Fig. 2 depicts some example results on LDM-4
(Rombach et al. 2022) with the W4A8 (4-bit weights and
8-bit activations) quantization. Experiments on more diffu-
sion models draw similar conclusions and are provided in
the Appendix. From these results, we make following main
findings.
Observation #1: At each time step, the quantization
noise Ae((f) approximately follows a Gaussian distribution:
Ae) ~ N(na(t), Za®)).

As a non-cherrypick example, the distribution of the 37

element in Aeng) is illustrated in the Fig. 2a. More re-
sults can be found in the Appendix. It is evident that the
KDE-fitted probability density curve and the Gaussian den-
sity curve overlap almost exactly, which leads to the above
observation.

Observation #2: At each time step, the quantized output

éét) approximately follows a Gaussian distribution: égt) ~

N(pe(t), Ze(t))-
This is a straightforward finding as the full-precision out-

put eét) follows a Gaussian distribution by its nature. If

the quantization noise Aeét) follows a Gaussian distribution

(Observation #1), then the quantized output éét) also follows

a Gaussian distribution. Fig. 2b depicts distribution of the

5th element of €é0'5T)

output éét)

, which showcase that the quantized

approximately follows a Gaussian distribution.

Quantization Noise on SDE

With quantization noise Aeét) ~ N(pa(t),Xa(t)) from
Observation #1, the SDE-based sampling with quantization
noise can be reformulated as follows:

] dt

(xt,t) + pa(t)

dx = [f(x,t) + ()2

(6)

where oa(t) represents the standard deviation of the
isotropic standard Gaussian component of X (). From the
above equation, it is evident that pa(t) and oa(t) inde-
pendently affect the inverse sampling equation. Specifically,
the mean alters the drift term, altering the sampling direc-
tion, while the variance increases the diffusion coefficient,
impacting the fluctuation and convergence of the sampling
trajectory. Therefore, we separately formulate equations for
expectation and variance to conduct the analysis, followed
by performing mean and variance corrections in a fully dis-
entangled manner.



Statistical Distribution of the 374
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Statistical Distribution of the 5t"
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Figure 2: The statistical characteristics of A€y and €y on quantifying full-precision LDM-4 (Rombach et al. 2022) to W4A8

(4-bit for weights, 8-bit for activations) LDM-4. (a) The statistical distribution of the 37 element of AV

(0:5T) (b) The statistical

distribution of the 5*" element of éé0'5T). (c) The probability density heatmap for element set of (égo.sT) , Aego'sT) ) .

The Proposed Method
Time Step-aware Quantization Noise Modeling

For the sake of clarity, we use & and AE to denote the vari-
ables of € and Ag, respectively. With Observation #1 and
#2, we can employ a Gaussian distribution to model the joint
distribution of £ and AE (as shown in Fig. 2c¢):

ez Xzac

(8] 2 B)) o

Note that at different time step ¢, £ and A€ jointly fol-
low a different Gaussian distribution (thus termed time step-
aware). Here we omit the time step ¢ for the symbol sim-
plicity. i and Ap denote the mean of the quantized out-
put and the quantization noise, respectively. 3 Z.AE denote

AEE

the cross-covariance between the quantized output &€ and the
quantization noise AE. With Eqn. 7, we can derive the dis-
tribution of the quantization noise AE conditioned on the

quantized output & = & as follows:

{Ag|£‘ = é} ~N (Nas\éze’zas\é:e) ’ ®)
Hagig=e = EAs,ézgi:;(é — )+ Ap, )
Ying|E—e = VAL AE EAs,ézg,lgzé,Aa (10)

However, directly estimating the joint distribution in Eqn. 7
can be problematic due to the high dimensions of the joint
space of & and AE. In this work, we make the assumption
that elements in & (AE) are uncorrelated (but the i-th el-
ement in € can be correlated to the i-th element in AE).
With the assumption, the covariance matrices Xz z, Xz A ¢,
DIPN £z and ¥ A g ae become diagonal matrices. We fufther
assume the distributions of & and AE to be isotropic (i.e.,
¥ = o¢2I), which significantly simplify the estimation of
the joint distribution.
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The Proposed D?-DPM

Now we provide the proposed dual denoising mechanism.
We coin the proposed method “dual denoising” as it de-
noises two types of noise during the inverse diffusion
process, including quantization noise and diffusion noise.
Specifically, we propose two variants of dual denoising,
named stochastic dual denoising (S-D?) and deterministic
dual denoising (D-D?).

Stochastic Dual Denoising. In the stochastic variant of
dual denoising, we recover the distribution of the diffusion
noise by subtracting the estimated quantization noise AE
from the quantized output E:

£ =8-A¢f. (1)
Obviously € " also follows a Gaussian distribution. If the es-

timated quantization noise AE ' accurately captures the real
quantization noise A&, then the expectation and the covari-
ance matrix of the recovered diffusion noise can be derived
as follows:

E[£'| = E[£] + E[A] —-E[AE]=E[f] (12
Var|€'| = Var[€] + Var[A£] + Var|AE']
+2Cov[E, AE] — 2Cov[E, AE]
— 2Cov[AE, AE]
= Var[€] (13)

It can be seen that recovered diffusion noise follows the
same distribution as that of the original diffusion noise. The
sampling can be achieved by solving the following SDE:

5 €9(Xe, 1) — A€ (x4, 1)
(e57

dx = |f(x,t) + g(¢) dt

+ g(t)dw (14)



Deterministic Dual Denoising In the deterministic vari-
ant of dual denoising, the distribution of the diffusion noise
is recovered by subtracting the mean vector Ap of quanti-

zation noise from the quantized output &£:

E=£E-Ap. (15)
£ again follows a Gaussian distribution. The expectation
and the covariance matrix of the recovered diffusion noise
can be derived as follows:

E[£'] = E[£] + E[AE] — E[Ap] =E[£]  (16)
Var[S/] = Var[€] + Var[AE&] + Var[Ap]
+2Cov[E,AE] — 2Cov[E, Ap]
—2Cov[AE, Ap]
= Var[€] + oAl (17)

It can be seen that deterministic dual denoising introduces
additional variance o' I, which can be absorbed into diffu-
sion term:
€p(xy, 1) — A
(t)2 9( ts ) H
Ot
g*(t)oa (t)
of

dx = {f(x, t)+g dt

+\/92(t) -

Algorithm 1 summarizes the procedure of the proposed dual
denoising mechanism.

dw

(18)

Experiments
Experiments Settings

Dataset and Metrics. We evaluated proposed D?-DPM
using LDM (Rombach et al. 2022) across three standard
datasets: ImageNet, LSUN-Bedrooms, and LSUN-Churches
(Yu et al. 2015), each with a resolution of 256x256. To
quantify generation performance, we employ metrics such
as Frechet Inception Distance (FID), Sliding Fréchet Incep-
tion Distance (sFID), Inception Score (IS), precision, and re-
call for comprehensive evaluation. For each evaluation, we
generate 50,000 samples and calculate these metrics using
the OpenAl’s evaluator (Dhariwal and Nichol 2021), with
BOPs (Bit Operations) as the efficiency metric.

LDM settings. We primarily focus on the generative sam-
pler parameters in LDM: classifier-free guidance scale,
sampling step and variance schedule 7. Since LDM employs
the DDIM sampler, it degrades to an ODE-based sampler
with zero stochasticity capacity when n = 0, becomes an
SDE-based DDPM sampler with inherent stochasticity ca-
pacity when 1) = 1. Therefore, we simulate stochasticity ca-
pacity changes by adjusting the scale. In class-conditional
generation, we set four parameter configurations: {scale =
3.0, n = 0.0]1.0, steps =20} and {scale = 1.5, n = 0.0]1.0,
steps = 250}. For unconditional generation, we set two pa-
rameter configurations: {n = 0.0/1.0, steps = 200}.
Quantization Settings. We employ BRECQ (Li et al. 2021)
as the PTQ baseline for extensive comparative experiments
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Algorithm 1: The Methodological Framework of D?-DPM

Description: .S: the number of sampling times; M : the num-
ber of sampling steps; TSQNM: Time Step-aware Quanti-
zation Noise Modeling. {¥; = o2I}, and {o;}]_; are
parameters within the DDIM sampler.

Input: Full precision model model s, quantization param-

eters gparams» sampling inputs {x%}¥ | ~ N(0, I)
Output: Generated samples {x}}
1: {(x¢,t,¢) 32T = collect_calibration(model 5,

=1

2: model, = BRECQ(model 1, params, {(X¢,t,¢) }M5T)

3: {(&,A8)1}3XT = collect_quant_error(model s, model )
4: prxe, X174 = gaussian_modeling({(&, AE)"}7XT)

5: for sample numiin 1,..., N do

6: X7 = X7

7: for timestep tin7,...,1do

8: éét) = model4(x¢)

9: Pagimet Sagie et = TSQNME, ult], Bt
10: if stochastic dual denoising then

11: z ~ N(0,I)

. r_ 1/2

12: AE = ”’Aslé:&é") + 2A£|2 e
13: g &g
14: else ®

15: E Fé@ *[J,Ag‘é:éét)

16: k=1 - — 20— | fu=ze0
17: 3 B — k? 2A6|é:é<gt)

18: end if

19: e~ N(0,I)

xt — VI— €
Xt—1 = at—1 -
20: Vo
+ \/1 -1 — ‘2t|1/d£, +31% ¢

21: end for
22: X4 = X0
23: end for

24: return {x}} N,

and implement an LDM-compatible version of Qrop (Wei
et al. 2022). To ensure comparability, we keep all settings
aligned with PTQD, specifically: 1) using Adaround (Nagel
et al. 2020) as the weight quantizer; and 2) fixing the first
and last layers to 8 bits, while quantizing other layers to
the target bit-width. For calibration, we collect the diffusion
model’s inputs at each sampling timestep as the calibration
set. Notationally, WxAy indicates that weights and activa-
tions are quantized to x and y bits. In all experiments, we
adopt two quantization configurations: W8AS8 and W4AS.

Class-conditional Generation

We first compare the proposed D2-DPM with other works on
class-conditional generation tasks. We conduct experiments
using LDM-4 on ImageNet 256x256. The results for the
configuration {scale = 3.0, 7 =0.0|1.0, steps =20} are pre-
sented in Table 1. Regarding efficiency, W8AS8 and W4AS8
quantization achieve volume compression ratios of 3.99x
and 7.95x, while reducing BOPs by 11.67x and 23.33x. In



Model Method Bits (W/A) Size MB) BOPs (T) IS 1 FID| sFID| Precisionf Recall 1
FP 32/32 1742.72 102.20 366.03 11.13  7.834 93.93% 27.98%

PTQ4DM 8/8 436.79 8.76 32421  9.37 9.87 87.15% 31.77%

Q-diffusion 8/8 436.79 8.76 327.16  8.72 10.46 86.91% 33.26%

PTQD 8/8 436.79 8.76 324.64  8.46 10.12 87.68% 34.64%

Oursg.pe2 8/8 436.79 8.76 33255 8.1 8.02 87.35% 36.55%

LDM.4 Ours p_p2 8/8 436.79 8.76 333.89 8.12 7.92 88.56% 36.69%
(n=0.0) PTQ4DM 4/8 219.12 4.38 336.28 1045 13.94 90.61% 28.63%
Q-diffusion 4/8 219.12 4.38 34752 11.13 9.07 90.89% 29.39%

PTQD 4/8 219.12 4.38 355.10 10.41 8.45 92.13% 27.54%

Oursg.pe2 4/8 219.12 4.38 358.14 9.75 6.60 92.25% 30.21%

Oursp_p2 4/8 219.12 4.38 357.57 971 6.65 92.22% 30.21%

FP 32/32 1742.72 102.20 361.84 1383  20.56 92.22% 19.58%

PTQ4DM 8/8 436.79 8.76 332.18 12.24 18.63 87.21% 23.60%

Q-diffusion 8/8 436.79 8.76 335.61 11.07 16.15 88.50% 24.93%

PTQD 8/8 436.79 8.76 33570  10.86 15.02 88.44% 25.24%

Oursg_pe2 8/8 436.79 8.76 34271  10.57 14.81 88.58% 26.02%

LDM-4 Ours p_p2 8/8 436.79 8.76 343.68 10.58  14.72 88.90% 26.03%
(n=1.0) PTQ4DM 4/8 219.12 4.38 340.10 13.68  22.05 89.50% 20.01%
Q-diffusion 4/8 219.12 4.38 349.89 1422 20.17 89.93% 20.57%

PTQD 4/8 219.12 4.38 353.57 13.15 17.41 91.09% 20.42%

Oursg.p2 4/8 219.12 4.38 355.20 12.60 15.80 91.26% 20.94%

Ours p.p2 4/8 219.12 4.38 356.39 12.65 15.47 91.44% 21.36%

Table 1: Performance comparison of class-conditioned generation on ImageNet 256 X256 using LDM-4 (scale=3.0, step=20).

terms of generation quality, S-D? and D-D? demonstrates
superior performance across various sampling stochasticity
capacities and quantization bit-width settings. Specifically,
S-D? outperforms other works across all metrics, with FID
scores in the best-case scenario up to 0.66 lower than PTQD,
1.26 lower than PTQ4DM, and 3.24 lower than the full-
precision model. This initially demonstrates that the pro-
posed quantization noise model precisely captures quantiza-
tion noise during inference. Subsequently, S-D? effectively
restores the distribution by implicitly correcting the stan-
dard deviation while correcting the mean. Additionally, its
inherent stochasticity accumulates positive effects over pro-
longed iterations, steering the data toward a more optimal
distribution. Moreover, the superior metrics of D-D? reaf-
firm the efficacy of noise modeling and distribution correc-
tion. When the stochastic capacity g(t) is sufficiently large
(n = 1.0), FID and sFID decrease by 1.06 and 5.47 on aver-
age compared to the full-precision model. This indicates that
additional standard deviation is effectively utilized by the
stochastic term without causing detrimental variance over-
flow. However, data shows that even when g(¢) is too mini-
mal to absorb additional standard deviation, the performance
remains superior. We attribute this to the limited additional
variance from quantization noise effectively compensating
for the stochastic term, creating a superior Langevin SDE
over the original SDE (ODE), as discussed in preliminary
work. This constructs a larger error buffer, smoothing out the
sharp noise introduced at each step. Therefore, we suggest
using the D-D? optimized low-stochasticity-capacity sam-

9811

pler when the quantization bit-width is not too low, meaning
the variance from quantization noise is limited, as it can ef-
fectively leverage the beneficial components of the noise.
To further validate the performance of our D?-DPM,
we conduct two sets of high-density step generation ex-
periments under the conditions {scale = 1.5, n = 0.0]1.0,
steps=250}, with the results shown in Table 2. Evidently,
our metrics consistently surpass PTQD, which demonstrated
strong competitive advantages in earlier experiments.

Unconditional Generation

We evaluate D2-DPM on unconditional generation tasks,
employing LDM-4 and LDM-8 models across the LSUN-
Bedroom and LSUN-Church datasets, respectively. Table 3
and 4 show that our approach narrows the gap with full-
precision model. Specifically, on LSUN-Bedroom dataset,
S-D? reduces FID and sFID by 1.39 and 0.39 on average,
compared to PTQD. Similarly, D-D? reduces FID and sFID
by 1.73 and 0.60 on average. On LSUN-Church dataset, S-
D? reduces the average FID and sFID by 1.14 and 0.37. In
parallel, D-D? also achieves significant reductions, lowering
FID and sFID by an average of 1.13 and 0.39. This demon-
strates that our precise quantization noise modeling, along
with the decoupled mean and standard deviation corrections
in D2-DPM, more effectively restores the distribution. Fi-
nally, we observe a phenomenon consistent with previous
findings: even when g(t) is minimal, D-D? still shows supe-
rior performance, even partially surpassing S-D?2. This con-
firms the effectiveness of its deterministic mean correction



Model Method  Bits (W/A) Size (MB) BOPs (T) IS 1 FID| sFID| Precisiont Recall
FP 32132 174272 10220 21374 332 523 83.04%  5331%

(lel\%"(‘)) PTQD 4/8 219.12 438 16277 646 1014  73.88%  58.10%
1=00)" Ours, o 4/8 219.12 438 169.03 556 945  7520%  58.14%
FP 32132 174272 10220 25097 354 507 87.10%  49.12%

(lel\ﬁ"(‘)) PTQD 4/8 219.12 438 15301 790  7.87 71.75%  55.15%
1=10) Ourse pe 4/8 219.12 438 17149 691 749  72.82%  55.64%

Table 2: Performance comparisons of class-conditional generation on ImageNet256 x256 using LDM-4 (scale=1.5, step=250).

LDM-4 (steps=200, n = 1.0)

Method W/A FID| sFID| Prec.t Rec.?
FP 32/32  3.03 7.03 64.65% 47.60%
PTQD 8/8 9.16 1294  51.99% 44.32%
Oursg.pe2 8/8 7.69 12.61  54.81% 45.03%
Oursp.pz  8/8 7.55 12.56  55.60%  45.80%
PTQD 4/8 12.57 16.04 5131% 42.40%
Oursg.p2 4/8 11.26 15.60 51.45% 43.66%
Oursp_p2 4/8 10.72 1523  51.44% 43.90%

Table 3: Performance comparisons of unconditional image
generation on LSUN-Bedroom 256 x256.

and further validates our earlier hypothesis: the additional
variance from quantization noise effectively compensates
for the stochastic term, thereby implicitly transforming the
sampling equation into the original ODE with an enhanced
Langevin diffusion term. The ODE aligns the marginal dis-
tribution p, (x), while the improved Langevin diffusion term
better buffers against sharp noise from the quantized diffu-
sion model during each iteration of noise estimation.

LDM-8 (steps =200, n = 0.0)

Method W/A FID| sFID| Prec.T Rec.?
FP 32/32 4.7 1291  66.00% 51.46%
PTQD 8/8 8.31 1297  56.57% 54.15%
Oursg_pe2 8/8 7.82 1252 56.75% 54.45%
Oursp_p2 8/8 7.83 1251 56.86% 54.54%
PTQD 4/8 12.96 1542 50.23% 52.80%
Oursg.p2 4/8 11.18 15.14  52.27% 53.78%
Oursp_p2 4/8 11.18 1511 52.15% 53.68%

Table 4: Performance comparisons of unconditional image
generation on LSUN-Church 256 x256.

Ablation Study

As shown in Table 5, we perform ablation studies on the
denoising components of dual denoising mechanisms, S-D?
and D-D?. Stochastic Joint Correction (SJC), which implic-
itly corrects the variance while correcting the mean using
estimated noise, corresponds to S-D?, while Deterministic
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Method W/A IS 1 FID| sFID|
FP 32/32 25097 354 5.07
PTQD 4/8 153.01 7.90 7.87
+ SIC (S-D%) 4/8 17149 691 7.49
+ DMC 4/8 15930 7.14 7.67
+DMC + DVC (D-D?) 4/8 172.13  6.81 7.42

Table 5: Ablation study of denoising components using
LDM-4 (scale=1.5,n7=1.0,step=250) on ImageNet 256 x256.

Mean Correction (DMC) and Deterministic Variance Cor-
rection (DVC) are the key components of D-D?. By ap-
plying SJC, we achieve FID and sFID reductions of 0.99
and 0.38 compared to PTQD, showing that S-D? success-
fully performs joint correction for more accurate distribu-
tion restoration. In D-D?, the use of DMC alone reduces FID
and sFID by 0.76 and 0.20, respectively, showing that we ac-
curately estimate the conditional mean of quantization nois
through joint distribution. Building on this, applying DVC
further reduces FID and sFID by 0.33 and 0.25, indicating
that the additional variance is also effectively absorbed by
the stochastic term. The above experiments show that our
D2-DPM more effectively mitigates the adverse effects of
quantization noise and more precisely corrects distributions.

Conclusion and Future Work

In this paper, we propose a dual denoising paradigm to elim-
inate the residual quantization noise in quantized diffusion
models. We first establish the joint distribution of quantized
outputs and noise, allowing us to instantiate the conditional
distribution of quantization noise during inference. We then
design two variants, S-D? and D-D?, to decouple and cor-
rect the mean and standard deviation shifts introduced by
quantization noise. Extensive experiments demonstrate that
our approach effectively corrects the distribution, achieving
high-fidelity quantization of diffusion models.

In essence, this method provides technical support for
high-fidelity, efficient compression of diffusion models
aimed at reducing carbon emissions, and is therefore not
limited by task type. It can be extended to various domains,
including video generation, text modeling, and molecular
design. Future work will focus on expanding this paradigm
across multiple domains and pursuing a unified framework.
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