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Figure 1. Images generated by Stable Diffusion [46] in full precision (top row) and in W4A8-quantization using our method (bottom row).

Abstract

Diffusion models have achieved remarkable success in

image generation but come with significant computa-

tional costs, posing challenges for deployment in resource-

constrained environments. Recent post-training quantiza-

tion (PTQ) methods have attempted to mitigate this issue by

focusing on the iterative nature of diffusion models. How-

ever, these approaches often overlook outliers, leading to

degraded performance at low bit-widths. In this paper, we

propose a DMQ which combines Learned Equivalent Scal-

ing (LES) and channel-wise Power-of-Two Scaling (PTS)

to effectively address these challenges. Learned Equiva-

lent Scaling optimizes channel-wise scaling factors to re-

distribute quantization difficulty between weights and ac-

tivations, reducing overall quantization error. Recogniz-

ing that early denoising steps, despite having small quan-

tization errors, crucially impact the final output due to

error accumulation, we incorporate an adaptive timestep

weighting scheme to prioritize these critical steps during

learning. Furthermore, identifying that layers such as skip

connections exhibit high inter-channel variance, we intro-

duce channel-wise Power-of-Two Scaling for activations.

To ensure robust selection of PTS factors even with small

calibration set, we introduce a voting algorithm that en-

hances reliability. Extensive experiments demonstrate that

our method significantly outperforms existing works, es-

pecially at low bit-widths such as W4A6 (4-bit weight, 6-

bit activation) and W4A8, maintaining high image genera-

tion quality and model stability. The code is available at

https://github.com/LeeDongYeun/dmq.

1. Introduction

Diffusion models [16, 41, 43, 46] have recently shown re-

markable success in synthesizing high-fidelity images, en-

abling various applications such as image editing [19, 26,

36, 47, 50, 69], 3D generation [31, 44, 47, 68], and video

[3, 17, 20, 51] generation. However, despite their impres-

sive generative capabilities, diffusion models face signifi-

cant computational challenges due to the iterative nature of

the denoising process, which can require hundreds or even

thousands of steps. Consequently, accelerating this process

while preserving output quality is essential for practical ap-

plications and has become a key research focus in the field.

Quantization [11, 21, 39] reduces computational and

memory demands by lowering the bit-precision of neu-

ral networks. However, quantization of diffusion models

presents unique challenges due to their iterative nature. The

iterative nature results in highly varying activation distribu-

tions across multiple timesteps and quantization error accu-

mulation as denoising progresses, hindering accurate quan-

tization. To overcome this, several methods have explored

Post-Training Quantization (PTQ) for diffusion models, fo-

cusing on composition of calibration data considering mul-

tiple timesteps [28, 35, 49, 57], adapting quantization pa-

rameters across timesteps [18, 52] or correcting noise within

the diffusion process [13, 62]. However, they often overlook

channel-wise outliers which stretch the quantization range,

hindering effective quantization of non-outlier channels. As

a result, existing methods often exhibit large performance

degradation in low-bit settings (e.g. W4A6).

In this work, we address the challenge of outliers in dif-
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fusion model quantization. A natural approach to mitigat-

ing outliers is Equivalent Scaling—originally introduced for

LLMs quantization [32, 59, 61]—which reduces quantiza-

tion difficulty by transferring the challenges of outlier chan-

nels in activations to non-outlier channels in weights and

vice versa. This involves simultaneously dividing each ac-

tivation channel and multiplying the corresponding weights

by a channel-specific scaling factor. Although this approach

has shown promise in LLMs, its naive application often

fails for several reasons. First, inaccurate scaling factors

can drastically degrade output quality. As shown in Tab. 1,

SmoothQuant [61], which determines scaling factor based

on the ratio of maximum activation and weight magnitudes,

results in poor performance for diffusion models. Since dif-

fusion models typically exhibit much larger activations than

weights, SmoothQuant yields large scaling factor (Fig. 2a),

which significantly increases quantization range of weight

and in turn amplifies weight quantization errors(Fig. 2b).

In diffusion models, weights are used at every sampling

step, making inaccurate weight quantization severely de-

grade performance, with errors compounding over itera-

tions. Second, Equivalent Scaling redistributes outliers be-

tween activations and weights but does not eliminate out-

liers. By scaling activations down and compensating with

an inverse scaling of weights, this method reduces the over-

all quantization difficulty. However, it inherently shifts the

burden rather than removing it. Consequently, layers ex-

hibiting extremely large outliers remain problematic.

To address these issues, we propose DMQ, a new post-

training quantization (PTQ) framework tailored for diffu-

sion models. DMQ unifies two key techniques: Learned

Equivalent Scaling (LES) and channel-wise Power-of-Two

Scaling (PTS), which together ensure accurate quantization

even under low-bit constraints. First, LES learns accurate

scaling factors that balance quantization difficulty between

activation and weight by minimizing overall quantization

error. We observe that early denoising steps, despite hav-

ing smaller quantization errors, significantly influence the

final output quality. To account for this, we introduce an

adaptive timestep weighting loss that prioritizes learning

in critical timesteps, enhancing overall quantization perfor-

mance. Second, to handle extreme outliers that remain un-

resolved by Equivalent Scaling, we introduce PTS. Unlike

LES, which compensates for reduced activation difficulty

by increasing weight difficulty and vice versa, PTS directly

removes extreme activation outliers by scaling them with

power-of-two factors. These scaling factors are efficiently

processed during weight loading via bit-shifting operations,

ensuring that the quantization difficulty is not merely trans-

ferred but instead removed with minimal overhead. To pre-

vent overfitting on small calibration datasets, we introduce

an effective voting algorithm which selects optimal scal-

ing factors based on statistical consensus across calibration

(a) Equivalent scaling factor τ (b) Quantization range of W

Figure 2. (a) Smoothquant results large equivalent scaling factor.

(b) Large scaling factor expands quantization range (Max - Min).

Method Weight Quant. Error FID↓ sFID↓

Baseline [18] 0.0060 36.08 33.06

Baseline + SmoothQuant [61] 0.0694 454.16 254.41

LES (ours) 0.0058 30.37 22.72

Table 1. Comparison on FFHQ 256× 256 in W4A8.

samples, enhancing robustness and reliability.

LES, which is applied across all layers without intro-

ducing extra overhead, finely adjusts outliers using floating-

point scaling factors. By contrast, PTS is selectively used

only for layers with extremely large outliers (e.g. skip con-

nection), incurring a small overhead in the form of bit-

shifting but enabling drastic outlier removal through power-

of-two scaling. By combining the strengths of LES and

PTS, our approach effectively addresses the challenges of

outliers in diffusion model quantization. Extensive exper-

iments demonstrate that DMQ consistently achieves supe-

rior performance across various datasets and architectures.

Notably, we achieve stable 4-bit weight and 6-bit activa-

tion (W4A6) quantization—where previous methods often

fail—while preserving high image generation quality.

2. Related work
Quantization. Quantization is a core technique for reduc-

ing memory overhead and accelerating inference by con-

verting high-precision floating-point values into lower-bit

integer approximations. Of the two primary quantization

methods — Quantization-Aware Training (QAT) [5, 10, 22]

and Post-Training Quantization (PTQ) [25, 29, 37, 38] —

PTQ stands out for its efficiency in terms of time and data,

as it bypasses the need for retraining. However, traditional

methods often fail to accurately quantize diffusion models,

as they require multiple denoising steps with a single model.

Quantization of diffusion models. Recently, various

methods have explored quantization for diffusion models,

enabling low-bit quantization while preserving performance

[12, 13, 18, 28, 30, 35, 49, 52, 57, 62]. In QAT approach,

Q-DM [30] proposes timestep-aware smoothing operation

for attention. EfficientDM [12] introduces a quantization-

aware low-rank adapter (LoRA) that is jointly quantized

into low-bit. However, QAT requires intensive computation

and data resources, making it less practical than PTQ.

Research in PTQ for diffusion models has largely

branched into three directions: calibration data composition
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[28, 49, 57], noise correction [13, 62], and timestep-specific

quantization parameters [18, 52]. To enhance calibration

data, PTQ4DM [49] samples calibration data from a nor-

mal distribution across timesteps, Q-Diffusion [28] employs

uniform sampling, and EDA-DM [35] enhances alignment

of distribution with original samples. Addressing quan-

tization noise, PTQD [13] proposes to correct quantiza-

tion noise correlated with the denoising process, and TAC-

Diffusion [62] presents a timestep-aware correction to miti-

gate errors throughout the denoising process. Alternatively,

TFMQ-DM [18] applies different quantization parameters

across timesteps, whereas TDQ [52] proposes to learn these

parameters. Despite the advancements of these methods,

they often suffer from significant performance degradation

under 8-bit activation because they overlook the outliers.

Equivalent channel-wise scaling. In a neural network, ac-

tivations often have varying distributions across channels,

making it challenging to accurately represent them by per-

tensor quantization. This issue is particularly pronounced

in large language models (LLMs), where extreme outliers

in specific channels lead to a wide activation range, hinder-

ing accurate quantization [8, 58, 63]. To address this, sev-

eral methods adopt equivalent channel-wise scaling, which

scales the activations channel-wise and compensates for this

scaling by inversely scaling the weights [32, 59, 61]. This

approach maintains mathematical equivalence while com-

pacting the activation range within each channel, facilitating

finer quantization without loss of precision due to outliers.

Building on the success in LLMs, several recent stud-

ies have adopted Equivalent Scaling for DiT [43] quantiza-

tion [60, 71]. Although they have achieved some success

in DiT—where adaptation is straightforward due to their

similarity to LLMs—they are based on SmoothQuant [61]

which results suboptimal performance in Stable Diffusion

(Tab. 1). Additionally, ViDiT-Q [71] has practical limita-

tions, as the scaling factors vary with each timestep and

therefore cannot be fused into the weights. Unlike these ap-

proaches, our method learns these factors to efficiently cap-

ture the dynamically changing activations across timesteps.

3. Preliminaries

Diffusion models [16, 53] are a family of generative models

that approximate the data distribution p(x0) by denoising

process. Specifically, the forward Markov chain q(xt|xt−1)
perturbs the data with Gaussian noise and is defined as

q(xt|xt−1) = N
(

xt;
√

1− βtxt−1, βtI

)

, (1)

where βt is a noise schedule that is a strictly decreasing

function of time t ∈ [0, T ]. Then, the learned reverse pro-

cess aims to gradually recover the clean data x0 from the

noised data xt to generate novel samples:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) , (2)

where the µθ and Σθ are neural networks that predict mean

and variance of input xt given timestep t [41].

To efficiently implement the iterative denoising process,

diffusion models share the parameters across timesteps t us-

ing the position embedding [56]. This often raises chal-

lenges for quantizing diffusion models, as activation varies

across timestep conditioning [28, 49]. Furthermore, quan-

tization errors are introduced at each denoising step, which

can compound over time [18, 28]. This accumulation of

errors throughout the sampling process leads to the model

drifting away from the training distribution, resulting in sig-

nificant degradation of the final output quality [6, 27, 42].

Quantization. Among some quantization methods, we fo-

cus on uniform quantization in this work. Given a tensor X,

its quantization and dequantization functions are defined as:

X̃ = clamp

(⌊

X

s

⌉

, l, u

)

, X ≈ Q(X) = s · X̃, (3)

where s is the scale factor, and ⌊·⌉ denotes round-to-nearest-

integer operator. clamp(·) truncates values to [l, u], yielding

a low-bit representation X̃ of X. Here, the range [l, u] is

determined by the bit-width of the quantization. When s is

a vector, X/s implies channel-wise division.

Consider a linear layer Y = XW ≈ (s(X)
X̃)(s(W)

W̃),
where X ∈ R

B×Cin is the activation, W ∈ R
Cin×Cout is

the weight, and Y ∈ R
B×Cout is the output. s(X) and s(W)

denote the scales for X and W, respectively. Note that the

following discussion applies equally to convolutional lay-

ers, but for simplicity, we will illustrate the concepts with

a linear layer. To enable efficient integer matrix multipli-

cation, it is necessary to factor out the scale s, which is a

high-precision value, from the summation. Under this con-

dition, the matrix multiplication can be formulated as:

Yij ≈ s
(X)
i s

(W)
j

(

Cin
∑

k=1

X̃ik · W̃kj

)

. (4)

This formulation shows that integer matrix multiplication

is feasible when activations are quantized with per-tensor

or per-sample (row) granularity and weights are quantized

in per-tensor or per-channel (column) granularity. Since

per-sample quantization requires online computation, per-

tensor quantization is generally used for activations.

4. Method

4.1. Learned Equivalent Scaling
Channel-wise equivalent scaling. Our goal is to reduce

quantization errors by optimizing channel-wise scaling fac-

tors τ ∈ R
Cin . We reformulate the matrix multiplication to

incorporate these scaling factors:

Y = (X/τ)
(

τ⊤ ⊙W
)

= X̂Ŵ, (5)

where / and ⊙ denote channel-wise division and multipli-

cation, respectively. By introducing τ , outliers are bidirec-

tionally redistributed, resulting in scaled versions X̂ and Ŵ

that are more amenable to quantization.
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Figure 3. Visualization of activations and weights in a skip connection layer, before and after applying Equivalent Scaling and Power-

of-Two Scaling. Each values are sorted along x-axis by their maximum values. Darker colors indicate higher values, representing these

prominent outliers. In the original distributions (a) and (b), both X, W contain large outliers. After applying Equivalent scaling, large

outliers are reduced in both the scaled activation X̂ and weights X̂, as shown in (c) and (d). When Power-of-Two Scaling is applied as in

(e), the activation outliers are further diminished, demonstrating the effectiveness of PoT scaling in reducing extreme activation values.
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Figure 4. (Left): Plot of MSE and FID score across timesteps.

Quantization noise increases as t decreases and the same amount

of noise has a non-uniform impact on the final output. The MSE

indicates qauntization error of activations averaged for all layers.

(Right): Normalized quantization error for different layers over

timesteps. Error trends vary across layers along timesteps.

The optimization objective to find the optimal τ for the

i-th sample is defined as:

Li =
∥

∥XiW −Q(X̂i)Q(Ŵ)
∥

∥

2
, (6)

where Q(·) denotes standard MinMax quantizer [39]. Min-

imizing Li ensures that the quantized outputs closely ap-

proximate the original outputs. As shown in the Fig. 3, the

quantization difficulties caused by outliers in weights and

activations are bidirectionally redistributed to non-outlier

elements, thereby reducing the overall quantization error.

Analysis on quantization error. In a diffusion model, the

activation distribution varies dynamically across timesteps,

and quantization errors are accumulated over the denoising

process [18, 28]. Therefore, before directly optimizing the

objective loss across all timesteps, it is crucial to carefully

analyze the behavior of quantization error over timesteps.

To investigate this, we initially quantize the network using a

MinMax quantizer and measure average quantization error

across all layers. As illustrated in Fig. 4, the quantization er-

ror increases as denoising progresses (i.e., as the timestep t

decreases). This observation raises a central question: does

a higher quantization error at a specific timestep correlate

with a greater degradation of the final image quality?

To answer this, we probed the diffusion model by in-

jecting small random noise U(0, 0.1) at a specific timestep

to activations of the quantized model and measuring the

FID [15] of the generated images. As shown in Fig. 4,

the final output quality does not directly correlate with the

quantization error across timesteps. Specifically, while the

later timesteps (smaller t) exhibit larger quantization errors

and significantly degraded FID scores, the earlier timesteps

(large t) also substantially affect the final image quality de-

spite having smaller quantization errors. This is due to the

fact that errors at early timesteps accumulate throughout

the denoising process, ultimately impacting the final image

quality. These findings highlight the necessity of carefully

quantizing the model at early timesteps, even if the imme-

diate quantization error appears small.

Adaptive timestep weighting. Applying a uniform loss

across timesteps is suboptimal, as later steps typically ex-

hibit larger errors, biasing optimization. Moreover, as

shown in the Tab. 6, simple monotonic weighting that pri-

oritizes early steps performs even worse. While the aver-

age error increases as t decreases (Fig. 4 left), individual

layers exhibit varying trends, with some having minimal

error even at later timesteps (Fig. 4 right). Thus, naively

prioritizing early steps can overlook critical later steps in

certain layers. To address this, we propose an adaptive

timestep weighting that dynamically adjusts weights based

on timesteps and the observed quantization error. Our adap-

tive loss function for each batch B is formulated as:

L =
1

B

B
∑

i=1

λtiLi, (7)

where λti adjusts the contribution of each sample based on

its timestep ti. The weighting factor λti is defined as:

λti =

(

1−
Λti

∑

t′∈T Λt′

)α

, (8)

where T is set of timesteps used for calibration and Λt is ac-

cumulated loss for the timestep t. This design is inspired by

focal loss [34], which emphasizes harder-to-classify sam-

ples by assigning larger weights. Similarly, our approach

prioritizes critical timesteps with lower accumulated errors.
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Specifically, a higher α shifts optimization toward early de-

noising steps (Fig. 4 left), where small quantization errors

can still significantly impact final output quality due to er-

ror accumulation. This adaptive weighting scheme balances

both quantization error magnitude and its influence on the

denoising trajectory. The accumulated loss Λt is updated

iteratively as follows:

Λt ← ξΛt + (1− ξ)Ei∈It [Li], (9)

where It = {i|ti = t} is the set of samples at timestep

t. Using a moving average with momentum ξ = 0.95, we

prevent abrupt changes in weights, ensuring stability while

capturing shifts in quantization error throughout training.
Fusing τ with static parameters for efficient inference.
Applying LES factors τ in Eq. (5) directly during inference
introduces additional overhead due to the need for online
computation. Whereas τ can be fused into the weight W
since they are static, fusing τ directly with activation X is
not feasible as they change dynamically. Previous works on
LLMs [32, 59, 61] address this by fusing τ into previous
linear operations (e.g., layer norm, linear layer). However,
most diffusion models [16, 46] have a nonlinear operation
[45] before matrix multiplication, preventing such fusion.
To overcome this, we incorporate τ into the quantization
process by using a modified scale for activation:

X̃ = clamp

(⌊

X

{τ ⊙ s(X)}

⌉

, l, u

)

, X̂ ≈ s
(X) · X̃ (10)

W̃ = clamp

(⌊

{τ⊤ ⊙W}

s(W)

⌉

, l, u

)

,Ŵ ≈ s
(W) · W̃, (11)

where {·} indicates pre-computed values. For weights, τ is

fused directly into the weight values; in contrast, for acti-

vations, τ is integrated into the scale s(X) during quantiza-

tion. During dequantization, both weights and activations

use original scales s(X) and s(W), respectively. This is fea-

sible as our approach employs static quantization, ensuring

that s(X) remains fixed. This allows us to apply the scaling

factors without additional overhead during inference.

4.2. Power­of­Two Scaling

Challenges with large outliers in activations. Upon ex-

amining activation distributions in the diffusion model, we
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Figure 6. Illustration of voting algorithm for PTS factor δ.

Algorithm 1 Voting Algorithm for PTS Factor

Input: calibration data {Xi}
N
i=1, number of candidate

scales D, agreement threshold κ, per-tensor scale s

▷ Candidate Selection by Per-Channel Quantization

for sample index i ∈ {1, ..., N} do

for all channel index k ∈ {1, . . . , Cin} do

δ∗i,k ← argmind∈{0,...,D}

∥

∥Xik−Q(s·2d)(Xik)
∥

∥

2

▷ Robust Voting Mechanism by thresholding
for all channel index k ∈ {1, . . . , Cin} do

δmode
k = mode

(

{δ∗i,k}
N
i=1

)

rk = 1
N

∑N

i=1 1

{

δ∗i,k = δmode
k

}

if rk > κ then

δk ← δmode
k

else

δk ← 0
return PTS factors δ = [δ1, . . . , δCin

]

found that some layers—especially skip connections lack-

ing normalization—exhibit significant inter-channel vari-

ance due to extreme outliers (Fig. 5). Notably, while pre-

vious work [28] focused on bimodal distributions in UNet

shortcut layers, our analysis shows that ResBlock skip con-

nections suffer from even more severe outlier-induced vari-

ance. This high inter-channel variance poses substantial

challenges for quantization. Although LES reduces quan-

tization errors by redistributing difficulty between weights

and activations, it alone cannot fully mitigate these extreme

cases, which pose substantial challenges for quantization.

Power-of-Two quantization of activations. To address

these challenges, we introduce a channel-wise Power-of-

Two Scaling (PTS) for activations. This approach scales

activations on a per-channel basis using power-of-two scal-

ing factors, effectively adjusting the dynamic range of each

channel individually. The scaling is formulated as:
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Method Bits
FFHQ (LDM-4) LSUN-Bedroom (LDM-4) LSUN-Church (LDM-8)

(W/A) FID↓ sFID↓ FID↓ sFID↓ FID↓ sFID↓

Full Prec. 32/32 31.34 25.88 9.82 20.17 11.28 29.58

Q-Diffusion [28] 8/8 33.10 27.69 14.79 27.36 12.87 30.68

PTQD [13] 8/8 31.87 25.91 12.90 18.56 12.73 30.00

EDA-DM [35] 8/8 31.28 31.25 9.87 20.29 12.31 29.82

TFMQ-DM [18] 8/8 32.35 26.78 10.05 21.12 11.25 29.18

Ours 8/8 26.78 20.77 8.52 14.33 11.16 29.35

Q-Diffusion [28] 4/8 36.17 28.75 14.87 27.60 15.42 33.02

PTQD [13] 4/8 36.65 32.52 19.27 20.59 14.52 33.03

EDA-DM [35] 4/8 36.28 31.07 16.96 31.64 11.40 28.80

TFMQ-DM [18] 4/8 36.08 33.06 10.65 18.99 14.28 34.62

Ours 4/8 30.37 22.72 9.73 15.94 11.58 30.87

Q-Diffusion [28] 4/6 71.16 75.70 64.31 35.09 57.34 58.58

PTQD [13] 4/6 74.18 80.51 106.21 39.44 56.90 57.19

EDA-DM [35] 4/6 29.62 28.59 75.21 49.18 14.41 32.79

TFMQ-DM [18] 4/6 29.76 27.07 17.03 34.27 26.74 57.51

Ours 4/6 26.38 20.01 11.26 16.97 14.28 32.76

Table 2. Quantization results of unconditional generation across various datasets at 256×256 resolution. Values in boldface indicate the

best results, while underlined values indicate the second-best. W/A indicates the bit-width of the weights and activations, respectively.

X̃ = clamp

(⌊

X

2δ ⊙ s(X)

⌉

, l, u

)

(12)

where δ ∈ R
Cin contains channel-wise power-of-two expo-

nents, and 2δ = [2δ1 , 2δ2 , . . . , 2δCin ]. Note that PTS applies
only to activations, while weights follow Eq. (3). Integra-
tion of PTS into matrix multiplication is formulated as:

Yij ≈ s
(X)
i s

(W)
j

(

Cin
∑

k=1

2
δkX̃ik · W̃kj

)

= s
(X)
i s

(W)
j

(

Cin
∑

k=1

X̃ik ·
(

W̃kj ≪ δk

)

)

, (13)

where≪ denotes the left-bit-shift operation. Eq. (13) shows

that multiplying by a PTS factor is equivalent to shifting the

bits of the product, which is highly efficient on hardware [1,

9, 65, 66]. In practice, bit-shifting is applied immediately

after loading weights at kernel execution (rather than during

multiply-accumulation), ensuring minimal overhead.

Selecting an appropriate PTS factor δ is crucial for min-

imizing quantization error. If δ is too small, large salient

activations are not sufficiently scaled down, pushing them

outside the quantization range and causing severe clamping

errors. In contrast, if δ is too large, the activations are overly

compressed, increasing the rounding errors. A straightfor-

ward approach is to select δ values that minimize quantiza-

tion error over the calibration set. However, we found that

this degrades the model’s performance on unseen data, mak-

ing it unsuitable for PTQ, where only a small calibration set

is available. To overcome this, we propose a robust vot-

ing algorithm for selecting the PTS factors, which remains

effective even with a small calibration set.

Robust voting algorithm for scaling factor selection. As

illustrated in Fig. 6, the voting algorithm for PTS factors

comprises the following two major components.

• Candidate selection by per-channel quantization. For

each calibration sample and channel, we evaluate candi-

date power-of-two scaling factors {20, 21, ..., 2D} and se-

lect the factor δ∗i,k that minimizes the quantization error.

• Robust voting mechanism by thresholding. After deter-

mining the best scaling factors per sample and channel,

we aggregate them across all samples by computing the

mode δmode
k for each channel k. We then compute the

agreement ratio rk , the fraction of samples that select

δmode
k . if rk > κ, we assign δk = δmode

k ; otherwise, we

default to δk = 0, meaning no scaling is applied.

This conservative approach prevents significant activation

distortion by rejecting scaling factors with low agreement,

thereby avoiding excessive clamping errors that arise when

inappropriate PTS factors push activations beyond their

typical quantization range. By requiring consensus, the

method mitigates overfitting to anomalies in small calibra-

tion datasets and ensures robust scaling factor selection. Al-

gorithm 1 summarizes the full procedure.

5. Experiments
Implementation details. We apply channel-wise quanti-

zation for weights and static tensor-wise quantization for

activations. For a fair comparison, all methods quantize

each layer except the input and output layers, which re-

main in full precision per common practice[10]. Equiva-

lent scaling is optimized in a layer-wise manner, inspired by

AdaRound [38]. After learning the equivalent scaling, we

employ BRECQ [29] for weight quantization. The setup of
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Full Precision Q-Diffusion TFMQ-DM Ours

Figure 7. Visualization of samples on ImageNet 256×256 generated by full precision LDM [46] and W4A6 quantized models using Q-

Diffusion [28], TFMQ-DM [18], and ours. Unlike other methods that often struggle to maintain plausible outputs, the proposed method

successfully preserves the high sample quality of full precision models, even under extremely low-bit quantization.

the calibration data follows that of Q-Diffusion [28], except

for Stable Diffusion. For Stable Diffusion, we do not em-

ploy classifier-free guidance when sampling the calibration

set following TAC [62]. Additionally, instead of quantizing

time embedding layers, we cache their output values, which

is more efficient and effective than direct quantization [55].

Additional details are provided in the appendix.

Models and datasets. We evaluate our method on both un-

conditional and conditional image generation models. For

unconditional generation, we use the LDM-8 [46] model

trained on the LSUN [67] Church 256×256, and the LDM-4

model trained on the LSUN Bedroom 256×256 and FFHQ

[23] 256 × 256. For a conditional generation, we use the

LDM-4 model trained on the ImageNet [7] 256 × 256 and

the text-conditional model StableDiffusion v1.4.

Evaluation metrics. We evaluate the performance of quan-

tized models using several standard metrics to evaluate im-

age quality, diversity, and fidelity. For all settings, FID [15]

and sFID [40] are used to evaluate the quality and diver-

sity of generated images. In conditional generation tasks,

we also include IS [48], LPIPS [70], SSIM, and PSNR to

further evaluate the sample quality under given conditions

and how closely the generated images align with those pro-

duced by the full-precision model, ensuring the generated

output faithfully reproduces the intended content. For text-

conditional generation, we report CLIP score [14] to quan-

tify alignment between generated images and text prompts.

5.1. Main results
Unconditional image generation. We generated 50K sam-

ples using a DDIM sampler [54] with an eta of 1.0. To

reflect real-world deployment scenarios [2, 4, 24, 64] where

computational cost is critical, we used a small number of

sampling steps—specifically, 20 steps. As shown in Tab. 2,

our method consistently demonstrates superior performance

across all settings and outperforms most existing meth-

Method Bits
ImageNet (LDM-4)

(W/A) IS↑ FID↓ sFID↓ LPIPS↓ SSIM↑ PSNR↑

Full Precision 32/32 366.8 11.34 7.81 – – –

Q-Diffusion [28] 8/8 351.3 11.11 12.20 0.116 0.895 26.88

PTQD† [13] 8/8 349.6 10.94 11.28 – – –

EDA-DM [35] 8/8 303.2 11.85 23.00 0.385 0.722 19.19

TFMQ-DM [18] 8/8 362.7 11.17 8.19 0.072 0.933 29.18

Ours 8/8 357.9 10.29 7.38 0.058 0.945 31.14

Q-Diffusion [28] 4/8 330.4 9.34 12.39 0.170 0.846 23.97

PTQD† [13] 4/8 321.7 9.04 13.09 – – –

EDA-DM [35] 4/8 312.9 9.86 14.22 0.237 0.803 22.37

TFMQ-DM [18] 4/8 342.1 9.51 8.10 0.181 0.848 23.30

Ours 4/8 350.8 9.68 7.19 0.124 0.886 25.90

Q-Diffusion [28] 4/6 65.2 36.49 71.41 0.477 0.613 17.09

PTQD† [13] 4/6 73.1 33.73 60.80 – – –

EDA-DM [35] 4/6 46.8 48.23 106.05 0.573 0.572 15.91

TFMQ-DM [18] 4/6 225.6 9.61 10.19 0.336 0.730 19.83

Ours 4/6 320.6 7.81 7.26 0.194 0.845 23.70

Table 3. Quantization results of class conditional generation. †:

PTQD utilizes noise correction during the sampling, making it un-

able to compare pixel level similarities even under the same seed.

ods. Notably, baseline methods which do not consider out-

liers suffer significant performance degradation at W4A6,

whereas our approach maintains high FID and sFID. On the

LSUN Church, our method achieves comparable results but

is slightly outperformed by EDA-DM [35] in the W4A8 set-

ting. However, EDA-DM exhibits inconsistent performance

across other datasets. Since EDA-DM is orthogonal to

ours, integrating their data distribution alignment with our

method could potentially yield even better results. Over-

all, our method demonstrates superior performance across

diverse datasets by successfully managing outliers.

Class-conditional image generation. We evaluate class-

conditional image generation on the ImageNet dataset us-

ing 50K images, employing 20 denoising steps with eta of

0 and a classifier-free guidance (CFG) scale of 3.0. As
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Methods Bits
MS-COCO (Stable Diffusion)

(W/A) IS↑ FID↓ sFID↓ CLIP↑ LPIPS↓ SSIM↑ PSNR↑

Full Precision 32/32 40.23 20.38 62.55 31.27 – – –

EDA-DM [35] 4/8 37.78 20.61 63.67 31.10 0.460 0.518 14.33

TFMQ-DM [18] 4/8 37.58 19.36 60.94 31.18 0.468 0.54 15.12

Ours 4/8 40.16 19.20 60.96 31.41 0.443 0.557 15.34

EDA-DM [35] 4/6 27.26 33.23 67.06 29.73 0.623 0.360 12.34

TFMQ-DM [18] 4/6 16.22 104.95 126.13 25.32 0.691 0.361 12.69

Ours 4/6 33.10 29.58 67.05 30.67 0.537 0.427 14.05

Table 4. Quantization results of text-guided image generation.

shown in Tab. 3, our method consistently outperforms ex-

isting methods across all settings. Notably, at the low bit-

width configuration of W4A6, where prior methods suffer

significant performance degradation, our approach main-

tains high performance. EDA-DM, which showed promis-

ing results on specific datasets in the unconditional setting,

fails to generalize to the large-scale ImageNet dataset. Fur-

thermore, our method achieves superior results in LPIPS,

SSIM, and PSNR across all settings, indicating that our

quantized model generates outputs closest to those of the

full-precision model under the same conditions. This is fur-

ther supported by qualitative comparisons in Fig. 7.

Text-guided image generation. In this experiment, we

sampled text prompts from MS-COCO [33] to generate 10K

images at 512 × 512 resolution, using 50 steps with eta

of 0 and a CFG scale of 7.5. As reported in Tab. 4, sim-

ilar to the unconditional and class-conditional generation,

existing methods show significant performance degradation

at W4A6, whereas our method demonstrates strong perfor-

mance across nearly all metrics. Specifically, our method

achieves the best LPIPS, SSIM, PSNR, and CLIP scores,

indicating that the outputs not only closely match the full-

precision model in perceptual and structural similarity but

also maintain strong semantic alignment with the given text.

5.2. Ablation study

We conducted an ablation study on LDM-4 on FFHQ at

W4A8 to verify each component in our proposed method.

Analysis of the proposed method. Tab. 5 presents

the impact of progressively adding each component of

our method. Starting from the baseline, introducing

Learned Equivalent Scaling redistributes quantization diffi-

culty caused by outliers, resulting in substantial metric im-

provements. Adding Adaptive Timestep Weighting further

enhances performance by prioritizing early denoising steps,

which, despite lower quantization errors, significantly im-

pact final quality due to error accumulation. Finally, apply-

ing PTS to skip connection layers with high inter-channel

variance yields the best overall results.

Effect of adaptive timestep weighting. Tab. 6 shows

the effectiveness of adaptive timestep weighting. Sim-

ple heuristics, such as linearly or quadratically increasing

weights for early timesteps, underperform uniform weight-

ing. While early steps have smaller errors but a strong

Method Bits (W/A) IS↑ FID↓ sFID↓

Full Precision 32/32 3.70 31.34 25.88

Baseline 4/8 3.50 36.08 33.06

+ Learned Equivalent Scaling 4/8 3.60 33.46 26.29

+ Adaptive Timestep Weighting 4/8 3.69 31.83 24.39

+ Power-of-Two Scaling 4/8 3.75 30.37 22.72

Table 5. Ablation study on components of the proposed method.

Method Bits (W/A) IS↑ FID↓ sFID↓

Full Precision 32/32 3.70 31.34 25.88

Uniform 4/8 3.60 33.46 26.29

Linear 4/8 3.59 36.58 30.20

Quadratic 4/8 3.61 35.30 27.39

Adaptive Timestep Weighting 4/8 3.69 31.83 24.39

Table 6. Ablation study on timestep weighting strategy.

Method Target layers Bits (W/A) IS↑ FID↓ sFID↓

Full Precision 32/32 3.70 31.34 25.88

w/o PTS None 4/8 3.69 31.83 24.39

MSE all layers 4/8 3.74 32.55 24.24

Voting all layers 4/8 3.72 31.91 23.86

Voting skip connect. 4/8 3.75 30.37 22.72

Table 7. Ablation study on PTS scaling.

impact, later steps with larger errors are equally impor-

tant. A fixed weighting scheme may overlook critical steps,

as some layers exhibit small errors in later timesteps. In

contrast, our adaptive strategy dynamically adjusts to these

variations, achieving superior performance.

Effect of the voting algorithm. Tab. 7 demonstrates the

effectiveness of our voting algorithm for selecting PTS fac-

tors. The MSE-based approach, which directly minimizes

quantization error, tends to overfit on a calibration set, lead-

ing to suboptimal performance. In contrast, our voting al-

gorithm finds robust PTS factors by aggregating statistical

consensus across samples, resulting in better generalization.

Moreover, applying PTS only to skip connection layers,

rather than all layers, proves to be more effective due to

the high inter-channel variance present specifically in these

layers. This targeted application further improves perfor-

mance, as evidenced by the superior metrics achieved.

6. Conclusion
We present a new approach that addresses the outlier

problem in diffusion model quantization. By integrating

Learned Equivalent Scaling with an Adaptive Timestep

Weighting, we redistribute quantization difficulty between

weights and activations and prioritize critical timesteps.

Additionally, we propose a Power-of-Two Scaling, accom-

panied by a robust voting algorithm, to handle layers with

extreme outliers, such as skip connections. Extensive ex-

periments in various datasets and generation tasks demon-

strate that our method consistently outperforms existing

post-training quantization techniques, even under ultra-low

bit-width like W4A6, where prior methods often fail.
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