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Abstract

Diffusion models have gradually gained prominence in the
field of image synthesis, showcasing remarkable genera-
tive capabilities. Nevertheless, the slow inference and com-
plex networks, resulting from redundancy at both temporal
and structural levels, hinder their low-latency applications
in real-world scenarios. Current acceleration methods for
diffusion models focus separately on temporal and struc-
tural levels. However, independent optimization at each
level to further push the acceleration limits results in sig-
nificant performance degradation. On the other hand, inte-
grating optimizations at both levels can compound the ac-
celeration effects. Unfortunately, we find that the optimiza-
tions at these two levels are not entirely orthogonal. Per-
forming separate optimizations and then simply integrat-
ing them results in unsatisfactory performance. To tackle
this issue, we propose CacheQuant, a novel training-free
paradigm that comprehensively accelerates diffusion mod-
els by jointly optimizing model caching and quantization
techniques. Specifically, we employ a dynamic program-
ming approach to determine the optimal cache schedule, in
which the properties of caching and quantization are care-
fully considered to minimize errors. Additionally, we pro-
pose decoupled error correction to further mitigate the cou-
pled and accumulated errors step by step. Experimental re-
sults show that CacheQuant achieves a 5.18× speedup and
4× compression for Stable Diffusion on MS-COCO, with
only a 0.02 loss in CLIP score. Our code are open-sourced.

1. Introduction

Recently, diffusion models [7, 19, 70] with different frame-

works, such as UNet [58] and DiT [54], have come to

dominate the field of image synthesis, exhibiting remark-

able generative capabilities, as evidenced by the open plat-

form K-sort Arena [32]. Numerous compelling applications

have been implemented with diffusion models, including
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Figure 1. An overview of motivations. (a) The principles and prop-

erties of the traditional acceleration methods at each level. (b) Our

approach integrates the advantages of model caching and quantiza-

tion while eliminating their drawbacks, achieving comprehensive

acceleration at two levels.

but not limited to image editing [2, 20, 46], image enhanc-

ing [10, 24, 61], image-to-image translation [5, 59, 71],

text-to-image generation [51, 56, 60, 80] and text-to-3D

generation [34, 43, 55]. Despite their appeal, the slow in-

ference and complex networks, resulting from thousands

of denoising iterations and billions of model parameters,

pose significant challenges to deploy these models in real-

world applications. For instance, even on high-performance

A6000 GPU, a single inference of Stable Diffusion [57] re-

quires over a minute and consumes 16GB of memory.

To address the above challenges, the research commu-

nity accelerates diffusion models primarily at two levels:

the temporal level and the structural level. For the former,

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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existing methods [26, 41, 47, 62, 69] tackle the slow in-

ference by shortening the denoising trajectory. In contrast,

other methods [3, 9, 27, 38, 39] focus on simplifying the

network structure to address the complex networks for the

latter. Although these methods have achieved significant re-

sults, each has its own drawbacks. As shown in Figure 1,

temporal-level methods fail to reduce or even exacerbate the

complexity of the networks, while structural-level methods

require costly retraining processes. Moreover, independent

optimization at each level to push the acceleration limits,

such as employing a shorter denoising path [45] or fur-

ther reducing model parameters [72], results in significant

performance degradation. Therefore, we seek to develop

a comprehensive acceleration solution for diffusion models

across both temporal and structural levels, aiming to inte-

grating the advantages of each while eliminating their re-

spective drawbacks. This allows us to push the acceleration

boundaries further without compromising performance.

We start by analyzing the properties of methods at each

level. At the temporal level, model caching [4, 66, 74]

utilize caching mechanisms to eliminate redundant com-

putations at per step without any retraining, which pre-

serve temporal continuity and maintain performance within

equivalent computational budgets compared to other meth-

ods [8, 37, 52, 69, 81]. At the structural level, quantization-

based methods [15, 67] are more efficient in terms of train-

ing overhead and hardware friendly compared to other

compression-based methods [13, 28, 36, 64, 76]. Thus,

we choice model caching and quantization to comprehen-

sively accelerate diffusion models. Moreover, these two

techniques exhibit a synergistic relationship: quantization

reduces the memory usage increased by caching, while

caching alleviates the quantization difficulties caused by

temporal redundancy.

Based on the above analysis, theoretically, integrating

optimized model caching with quantization methods can

yield more substantial acceleration while maintaining con-

trolled performance degradation. However, in practice, we

find that the optimizations at these two methods are not en-

tirely orthogonal. Independently optimizing and then sim-

ply combining them results in unsatisfactory performance.

The underlying issue is that both caching and quantization

introduce errors into the original models. These errors cou-

ple and accumulate iteratively, further exacerbating their

impact on model performance and hindering the effective

integration of optimization methods. More specifically, if

model quantization is applied directly to caching methods,

the quantization error causes significant deviation in the de-

noising path of the cache. Conversely, if model caching is

directly added to quantization methods, the caching error

leads to substantial accumulation of quantization errors. In

both cases, model performance degrades severely.

To this end, we introduce CacheQuant that solves the

above issues by jointly optimizing model caching and quan-

tization techniques. Specifically, we propose Dynamic Pro-

gramming Schedule (DPS) that models the design of the

cache schedule as a dynamic programming problem, aiming

to minimize the errors introduced by both caching and quan-

tization. Through optimization, the computational com-

plexity of DPS is significantly reduced, requiring only 8

minutes for LDM on ImageNet. To further mitigate the

coupled and accumulated errors, we propose Decoupled Er-

ror Correction (DEC), which performs channel-wise correc-

tion separately for caching and quantization errors at each

time step in a training-free manner. Since the correction

for quantization errors can be absorbed into weight quan-

tization, EDC introduces only one additional matrix mul-

tiplication and addition during network inference. To the

best of our knowledge, this is the first work to investigate

diffusion model acceleration at both the temporal and struc-

tural levels. We also evaluate the acceleration capabilities of

CacheQuant by deploying it on various hardware platforms

(GPU, CPU, ARM).

In summary, we make the following contributions:

• We introduce CacheQuant, a novel training-free paradigm

that comprehensively accelerates diffusion models with

different frameworks at both temporal and structural lev-

els. Our method further pushes accelerated limits and

maintains performance.

• CacheQuant minimizes the errors from caching and quan-

tization through DPS and further mitigates these errors

via DEC. It achieves a complementary advantage of

model caching and quantization techniques by jointly op-

timizing them.

• We conduct experiments on diffusion models with UNet

and DiT frameworks. Extensive experiments demon-

strate that our approach outperforms traditional accelera-

tion methods (solver, caching, distillation, pruning, quan-

tization) in both speedup and performance.

2. Related Work
Diffusion models have gradually surpassed GANs [1, 12]

and VAEs [18, 22], emerging as the dominant approach in

image generation. However, slow inference and complex

networks hinder their low-latency applications in real-world

scenarios. Current research focuses on two main levels to

accelerate diffusion models.

Temporal-level Acceleration methods focus on shorten-

ing the sampling trajectory. Some approaches adjust vari-

ance schedule [52] or modify denoising equations [69, 81]

to remove certain steps entirely. Studies further dive into

the fast solver of SDE [8, 37] or ODE [41, 42] to create ef-

ficient sampling steps. Others [25, 68, 82] conduct parallel

sampling to speed up inference. In contrast, cache-based

methods [4, 45, 74] reduce the inference path at each step

by caching the output of block.
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Figure 2. An overview of CacheQuant. DPS selects the optimal cache schedule and DEC mitigates the coupled and accumulated errors.

Structural-level Acceleration methods concentrate on

simplifying the network architecture. Previous studies re-

design lightweight network [28] or incorporate frequency

priors into model design [76]. OMS-DPM [36] creates

a diffusion model zoo to select different models at var-

ious steps. Some methods [44, 47, 62] simplify model

architecture with distillation technology. On the other

hand, pruning-based methods [3, 9, 79] reduce the num-

ber of model parameters, while quantization-based ap-

proaches [27, 29, 30, 38, 39] achieve model compression

by utilizing lower bit-width representations.

3. Preliminary
In the following, we present the two key techniques em-

ployed in our work.

Model Caching accelerates inference by storing interme-

diate network outputs. For diffusion models with temporal

networks, this technique leverages the inherent similarity

of feature maps between adjacent denoising steps to elim-

inate temporal computational redundancies. For example,

we cache the output activation Xt
g of block at step t as

Xt
c. When inferring at step t + 1, Xt

c is reused in place

of the ground truth Xt+1
g , thereby eliminating the compu-

tations of Xt+1
g . Existing methods implement caching at

various network layers. Deepcache [45] and Faster Dif-

fusion [26] cache the output feature maps of upsampling

blocks and UNet encoder, respectively. Block Caching [74]

further adaptively caches all blocks. Δ-DiT [4] selectively

caches blocks based on their impact at different denoising

stages. Besides, this mechanism can be extended to cover

more steps, with the cached features Xt
c calculated once and

reused in the consecutive N − 1 steps:

Xt
c → Xt+1

g ⇒ Xt
c → {Xt+1

g , Xt+2
g , ..., Xt+N

g } (1)

Determining the cache schedule, i.e., where to recompute

cached features, directly impacts model performance. For

instance, in a diffusion model with T steps, when the cache

frequency N is fixed, a uniform cache schedule is repre-

sented by {0, N, 2N, ..., (T/N−1)N}, and the correspond-

ing cached features are {X0
c , X

N
c , X2N

c , ..., X
(T/N−1)N
c }.

To reduce the errors introduced by caching, previous meth-

ods have developed various cache schedules. [4, 45, 74] de-

termine the schedule by conducting experiments and tuning

hyperparameters, while [26] directly specifies the schedule

manually. In this work, as shown in Figure 2, for the UNet

framework, we cache the outputs of a single upsampling

block as the cached features Xc, similar to the approach

used in DeepCache [45]. For the DiT framework, we cache

the deviations Δc between two blocks as the cached fea-

tures, similar to Δ-DiT [4]. We model the selection of

schedule as a dynamic programming problem and our goal

is to minimize the errors introduced by caching and quanti-

zation, thereby achieving the optimal schedule.

Model Quantization represents model parameters and

activations with low-precision integer values, compressing

model size and accelerating inference. Given a floating-

point vector x, it can be uniformly quantized as follows:

x̂ = clip
(�x/s�+ z, 0, 2b − 1

)
(2)

where x̂ is the quantized value, scale factor s and zero

point z are quantization parameters, �·� denotes rounding

function, and the bit-width b determines the range of clip-

ping function clip(·). Depending on whether fine-tuning

of the model is necessitated, this technique can be cat-

egorized into two approaches: post-training quantization

(PTQ) and quantization-aware training (QAT). Initial PTQ

methods [31, 48] calibrate the quantization parameters in a

training-free manner using a small calibration set. Subse-

quently, reconstruction-based methods [33, 49, 73] employ

backpropagation to optimize quantization parameters. On

the other hand, QAT methods [11, 50] entail fine-tuning the

model weights on the original dataset. While this approach

preserves performance, it requires significant time cost and

computational resources. Notably, all existing quantiza-

tion methods for diffusion models are either reconstruction-

based [27, 39] or fine-tuning-based [14, 38]. In stark con-
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Figure 3. Performance and acceleration of different optimization

strategies. EDA-DM and Deepcache are optimization methods for

model quantization and caching, respectively.

trast, we propose a PTQ correction strategy to mitigate er-

rors, preserving the advantages of being training-free.

4. CacheQuant
In this section, we introduce CacheQuant, a novel training-

free paradigm that jointly optimizes caching and quanti-

zation techniques to comprehensively accelerate diffusion

models. We start by analyzing the challenges of compre-

hensive acceleration in Sec 4.1, followed by our proposed

methods to address these challenges in Sec 4.2 and Sec 4.3.

The overview of CacheQuant is shown in Figure 2.

4.1. Challenges of Comprehensive Acceleration

Leveraging model caching and quantization enables com-

prehensive acceleration of diffusion models. Unfortunately,

we find that, although independently optimizing and then

simply integrating these two methods yields more notice-

able acceleration, the model performance remains far from

satisfactory. To analyze the above issues, we conduct

experiments for LDM on ImageNet. As shown in Fig-

ure 3, when the original model is independently optimized

through model quantization and caching, the FID score

drops 0.76 and 4.71, respectively. However, simply in-

tegrating the two optimizations results in an FID loss of

11.99. The underlying issue is that both caching and quan-

tization inherently introduce errors into the original models.

These errors couple and accumulate iteratively, further ex-

acerbating their impact on model performance and hinder-

ing the effective combination of optimization methods. As

shown in Figure 4, if model quantization is directly added to

caching methods, the quantization error causes significant

deviation in the denoising path of the cache. Conversely, if

model caching is applied directly to quantization methods,

the caching error leads to substantial accumulation of quan-

tization errors. This suggests that the optimizations of these

two methods are not entirely orthogonal, highlighting the

need for joint optimization.

4.2. Dynamic Programming Schedule

We illustrate our method with the UNet framework as an

example. To minimize errors, we analyze the feature maps

X = {X0
g , X

1
g , ..., X

T−1
g } at all steps to guide the selec-

time stepstime steps

er
ro

rs

Figure 4. Output errors of network at each time step.

tion of the cache schedule, reframing the problem as one of

grouping ordered samples.

For a diffusion model with T steps and a cache frequency

of N , all feature maps are divided into K = T/N groups,

forming a grouping set G = {G1, G2, ..., GK}. Time

steps within the same group share the same cached fea-

tures. To achieve optimal grouping, we propose Dynamic

Programming Schedule (DPS):

First, we consider two constraints: 1) Each feature map

belongs to exactly one group, ensuring that no step is du-

plicated or omitted; 2) The order of the feature maps within

each group must remain unchanged to preserve the temporal

consistency of the denoising process. Specified as:

G1 = {X0
g , X

1
g , ..., X

s1−1
g },

G2 = {Xs1
g , Xs1+1

g , ..., Xs2−1
g },

...

GK = {XsK−1
g , XsK−1+1

g , ..., XT−1
g }

(3)

where the time step of the first element Xs∗
g of each group

denotes the dividing point, which forms the cache schedule.

Second, we define the intra-group error as Dk(i, j),
which represents the error introduced by caching and quan-

tization when steps i to j are assigned to the k-th group.

Notably, since Xi
g is cached and replaces {Xi+1

g , ..., Xj
g},

the error is calculated by sequentially comparing Xi
g with

{Xi+1
g , ..., Xj

g} and summing the resulting differences. Ad-

ditionally, quantization error arises from the absolute nu-

merical differences between feature maps, and is therefore

measured using the L1 norm. Consequently, the mathemat-

ical formulation of Dk(i, j) is as follows:

Dk(i, j) =

j∑

t=i+1

‖Xi
g −Xt

g‖1 (4)

Third, we denote the partitioning of T steps into K
groups as b(T,K). The grouping loss function is defined

as L[b(T,K)] =
∑K

k=1 Dk(i, j). The solution for K-th

optimal group can be expressed as:

L[b(T,K)] = L[b(s− 1,K − 1)] +D(s, T ) (5)

M(T,K) = min
K≤s≤T

L[b(T,K)] (6)
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Algorithm 1 : Dynamic Programming Schedule

Input: all steps T , cache frequency N
Output: optimal schedule DPS

K = T/N � init number of groups

M = S = 0T×K � init loss M and dividing point S
for t = 1 to T do
M(t, 1) = D(1, t) � calculate boundary conditions

S(t, 1) = t
end for
for k = 1 to K do

for t = k to T do
clear L = [ ]

for s = k to t do
limit 1

2N ≤ t− s ≤ 2N � optimization limits

L[b(t, k)] = M(s− 1, k − 1) +D(s, t)
append L[b(t, k)] to L

end for
M(t, k) = min(L) � store mininum loss

S(t, k) = argmins(L) � store dividing point

end for
end for
t = T

for k = K to 1 do
sk = S(t, k) � dividing point for k-th group

append sk to DPS � store for optimal schedule

t = sk − 1 � number of remaining steps

end for

where s denotes the dividing point, K ≤ s ≤ T ensures that

each feature map belongs to exactly one group, M(T,K)
minimizes the grouping loss to obtain the K-th optimal

group GK = {Xs
g , X

s+1
g , ..., XT−1

g }. Briefly, the above

formula can be reformulated as:

M(T,K) = min
K≤s≤T

{M(s− 1,K − 1) +D(s, T )} (7)

As can be seen, the K-th optimal group is based on the

assignment of the s − 1 feature maps to K − 1 optimal

groups. Thus, all optimal groups can be iteratively solved

based on the boundary conditions M(t, 1). The workflow

of DPS is shown in Algorithm 1.

However, due to the nested loops, the computation of

DPS is complex, resulting in slow convergence. We con-

sider practical grouping factors, optimizing the group length

to no more than 2N and no less than 1
2N . This significantly

reduces the computational complexity of DPS. For instance,

the solution time for LDM with 250 steps on ImageNet is

reduced from 4 hours to 8 minutes. Finally, DPS efficiently

obtains the optimal schedule that minimizes both caching

and quantization errors.

4.3. Decoupled Error Correction

To further mitigate the coupled and accumulated errors

while maintaining acceleration efficiency, we explore a

training-free solution. We begin by analyzing the outputs of

block receiving cached features under different conditions:

Og = XgWg , Oc = XcWg , Ocq = XcqWq (8)

where O ∈ R
B×Co

, X ∈ R
B×Ci

, and W ∈ R
Ci×Co

de-

note the output, activation, and weight, respectively. The

B, Ci and Co denote the batch size, in-channel dimen-

sion, and out-channel dimension, respectively. The sub-

scripts g, c, and q represent the different conditions: ground

truth, cached, and quantized, respectively. We observe a

strong correlation in channel-wise granularity between Og

and Ocq , as shown in Figure 5(a). Therefore, we can calcu-

late correction parameters along the out-channel dimension

for Ocq , aiming to reduce their error relative to Og . And

we correct at each step to alleviate accumulated errors. The

corrected formula is as follows:

Og = a ·Ocq + b (9)

where a ∈ R
Co

and b ∈ R
Co

are correction parameters. We

solve them using the least squares method. For instance, the

correction parameters for k-th channel are as follow:

ak =
Cov(Ocq(:,k), Og(:,k))

Var(Ocq(:,k))

bk = Ōg(:,k) − ak ∗ Ōcq(:,k)

(10)

Here, Ōg(:,k) and Ōcq(:,k) represent the mean of the k-th

out-channel. When adjusting Ocq using the correction pa-

rameters, although the mean error is eliminated, the vari-

ance of the error remains large, resulting in ineffective cor-

rection, as shown in Figure 5(b)(1) and (3). The underly-

ing issue is that directly correcting Ocq cannot efficiently

eliminate caching errors, as these errors fundamentally arise

from the difference between Xg and Xc.

To address this, we propose Decoupled Error Correction

(DEC) that decouples error Eo introduced by caching and

quantization into cache error Ec and quantization error Eq:

Eo = XgWg −XcqWq = Og −Ocq

Ec = XgWg −XcWg = Og −Oc

Eq = XcWg −XcqWq = Oc −Ocq

(11)

Similar to Eq. 9, we correct Xc to reduce Ec and correct

Ocq to reduce Eq:

Xg = a1 ·Xc + b1

Oc = a2 ·Ocq + b2
(12)
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Figure 5. (a) Correlations between the different out-channels of Og and Ocq . (b) Box plots visualize the mean and variance of different

errors. Data comes from steps t = 192 and t = 210 for LDM on ImageNet, which are assigned to the same group by the DPS.

where the correction parameters (a1, b1) ∈ R
Ci

, (a2, b2) ∈
R

Co

are solved like Eq. 10. Experimental results demon-

strate that DEC not only eliminates the mean error but also

efficiently reduces error variance (shown in Figure 5(b)(4)),

significantly improving performance. For instance, com-

pared to direct correction, DEC enhances the FID score for

LDM on ImageNet by 0.91.

We also provide a theoretical proof that DEC outper-

forms direct correction. Through equivalent transforma-

tions, the two correction methods express Ocq as:

Ocq = XcqWq =
XgWg

a
− b

a
(13)

Ocq = XcqWq =
Xg

a1
· Wg

a2
− b1

a1
· Wg

a2
− b2

a2
(14)

As can be seen, compared to direct correction on the out-

channels, DEC adjusts the mean and variance across both

in-channels and out-channels. The two expressions are

equivalent when assuming a1 = 1 and b1 = 0, which

implies that the mean error between Xg and Xc is zero

and the variance is negligible. However, as shown in Fig-

ure 5(b)(2), this assumption clearly does not hold, making

DEC the more reasonable approach. Additionally, by incor-

porating (a2, b2) into weight quantization, DEC introduces

only one additional matrix multiplication and addition dur-

ing network inference.

5. Experiment
5.1. Experimental Setup

Models, Datasets, and Metrics. To demonstrate the ef-

fectiveness of our method, we conduct evaluations on

DDPM, LDM, and Stable Diffusion [57, 69] with UNet

framework and DiT-XL/2 [53] with DiT framework.

We present experimental results on six commonly used

datasets: CIFAR-10, LSUN-Bedroom, LSUN-Church, Im-

ageNet, MS-COCO, and PartiPrompt [6, 23, 35, 77, 78].

Following previous works [4, 38, 45, 75], we utilize 5k val-

idation set from MS-COCO and 1.63k captions from Par-

tiPrompt as prompts for Stable Diffusion, and generate 10k

images for DiT-XL/2. For other tasks, we generate 50k im-

ages to assess the generation quality. The evaluation metrics

include FID, IS, and CLIP Score (on ViT-g/14) [16, 17, 63].

Besides, we employ Bops (Bops = MACs × bw × bx),

Speed Up (on GPU), and Model Size (MB) to visualize ac-

celeration and compression performance.

Caching and Quantization Settings. Our method uses

Deepcache [45], Δ-DiT [4], and EDA-DM [39] as the base-

line. We select the last 3/1/1-th blocks as cached blocks for

DDPM, LDM, and Stable Diffusion models, respectively,

and maintain Middle Blocks (I = 7 and Nc = 14 in [4])

as cached object for DiT-XL/2. For model quantization, we

utilize the temporal quantizer from [38] to quantize all lay-

ers, with channel-wise quantization for weights and layer-

wise quantization for activations, as this is the common

practice. Additionally, CacheQuant seamlessly integrates

with quantization reconstruction to enhance performance.

5.2. Comparison with Temporal-level Methods

The mainstream temporal-level acceleration methods for

diffusion models include model caching and fast solvers.

We first compare CacheQuant with cache-based methods

(Deepcache [45], Δ-DiT [4]), as reported in Table 2 and 3.

Our method achieves comparable or even superior per-

formance to cache-based methods, while delivering a 4×
model compression and significant speedup improvement.

Furthermore, CacheQuant demonstrates robustness to cache
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Table 1. Unconditional generation quality on CIFAR-10, LSUN-

Church, and LSUN-Bedroom using DDPM, LDM-8, and LDM-4,

respectively. The notion ‘WxAy’ is employed to represent the bit-

widths of weights ‘W’ and activations ‘A’.

Dataset Method Bops ↓ Speed ↑ Size ↓ Retrain FID ↓

CIFAR
32 × 32
T = 100

DDPM 6.21T 1.00× 143.0 � 4.19

Deepcache-N=3 3.62T 1.61× 1.00× � 4.70
Ours-N=3 (W8A8) 0.23T 3.57× 3.98× � 4.61

Deepcache-N=5 3.08T 1.85× 1.00× � 5.73
Ours-N=5 (W8A8) 0.19T 4.11× 3.98× � 5.28

Deepcache-N=10 2.69T 2.07× 1.00× � 9.74
Ours-N=10 (W8A8) 0.17T 4.62× 3.98× � 8.19

LSUN-
Church

256 × 256
T = 100
eta=0.0

LDM-8 19.10T 1.00× 1514.5 � 3.99

Deepcache-N=2 10.07T 1.86× 1.00× � 4.43
Ours-N=2 (W8A8) 0.63T 3.10× 3.99× � 3.52

Deepcache-N=3 7.18T 2.54× 1.00× � 5.10
Ours-N=3 (W8A8) 0.45T 4.14× 3.99× � 3.66

Deepcache-N=5 4.65T 3.67× 1.00× � 6.74
Ours-N=5 (W8A8) 0.29T 5.98× 3.99× � 3.71

LSUN-
Bedroom

256 × 256
T = 100
eta=0.0

LDM-4 98.36T 1.00× 1317.4 � 10.49

Deepcache-N=2 52.23T 1.79× 1.00× � 11.21
Ours-N=2 (W8A8) 3.26T 3.05× 3.99× � 8.85

Deepcache-N=3 37.49T 2.68× 1.00× � 11.86
Ours-N=3 (W8A8) 2.34T 4.72× 3.99× � 9.27

Deepcache-N=5 24.59T 4.08× 1.00× � 14.28
Ours-N=5 (W8A8) 1.54T 7.06× 3.99× � 10.29

frequency, as evidenced by its consistent outperformance

in Table 1. At smaller cache frequency, our method even

achieves lower FID score than the full-precision models.

This is a common occurrence observed in prior works [27,

38, 39], suggesting that the generated image quality is com-

parable to that produced by the full-precision models. We

demonstrate the superiority of CacheQuant over fast solvers

by comparing it with the PLMS solver [37]. As shown in

Table 4, using Stable Diffusion with 50 PLMS steps as a

baseline, reducing the PLMS steps to 20 severely degrades

performance. In contrast, our method maintains perfor-

mance while achieving a 4× model compression and more

than a 5× speedup.

5.3. Comparison with Structural-level Methods

The structural-level acceleration methods primarily include

model quantization, pruning, and distillation. We com-

pare CacheQuant with quantization-based methods (EDA-

DM [39]) in Table 2. At 8-bit precision, CacheQuant with

N=5 cache frequency outperforms EDA-DM (FID 4.03 vs

4.13). Importantly, CacheQuant avoids costly retraining

and achieves significant acceleration improvements (Speed

7.87× vs 1.91×). As the bit width decreases, EDA-DM

with the 4-bit precision achieves an 8× compression and a

3.35× speedup. However, the FID score significantly drops

to 44.12. In stark contrast, CacheQuant combined with re-

construction maintains an FID score of 12.65, achieving

8× compression and 18.06× speedup. We conduct a com-

Table 2. Class-conditional generation quality on ImageNet using

LDM-4 with UNet framework, employing 250 DDIM steps.

ImageNet 256 × 256
Method Bops ↓ Speed ↑ Size ↓ Retrain FID ↓ IS ↑
LDM-4 102.22T 1.00× 1824.6 � 3.37 204.56

EDA-DM (W8A8) 6.39T 1.91× 457.1 � 4.13 186.78
EDA-DM (W4A8) 3.19T 1.91× 229.2 � 4.79 176.43
EDA-DM (W4A4) 1.61T 3.35× 229.2 � 44.12 62.04
Diff-Pruning 53.98T 1.51× 757.7 � 9.27 214.42

Deepcache-N=5 24.06T 4.12× 1824.6 � 3.79 199.58
ours-N=5 (W8A8) 1.50T 7.87× 457.1 � 4.03 193.90
ours-N=5 (W4A8) 0.75T 7.87× 229.2 � 6.26 168.46

Deepcache-N=10 14.31T 6.96× 1824.6 � 4.60 188.81
ours-N=10 (W8A8) 0.89T 12.20× 457.1 � 4.68 184.38
ours-N=10 (W4A8) 0.45T 12.20× 229.2 � 6.90 158.27

Deepcache-N=15 11.17T 9.19× 1824.6 � 5.91 175.50
ours-N=15 (W8A8) 0.70T 16.55× 457.1 � 5.51 174.81
ours-N=15 (W4A8) 0.35T 16.55× 229.2 � 9.40 139.64

Deepcache-N=20 9.62T 10.54× 1824.6 � 8.08 159.27
ours-N=20 (W8A8) 0.60T 18.06× 457.1 � 7.21 160.68
ours-N=20 (W4A8) 0.30T 18.06× 229.2 � 12.65 124.13

Table 3. Class-conditional generation quality on ImageNet using

DiT-XL/2 with DiT framework, employing 50 DDIM steps.

ImageNet 256 × 256
Method Bops ↓ Speed ↑ Size ↓ Retrain FID ↓ IS ↑
DiT-XL/2 117.18T 1.00× 2575.42 � 6.02 246.24

Δ-DiT-N=2 87.88T 1.31× 2575.42 � 9.06 205.95
ours-N=2 (W8A8) 5.49T 2.72× 645.72 � 7.86 213.08

Δ-DiT-N=3 75.53T 1.51× 2575.42 � 13.75 171.68
ours-N=3 (W8A8) 4.72T 3.08× 645.72 � 12.42 173.17

parison with pruning-based method in Table 2. As can be

seen, CacheQuant surpasses Diff-Pruning [9] in terms of ef-

ficiency, performance, acceleration, and compression. We

also compare CacheQuant with distillation-based methods,

including Small SD [40] and BK-SDM [21], which are de-

veloped by retraining on LAION [65] dataset, using Sta-

ble Diffusion as the baseline. As reported in Table 4, our

method achieves superior performance and faster accelera-

tion compared to these approaches.

5.4. Analysis

Ablation Study. To assess the efficacy of each proposed

component, we conduct a comprehensive ablation study on

ImageNet, as presented in Table 5. We add 8-bit quantiza-

tion to DeepCache with N=20 cache frequency as a base-

line, resulting in an increase of the FID score to 15.36. With

DPS introduced to select the optimal cache schedule, the

FID score significantly improves to 8.47. This demonstrates

that DPS effectively minimizes errors caused by caching

and quantization. By further incorporating EDC that cor-

rects decoupled errors in a training-free manner, the FID

score is improved to 7.21. Moreover, our method, com-

bined with reconstruction approach, further enhances per-

formance, notably increasing the IS score to 180.42.

23275



Table 4. Text-conditional generation quality on PartiPrompt and MS-COCO using Stable Diffusion with UNet framework.

MS-COCO PartiPrompts
Method Prec.(W/A) Bops ↓ Size ↓ Retrain Speed ↑ FID ↓ IS ↑ CLIP Score ↑ Speed ↑ CLIP Score ↑
PLMS - 50 steps 32/32 346.96T 4112.5 � 1.00× 25.59 41.02 26.89 1.00× 27.23

PLMS - 20 steps 32/32 138.78T 4112.5 � 2.43× 24.70 39.72 26.74 2.46× 27.04

Deepcache - N=10 32/32 133.58T 4112.5 � 3.52× 23.45 39.21 26.71 3.56× 26.86

Small SD 16/16 57.28T 1158.6 � 2.93× 29.43 32.55 26.02 2.80× 25.99

BK-SDM - Base 16/16 57.30T 1160.2 � 2.79× 28.47 36.79 26.21 2.66× 26.53

BK-SDM - Small 16/16 55.75T 966.6 � 2.88× 30.10 35.57 25.22 2.80× 25.76

BK-SDM - Tiny 16/16 52.50T 648.5 � 2.92× 31.82 32.82 25.10 2.87× 25.51

Ours - N=5 8/8 8.44T 1029.7 � 5.18× 23.74 39.81 26.87 5.20× 27.13

Ours - N=5 4/8 4.27T 515.9 � 5.18× 23.23 39.41 26.77 5.20× 27.15

Table 5. The effect of different components proposed in the paper.

Method Prec.(W/A) Retrain FID ↓ IS ↑
Deepcache-N=20 32/32 � 8.08 159.27

baseline 8/8 � 15.36 121.78

+DPS 8/8 � 8.47 154.07

+DPS+EDC 8/8 � 7.21 160.68

+DPS+EDC+Recon 8/8 � 6.34 180.42

Acceleration vs. Performance Tradeoff. We investigate

the tradeoff between acceleration and performance for var-

ious approaches, as presented in Figure 6. As speedup

ratio increases, traditional acceleration methods, such as

cache (Deepcache), quantization (EDA-DM), and solvers

(PLMS), suffer from significant performance degradation.

In sharp contrast, our method comprehensively accelerates

diffusion models at two levels, further pushing acceleration

limits while maintaining performance.

speedup ratio

FI
D 

sc
or

e

CL
IP

 sc
or

e

speedup ratio

ImageNet PartiPrompt

Figure 6. An overview of the acceleration-vs-performance tradeoff

across various approaches. Data from LDM-4 on ImageNet and

Stable Diffusion on PartiPrompt.

Study on Efficiency. As shown in Figure 7, our method

significantly outperforms traditional approaches in effi-

ciency. For instance, compression-based methods require

over 10 hours of GPU runtime, while distillation-based

methods demand more than 10 days to complete.

Deployment of accelerated models. To evaluate the real-

world speedup, we deploy our accelerated diffusion models

on various hardware platforms. As shown in Figure 8, the

acceleration on GPU is significantly more pronounced com-

pared to CPU and ARM. Our method achieves a 5× GPU

speedup of Stable Diffusion on MS-COCO, significantly fa-

cilitating its applications in real-world scenarios.
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Figure 7. Comparison of the efficiency across various approaches.

Data from LDM-4 on ImageNet and Stable Diffusion on Par-

tiPrompt. The circle size denotes speedup ratio.
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Figure 8. Speedup ratio of diffusion models with 8-bit precision

and N=5 cache frequency.

6. Conclusion
In this paper, we introduce CacheQuant, a novel training-

free paradigm that comprehensively accelerates diffusion

models at both temporal and structural levels. To address

the non-orthogonality of optimization, we propose DPS

that selects the optimal cache schedule to minimize errors

caused by caching and quantization. Additionally, we em-

ploy DEC to further mitigate the coupled and accumulated

errors without any retraining. Empirical evaluations on sev-

eral datasets and different model frameworks demonstrate

that CacheQuant outperforms traditional acceleration meth-

ods. Importantly, the proposed paradigm pushes the bound-

aries of diffusion model acceleration while maintaining per-

formance, thereby offering a new perspective in the field.
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