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Abstract

Diffusion models have achieved remarkable success in im-
age and video generation due to their powerful genera-
tive capabilities. However, they suffer from slow inference
speed and high computational costs. Existing acceleration
methods for diffusion models may compromise model per-
formance and struggle to generalize across diverse diffu-
sion model architectures and downstream tasks. To address
these issues, we propose a model-agnostic and highly scal-
able acceleration strategy for text-controlled image gen-
eration. Specifically, we dynamically modulate the text
guidance coefficience and truncate redundant text-related
computations during the denoising process. Experimen-
tal results demonstrate that our approach achieves sig-
nificant model acceleration while preserving precise text-
image alignment, showcasing the potential for a wide range
of diffusion models and downstream applications. We will
release the code upon acceptance.

1. Introduction
Nowadays, Diffusion Models (DMs) [17, 48, 49] have

gained significant popularity in both academia and indus-

try, and have dominated diverse applications [2, 3, 13, 18,

28, 37, 39, 44, 58] due to their superior capabilities to gener-

ate high-quality images. Especially, text-to-image genera-

tion emerges as a particularly prominent application, signif-

icantly advancing the development of Artificial Intelligence

Generated Content (AIGC). By leveraging billions of pa-

rameters and extensive training datasets, these large-scale

pretrained text-to-image diffusion models demonstrate ro-

bust generative priors, thereby facilitating numerous down-

stream vision tasks [10, 11, 36, 42, 53, 56].

Despite the remarkable capabilities of text-to-image dif-

fusion models, their relatively slow inference speed remains

*Equal contribution, †Corresponding author

a significant obstacle to widespread implementation. Two

primary factors hinder the inference speed of these models.

Firstly, in contrast to other one-step generative models such

as Variational Autoencoders (VAEs) [24] and Generative

Adversarial Networks (GANs) [12], diffusion models ne-

cessitate a series of iterative steps to reconstruct initial noise

into a coherent image. Secondly, to achieve enhanced gen-

erative capabilities, existing diffusion models are increasing

in size, resulting in slower speed for each denoising step.

To address these speed and efficiency challenges, various

optimization strategies have been proposed, which can be

broadly classified into two categories: inference sampling

optimization and model structural optimization.

The former [20, 32, 33, 45, 46, 50, 57] seek to develop

more efficient samplers to minimize the number of denois-

ing steps, based on advanced stochastic differential equa-

tion (SDE) solvers or various knowledge distillation meth-

ods. However, these techniques encounter performance lim-

itations when attempting to compress the process into very

few steps, as the sharp reduction in sampling steps can alter

the convergence dynamics of the denoising process.

The latter methods [5, 6, 9, 23, 34, 54, 55] focus on

more efficient denoising networks, with techniques includ-

ing quantization, pruning, feature caching, etc. However,

these methods usually modify the internal structure and

computation flow of a given model, making its specific

strategy not directly applicable across various diffusion ar-

chitectures and limiting the adaptability for downstream

tasks that rely on certain features or layers.

Given the limitations of existing acceleration methods

and the widespread adoption of Classifier Free Guidance

(CFG) in modern diffusion models, we focus on exploring

the potential optimization within CFG to develop a univer-

sal acceleration strategy for diffusion models.

Our method begins with a comprehensive analysis of the

role of text input within CFG. We demonstrate that the in-

fluence of text input diminishes once image semantics are
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well-established. This occurs because images with rich

semantics provide more precise conditioning signals com-

pared to textual descriptions, resulting in model outputs in-

dependent of the input text. Based on this observation, we

conclude that text-based guidance becomes redundant af-

ter semantic convergence. Consequently, we propose Trun-

cated CFG (TCFG), which estimates semantic convergence

and accordingly terminates text-related computations.

To further accelerate the inference, we expedite seman-

tic convergence to enable earlier truncation of text-related

computations. To achieve this, we reformulate CFG as a

gradient descent optimizer with the guidance scale serving

as the learning rate. Inspired by learning rate decay and

warmup strategies commonly used in gradient-based opti-

mization, we adapt these techniques to the CFG framework

to dynamically adjust the guidance scale. This promotes

both faster semantic convergence and more plausible gener-

ated semantics.

We evaluate our approach through extensive experiments

on pretrained text-to-image diffusion models and their

downstream applications. Experimental results demon-

strate superior performance compared to existing accelera-

tion methods. Additionally, our approach exhibits seamless

compatibility with diffusion-based downstream tasks while

achieving notable improvements in text-image alignment fi-

delity. In summary, the primary contributions of this work

are as follows:

• We conduct a comprehensive investigation into the im-

pact of text input along the denoising process and demon-

strate that the control of text inputs becomes negligible

once the image semantics stabilize. Based on this insight,

we propose TCFG, a straightforward yet efficient method

for accelerating diffusion models.

• We reinterpret CFG as a gradient descent optimizer, pro-

viding a novel insight into the underlying mechanisms

of CFG. Furthermore, we introduce an adaptive guid-

ance scale strategy incorporating techniques of decay and

warmup, which brings improvements in both image gen-

eration quality and text-image alignment.

• We perform comprehensive experiments on pretrained

text-to-image diffusion models and their downstream ap-

plications, demonstrating the effectiveness of our pro-

posed method. Notably, our approach is model-agnostic

and highly scalable, which supports seamless integration

in various downstream tasks, exhibiting superior applica-

bility and versatility.

2. Related Works

2.1. Efficient Diffusion Models

Due to space constraints, we provide a concise overview of

contemporary research on efficient diffusion models. Cur-

rent approaches fall into two primary categories: inference

sampling optimization and model structural optimiza-
tion.

Inference sampling optimization focuses on minimizing

the number of iterations required during the inference stage.

These strategies can be further divided into training-free

and training-based methods. Training-free methods [20, 33,

50, 57, 59] analyze the diffusion models from the lens of

stochastic differential equations (SDEs) or Probability Flow

Ordinary Differential Equations (PF-ODEs), accelerating

the sampling process by faster equation solvers. Training

based methods [8, 32, 45, 46] employ knowledge distilla-

tion techniques, transferring learned behavior from multi-

step teacher models to few-step student architectures. De-

spite achieving notable improvements, inference sampling

optimization encounters limitation when attempting to sam-

ple with a minimal number of steps. Reducing sampling

steps will disrupt the convergence dynamics and potentially

leading to corrupted images.

Model structural optimization seeks to develop computa-

tionally efficient denoising networks via architectural mod-

ifications. These methods can also be divided into training-

based and training-free methods. Training-based meth-

ods [6, 9, 23, 55] directly reduce the parameters within the

denoising net. Training-free methods [5, 34, 54] reduces

computational redundancy via dynamic inference mech-

anisms like token merging or feature reuse. However,

model structural optimization is not conducive to down-

stream tasks, as they manipulate the inner structure of the

denoising network, which may conflict with the modifica-

tion required by the downstream tasks.

2.2. Classifier Free Guidance
Several studies [21, 29, 47] have discussed the properties

of the classifier free guidance process. Lin et al. [29] ob-

serve that the images generated with a large guidance scale

exhibit excessive magnitude, leading to over-exposure. To

mitigate this issue, they propose rescaling the image in each

iteration of the denoising process. Shen et al. [47] iden-

tify spatial inconsistency in the CFG process and propose

assigning different guidance scales to distinct objects. Kar-

ras et al. [21] interpret CFG as an extrapolation between

conditional and unconditional scores and reveal that its un-

derlying mechanism involves using a suboptimal score to

direct the generation process towards more plausible out-

puts. To the best of our knowledge, we are the first work

introducing a novel perspective of Classifier-Free Guidance

through gradient descent theory. Building on this insight,

we develop a decay and warmup strategy that significantly

improves CFG’s convergence properties.

3. Preliminary
To introduce TCFG, it is necessary to understand the foun-

dational principles of Diffusion Models and CFG first. Due
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to space limit, we provide a brief introduction to diffusion

models and CFG here.

Diffusion Models. Diffusion models [17, 48, 51] learn to

invert a predefined forward noising process. For Denoising

Diffusion Probabilistic Models (DDPM), the forward pro-

cess gradually adds Gaussian noise to data x0 over T steps

until q(xT ) ∼ N (0, I):

xt+1 =
√

1− βtxt +
√

βtε ε ∈ N (0, I) (1)

Sampling iteratively (by a denoising network) reverses this

process via pt(xt−1|xt; θ) ∼ N (xt−1;μθ(xt), σ
2
t ), where:

μθ =
1√

1− βt

(xt − βt√
1− ᾱt

εθ(xt)) (2)

Classifier Free Guidance. Classifier Free Guidance [16]

combines conditional (c) and unconditional (∅) diffusion

models during inference for text-aligned generation:

ε̂CFG
θ = εθ(xt,∅) + λ · (εθ(xt, c)− εθ(xt,∅)) (3)

where λ balances image quality and text alignment.

4. Method
Our research aims to develop a model-agnostic accelera-

tion strategy while maintaining generation quality. The core

idea is to identify and eliminate text-related computations

that negligibly impact the final quality of generated images.

Through analysis of the denoising process, particularly the

temporal influence of text inputs, we observe that text con-

ditioning becomes largely redundant once visual semantics

are well-established. Based on this observation, we propose

Truncated CFG (TCFG), which divides the denoising pro-

cess into several time phrases based on semantic establish-

ment status and drops the unnecessary text computations in

CFG. To further accelerate the process, we reframe CFG

as a gradient descent optimizer, incorporating learning rate

decay and warmup techniques to facilitate faster semantic

convergence.

4.1. Analysis on Denoising Process
Recent studies [7, 26, 35, 38] have revealed that the de-

noising process of the diffusion models comprises two dis-

tinct stages: the semantics planning stage, which involves

searching the latent space to establish spatial information

representing semantic structure, and the fidelity improv-
ing stage, which then enhances to regional details of the

elements to improve the overall visual fidelity. Fig. 1(a) il-

lustrates the denoising process for the prompt “a photo of

a rabbit”. It can be observed that: 1) Diffusion models

initially generate the geometric contour of the rabbit, fol-

lowed by the addition of finer details, which aligns with the

findings of previous research. 2) The predicted noise, with

(εθ(xt, c), shown in the 2nd row) and without (εθ(xt,∅),
shown in the 3rd row) the input text, exhibits significant

variation at the beginning of the denoising process but con-

verges to similar patterns thereafter. Based on the obser-

vation, we hypothesize that the text input primarily in-
fluences the semantics planning stage and have limited
effectiveness in the fidelity improving stage.

To validate the hypothesis, we conducted quantitative

analysis experiments on outputs under different text con-

trols. As shown in Fig. 1(b), we calculated the distance be-

tween outputs with and without text guidance. The differ-

ences swiftly diminish with increasing timesteps, indicat-

ing a significant reduction in the correlation between out-

puts and the textual inputs. Additionally, as demonstrated

in Fig. 1(c), we investigated and visualized the output dif-

ferences under various text input conditions. The green area

represents output variance when using semantically similar

inputs(e.g. ‘a photo of a gray rabbit’ vs ‘a photo of a white

rabbit’) or dissimilar text inputs (e.g. ‘a photo of a gray rab-

bit’ vs ‘a girl on Mars’). It can be observed that the impact

of text on the output also significantly decreases during the

denoising process. These results indicate that the distance

converges during the fidelity improvement stage, suggest-

ing that outputs are relatively insensitive to input texts, re-

gardless of the content. This observation is intuitive: ac-

curate conditions generally prevails over ambiguous condi-

tions when conditions conflict, as models tend to favor out-

puts with higher probability. In this context, accurate con-

ditions provide more precise guidance and correspond to

outputs with higher probability. Specifically, the denoising

U-Net considers both the visual input xt and the text input c
as conditions. In the fidelity improving stage, the semantics

of the visual input are well-established, providing more pre-

cise guidance compared to the potentially ambiguous text

input. When text inputs conflict with visual information,

the U-Net preferentially follows the more accurate visual

guidance, which correlates with higher-probability outputs,

effectively superseding the text input’s influence.

4.2. Truncated CFG (TCFG)

Based on the above observations, we explicitly divide the

denoising process into two time range: the classical CFG

time range [t′, T ], which shape the semantics according to

the input text, and the truncated time range [0, t′), where

text-unrelated finer details are added based on the well-

established semantics. Within the truncated time range,

the outputs of the U-Net, with or without the text input

exhibit minimal variance, leading to significant computa-

tional redundancy. Consequently, we drop the prediction for

εθ(xt, c) in truncated time range due to its diminished guid-
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“ A photo of a rabbit. ” Denoising

Generated Image

Predicted Conditional Noise: 

Predicted Unconditional Noise: 

text-dependent

text-independent

(a) Illustration of Denoising Process

(b) Distance between Conditional and 
Unconditional Outputs

(c) Outputs Difference across Various Texts

Figure 1. (a) Illusion of the denoising process (1st row). We also represent the conditional noise and unconditional noise across the

denoising process (2nd and 3rd row), respectively. (b) The distance between conditional and unconditional outputs throughout the denoising

process. (c) The distance between outputs with various textual inputs.

ance accuracy compared to εθ(xt,∅) and propose TCFG:

ε̂TCFG
θ =

{
ε̂CFG
θ , t ∈ [t′, T ]
εθ(xt,∅), t ∈ [0, t′)

(4)

where t′ is the dividing time. Note that an increased t′ re-

sults in an earlier truncated time range, making a greater

number of predictions for εθ(xt, c) to be discarded, thereby

enhancing the efficiency of the sampling process. Con-

versely, late t′ corresponds to short truncated time range,

leading to more redundant sampling process.

The dividing time t′. For TCFG, the dividing time is cru-

cial as it delineates the truncated time range and subse-

quently impacts the ultimate outputs. However, choosing

an appropriate dividing time is challenging as the optimal

timing varies with each sampling process and corresponds

to the complexity of the generated content. Complex se-

mantics requires more time to establish and vice versa. An

ideal dividing time should exhibit the following attributes:

Firstly, the geometry of the corresponding visual condition

xt′ should be sufficiently well-defined to overwhelm the

text condition. Secondly, it should be as early as possible

to reduce text-related computations. Therefore, the funda-

mental objective in estimating the dividing time is to deter-

mine the precise timestep when the semantics are fully es-

tablished. A straightforward approach would be to directly

utilize the distance between εθ(xt, c) and εθ(xt,∅) as an in-

dicator for semantics (similar to that in Fig. 1(a)). However,

this method often results in a late t′. Specifically, due to the

predefined noise schedule inherent in diffusion models, the

visual input xt is initially dominated by the injected noise

at the early stage of the denoising process, making the final

outputs fragile and unstable. Consequently, even when the

semantics have converged, a substantial distance caused by

the dominated injected noise may persist. The distance only

converges after the noise injected in adjacent steps neutral-

izes, thereby leading to a late t′.

To explore which feature can effectively represent the

semantics and serves as a more reliable indicator, we con-

duct a probing experiment. We extract internal represen-

tations from various positions within the denoising U-Net

backbone (including Input, Output, Downsample, Upsam-

ple and Bottleneck blocks) and employ these representa-

tions for classification tasks. The results are shown in Fig-

ure 2(b). It can be observed that features of the input and

output within the U-Net show very limited discriminative

ability in the early stage of the denoising process, achiev-

ing accuracy comparable to the nearly random level. This

phenomenon can be attributed to severe input perturbation

by noise, which is directly propagated to the output through

skip connections. The presence of noise in xt significantly

reduces the discriminative capability of both input and out-

put features. The bottleneck features, however, achieve op-

timal performance due to their maximal distance from the

input and absence of skip connections. Based on this exper-

imental evidence, we employ the bottleneck features as the

semantic indicator and measure the distance between bot-

tleneck features with and without text input to capture the
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Bottleneck

Input

Down

Output

Up

Skip Connection

Skip Connection

Skip Connection

(a) Architecture of the Denoising U-net

(b) Results of the Probing Experiment

Figure 2. (a) We extract features from the denoising U-Net for

classification tasks to determine which features can best represent

the semantics of the generated images. (b) The accuracy of dif-

ferent features, a higher accuracy means corresponding features

contain more semantics that benefit the classification task.

convergence of semantics:

d = ||h(c)− h(∅)||22 (5)

where h(c) and h(∅) are bottleneck features with/without

text input, respectively. For simplicity we omit the timestep

subscript t. To achieve more precise measurement of se-

mantic convergence, we further compute the variation in

distance between adjacent timesteps, which measures the

rate of semantic convergence. Initially, the convergence

speed is rapid; however, it decelerates as the semantics are

established. We identified the deceleration timestep as the

temporal division using an off-the-shelf online changepoint

detection method [1]:

Δdt = dt − dt−1 (6)

M(Δd1:t) = 1[p(rt|Δd1:t−1,Δdt) > τ ] (7)

where M is the online changepoint detection model, rt is

the possibility that current timestep t is a changepoint. Eq. 7

indicates that if the probability exceeds the threshold τ , we

consider the current time t as the changepoint and assign it

as the dividing time.

4.3. Rescheduling the CFG Process
We propose TCFG, which eliminates the prediction for

εθ(xt, c) once visual semantics are adequately established.

In this section, we focus on accelerating semantic estab-

lishment by rescheduling the guidance scale λ, aiming to

achieve a more efficient sampling process. An intuitive

idea to accelerate the semantic establishment is to employ

a larger guidance scale factor λ. However, directly scal-

ing typically results in oversaturated outputs with degraded

global structure [43]. To address this challenge, we con-

duct an in-depth analysis of the CFG process. We refor-

mulate the CFG process from the lens of gradient descent,

where the guidance scale λ can be interpreted as the learn-

ing rate. Subsequently, we reschedule the guidance scale by

incorporating learning rate decay and learning rate warmup

techniques that are widely utilized in gradient-based model

training.

CFG as a Gradient Descent Optimizer. In CFG, each

denoising step (xt → xt−1) comprises two subprocesses:

the first subprocess estimates the clean image using the pre-

dicted CFG noise (Eq. 3), while the second subprocess in-

troduces noise to the estimated clean image to ensure align-

ment with the noise level at the current timestep. Notably,

the second subprocess is a predefined non-parametric opera-

tion that does not impact the final output. Consequently, the

estimated clean image is the primary focus of our attention.

This estimated clean image can be expressed as follows:

x̂0 = x0(∅) + λ · (x0(c)− x0(∅))

x0(∅) = E[x0|xt,∅] x0(c) = E[x0|xt, c]
(8)

where x0(c) and x0(∅) represent predicted clean images

with/without the text input, respectively. For brevity, we

omit the subscript t. This equation can be further reformu-

lated into a gradient descent process:

x̂0 = x0(∅)− η∇x0(∅)L(x0(∅))

L(x0(∅)) = ||x0(∅)− x0(c)||22 η = λ/2
(9)

This reformulation reveals that during the sampling pro-

cess, the classical CFG functions as a gradient descent op-

timizer, aiming to align the unconditional predicted clean

image x0(∅) with the conditional clean image x0(c). The

guidance scale λ, served as the learning rate, is constant

for the classical CFG. In the following, we propose to in-

tegrate the learning rate decay and learning rate warmup

strategies to accelerate the convergence of the optimization

process. By doing so, we aim to accelerate the convergence

of the semantics and thereby achieve a more efficient sam-

pling process.

Learning Rate Decay. Initially, we adopt a large learn-

ing rate to facilitate rapid exploration of the semantic space

at the beginning of the denoising process. As the de-

noising process advances and improved text alignment is

achieved, we transition to a smaller learning rate to refine

this alignment and ensure stability. Besides, compared to

the classical CFG, we increase the initial guidance scale to
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Cλ0(C > 1) and apply a decay factor γ every k steps. The

learning rate decay can be expressed as:

λ(t) = max(Cλ0γ
� t

k�, λ1) (10)

where λ1 serves as a lower bound to ensure the efficacy of

the guidance throughout the process.

Learning Rate Warmup. Warmup represents a strategy

where a smaller learning rate is utilized during the initial

phase of training. During the initial period, the model’s

weights and parameters have not yet fully adapted to the

underlying data distribution. The application of a smaller

learning rate during the warmup phase facilitates a smooth

transition, enabling the model to gradually adjust and sta-

blize before transitioning to higher learning rates [19, 31].

Similarly, we incorporate a warmup period within the de-

noising process, which offers several notable advantages:

Firstly, it enables the predicted clean image to diverge from

the initial standard Gaussian noise and converge towards the

image manifold, thereby establishing a robust foundation

for subsequent text alignment process. Secondly, it supports

the use of the higher learning rates without causing the es-

timated clean image to deviate from the image manifold,

which is a primary cause of the corrupted results. Thirdly,

it accelerates the establishment of semantics, thereby ad-

vancing the truncated time range. In practice, we set the

guidance scale λ = 1 during the warmup period, as it fur-

ther omits the predictions of the x0(∅).

4.4. Rescheduled TCFG
In summary, we introduce the following modifications to

TCFG to further accelerate the establishment of semantics.

First, we incorporate a warmup period during the initial de-

noising steps, which facilitates the use of a higher learn-

ing rate in subsequent denoising process. Second, we in-

crease the initial learning rate and implement a gradual de-

cay as the denoising process progresses. Both these two ad-

justments contribute to advancing the truncated time range,

thereby further reducing the number of required queries.

The proposed TCFG can be implemented by adjusting the

guidance scale λ:

λ(t) =

⎧⎪⎨
⎪⎩
1, t ∈ [tw, T ] %Warmup

Eq. 10, t ∈ [t′, tw) %CFGwith decay

0, t ∈ [0, t′) %Truncate
(11)

where tw is the dividing time for the warmup period.

5. Experiments
5.1. Experimental Setups
Models, Datasets and Baselines. We evaluate our method

on the widely utilized SD 1.5 and SD 2 [41]. Additionally,

we assess our method on models specifically designed for

downstream tasks, namely DreamBooth [42] for customiza-

tion, ScaleCrafter [14] for high-resolution image genera-

tion, and ControlNet [56] for image-to-image translation.

Following prior work, we utilize the MS-COCO [30] vali-

dation set as the text inputs to evaluate text-to-image gener-

ation. We also evaluate our method on Pick-a-Pic [25] and

HPD v2 [52] to further demonstrate the effectiveness of our

method. For baselines, we consider two categories: more

efficient samplers, including DDIM [49] with fewer steps

and DPM-Solver [33], and more efficient networks, such as

DeepCache [34] and TokenMerge [5].

Evaluation Metrics. In our study, we evaluate our method

across four distinct yet crucial dimensions: 1) Compu-

tational Efficiency, measured by the Number of Func-

tion Evaluations (NFE), latency and overall time speedup.

2) Set-Level Image Quality, utilizing the Frechet Incep-

tion Distance (FID) [15] and Kernel Inception Distance

(KID) [4] to quantify the proximity of the generated im-

ages to the real image distribution. 3) Sample-Level Im-

age Quality, employing no-reference Image Quality Assess-

ment methods, namely MUSIQ [22] and LAION-Aes [27].

Besides, we also leverage CLIPScore [40] to evaluate

the textual alignment. 4) Human Preference, leveraging

HPSv2 [52] to evaluate the alignment of the generated im-

ages with human visual perception.

Implementation Details. All experiments are conducted

using a single NVIDIA V100 GPU. For all baseline meth-

ods, the classifier-free guidance scale λ0 is set to 7.0. Our

method accelerates the image generation process through

the rescheduling of the classifier-free guidance scale, in-

volving hyperparameters tw for the warmup period and

{C, γ, k, λ1} for the learning rate decay. Specifically, tw is

set to 900 with C, γ, k, λ1 values of 1.5, 0.8, 5 and 4.0 sepa-

rately. This configuration implies that the first 100 timesteps

are reserved for warmup and an initial guidance scale en-

largement by 1.5 times, followed by a decay of 0.8 for every

5 denoising steps, ensuring that the guidance scale remains

no less than 4.0.

5.2. Performance on Text-to-Image Models

Quantitative Results. The NFE of our method varies

across individual samples due to the truncation of the CFG

based on the varying convergence of semantic establish-

ment among different samples. Here, we report the av-

erage NFE across all images here (100 NFEs per sample

decreased to 68.76 NFEs per sample). To ensure a fair

comparison, we select efficient samplers with comparable

NFEs (70 NFEs v.s. our 68.76 NFEs). The performance

of our method is presented in Table 1. Notably, our method

achieves a 1.7× acceleration without any degradation in set-

level image quality, as evidenced by FID score from 65.18

to 66.43 (a negligible change) and the KID metric remain-
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Table 1. The performance on Text-To-Image Models (SD 1.5) on MS-COCO.

NFE Latency(s)↓ Speedup↑ FID↓ KID↓ MUSIQ↑ LAION-Aes↑ HPSv2↑ CLIPScore↑
DDIM-50† [49] 100 3.58 1× 65.18 3.02 5.17 5.25 28.31 30.54

DDIM-35 [49] 70 2.70 1.33× 77.86 3.51 5.19 5.22 26.31 30.23

DPM-Solver-35 [33] 70 4.71 0.76× 70.92 3.38 4.91 5.18 27.19 30.31

DeepCache [34] 100 2.10 1.70× 82.16 3.52 4.85 5.22 27.22 30.22

TokenMerge [5] 100 2.27 1.58× 101.52 3.77 4.48 5.04 24.63 28.87

TCFG (ours) 100→68.76 2.11 1.70× 66.43 3.02 5.53 5.42 28.97 30.49
†We leverage DDIM-50 as the sampler for our method and structure optimization baselines (DeepCache and TokenMerge).

Gogh’s

DDIM-50 DDIM-35 DeepCache TokenMerge Ours

Figure 3. The qualitative results on pretrained text-to-image models (SD v1.5). Our method can generate high-fidelity images compared to

the original DDIM-50 while further improve the semantics and image-text alignment of the generated image.

Input Images DDIM-50 DeepCache Ours

Figure 4. The qualitative results on DreamBooth which is tailored

for personal subject generation. Our method can achieve simulta-

neous acceleration and semantic refinement.

ing constant. In contrast, DeepCache and TokenMerge suf-

fer from significant degradation in both FID and KID. Fur-

thermore, we observe a significant improvement in aesthetic

score and human preference, which underscores the superi-

ority of our adaptive guidance scale approach.

Qualitative Results. We present qualitative results in com-

parision with the baseline models in Figure 3, where Deep-

Cache, TokenMerge and our method leverage the DDIM-

50 sampler. Regions demarcated by red rectangles reveal

spatial distortions in existing acceleration methods, while

green-rectangle annotations highlight distinct flaws (e.g.

extra element in DeepCache, local blurring in TokenMerge,

artifacts in DDIM-35). Notably, DeepCache exhibits sig-

nificant color style shift (from purple to blue tones). In

contrast, our proposed method demonstrate negligible vari-

ance when compared to images generated using the DDIM-

50 sampler. Additionally, our method can produce images

that are more closely aligned with the input texts due to the

rescheduling of the guidance scale. In case of the teddy

bear, our method generates the image with a better back-

ground with higher fidelity and richer details, which fully

reflects the word of “floor” mentioned in the text input. Fur-

thermore, the generated image exhibits a darker hue, which

is more consistent with the input text’s description of “faded

color” and “worn appearance”.

5.3. Performance on Downstream Applications

DreamBooth. DreamBooth [42] is intended to extend the

language-vision dictionary of the diffusion foundation mod-

els, enabling it to associate new vocabulary with specific

subjects that users wish to generate, offering a highly per-

sonalized and adaptable approach to image generation. We

present the results of our method accelerating DreamBooth

in Figure 4. Notably, our method demonstrates a substantial

acceleration rate while exhibiting the capability to modify

semantics to better align with the specific subject (the cor-

rected round blush and more polished feet marked by red

rectangles). In contrast, DeepCache, suffering from spatial

inconsistency, exhibits disturbed semantics, as evidenced by
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DDIM-50 1024x1024 Ours 1024x1024

Figure 5. The qualitative results on ScaleCrafter which is tailored

for high-resolution image synthesis. Our method not only facil-

itates the acceleration of the DDIM-50 process but also corrects

distortions, demonstrating superior semantic convergence.

Edge Input DDIM-50 Ours

Figure 6. The qualitative results on ControlNet which is designed

to incorporate fine-grained control into pretrained text-to-image

models.

the apple highlighted by red rectangle.

ScaleCrafter. ScaleCrafter [14] aims to address the chal-

lenge of generating high-resolution images using pretrained

diffusion models. By broadening the perception field

of convolutional kernels within the U-Net, ScaleCrafter

achieves high-fidelity high resolution image synthesis in

a training-free manner. However, this technique also ob-

structs the application of current acceleration methods, as

both ScaleCrafter and acceleration methods manipulate the

internal connection of the U-Net, leading to conflicts in the

computational workflow. In contrast, our method seam-

lessly accelerates ScaleCrafter while achieving superior

text-image alignment. Notably, as illustrated in Figure 5,

compared to the image generated by DDIM-50, our method

further corrects distortions and errors present in the bear’s

face, such as distorted and poorly defined eyes.

ControlNet. ControlNet [56] is devised to incorporate fine-

grained spatial conditional control (such as the edge map)

into pre-trained diffusion models. Specifically, this incor-

poration requires an externally pretrained network for the

spatial condition, thereby also limiting the direct applicabil-

ity of current acceleration methods. In contrast, our method

can seamlessly accelerate ControlNet as demonstrated in

Figure 6. Besides, we terminate the computation for the ex-

(a) ablation on the warmup stage. (b) ablation on the scaled learning rate. 

Figure 7. Ablation study on (a) the warmup stage tw and (b) the

scaled learning rate C.

tra control net branch at the same time we truncate the CFG

as the semantics are already established and the current vi-

sual input xt dominates both the additional spatial control

and the text control. Given that the semantics are mainly

provided by the spatial input, the semantic development is

fast, resulting in an even higher speedup (x1.72).

5.4. Ablation Study

The warmup stage. tw is the temporal boundary demarcat-

ing the warmup period ([tw, T ]). A lower tw corresponds to

an extended warmup period. To evaluate the influence of

tw, we conducted an ablation study. The results are shown

in Figure 7(a), which reveals that incorporating a warmup

stage facilitates the convergence of the dynamics, compared

to no warmup (i.e. tw = 1000). However, over warmup

hinders the semantic planning efficacy, inducing text-image

misalignment.

The scaled learning rate C. We examined the influence of

the scaled learning rate C, which modulates the initial learn-

ing rate (i.e. the guidance scale in CFG). As demonstrated

in Figure 7(b), elevated C enhances semantic convergence

rates, facilitating the semantic construction. Nevertheless,

excessively high C induce oversaturation in generated im-

ages, thereby degrading image quality (lower MUSIQ).

6. Conclusion

In this paper, we introduce TCFG, a model-agnostic and

highly scalable acceleration strategy applicable to both pre-

trained diffusion models and their downstream applications.

We first analyze the influence of text input on the denoising

process, observing that its impact diminishes once image

semantics stabilize. Based on this observation, we propose

TCFG, which truncates text-related computations upon se-

mantic convergence. To maximize acceleration through ear-

lier truncation, we reframe CFG as a gradient descent opti-

mizer, incorporating learning rate decay and warmup strate-

gies to enhance convergence dynamics. Comprehensive

experiments across pretrained diffusion models and down-

stream tasks demonstrate TCFG’s dual benefits: accelerated

inference and improved alignment between input prompts

and generated images.
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