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Figure 1: Accelerating PIXART- and DiT-XL by 1.6 x speedup with 20 DPMSolver++ steps.

ABSTRACT

Diffusion models are now commonly used for producing high-quality and diverse
images, but the iterative denoising process is time-intensive, limiting their usage in
real-time applications. As a result, various acceleration techniques have been devel-
oped, though these primarily target UNet-based architectures and are not directly
applicable to Transformer-based diffusion models (DiT). To address the specific
challenges of the DiT architecture, we first analyze the relationship between the
depth of DiT blocks and the quality of image generation. While skipping blocks
can lead to large degradations in generation quality, we propose the A-Cache
method, which captures and stores the incremental changes of different blocks,
thereby mitigating the performance gap and maintaining closer alignment with the
original results. Our analysis indicates that the shallow DiT blocks primarily define
the global structure of images such as compositions and outlines, while the deep
blocks mainly refine details, and the role of middle blocks lies between the two.
Based on this, we introduce a denoising property alignment method that selectively
bypasses computations of different blocks at various timesteps while preserving
performance. Comprehensive experiments on PIXART-« and DiT-XL demonstrate
that A-DiT achieves a 1.6x speedup in 20-step generation and enhances perfor-
mance in most cases. In the 4-step consistent model generation scenario, and with
a more demanding 1.12x acceleration, our approach significantly outperforms
existing methods.



Under review as a conference paper at ICLR 2025

1 INTRODUCTION

In recent years, the eld of generative models has experienced rapid advancements. Among these,
diffusion models|(Ho et al., 2020; Rombach et/al., 2022; Song|et al., 2021b) have emerged as pivotal,
attracting widespread attention for their ability to generate high-quality and diverse irnages (Dhariwal
& Nichol| 2021). This has also spurred the development of many meaningful applications, such
as image editing (Kawar et al., 2023; Zhang €t/al., 2023a), 3D generation (Tand et al| 2023b;a;
Mo et all,[ 2023), and video generation (Wu et al., 2023a; Khachatryan gt al/,|2023; Blattmann
et al|, 2023; Luo et al., 2023b). Although diffusion models have strong generation capabilities, their
iterative denoising nature results in poor real-time performance. Subsequently, numerous inference
acceleration frameworks have been proposed, which include general model compression methods
for denosing network (Fang et al., 2023; Zhang et al., 2024a; Shang et al., 2023; So et al., 2023;
Kim et al., 2023; Salimans & Ho, 2022; Luo et al., 2023a; Zhao et al., 2023; Sauer et al., 2023), fast
sampling solver (Song et al., 2021a; Lu et al., 2022a;b; Zhang & Chen, 2023; Karras et al., 2022), and
cache-based acceleration methods (Ma et al., 2023; Li et al., 2023b). However, almost all of these
acceleration techniques are designed for the UNet-based (Ronneberger et al., 2015) architecture.

Recently, Diffusion Transformers (DiT) (Peebles & Xie, 2023) have emerged as dominant foun-
dational models, exempli ed by PIXART- (Chen et al., 2023), SD3.0 (Esser et al., 2024), and
Sora (Brooks et al., 2024). Despite this success, the acceleration of DiT inference is under-explored.
Existing methods, such as early stopping (Moon et al., 2023), require retraining and are unsuitable
for small-step generation. DiT's isotropic architecture, with no long skip connections found in
UNet, makes it dif cult to apply UNet-based acceleration techniques. For instance, cache-based
methods (Ma et al., 2023; Li et al., 2023b) may result in information loss, as DiT lacks the long
shortcuts that facilitate feature reuse in UNet. Moreover, skipping computations for branches can
introduce signi cant degradations. To address this, we propo$gache a caching method tailored

for transformer architectures that cacheshange between different blocks instead of the original
feature maps, preventing large degradation and making caching more effective for DiT.

In our caching framework, we rst investigate the degra-
dations introduced by caching at different blocks within
the transformer. We observe that the shallow transformer
blocks in DIT primarily de ne the global structure of
images such as compositions, and outlines, while the
deep blocks focus on re ning image details, as illus-
trated in Figure 2. While previous studies (Wang &
Vastola, 2023; Liu et al., 2023; Hertz et al., 2023) have
pointed out a property of diffusion models: creating
contours in the earlier timesteps (early denoising stage)
and generating details in the later timesteps (later stage).
Building on this property and our ndings, this paper
proposes a denoising property alignment inference accel-
eration method, -DiT. Speci cally, the method applies
-Cache to the deeper blocks during the early denois-
ing stage to soften the details and preserve the contours,
while applying -Cache to the shallow blocks during
later sampling to maintain the details, thus aligning with
the property of the diffusion models (Wang & Vastoldigure 2: Images generated byCache
2023; Liu et al., 2023; Hertz et al., 2023). We evaluatddr various blocks within the DiT.
our approach across multiple datasets, including MS-
COCO02017 (Lin et al., 2014) and PartiPrompts (Yu et al., 2022), using various DiT architectures
such as PIXART- (Chen et al., 2023), DiT-XL (Peebles & Xie, 2023), and PIXARI-CM (Chen
etal., 2023; Luo et al., 2023a). Extensive quantitative results con rm the effectiveness of our method.
In the 20-step generation, we achieved a 1.6x speedup, with FID improving from 39.002 to 35.882.
In the more challenging 4-step generation scenarios, our method also signi cantly outperformed
existing baselines in terms of FID score from 44.198 to 40.118. The contributions of our paper are
three-fold:

» We adapt the caching method to transformers usingache, which stores the incremental
changes in feature maps. Furthermore, we identify a correlation between different DiT
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