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Abstract

Diffusion Transformers (DiTs) have achieved state-of-the-
art performance in generative modeling, yet their high com-
putational cost hinders real-time deployment. While feature
caching offers a promising training-free acceleration solution
by exploiting temporal redundancy, existing methods suffer
from two key limitations: (1) uniform caching intervals fail
to align with the non-uniform temporal dynamics of DiT,
and (2) naive feature reuse with excessively large caching in-
tervals can lead to severe error accumulation. In this work,
we analyze the evolution of DiT features during denoising
and reveal that both feature changes and error propagation
are highly time- and depth-varying. Motivated by this, we
propose ProCache, a training-free dynamic feature caching
framework that addresses these issues via two core compo-
nents: (i) a constraint-aware caching pattern search module
that generates non-uniform activation schedules through of-
fline constrained sampling, tailored to the model’s temporal
characteristics; and (ii) a selective computation module that
selectively compute within deep blocks and high-importance
tokens for cached segments to mitigate error accumulation
with minimal overhead. Extensive experiments on PixArt-α
and DiT demonstrate that ProCache achieves up to 1.96× and
2.90× acceleration with negligible quality degradation, sig-
nificantly outperforming prior caching-based methods.

Code — https://github.com/macovaseas/ProCache

1 Introduction
Diffusion models have achieved remarkable success in var-
ious visual generation tasks, including image and video
synthesis (Rombach et al. 2022; Brooks et al. 2024). Tra-
ditional diffusion models predominantly employed CNN-
based U-Net architectures (Rombach et al. 2022), while re-
cent transformer-based diffusion models (DiT) (Peebles and
Xie 2023; Brooks et al. 2024) have established state-of-the-
art performance by scaling up model parameters and training
data. However, such superior performance comes at the cost
of significant computational overhead, which severely limits
the deployment of DiT in real-world applications.
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To address this, plenty of efforts have been made to ac-
celerate DiT, including layer/token pruning (Fang, Ma, and
Wang 2023; Fang et al. 2024; Zhang et al. 2025), quanti-
zation (Shang et al. 2023; So et al. 2023; Liu and Zhang
2024), and knowledge distillation (Li et al. 2023; Salimans
and Ho 2022). However, these approaches typically require
additional post-training cost and struggle to achieve satisfac-
tory performance under high acceleration ratios. In contrast,
feature caching methods (Ma, Fang, and Wang 2023; Wim-
bauer et al. 2024; Selvaraju et al. 2024; Liu et al. 2025) of-
fer a training-free alternative by leveraging temporal redun-
dancy in denoising steps. They cache computed features for
reuse in subsequent steps, significantly improving inference
speed without any training requirement. Their plug-and-play
nature has attracted substantial interest.

However, these caching-based methods have their natural
limitations. First, uniform activation intervals (e.g., full com-
putation every N steps) fail to capture the dynamic charac-
teristics in denoising process. Although such rigid schedules
mitigate error accumulation through periodic updates, they
overlook the time-varying nature of feature evolution across
steps. Second, the exponential decay of feature similarity
with increasing timestep gaps causes significant error accu-
mulation when reusing stale features. Existing approaches
like ∆-DiT (Chen et al. 2024) and FORA (Selvaraju et al.
2024) directly reuse features without refinement, leading to
quality degradation at high acceleration ratios.

To better understand these limitations, we conduct a quan-
titative analysis of feature error across DiT blocks through-
out the denoising trajectory. Our investigation reveals two
key observations. First, as illustrated in Figure 1, although
feature errors grow progressively over diffusion steps, their
accumulation varies significantly across network depths. In
particular, deeper blocks exhibit substantially higher error
magnitudes. Second, model outputs exhibit distinct temporal
dynamics across denoising steps, with gradual stabilization
in the early and middle stages followed by rapid changes
(aligning with findings in (Liu et al. 2024; So et al. 2023;
Liu et al. 2025) and also evident in our empirical studies
of Figure 3). This suggests that a uniform caching sched-
ule fails to align with the evolving nature of the denoising
process and may lead to inaccurate caching reuse in fast-
changing phases. This suggests that a uniform caching strat-
egy, as adopted in prior work, is fundamentally suboptimal.



Figure 1: Evolution of relative L1 error across diffusion
steps in DiT blocks, which is computed from 10 samples
on PixArt-α. Errors grow progressively, with deeper blocks
(e.g., Block 25–28) showing significantly higher magnitudes
than shallower ones (e.g., Block 1–4), highlighting the non-
uniform error accumulation across network depths.

Inspired by these, we propose ProCache, a training-free
dynamic caching framework for efficient diffusion trans-
former inference. Our ProCache consists of two key com-
ponents: 1) Constraint-aware caching pattern search mech-
anism replaces uniform-interval schedules with offline-
optimized, non-uniform activation patterns. By analyzing
the evolution of transformer activations across timesteps,
we identify phases of high semantic sensitivity and design
a constrained sampling procedure to generate caching pat-
terns that maximize reuse in stable stages while enforcing
frequent computation during critical one. 2) Selective com-
putation strategy that mitigates error accumulation in long
reuse intervals through lightweight, structured updates. In-
stead of full computation, we selectively refresh only a small
set of transformer blocks and tokens. This partial update fo-
cuses computational effort where it matters most, effectively
maintaining semantic consistency with minimal overhead.
Contributions: 1) We analyze that DiT features evolve non-
uniformly during inference, i.e., stable in early stages but
highly dynamic in later timesteps, with error propagation
concentrated in deep layers, revealing the critical mismatch
of uniform caching. 2) We propose ProCache, a training-free
acceleration framework that solves this via constraint-aware
caching pattern search and selective computation, achiev-
ing adaptive speedup without quality loss. 3) Experiments
show ProCache delivers up to 1.96� and 2.90� acceleration
on PixArt-α and DiT, respectively, with negligible degrada-
tion—outperforming prior methods by a large margin.

2 Related Work
Diffusion models (DMs) have recently adopted Trans-
former based architectures, outperforming U-Net based
counterparts across multiple domains (Chen et al. 2023;
Ma et al. 2024b; Zheng et al. 2024), which introduces sub-
stantial computational overhead during inference, rendering
real-time deployment challenging. Efforts to mitigate com-
putational demands have explored model compression tech-
niques such as pruning (Fang, Ma, and Wang 2023; Bolya

and Hoffman 2023; Fang et al. 2024; Zhang et al. 2025),
quantization (Shang et al. 2023; So et al. 2023; Liu and
Zhang 2024), and knowledge distillation (Salimans and Ho
2022; Li et al. 2023). These approaches, however, require
resource-intensive retraining or fine-tuning to maintain gen-
eration quality. Consequently, recent research has shifted to-
ward training-free acceleration methods, including feature
caching and sampling timestep reduction methods.
Feature Caching methods accelerate diffusion models by
reusing intermediate features across sampling steps, exploit-
ing temporal redundancies in denoising computations. Early
approaches like DeepCache (Ma, Fang, and Wang 2023) and
Faster Diffusion (Li et al. 2024) targeted U-Net architec-
tures, reusing low-resolution features or skipping encoder
computations. However, they rely on U-Net’s hierarchical
structure limits applicability to transformer-based diffusion
models. Recent techniques address this gap through special-
ized reuse strategies: FORA (Selvaraju et al. 2024) and ∆-
DiT (Chen et al. 2024) leverage attention feature reuse and
MLP representation sharing, while PAB (Zhao et al. 2025)
optimizes attention head computations within DiT blocks.
L2C (Ma et al. 2024a) introduces dynamic computation
routing through trainable layer-wise skip decisions, achiev-
ing higher acceleration ratios at the cost of substantial train-
ing overhead. Despite these advances, these methods apply
identical caching strategies across all tokens, ignoring fine-
grained feature dynamics. To address this, token-level op-
timization methods like ToCa (Zou et al. 2025) selectively
caching tokens based on importance scores.
Sampling Timesteps Reduction methods constitute an-
other prominent approach for accelerating diffusion mod-
els, operating by minimizing the number of iterative de-
noising steps required during generation. While early ap-
proaches like DDIM (Song, Meng, and Ermon 2022) es-
tablished deterministic non-Markovian reverse processes for
significant step reduction, subsequent advances have refined
this paradigm: The DPM-Solver series (Lu et al. 2022, 2023)
introduced high-order adaptive solvers for optimized differ-
ential equation solving, while Rectified Flow (Lipman et al.
2023) employs recurrent flow fields to straighten probabil-
ity paths. Specialized extensions further enhance applicabil-
ity, YONOS (Noroozi et al. 2024) enables single-step super-
resolution via scale distillation, DC-Solver (Zhao et al.
2024) addresses predictor-corrector misalignment through
dynamic compensation, and InvSR (Yue, Liao, and Loy
2025) facilitates arbitrary-step sampling via noise predictor
networks. Notably, these techniques are orthogonal to the
feature caching methods that our work advances.

3 Proposed Method
3.1 Problem Statement and Overview
Let G denote a pretrained Diffusion Transformer (DiT) (Pee-
bles and Xie 2023) model with L layers, i.e., G = g1 �
g2 � � � � � gL. Each layer l consists of three components:
self-attention (SA), cross-attention (CA), and a multilayer
perceptron (MLP), i.e., gl = FSA

l � FCA
l � FMLP

l . All these
three operations can be unified under a common paradigm:
F(x) = x + AdaLN � f(x), where f(x) represents either
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Figure 2: Overall pipeline of ProCache. 1) ProCache explores valid caching patterns under three principled constraints and
selects the optimal strategy via lightweight offline sampling based on quality metrics (e.g., FID). 2) It then inserts partial
recomputation within contiguous cache steps, selectively updating high-importance tokens in deeper layers.

attention or MLP transformations, and AdaLN (Peebles and
Xie 2023) ensures stable feature normalization across vary-
ing noise conditions. During inference, DiT generates out-
puts progressively through multiple timesteps from 1 to T .
However, this process can be time-consuming due to the se-
quential computation over many timesteps.

To accelerate inference, we can exploit temporal redun-
dancy by reusing features across timesteps (Selvaraju et al.
2024). Specifically, instead of recomputing F(xlt) at every
timestep t, we reuse previously computed features by ap-
proximating F(xlt�k) := F(xlt), where xlt represents the
features at timestep t and layer l and k represents the offset
in timesteps. However, existing approaches typically adopt
a uniform interval for feature reuse across all timesteps, fail-
ing to account for the non-uniform temporal dynamics in-
herent in DiT. Furthermore, these methods propagate cached
features across multiple denoising steps without adaptive re-
finement. As a result, such strategies may lead to suboptimal
approximations, limiting acceleration gains due to unneces-
sary recomputation or inaccurate feature reuse.
Method Overview. In this paper, we propose ProCache,
a training-free caching framework for efficient DiT infer-
ence. As illustrated in Figure 2, our ProCache consists of
two core components: 1) We propose a constraint-aware
caching pattern search method that aims to replace uniform-
interval caching pattern with a model-tailored one (c.f. Sec-
tion 3.2). We devise an offline constrained sampling pipeline
that searches for promising caching patterns under three
principled constraints. The resulting pattern maximizes fea-
ture reuse in stable denoising steps while ensuring frequent
computation during high-sensitivity ones. 2) We devise a
selective computation framework to mitigate error accumu-
lation in long reuse intervals (c.f. Section 3.3). Instead of
fully computing features, we selectively compute only a
small subset of transformer blocks and tokens at chosen
timesteps. This effectively refreshes critical semantic con-
tent while maintaining low computational overhead. The
overall pipeline of ProCache is shown in Algorithm 1.

Figure 3: Output L1 error between the current step and the
previous step in DiT-XL/2 across the diffusion process.

3.2 Constraint-Aware Caching Pattern Search
The aforementioned limitations of uniform-interval caching
raise a crucial question: are all timesteps equally con-
ducive to feature reuse? To investigate this, we measure the
temporal discrepancy in DiT-XL-2 outputs via kGt(xt) �
Gt�1(xt�1)k across the denoising process. As shown in Fig-
ure 3, feature divergence remains small in early and mid
stages but grows sharply in later steps, following an approx-
imately exponential trend. This reveals that uniform caching
misaligns with DiT’s temporal dynamics, causing either ex-
cessive computation in stable phases or error accumulation
in fast-evolving stages. Instead, effective caching should
adapt to the non-uniform evolution of features.

Motivated by this, we propose a constraint-aware caching
pattern search framework that finds a customized, non-
uniform caching schedule for each model that reduces fea-
ture reuse in critical phases and maximizes it where stable.
To this end, we first represent each caching pattern as a bi-
nary sequence s = [s1, s2, . . . , sT ] 2 f0, 1gT , where st = 1
denotes computation at step t, and st = 0 denotes feature
reuse from the cache. Let T (s) = ft 2 [T ] j st = 1g de-
note the set of timesteps where computation is performed,
and let M = jT (s)j =

PT
t=1 st be the total number of acti-


