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Prompt: A bustling urban street scene with a red articulated bus prominently in the foreground.

Figure 1: We propose CachedAttention, a training-free attention mechanism that adopts a dynamic cache-and-reuse policy to
alleviate condition redundancy and speed up conditional image generation. It achieves up to 34% speedup with negligible loss
in image quality.

ABSTRACT
Conditional image generation involves generating images based
on specific input conditions, such as text or other modalities. Dif-
fusion Transformers (DiT) are widely used in this task, leveraging
cross-attention or unified self-attention to align generated images
with conditions. While effective, these mechanisms can lead to sub-
stantial computational complexity, particularly when dealing with
long prompts or complex conditions. We identify notable condition
redundancy in this process, as attention outputs between image and
condition tend to be similar across different timesteps. To address
this issue, we propose CachedAttention, a training-free attention
mechanism for accelerating DiTs. By recognizing the varying sim-
ilarity of different timesteps and tokens in the condition, Cache-
dAttention dynamically caches and reuses the intermediate results
in attention operators, thereby reducing redundant computations.
We integrate CachedAttention into PixArt-alpha and OmniGen, two
popular image generation models. Evaluation results show that our
method improves overall throughput by 34%, effectively mitigating
condition redundancy in DiTs and improving the computational
efficiency of conditional image generation.
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1 INTRODUCTION
In recent years, diffusion transformers (DiT) [27] have gained in-
creasing popularity in conditional image generation tasks, including
text to image generation [8, 9], multi-modal to image generation
[42, 48], and image editing [41]. Many of these works adopt cross-
attention [9, 39] or unified multi-modal self-attention [41, 42, 48] to
align the generated imageswith input conditions.While thesemech-
anisms effectively follow instructions and generate high-quality
images, they both share a common inefficiency of the attention op-
erator: the computational complexity increases significantly with
the length of the input condition [44]. As demonstrated in Figure
2, the attention operator becomes a primary bottleneck of the gen-
eration process as the input token length increases. Therefore, in
some recent tasks like image editing [28] and multi-modal chatbot
[4], where the length of input conditions can be up to 1000 tokens,
the image generation throughput can be extremely low.

Previous efforts to accelerate transformer model inference have
mainly focused onmodifying themodel architecture, such as grouped-
query attention (GQA) [5] and multi-head latent attention (MLA)
[26], which requires additional training costs. Some recent works
[22, 43] have discovered temporal redundancy of diffusion models,
where the outputs of neighboring timesteps have high similarity.
Based on this, those works proposed optimizations to accelerate
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Figure 2: Latency breakdown of conditional image generation
with different condition lengths.

the inference of diffusion models through asynchronous communi-
cation and attention compression. However, these methods have
not considered the inefficiency of DiT when the input condition is
significantly long.

In this work, we identify condition redundancy of DiT inference,
and aim to address the previous inefficiency by reducing this redun-
dancy. Specifically, we observe that the attention score and output
between the output image and the input condition are similar across
neighboring timesteps.

One possible solution to mitigate this problem is to cache and
reuse the attention output across multiple timesteps. For instance,
the attention output from timestep 1 could be reused for timesteps 1
through 5. However, this approach does not account for the varying
levels of similarity between different timesteps and tokens in the
input. For example, the attention outputs for timesteps 19 and 20
are often more similar than those for timesteps 1 and 2. Similarly,
the attention scores between an image and unimportant tokens
(e.g., of) may exhibit more similarity across timesteps compared to
the scores between the image and more critical tokens (e.g., cat).
Therefore, neglecting the varying similarity and treating all the
timesteps and tokens together brings a significant tradeoff between
the quality and speed of the generation process.

To tame this tradeoff, we propose CachedAttention, a novel ap-
proach to dynamically cache and reuse attention outputs at each
timestep and for each block of input tokens. Unlike traditional static
caching algorithms, CachedAttention adaptively decides when to
reuse cached values or recompute attention outputs based on esti-
mated similarity.

At every timestep, CachedAttention approximately evaluates the
similarity between the estimated attention scores and the cached
values for each input token. If the similarity exceeds a predefined
threshold, we reuse the cached results, bypassing the computation.
Otherwise, the attention score and output for the token are recom-
puted and updated in the cache. The final attention output is then
aggregated from a combination of reused and recomputed outputs,
leveraging the tiling properties of attention as outlined in [12].

We implement CachedAttention on PixArt-Alpha[9] and Omni-
Gen[41] and conduct both accuracy and efficiency experiments
using the COCO[10] and Urban1k[45] datasets. With awareness
of the varying similarity of tokens across timesteps, CachedAtten-
tion enhances the quality of generated images compared to static
cache-and-reuse methods. In the end-to-end efficiency evaluation,

Distinct
Score

Similar
Score

Timestep 10 Timestep 11

Figure 3: Attention scores of neighboring timesteps with a
given prompt. Text in the red box describes the overall fea-
tures, with noticeable attention score changes corresponding
to the dashed box. Text in the black box describes detailed fea-
tures, which are not significantly reflected at this timestep,
with minimal attention score changes.

CachedAttention outperforms the baseline by up to 34%, demon-
strating its effectiveness in reducing condition redundancy and
accelerating conditional image generation. In summary, our contri-
butions are as follows:

• We analyze the attention outputs in diffusion transformer
models and identify condition redundancy as a key bottle-
neck in conditional image generation tasks, supported by a
latency breakdown of the models.

• WeproposeCachedAttention, a training-free attentionmech-
anism that adopts a dynamic cache-and-reuse policy to alle-
viate condition redundancy and speed up conditional image
generation.

• We present comprehensive quality and efficiency evalua-
tions of CachedAttention, showing up to a 34% improvement
in throughput with negligible loss in image quality.

2 RELATEDWORK
2.1 Image Generation
Generative Adversarial Networks (GANs) [18] have established
themselves as a foundational approach in image generation re-
search. They comprise a generator, which learns the distribution of
real data to synthesize new examples, and a discriminator, which
evaluates whether the input data is real or synthetic. Similarly,
Variational Autoencoders (VAEs) [21] are probabilistic generative
models that encode data into a latent distribution, enabling accurate
reconstructions and sample generation.

In recent years, diffusion models [14, 29, 31] have emerged as a
compelling alternative, offering superior stability and generation
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quality compared to GANs. These models generate data by iter-
atively adding and removing noise, learning to reverse the noise
process to produce high-quality samples while mitigating training
instabilities. Diffusion models can be broadly classified into three
main categories: Denoising Diffusion Probabilistic Models (DDPMs)
[19, 35] utilize two Markov chains to progressively corrupt data
with Gaussian noise and reverse the process by learning Markov
transition kernels. Noise Conditioned Score Networks (NCSNs)[36]
perturb data with multi-scale noise and estimate the score function
of noisy distributions using a neural network conditioned on noise
levels, enabling flexible sampling due to decoupled training and
inference. Stochastic Differential Equations (SDEs) [37] extend the
previous models to continuous settings, where noise perturbation
and denoising follow stochastic differential equations, with prob-
ability flow ordinary differential equations (ODEs) modeling the
reverse process. Early diffusion models [14, 29] were based on the
U-Net architecture[32], which uses convolutional layers to model
the noise schedule hierarchically.

2.2 Diffusion Transformers
Machine learning is undergoing a renaissance driven by trans-
formers[39], which have become the dominant neural architecture
across various domains over the past years. Transformers have rev-
olutionized natural language processing[13] and numerous other
fields, and image generation is no exception. To achieve greater scal-
ability and flexibility, the transformer architecture was introduced
in models like DiT [27], replacing the traditional U-Net structure.
This shift has significantly improved the ability of diffusion models
to capture long-range dependencies in data, further enhancing their
generative capabilities.

Diffusion transformers[8, 9, 15, 41, 42] have since been applied
to a wide range of tasks, including image generation. For example,
PixArt-Sigma [8] demonstrates DiT’s ability to produce images with
high fidelity and alignment with text prompts. And OmniGen [41]
introduces a unified model that not only excels at text-to-image
generation but also supports diverse downstream tasks such as
image editing, subject-driven generation, and visual-conditional
generation. These advancements highlight the growing potential
of diffusion-based models in versatile and high-quality image gen-
eration.

2.3 Acceleration Methods
Various studies have explored acceleration methods for diffusion
and transformer models.

Existing methodologies aimed at accelerating both diffusion and
transformer computations include a variety of optimization tech-
niques such as distillation [17, 20, 33], quantization [16, 23, 24, 34]
and pruning [7].

For transformer models, several approaches have been developed
to enhance the efficiency of attention mechanisms in addition to the
traditional optimization techniques mentioned above. Key-value
(KV) cache stores the computed key and value pairs from previous
timesteps during sequential processing, allowing the model to avoid
recalculating these values at each step. This significantly speeds up
inference by reducing redundant computations. However, the use
of KV cache introduces significant temporal and spatial overhead

in long-context scenarios. To mitigate this issue, several recent
works[5, 12, 30, 38, 40, 46] have focused on compressing the KV
cache to enhance attention efficiency, reduce memory usage and
preserve accuracy at best effort.

FlashAttention [11, 12] accelerates self-attention using tiling and
online softmax. It splits the attention matrix into smaller blocks and
computes attention scores incrementally. Specifically, it decomposes
the softmax of [𝑥1 𝑥2] ∈ R2𝐵 as:

𝑚(𝑥) =𝑚 ( [𝑥1 𝑥2]) = max(𝑚(𝑥1),𝑚(𝑥2)) (1)

𝑓 (𝑥) =
[
𝑒𝑚 (𝑥1 )−𝑚 (𝑥 ) 𝑓 (𝑥1) 𝑒𝑚 (𝑥𝑥 )−𝑚 (𝑥 ) 𝑓 (𝑥2)

]
(2)

𝑙 (𝑥) = 𝑙 ( [𝑥1 𝑥2]) (3)

= 𝑒𝑚 (𝑥1 )−𝑚 (𝑥 )𝑙 (𝑥1) + 𝑒𝑚 (𝑥𝑥 )−𝑚 (𝑥 )𝑙 (𝑥2) (4)

softmax(𝑥) = 𝑓 (𝑥)
𝑙 (𝑥) (5)

where

𝑚(𝑥) = max
𝑖
𝑥𝑖 (6)

𝑓 (𝑥) =
[
𝑒𝑥1−𝑚 (𝑥 ) · · · 𝑒𝑥𝐵−𝑚 (𝑥 )

]
(7)

𝑙 (𝑥) =
∑︁
𝑖

𝑓 (𝑥)𝑖 (8)

In this work, we use the tiling method introduced in FlashAttention
to aggregate the output of different blocks.

Strategies to accelerate diffusionmodels mainly focus on efficient
denoising processes, besides compression [31, 47] and distillation
[17], another approach aims to improve sampling efficiency by de-
veloping training-free algorithms. Many of these methods leverage
the connection between diffusion models and differential equations
[37], utilizing exponential integrators to reduce sampling steps
while preserving numerical accuracy.

3 METHOD
3.1 Overview
In this section, we first motivate CachedAttention by analyzing the
condition redundancy of DiT. Then we introduce CachedAttention
to address the problem.

3.2 Condition Redundancy
The diffusion model exhibits temporal redundancy, where the latent
inputs at adjacent time steps show a high degree of similarity[22,
43]. Our key observation is that temporal redundancy also leads to
condition redundancy in DiT, that the attention score between the
image and the condition often shows high similarity across neigh-
boring timesteps. This is because the attention output is computed
from

softmax

(
𝑄𝐾𝑇√︁
𝑑𝑘

)
𝑉 (9)

where

𝑄 = 𝑥image𝑊𝑄 (10)
𝐾 = 𝑥condition𝑊𝐾 (11)
𝑉 = 𝑥condition𝑊𝑉 (12)
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Figure 4: Estimate algorithm

that 𝑥image of timestep 𝑖 is similar to that of timestep 𝑖−1 (from tem-
poral redundancy), and 𝑥condition is the same across all timesteps.

This theoretical result is further validated by our experiments.
As illustrated in 3, the attention score maps at timestep 10 and
timestep 11 demonstrate a high degree of similarity. Moreover,
we observe that this similarity varies across different tokens. For
instance, the attention scores of the fifth block of tokens are more
similar between timesteps compared to that of the first tokens.

Algorithm 1 Similarity Estimation
1: Input: Query Q, key K, channel-wise max/min values of keys
𝑀𝑘 ,𝑚𝑘 .

2:
3: Compute the difference ∆Q = Q − Qcached
4: 𝑀𝑞 = max(∆Q, 𝑑𝑖𝑚 = −1)
5: 𝑚𝑞 = min(∆Q, 𝑑𝑖𝑚 = −1)
6:
7: for 𝑖𝑑𝑥 = 1 to 𝑏𝑙𝑜𝑐𝑘𝑠 do
8: Initialize 𝑑𝑖 𝑓 𝑓𝑖𝑑𝑥 = 0
9: for 𝑖 = 1 to 𝑑𝑖𝑚 do
10: 𝑑𝑖 𝑓 𝑓𝑖𝑑𝑥 += max(𝑀𝑞,𝑖 ∗𝑀𝑘,𝑖 ,𝑚𝑞,𝑖 ∗𝑚𝑘,𝑖 )
11: end for
12: end for
13: return 𝑑𝑖 𝑓 𝑓

3.3 CachedAttention
To reduce condition redundancy while maintaining an accurate

measure of varying similarity, we introduce CachedAttention, a
dynamic attention mechanism that estimates the similarity of each
block of tokens at every timestep and determines whether to reuse
the previous output or recompute.

CachedAttention selects tokens at the granularity of blocks, which
consist of several tokens, thereby minimizing the overhead associ-
ated. For each block, it employs an efficient and accurate algorithm

Algorithm 2 Blocks Aggregation
1: Input: Query Q, key K, value V, differences 𝑑𝑖 𝑓 𝑓 , threshold 𝜃 .
2: Cached values: score cache Scached, output cache Tcached.
3:
4: Initialize 𝑚̃ = −∞, 𝑙 = 0
5: for 𝑖 = 1 to 𝑑𝑖𝑚 do
6: if 𝑑𝑖 𝑓 𝑓𝑖𝑑𝑥 > 𝜃 then
7: S𝑖 = QK𝑇

𝑖
8: 𝑚𝑖 = rowmax(S𝑖 )
9: P𝑖 = exp(S𝑖 −𝑚𝑖 )
10: T𝑖 = T𝑖V𝑖
11: 𝑙𝑖 = rowsum(P𝑖 )
12: else
13: Load S𝑖 and T𝑖 from cache
14: Compute𝑚𝑖 , 𝑙𝑖 as above
15: end if
16: 𝑚̃new = max(𝑚̃,𝑚𝑖 )
17: 𝑙new = 𝑒𝑚̃−𝑚̃new𝑙 + 𝑒𝑚𝑖−𝑚̃new𝑙𝑖
18: O = (𝑙new)−1 (𝑙 · 𝑒𝑚̃−𝑚̃newO + 𝑒𝑚𝑖−𝑚̃newT𝑖 )
19: 𝑚̃ = 𝑚̃new, 𝑙 = 𝑙new
20: end for
21: Update cache
22: return O

to approximately evaluate the similarity between its current at-
tention scores and the cached values, as shown in Figure 4 and
Algorithm 1. The core idea is to select blocks with the maximum
difference in attention score, as defined by:

softmax

(
𝑄actual𝐾

𝑇√︁
𝑑𝑘

)
− softmax

(
𝑄cached𝐾

𝑇√︁
𝑑𝑘

)
(13)

By leveraging the properties of the softmax function, we can use
the upper bound of attention weights to estimate the attention
score. Motivated by Quest [38], Given the actual query 𝑄actual and
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Prompt: A bus that sign reads "Crosstown". It is a metro bus.

Original
FID: 7.15

Speedup: 1x 

Static
FID: 490.5

Speedup: 1.3x 

Ours-B
FID: 10.65

Speedup: 1.26x 

Ours-A
FID: 16.6

Speedup: 1.34x 

Prompt: Three people are walking down the road with three horses.

Prompt: A colorful umbrella falling from a tall building.

Prompt: Computer animated people in a computer animated park.

Figure 5: Quality evaluation results.

the cached value 𝑄cached, CachedAttention calculates the changed
score of the channel 𝑖 by evaluating

Δ𝑖 = max(maxΔ𝑄𝑖 (max𝐾𝑖 )𝑇 ,minΔ𝑄𝑖 (min𝐾𝑖 )𝑇 ) (14)

where

Δ𝑄𝑖 = 𝑄
𝑖
actual −𝑄

𝑖
cached (15)

Then CachedAttention selects the blocks where Δ𝑖 exceeds a given
threshold, recomputes their attention scores, and reuses the cached
values for the remaining blocks. Finally, the outputs of different
blocks are aggregated to get the final result, as shown in Algorithm
2.

4 EXPERIMENTS
We first describe our experiment settings, including the datasets,
models, and hardware configurations. Then we present our detailed
evaluation results.

4.1 Settings
Datasets.We use COCOCaptions 2014 [10] dataset, which contains
human-generated captions for images from Microsoft Common Ob-
jects in COntext (COCO) dataset [25], to evaluate the performance
of caption-to-image tasks. To simulate other tasks where the condi-
tion length is larger, We also use Urban1k, a dataset introduced in
[45] that contains images with longer prompts to perform evalua-
tions.
Models. We use two open-source conditional image generation
models, PixArt-alpha [9] and OmniGen [41]. PixArt-alpha is a
Transformer-based T2I diffusion model, whose image generation
quality is competitive with state-of-the-art image generators. It
adopts the cross-attention mechanism to align generated images
with prompts. OmniGen is a Transformer-based unified image gen-
eration model. The model demonstrates competitive text-to-image
generation capabilities and inherently supports a variety of down-
stream tasks, such as image editing and multimodal-to-image gen-
eration. Furthermore, using unified self-attention in its architecture,
it can handle complex tasks end-to-end without any lengthy inter-
mediate steps.
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Figure 6: Efficiency evaluation results.

Baselines.We use two variants of CachedAttention in the experi-
ments, where Ours-A (with a higher similarity threshold) adopts an
aggressive cache-and-reuse policy, and Ours-B (with a lower simi-
larity threshold) adopts a conservative policy. They are compared
to two baselines as described in the previous discussion:

• Original. The original model without any optimizations.
In some of the experiments, we use the generated image
of this model as the standard output to perform quality
evaluations.

• Static. The optimized implementation with static cache-and-
reuse policy. It caches the cross-attention/self-attention
outputs and reuses them for the next 3 timesteps.

Hardware Configurations. All the experiments in this paper
are performed on an NVIDIA RTX-4090 with CUDA 12.4[1] and
PyTorch 2.5.0[6].

4.2 Quality Evaluation
We first compare the quality of generated images with baselines
on COCO dataset. Figure 5 shows visual results with quantitative
evaluations, where Fréchet Inception Distance (FID) shows the sim-
ilarity of the generated images with the standard ones (lower is
better). From the evaluation results, we can observe that CachedAt-
tention maintains a high consistency with the original image. Static
achieves speedup compared to the original model, but its generated
images suffer from a high proportion of information loss, with an
FID value of 490.5. Our method achieves comparable speedup but
has negligible loss in image quality.

4.3 Efficiency Evaluation
We then compare the efficiency of generating images with base-
lines in various prompt lengths. Figure 6 shows the end-to-end
evaluation results on our speedup compared to all baselines. From
the evaluation results, we can find that Ours-A outperforms all
other variants in performance, demonstrating its efficiency in re-
ducing condition redundancy in diffusion transformer models. The
latency of Ours-B is also comparable to Static, but with a much high
quality in generated images. What’s more, we observe that as the
condition length increases, the speedup of CachedAttention is more
pronounced, which is consistent with the theoretical analysis.

5 DISCUSSION AND LIMITATION
As an acceleration method for diffusion transformers, CachedAtten-
tion can be further applied into tasks other than conditional image
generation, e.g. video/music generation[2, 3]. Moreover, some al-
gorithms and implementations in this work can be optimized. For
example, the algorithm to select similar tokens is a heuristic-based
approximation, which can be replaced by some more precise mathe-
matical methods. We also found that due to certain implementation
issues, the speedup with high condition length is not as promising
as we expected. We believe the CUDA kernels implemented can be
further optimized can there achieve more speedup.

6 CONCLUSION
In this paper, we present CachedAttention, a training-free atten-
tion mechanism for accelerating DiTs. By recognizing the varying
similarity of different timesteps and tokens in the condition, Cache-
dAttention dynamically caches and reuses the intermediate results
in attention operators, thereby reducing redundant computations.
Our extensive evaluations highlight CachedAttention’s ability to
significantly improve overall throughput by 34%, compared with
state-of-the-art solutions. These results confirm CachedAttention’s
potential as a robust and efficient DiT optimization.
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