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Abstract. Diffusion Transformers (DiTs) are a dominant backbone for
high-fidelity text-to-image generation due to strong scalability and align-
ment at high resolutions. However, quadratic self-attention over dense
spatial tokens leads to high inference latency and limits deployment. We
observe that denoising is spatially non-uniform with respect to aesthetic
descriptors in the prompt. Regions associated with aesthetic tokens re-
ceive concentrated cross-attention and show larger temporal variation,
while low-affinity regions evolve smoothly with redundant computation.
Based on this insight, we propose AccelAes, a training-free framework
that accelerates DiTs through aesthetics-aware spatio-temporal reduc-
tion while improving perceptual aesthetics. AccelAes builds AesMask, a
one-shot aesthetic focus mask derived from prompt semantics and cross-
attention signals. When localized computation is feasible, SkipSparse
reallocates computation and guidance to masked regions. We further re-
duce temporal redundancy using a lightweight step-level prediction cache
that periodically replaces full Transformer evaluations. Experiments on
representative DiT families show consistent acceleration and improved
aesthetics-oriented quality. On Lumina-Next, AccelAes achieves a 2.11×
speedup and improves ImageReward by +11.9% over the dense baseline.
Code is available at https://github.com/xuanhuayin/AccelAes.

Keywords: Diffusion Transformers · Training-Free Acceleration · Text-
to-Image Generation · Aesthetic Enhancement

1 Introduction

Diffusion models have become dominant for high-fidelity text-to-image genera-
tion [13,36]. Recent research increasingly adopts Transformer backbones, namely
the Diffusion Transformer (DiT) [5, 32, 33, 47], to achieve better scalability and
improved visual quality. Compared with earlier U-Net based pipelines [36], DiTs
provide higher capacity and stronger alignment at high resolutions [32], enabling
the generation of more detailed, realistic, and semantically consistent images.
⋆ Corresponding author.
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Baseline AccelAes

Prompt: A magical forest spirit, full body, intricate leaf and flower 
dress, vivid, stunning, volumetric lighting, highly detailed

Prompt: a realistic Maryam Nawaz, Red Dead Redemption

Prompt: A breathtaking mountain peak at golden hour, intricate rock 
texture, volumetric lighting, stunning, sharp, vivid, detailed

IR = 0.4079

IR = 1.5036

IR = 1.5900

IR = 1.9687

IR = 1.3687

IR = 1.0319

12.37s 5.86s (2.11×	speedup)

Fig. 1: AccelAes improves both efficiency and overall quality. Left: Qualitative
comparison under identical prompts, with zoomed-in crops and per-sample ImageRe-
ward (IR). Right: Speed–quality summary, and a bottom-right multi-metric radar
on Lumina benchmarking AccelAes against the dense baseline and representative
training-free acceleration methods, demonstrating consistent gains across metrics.

However, the performance comes with a more immediate cost: inference be-
comes significantly slower. At each denoising step, a DiT must perform full
self-attention over all spatial tokens, and the pairwise interactions among tokens
make every forward pass computationally expensive. Moreover, high-resolution
image generation typically requires dozens of denoising steps, leading to cumu-
lative inference latency across iterations. In practice, model performance is often
constrained not only by model size but also by repeated computation and run-
time overhead during sampling. As attention operations and memory movement
account for an increasing portion of total execution time, it has become a central
challenge for DiTs to reduce redundant computation at inference while maintain-
ing visual quality [10]. This motivates our focus on training-free acceleration
that explicitly accounts for perceptual and aesthetics-oriented criteria.

To address this issue, many works aim to accelerate diffusion inference with-
out retraining. Some research reduces the total number of denoising steps through
improved samplers [6, 9, 21, 25, 48]. Others reduce per-step computation, for ex-
ample, through token merging [2,3,12,42,46], structured sparse attention [46], or
intermediate feature caching [6,7,9,12,21,25,34,38,45,48]. However, these meth-
ods share a common limitation: they apply uniform strategies across the spatial
dimension, either merging or pruning all tokens in the same manner, or caching
and skipping computation uniformly over the entire image. Such strategies are
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often vulnerable in practice because image generation is not spatially uniform.
Certain regions, such as main subjects, fine textures, and lighting boundaries,
have a much greater impact on perceptual quality, while other regions, such as
smooth backgrounds, contribute less to the final visual impression [28, 41]. If
computation is aggressively reduced in perceptually important regions, image
quality degrades significantly. If conservative settings are applied everywhere to
protect quality, much of the potential speedup is lost. This leads to a natural
question: can computation be allocated adaptively across space according to
content importance?

From another perspective, text-to-image models based on DiTs are no longer
solely optimized for strict semantic alignment with the prompt, but are increas-
ingly designed to generate images that better reflect human preferences and
aesthetic judgments [4, 15, 17, 18, 37]. With advances in alignment methods and
human feedback optimization methods such as RLHF [8, 31], modern genera-
tive models place greater emphasis on aesthetic attributes, including “intricate”,
“volumetric-lighting”, and “detailed” [39, 44]. These descriptors often appear as
adjectives or stylistic tokens in prompts and influence image generation via cross-
attention mechanisms [30, 36]. In other words, the model is not only concerned
with what to generate, but also with how to generate it well.

This trend suggests an important insight: different spatial regions contribute
unequally to aesthetic quality. Regions containing main subjects with fine tex-
tures, lighting transitions, and material details often dominate human perception
and aesthetic judgment, while large smooth background areas typically have a
smaller influence on aesthetic scores [28, 44]. Moreover, cross-attention explic-
itly models the correspondence between text tokens and image patches in mod-
ern text-to-image diffusion models [30,36]. In particular, tokens associated with
aesthetic descriptors tend to induce highly concentrated attention patterns over
specific spatial regions. This suggests that during denoising, the model implicitly
differentiates between aesthetically sensitive regions and less sensitive regions.

However, existing DiT acceleration methods rarely exploit this signal. They
typically apply uniform token reduction based on numerical similarity or fixed
structural rules, overlooking the spatial non-uniformity that is closely tied to hu-
man preference. In a generation paradigm that increasingly emphasizes aesthetic
quality, such semantically unaware compression is suboptimal.

We find that spatial aesthetic non-uniformity and temporal redundancy are
coupled. Regions related to aesthetic descriptors vary more across timesteps and
are harder to extrapolate, while low-affinity regions evolve smoothly and are
more reusable. This implies that the attention structure already indicates which
regions require precise computation and which can be skipped. Leveraging both
signals enables content-aware acceleration while preserving key aesthetic quality.

Based on the above observations, we propose AccelAes (Accelerated Aes-
thetics), a training-free acceleration framework for DiTs. The core idea of Ac-
celAes is to leverage aesthetics-driven spatial non-uniformity and temporal pre-
diction redundancy during the denoising process, allocating computation pref-
erentially to perceptually sensitive regions while compressing redundant com-
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putation in less critical areas. Specifically, we use internal attention signals to
construct AesMask, an aesthetics-aware semantic mask that identifies spatial re-
gions associated with aesthetic descriptors, and refine them more carefully when
the architecture permits localized updates. Meanwhile, we introduce SkipSparse,
a unified acceleration module that combines spatially-adaptive sparse computa-
tion with an output-level step prediction reuse mechanism (StepCache) along the
temporal dimension to reduce redundant computation across timesteps. These
two mechanisms complement each other, enabling effective inference accelera-
tion while preserving key perceptual quality. Fig. 1 previews this speed–quality
tension and shows that AccelAes improves both efficiency and overall quality
on representative prompts and metrics. Our contributions are summarized as
follows:

– We propose AccelAes, a training-free acceleration framework for Diffusion
Transformers, motivated by aesthetics-driven spatial non-uniformity and
temporal redundancy during denoising.

– We introduce an aesthetics-aware acceleration design that couples Aes-
Mask and SkipSparse to localize perceptually sensitive regions from in-
ternal model signals and reallocate computation and guidance accordingly,
while compressing less critical updates.

– We conduct extensive experiments on three representative DiT backbones,
showing that AccelAes substantially reduces inference time while consistently
improving aesthetics- and preference-oriented quality, yielding a markedly
better speed–quality trade-off.

2 Related Work

2.1 Acceleration of DiT for Image Generation

Diffusion-based generators synthesize images via iterative denoising, making
sampling computationally intensive and motivating training-free acceleration
that improves efficiency without modifying backbone parameters [13, 29, 36].
Prior work mainly follows two directions: reducing sampling steps or changing
the sampling trajectory with improved solvers and controlled exploration [24,
26,40], or reducing per-step cost by exploiting temporal and spatial redundancy,
e.g., feature caching/reuse [7,9,25,34,48], timestep forecasting/skipping [21,38],
and token-level compression (pruning/merging) or training-free sparse attention
variants [2, 3, 12,22,42,46].

Many methods decide reductions using numerical similarity, heuristics, or
generic saliency proxies rather than perceptual objectives, so aggressive com-
pression can remove compute from visually important regions and introduce
localized artifacts. Region-adaptive methods such as RAS and SDiT allocate
non-uniform budgets across spatial tokens [19, 23], but still rely on proxy sig-
nals (e.g., attention concentration, heuristic complexity, or semantic grouping)
to define region priorities [19,23]. Meanwhile, modern text-to-image systems in-
creasingly optimize for human preference and aesthetic quality beyond semantic
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correctness [8,18,31], yet such image-level objectives do not directly yield stable
region priorities for inference-time budgeting. Moreover, trajectory-level acceler-
ation (e.g., caching/forecasting) is typically applied uniformly over space, leaving
open where computation should be preserved under limited budgets.

2.2 Aesthetic and Guidance Signals for Image Generation

Inference-time guidance offers a practical control interface for text-to-image dif-
fusion models: CLIP supports text–image semantic consistency [35], and classifier-
free guidance (CFG) strengthens prompt adherence by scaling the conditional–
unconditional gap [14]. However, a single global guidance scale can be spatially
inconsistent and induce local semantic/structural issues, motivating spatially
varying guidance that applies different strengths to semantic regions without
additional training [39]; related work further enables continuous modulation
of attribute intensity [4]. These approaches keep dense computation and do
not address how guidance should interact with inference-time compute bud-
geting, whereas we explicitly couple guidance with spatial compute allocation in
a training-free acceleration setting.

Human preference and aesthetic assessment provides complementary signals
for generative models. Preference datasets and reward models such as Pick-a-
Pic and ImageReward align objectives with human feedback [16,44], and prefer-
ence feedback can be used for post-training improvements such as step-by-step
preference optimization [18]. For evaluation, preference and aesthetics are often
measured by image-level scoring functions, including CLIP-based aesthetic pre-
dictors [37], benchmarks such as HPSv2 [43], and classic datasets like AVA [28];
aesthetic-related rewards have also been used for automatic prompt optimiza-
tion [27]. In our work, preference-related models are used for evaluation rather
than retraining, but their scalar image-level scores are difficult to translate into
region-level priorities or token-level compute budgets. This leaves an interface
problem for training-free acceleration: how to turn aesthetic objectives into ex-
ecutable spatial budgeting rules. We address this gap by extracting aesthetic-
related cues from internal attention patterns conditioned on aesthetic descriptors
and using them to guide spatial compute allocation while preserving global con-
text.

3 Methodology

We propose AccelAes, a training-free acceleration framework for Diffusion Trans-
formers (DiTs) based on aesthetics-driven spatio-temporal non-uniformity. Given
a text prompt, AccelAes first constructs AesMask, an aesthetics-aware se-
mantic mask over image tokens from cross-attention signals. It then applies
SkipSparse, which performs spatially-adaptive sparse computation when lo-
calized updates are supported. SkipSparse also includes a universal step-level
prediction cache that reuses noise predictions across timesteps. Together, Aes-
Mask decides where to spend compute, and SkipSparse decides how to reduce
redundant computation in both space and time.
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Fig. 2: The proposed AccelAes framework. (a) AccelAes builds AesMask from
prompt semantics and cross-attention. It uses the mask for spatially adaptive com-
putation and region-wise guidance. SkipSparse also includes a step-level cache with
linear extrapolation to reduce redundant forwards across timesteps. (b) AesMask uses
aesthetic anchors, CLIP similarity, and cross-attention aggregation, then applies per-
centile thresholding to obtain a binary mask. (c) SkipSparse updates attention and
FFN mainly on aesthetic-focus tokens. It keeps global context with global keys/values
and reuses predictions across steps via the cache.

3.1 Preliminaries: Aesthetically-Driven Non-Uniformity

We consider diffusion sampling in latent space. Let zt ∈ Rd×N be latent tokens
at timestep t, where N is the number of spatial tokens. A DiT parameterized by
θ predicts noise (or velocity) as:

ϵ̂t = fθ(zt, c, t) , (1)

where c is the text condition and ϵ̂t ∈ Rd×N is the per-token prediction.
DiT blocks use self-attention and cross-attention between image tokens and

text tokens. Let y = [y1, . . . ,yM ] ∈ Rdc×M be M text token embeddings. For a
cross-attention layer ℓ at timestep t, we denote its weights by:

A
(ℓ)
t ∈ [0, 1]N×M ,

M∑
j=1

A
(ℓ)
t [i, j] = 1 ∀i, (2)

where A
(ℓ)
t [i, j] measures how much image token i attends to text token j.

We observe a consistent non-uniformity for aesthetics-oriented prompts. At-
tention mass concentrates on a subset of spatial tokens linked to aesthetic de-
scriptors. These tokens often control textures, highlights, and boundaries that
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dominate perceptual judgment. Other tokens are less sensitive and change more
smoothly across nearby timesteps. AccelAes uses this property to reduce com-
putation where it is less critical and to preserve computation where it matters.

3.2 AesMask: Aesthetics-Aware Semantic Mask Generation

We build a binary mask over image tokens for aesthetic-focus regions. This mod-
ule is AesMask, as shown in Fig. 2 (b). In text-conditioned DiTs, the prompt
affects image tokens through cross-attention. We use this internal signal to lo-
cate tokens related to aesthetic-relevant prompt semantics, and we mark them
for later selective updates.

We define a set of aesthetic anchor words:

A = {a1, . . . , aK}, (3)

where each ak is a textual descriptor (e.g., “cinematic”, “intricate”). The anchors
provide a compact reference that helps us pick aesthetic-related prompt tokens
without external supervision.

Aesthetic Prompt Tokens. Let e(·) be a frozen text encoder (CLIP text encoder).
For each prompt token yj , we compute cosine similarity to each anchor ak:

sj,k =
⟨e(yj), e(ak)⟩

∥e(yj)∥ ∥e(ak)∥
. (4)

We assign each token an aesthetic score:

αj = max
k∈{1,...,K}

sj,k, (5)

and select the top-r tokens by αj . Their index set is Jaes ⊆ {1, . . . ,M}. These
tokens represent the aesthetic-related part of the prompt that we will use when
aggregating attention.

Cross-attention Aggregation. At timestep t, each cross-attention layer ℓ outputs
A

(ℓ)
t ∈ RN×M . We aggregate weights for the selected aesthetic tokens:

mt[i] =
1

|L|
∑
ℓ∈L

∑
j∈Jaes

A
(ℓ)
t [i, j], (6)

where mt ∈ RN is an affinity map over image tokens and L is the set of layers
used. A larger mt[i] means token i consistently attends to aesthetic-relevant text
tokens. We treat it as an internal proxy for perceptual importance.

Percentile Thresholding. We binarize mt with a percentile threshold:

Mt[i] = I(mt[i] ≥ Perc(mt, p)) , (7)

where Mt ∈ {0, 1}N and p ∈ (0, 100) controls sparsity. We define It = {i |
Mt[i] = 1}. The percentile form adapts to the scale of mt across prompts,
so it avoids tuning an absolute threshold. AesMask is training-free and uses
cross-attention and a frozen text encoder. Its output Mt (or It) is passed to
SkipSparse.
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3.3 Spatially-Adaptive Sparse Computation

When localized updates are supported, we use Mt to reduce computation. This
module is SkipSparse, as shown in Fig. 2 (c). SkipSparse focuses updates on to-
kens in It and keeps global context through global keys/values. This is important
because it allows focus tokens to read information from the full image.

Let Ht ∈ Rd×N be the hidden states entering a Transformer block at timestep
t. We split tokens into focus and background:

Ht =
[
Haes

t , Hbg
t

]
, (8)

where Haes
t contains tokens in It and Hbg

t contains the rest. We scatter updated
tokens back to the original order after each block so the block output matches
the dense baseline shape.

Self-attention with Global Keys/Values. We update attention only for focus
queries and keep keys/values global:

Attn
(
Qaes

t ,Kall
t ,Vall

t

)
= Softmax

(
(Qaes

t )
⊤
Kall

t√
dh

)
Vall

t , (9)

where Qaes
t = WQH

aes
t , Kall

t = WKHt, and Vall
t = WV Ht. This reduces the

number of queries from N to |It| and keeps long-range interactions through
global keys/values.

FFN on Aesthetic Tokens. We apply FFN only to focus tokens and reuse a
cached background activation:

H̃aes
t = FFN(Haes

t ) , H̃bg
t = Cbg

t , (10)

where Cbg
t is taken from the most recent full update. This avoids recomputing

FFN on background tokens and still allows refinement on aesthetic-focus tokens.

Spatial CFG. Let ϵ̂cond
t and ϵ̂uncond

t be conditional and unconditional predictions.
We apply a spatially varying guidance scale:

ϵ̂cfg
t [i] = ϵ̂uncond

t [i] + gt[i]
(
ϵ̂cond
t [i]− ϵ̂uncond

t [i]
)
, (11)

where gt[i] = gbg + (gaes − gbg)Mt[i] and gaes ≥ gbg ≥ 1. This places stronger
guidance on focus tokens and keeps background guidance milder.

3.4 Universal Step-Level Prediction Caching

SkipSparse also includes a universal step-level cache, as shown in Fig. 2 (c). It
reuses the final output ϵ̂t and works across DiT variants. It targets a simple fact
that nearby timesteps often have correlated predictions.
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Table 1: Main results on three DiT backbones. We report runtime and
generation-quality metrics for AccelAes and competing methods on Lumina-Next, SD3-
Medium, and FLUX.1-dev, showing consistent speedup with improved overall quality.

Models Methods Time↓ Speedup↑ CLIP↑ IR↑ HPS↑ Aesth↑ Edge↑

Lumina Baseline 12.37 1.00× 0.2531 0.7518 0.2710 5.9407 0.5829
Lumina AccelAes 5.86 2.11× 0.2640 0.8410 0.2740 6.0414 0.6285

SD3 Baseline 3.52 1.00× 0.2662 0.8788 0.2895 5.7330 0.9160
SD3 AccelAes 2.34 1.50× 0.2744 0.9042 0.3014 5.9898 0.9437

FLUX Baseline 12.66 1.00× 0.2753 1.233 0.3200 6.243 0.560
FLUX AccelAes 7.31 1.73× 0.2772 1.317 0.3214 6.372 0.590

We cache predictions at selected timesteps and reuse them with linear extrap-
olation. Let ∆ be the stride between full forwards. Let τ be the latest timestep
with a full forward. We store:

Eτ = ϵ̂τ , Eτ+∆ = ϵ̂τ+∆. (12)

For an intermediate timestep t ∈ (τ, τ +∆), we approximate:

ϵ̂t ≈ Eτ + λ(t) (Eτ −Eτ+∆) , (13)

where λ(t) = t−τ
∆ . We use a warmup of Tw initial steps with full inference.

After warmup, we refresh the cache every ∆ steps by running a full forward and
updating Eq. 12. This periodic refresh limits drift and keeps stable.

4 Experiments and Results

4.1 Experimental Setup

Models and Baselines. We evaluate AccelAes on three Diffusion Transformer
backbones: Lumina-Next-T2I [47], SD3-Medium [11], and FLUX.1-dev [1]. We
follow the standard DiT formulation [32] and only modify inference-time compu-
tation. For training-free acceleration baselines, we include ∆-DiT [6], FORA [38],
Region-Adaptive Sampling (RAS) [23], TeaCache [20], and TaylorSeer [21]. For
each backbone, all methods are evaluated under the same backbone-specific sam-
pler and guidance configuration, and we adhere to the same implementation-level
rules when reproducing baselines.

Evaluation Protocol. We use a unified protocol with 10,000 prompts from Pick-
a-Pic and three fixed seeds per prompt (seeds {1, 2, 3}; 30,000 images per con-
figuration) for both main results and ablations. Within each table, all AccelAes
variants and baselines share the same prompt subset and seeds to enable paired
comparisons. All methods are implemented in a unified PyTorch pipeline without
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Table 2: Lumina-Next-T2I: baseline comparisons. Comparison of AccelAes with
representative acceleration baselines on Lumina-Next-T2I using the main metric set.

Methods Time↓ Speedup↑ CLIP↑ IR↑ HPS↑ Aesth↑ Edge↑

Lumina-Next-T2I [47] 12.37 1.00× 0.2531 0.752 0.2710 5.941 0.583
∆-DiT [6] 8.13 1.52× 0.2523 0.485 0.2540 5.873 0.522
FORA [38] 12.36 1.00× 0.2463 0.517 0.2496 5.766 0.564
RAS [23] 8.38 1.47× 0.2550 0.788 0.2713 5.927 0.581
SDiT [19] 7.30 1.69× 0.2502 0.6093 0.2538 5.822 0.4289
TeaCache [20] 8.28 1.49× 0.2512 0.670 0.2640 5.978 0.599
TaylorSeer [21] 6.02 2.05× 0.2491 0.604 0.2650 5.940 0.668
AccelAes (ours) 5.86 2.11× 0.2640 0.841 0.2740 6.041 0.629
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Fig. 3: Baseline comparisons on SD3 and FLUX. We compare AccelAes with
the dense baseline and prior acceleration methods on SD3 and FLUX using the same
prompts, seeds, and measurement protocol. AccelAes achieves a better speed quality
trade off and improves aesthetics oriented scores while reducing sampling time.

architecture-specific engines, kernel-level optimizations, or external accelerators,
and we follow backbone-default sampling settings. We evaluate all backbones
at 1024 × 1024 resolution using 30 steps for Lumina-Next-T2I and 28 steps for
SD3-Medium and FLUX.1-dev. Runtime is reported as end-to-end per-image
latency from the start of sampling to the final decoded image, including VAE
decoding and the two-pass CFG forward when enabled. Unless specified other-
wise, AccelAes uses a cache refresh interval of ∆ = 2 with warmup Tw = 5, a
one-shot AesMask at mask_step=5, and the same fixed 34-anchor vocabulary
across paired comparisons.

Metrics and Measurement. We report runtime and six automatic metrics: Time
(seconds per image) and Speedup defined as Timebaseline/Timemethod, CLIP
score (CLIP) [35] for text–image alignment, ImageReward (IR) [44] and HPSv2
(HPS) [43] as preference-oriented proxies, LAION Aesthetic Score (Aesth) com-
puted with the LAION aesthetic predictor [37], and Edge Density (Edge) as a
lightweight sharpness/detail proxy. Time is averaged over the full evaluation set
and includes the complete sampling trajectory, including conditional/unconditional
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Table 3: Blind pairwise human preference study. Win rates exclude ties. Each
comparison uses randomized left/right ordering and four questions: overall preference,
prompt alignment, visual appeal, and fewer artifacts.

Comparison Overall Alignment Appeal Fewer artifacts

AccelAes vs. Dense 67% 59% 68% 64%
AccelAes vs. FORA 89% 90% 87% 94%
AccelAes vs. w/o Spatial-CFG 66% 69% 66% 68%

passes for CFG. Unless otherwise specified, AccelAes constructs a one-shot se-
mantic mask at mask_step=5 and reuses it for the entire sampling trajectory
and classifier-free guidance follows the standard formulation [14].

4.2 Main Results

Overall Results across Backbones. Table 1 shows that AccelAes improves the
speed–quality trade-off across three DiT backbones. The key pattern is that ac-
celeration does not come from uniformly weakening denoising. Instead, AccelAes
reduces compute where the denoising trajectory is redundant and preserves up-
dates where aesthetic cues are concentrated. This leads to simultaneous runtime
reduction and stronger preference-oriented metrics. On Lumina-Next, AccelAes
reaches the highest speedup and also yields a clear improvement on ImageReward
together with gains on CLIP, HPS, Aesth, and Edge. On SD3-Medium, AccelAes
again improves ImageReward and HPS under a 1.50× speedup. On FLUX.1-dev,
AccelAes maintains a strong balance, which suggests the same mechanism trans-
fers beyond a single architecture and sampler. Overall, these results support that
aesthetics-driven spatio-temporal non-uniformity is a reliable signal for compute
reduction under matched prompts, seeds, and backbones.

4.3 Human and Robustness Validation

Table 3 adds a direct human validation of the automatic metric gains. The study
uses 15 annotators, 60 pairs, and four questions per pair. AccelAes is preferred
over the dense baseline, FORA, and the variant without Spatial CFG across
all criteria. Binomial tests on non-tie votes reject the 50% chance null for the
main preference comparisons (p < 0.001, except alignment against the dense
baseline). We further checked whether these gains depend on prompt word-
ing or simple scene bias. On descriptor-free prompts, AccelAes improves Im-
ageReward from 1.109 to 1.144 (+3.1%); with aesthetic descriptors, it improves
the stronger dense baseline from 1.168 to 1.224 (+4.8%). Across six hard-scene
categories, the ImageReward gain remains positive for single-subject (+1.8%),
multi-object (+7.2%), dense-crowd (+5.0%), landscape (+3.3%), indoor-clutter
(+6.9%), and abstract-art prompts (+13.7%). These results indicate that Aes-
Mask is not a center-subject shortcut, but follows prompt-conditioned aesthetic
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Fig. 4: AesMask analysis and ablation. We study how AesMask is constructed
and how it affects acceleration and quality. We ablate key design choices such as an-
chor selection, cross attention aggregation, and mask thresholding, and we report their
impact on both runtime and aesthetic metrics.

affinity even when the foreground/background structure is weak. The additional
runtime diagnostics also support the practical cost profile: on Lumina-Next, full
AccelAes reduces latency from 12.37 s to 5.86 s (2.11×), while AesMask construc-
tion and Spatial-CFG splitting add only 0.18 s over dense inference. On the 4-step
FLUX.1-schnell distilled DiT, AccelAes improves IR from 1.090 to 1.132 without
degrading HPSv2 or CLIP, showing compatibility even when temporal redun-
dancy has already been compressed by distillation. Finally, dynamic mask refresh
does not improve the default static AesMask on hard non-centric prompts; fre-
quent refresh introduces region jitter and lowers both quality and speed. We also
stress tested the main failure cases by mining the worst AccelAes-to-dense Im-
ageReward drops from dense-crowd, indoor-clutter, abstract-art, and landscape
prompts. These cases reveal the expected boundary of early region selection:
when attention is diffuse, an overly narrow active region can freeze small details
outside the mask. The late-mask and entropy fallback rules recover 92.7–95.4%
of dense ImageReward without per-prompt tuning. We therefore keep AesMask
static by default and activate corrective expansion only when mask confidence
becomes unreliable.

Lumina-Next-T2I Comparisons. We provide a strict comparison on the same
metric set and protocol in Table 2. At a similar speedup range, several training-
free baselines show large drops on ImageReward, which indicates that uniform
temporal skipping or generic token reduction can be brittle when preference-
oriented quality matters. For example, TaylorSeer operates in a comparable
speed regime but incurs a substantial ImageReward degradation. ∆-DiT and
SDiT further reduce ImageReward despite non-trivial speed gains. In contrast,
AccelAes achieves the best ImageReward while also reaching the largest speedup
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Fig. 5: SkipSparse ablation. We evaluate variants that enable spatial allocation,
step-level reuse, or both, and report speedup and ImageReward with and without
AesMask.

among listed methods. This gap suggests that allocating compute and guidance
according to aesthetic token affinity is more robust than applying uniform reuse
across all regions and steps.

SD3 and FLUX Comparisons. Fig. 3 evaluates the same design on SD3 and
FLUX and highlights two practical observations. First, the relative ranking be-
tween methods can change across backbones, which suggests that aggressive tem-
poral reuse is sensitive to the architecture and sampling configuration. Second,
AccelAes remains more stable in preference proxies at practical speedups, which
is consistent with its design that preserves updates in aesthetics-relevant regions
instead of uniformly replacing Transformer evaluations. This supports that the
benefit of aesthetics-guided spatial allocation is not restricted to Lumina-Next.

4.4 Ablation Results

AesMask Ablation. Fig. 4 compares Uniform masking, a Non-Aesthetic-Token
variant, and the proposed AesMask. In Fig. 4 (a), Uniform and Non-Aesthetic-
Token masks produce less targeted focus regions, while AesMask yields a com-
pact region that aligns with aesthetic descriptors in the prompt. Fig. 4 (b) shows
that this alignment translates into a more reliable quality profile on ImageRe-
ward, Aesthetic score, and CLIP score. Fig. 4 (c) further indicates that words
with clear aesthetic meaning receive higher importance under anchor matching,
which supports our token selection step. Together, these results suggest that Aes-
Mask provides an effective region prior for compute budgeting and region-wise
guidance across prompts with different aesthetic emphasis.

SkipSparse Ablation. Fig. 5 shows distinct roles of the two SkipSparse paths.
Step-level reuse achieves a larger speedup (1.57×) but slightly reduces ImageRe-
ward (0.743 vs. 0.752), which indicates that uniform temporal replacement can be
fragile for preference-oriented quality. Spatial allocation improves ImageReward
(0.818) with a moderate speedup (1.43×), suggesting that focusing updates on



14 X. Yin et al.

“Portrait of an astronaut with 
intricate spacesuit details, 
photorealistic, cinematic”

Prompts SD3 Heatmap Masking Region AccelAes

“A futuristic Tokyo street at 
night with neon lights and 
intricate reflections on wet 

pavement, cinematic”

“A majestic lion at golden 
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lighting, intricate fur detail”
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Fig. 6: Aesthetics-induced spatial non-uniformity and its effect. For represen-
tative prompts on SD3, we visualize cross-attention heatmaps, the derived aesthetic-
focus mask, the selected regions, and the final AccelAes outputs. The localized real-
location of compute and guidance enhances perceptually important details, consistent
with improvements in ImageReward (IR) annotated for each example.

critical regions is important. At the same speedup (2.11×), removing AesMask
lowers ImageReward (0.822 vs. 0.841), showing that AesMask provides a stronger
region prior that makes SkipSparse more selective. Together, these results ex-
plain why combining the two paths with AesMask yields the best trade-off.

4.5 Visualizations

Aesthetic Spatial Non-uniformity. Fig. 6 shows cross-attention maps induced by
aesthetic descriptors, the resulting AesMask, selected regions, and SD3 outputs.
The attention is spatially concentrated on perceptually decisive structures (e.g.,
faces and high-frequency details) rather than uniform. Thresholding these re-
sponses yields a compact mask that suppresses low-impact background regions.
AccelAes uses AesMask to reallocate both computation and CFG toward masked
tokens, and the annotated IR gains indicate a consistent preference improvement
under identical prompts and sampling settings.

Qualitative Comparison across Acceleration Methods. Fig. 7 compares AccelAes
with representative baselines under identical prompts and reports the corre-
sponding speedups. Uniform skipping at higher aggressiveness often blurs fine
textures or introduces local artifacts, whereas AccelAes better preserves percep-
tually decisive details while achieving the largest acceleration in the shown set-
ting. This qualitative evidence is consistent with the quantitative results. Taken
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AccelAesBaseline Fora Δ − DiT TeaCache TaylorSeer SDiT RAS
1.00× 1.00× 1.52× 1.49× 2.05× 1.69× 1.47× 2.11×

Fig. 7: Qualitative comparison across training-free acceleration methods. We
compare AccelAes with the dense baseline and representative training-free acceleration
baselines under identical prompts. The speedup (relative to the baseline) is shown above
each column. AccelAes preserves fine textures and locally salient details more reliably
at high speedup, consistent with its superior multi-metric performance in Table 2.

together, the metric comparisons, human preference study, ablations, and visual
evidence indicate that AccelAes improves the practical speed–quality frontier
across diverse prompt and backbone conditions by protecting aesthetics-relevant
regions rather than uniformly reducing computation.

5 Conclusion

We presented AccelAes, a training-free acceleration framework for Diffusion
Transformers that leverages aesthetics-driven spatial non-uniformity and tempo-
ral prediction redundancy in denoising. By combining AesMask, SkipSparse,
and output-level step prediction reuse, AccelAes protects perceptually sensitive
tokens while compressing low-impact computation across regions and timesteps.
Across three representative DiT backbones, AccelAes consistently improves the
speed–quality trade-off, and ablations, human preferences, and robustness checks
confirm the complementarity of spatial adaptivity and temporal reuse.

The broader implication is that training-free DiT acceleration need not be
purely temporal caching. Preserving computation in prompt-relevant regions
connects efficiency to aesthetic preference, while the main limitation remains
dependence on reliable region estimates when salient regions shift. This makes
AccelAes suitable when preference quality and latency must be optimized to-
gether, especially in deployment settings with strict latency budgets. Future
work may study confidence tests and finer-grained refresh schedules.
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