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Figure 1. DDIT dynamically selects the optimal patch size at each denoising step at inference yielding significant computational gains at no loss of
perceptual quality. Results are shown for FLUX-1.Dev [10] for text-to-image and Wan-2.1 [27] for text-to-video generation. The top panel denotes the
baseline (original model), while the remaining panels illustrate outputs from DDiT at different acceleration rates. ImageReward [30], CLIP [20], and

VBench [8] scores are reported (higher is better).

Abstract

Diffusion Transformers (DiTs) have achieved state-of-the-
art performance in image and video generation, but their
success comes at the cost of heavy computation. This ineffi-
ciency is largely due to the fixed tokenization process, which
uses constant-sized patches throughout the entire denoising
phase, regardless of the content’s complexity. We propose
dynamic tokenization, an efficient test-time strategy that
varies patch sizes based on content complexity and the de-
noising timestep. Our key insight is that early timesteps only
require coarser patches to model global structure, while
later iterations demand finer (smaller-sized) patches to re-
fine local details. During inference, our method dynami-
cally reallocates patch sizes across denoising steps for im-

age and video generation and substantially reduces cost
while preserving perceptual generation quality. Extensive
experiments demonstrate the effectiveness of our approach:
it achieves up to 3.52x and 3.2x speedup on FLUX-1.Dev
and Wan 2.1, respectively, without compromising the gen-
eration quality and prompt adherence.

1. Introduction

Diffusion transformers (DiTs) [3, 19] have emerged as
a dominant framework for content generation, producing
high-quality and photorealistic results in both image and
video synthesis. However, this impressive performance
comes with substantial computational cost, significantly
limiting the usage of these models in practice. Such high
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computational demands of generative models have cata-
pulted the development of more efficient generation meth-
ods. Existing research has broadly focused on acceleration
techniques such as feature caching [15, 32], feature prun-
ing [1, 4], vector quantization [23, 24], and model distilla-
tion [12, 22].

Although these approaches show promise, they suffer
from two key limitations. First, many methods [5, 7, 15, 29]
typically employ a hard, static reduction strategy, such as
removing a fixed amount of weights, operations, or tokens.
Such static approach can lead to significant quality degra-
dation, as computations critical to a specific output might
be permanently discarded [2, 29]. Second, most existing
methods [15, 16, 29] apply a rigid, one-size-fits-all strategy,
that is agnostic to the input. This is problematic, as dif-
ferent prompts require varying levels of computational de-
tail [17, 28]. A simple prompt like “a blue sky” should not
require the same amount of computational resources com-
pared to a prompt “a scene crowded with many zebras.” The
rigidity in all existing solutions prevents us from dynami-
cally allocating resources where they are needed most.

In this work, we address the rigid, one-size-fits-all com-
putation of existing methods. Our approach is based on a
key observation: the visual content generated by a diffusion
model evolves at varied levels of detail. Some denoising
timesteps establish coarse scene structure, while others re-
fine fine-grained visual details. Recent studies [9, 11, 25,
26] show that features generated at different timesteps of
the denoising process encode different information, thus se-
lecting the right timestep of diffusion features is important
for successful downstream tasks such as classification [11]
and visual reasoning [9]. Furthermore, [18, 28] note that
this information can also be used for image editing, catering
to different levels of detail in an image [17, 18, 28], and for
generating more prompt-aligned images by injecting differ-
ent levels of prompt information at different timesteps [21].

This leads us to a critical question: should every denois-
ing step process the latent at the same granularity? Or,
could some steps operate on a coarser latent, thereby yield-
ing computational benefits, while others use a finer latent to
preserve detail? Thus, unlike prior works [1, 4] which ap-
proach efficiency by discarding weights or operations, we
dynamically allocate it. Specifically, at every timestep, we
adjust the patch size of the latent and adaptively use larger
patches (coarser granularity) when less detail is required
and smaller patches (finer granularity) when high fidelity
is needed.

This, however, raises a new question: how do we deter-
mine the optimal patch size at any given timestep and for
any given prompt? For this, we measure the rate of change
of the latent manifold over time. We hypothesize that this
rate correlates with the level of detail being generated. If
the underlying latent evolves slowly within a short timestep
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Figure 2. Revised patch-embedding layer to support patches of varied
resolutions. We modify the standard patch-embedding layer, designed for
a fixed patch size p, to additionally support patch sizes ppew.

(b) patch-embedding layer of DDIT (Ours)

window, we posit that coarse-grained details are being gen-

erated. Consequently, we divide the latent into coarser

patches and process them, saving computational resources.

Conversely, if the underlying latent evolves rapidly, we infer

that fine-grained details are being generated and fall back to

using finer-grained latent patches.

Thus, this dynamic strategy tailors the computation load
to each timestep and each prompt, allocating more re-
sources when needed and conserving them where possible.
Ultimately, our approach gives us explicit control over the
computational budget while generating the highest possible
quality content given the computational budget (Fig. 1). In
summary, our contributions are:

* We introduce a simple, intuitive, and low-cost strategy to
dynamically vary latent’s granularity in diffusion mod-
els, that requires minimal architectural changes.

* We propose a test-time Dynamic Patch Scheduler that
automatically determines the optimal patch size at each
timestep, adapting the computational load based on gen-
eration complexity and the input prompt.

* We demonstrate through extensive experiments that our
approach generalizes across both image and video dif-
fusion transformers and achieves significant speedups —
up to 3.52x on FLUX-1.Dev [10] and 3.2 x speedups on
Wan 2.1 [27], while maintaining high perceptual quality,
photo-realism, and prompt alignment.

2. Approach

2.1. Dynamic Patching and Tokenization

We aim to modify a pre-trained DiT to seamlessly oper-
ate under different patch sizes with minimal architectural
modifications (Fig. 2). To this end, we adapt the patch em-
bedding layer, originally operating on patch size p, to also
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handle new patch sizes pyey and allow input latents of vary-
ing spatial resolutions. We define p,. a positive integer
multiple of p, i.e., {p, 2p, 4p, ...}.

Modifications to the patch embedding layer. To gener-
alize DiT to ppew, We introduce patch-specific embedding
layers for each patch size we wish to support. Let C de-
notes the number of latent channels and d represents the
embedding dimension. Let W;‘::E € RPrewXPoewXCxd gpq
b;r“'lg € R denote the weight matrix and bias vector of the
patch embedding layer corresponding to pnew. Each patch
of size puew is linearly projected into an embedding of di-
mension d using this newly added embedding layer. This

results in a total of IV, =~ = I;ZW patches. Since N, is

smaller than IV by a factor of (ppew/p)?, DiT now processes
fewer patches and yields significant computational gains.

To minimize the training cost, we retain the base model
originally trained on the latent patch size p and introduce a
Low-Rank Adaptation (LoRA) branch [6] into each trans-
former block in DiT. This LoRA branch serves as an adap-
tive pathway and enables the model to process patches of
different sizes. Additionally, as shown in Fig. 2, we add a
residual connection from before the patch embedding layer
to after the patch de-embedding block. This helps strike a
balance between the base latent manifold and the new man-
ifold being learnt by LoRA for ppey.

Finally, to distill the knowledge from the frozen base
model to the LoRA-augmented model, we fine-tune the
LoRA branch with a distillation loss. Let €y, and eg,
denote the predicted noise from the LoRA-fine-tuned and
frozen base models respectively. The distillation loss is:

L= ||eq, (27", 1) — €or. (27, 1)][3. (1)

These minor architectural tweaks allow us to dynami-
cally support larger patch sizes while maintaining the base
model’s perceptual output quality.

2.2. Dynamic Patch Scheduling

Now that we enabled processing of multiple size input
patches, how do we learn when to adapt to a larger patch-
size (i.e., coarser token) and when to switch back to a
smaller patch-size (i.e., fine-grained token)? To this end, we
introduce a dynamic patch scheduling mechanism to deter-
mine the appropriate patch size at each diffusion timestep.
Since different timesteps correspond to different levels of
generative detail [17, 18, 21, 25, 26, 28], selecting the
proper patch size at each stage is crucial for maintaining
both efficiency and quality. We design a training-free
dynamic scheduler that adaptively selects the patch size
based on the rate of evolution of the latent representations
within a window of timesteps.

Latent evolution estimation. We employ finite-difference
approximations of increasing order to quantify how latent
representations evolve during the denoising process. Let z,

—— Prompt 1
—— Prompt 2

Average standard deviation (Patch 2)

1074
1000 800 200

600 400
Denoising timestep (noise level)
: . e 2p,(p)

Figure 3. Visualization of ;""" for two prompts (log scale). Prompt
1: “Several zebras are standing together behind a fence.” Prompt 2:
“A simple red apple on a black background.” Prompts requiring differ-

2p,(p) . ,
t—1 patterns across

P, (p)
1

ent levels of spatial granularity exhibit distinct o

timesteps. For the fine-grained zebra pattern, ai remains higher,
indicating higher detail sensitivity, whereas for the simpler apple scene,

2p,(p) - . .
a'tfl(m is lower, thus we can seamlessly use larger patch sizes during

generation.

denote the latent at timestep ¢. The first-order finite differ-
ence captures the displacement of latent features between
consecutive timesteps:

Azt =Zt — Zt¢+1- (2)

Similarly, the second-order difference describes the rate of
change of this displacement, representing the local velocity
of the denoising trajectory, defined by

A<2)Zt71 = Azt,1 — AZt. (3)

Finally, the third-order finite difference quantifies the varia-
tion in this velocity. This can be interpreted as a measure of
acceleration of a latent’s evolution during denoising within
a short temporal window.

Azi_1 + Azp

A(S)Zt,1 = A(Q)Zt,1 — A(Q)Zt = 2( D)

— AZt),
“
We hypothesize that if the acceleration is slow at a given
timestep, there is a relatively minor difference in the under-
lying latent manifold in the local temporal window. On the
other hand, a high acceleration value suggests a larger
difference in the structure of the underlying manifold.
We use this measure as a proxy to identify transition points
where the generative process intrinsically shifts between
generating coarse to fine structures or vice versa.
Empirically, we find that the third-order difference cap-
tures this variation more effectively and remains more sta-
ble, while the first- and second-order differences fail to do
so, likely because they capture relatively short-term tempo-
ral changes. This observation is consistent with [31], which
shows that the difference between neighboring noise predic-
tions is explicitly related to the third-order finite difference.
Spatial variance estimation. We use latent z; in the above
formulation for simplicity, but in practice, z; is always di-
vided into patches of size ppew X Pnew (Sec. 2.1). Our final
task now is to select the right patch size at each latent man-
ifold. This requires quantifying and aggregating the accel-
eration at which the latent patches evolve. Thus, we divide
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Table 1. Quantitative comparison of text-to-image generation performance with state-of-the-art methods on COCO, DrawBench, and PartiPrompts.
If not specified, all results are reported using 50 inference steps by default. Each color ( Yellow , Blue ) indicates methods operating at similar inference
speeds. As highlighted in Blue , our method achieves the best overall image quality, evidenced by the lowest FID scores, strong prompt alignment (CLIP
and ImageReward), and high perceptual similarity (SSIM and LPIPS). Bold: best. Underline: second-best.

COCoO DrawBench PartiPrompts
Model Speed
(secs/image) FID| CLIPt CLIPt ImgR?t SSIM*T LPIPS| CLIP{ ImgR?
FLUX-1.Dev (50 steps) 12.0 33.07 0314 03156 1.0291 - - 0.3197 1.192
FLUX-1.Dev (28 steps) 6.72 3335 0312 03140 1.0107 0.739 £0.155 0.175+£0.126 0.3118 1.115
FLUX-1.Dev (15 steps) 3.6 34.02 0311 0.3121 0.9865 0.591 £0.155 0.298 £0.128 0.3072 0.9613
TeaCache (0 = 0.6) 6.0 3495 0303 0.3071 0.9968 0.654 +0.145 0.241 +0.114 0.3018 0.9701
TeaCache (0 = 0.8) 5.33 35.57 0303 0.3075 0.9780 0.612+0.146 0.279 £0.114 0.2991 0.9699
TaylorSeer (N = 3,0 = 2) 6.0 3474 0303 03085 09721 0.632+0.173 0.271 £0.149 0.3142 0.9813
TaylorSeer (N = 6,0 = 1) 35 35.02 0302 0.3040 0.9535 0.583 +£0.130 0.284 £0.106 0.3004 0.9714
DDiT 5.5 33.42 0317 0.3136 1.0284 0.635+0.183 0.264 £+ 0.190 0.3192 1.189
DDiT + Teacache (6 = 0.4) 34 33.60 0315 0.3117 1.0182 0.592+£0.118 0.267 £0.120 0.3172 1.062

z¢—1 into patches of size p; X p;, where p; € Dnew. Then,
we compute the standard deviation o} ; of the accelera-
tion (defined in Eqn. 4) within each patch. We hypothesize
that if the per-(latent) pixel standard deviation within a la-
tent patch is high, then the denoising process is focusing on
generating finer-grained details. On the other hand, if the
standard deviation is low, then the underlying evolving la-
tent is smooth. As shown in Fig. 3, prompts with different
levels of granularity exhibit distinct variance profiles across
timesteps.

Given o, our goal is to determine the appropriate
patch size at each timestep. A straightforward way to do this
is to aggregate o1’ | by taking their mean across patches,
which provides a simple measure of the overall latent vari-
ation at that timestep. However, this fails to effectively cap-
ture the generative dynamics occurring at that timestep. For
example, when generating an image containing both a uni-
form white background and a highly textured region, aver-
aging might smoothen the higher standard deviation values,
leading to the scheduler choosing larger patches and thus
overlooking fine details in the textured area. To better cap-
ture such spatial heterogeneity in the underlying latent man-

ifold, we instead take the p-th percentile of the per-patch

Pq . .
variances, denoted as crt_’fp ). This percentile-based aggre-

gation allows us to capture meaningful information across
patches without averaging out important signals, while also

avoiding bias toward a few high-variance outliers.

Py .
Concretely, we compare thl(p ) against a predefined

variance threshold 7. For each timestep, we select the
largest patch size whose corresponding variance is below
the threshold (7). If no such patch satisfies this condition, it
defaults to the smallest patch size, which is 1. We formulate
this patch size scheduling as follows:

max(p;), if crfi’l(m <7,
pt = 5)
1, otherwise.

Controlling 7 gives us explicit control over the speed: if
users prefer faster generation, a higher 7 can be selected;

otherwise, a smaller 7 can be used for higher quality with
less speed gain. We select 7 and p empirically and balance
generation stability and visual quality.

3. Experiments

3.1. Text-to-Image Generation

We evaluate our method on text-to-image generation using
FLUX-1.dev [10] and compare against state-of-the-art ac-
celeration methods [13, 14]. Our approach achieves com-
parable FID and CLIP scores to the base model while pro-
viding a 2.18x speedup, consistently outperforming prior
methods under similar computational budgets. Further-
more, combining our method with TeaCache [13] yields
up to a 3.52x speedup, demonstrating that dynamic patch
scheduling improves efficiency while preserving perceptual
quality.

3.2. Text-to-Video Generation

We further evaluate the effectiveness of our method in the
text-to-video (T2V) generation setting and compare it with
the base model [27]. As shown in Fig. 1, our approach sig-
nificantly reduces inference time while maintaining com-
petitive video quality, as reflected by the VBench score [8].

4. Conclusion

We present an intuitive and highly-computationally efficient
method, DDiT, to adapt diffusion transformers to patches
of different sizes during denoising while maintaining vi-
sual quality. DDiT demonstrates a critical insight: not all
timesteps require the underlying latent space to be equally
fine-grained. Building on this insight, we dynamically se-
lect the optimal patch size at every timestep and achieve
significant computational gains, with no loss in perceptual
visual quality. Our approach requires just adding a simple
plug-and-play LoRA adapter to make the patch-embedding
(and de-embedding) blocks amenable to varied input patch
sizes. This minimal architectural tweak allows any DiT-
based model to benefit from fast inference.
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