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Abstract

Diffusion models have revolutionized high-fidelity image and video
synthesis, yet their computational demands remain prohibitive for
real-time applications. These models face two fundamental chal-
lenges: strict temporal dependencies preventing parallelization, and
computationally intensive forward passes required at each denois-
ing step. Drawing inspiration from speculative decoding in large
language models, we present SpeCa, a novel “Forecast-then-verify”
acceleration framework that effectively addresses both limitations.
SpeCa’s core innovation lies in introducing Speculative Sampling to
diffusion models, predicting intermediate features for subsequent
timesteps based on fully computed reference timesteps. Our ap-
proach implements a parameter-free verification mechanism that
efficiently evaluates prediction reliability, enabling real-time deci-
sions to accept or reject each prediction while incurring negligible
computational overhead. Furthermore, SpeCa introduces sample-
adaptive computation allocation that dynamically modulates re-
sources based on generation complexity—allocating reduced com-
putation for simpler samples while preserving intensive processing
for complex instances. Experiments demonstrate 6.34X accelera-
tion on FLUX with minimal quality degradation (5.5% drop), 7.3X
speedup on DiT while preserving generation fidelity, and 79.84%
VBench score at 6.1x acceleration for HunyuanVideo. The veri-
fication mechanism incurs minimal overhead (1.67%-3.5% of full
inference costs), establishing a new paradigm for efficient diffu-
sion model inference while maintaining generation quality even
at aggressive acceleration ratios. Codes are available in the supple-
mentary material and will be released in Github.
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1 Introduction

Diffusion Models (DMs) [12] have established themselves as a dom-
inant force in generative Al achieving state-of-the-art performance
across image synthesis [35] and video generation [1]. While ar-
chitectural breakthroughs like Diffusion Transformers (DiT) [32]
have substantially enhanced generation fidelity through scalable
transformer architectures, they remain constrained by an intrinsic
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Figure 1: SpeCa’s speculative execution workflow. The draft
model forecasts N future timesteps (1 —1 to t — N), followed by
lightweight error verification across these steps. Predictions
are accepted sequentially until a rejection occurs at ¢ — k
(when activation error ¢;_; exceeds threshold 7). Accepted
steps (1 — 1 to ¢t — k) are appended to inputs, while the target
model recomputes ¢t — k — 1 to recover trajectory fidelity.

limitation of diffusion-based approaches: the sequential dependency
in sampling. Each generation requires executing dozens to hundreds
of denoising steps, with each step necessitating a complete forward
pass through increasingly complex models. This computational par-
adigm creates an escalating tension between generation quality and
inference efficiency - a dilemma that becomes particularly acute as
model sizes expand and generation tasks grow more sophisticated.
For instance, modern video generation architectures like Hunyuan-
Video require 595.46 TFLOPs per forward pass (480p, 2s, 50steps),
making real-time generation computationally prohibitive.

The computational challenge originates from two fundamental
characteristics of diffusion sampling: (1) Strict temporal depen-
dencies enforcing step-by-step execution that prohibits paralleliza-
tion, and (2) Full-model forward passes required at each timestep,
becoming prohibitively expensive for modern architectures. While
reduced-step samplers like DDIM [43] attempt to address the first
challenge through non-Markovian processes, they still face an in-
escapable trade-off - aggressive step reduction (e.g., from 1000
to 50 steps) inevitably degrades output quality due to trajectory
truncation. Recent caching acceleration methods have emerged to
tackle primarily the second challenge, with approaches exploring
different perspectives - token-based methods [40], [54], [55] and
residual-based approaches [6] focus on reusing computations across
timesteps to reduce per-step computational burden. However, these
methods are inherently limited by their reliance on feature similar-
ity between adjacent timesteps, with efficacy rapidly diminishing as
acceleration ratios increase. Methods like TaylorSeer [24] attempt
to leverage temporal dependencies more effectively through Taylor
series approximations to predict multi-step evolution, but critically
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Figure 2: Comparison of caching methods on Inception Score
(IS) and FID. SpeCa outperforms previous methods, particu-
larly at high-acceleration ratios.

lack error correction mechanisms. This absence of validation al-
lows prediction errors to compound exponentially, particularly at
high acceleration ratios where minor inaccuracies in early steps
catastrophically distort the generation trajectory. Furthermore, ex-
isting approaches uniformly apply the same acceleration ratio to
all samples and maintain fixed sampling intervals, resulting in
computational inefficiency where simple samples receive excessive
computation while complex samples remain underserved.

Drawing inspiration from the success of Speculative Decoding
in large language models, we present SpeCa, an acceleration frame-
work based on a “Forecast-then-verify" mechanism. Unlike tradi-
tional step-by-step inference, SpeCa adopts a speculative sampling
paradigm that implements efficient inference through a three-step
core workflow: (1) performing complete forward computations at
strategically selected key timesteps to obtain accurate feature repre-
sentations; (2) predicting features for multiple subsequent timesteps
based on these high-fidelity representations; and (3) evaluating the
reliability of each predicted feature through a rigorous error verifi-
cation mechanism at each timestep, dynamically deciding whether
to accept or reject predictions. This approach not only addresses the
limitations of existing caching methods but also introduces adap-
tive computation allocation based on sample complexity, providing
higher acceleration for simpler samples while ensuring complex
samples receive sufficient computational resources to maintain
high-fidelity generation quality.

Through extensive experimental evaluation across multiple model
architectures and generation tasks, we demonstrate that SpeCa
significantly outperforms existing acceleration methods in both
efficiency and output fidelity. On FLUX.1-dev model, our approach
maintains remarkable generation quality with only a 5.5% quality
degradation at 6.34X acceleration, while the current SOTA method
TaylorSeer suffers a substantial 17.5% quality loss at the same accel-
eration ratio. Similarly, for DiT model, where competing methods
exhibit catastrophic quality deterioration beyond 3X acceleration,
SpeCa preserves high-fidelity generation even at an impressive 7.3X
acceleration ratio. Furthermore, when applied to the computation-
ally intensive HunyuanVideo architecture, our method achieves
6.16x acceleration while maintaining SOTA Vbench scores 79.84%.
Notably, these significant performance gains are achieved with an
extremely lightweight verification mechanism that consumes

Anon.

merely 3.5% (DiT), 1.75% (FLUX), and 1.67% (HunyuanVideo)

of the complete forward pass computation, yet effectively pre-

vents error accumulation even at aggressive acceleration ratios.
In summary, our contributions are as follows:

e SpeCa Framework: We propose the “Forecast-then-verify”
acceleration framework for diffusion models, SpeCa, inspired by
Speculative Decoding in large language models, addressing the
critical efficiency bottleneck in diffusion model inference. This
framework, through precise forward prediction and a rigorous
lightweight verification mechanism, transcends the theoretical
limitations of traditional acceleration methods, resolving the
quality collapse issue at high acceleration ratios.

e Sample-adaptive Computation Allocation: SpeCa dynami-
cally allocates computational steps by sample complexity. On
HunyuanVideo, it achieves computation reduction for low-
error samples (57.5% cases accelerated 6.48%) while reserving
resources for complex cases (42.5% cases accelerated 5.82x). This
model-specific distribution enables 1% VBench quality drop
compared to full computation, outperforming fixed-step methods
in quality-efficiency tradeoffs.

o State-of-the-Art Performance: Extensive experiments across
various model architectures (DiT, FLUX, HunyuanVideo) demon-
strate that SpeCa significantly outperforms existing acceleration
methods. Notably, it achieves only a 5.5% quality degradation at
6.34x acceleration on FLUX.1-dev; maintains high-quality gen-
eration even at 7.3X acceleration on DiT; and sustains a SOTA
Vbench score of 79.84% on the computationally intensive Hun-
yuanVideo at 6.1x acceleration. These results establish SpeCa as
a new benchmark for efficient diffusion model inference.

2 Related Works

Diffusion models [13, 42] have shown exceptional capabilities in
image and video generation. Early architectures, primarily based on
U-Net [36], faced scalability limitations that hindered large model
training and deployment. The introduction of Diffusion Trans-
former (DiT) [33] overcame these issues, leading to significant
advancements and state-of-the-art performance across various do-
mains [4, 5, 49, 52]. However, the sequential sampling process in
diffusion models remains computationally demanding, prompting
the development of acceleration techniques.

2.1 Sampling Timestep Reduction

A key approach to accelerating diffusion models is minimizing sam-
pling steps while preserving output quality. DDIM [43] introduced a
deterministic sampling method that reduced denoising iterations
without sacrificing fidelity. The DPM-Solver series [27, 28, 51] fur-
ther advanced this with high-order ODE solvers. Other strategies,
such as Rectified Flow [25] and knowledge distillation [30, 39],
reduce the number of denoising steps. Consistency Models [44]
enable few-step sampling by directly mapping noisy inputs to clean
data, removing the need for sequential denoising.

2.2 Denoising Network Acceleration
To accelerate inference, optimizing the denoising network’s com-
putational efficiency is crucial. This can be classified into Model

Compression-based and Feature Caching-based techniques.
Model Compression-based Acceleration. Model compression tech-

niques, including network pruning [9, 53], quantization [16, 20, 41],

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231

232



233
234
235
236
237
238
239
240

242
243
244
245
246
247
248
249
250

251

253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276

278
279
280
281
282
283
284
285
286
287
288
289

290

SpeCa: Accelerating Diffusion Transformers with Speculative Feature Caching

knowledge distillation [21], and token reduction [2, 15], aim to
reduce model complexity while maintaining performance. These
methods require retraining or fine-tuning to minimize quality loss
and achieve faster inference, though they often involve trade-offs,
reducing model size at the cost of expressive power and accuracy.

Feature Caching-based Acceleration. Feature caching is particu-
larly useful for DiT models [19, 29]. Techniques like FORA [40]
and A-DiT [6] reuse attention and MLP representations, while
TeaCache [23] dynamically estimates timestep-dependent differ-
ences. DiTFastAttn [50] reduces redundancies in self-attention, and
ToCa [54] updates features dynamically. EOC [34] optimizes us-
ing prior knowledge. Innovations like UniCP [45] and RAS [26]
further improve efficiency. However, existing methods rely on a
“cache-then-reuse” paradigm, which loses effectiveness as timestep
gaps grow. TaylorSeer [24] introduced a “cache-then-forecast” par-
adigm, predicting future features, but lacks mechanisms to verify
prediction accuracy, which may lead to error accumulation.

2.3 Speculative Sampling

Speculative decoding has emerged as an effective approach for ac-
celerating large language models (LLMs) while preserving output
quality. The core idea, introduced by Leviathan et al.[18], employs a
draft-then-verify mechanism where a smaller model proposes candi-
date tokens that are efficiently verified in parallel by the main model.
Subsequent research has refined this paradigm: SpecInfer[31] in-
troduced adaptive draft lengths, while Medusa [3] enhanced par-
allelism through multiple decoding heads. Recent advances have
expanded the efficiency frontier of speculative methods. SpecTr [47]
incorporated optimal transport theory for improved batch verifi-
cation, and Sequoia [7] developed hardware-optimized tree-based
verification. These approaches effectively leverage parallel com-
putation to circumvent sequential dependencies. The speculative
paradigm has demonstrated versatility beyond text generation do-
mains. SpecVidGen [38] successfully adapted these techniques to
video and image generation tasks, respectively, establishing the
broader applicability of parallel prediction and verification mecha-
nisms across different generative modalities.

Despite these advances, applying speculative sampling to dif-
fusion models presents unique challenges due to the continuous
nature of diffusion states and complex feature dependencies across
timesteps. Current diffusion acceleration methods primarily rely on
caching approaches, which often struggle with error accumulation
and quality degradation. This gap motivates our work, which in-
troduces SpeCa, a novel framework that bridges feature prediction
with speculative principles through a coherent “forecast-then-verify”
mechanism, enabling efficient validation and dynamic acceptance
of predicted features across multiple timesteps.

3 Method

3.1 Preliminary

3.1.1  Diffusion Models. Diffusion models generate structured data
by progressively transforming noise into meaningful data through
iterative denoising steps. The core mechanism models the con-
ditional probability distribution at each timestep as a Gaussian.
Specifically, the model predicts the mean and variance for x;_1
given x; at timestep t. The process is expressed as:
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1 1- ar
po(xe-1lxt) =N (xt—1§ — (xt - ——1p(xz, t)) ,[)’tl), 1)
Vo V1—a;
where N denotes a normal distribution, a; and f; are time-dependent
parameters, and 7y (x;, t) is the predicted noise at timestep ¢. The
process starts with a noisy image and iteratively refines it by sam-
pling from these distributions until a clean sample is obtained.

3.1.2  Diffusion Transformer Architecture. The Diffusion Transformer
(DiT) [32] employs a hierarchical structure G =gy 0g20---0gp,
where each module g; = '7"51 A © Té A° TI\ZLP consists of self-attention
(SA), cross-attention (CA), and multilayer perceptron (MLP) com-
ponents. In DiT, these components are dynamically adapted over
time to accommodate varying noise levels during the image gen-
eration process. The input xt = {xi}fffw is represented as a se-
quence of tokens that correspond to image patches. Each module
integrates information through residual connections, defined as
F(x) = x+ AdaLN o f(x), where AdaLN refers to adaptive layer
normalization, which facilitates more effective learning.

3.1.3  Speculative Decoding. Diffusion models incur high computa-
tional costs due to their sequential sampling process, requiring full
model computation at each timestep. To address this, we introduce
SpeCa, a framework that adapts the predict-validate paradigm to
accelerate diffusion model inference.

n
P . i|x, .
Pyl ~ [ | Paran (il yer) - om0 )

L Paraft (yilx, y<i)

Key benefits include efficient draft predictions, streamlined
validation, and dynamic sequence length adjustment. Effi-
ciency is maximized when draft predictions align closely with the
main model’s distribution, enabling up to y-fold acceleration, where
y is the number of units predicted per iteration.

3.2 SpeCa Framework Overview

Diffusion models incur high computational costs due to their se-
quential sampling, requiring full computation at each timestep. To
mitigate this, we introduce SpeCa, a framework that adapts the
predict-validate paradigm to accelerate inference.

SpeCa intelligently forecasts feature representations for multiple
future timesteps and employs a rigorous validation mechanism,
significantly reducing computational overhead while preserving
generation quality. Unlike existing feature caching methods that
often accumulate errors by ignoring temporal dynamics, our ap-
proach explicitly models feature evolution across timesteps. The
core SpeCa workflow follows a “forecast-verify” paradigm:

(1) Execute a complete forward computation at a key time step
t to obtain accurate feature representation T(xf)

(2) Based on this feature representation, predict the features
for subsequent k time steps {t — 1, —2,...,t — k}

(3) Evaluate the reliability of the predicted features through
an error validation mechanism to decide whether to accept
or reject each prediction step

This framework generates predicted features using a lightweight
draft model and validates them using the main model, forming a
dynamically adaptive inference path.
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Figure 3: Overview of the SpeCa framework that introduces speculative sampling to diffusion models through feature caching.
(a) Our approach employs TaylorSeer as a lightweight draft model to forecast activation features across future timesteps (t — 1
to t — N), with a verification mechanism that computes relative errors at the final network layer. When error exceeds threshold
7 (at t — 2), predictions are rejected and full computation resumes. (b) Comparison between speculative sampling in language
models vs. diffusion models, highlighting our method’s unique components: feature-based prediction, L2-distance verification,
and adaptive computation allocation. This strategy significantly reduces inference costs while preserving generation quality.

3.3 Draft Model: TaylorSeer Predictor

SpeCa uses TaylorSeer as its draft model, which applies Taylor se-
ries expansion to predict features across time steps using current
features and their derivatives. TaylorSeer requires no training while
providing a rigorous and efficient prediction solution. For a feature
T(xg) at the current time step ¢, TaylorSeer effectively predicts the
feature evolution for subsequent k time steps by leveraging tempo-
ral patterns in the diffusion process. This mathematical approach
captures the underlying dynamics of feature transformation as:
mo A 1
A'F (x;) :
1 1 t
Fored (xy_j0) = T (x) + ) ——t= (=K' ®)
=1
where A/F (xf) represents the i-th order finite difference of the
feature, capturing essential patterns across sampling points. This
term is computed through the expression:
i .
Py i—j (1 I
N () = Y (-1 J( .)f(xH,N) @
7=0 J
This formulation approximates higher-order derivatives with N as
the sampling interval and k as the time step difference, enabling
accurate and efficient feature prediction.

3.4 Error Computation and Validation

3.4.1 Relative Error Measure. We quantify prediction quality using
relative error e, which measures deviation between predicted and
actual features:

[ Fprealxy_) = F(x;_)l2
IF(xl_lz+e

ek (©)
where £ = 1078 prevents division by zero. This metric better reflects
generation quality impact than absolute errors.

3.4.2 Sequential Validation Mechanism. Our validation follows a
sequential decision procedure for predictions {t — 1, — 2, ...,t — K}.
At each step, we compare error e, with threshold 7;:

(1) If ex < 17, the prediction for that time step is accepted, and
validation proceeds to the next step;

(2) If e > 4, the current and all subsequent predictions are
rejected, reverting to standard computation.

Formally, for the prediction sequence {t — 1,t — 2, ...,t — K}, the
process produces an acceptance set ‘A and a rejection set R:

A={t—k|e <11,1<k<j} (6)
R={t—k|k>jtu{t—j}ife; >z (7)

To accommodate varying difficulty acrogs diffusion stages, we
apply an adaptive threshold: 7; = 79 - 77 , where 79 is initial
threshold, f € (0, 1) controls decay, and T is total steps. This allows
more speculative execution in early noisy stages while enforcing
stricter checks as fine details emerge.

3.5 Computational Complexity Analysis
Diffusion models traditionally require T sequential sampling steps,
each with a complete forward computation, resulting in a total com-
plexity of O(T - C), where C represents the per-step computational
cost. SpeCa significantly reduces this computational burden through
a strategic combination of speculative sampling and efficient vali-
dation mechanisms. In the SpeCa framework, the T sampling steps
are dynamically divided into two categories:

(1) Complete computation steps: Execute the complete for-
ward computation of the diffusion model

(2) Speculative prediction steps: Use TaylorSeer to predict
features and perform lightweight validation

Let Ty and Tspec denote the number of complete computation
steps and speculative prediction steps, respectively, with T = Ty +
Tspec- The computational cost of SpeCa can be formally expressed
as: O(Tfun - € + Tspec * Cpred + Tspec * Cyerify)- C represents the cost
of a full computation step, while Cpreq and Cyerify represent the
computational complexity of prediction and validation operations.
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Figure 4: Text-to-image generation comparison across ac-
celeration methods. SpeCa (5.70%) achieves visual fidelity
comparable to the baseline FLUX.1-dev, while surpassing
other methods in structure, detail, and semantic accuracy
across prompts. SpeCa better preserves object relationships,
color consistency, and structure in complex scenes.

Let the prediction acceptance rate be o = TS;“ , and we express
Taall = T - (1 — @). The TaylorSeer predictor incurs negligible over-
head (Cpreq < C) and requires no additional training. In modern
diffusion architectures, validation only involves comparing features
in the final layer, costing Cyerify * v - C, where y < 1 (typically
Y < 0.05). Thus, the total complexity simplifies to:

OT-(1-a)-C+T-a-y-O)=0(T-C-(1—-a+a-y)) (8)
Consequently, the theoretical acceleration ratio of SpeCa over
traditional diffusion inference is:
T-C 1

S:T~C-(l—a+a-y) :l—a+a-y

©

Since y < 1, when the prediction acceptance rate « is relatively
high, the speedup can be approximated as: S = ﬁ. This efficiency
arises from SpeCa’s ability to reduce full computations through ac-
curate predictions, while using lightweight validation to maintain
generation quality. Unlike methods that require retraining, SpeCa
can be directly applied to existing diffusion models, providing sig-
nificant computational savings in practical use.

4 Experiments

4.1 Experiment Settings

4.1.1 Model Configurations. For text-to-image generation, we em-
ploy FLUX.1-dev[17], which utilizes Rectified Flow sampling with
50 steps. This model is evaluated on NVIDIA H800 GPUs. For text-
to-video generation, we use HunyuanVideo[22, 46], evaluated
on the Hunyuan-Large architecture with 50-step inference, using
NVIDIA H3800 80GB GPUs. Lastly, for class-conditional image gen-
eration, we utilize DiT-XL/2 [32], which employs 50-step DDIM
sampling and is evaluated on NVIDIA A800 80GB GPUs. For detailed
model configurations, please refer to the Supplementary Material.

4.1.2  Evaluation and Metrics. For the FLUX.1-dev, operating at
a resolution of 1000 x 1000, we used 200 high-quality prompts
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from DrawBench [38] to generate diverse, photorealistic images.
The overall quality was comprehensively assessed using ImageRe-
ward [48], and their alignment with the text was evaluated using
the GenEval [10] benchmark. For the text-to-video generation task,
we employed the VBench [14] framework with 946 prompts, gener-
ating 4,730 videos, which were evaluated across 16 core dimensions.
For class-conditional image generation, we sampled 1,000 categories
from ImageNet [37], producing a total of 50,000 images, which were
evaluated using FID-50k [11], sFID, and Inception Score.

4.2 Text-to-Image Generation

Quantitative Study. SpeCa demonstrates significant superiority
over other methods, especially at high acceleration rates. At a 6.34x
speedup, SpeCa achieves an Image Reward of 0.9355, far surpassing
other methods such as TeaCache (0.7346) and TaylorSeer (0.8168).
Additionally, SpeCa achieves a Geneval Overall score of 0.5922, also
outperforming other high-acceleration methods. These results high-
light SpeCa’s ability to maintain generation quality while achieving
high acceleration, with its advantages becoming more pronounced
at higher acceleration rates. In contrast, many traditional methods
such as TeaCache and TaylorSeer experience significant degrada-
tion in image quality when aiming for high acceleration, leading to a
substantial decrease in Image Reward (e.g., TeaCache at 0.6356, Tay-
lorSeer at 0.5886). This performance difference underscores SpeCa’s
robustness and efficiency in high-speed inference, demonstrating its
ability to minimize quality loss while enabling substantial accelera-
tion, making it a clear leader in efficient text-to-image generation.

Qualitative Study. SpeCa maintains visual quality comparable
to the baseline model FLUX.1-dev even at an acceleration ratio of
5.70x, significantly outperforming other high-acceleration meth-
ods. Other models at similar acceleration ratios typically exhibit re-
duced structural integrity (as shape distortion in “matching socks”),
decreased detail precision (like texture blurring in “downtown Saigon”),
and object boundary ambiguity (like extra limbs appearing in “Su-
perman shaking hands with Spiderman”). In contrast, SpeCa demon-
strates remarkable advantages in preserving object morphology,
textural details, semantic accuracy, and object boundary integrity,
proving its excellence in text-to-image generation.

4.3 Text-to-Video Generation

Quantitative Study. SpeCa demonstrates exceptional computa-
tional efficiency while maintaining high quality. As shown in Ta-
ble 2, our base configuration achieves 5692.7 TFLOPs with 5.23%x
acceleration and 79.98% VBench, outperforming TaylorSeer (N=5,
O=1) at 5.00x acceleration and 79.93% quality. SpeCa outperforms
step reduction (78.74%), TeaCache (79.36%), ToCa (78.86%), and
DuCa (78.72%), despite similar acceleration ratios. In the enhanced
configuration, computational cost is further reduced to 4834.8 TFLOPs
with 6.16X speedup, while maintaining 79.84% quality, showcas-
ing the effectiveness of speculative sampling and sample-adaptive

computation in balancing efficiency and output quality.
Qualitative Study. In the qualitative experiments of SpeCa, the

model successfully overcomes three common generation errors and
demonstrates significant advantages in accelerating inference. First,
it addresses the Clock Face Scale and Text Spelling Error, accurately
generating clock face symbols and avoiding issues like symbol dis-
tortion or text errors, ensuring visual clarity and semantic accuracy.
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Table 1: Quantitative comparison in text-to-image generation for FLUX on Image Reward.

Method Efficient Acceleration Image Reward T Genevall
FLUX.1[17] Attention [8] Latency(s) | Speed T ‘ FLOPs(T) | Speed T DrawBench Overall
[dev]: 50 steps (4 17.84 1.00x 3719.50 1.00x 0.9898 0.6752

60% steps (4 10.84 1.65% 2231.70 1.67X 0.9739 0.6546

50% steps (4 9.03 1.98% 1859.75 2.00x 0.9429 0.6655

40% steps (4 7.15 2.50% 1487.80 2.62X 0.9317 0.6606

34% steps v 6.12 2.92% 1264.63 3.13% 0.9346 0.6501

A-DIT (N = 2)[6] v 12.07 1.48% 2480.01 1.50% 0.9316 0.6700

A-DiT (N =3) 7 [6] (4 9.21 1.94% 1686.76 2.21% 0.8561 0.6379
FORA (N =6) 7 [40] v 4.02 4.44x 893.54 4.16x 0.8235 0.5940

ToCa (N =8, N =90%) * [54] X 5.94 3.00x 784.54 4.74% 0.9086 0.6347

DuCa (N =8, N =70%) [55] (4 7.59 2.35% 838.61 4.44% 0.8905 0.6361
TeaCache (I =0.8) T [23] (4 4.98 3.58% 892.35 4.17x 0.8683 0.6356
TaylorSeer (N =5,0 = 2) [24] (4 6.17 2.89% 893.54 4.16X 0.9992 0.6266
SpeCa v 4.93 3.62X% 791.40 4.70% 0.9998 (+0.0100) 0.6397 (+0.0355)
FORA (N =7) 1 [40] v 3.98 4.48x 670.44 5.55% 0.7398 0.5678

ToCa (N =10, N = 90%) T [54] X 5.65 3.16% 714.66 5.20% 0.7131 0.6026

DuCa, (N =9, N =90%) 1 [55] (4 4.69 3.80% 690.26 5.39% 0.8601 0.6189
TeaCache(l = 1.2) 1 [23] v 3.98 4.48% 669.27 5.56X 0.7351 0.5845
TaylorSeer (N = 7,0 = 2) 1 [24] v 5.02 3.55x 670.44 5.55% 0.9331 0.5886
SpeCa (4 4.14 4.31x 652.14 5.70% 0.9717 (-0.0181) 0.6338 (-0.0414)
FORA (N =9) 7 [40] v 3.36 5.31x 596.07 6.24x 0.5442 05199

ToCa (N =12, N =90%) 7T [54] b 4 5.27 3.39% 644.70 5.77X 0.7131 0.5479

DuCa (N =12, N = 80%) T [55] (4 4.18 4.27% 606.91 6.13% 0.6753 0.5561
TeaCache (I = 1.4) + [23] v 3.63 491x 594.90 6.25 0.7346 0.5524
TaylorSeer (N = 9,0 = 2) T [24] v 4.72 3.78x 596.07 6.24% 0.8168 0.5380
SpeCa v 3.81 4.68% 586.93 6.34X 0.9355 (-0.0543) 0.5922 (-0.0830)

e | Methods exhibit significant degradation in Image Reward, leading to severe deterioration in image quality.
. : Deviation from FLUX.1-dev 50stpes baseline (ImageReward=0.9898, Geneval Overall=0.6752). Blue: SpeCa’s superior performance with minimal quality loss

Table 2: Quantitative comparison in text-to-video generation
for HunyuanVideo on VBench.

Method ‘ Latency(s) | Speed T ‘ FLOPs(T) | Speed T ‘ VBench T
50-steps 145.00 1.00x 29773.0 1.00x 80.66
22% steps 31.87 4.55% 6550.1 4.55% 78.74
TeaCache! 30.49 4.76X 6550.1 4.55% 79.36
FORA 34.39 4.22X 5960.4 5.00% 78.83
ToCa 38.52 3.76X 7006.2 4.25% 78.86
DuCa 31.69 4.58% 6483.2 4.62X 78.72
TeaCache? 26.61 5.45% 5359.1 5.56X 78.32
TaylorSeerl 34.84 4.16X 5960.4 5.00% 79.93
SpeCa1 34.58 4.19% 5692.7 5.23% 79.98
TaylorSeer2 31.69 4.58% 5359.1 5.56X 79.78
SpeCa2 31.45 4.61% 4834.8 6.16X 79.84

Second, for the Vase Pattern and Color Mismatch, SpeCa preserves
intricate patterns and color matching, unlike other methods that
often suffer from detail loss or inaccurate colors in complex pat-
terns. Finally, when tackling the Bicycle Structural Deformation and
Breakdown issue under high acceleration, SpeCa maintains struc-
tural integrity and high-quality content generation, while other
methods tend to lose motion blur and exhibit structural deformation.
Through its innovative speculative sampling mechanism, SpeCa en-
sures high-efficiency inference without compromising generation
stability or content accuracy.

4.4 Class-Conditional Image Generation
We evaluated SpeCa against established acceleration methods in-
cluding ToCa[54], FORA[40], DuCa[55], state-of-the-art TaylorSeer,

and baseline DDIM with reduced sampling steps on DiT-XL/2[32]
architecture. Results demonstrate that SpeCa consistently outper-
forms existing methods, particularly at high acceleration ratios.
At 5% acceleration, conventional methods struggle: DDIM-10 (FID
12.15), FORA (9.24), ToCa (12.86), and DuCa (12.05) show substantial
degradation, while SpeCa achieves an exceptional FID of only 2.72,
outperforming TaylorSeer (3.09) by 12% with 5X faster inference.
The disparity becomes more pronounced at 6.76 X acceleration,
where traditional approaches severely degrade: DDIM-8 (FID 23.13),
ToCa (21.24), and DuCa (31.97). Even TaylorSeer shows significant
quality loss (FID 4.42). Under these extreme conditions, SpeCa main-
tains remarkable robustness with an FID of only 3.76 while pre-
serving advantages across sFID and Inception Score. These results
empirically validate our method’s superiority, effectively mitigat-
ing error accumulation and addressing fundamental limitations in
diffusion model acceleration.

4.5 Ablation Studies

Hyperparameter Analysis. Figure 8 demonstrates the impact of
threshold (7p) and decay rate (f) on SpeCa performance. Our analy-
sis reveals that increasing 7y substantially reduces computational
demands (measured in FLOPs) at the expense of generation quality,
with FID and sFID metrics showing marked degradation beyond
79 > 0.5. Meanwhile, higher decay rates (f) yield marginal improve-
ments in acceleration with negligible impact on output fidelity. Our
adaptive threshold scheduling enables more aggressive time step
skipping in the early denoising stages and more conservative pro-
gression in later stages, effectively balancing efficiency and fidelity
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‘A clock-2"
Clock Face Scale and Text Spelling Error

11Steps
4.55%

FORA
5.00x

ToCa
4.25%

DuCa
4.62x

TaylorSeer
5.56x

TeaCache
5.56x

SpeCa
6.14%

Vase Pattern and Color Mismatch
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‘A purple bicycle”

Bicycle Structural Deformation and Breakdown

‘A vase”

Figure 5: Visualization of different generation methods on various objects. While achieving better accuracy in object creation,
other methods suffer from issues such as spelling errors, missing details, and structural distortions. In contrast, our method
excels in maintaining high-quality, precise generation without these errors.

Regression Line (r = 0.582) Regression Line (r = 0.570)]

0-th Layer Activation Error
9-th Layer Activation Error

Final Prediction Error

Regression Line (r = 0.842)

Final Prediction Error

Regression Line (r = 0.637)

18-th Layer Activation Error
27-th Layer Activation Error

Final Prediction Error Final Prediction Error

Figure 6: Strong correlation (r=0.842) between 27-th Layer
errors and final output errors, validating its use as an effi-
cient monitoring point. Results align with our Taylor-based
analysis of error propagation in DiT’s deeper layers.

throughout the generation process. Tables 4 and 5 provide com-
prehensive quantification of these relationships, illustrating how
these parameters enable optimal trade-offs between computational
efficiency and generation quality.

Validation Layer Selection and Trajectory Analysis. Our analysis
of layer-wise feature correlations reveals that deeper layers provide
more reliable indicators of final output quality. Figure 6 presents
correlation analysis between activation errors measured at different
DiT network layers and final generated image errors. Each scatter
plot represents a generated sample, with the X-axis depicting the
error between the final predicted output and the original full-step
diffusion model output, while the Y-axis represents the activation er-
ror at specific network layers. Results demonstrate that 27-th Layer
(deep layer) activation errors exhibit the strongest correlation
(r=0.842) with final output errors, substantially higher than shallow
layers (0-th Layer: r=0.582, 9-th Layer: r=0.570) and middle layers
(18-th Layer: r=0.637). This finding provides robust support for our
validation strategy: we can efficiently predict final generation qual-
ity by monitoring deep layer feature errors without computing the
entire network. This aligns precisely with our theoretical analysis
of error propagation based on Taylor expansion, confirming that
deeper features have a more direct and deterministic influence on fi-
nal output quality. Additionally, trajectory analysis in feature space
confirms that SpeCa maintains evolution paths closely aligned with
standard sampling, even at high acceleration ratios (5x). This trajec-
tory preservation explains why our method maintains generation
quality while significantly reducing computation. The consistent
correlation patterns observed across diverse visual domains further
validate our approach’s generalizability and robustness in practical
generation scenarios. Refer to Appendices for detailed analyses.
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Table 3: Quantitative comparison on class-to-image generation on ImageNet with DiT-XL/2.
Efficient Inception
Method Lat FLOPs(T d FID FID
etho Attention atency(s) | s(h | Speed T l s ! Score T
DDIM-50 steps (%4 0.995 23.74 1.00x 2.32 4.32 241.25
DDIM-25 steps v 0.537 11.87 2.00x 3.18 4.74 232.01
DDIM-20 steps+ v 0.406 9.49 2.50% 3.81 5.15 221.43
DDIM-12 steps | v 0.128 5.70 4.17x 7.80 8.03 184.50
DDIM-10 steps f (4 0.224 4.75 5.00x 12.15 11.33 159.13
DDIM-8 steps v 0.189 3.80 6.25% 23.13 19.23 120.58
DDIM-7 steps (4 0.168 3.32 7.14X 33.65 27.51 92.74
A-DiT(N = 2) v 0.740 18.04 1.31x 2.69 4.67 225.99
A-DiT(N =3) + (%4 0.658 16.14 147X 3.75 5.70 207.57
FORA (N =6) T v 0.427 5.24 4.98% 9.24 14.84 171.33
ToCa (N =9, N =95%) T X 1.016 6.34 3.75% 6.55 7.10 189.53
DuCa (N =6, N =95%) T v 0.817 5.81 4.08x 6.40 6.71 188.42
TaylorSeer (N =6,0 =4) v 0.603 4.76 4.98% 3.09 6.50 225.16
SpeCa v 0.476 4.76 4.99% 2.72 (+0.40) 5.51 (+1.19) 233.85 (-7.40)
FORA (N =7) f v 0.405 3.82 6.22% 12.55 18.63 148.44
ToCa (N =13, N =95%) T X 1.051 4.03 5.90% 21.24 19.93 116.08
DuCa (N =12, N = 95%) 1 v 0.698 3.94 6.02% 31.97 27.26 87.94
TaylorSeer (N =8,0=4) } v 0.580 3.82 6.22% 4.42 7.75 205.16
SpeCa v 0.436 3.51 6.76X 3.76 (+1.44) 7.13 (+2.81) 217.10 (-24.15)
FORA (N =8, N =95%) T v 0.405 3.34 7.10X 15.31 21.91 136.21
ToCa (N =13, N =98%) T X 1.033 3.66 6.48% 22.18 20.68 110.91
DuCa (N =18, N = 95%) 1 v 0.714 3.59 6.61X 133.06 98.13 15.87
TaylorSeer (N =9,0=4)7 v 0.571 3.34 7.10%x 5.55 8.45 191.19
SpeCa v 0.431 3.26 7.30%X 3.78 (+1.46) 6.36 (+2.04) 217.61 (-23.64)
e+ Methods exhibit significant degradation in FID, leading to severe deterioration in image quality.
. : Deviation from DDIM-50 baseline (FID=2.32, sFID=4.32, IS=241.25). Blue: SpeCa’s superior performance with minimal quality loss
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Figure 7: VBench performance of Figure 8: Hyperparameter sensitivity analysis of SpeCa showing effects of base ratio

SpeCa versus baselines.

5 Conclusion

In this paper, we introduce SpeCa, a novel acceleration framework
based on the “forecast-then-verify” mechanism for diffusion mod-
els. By extending speculative sampling principles to the diffusion do-
main, we successfully address the quality collapse issue that plagues
traditional methods at high acceleration ratios. SpeCa employs a
lightweight verification mechanism (consuming merely 1.67%-3.5%
of full forward pass computation) to effectively evaluate predic-
tion reliability, while introducing sample-adaptive computation
allocation that dynamically adjusts computational resources based
on generation complexity. Extensive experiments demonstrate sig-
nificant performance improvements across various architectures:

(70) and decay rate () on computational efficiency and generation quality in SpeCa.

achieving 6.34X acceleration with only 5.5% quality degradation on
FLUX models, maintaining high-fidelity generation at 7.3x accel-
eration on DiT models, and attaining 79.84% VBench score at 6.1x
acceleration on the computationally intensive HunyuanVideo. As a
plug-and-play solution, SpeCa seamlessly integrates into existing
diffusion architectures without additional training, opening new
avenues for diffusion model deployment in resource-constrained
environments. Future work will explore applications to additional
modalities and investigate synergies with other acceleration tech-
niques, further enhancing the efficiency and applicability of diffu-
sion models in practical scenarios.
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A Experimental Details

In this section, more details of the experiments are provided. All
models incorporate a unified forced activation period N, while O
represents the order of the Taylor expansion.

A.1 Model Configurations.

The experiments are conducted on three state-of-the-art visual
generative models: the text-to-image generation model FLUX.1-
dev [17], text-to-video generation model HunyuanVideo [46], and
the class-conditional image generation model DiT-XL/2 [32].
FLUX.1-dev[17] predominantly employs the Rectified Flow [25]
sampling method with 50 steps as the standard configuration. All ex-
perimental evaluations of FLUX.1-dev were conducted on NVIDIA
H800 GPUs.

HunyuanVideo [22, 46] was evaluated on the Hunyuan-Large
architecture, utilizing the standard 50-step inference protocol as
the baseline while preserving all default sampling parameters to
ensure experimental rigor and consistency. Comprehensive per-
formance benchmarks were systematically conducted on NVIDIA
HB800 80GB GPUs for detailed latency assessment and thorough
inference performance analysis. The configuration parameters for
FORA were set to N = 5; ToCa and DuCa were configured with
N =5,R =90%; TaylorSeer] was parameterized with N = 5,0 =1,
while TaylorSeer2 used N = 6,0 = 1; TeaCache! was configured
with a threshold of I = 0.4, and TeaCache?® with [ = 0.5.

DiT-XL/2 [32] adopts a 50-step DDIM [43] sampling strategy to
ensure consistency with other models. Experiments on DiT-XL/2
are conducted on NVIDIA A800 80GB GPUs.

B Hyperparameter Analysis

Figure 8 illustrates how the base threshold (7p) and decay rate (f) af-
fect SpeCa performance. Increasing the base threshold significantly
reduces computational cost (FLOPs) while elevating FID and sFID
values, with quality metrics notably deteriorating when 7o > 0.5.
Higher decay rates slightly improve acceleration ratios with mini-
mal impacts on generation quality. Tables 4 and 5 further quantify
these trends, demonstrating how adjusting these parameters en-
ables SpeCa to achieve various trade-offs between computational
efficiency and generation quality.

C Trajectory Analysis

Figure 9 presents feature evolution trajectories of different accelera-
tion methods during the generation process. These trajectories are
visualized in a two-dimensional plane after applying Principal Com-
ponent Analysis (PCA) to high-dimensional feature representations
at each timestep. Each trajectory represents a specific sample (such
as “daisy”, “horse”, “tiger”, or "flamingo") progressing from noise to
clear image, with star and square markers indicating the trajectory’s
beginning and end points, respectively. The visualization clearly
demonstrates that despite achieving a 4.99x acceleration, SpeCa’s
feature evolution trajectory (red line) almost perfectly overlaps
with the original DiT (blue line, 1.0x speed), while significantly
outperforming other acceleration methods such as ToCa (4.92x)
and TaylorSeer (4.99%). This result conclusively demonstrates our
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Figure 9: Scatter plot of the trajectories of different diffusion
acceleration methods after performing Principal Component
Analysis (PCA). The figure illustrates how the trajectories
evolve across different methods, highlighting their relative
efficiencies in terms of feature evolution.

method’s capability to accurately maintain the dynamic character-
istics of the original diffusion process while substantially reducing
computational steps, ensuring high-quality image generation.

Collectively, these hyperparameter analyses, deep layer valida-
tion strategies, and trajectory fidelity studies showcase SpeCa’s
exceptional performance and flexibility in accelerating diffusion
model inference, providing robust guarantees for efficient genera-
tion in practical applications.

Table 4: Ablation study on decay rate (base_threshold=0.5)

Decay Rate § FLOPs(T) | Speed T ‘ FID| sFID| 1IS7
0.12 4.44 5.35 2.87 534  232.05
0.10 4.51 5.27 2.81 530 232.63
0.08 4.56 5.21 2.78 5.20 23451
0.05 4.57 5.19 2.72 5.21 234.26
0.03 4.59 5.17 2.78 5.20 23451
0.01 4.68 5.08 2.74 548 23454

Table 5: Ablation study on base threshold (decay_rate=0.5)

Threshold ) FLOPs(T) | Speed T |FID| sFID| IS7
0.1 4.95 4.80 268 534 23279
0.3 4.76 4.99 272 551  233.85
0.5 4.57 5.19 272 521 23426
0.8 3.31 7.18 505 712 196.07
1.0 3.15 7.53 573 777 187.40
1.2 3.06 7.75 6.05 820 184.94

D Anonymous Page for Video Presentation

To further showcase the advantages of SpeCa in video generation,
we have created an anonymous GitHub page. For a more detailed
demonstration, please visit https://speca2025.github.io/SpeCa2025/.
Additionally, the videos are also available in the Supplementary
Material.
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E Theoretical Analysis
E.1 Error Propagation Analysis

THEOREM 1 (PREDICTION ERROR BOUND). For an m-th order Tay-
lor expansion predictor with sampling interval N, the prediction error
at step k satisfies:

m+2

(m + 2)INm+2

Lm+1km+1

e S0
lexllz < s

7 (xh) 12 +0( ) (10)

where L is the Lipschitz constant of the feature evolution.

Proor. The Taylor expansion of F (xi_ ) around xi gives:

Fxd )= > ST NF () + R () )
=0
where Ry, (k) = ﬂ?‘(mﬂ)(é’) Eelt—kt] (12)
m (m + 1)INm+1 ’ ’

For diffusion models, the feature evolution is governed by the
underlying stochastic differential equation:

dF (xL) = p(F (L), ydr + (1) dW; (13)

where y is the drift term, o is the diffusion coefficient, and W is
the Wiener process.

Due to the smoothness properties of the diffusion process, we
can bound the higher-order derivatives. Let ¥ denote the i-th
derivative of the feature with respect to time. For the drift and
diffusion coefficients in diffusion models, we have:

Ip(F (<), D)ll2 < LIF (D)1l (14)

where L is the Lipschitz constant of the drift term.
Using the theory of finite differences, the approximation error
of the finite difference operator is bounded by:

IATF () = NPFD (<Dl < ONFYFED Dy, (15)

for some constant C.
Furthermore, under the Lipschitz continuity assumption, we can
establish:

IA'F (ep)llz < (L) IF (<)l (16)
This bound follows from the recursive application of the Lips-

chitz property across successive timesteps. For the i-th derivative,
we have:

17D D e < LIF iz (17)

Applying these bounds to the remainder term:

m+1 » I
m
B (Bl < g L I e (18)
The prediction error is thus:
1 Fprea(x_g) = Fxp_)ll2 = [IRm (K)l2
Lm+1km+1 !

s WHT(X:)HZ (19)

km+2
o|——
(m + 2)INm+2

12

Anon.
The relative error is defined as:
o - [ Forea () = F(x!_)ll2 0
IF Gl +7
(21)

To relate ||T(xf‘_k) |2 to ||‘F(x£) |l2, we use the reverse Lipschitz
condition:

17 Gl = (1= SOIF (D (22)

which follows from the fact that the feature evolution in diffusion
models exhibits controlled decay properties.
Substituting this lower bound:

pmHigmtl 7 () Iz a2
e < (m DN I — +0(k 2y (23)
: (1= FONF )2
m+1.m+1
L™k L O(™) (24)

= | Nm+1
(m+1)IN 1- 4

For small values of % (which is typically the case in our setting),

we can approximate N L
N

=1+ %, yielding:

Lm+1km+1 Lk 2
er < W(l+ﬁ)+o(km ) (25)
Lm+1 km+1 Lm+2km+2 a2
T m+ DINT T (ma )N O™ (20
Lm+1 km+1 km+2
T (m+ 1)INmH (Nm+2) @
This completes the proof of the error bound. O

E.2 Convergence Guarantee

THEOREM 2 (DISTRIBUTIONAL CONVERGENCE). When the verifi-
cation threshold schedule satisfies:

_ et Bir(1-ar)
R P eI 9

the generated distribution pspe. converges to porig in total variation
distance:

Tlgnoo lpspec — porigllTv =10 (29)

ProoF. We decompose the proof into three main components:
first establishing the relationship between feature errors and output
image errors, then analyzing the error propagation through the dif-
fusion process, and finally proving convergence in the distribution
space.

1. Noise Schedule Compatibility:

In diffusion models, the denoising process at timestep ¢ is given
by:

1 1—a; ( [) +
— (%t — —=1p(xt, 0tz
Vat Vl — At 0
where z ~ N(0,1) is the random noise added during sampling, and

O't=\/E.

Xt—1 = (30)
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Let xj_, be the output generated using the original model and
x¢—1 be the output from our SpeCa framework. The error between
these outputs can be expressed as:

1 1-«
llxe-1 = x/_4ll2 = H— (xt - ———rp(xr, t))
var V1—a;

1 1-—ar
—— % —=rp(xs, t)) (31)
\/a_t( Vi—a 2
1 1-
llzp (xe, 1) = 79 (x2, 1) 2

Vv

The predicted noise 7g(x;, t) is a function of the feature repre-
sentation T(xi). Under the Lipschitz continuity of the mapping
from features to noise predictions, we have:

75 (xe 1) = g (e, Ollz < KIF* (<) - FDllz - (32)

where K is the Lipschitz constant of the mapping.
Substituting our definition of relative error e;:

17 () = F (D)l = e - (IF (xDll2 +7) (33)
Therefore:
llxe—1 = x4 LY K (IFGHI ) (4
t—1 7~ Xp_q 2 < — \/—\/1_— /12
=Crer - (IF (D2 +7) (35)
A-ap
where C; = — \FW

Our verification condition ensures:

pr(1—ar)
R ey T o

This implies:

Br(1—a;)
1+ |7 (D12

F 1

1+ [|IF ()13

Cr-VP:(1—ar) (39)

This bounds the per-step error in terms of the diffusion noise
schedule.

2. Martingale Analysis:

We now analyze the error accumulation across multiple steps.
Define the error process:

CIF DI+ (37)

llxr—1 — Xf_1||2 <

(38)

t
My = llxe = %515 = )" Elllzli3] (40)
s=1

where 75 = x5 — E[xs|xs4+1] represents the error introduced at step

S.
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We can show that {M;} forms a martingale with respect to the
filtration #; (the information available up to time ¢):

t+1

E[Mes|F2] = Elllxet - x7, 3172] - D Ellissl3] (41)
s=1
= Ilxe = x 115 + Elllze+111517] (42)
- Zt] Elllzsl13] = Elllze1ll3] (43)
s=1
= My +E[llze4ll3172] = Elllze41113] (49)

(45)

Under our verification threshold condition, the error ;41 is
bounded such that:

Elllze+1 15121 = Elllrzall3] (46)

Therefore:
E[Me41|Fe] = My (47)
This confirms that {M;} is indeed a martingale.

For the martingale to converge, we need to verify the Lindeberg
condition:

T 4
ZE[II;IIZ] c o (48)
t=1 t
Under our threshold schedule, we have:
Elllzl3] < Cf - (B (1 - ar)? (49)
K4(1 - at)4 2
_ 1- 50
gy P (50)
_ o \4p2
_grdma)p azt) bi (51)
ay
Therefore:
Z ||n|| Z - a? at) (52)
t=1
(53)

In diffusion models, the schedule typically satisfies a; — 1 as
t — T, ensuring the above sum is finite.

By the martingale convergence theorem, M; converges almost
surely, implying:

t
. 2 2
lim, ||xt—x;‘||z—ZE[||rs||2]) = Mo <coas.  (54)

3. Convergence in Distribution:

Finally, we need to translate the almost sure convergence of the
error process to convergence in distribution. For diffusion models,
the total variation distance between the generated distributions can

be bounded by:

llPspec Elllxo - x3ll51  (55)

= porigllTv < E[llxo — xgll2] <

From our martingale analysis:

T
[Mo] + > Elllzsli3]

s=1

Elllxo - xg 3] = E

T
=E[Mr]+ ) Ellzsl3]
s=1 (56)
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Under our threshold schedule, we have:

T T
D ElInliE] < Y CE p(1-a) > 0asT >0 (57)
s=1 s=1
Therefore:
li = Pori =0 58
TI—I}}m ”PSpec Porlg”TV (58)
This completes the proof of distributional convergence. ]

E.3 Computational Complexity

THEOREM 3 (SPEEDUP LOWER BOUND). With acceptance rate
and verification cost ratio y, the speedup ratio S satisfies:
1

1-— a(l _ }/ _ Cuvzheud)

where Cyyerhead 1S the constant-time overhead.

S >

(59)

Proor. To establish a comprehensive understanding of the com-
putational complexity, we analyze the component-wise breakdown
of both the traditional diffusion sampling and our SpeCa approach.

1. Traditional Diffusion Sampling: The standard diffusion
model inference requires T sequential denoising steps, each re-
quiring a full forward pass through the model. Let C denote the
computational cost of a single forward pass. The total computa-
tional complexity is:

Tstandard =T - C (60)

2. SpeCa Computational Components:

Let us break down the computation in SpeCa:

(a) Full computation steps: These are the steps where we perform
a complete forward pass through the diffusion model. If we denote
the number of such steps as Tgyj, the computational cost is:

Trn - C (61)

(b) Prediction steps: For the speculative steps, we use TaylorSeer
to predict features for subsequent timesteps. The computational
cost of prediction is negligible compared to a full forward pass, but
we include it for completeness:

Tspec : Cpred (62)

where Cpreq < C.

(c) Verification steps: For each speculative prediction, we need to
validate its accuracy using our lightweight verification mechanism.
This involves computing the relative error between the predicted
features and the actual features. The cost per verification is:

Cverify =y - C+ Coverhead (63)

where y is the ratio of the verification cost to the full forward pass
cost, and Cyyerhead 1S @ constant overhead independent of the model
size.

In modern diffusion architectures (DiT, FLUX, HunyuanVideo),
the verification only requires comparing features in the final layer,
resulting in y < 1. Our empirical measurements show y = 0.035
for DiT, y =~ 0.0175 for FLUX, and y =~ 0.0167 for HunyuanVideo.

3. Total Computation for SpeCa:

The total computational cost for SpeCa is:

(64)
(65)

Tiotal = Trui1 - C + Tspec . Cpred + Tspec : Cverify
~ Tray - C+ Tspec . (Y -C+ Coverhead)
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where we have neglected Cpeq as it is significantly smaller than
other terms.
4. Acceptance Rate Analysis:
Define the acceptance rate « as the ratio of speculative steps to
total steps:
_ Tspec
=TT
This means Ty = T — Tspec = T(1 — a). Substituting into our
total computation formula:

(66)

Ttotal = T(l - 0() C+Ta- (Y -C+ Coverhead) (67)
=TC(1 - a) + TayC + TaCyyerhead (68)
=TC[1 - a + ay] + TaCoyerhead (69)
=TC[1 - a(1 - y)] + TaCoyerhead (70)

5. Speedup Ratio:
The speedup ratio S is defined as the ratio of the standard com-
putation time to the SpeCa computation time:

_ Tstandard (71)
Tiotal
TC
= (72)
TC[1 - a(1-y)] + TaCqyyerhead
1
= (73)
1— 0((1 _ )/) + Tac;\grhead
1
= (74)
1- (Z(l _ Y) + acuvecrvhead
1
= (75)
l—a+ ay_'_ acov%head
1
= (76)
1— (X(l -y- Coveéhead

6. Practical Approximation:

For modern architectures where C > Cyyerhead (the model com-
putation dominates over any constant overhead), and with y ~ 0.05,
we can approximate:

1
S~ 1-—a(l-y) @7)
1
¥ 1= 2(0.95) (78)
1
¥ 1-095a (79)

When « approaches 1 (high acceptance rate), the speedup ap-
proaches r})S = 20x. In practice, we observe acceptance rates of
approximately @ = 0.85 across various models and datasets, result-
ing in speedups around m X m ~ 5.2X, which aligns
with our experimental results.

This analysis demonstrates that SpeCa’s efficiency directly cor-
relates with the acceptance rate of speculative predictions, with
theoretical maximum speedups approaching )l, asa — 1. O

E.3.1 Adaptive Threshold Selection. The adaptive threshold is a
critical component in balancing the trade-off between acceleration
and quality. We adopt a timestep-dependent threshold schedule:

=t T (80)
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SpeCa: Accelerating Diffusion Transformers with Speculative Feature Caching

where 7 is the initial threshold, § € (0, 1) is the decay factor, and
T is the total number of timesteps.

This schedule is motivated by the following observations:

1. Noise Level Correlation: In early timesteps (large ¢), the
diffusion process is dominated by random noise, making feature
predictions more reliable and allowing for higher thresholds.
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2. Detail Sensitivity: As ¢ decreases, the diffusion process fo-
cuses on generating fine details, requiring stricter thresholds to
maintain visual quality.

3. Error Propagation: Errors in early timesteps have greater
impact on final quality due to error accumulation, necessitating an
exponential decay in threshold value.
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