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Abstract

Diffusion models achieve strong generative performance
but remain slow at inference due to the need for repeated
full-model denoising passes. We present Token-Adaptive
Predictor (TAP), a training-free, probe-driven framework
that adaptively selects a predictor for each token at every
sampling step. TAP uses a single full evaluation of the
model’s first layer as a low-cost probe to compute proxy
losses for a compact family of candidate predictors (in-
stantiated primarily with Taylor expansions of varying or-
der and horizon), then assigns each token the predictor
with the smallest proxy error. This per-token “probe-then-
select” strategy exploits heterogeneous temporal dynamics,
requires no additional training, and is compatible with var-
ious predictor designs. TAP incurs negligible overhead
while enabling large speedups with little or no perceptual
quality loss. Extensive experiments across multiple diffu-
sion architectures and generation tasks show that TAP sub-
stantially improves the accuracy–efficiency frontier com-
pared to fixed global predictors and caching-only baselines.

1. Introduction
Diffusion Models (DMs) [8] have become a cornerstone

of generative modeling, delivering state-of-the-art results

in image synthesis [28] and video generation [1]. Ad-

vances in scalable architectures such as Diffusion Trans-

formers (DiT) [27] have further improved fidelity, but the

sequential nature of diffusion sampling remains a funda-

mental bottleneck: every denoising step requires a full for-

ward pass through an often large and computationally ex-

pensive model. This per-step full-model requirement cre-

ates a stark trade-off between generation quality and in-

ference efficiency that grows more severe as models and

datasets scale. Existing reductions in sampling steps (e.g.,

DDIM [35]) mitigate some temporal dependency but cannot

*Corresponding author: wangbins@tsinghua.edu.cn

fully avoid trajectory truncation errors. Complementary ap-

proaches aim to reduce per-step cost by reusing or approxi-

mating intermediate features across timesteps, yet they face

their own limitations.

Many recent caching and prediction-based accelerators

exploit temporal redundancy in features across adjacent

timesteps [4, 32, 45]. TaylorSeer [19] formalizes temporal

forecasting with Taylor-style expansions to predict multi-

step feature evolution and achieves substantial savings at

moderate acceleration ratios. However, prior methods typ-

ically apply a single, global prediction policy to all tokens

and timesteps, overlooking an important empirical fact: the

appropriate approximation complexity varies across tokens

and over time. Low-order Taylor approximations are of-

ten sufficient for tokens that evolve slowly, but tokens that

experience large displacements or rapid dynamics typically

require higher-order or alternative predictors to avoid sig-

nificant truncation (or extrapolation) errors. Applying a

single global predictor throughout the sampling process for

every sample therefore risks error accumulation and severe

quality degradation at aggressive acceleration ratios. Fur-

thermore, adaptively selecting the appropriate predictor for

each token remains an open and nontrivial challenge.

To address these limitations, we propose Token-Adaptive
Predictor (TAP), a token-adaptive diffusion acceleration

framework that dynamically selects, for every token at each

sampling step, the most suitable predictor from a compact

family of candidates. TAP is founded on a simple, low-

overhead insight: input perturbation to the model and the

resulting output error are highly correlated, so a single full

evaluation of the model’s first layer can serve as an infor-

mative probe of a token’s susceptibility to prediction error.

Using this probe, TAP computes proxy losses for multiple

candidate predictors in parallel and assigns each token the

predictor with the smallest proxy error. This “probe-then-

select” strategy resembles model-ensemble [29] thinking in

that it leverages the complementary strengths of different

predictors to assign the best predictor per token. Note that it

is agnostic to the internal design of the candidate predictors

and therefore can integrate a heterogeneous set of methods.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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In this work we instantiate the candidate family primar-

ily with Taylor predictors obtained by varying expansion

order and prediction horizon (distance from the expansion

point). Different tokens often achieve their best predictions

at different orders or in different local neighborhoods of

the current timestep, so this design provides a simple yet

expressive predictor pool. The per-token probe-then-select

paradigm delivers three key advantages. First, it exploits

token-level heterogeneity in temporal dynamics to allocate

the most appropriate predictor to each token, improving ap-

proximation fidelity with negligible extra computation cost.

Second, unlike prior adaptive schemes [18, 22] that require

manually tuned thresholds, TAP makes decisions based on

the relative proxy errors between predictors and thus re-

quires no extra hand-designed thresholds. Third, the frame-

work is architecturally flexible: the candidate set can in-

clude not only classical Taylor expansions of varying order

and horizon, but also other prediction-style methods (e.g.,

FoCa [43], FreqCa [20]) or numerically stable polynomial

regressors. Importantly, the added prediction overhead is

small, predictors reduce to simple pointwise operations on

cached feature tensors, and multiple predictors only require

a single first-layer evaluation to validate in parallel. Specif-

ically, compared to FLUX.1-dev with 50 steps, TAP intro-

duces only an additional 0.1 GB of GPU memory (approx-

imately 0.3% of the original model) while achieving an ac-

celeration of 6.24× without loss in perceptual quality.

We evaluate TAP across multiple diffusion architectures

and generation tasks and show that per-token adaptive pre-

diction substantially improves the accuracy–efficiency fron-

tier relative to fixed global predictors and naive caching

baselines. In summary, our contributions are:

• Token-adaptive prediction framework. We introduce

TAP, a probe-driven per-token predictor selection frame-

work that adaptively assigns the optimal predictor from a

set of candidates. We show that a single full evaluation

of the model’s first layer provides an effective proxy for

predictor selection.

• Taylor predictor family. We identify that superior pre-

dictions arise at different Taylor orders and prediction

horizons, and propose a family of Taylor-based predictors

that together cover a diverse range of token dynamics.

• Comprehensive evaluation. Extensive experiments

across diffusion models and tasks demonstrate that TAP

consistently improves the accuracy–efficiency trade-off

compared to fixed predictors and existing baselines.

2. Related Works
Diffusion models [9, 34] have achieved remarkable suc-

cess in high-fidelity image and video generation, but their

sequential denoising process imposes substantial compu-

tational costs. Efforts to accelerate diffusion inference

broadly fall into two categories: reducing the number of

sampling timesteps, and reducing per-step computation via

model-level or feature-level optimizations. Below we re-

view representative works in these directions and situate our

method within this landscape.

2.1. Sampling Timestep Reduction
A major research direction aims to reduce the number

of denoising iterations while preserving sample quality.

DDIM [35] introduced deterministic samplers to compress

sampling trajectories, and the DPM-Solver family [23, 24,

42] leverages higher-order ODE solvers to decrease the re-

quired steps with controlled integration error. While these

methods are effective at lowering step counts, they typically

trade off fidelity when pushed to extreme speedups and do

not directly address the high per-step cost of modern, large

denoising networks. Orthogonal to solver-based accelera-

tion, knowledge distillation techniques [26, 31, 39] com-

press the sampling process into far fewer network evalua-

tions. These approaches often recover performance com-

parable to the original model but require additional fine-

tuning. In contrast, our method is training-free and can be

applied on top of both vanilla and distilled samplers. We

show that it produces substantial wall-clock speedups with-

out degrading generation quality.

2.2. Denoising Network Acceleration
Reducing per-step cost can be achieved through either

model compression or feature reuse and prediction.

Model Compression. Compression methods, including

pruning [6, 44], quantization [12, 16, 33], distillation [17],

and token-reduction techniques [2, 11], reduce the compu-

tational footprint of denoising networks. These methods

often require retraining or finetuning and balance compute

savings against expressive capacity and fidelity loss.

Feature Caching and Prediction. Feature caching lever-

ages temporal redundancy across timesteps to avoid recom-

puting stable activations. Methods such as DeepCache [25],

Δ-DiT [4], TeaCache [18], and ToCa [45] cache and

reuse intermediate features, while DiTFastAttn [40] re-

duces intra-step redundancy. However, these “cache-then-

reuse” approaches degrade when timestep gaps widen or

feature dynamics shift. Forecasting-based methods pre-

dict future features to mitigate this issue: TaylorSeer [19]

applies Taylor-style expansions for multi-step prediction,

FreqCa [20] introduces frequency-aware caching with Her-

mite interpolation for high-frequency components, and

SpeCa [22] adopts a draft-then-verify strategy based on

stepwise error estimation. However, these methods either

lack token-level adaptivity or rely on hand-crafted thresh-

olds, which limit scalability and robustness.

Our Approach. TAP is inspired by forecasting-based

caching and speculative execution but departs from prior
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Figure 1. Overview of the TAP framework. (a) Compute and cache: at the first step of each N -step window TAP performs a full evaluation

and caches the input–output residual and the first-layer modulated input for later probing. (b) Taylor predictor family: we construct a

compact set of predictors by varying Taylor expansion order and prediction horizon to cover diverse token dynamics. (c) Probe-then-
select: the cached modulated input is used as a lightweight probe to score candidate predictors per token; the selected predictor’s output

replaces the full model computation for that token and step.

work in three key ways:

(1) Token-adaptive prediction: rather than applying a

static, global predictor to all tokens and timesteps, TAP dy-

namically selects predictors on a per-token basis to capture

local temporal heterogeneity.

(2) Probe-driven scoring: a single full evaluation of the

model’s first layer serves as a lightweight probe to esti-

mate proxy losses and score candidate predictors in paral-

lel; unlike prior methods that use shallow-layer errors only

to decide whether to execute or skip downstream computa-

tion [3, 18], TAP uses the shallow-layer probe to select the

best predictor for each token during skipped steps.

(3) Threshold-free design: decisions are based on rela-

tive proxy errors across candidates, eliminating the need for

manually tuned thresholds. Together, these properties let

TAP mitigate error accumulation, improve per-token pre-

diction fidelity, and complement existing caching, forecast-

ing, and speculative acceleration techniques.

3. Method
3.1. Preliminary
Diffusion Models. Diffusion models learn a reverse de-

noising process that maps Gaussian noise back to data by

inverting a forward noising process. The forward step adds

Gaussian noise according to a schedule {αt}:

xt =
√
αt x0 +

√
1− αt εt, εt ∼ N (0, I), (1)

Thus after T steps the sample is essentially noise. The

learned reverse step denoises xt via a neural model

fθ(xt, t), a commonly used discrete update is:

xt−1 =
1√
αt

(
xt − 1− αt√

1− ᾱt
fθ(xt, t)

)
+ σtε, (2)

with ᾱt =
∏t

s=1 αs and σt controlling injected noise.

Equivalently, sampling can be interpreted via reverse SDEs

or ODE solvers. Because sampling involves many sequen-

tial denoising steps, each requiring a full computation of a

large model, inference cost becomes a major bottleneck.

Feature Caching in Diffusion Models. Feature caching

reduces per-step cost by avoiding redundant computation

across timesteps. Two main strategies have been explored:

Reuse-based caching directly reuses stored activations

from a previous timestep t:

F(xt−k) ← F(xt), ∀k ∈ [1, N − 1], (3)

which can skip intermediate computation and yield up to

N× speedup. However, reuse assumes temporal stability.

As the timestep gap k grows, approximation error accumu-

lates rapidly and output quality degrades.

Forecast-based caching aims to predict future features

rather than simply copying past ones. We formulate the

forecast as a function that accepts the expansion order m
and the temporal offset k as inputs:

Fpred(xt−k;m, kp) =

m∑
i=0

ΔiF(xt)

i!N i
(−kp)

i, (4)
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where ΔiF denotes the i-th finite difference (with Δ0F =
F by convention), N is the temporal normalization factor

and kp denotes the prediction distance (kp = k in [21]).

Forecasting is more accurate than direct reuse for modest k,

but it relies on local smoothness and well-behaved higher-

order differences. In practice, truncation and numerical in-

stability cause prediction error to grow quickly with k, es-

pecially under noisy or complex dynamics.

Moreover, both reuse and global-forecast approaches

typically apply the same strategy uniformly across all to-

kens. This ignores a key empirical fact: tokens differ
in temporal sensitivity. Some tokens (e.g., smooth back-

ground regions) remain stable and are well-served by low-

cost reuse or low-order predictors, while others (e.g., edges,

moving objects) require higher-order or alternative pre-

dictors. Long-range mistakes on a small set of sensitive

tokens can disproportionately degrade overall generation

quality. These observations motivate token-adaptive, cost-

aware prediction schemes that select prediction complexity

per token and per step.

3.2. Overview of TAP
To overcome the limitations of prior diffusion accelerators

that apply a fixed global predictor at every sampling step,

we propose the Token-Adaptive Predictor (TAP), a probe-

driven framework that makes per-token predictor choices.

As illustrated in Figure 1, TAP dynamically assigns the pre-

dictor with the smallest proxy error to each token at every

step, reducing overall error by exploiting token-level het-

erogeneity in temporal dynamics and validating candidates

with a lightweight first-layer probe. Below we summarize

TAP’s core components: how we compute and cache com-

pact proxies, the construction of a diversified Taylor pre-

dictor family, and the probe-then-select mechanism used to

pick predictors per token and step.

Let rt ∈ R
B×Nx×D denote cached features at timestep

t for a batch of B samples, each containing Nx tokens

of dimension D. Our goal is to predict features at future

timesteps t − k, where k ∈ {1, . . . , N − 1}, using previ-

ously cached full evaluations while avoiding expensive full

forward passes for every token and step.

Compute and Cache. At the beginning of every N -step

denoising window, TAP performs one full model evaluation

and accelerates the following N − 1 steps through feature

prediction. During this full step, TAP caches the modulated

first-layer input and the global residual between the model’s

input and output, which are later used to estimate the feature

evolution. Specifically, given the input xt at timestep t, the

modulated first-layer input and residual are defined as:

ht = Modulate
(
Norm1(xt), st, gt

)
, (5)

rt = fθ(xt, t)− xt. (6)

where st and gt denote the learned shift and scale parame-

ters at timestep t, Norm1(·) is the first-layer normalization,

and fθ represents the denoising network. These cached ten-

sors serve as efficient proxies for subsequent probe-based

scoring and prediction without requiring full downstream

propagation.

TAP then leverages these cached features to perform

token-level forecasting using a compact set of candidate

predictors, selecting the optimal one for each token based

on probe-computed proxy losses. This mechanism enables

high-accuracy, training-free acceleration while maintaining

generation fidelity.

Taylor Predictor Family. During the reverse denois-

ing process of diffusion models, hidden features evolve

smoothly along the sampling trajectory, which enables local

prediction based on previous features, as shown in Eq.(4).

However, a single predictor cannot fit all tokens equally

well. Recent studies such as FreqCa [20] highlight that

low-frequency and high-frequency tokens exhibit distinct

temporal dynamics, thus requiring different predictors. Be-

sides, ToCa [45] selectively reuses only tokens with small

important scores.

To capture this token-level heterogeneity, we construct a

predictor family with varying levels of complexity. Specif-

ically, we design M Taylor expansion predictors of different

orders by adjusting m ∈ [Ol, Or] in Eq.(4). Low-order pre-

dictors are more robust when feature evolution is abrupt or

discontinuous, while high-order predictors better approxi-

mate smooth and stable dynamics.

Moreover, different tokens may exhibit different con-

vergence ranges for Taylor expansions. If the prediction

horizon kp in Eq.(4) exceeds a token’s convergence radius,

Taylor-based predictions, especially high-order ones, can

diverge and amplify accumulated error, leading to unstable

forecasts. To mitigate this, we further diversify predictors

by varying the prediction distance kp from k−λ to k (where

k is the number of steps since the last full computation), and

discretize this range with an interval δ.

In total, our Taylor predictor family contains
⌊
(λ+1)

δ

⌋
×

M candidate predictors, where λ and δ control the dis-

cretized prediction-horizon range and step, and M control

the available Taylor orders (we include orders 0, 1, 2). By

default we use M = 3, λ = 4, and δ = 1, yielding

�(4 + 1)/1� × 3 = 15 predictors. In practice TAP is not

sensitive to these hyperparameters: a compact, diversified

pool suffices for strong, consistent gains across models and

benchmarks, as shown empirically in Section 4.

Probe-then-Select Mechanism. After constructing a set

of candidate predictors, an open challenge is how to ro-

bustly and efficiently combine them at inference time. Re-
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cent work shows that shallow-layer activations can serve

as an effective cache indicator [5, 18]. Following this in-

sight, we use the modulated first-layer input ht (Eq. (5)) as

a proxy for predictor quality: a predictor whose predicted
modulated input is closer to the actual modulated input is

likely to yield a more accurate downstream prediction.

Concretely, let P denote the predictor family and let

ĥt,p ∈ R
B×Nx×D be the modulated-input predicted by pre-

dictor p ∈ P for the current step at time t. We compute a

lightweight, per-token proxy error between each predictor’s

prediction and the actual activated modulated input. For to-

ken index (b, n) the proxy loss for predictor p is

Lb,n
p = d

(
ĥb,n
t,p , h

b,n
t

)
, (7)

where d(·, ·) denotes a chosen distance metric (e.g., L1, co-

sine, or MSE). In this work we empirically use cosine dis-

tance. Given the proxy losses, we select the best predictor

for each token as follows:

p�,b,n = argmin
p∈P

Lb,n
p . (8)

All predictions ĥt,p are produced in parallel from cached

full-step features, and the losses in Eq.(7) are computed el-

ementwise over tokens and batch entries, making the probe-

and-select stage highly efficient. Once p�,b,n is determined,

TAP applies the corresponding predictor for that token in

the remainder of the network for the current step. Denot-

ing the per-token residual predicted by predictor p�,b,n as

r̂b,n
t,p�,b,n , the predicted per-token residuals assemble into the

full predicted residual r̂t, and the model’s final predicted

output for the current step is:

f̂θ(xt, t) = xt + r̂t. (9)

A pseudo-algorithm of TAP is provided in Algorithm 1.

Two practical benefits of our method are as follows. First,

because selection uses only relative proxy errors across

predictors (Eq.(8)), TAP does not require any hand-tuned

thresholds or calibration heuristics. Second, although pre-

dictors differ, they all derive from the same distribution of

previously computed full-step features. Replacing a token’s

downstream computation with a prediction from that shared

distribution is compatible with the intrinsic overridability of

diffusion sampling [15], which permits local substitutions

in intermediate states without disrupting global inference.

Together, these properties yield a scalable, threshold-free

mechanism for per-token predictor selection that mitigates

error accumulation while remaining training-free.

3.3. Complexity Analysis
Standard diffusion sampling requires T sequential steps

each performing a full forward pass. TAP reduces this cost

by introducing token-adaptive predictions and a lightweight

Algorithm 1 Pseudocode of TAP

Require: denoiser fθ, predictor set P , window N , distance

d(·, ·)
1: Ch ← ∅, Cr ← ∅ � compact cache: first-layer

modulated input and residual

2: for t ← T downto 1 do
3: xt ← current model input

4: ht ← Modulate(Norm1(xt), st,gt) � Eq.(5)

5: if t mod N = 0 then
6: rt ← fθ(xt, t)− xt � full residual (Eq.(6))

7: Ch ← ht, Cr ← rt � store compact proxies

8: use fθ(xt, t) as the model output for this step

9: else
10: for all p ∈ P do � parallel prediction from

cached proxies (e.g., Taylor variants)

11: ĥt,p ← Predict(p, Ch) � (Eq.(4))

12: end for
13: for all tokens (b, n) do
14: p�,b,n ← argminp d

(
ĥb,n
t,p , hb,n

t

)
� proxy

error (Eq.(7)) and selection (Eq.(8))

15: r̂b,nt ← Predict(p�,b,n, Cr) � (Eq.(4))

16: end for
17: r̂t ← r̂b,nt � assemble per-token residuals

18: f̂θ(xt, t) ← xt + r̂t � derive the predicted

output (Eq.(9))

19: use f̂θ(xt, t) as the model output for this step

20: end if
21: end for

probe-based verification instead of executing full down-

stream computation at every step. The computation intro-

duced by TAP consists of one full evaluation per N -step

window, parallel prediction of a compact candidate set (im-

plemented with low-cost pointwise and small-polynomial

operations), and the first-layer activation used as the probe.

These prediction and verification operations are inexpensive

in practice: on FLUX.1-dev with 50 steps TAP adds only

0.1 GB of GPU memory (0.3% of the original model) and

incurs roughly 0.015% additional FLOPs compared to a sin-

gle global-predictor baseline. Importantly, TAP stores only

the per-step residual and the modulated first-layer input, so

the extra memory is constant with respect to model depth

(i.e., O(1)), whereas methods that cache every layer incur

O(L) memory overhead [21, 45]. Wall-clock latency gains

depend on model size and hardware, we report measured

latency results in the experiments.

4. Experiment
4.1. Experimental Settings
Model Configurations. We evaluate TAP on multiple

state-of-the-art diffusion architectures to demonstrate broad
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applicability and robustness. Specifically, we test on

FLUX.1-dev [14], Qwen-Image [37] (and their few-step

distilled variants), and a large-scale video generation model,

HunyuanVideo [13]. For controlled comparisons we

reimplement or adopt public checkpoints of representative

acceleration baselines, including FORA [32], TeaCache

(CVPR’25) [18], SpeCa (ACM MM’25) [22], and Tay-

lorSeer (ICCV’25) [19].

Model Configurations. For text-to-image evaluation we

use DrawBench [30] and report semantic alignment and per-

ceptual quality via ImageReward [38] and CLIP Score [7];

for reconstruction-style metrics we additionally report

PSNR, SSIM [36] and LPIPS [41]. Video experiments fol-

low the VBench [10] protocol: for each of 950 prompts we

generate 5 videos under different seeds (4,750 videos to-

tal) at 480p (2s duration, 17 frames at 8 FPS). Latency and

FLOPs are measured on the corresponding benchmarks us-

ing NVIDIA H20 GPUs (single node). We report the av-

erage wall-clock latency and FLOPs per generated sample

with a batch size of 1.

4.2. Image Generation
4.2.1. FLUX.1-dev
We evaluate TAP on FLUX.1-dev [14] across multiple ac-

celeration regimes and report generation quality, perceptual

metrics, average latency, and FLOPs (Table 1). Direct-

reuse methods (FORA, TeaCache) exhibit noticeable qual-

ity degradation, and global-forecast methods (TaylorSeer,

SpeCa) also degrade at long cache horizons (e.g., N = 7).

By contrast, TAP attains a superior accuracy–efficiency

frontier relative to these direct-reuse and global-forecast

baselines: for instance, at 6.24× acceleration, TAP pre-

serves perceptual and fidelity metrics with no measurable

quality loss while yielding large latency and FLOPs reduc-

tions. This improvement stems from TAP’s token-adaptive

assignment of predictors, which preserves sample quality

at matched computational budgets. On the distilled model

FLUX-Schnell, we further validate the effectiveness of TAP,

achieving up to 2× acceleration without noticeable quality

loss. Surprisingly, TAP sometimes yields slightly higher

ImageReward and CLIP (e.g., 0.99 and 31.19 at 6.24× vs.

0.97 and 30.86 at 4.16×). This may stem from TAP’s token-

adaptive prediction benefiting from larger prediction hori-

zons, which for some prompts produces cleaner or more

consistent outputs.

4.2.2. Qwen-Image
On Qwen-Image [37] (Table 2), TAP yields consistent im-

provements in both quality preservation and latency reduc-

tion compared to TaylorSeer and other cache-based meth-

ods. At a 3.57× speedup, TAP attains an ImageReward of

1.23 (vs. 1.18 for TaylorSeer). On perceptual metrics TAP
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Figure 2. Ablation on Taylor predictor family. We investigate

the influence of distance range and order configuration in TAP

with N = 7 on FLUX.1-dev. In (a), we fix the prediction dis-

tance as k, and in (b), we set the order as 2 and δ = 1.

also shows clear gains: at 3.57× acceleration TAP’s PSNR

exceeds TeaCache by about 1.1 dB and TaylorSeer by about

2.1 dB. Moreover, on the distilled Qwen-Image-Lightning

variant TAP achieves substantial speedups with only minor

quality degradation. These results indicate that TAP better

preserves perceptual quality at high speedups while deliver-

ing meaningful latency reductions.

4.3. Video Generation
Table 3 demonstrates that TAP attains the best accu-

racy–efficiency trade-off on HunyuanVideo [13]. With a

cache window of N = 6, TAP achieves a 4.98× speedup

and the highest VBench score (65.46), corresponding to

only a 1.7% drop versus the unaccelerated baseline, i.e.,

near-lossless visual quality with substantially reduced com-

putation. Qualitative results in Figure 4 further show that

TAP better preserves high consistency and fidelity, validat-

ing the effectiveness of token-adaptive predictor assignment

for balancing efficiency and output quality.

4.3.1. Ablation Study
Ablation of the Taylor Predictor Family We construct a

Taylor predictor family and study how predictor count and

type affect generation quality. Concretely, we vary the pre-

diction horizon (the discretized range [k − λ, k]) and the

Taylor order range [Ol, Or], reporting results in Figure 2.

Our ablation shows that increasing either the prediction dis-

tance or the expansion order yields substantial gains (rais-

ing a baseline ImageReward from about 0.89 (O = 2) to

0.95). The best single setting in our sweep was Ol = 0,

Or = 2 with λ = 4, and jointly varying both distance

and order produced the largest improvement (from 0.95 to

0.99). Performance continues to improve as the predictor

family grows but with diminishing returns and eventual sat-

uration. Increasing granularity (e.g., using δ = 0.1 instead

of δ = 1) produces only a small additional gain (about 0.005

ImageReward), so we use δ = 1 by default for simplicity.

Two additional observations emerge. First, including

zeroth-order predictors (order 0) is particularly valuable:
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Table 1. Quantitative comparison in text-to-image generation for FLUX.1-dev and FLUX.1-schnell (a distilled version). Best results

are highlighted in bold, and second-best are underlined.

Method Acceleration Quality Metrics Perceptual Metrics
Latency(s) ↓ Speed ↑ FLOPs(T) ↓ Speed ↑ ImageReward↑ CLIP↑ PSNR↑ SSIM↑ LPIPS↓

50 steps 42.18 1.00× 3726.87 1.00× 0.95 30.63 - - -

40% steps 17.08 2.47× 1490.75 2.50× 0.93 30.84 15.60 0.69 0.40
30% steps 13.14 3.21× 1118.06 3.33× 0.92 30.70 14.81 0.66 0.44

20% steps 8.52 4.95× 745.37 5.00× 0.89 30.28 13.96 0.62 0.50

FORA (N = 4) 12.37 3.41× 969.93 3.84× 0.87 30.45 14.28 0.64 0.47

TeaCache (l = 1.1) 12.33 3.42× 913.98 4.08× 0.93 30.47 15.19 0.65 0.47

TaylorSeer (N = 5, O = 2) 12.02 3.51× 895.32 4.16× 0.95 30.79 16.73 0.71 0.36

SpeCa (N = 2,M = 8) 11.68 3.61× 845.41 4.41× 0.96 30.73 16.09 0.68 0.40

TAP (N = 5) 11.82 3.57× 895.08 4.16× 0.97 30.86 17.43 0.71 0.34

FORA (N = 5) 10.12 4.17× 746.29 4.99× 0.89 30.55 13.82 0.61 0.50

TeaCache (l = 1.4) 11.16 3.78× 779.83 4.77× 0.92 30.44 14.79 0.63 0.51

TaylorSeer (N = 6, O = 2) 10.02 4.21× 746.29 4.99× 0.94 30.76 15.88 0.67 0.42

SpeCa (N = 4,M = 8) 10.76 3.92× 755.32 4.93× 0.93 30.57 15.72 0.66 0.43

TAP (N = 6) 10.21 4.13× 746.02 5.55× 0.96 30.92 16.76 0.68 0.39

FORA (N = 7) 7.91 5.33× 597.26 6.24× 0.80 30.42 13.43 0.60 0.55

TeaCache (l = 2.0) 8.59 4.91× 604.02 6.17× 0.66 30.07 14.23 0.60 0.58

TaylorSeer (N = 8, O = 2) 8.17 5.16× 597.26 6.24× 0.91 30.62 14.72 0.61 0.50

TAP (N = 8) 8.40 5.02× 596.99 6.24× 0.99 31.19 16.11 0.64 0.44
TAP (N = 10) 6.21 6.79× 522.48 7.13× 0.91 30.69 15.94 0.63 0.49

FLUX-Schnell (4 steps) 4.46 1.00× 278.41 1.00× 0.88 32.03 - - -

TaylorSeer (N = 3, O = 2) 2.61 1.71× 139.23 2.00× 0.86 32.08 22.67 0.72 0.32

TAP (N = 3) 2.55 1.75× 139.12 2.00× 0.88 32.36 26.26 0.86 0.15

Table 2. Quantitative comparison in text-to-image generation for Qwen-Image and Qwen-Image-Lightning (a distilled version). Best

results are highlighted in bold, and second-best are underlined.

Method Acceleration Quality Metrics Perceptual Metrics
Latency (s) ↓ FLOPs (T) ↓ Speed ↑ ImageReward ↑ CLIP ↑ PSNR ↑ SSIM ↑ LPIPS ↓

50 steps 127.10 12917.56 - 1.23 33.74 - - -

50% steps 63.54 6458.78 2.00× 1.20 33.77 18.35 0.77 0.28
20% steps 25.54 2583.51 5.00× 0.73 32.24 13.45 0.57 0.57

FORA (N = 3) 48.59 4392.93 2.94× 0.92 32.25 14.12 0.59 0.50

TeaCache (l = 0.8) 52.64 3621.18 3.57× 1.18 33.52 19.07 0.79 0.27

TaylorSeer (N = 4, O = 2) 44.37 3617.96 3.57× 1.18 33.44 18.02 0.76 0.30

TAP (N = 4) 40.96 3617.43 3.57× 1.23 33.80 20.13 0.81 0.22

FORA (N = 4) 38.41 3359.99 3.84× 0.70 31.98 13.13 0.53 0.58

TeaCache (l = 1.0) 47.84 3276.45 3.94× 1.16 33.47 18.13 0.73 0.34

TaylorSeer (N = 5, O = 2) 40.70 3101.30 4.17× 1.16 33.37 16.18 0.70 0.39

TAP (N = 5) 34.21 3100.76 4.17× 1.19 33.55 18.72 0.78 0.27

Qwen-Image-Lightning (8 steps) 7.46 560.96 - 1.30 33.06 - - -

TaylorSeer (N = 5, O = 2) 4.68 280.54 2.00× 1.21 33.03 17.59 0.70 0.27

TAP (N = 5) 4.80 280.50 2.00× 1.27 33.50 21.11 0.77 0.23

they are more robust to abrupt, noncontinuous token dy-

namics and therefore complement higher-order predictors,

yielding larger gains than using only high-order variants.

Second, shifting the prediction window to the left (earlier

expansion points) gives notable improvements because it

avoids extrapolating beyond a token’s Taylor convergence

radius; moving the window to the right (e.g., [k, k+2])
yields little benefit. These findings validate the assumptions

and effectiveness of our method.

Comparison with Global Predictors. We constructed a

pool of 30 candidate predictors by systematically varying

Taylor expansion order and prediction horizon, and evalu-

ated each predictor’s generative performance in isolation.

The ImageReward of individual global predictors varied

roughly between 0.86 and 0.92, while PSNR ranged ap-

proximately from 14.51 to 15.32, no single global predic-

tor was best across all acceleration regimes. Instead, TAP’s

probe-driven, per-token selection adaptively fuses these di-
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A brown colored giraffe.

A photo of a confused grizzly bear in calculus class.

A machine resembling a human being and able to replicate certain human movements and functions automatically.

Original TAP (6.24×) TaylorSeer (6.24×) TeaCache (6.17×) FORA (6.24×) 20% steps (5.00×)

Figure 3. Visualization results. On FLUX.1-dev, TAP delivers higher speedup without quality loss.

Table 3. Quantitative comparison on VBench (HunyuanVideo).

Method Latency (s) ↓ FLOPs (T) VBench (%) ↑
50 steps 121.32 5481.50(1.00×) 66.61

50% steps 60.96 2740.75(2.00×) 66.38

20% steps 24.80 1096.30(5.00×) 64.16

FORA (N = 5) 31.68 1101.72(4.98×) 63.87

TeaCache (� = 0.4) 32.33 1205.42(4.55×) 65.13

TeaCache (� = 0.5) 25.53 991.96(5.53×) 64.28

Taylor (N = 6, O = 2) 33.67 1101.72(4.98×) 64.89

TAP (N = 6) 31.91 1101.47(4.98×) 65.46

verse predictors and consistently outperforms any individ-

ual predictor, showing that the improvements arise from in-

telligently combining complementary predictors rather than

from a single optimal sampler.

4.4. Qualitative Analysis

We present representative visualizations in Figure 3 and

Figure 4. Across both image and video examples, cache-

only and global-forecast baselines exhibit noticeable degra-

dation at high acceleration ratios, manifesting as blurred

details, distorted object geometry, and misalignment with

text conditions. In contrast, TAP effectively preserves fine-

grained textures, structural integrity, and visual consistency.

This advantage comes from TAP’s token-adaptive assign-

ment, which selects the best predictor for each token at

every timestep and thus preserves perceptual fidelity even

at high acceleration ratios. These qualitative observations

match the quantitative gains reported above.

Original TAP (4.98 ) 

TeaCache (4.55 )  TaylorSeer (4.98 ) 

FORA (4.98 ) 20% steps (5.00 ) 

Figure 4. Visualization of video generation. “A happy fuzzy panda
playing guitar nearby a campfire, snow mountain in the back-
ground”.

5. Conclusion
We present TAP, a probe-driven, token-adaptive diffusion-

acceleration framework that makes per-token predictions

based on a lightweight proxy. TAP is highly efficient, fully

parallelizable, and compatible with a wide range of pre-

dictor designs. It achieves substantial speedups in diffu-

sion sampling with minimal memory and compute overhead

while preserving perceptual quality. Experiments demon-

strate consistent gains across both image and video models.
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