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Abstract

Diffusion Transformers (DiTs) have demonstrated excep-
tional performance in high-fidelity image and video gener-
ation. To reduce their substantial computational costs, fea-
ture caching techniques have been proposed to accelerate
inference by reusing hidden representations from previous
timesteps. However, current methods often struggle to main-
tain generation quality at high acceleration ratios, where pre-
diction errors increase sharply due to the inherent instabil-
ity of long-step forecasting. In this work, we adopt an ordi-
nary differential equation (ODE) perspective on the hidden-
feature sequence, modeling layer representations along the
trajectory as a feature-ODE. We attribute the degradation of
existing caching strategies to their inability to robustly inte-
grate historical features under large skipping intervals. To ad-
dress this, we propose FoCa (Forecast-then-Calibrate), which
treats feature caching as a feature-ODE solving problem. Ex-
tensive experiments on image, video generation, and super-
resolution tasks demonstrate the effectiveness of FoCa, espe-
cially under aggressive acceleration. Without additional train-
ing, FoCa achieves near-lossless speedups of 5.50x on FLUX,
6.45x on HunyuanVideo, 3.17x on Inf-DiT, and maintains
high quality with a 4.53x speedup on DiT.

Introduction

Recent progress in diffusion-based generative models has
substantially advanced the capabilities of visual synthesis,
achieving unprecedented quality in both image (Ho, Jain,
and Abbeel 2020) and video generation (Blattmann et al.
2023). In particular, Diffusion Transformers (DiTs) (Peebles
and Xie 2023) have set new performance standards by lever-
aging transformer-based architectures, which offer superior
scalability and modeling capacity. Despite these advantages,
DiTs remain computationally intensive due to their iterative
sampling process, where each output requires a sequence
of denoising steps that scale linearly with both the number
of steps and model complexity. This computational over-
head presents significant barriers to real-time or resource-
constrained deployment.

To alleviate this bottleneck, two main acceleration strate-
gies have been proposed: reducing the number of sam-
pling steps through algorithmic enhancements (Ma, Fang,
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Figure 1: (a) PCA visualization of feature trajectory: FoCa
closely follows the original model’s path. (b) Prediction er-
ror compared with the original model: FoCa maintains sig-
nificantly lower error, whereas TaylorSeer’s (TS) higher-
order forecasts incur rapidly growing errors.

and Wang 2023), and minimizing per-step computational
cost via architectural modifications (Yuan et al. 2024; Zhao
et al. 2025). Among these, training-free feature caching has
emerged as a promising and general-purpose solution. It
builds on the observation that intermediate hidden represen-
tations exhibit temporal consistency. This temporal coher-
ence allows the model to bypass redundant computations by
reusing or predicting features at selected timesteps, effec-
tively reducing latency without retraining the network.

Initial implementations of feature caching were developed
in the context of U-Net architectures, where cached activa-
tions are reused across nearby timesteps using skip connec-
tions (Wimbauer et al. 2024; Ma, Fang, and Wang 2023).
As DiTs become the dominant architecture for high-fidelity
generation, recent works have extended caching mecha-
nisms to this setting, leading to methods such as FORA,
ToCa, and TaylorSeer (TS) (Selvaraju et al. 2024; Zou et al.
2025; Liu et al. 2025). These techniques leverage tempo-
ral token similarity to inform feature reuse or extrapolation,
but still suffer from error accumulation and instability under
long skip intervals.

Limited Utilization of Historical Information. Exist-
ing methods fail to fully exploit historical hidden states
for stable prediction. Reuse-only approaches simply repli-
cate the most recent feature without incorporating multi-
step history or adapting to the evolving feature dynamics
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Figure 2: Visualization of the image generated by different methods on prompt: “Zoomed out view of a giraffe and a zebra in
the middle of a field covered with colorful flowers.” As the computation ratio increases, the image quality of TaylorSeer and
TeaCache degrades, whereas FoCa maintains better performance.

over time—particularly the shifting eigenvalue spectrum of
the linearized drift. Forecasting-based methods such as Tay-
lorSeer attempt to transform historical information into lo-
cal approximations by estimating time derivatives via finite
differences and applying truncated Taylor expansions. How-
ever, this strategy introduces significant numerical errors, as
the finite-difference estimation is highly sensitive to noise
and becomes unstable in higher-order terms. Consequently,
neither reuse nor current forecasting methods adequately
leverage historical information for robust and accurate pre-
diction under large skipping intervals.

Instability Under Large Skipping Intervals. As the
interval between executed timesteps increases, existing
caching methods struggle to maintain accurate hidden state
estimation. In reuse-based approaches, simply copying out-
dated features leads to growing mismatches as temporal dis-
tance increases. Similarly, forecasting methods such as Tay-
lor series extrapolation suffer from accumulated approxima-
tion errors when extrapolating over longer spans. These in-
accuracies compound with larger skip lengths, resulting in
significant deviations from the correct denoising trajectory.
Empirically, this leads to rapid degradation in generation
quality, as shown in Figure 2, limiting the practical effec-
tiveness of current caching strategies.

To solve these problems, we reformulate feature caching
as solving a feature-ODE, providing a principled approach
to modeling hidden-state evolution. This perspective en-
ables the application of multi-step solvers that leverage
historical hidden states directly, without relying on high-
order derivative approximations. Specifically, we introduce
FoCa (Forecast-then-Calibrate) framework, which com-
bines a Backward Differentiation Formula based predictor
with a lightweight Heun corrector. The forecast component
aggregates previous features for stable forecasting, while the
Heun calibration incorporates the previous full activation as
a reference, damping overshoot on larger skip intervals.

FoCa provides robust and efficient prediction across di-
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Figure 3: Comparison between previous caching methods
and FoCa. FoCa shows significantly better performance.

verse tasks and architectures. Without additional training or
architectural changes, it achieves near-lossless acceleration
of 5.50x on FLUX for text-to-image generation, 6.45x on
HunyuanVideo for text-to-video generation, and 3.17x on
Inf-DiT for super-resolution. FoCa also maintains high im-
age quality with 4.53x acceleration on DiT-XL/2. In sum-
mary, our main contributions are:

* ODE Perspective on Feature Caching. We regard the
time-indexed feature tensors as trajectories of a feature-
ODE. Framing caching in this perspective lets us ap-
ply multistep ODE solvers for prediction, eliminating the
need for noisy high-order derivatives while stably propa-
gating hidden states across skipped timesteps.

FoCa Framework. We propose a training-free predic-
tor—corrector framework combining a backward differen-
tiation formula forecasting with Heun calibration, which
remains stable even under large acceleration ratios.



¢ Outstanding Performance. We evaluate CoT across di-
verse architectures and tasks on multiple resolutions,
including Drawbench on FLUX, Vbench on Hunyuan-
Video. In all settings, HyCa delivers state-of-the-art per-
formance.

Related Works

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020) have become a dominant framework for high-
fidelity image and video generation. While early implemen-
tations primarily adopted U-Net-based architectures (Ron-
neberger, Fischer, and Brox 2015), the introduction of Diffu-
sion Transformers (DiTs) has enabled greater scalability and
expressiveness. DiTs have since powered numerous state-
of-the-art generative systems(Chen et al. 2023, 2024; hp-
caitech 2024). Despite progress, the sequential nature of dif-
fusion sampling remains a major obstacle for real-time and
large-scale applications. To address this, recent research has
focused on two main acceleration strategies: reducing the
number of sampling steps and optimizing the efficiency of
the denoising network.

Sampling Step Reduction. Several approaches aim to
shorten the sampling trajectory while preserving output
quality. DDIM (Song, Meng, and Ermon 2022) introduces a
deterministic sampling formulation that enables fewer steps.
The DPM-Solver family (Lu et al. 2022; Zheng et al. 2023)
applies high-order numerical solvers to more accurately ap-
proximate the reverse diffusion process. Rectified Flow (Liu,
Gong, and Liu 2022) constructs direct generative flows via
optimal transport, and Consistency Models (Song et al.
2023) enforce self-consistency constraints to enable single-
step or few-step generation. While effective, these methods
generally require redesigning the sampling algorithm or re-
training the model, limiting their applicability to pretrained
diffusion systems.

Denoising Network Acceleration. An alternative line
of work focuses on reducing per-step computational cost
through model-level optimizations, broadly categorized into
model compression and feature caching strategies.

Model Compression. Compression-based techniques ac-
celerate inference by simplifying network structures. These
include structured pruning (Fang, Ma, and Wang 2023;
Zhu et al. 2024), quantization (Kim et al. 2025; Li et al.
2023), and token-level reductions such as merging or prun-
ing (Bolya and Hoffman 2023; Cheng, Chen, and Jia 2025;
Zhang et al. 2025). While these methods can significantly re-
duce runtime, they typically require retraining or fine-tuning
to maintain generation quality, posing challenges for deploy-
ment on large-scale pretrained models.

Feature Caching. Training-free caching methods have
gained attention for their simplicity and compatibility with
existing networks. Early approaches such as DeepCache
and FasterDiffusion sped up U-Nets by reusing features
across nearby timesteps. Follow-up work extended caching
to transformers: FORA and A-DiT store block outputs,
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while ToCa, DuCa and RAS reuse tokens or regions adap-
tively. TaylorSeer replaced direct reuse with Taylor extrap-
olation, yet it fails to exploit past feature information effec-
tively and can become unstable at larger timesteps because
of its higher-order derivatives. In this work, we propose a
more robust forecasting-then-calibrate framework that re-
mains accurate and stable over longer skip intervals, thus de-
livering higher speed-ups without retraining or quality loss.

Method
Preliminary

Diffusion Models. Diffusion models operate by simulat-
ing a Markovian forward and reverse stochastic process that
transitions data between clean images and Gaussian noise.
The forward process progressively adds Gaussian noise to
the data through a time-dependent variance schedule:

= Vauxo + V1 — ayey, (D

where e; ~ A (0, I) represents isotropic Gaussian noise, and
oy 1s a monotonically decreasing sequence controlling the
noise level. After T' timesteps, the sample becomes indis-
tinguishable from pure noise. The reverse process learns to
denoise the sample using a neural network eg(xy,t) to pre-

dict the noise:
Ty —
vV

where a; = HZ:1 a, and o; controls the noise level dur-
ing denoising. This reverse process can also be described by
a reverse-time stochastic differential equation or its corre-
sponding ordinary differential equation.
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Feature Caching in Diffusion Models. Feature caching
accelerates diffusion inference by avoiding redundant com-
putations across timesteps. Two main strategies exist: reuse
and forecast. The reuse-based method directly substitutes
features from a previous timestep:

F(xh_p) = F(x1), 3)

achieving (N—1)x acceleration by skipping intermediate
steps. However, errors quickly accumulate as the temporal
gap increases, degrading output quality. The forecast-based
method, exemplified by TaylorSeer, predicts future features
via Taylor expansion:

Vke[l,N —1],

m

WE TN

where A'F is the i-th order finite difference. While more
accurate than direct reuse, this method is sensitive to noise
under long intervals or complex dynamics, due to the limita-
tions of local smoothness assumptions and the instability of
high-order derivatives.
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Overview of FoCa

To reduce the high inference cost of diffusion models, we
propose FoCa, a predictor-corrector framework designed to
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Figure 4: The computation of FoCa for x¢_1, X¢_2, Xt_3, respectively. For each skipping step, FoCa predicts a future hidden
state using the two most recent timestep, then applies a Heun corrector that blends the prediction with the most recent fully-
computed feature so that enables accurate and stable prediction under large skip intervals.

accelerate diffusion inference by leveraging historical fea-
tures for stable and accurate forecasting as shown in Fig. 4.
Unlike prior methods that rely on local extrapolation and
suffer from high-order instability, FoCa integrates multi-step
prediction with a lightweight correction mechanism to sup-
port longer skip intervals without degrading generation qual-
ity. The core workflow consists of three stages:

* Multi-step Forecasting. FoCa uses a second-order back-
ward differentiation scheme to predict future hidden fea-
tures based on the two most recent timesteps. This multi-
step strategy captures temporal evolution more accu-
rately than single-step reuse methods and high-order lo-
cal derivative approximation methods.

Heun-style Calibration. To mitigate potential oscil-
lation or over-extrapolation from the forecasting step,
FoCa introduces a correction mechanism that blends the
prediction with the latest full-computation feature. This
dampens overshoot and stabilizes the inference process
under large skipping intervals.

Prediction Execution. Finally, use the corrected fea-
ture for the subsequent denoising step unless the next
timestep is scheduled for full computation.

By combining high-accuracy forecasting with stability-
aware correction, FoCa offers a principled and retraining-
free solution for accelerating diffusion transformers across
image, video, and super-resolution tasks.

An ODE Perspective on Hidden-Feature Evolution.
During reverse-time denoising in diffusion models, the hid-
den features evolve smoothly along the sampling trajectory.
Let ! = Gy(z;) be the layer-l activation and F(z}) its
downstream feature. Since the network blocks are differ-
entiable and z; evolves continuously, the composite map
t +— JF(x}) is differentiable; by the chain rule and the
probability-flow ODE for x4,

d
7@ = gl Fx), 1), 5)

where gy implicitly aggregates Jacobians of preceding
layers. Although gy is intractable, the feature samples
{F(x! )} onareverse-time grid permit classical linear mul-
tistep integration using only cached values. This insight mo-
tivates the use of backward differentiation formula to predict
F (:Etlk+1 ) from the two most recently stored tensors, thereby
skipping full forward passes while retaining accuracy.
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BDEF?2 Forecasting. The second-order backward differen-
tiation formula (BDF2) is a linear multistep method. It ap-
proximates the derivative at the next step, k + 1, using the
latest two points (F(z}_,), F(z})):

_ 3]:(952-4-1) — 4F (z},) + F(x)_,)

)= 2hy, '

This formula is implicit because the right-hand side depends
on the unknown F (2} , ;) through the function 7). To cre-
ate a practical, explicit forecasting scheme, we approximate
the required future derivative F() (mgC +1) by extrapolating

l
k+1

FO(x (6)

from the most recent step’s derivative, (1) (z%). This yields
our predictor:

l

Ty L

1 2h
F(xh_1

F(@hsr) = 3 )= 3 =
Heun Calibration. We enhance our BDF2 forecast by ap-
plying a Heun-style corrector step. The Heun method, also
known as the explicit trapezoidal rule, improves the predic-
tion by averaging the slopes at the beginning and the pre-
dicted end of the interval. First, we compute the BDF2 fore-
cast F (a:fC 1) using Eq. 7. Then, we apply the Heun correc-

tor to obtain the final, more accurate state Fe(z}_, ):

F 1R )+ = FW (). ()

l
k

Fulehn) = Flal)+ S PO _y)+ FO ()] ®)
Where (l‘iﬁ_ ) is the latest fully computed step.

Proposition 1 (FoCa ensures stable prediction under
large interval, proof in Appendix A.1). Given a smooth
feature evolution F(zL) in diffusion models, FoCa achieves
a prediction error bound that is independent of the number

of skipped steps k:
Flah) — F b)) < ( >Tmax < Tmax
(k) - F el < (75 o

In contrast, the error of TaylorSeer and reuse methods in-
creases with k, leading to degraded accuracy in long-range
prediction. This highlights FoCa’s robustness under aggres-
sive caching and large acceleration ratios.

1—pk

€))

Practical Impact. This predictor-corrector framework
combines the strengths of both methods. The BDF2 pre-
dictor leverages historical information for initial prediction.



Efficient Acceleration CLIP 1
Method Attention Latency(s) |  Speed T \ FLOPs(T)|  Speed 1 ImageReward Score
[dev]: 50 steps | 4 | 25.82 1.00x |  3719.50 1.00x | 0.9898 | 32.404
60% steps 4 16.70 1.55% 2231.70 1.67x 0.9663 32312
A-DiT (N = 2) 4 17.80 1.45% 2480.01 1.50x 0.9444 32.273
A-DIT (N = 3) 4 13.02 1.98x 1686.76 2.21x 0.8721 32.102
34% steps 4 9.07 2.85x% 1264.63 3.13x 0.9453 32.114
Chipmunk 4 12.72 2.02x 1505.87 2.47 % 0.9936 32.776
FORA (N = 3) 4 10.16 2.54x 1320.07 2.82x 0.9776 32.266
ToCa (N = 6) X 13.16 1.96x 924.30 4.02x 0.9802 32.083
DuCa(N =5) v 8.18 3.15x% 978.76 3.80% 0.9955 32.241
TaylorSeer (N = 4,0 = 2) 4 9.24 2.80% 1042.27 3.57x% 0.9857 32413
FoCa (N =5) v 7.46 3.46x 893.54 4.16x 1.0029 32.948
22% steps v 6.04 4.28x 818.29 4.55x% 0.8183 31.772
FORA (N =4) 4 8.12 3.14x 967.91 3.84x 0.9730 32.142
ToCa (N = 8) X 11.36 2.27x% 784.54 4.74x 0.9451 31.993
DuCa (N =7) v 6.74 3.83x 760.14 4.89% 0.9757 32.066
TeaCache (I = 0.8) 4 7.21 3.58x% 892.35 4.17x 0.8683 31.704
TaylorSeer (N =5,0 = 2) 4 7.46 3.46x 893.54 4.16% 0.9768 32.467
FoCa (N =7) (4 6.36 4.05x 670.44 5.54x 0.9891 32.920
FORA (N =7) v 7.71 3.34x 670.14 5.55% 0.7418 31.519
ToCa (N = 12) X 10.34 2.50% 644.70 5.77% 0.7155 31.808
DuCa (N = 10) v 9.22 2.80x 606.91 6.13x 0.8382 31.759
TeaCache (I = 1.2) 4 6.12 4.22x 669.27 5.56% 0.7394 31.704
TaylorSeer (N = 7,0 = 2) 4 6.38 4.05 % 670.44 5.54x 0.9128 32.128
FoCa (\V = 8) v 5.88 4.39x 596.07 6.24 0.9502 32.706

Table 1: Quantitative comparison in text-to-image generation on FLUX.

The Heun corrector then refines this prediction by incorpo-
rating the most recent fully computed step, effectively damp-
ing oscillations and reducing error accumulation. This hy-
brid approach allows larger acceleration ratios while main-
taining high-fidelity generation, outperforming methods that
rely on either single-step reuse or less accurate high-order
derivative extrapolation schemes.

ToCa
x5.20

FoCa
x5.55

FORA
x5.55

Original
X 1.00

TeaCache TaylorSeer
x5.55

—

Figure 5: Visual comparison of 5.5% accelerated FLUX.

Experiments

Experiment Settings. We evaluate our method on four rep-
resentative diffusion-based generative models: the text-to-
image model FLUX.1-dev (Black Forest Labs 2024), the
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super-resolution model Inf-DiT (Yang et al. 2024), the text-
to-video model HunyuanVideo (Sun et al. 2024), and the
class-conditional image generation model DiT-XL/2 (Pee-
bles and Xie 2023). For text-to-image generation, we follow
the DrawBench (Saharia et al. 2022) protocol and evaluate
photorealism and text alignment using ImageReward (Xu
et al. 2023) and CLIP Score (Hessel et al. 2021). For text-
to-video generation, we adopt the VBench (Huang et al.
2023) benchmark, which assesses video quality across mul-
tiple human-aligned dimensions. For class-conditional im-
age generation, we evaluate on ImageNet (Russakovsky
etal. 2015) using FID-50k (Heusel et al. 2017) and Inception
Score (IS) as standard quality metrics. For super-resolution,
we use DIVSK (Gu et al. 2019) and measures the quality
with PSNR and SSIM. Please refer to Appendix for details.

Results on Text-to-Image Generation. As summarized
in Table 1, our method achieves a consistently superior
speed—quality trade-off on FLUX.1-dev across all acceler-
ation levels. With a moderate cache interval (' = 5),
FoCa attains the highest ImageReward score of 1.0029
while achieving a 4.16x FLOPs reduction, outperforming
all reuse-based baselines, and the prediction-based method
TaylorSeer (0.9857 at 3.57x). Under higher compression
(N = 7), FoCa retains a strong ImageReward of 0.9891
at a 5.54x speedup, surpassing TaylorSeer’s performance at
N =5, 0 = 2(0.9857), while other baselines degrade no-
tably. At the most aggressive setting (M = 8), FoCa still
achieves 0.9502 ImageReward at 6.24x acceleration, sig-



Method Efficient Acceleration VBench 1
Attention Latency(s) | Speed T \ FLOPs(T) | Speed 1 Score(%)
Original | v | 334.96 1.00x | 29773.0 1.00x | 80.66
DDIM-22% 4 87.01 3.85x% 6550.1 4.55x 78.74
FORA (N =5) v 83.78 4.00x 5960.4 5.00% 78.83
ToCa (N =5) 4 93.30 3.57x% 7006.2 4.25x% 78.86
DuCa (N =5) (4 87.48 3.83x 6483.2 4.62x 78.72
TeaCache (I = 0.5) 4 61.47 5.45% 5359.1 5.56% 78.32
TaylorSeer (M = 7,0 = 1) v 72.76 4.60x 4611.3 6.45x 79.37
FoCa (N =7) (%4 72.18 4.64 % 4611.3 6.45 % 79.68
Table 2: Quantitative comparison in text-to-video generation on VBench.
Method | FLOPs(T) | Speedt |FID | ISt Method | Latency(s)! FLOPs(T)| Speedf | PSNR 1
DDIM-50 steps | 23.74 1.00x | 232 24125 Original 451.3 124004 1.00x 30.85
DDIM-25 steps 1187 200x | 318 23201 ab-Cache | 072 asl7r 214x ) 2977
aylorSeer 199.5 45184 2.74x 29.67
L2C (NFE = 30) 11.55 2.05x 2.61 237.83 FoCa 1617 39096 3.17% 31.03
A-DiT (N = 2) 18.04 1.31x | 2.69 22599 : : :
A-DiT (N = 3) 16.14 1.47x 3.75 207.57
FoCa (N = 2) 12.35 1.92x | 217 239.94 Table 4: Quantitative comparison on Inf-DiT for generative
DDIM-20 steps 9.49 250%x | 381 22143 image super-resolution from 512x512 to 2048 x2048.
FORA (N = 3) 8.58 277x | 3.55 229.02
ToCa (N = 3) 10.23 2.32x 2.87 235.21 16 240
DuCa (N = 3) 9.58 2.48x | 2.88 233.37 14 w/o Heun @ 220
SmoothCache 8.57 2.77x 4.15 231.71 2ll — w/ Heun 51 200
TaylorSeer (N = 3) 8.56 277x | 235 23622 310 2
FoCa (N = 3) 8.56 2.77x | 225 23170 = g 180
B 8 S 160
DDIM-12 steps 5.70 4.17x | 7.80 184.50 6 5y 140
FORA (N = 5) 5.24 453x | 6.58 193.01 4 2
ToCa (N = 6) 6.34 3.75x | 655 189.53 = 120
DuCa (N = 5) 6.27 378x | 6.06 198.46 P - - - - - - -
TaylorSeer (M = 5) 5.24 453x | 2.74 23142 Speedup Ratio Speedup Ratio
FoCa (NN = 5) 5.24 4.53x | 2.60 230.76

Table 3: Quantitative comparison in class-to-image genera-
tion on ImageNet with DiT-XL/2.

nificantly outperforming other methods. Qualitative compar-
isons in Figure 5 further illustrate that FoCa preserves better
image quality, even under large skipping intervals.

Results on Text-to-Video Generation. Table 2 demon-
strates that FoCa delivers the best overall trade-off on Hun-
yuanVideo. With a cache window of A/ = 7, FoCa holds
a 6.45x speedup ratio, while achieving the highest VBench
score of 79.68%. In particular, compared to the original sam-
pler (80.66%), FoCa attains near-lossless quality with more
computational savings 6.45x. Qualitative comparisons on
Fig. 7 further confirm that FoCa preserves video quality, spa-
tial relationship, background scenery better.

Results on Class-to-Image Generation. On DiT-XL/2,
FoCa establishes a stronger quality—efficiency frontier than
other training-free baselines, and it also surpasses the
training-based L2C at comparable budgets. With interval
(N = 2), FoCa’ FID even improves over the original 50-
step DDIM at 1.92 x speedup; at N = 3 it achieves FID 2.25
(2.77x), outperforming TaylorSeer FID 2.35. Under higher
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Figure 6: Ablation study of Heun Correction. Adding the
Heun step consistently reduces FID and boosts Inception
Score across all speedup ratios.

compression (N = 5), FoCa maintains FID 2.60 at 4.53x,
whereas most method collapse.

Results on Image-Super-Resolution. We have evaluated
our method and the other caching methods for image
super-resolution. On Inf-DiT, FoCa yields a 3.17 x speedup
with even better PSNR of 31.03dB. In contrast, Tay-
lorSeer achieves only 29.66 dB, confirming that noisy finite-
difference forecasting degrades high-frequency detail. These
results also demonstrate that FoCa’s robustness beyond text-
conditional synthesis.

Ablation Study. We evaluate the impact of Heun correction
in FoCa on DiT-XL/2. As shown in Figure 6, we compare the
BDF2-only with FoCa at varying activation intervals. While
BDF2-only forcasting deteriorates rapidly under large skip
intervals, FoCa consistently achieves lower FID and higher
Inception Score, demonstrating improved stability and ac-
curacy. These results highlight the importance of integrating
stability-aware correction into multi-step caching schemes,
particularly on aggressive acceleration.
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Figure 7: Visualization of different caching methods on HunyuanVideo. FoCa maintains high-quality generation under the
higher acceleration ratio, while other methods suffer from issues such as missing details, and mistaken spatial relationships.
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Figure 8: Stiffness Analysis: (a) LTE and Stiffness Index of
FLUX across timesteps, revealing a sharp rise in the late
stage that indicates a numerically stiff region. LTE denotes
local truncation error, which measures numerical integration
accuracy. The Stiffness Index measures the numerical stiff-
ness of the model. (b) Comparison of ten-step forecasting
error starting from various timesteps.

Analysis on the stiffness of feature trajectories. In numer-
ical analysis, a differential equation is considered stiff when
certain components evolve at vastly different timescales,
causing instability for standard integration methods unless
extremely small step sizes are used. In this work, we model
the evolution of hidden features in diffusion models as an
ODE system and solve it using a BDF2-Heun predictor-
corrector scheme. This method is particularly well-suited for
stiff ODEs, making it a natural fit for handling the challeng-
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ing dynamics of diffusion sampling. To explore the applica-
bility of our method, we investigate the stiffness of the hid-
den feature trajectories. Our stiffness diagnosis in Fig. 8(a)
reveals a late-stage region (from step 10 to 0) where LTE and
Stiffness Index both rise sharply. This indicates high sen-
sitivity to step-size perturbations and numerical instability,
which we define as the stiff zone in the evolution of hid-
den states. To further analyze, Fig. 8(b) shows forecasting
error under controlled prediction horizons. Specifically, we
execute full computation up to timestep 30, 20, and 10, and
forecast the next 10 steps using either TaylorSeer or FoCa.
As prediction begins deeper into the stiff zone, TaylorSeer
exhibits rapidly diverging errors due to over-extrapolation,
while FoCa maintains bounded error growth through stable
multi-step aggregation and Heun-style correction. This re-
sults in convergent error curves and consistent generation
quality even under aggressive skipping.

Conclusion

We presented FoCa, a training-free acceleration framework
that reinterprets hidden feature state prediction as solving
an ODE and couples BDF2 predictor with a Heun calibra-
tor. This predictor—corrector design utilizes historical fea-
tures effectively and expands the stability region into the stiff
zone where existing caching methods collapse. Performing
near-lossless speedups in diverse settings: 5.50x on FLUX,
6.45x on HunyuanVideo, 3.17x on Inf-DiT and state-of-
the-art trade-offs on ImageNet with DiT-XL/2 (up to 4.53 x
with superior FID). FoCa provides a novel acceleration per-
spective from the view of ODE in the feature space.
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