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Fig. 1: Images sampled by Qwen-Image with LinCa at 6.95x acceleration.

Abstract. Diffusion models have achieved remarkable success in im-
age and video generation, yet the high computational cost of iterative
sampling remains a critical bottleneck for practical deployment. Feature
caching has emerged as a promising acceleration paradigm by reusing
or predicting intermediate features across timesteps. However, existing
training-free methods apply uniform prediction strategies that cannot
adapt to the heterogeneous feature dynamics, causing significant quality
degradation under high acceleration ratios. We propose LinCa, a fea-
ture caching framework based on learnable invertible networks. LinCa
decomposes cached features into sub-components with distinct conti-
nuity properties via a lightweight invertible network and applies dif-
ferentiated prediction orders matched to each component. The strict
invertibility guarantees lossless reconstruction back to the original fea-
ture space, forming a unified Decompose-Predict-Reconstruct pipeline.
By training separate predictors for different models and timestep seg-
ments, LinCa adapts to heterogeneous feature dynamics. Experiments on
FLUX, Qwen-Image, and HunyuanVideo demonstrate that LinCa, with
less than 0.2% additional parameters, significantly outperforms exist-
ing methods and maintains near-lossless quality at 5-7x speedup. Code:
https://github.com/QHR69/LinCa.
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1 Introduction
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Fig.2: Analysis of dynamics mismatch. (a): Denoise trajectories visualized via
Principal Component Analysis (PCA) within FLUX.1-dev and Qwen-Image. Signifi-
cant continuity differences exist across different models and denoising stages. (b)-(c):
Denoise trajectories of specific dimensions visualized via PCA within FLUX.1-dev and
Qwen-Image. Even within the same model and stage, significant continuity differences
still exist across different feature dimensions. (b) shows dimensions with low continuity
and abrupt mutations, while (c) shows dimensions with high continuity and stability.

Diffusion models have achieved remarkable progress in image and video gen-
eration and editing [2}[15/38]. Recently, Diffusion Transformers have become
the predominant architecture for high-quality conditional generation and editing,
owing to their superior scalability and modeling capacity. However, the iterative
denoising sampling mechanism of Diffusion Transformers requires multi-step for-
ward passes, and the resulting high computational cost makes efficient inference
a critical bottleneck for practical deployment.

To address this challenge, two main acceleration directions have emerged:
reducing the total number of sampling steps through algorithmic advances ,
and lowering the per-step cost through architectural optimization . Among
these, feature caching exploits the temporal consistency of hidden representa-
tions across adjacent timesteps and has become a particularly promising solution.
Specifically, it performs a full model forward pass only once every N timesteps
and caches the intermediate features. The remaining N—1 steps directly reuse
or predict features based on previous caches, thereby skipping expensive for-
ward computation to achieve acceleration, as exemplified by recent works such
as FORA, ToCa, and TaylorSeer [25,[41}/60]. Despite this progress, we identify
the following limitations in current feature caching methods.

Cross-timestep and cross-model dynamics mismatch. Existing feature
caching methods implicitly assume that the hidden features of diffusion models
follow a uniform evolution pattern throughout the entire denoising process, and
thus apply a single preset caching strategy across all timesteps and all models.
However, as shown in Figure [2{(a), we find that even within the same model, the
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feature evolution patterns differ significantly across timesteps. Some timestep
segments exhibit stable and continuous trajectories, while others display poor
continuity accompanied by abrupt mutations. Across different models, the dis-
crepancy in feature trajectory shapes and variation patterns is more pronounced.
This indicates that the denoising process is not governed by a single dynamics
mechanism, and applying a uniform caching rule across all timesteps and models
inevitably introduces cumulative errors in certain scenarios.

Cross-dimension dynamics mismatch. From a finer-grained perspective,
existing methods apply a uniform prediction strategy to all feature dimensions,
implicitly assuming that all dimensions share the same continuity. However,
as shown in Figure [b)-(c), even within the same model at the same timestep
segment, different feature dimensions exhibit markedly different dynamics. Some
dimensions display good stability and continuity, making them suitable for high-
order polynomial prediction. Other dimensions are unstable and accompanied
by abrupt mutations, making them difficult to predict directly. More critically,
dimensions with different continuity properties are interleaved in the original
feature space and cannot be separated by simple dimensional partitioning. This
suggests that a uniform prediction strategy cannot accommodate the vastly dif-
ferent dynamics across feature dimensions.

To address the dynamics mismatch at both levels, this paper introduces
LinCa, a Learnable Invertible Networks based Feature Caching acceleration
framework. Through minimal parameter overhead and training cost, LinCa em-
ploys a learnable mapping to decompose cached features into sub-components
with different dynamics and applying the corresponding differentiated prediction
orders to each component. Unstable components are directly reused from the
nearest cache, while components with good continuity are predicted via poly-
nomial extrapolation matched to their continuity from historical caches. This
learnable mapping is realized by a lightweight fully invertible network whose
strict invertibility guarantees that the decomposed features can be losslessly re-
constructed back to the original feature space, forming an end-to-end learnable
Decompose-Predict-Reconstruct pipeline. Furthermore, we partition the denois-
ing timesteps into multiple segments and train isomorphic but independently
parameterized predictors, adapting to the distinct feature dynamics of different
diffusion models and timestep segments. With a parameter count less than 0.2%
of the original diffusion model, LinCa requires only 100-200 pre-generated fea-
tures as training data, and completes training within 1 hour on a single GPU
(12GB VRAM) without loading the diffusion model weights. During inference,
LinCa achieves nearly the same speed as training-free methods, further enhanc-
ing its practical value.

LinCa delivers robust and efficient feature prediction across diverse tasks
and architectures. It achieves near-lossless acceleration of 5.51x on FLUX.1-
dev, 6.95x on Qwen-Image, 7.08 x on Qwen-Image-Edit, and 5.50x on Hun-
yuanVideo (Figure . Moreover, it is also fully compatible with distillation or
quantization with higher acceleration ratio and strong image quality. In sum-
mary, our main contributions are as follows:
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e Heterogeneous Feature Dynamics: We reveal that the hidden features
of diffusion models exhibit significant dynamics mismatch across timesteps
and models, and that different feature dimensions display markedly different
evolution patterns, highlighting the importance of adaptively matching feature
dynamics through learnable mappings.

e LinCa Framework: We propose LinCa, a feature caching framework that
decomposes cached features via a lightweight invertible network and applies
differentiated prediction orders. By training separately for different models
across different timestep segments, LinCa adapts to heterogeneous feature
dynamics with minimal training overhead.

e Superior Performance: We evaluate LinCa on diverse architectures and
tasks including FLUX.1-dev, Qwen-Image, Qwen-Image-Edit, HunyuanVideo
and even distilled or quantized models. Across all settings, LinCa significantly
outperforms existing training-free methods at the same acceleration ratio and
maintains near-lossless generation quality under high speedup.

2 Related Works

Diffusion models [16}44] have become the dominant framework for high-fidelity
image and video generation. The Diffusion Transformer (DiT) [37] further ad-
vanced this field through superior scalability and expressive capacity, becoming
foundational for large-scale visual generation systems [56,[31-35,/50,/57]. Nev-
ertheless, the iterative nature of the sampling process remains the primary in-
ference bottleneck, and current acceleration efforts focus on two complementary
directions: reducing sampling steps and accelerating the denoising network.

2.1 Sampling Timestep Reduction

DDIM [45] introduced deterministic few-step sampling, further refined by the
DPM-Solver series [29}/30] through high-order ODE solvers. Rectified Flow [28]
shortens the transport path via optimal transport, while knowledge distilla-
tion [36}[40] compresses long sampling trajectories into compact student gen-
erators. Consistency Models [46] further enable single-step synthesis by learning
a direct noise-to-data mapping. Although effective, these methods typically re-
quire redesigning sampling algorithms or retraining the diffusion model, limiting
their applicability to pre-trained diffusion models.

2.2 Denoising Network Acceleration

Another acceleration direction focuses on reducing the computational cost of
each forward pass, primarily through model compression and feature caching.

Model Compression-based Acceleration. Model compression reduces
inference overhead through structured pruning [11}/59], quantization [19,/42], dis-
tillation [21], and token merging or pruning [3}8./18./52/53|. However, these meth-
ods often necessitate additional training or fine-tuning to maintain generation
quality, and aggressive compression may compromise robustness [21].
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Feature Caching-based Acceleration. Feature caching avoids redundant
computation by reusing activations across timesteps, attracting wide attention
for its ability to work without modifying model structure and typically in a
training-free manner. Current works [4,24] extended caching to DiT architec-
tures: FORA [41] and A-DiT [7] cache block outputs, while ToCa and DuCa [60!
61] adaptively reuse tokens or regions. TaylorSeer [25] introduced polynomial ex-
trapolation from cached features, further advanced by FoCa [56] and SpeCa [26].
More recently, Clusca [58] reduces token redundancy via spatial clustering, while
HyCa [55] applies dimension-wise caching based on mixed ODE modeling.

However, all the above methods treat cached features as a whole, applying a
uniform prediction strategy across all feature dimensions and overlooking their
markedly different continuity. Meanwhile, feature dynamics differ significantly
across model architectures and denoising stages, yet existing training-free meth-
ods apply the same strategy across all scenarios, leading to cumulative prediction
errors and notable quality degradation under high acceleration ratios.

In contrast, LinCa employs invertible networks capable of lossless recon-
struction to map cached features into sub-components with distinct continuity
properties for differentiated order prediction, addressing the quality degradation
inherent in existing caching methods. Meanwhile, data-driven per-segment train-
ing enables LinCa to adaptively accommodate the feature dynamics differences
across model architectures and denoising stages with minimal training cost, sig-
nificantly improving prediction performance under high acceleration ratios.

3 Methodology

3.1 Preliminary

Feature caching accelerates diffusion model inference by avoiding redundant com-
putation across timesteps. Let x; denote the hidden feature produced by the dif-
fusion model at timestep ¢, feature caching perform a full forward pass every IV
steps and cache the intermediate features, while estimating the remaining N—1
steps through a prediction function f based on historical caches:

)A(t_k:f(xt, Xt4+N; ), ke {1,,N—1} (1)

where X, X;1 N, ... are previously cached features. Existing feature caching
methods aim to construct an effective f for accurate prediction. For instance,
when f is modeled as the identity mapping, it corresponds to direct reuse:
Xy = X;. Alternatively, f can be modeled as a Taylor expansion: X, j, =

x; + 3 4% (—k)!, where m is the prediction order and A’x, denotes the
it" order discrete difference. f can also be modeled as Hermite interpolation
based on discrete differences: X,—r = x; + .o, a;(k) A’x;, where a;(k) are
interpolation coefficients derived from Hermite polynomials.

However, regardless of the form of f, existing methods apply a uniform pre-
diction strategy and prediction order across all models, all timesteps, and all
feature dimensions, failing to accommodate the significant dynamics differences

at each of these levels and thus compromising generation quality.
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Fig. 3: Overview of the LinCa framework. (a) Feature Caching via LinCa:
Feature caching caches features during computation steps and skips computation by
utilizing historical cached features during prediction steps, where LinCa provides an
end-to-end “Decompose-Predict-Reconstruct” pipeline. (b) LinCa Pipeline: Cached
features are decomposed into sub-components with distinct continuity, predicted by
differentiated order polynomial extrapolation, and losslessly reconstructed back to the
original feature space. (c¢) Invertible Projection: Each invertible block consists of
an invertible 1 X 1 convolution and an additive coupling layer with lightweight MLPs
F and G. The strict invertibility of each sub-layer guarantees lossless reconstruction.

3.2 Learnable Invertible Network based Feature Caching

In this section, we introduce the LinCa framework (Figure [3). To address the
dynamics mismatch at multiple levels in existing methods, LinCa is built upon
two key components: (i) decomposing cached features into sub-components with
distinct continuity properties through a learnable mapping and applying order-
matched polynomial prediction to each sub-component, and (ii) realizing this
mapping with a lightweight invertible network whose strict invertibility guaran-
tees lossless reconstruction of the input features, trained separately for different
models and timestep segments to adapt to their distinct feature dynamics.

Learnable Decomposition and Differentiated Order Prediction. Our
differentiated prediction strategy is motivated by the observation that different
feature dimensions exhibit distinct dynamics. As shown in Figure 2[b)-(c), some
feature dimensions are unstable with abrupt mutations and low temporal con-
tinuity, making them difficult to predict. In contrast, other dimensions exhibit
varying degrees of temporal continuity, with diffusion trajectories suitable for
polynomial prediction at different orders. However, dimensions with different
continuity properties are interleaved in the original feature space and cannot be
separated by simple partitioning. We therefore propose to learn a differentiated
decomposition strategy that regroups and separates feature dimensions with
different evolution characteristics, applying prediction functions f of different
orders to each group.
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To this end, following prior work [23], we cache the cumulative residual fea-
ture at the final layer of the diffusion model. For the cached feature x, € RV*P
at timestep t, LinCa projects it through a learnable mapping £ and decomposes
it along the feature dimension into M sub-components (M = 3 in practice):

2= Eo(x) =2 | 2" |- |2 7Y], 2™ e RV (2)

where &y is continuously optimized during training to cluster dimensions with
similar continuity into corresponding sub-spaces, thereby regrouping and sepa-
rating feature dimensions with different evolution characteristics. Based on the
distinct dynamics of each sub-component, we apply differentiated order predic-
tion strategies. For the 0*" order sub-component, which is unstable with weak

continuity, we directly reuse the nearest cached value: iio) = zg‘jjev. For higher-

order sub-components (m > 1), we predict each using m** order Hermite interpo-
lation. These closed-form predictors accurately reconstruct higher-order details
at negligible computational cost. Finally, all sub-components are concatenated
and reconstructed back to the original feature space through the inverse mapping
&y ! yielding the final predicted feature:

%, =712 |2V |- 12 Y) (3)

Lossless Mapping via Invertible Networks. The above Decompose-Predict-
Reconstruct pipeline requires & to be both learnable and capable of losslessly
reconstructing the predicted sub-components back to the original feature space
through its inverse £, . To achieve this, following [13], we design a lightweight
invertible network whose architecture guarantees strict mathematical invertibil-
ity, ensuring that the reconstruction process introduces no additional loss.

Concretely, & consists of L stacked invertible blocks. Each block contains
two invertible sub-layers: an invertible 1 x 1 convolution (parameterized by an
orthogonal matrix W) for channel mixing, followed by an additive coupling layer
that evenly splits the features along the feature dimension into uj, us and applies
lightweight MLPs F, G:

vi=uw + F(uz), vge=uz+G(vqy) (4)

The outputs vi,vs are concatenated along the feature dimension. During re-
construction, the corresponding inverse mapping is executed: first recovering the
pre-coupling components via subtraction uy = vo — G(v1), w3 = vi — F(ug),
then restoring the channel mixing through W—1!. Since each sub-layer is strictly
invertible, the entire network satisfies £, 1o & =1, introducing no additional
error and thus guaranteeing the highest reconstruction quality.

To adapt to the feature dynamics of different timestep segments, we partition
the denoising process into S segments and independently train an isomorphic but
separately parameterized predictor Sés) for each segment. LinCa requires only
100-200 pre-generated image features and completes training within one hour
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on a single GPU (12GB VRAM) without loading the diffusion model weights,
adapting to the feature dynamics of different diffusion models at minimal cost.

In detail, during training, we load the target feature x;_j and historical
cached features x;,x;ypn,... from pre-generated data, and decompose them
through €és) into sub-components ZET% and zﬁm),ziiﬁ}v,... respectively. The
historical sub-components are then used to predict the target sub-components

ZET,)C via differentiated order extrapolation, and the predictions are reconstructed

through the inverse mapping (Sés))*l to yield X;_j. The optimization objective
for each segment is:
L) = L+ AL (5)

where the end-to-end prediction loss £§j,it = ||%¢—r — X¢_x]||? ensures the over-

all prediction quality in the original feature space after inverse reconstruction.

The sub-component prediction loss ££f)2np = er\r{;()l \ZET; - ZETI)C||2 directly con-

strains the prediction accuracy of each sub-component, driving 50(8) to cluster
dimensions suitable for m*" order prediction into the corresponding sub-space.

4 Experiments

4.1 Experiment Settings

Model Configurations. The experiments are conducted on four state-of-the-
art diffusion-based models: the text-to-image models FLUX.1-dev [20] and Qwen-
Image [48], the text-to-video model HunyuanVideo [47], and the image editing
model Qwen-Image-Edit [48]. To further assess compatibility with model com-
pression techniques, we also evaluate our method on distilled or quantized mod-
els: FLUX.1-lite-8B [12], FLUX.1-schnell |1] and FLUX.1-dev-int8 [10]. All ex-
periments are conducted on NVIDIA A100 GPUs for the FLUX series, H100
GPUs for HunyuanVideo, and H20 GPUs for Qwen-Image and Qwen-Image-
Edit. More details are provided in the supplementary materials.

Evaluation and Metrics. For text-to-image generation, we follow the Draw-
Bench [39] protocol and evaluate all models on a fixed set of 200 prompts, as-
sessing images using ImageReward [49] for photorealism, CLIP Score [14] for
text-image alignment, and PSNR, SSIM, and LPIPS for fidelity. For text-to-
video generation, we evaluate our model on VBench [17], which provides multi-
dimensional assessments covering motion quality, visual appearance, and seman-
tic consistency. Regarding image editing tasks, we utilize GEdit-Bench [27] to
evaluate model performance across a diverse set of edit types and prompts.

4.2 Results on Text-to-Image Generation

As shown in Table[T] LinCa achieves the best speed-quality trade-off on FLUX.1-
dev. At N =4, it reaches an ImageReward of 1.0175 with 3.32x acceleration,
surpassing FoCa (0.9917 at 2.80x) and TaylorSeer (1.0018 at 2.82x). At N = 6,
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Table 1: Quantitative comparison of text-to-image generation for FLUX.1-
dev. Best results are highlighted in bold, and second-best are underlined.

Acceleration

Method }Latency(s) T Speed T‘FLOPS(T) T Speed T}ImageReward 1|CLIP Score 1
Original: 50 steps | 2310 1.00x | 3719.50 1.00x | 0.9930 | 32.61 (+0.0'

60% steps 14.87 1.55x 2231.70 1.67x 0.9693 (—2.17) | 32.50 (—0.3
A-DiT (N =2) 15.96 1.45x% 2480.01 1.50% 0.9471 (—1.67) | 32.46 (0.5
A-DIiT (N = 3) 11.63 1.98x 1686.76 2.21x | 0.8750 (- 11.9%) | 32.29 (1.0
FORA (N =3) 9.08 2.54% 1320.07 2.82x | 0.9802 ( 137) | 3245 ( 05
DBCache (F = =38) E 15.05 1.53x 2384.29 1.56x 1.0097 (+1.77%) | 32.72 (+0.3¢
TaylorSeer (N =3,0 =2 8.83 2.61x 1320.07 2.82x 1.0018 (+0.9° 32.58 (0.1
FoCa (N = 3) 8.35 2.78% 1327.21 2.80x | 0.9917 (-0.1%) | 32.75 (10.4
LinCa (N = 4) 7.51 3.08x 1120.68  3.32x | 1.0175 (12.5%) |32.88 (10.8%)
34% steps 8.10 2.85x 1264.63 3.13x | 0.9482 (- 15%) | 32.28 (1.0
Chipmunk 11.39 2.02x 1505.87 2.47x 0.9965 (+0.47) | 32.71 (+0.3°
FORA (N =1 7.28 3.14x 967.91 3.84x 0.9757 (—1.77) | 32.31 (0.9
ToCa (N = 6) 11.76 1.96 924.30 4.02x 0.9830 (—1.07) | 32.25 (1.1
DuCa (N =5) 7.32 3.15x 978.76 3.80% 0.9982 (+0.57%) | 32.41 (—0.6
TeaCache (I =0.8) 6.42 3.58x 892.35 4.17x 0.8710 (—12.3%) | 31.89 (—2.2
DBCache (F =4,B=14) g 5.92 3.90x 907.20 4.10x 0.6372 (—35.8%) | 32.10 (- 1.6°
TaylorSeer (N =4,0 = 2 8.31 2.80x 967.91 3.84x 0.9887 (- 0.47) | 32.58 (0.1
FoCa (N =14) ! 8.37 2.76x 1050.70 3.54x 0.9782 (—1.57) | 32.73 (+0.4
Clusca N 4,0 =2,K = 16) . 8.27 2.79x 1045.58 3.56x 0.9876 (—0.57) | 32.62 (+0.0
HyCa (N = 5) . 6.83 3.38x 893.54 4.16x 1.0096 (+1.77%) | 32.87 (0.8
LinCa (N = 6) 5.27 4.38x% 823.21 4.52x | 1.0228 (+3.0%) |32.97 (+1.1%)
FORA (N =5 6.94 3.33x 893.54 4.16x 0.8276 (—16.77%) | 31.95 (2.0
ToCa (A = 8) 60| 10.17 2.27x 784.54 4.74x | 0.9479 (~157) | 32.16 (1.4
DuCa (N =7) 61 6.06 3.83x 760.14 4.89% 0.9785 (—1.57) | 32.26 (—1.1°
TeaCache (I =1 7.24 3.19%x 743.63 5.01x 0.8421 (—15.2%) | 32.01 (1.8
DBCache (F =4,B =2) g 5.25 4.40x 793.07 4.69x 0.5106 (1.6 | 32.01 (1.5
TaylorSeer (N =5,0 = 2 6.71 3.46x 893.54 4.16x 0.9793 (—1.47) | 32.63 (+0.1
FoCa (N = 6) 6.76 3.42x 745.39 4.99x 0.9741 (—1.07) | 33.10 (+1.5
Speca (Nmax = 8, Nmin = 2) 6.61 3.48x 791.38 4.70x 1.0012 (+0.8%) | 32.45
Clusca (N =5,0=1,K =16 6.31 3.66x 897.03 4.14x 0.9748 (- 1.57) | 32.50

HyCa (N = 6) 6.09 3.79x 744.81 5.00x | 1.0043 (+1.1%) | 32.64 (+0.1
LinCa (N =38) 4.40 5.25x 674.64 5.51x | 1.0162 (+2.3%) | 32.72 (+0.3%)

Original LinCa TeaCache FORA ToCa DuCa TaylorSeer
x1.00 x5.51 x5.00 x5.00 x5.20 x5.50 x5.00
— -~ winter WINTER TER WINTES

WINTER WINTER
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Fig.4: On FLUX.1-dev, LinCa delivers higher speedup with better text consistency,

fine-grained details, and spatial relationships.
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Table 2: Quantitative comparison of text-to-image generation for Qwen-
Image. Best results are highlighted in bold, and second-best are underlined.

Method ‘ Acceleration Quality Metrics ‘ Perceptual Metrics
‘Latency(s) | Speed T‘FLOPS(T) | Speed T‘ImageRewardT CLIPT‘PSNRT SSIM?T LPIPS|
Original: 50 steps 126.60 1.00x 12917.56 1.00x 1.2532 (+0.0 35.52 S 1.00 0.00
50% steps 63.62 1.99x 6458.78 2.00x 1.2023 V) 35.24 | 30.55  0.75 0.27
20% steps 25.89 4.89% 2583.51 5.00x | 0.9223 (- 20.47) 34.94 | 28.60 0.60 0.52
TaylorSeer (N'=3) 62.36 2.03%x 4646.60 2.78x | 1.0674 (—1157) 34.78 | 28.14  0.53 0.65
HyCa (N'=3) 59.72 2.12x | 4646.60  2.78x | 1.2316 ( 177) 35.01 | 30.21 0.80  0.25
LinCa (N'=3) 58.88 2.15x 4705.76 2.75x |1.2329 (-1.6%) 35.40 | 31.86 0.83 0.18
FORA (N=4) 38.13 3.32x 3359.99 3.84x | 0.9315 (—2577%) 34.33 | 2865  0.60 0.50
ToCa (N'=8, R=75%) [60] 60.87 2.08x 2991.34 4.32x | 1.0218 (- 1s5%) 3497 | 2894  0.63 0.45
DuCa (N'=9, R—80% 34.50 3.67x 2958.13 4.37x | 0.7709 (-35.57) 34.59 | 2844  0.58 0.54
TaylorSeer (N=6) |25 30.58 4.14% 2583.97 5.00x | 1.0125 (—10.27) 34.77 | 28.59  0.62 0.45
HyCa (N=6) 36.48 3.47x 2584.46 5.00% 1.1967 57%)  34.89 | 29.68  0.71 0.31
LinCa (N'=6) 30.51 4.15x 2635.31 490x |1.2163 (-2.9%) 35.34 | 29.84 0.73 0.29
FORA (N=6) 28.51 4.44x 2326.74 5.55x | 0.4812 (—61.6%) 33.31 | 2848  0.55 0.59
ToCa (N'=12, R=85%) [60] 50.64 2.50x 2406.20 5.37x | 0.5511 (-56.0%) 34.05 | 28.68  0.58 0.54
DuCa (N'=12, R=90% 28.39 4.46x 2171.56 5.95x | 0.4104 (—67.37) 33.34 | 2838  0.57 0.61
TaylorSeer (N'=9) 24.49 5.17x 2067.29 6.25x | 0.7318 (—11.67) 32.89 | 2824  0.56 0.57
HyCa (N-8) 23.53 5.38% 2066.82 6.25x | 1.0432 (- 16.57) 34.82 | 28.86  0.62 0.44
LinCa (N'=10) 23.19 5.46 % 1859.35 6.95x [1.0524 (-16.0%) 35.17 | 29.10 0.69 0.39

x1.00  x357 x4.55 Xx5.56 Xx6.25 x7.14 x8.33

TaylorSeer

LinCa

-
o
2

73]
=
S

=
z

=

LinCa

Fig.5: On Qwen-Image, LinCa retains superior image quality and details as the ac-
celeration ratio increases, while Taylorseer degrades with blurring and detail loss.

LinCa demonstrates remarkable robustness, achieving 1.0228 at 4.52x, which
outperforms both HyCa (1.0096 at 4.16x) and Clusca (0.9876 at 3.56x). At
N = 8, it maintains a superior quality of 1.0162 at 5.51x. Other methods such
as DBCache and TeaCache suffer from substantial degradation. Visual compari-
son in Fig. [ further confirms LinCa’s advantage in preserving image details and
text-alignment under high compression ratios.

In Table 2] LinCa consistently achieves the best overall trade-off on Qwen-
Image across all acceleration levels. At N = 3, it is comparable to TaylorSeer in
speed (2.75x) but yields higher quality (ImageReward 1.2329 vs. 1.0674, and
highest PSNR 31.86). At N = 6, LinCa remains strong (1.2163, 29.84), outper-
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forming HyCa (1.1967, 29.68) and surpassing other methods like ToCa (1.0218)
and FORA (0.9315). At N = 10, it sustains high quality (1.0524 at 6.95x),
while others drop sharply. These results highlight LinCa’s robustness under high
acceleration while preserving superior visual fidelity and text-alignment. Visual
comparison in Fig. [5]further demonstrates that LinCa consistently preserves high
image quality and intricate details even as the acceleration ratio increases.

4.3 Results on Text-to-Video Generation

Table 3: Quantitative comparison of text-to-video generation for Hunyuan-
Video. Best results are highlighted in bold, and second-best are underlined.

Method Efficient ‘ Acceleration ‘ VBench 1

Attention [Latency(s) | Speed 1[FLOPs(T) | Speed ?| Score(%)
Original: 50 steps v 185.00 1.00x 29773.0 1.00x | 80.66 (+0.0%)
22% steps ‘ v ‘ 40.66 4.55 % 6550.1 4.55x | 78.74 (—2.4%)
FORA (N =5) (4 43.84 4.22x 5960.4 5.00x | 78.83 (—: )
ToCa (N =5R= X 49.07 3.77x 7006.2 4.25%x | 78.86 (—2.2%)
DuCa (N =5,R = v 40.39 4.58x 6483.2 4.48x | 7872 (—2.4%)
TeaCache (I = 0. v 38.87 4.76x 6550.1 4.55%x | 79.36 (—1.6%)
TaylorSeer (N =5, v 44.47 4.16x 5960.4 5.00x | 79.93 (—0.9%)
Speca (Mmax = 8, i 2 v 44.05 4.20x 5692.7 5.23% | 79.98 (—0.5%)
Clusca (N =5, K = 32) é v 48.30 3.83x 5968.1 4.99x | 79.99 (-0.8%)
FoCa (N =5) v 44.05 4.20x 5966.5 4.99x | 79.96 (-0.9%)
LinCa (N = 6) v 38.21 4.84% 5413.27 5.50x [80.16 (—0.6%)

‘a horse and a sheep” ‘an orange and a clock” ‘a person is motorcycling”
‘Missing details in motion blur

elationship

Losing background scene
e T -y

Mistaken spatia
- @ s

Original
x1.00
22% Steps
x4.55
LinCa
x5.50
TaylorSeer
x5.00

TeaCache
x4.55

Fig. 6: On HunyuanVideo, LinCa maintains high-quality generation under higher ac-
celeration ratio, while other methods suffer from lossing background scene, mistaken
spatial relationships, and missing motional details.

As shown in Table [3] LinCa exhibits superior quality on HunyuanVideo.
At N = 6, it achieves a notable 5.50x speedup while preserving a competitive
VBench score of 80.16, representing only a slight decrease from the 50-step
baseline (80.66). In contrast, Clusca and Speca reach 79.99 and 79.98 with less
speedup, while TaylorSeer reaches only 5.00x with 79.93 and ToCa/DuCa de-
grade further. This demonstrates an optimal balance between inference speed
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and visual fidelity in high-quality video generation. Qualitative comparisons on
Fig. [6] further confirm that LinCa preserves video quality, background scenery,
spatial relationship and motional details better.

4.4 Results on Image Editing

Table 4: Quantitative comparison of image editing for Qwen-Image-Edit. Best
results are highlighted in bold, and second-best results are underlined.

Method \ Acceleration |GEdit-CN (Full)|GEdit-EN (Full)
etho ‘Latency(s) | Speed T‘FLOPS(T) | Speed T‘SC +TPQ 1T OS¢t ‘SC +PQ 1 OS t
Original: 50 steps 284.51 1.00x 28190.88 1.00x | 7.68 7.51 7.41 |7.82 7.54 7.54
50% steps 143.29 1.99x 14095.44 2.00x |7.70 7.53 T7.44 |T7.77 7.52 7.47
20% steps 58.45 4.87x 5638.18 5.00x |7.65 7.42 735 |7.73 7.46 7.44
FORA (N=5) 63.15 4.51x 5643.13 5.00x |7.60 7.31 7.25 |7.62 7.34 7.28
DuCa (N'=7, R=95%) 69.54 4.09x 5699.89 4.95x |7.73 744 744 |780 740 7.45
TaylorSeer (N=6) 65.66 4.33x 5643.13 5.00x |7.25 7.09 6.92 |7.26 7.14 6.89
LinCa (N=7) 60.02 4.74x 5110.58 5.52x | 7.63 7.52 7.45 |7.81 7.55 7.56
FORA (N=7) 52.20 5.45x 4515.74 6.24x |7.42 7.13 7.06 |7.43 7.19 7.06
DuCa (N=10, R=95% 59.81 4.76x 5158.45 546x |7.50 5.75 6.39 |7.52 5.77 6.41
TaylorSeer (N=9) 53.92 5.28% 4515.74 6.24x |6.61 6.65 6.31 |6.67 6.63 6.31
LinCa (N=10) 49.05 5.80x 3982.82 7.08x |7.55 7.40 7.27 |7.68 7.46 7.40
Reference Prompts Original LinCa FORA TaylorSeer DuCa
x1.00 x7.08 x6.24 x6.24 x5.46
t Change the
background to a o) 7z ‘\\_(/’
green grassland \ .
Add a hot air

balloon in the sky

Remove the
person
wearing all
white standing
on her ski's

Fig. 7: On Qwen-Image-Edit, LinCa delivers better prompt comprehension and gen-
erates high-fidelity images while maintaining consistency in non-edited regions.

As shown in Table [4] LinCa exhibits exceptional performance on Qwen-
Image-Edit. At N = 7, it obtains overall scores of 7.45 (CN) and 7.56 (EN),
outperforming TaylorSeer (6.92/6.89), FORA (7.25/7.28), and DuCa (7.44/7.45),
even exceeding the original model’s performance. At N = 10, LinCa continues to
lead with 7.27/7.40, whereas other baselines such as DuCa and TaylorSeer drop
t06.39/6.41 and 6.31/6.31. These results demonstrate that LinCa remains robust
under high acceleration, effectively preserving high-fidelity synthesis. Qualitative
comparisons on Fig. [7]further confirm its effectiveness in handling different edit-
ing tasks with high quality and consistency in non-edited regions.



LinCa: Learnable Decomposed Feature Caching 13

4.5 Results on Distilled or Quantized Models

Table 5: Quantitative comparison of text-to-image generation for FLUX.1-
lite-8B, FLUX.1-schnell and FLUX.1-dev-int8.

‘ Acceleration ‘
Method ‘Latency(s) T Speed T‘FLOPS(T) T Speed ﬂImageRewardT CLIP Scoref
FLUX.1-lite-8B: 28 steps 8.21 1.00x 1291.49 1.00x 0.8936 ‘ 32.12
LinCa (N'=3): 28 steps 3.34 2.46 x 556.21 2.32x |0.9070 (+1.5%) 32.36 (+0.7%)
FLUX.1-schnell: 4 steps 2.48 1.00x 283.56 1.00x | 0.9692 ‘ 32.54
LinCa (N'=3): 4 steps 1.38 1.80x 142.16 1.99x |0.9843 (+1.6%) 32.67 (+0.4%)
FLUX.1-dev-int8: 50 steps 12.55 1.00x 1888.07 1.00x | 0.9744 ‘ 32.55
LinCa (N'=3): 50 steps 4.61 2.72x 718.17 2.63x |1.0036 (+3.0%) 32.81 (+0.8%)

To validate the generality of LinCa, we evaluate its performance when inte-
grated with other mainstream acceleration techniques, specifically model distilla-
tion (FLUX.1-lite-8B), step distillation (FLUX.1-schnell), and quantization
(FLUX.1-dev-int8). As shown in Table LinCa consistently improves perfor-
mance across all settings without degrading generation quality. For the model-
distilled variant, LinCa achieves a 2.32x speed-up, increasing the ImageReward
to 0.9070 and the CLIP Score to 32.36. When applied to the step-distilled
model, our framework delivers a 1.99x acceleration, reaching an 0.9843 Im-
ageReward and 32.67 CLIP Score. Furthermore, integrating LinCa with INTS8
quantization provides a 2.63x speed improvement while maintaining high fi-
delity (1.0036 ImageReward, 32.81 CLIP Score). These results demonstrate
the broad compatibility of LinCa with various mainstream acceleration methods,
serving as an effective complementary module that further enhances acceleration
performance while maintaining high generation quality.

4.6 Ablation Study

FLUX Qwen-Image

=== Order 0 Order 1 Order 2 Order 0+1+2
1.02] / T~
1.00) \/
] Y
5 5 X
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£
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Fig. 8: Ablation results of LinCa. (a)-(b): Comparison of decomposition network
architectures on FLUX.1-dev and Qwen-Image. The learnable invertible network con-
sistently outperforms both MLP and untrained alternatives. (c) Comparison of predic-
tion order strategies. Differentiated multi-order prediction maintains superior quality
over single-order prediction.
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Decomposition Network Ablation. We study the impact of different de-
composition networks on generation quality on FLUX.1-dev and Qwen-Image.
As shown in Figure [§(a)-(b), LinCa’s learnable invertible network architecture
achieves the best results across all intervals. Compared to ordinary non-invertible
networks such as learnable MLPs, the invertible network yields higher over-
all quality, indicating that its lossless reconstruction property effectively avoids
information loss during the mapping process. Compared to non-learnable strate-
gies that exhibit significant quality degradation under high acceleration ratios,
the learnable approach demonstrates more stable performance, adapting to the
specific feature dynamics.

Prediction Strategy Ablation. We further compare using 0*" order (pure
reuse), 15 order, and 2"¢ order prediction individually against LinCa’s combined
0t 4 15t + 274 order prediction, to investigate the impact of different prediction
strategies on generation quality. As shown in Figure (c), LinCa’s differenti-
ated order prediction strategy outperforms single-order configurations across all
intervals. Notably, as N increases, uniform single-order prediction, especially
274 order prediction alone, suffers from significant quality degradation, while
LinCa accurately separates features into sub-components with different continu-
ity through learnable mapping and applies differentiated prediction, consistently
maintaining the highest generation quality.

Furthermore, since the feature dynamics differ across timestep segments,
LinCa trains isomorphic but separately parameterized predictors for each seg-
ment. Experiments show that partitioning into S = 3 segments already yields
good results, and further increasing S brings diminishing improvements. De-
tailed results, additional ablation studies, and more hyperparameter analyses
are provided in the supplementary materials.

5 Conclusion

This paper proposes LinCa, a feature caching acceleration framework based on
learnable invertible networks. LinCa reveals that the hidden features of diffusion
models exhibit significant dynamics differences across denoising stages, mod-
els, and feature dimensions. Based on it, LinCa decomposes cached features into
sub-components with distinct continuity via a lightweight invertible network and
applies differentiated polynomial prediction. Through data-driven per-segment
training, LinCa adaptively accommodates the feature dynamics of different mod-
els and denoising stages, achieving a superior trade-off between acceleration and
generation quality. Extensive experiments on FLUX, Qwen-Image, and Hun-
yuanVideo demonstrate that LinCa significantly outperforms existing methods
at the same acceleration ratio, achieving 5 — 7x speedup with minimal quality
degradation, while remaining compatible with distilled or quantized models. We
believe LinCa opens up new possibilities for scalable, high-performance genera-
tive models and provides a new direction for efficient diffusion inference.
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