
Parameter-Efficient Cross-Layer Feature Fusion via
Chebyshev Polynomial Unit

Abstract—Cross-layer feature fusion critically influences the
performance of deep neural networks, where mainstream ap-
proaches like additive fusion of residual connections struggle
to model high-order nonlinear interactions, limiting represen-
tational capacity, while concatenative fusion of dense connec-
tions incurs significant memory and computational overhead.
Although recent attention-based feature fusion methods refine
feature representations and strengthen hierarchical interactions,
they often struggle to balance expressiveness and efficiency. To
address these limitations, we propose the Chebyshev Fusion Unit
(CFU), a lightweight yet effective cross-layer fusion mechanism.
Specifically, CFU computes high-order Chebyshev polynomial
terms between residual features and current-layer features, each
of which is aggregated through learnable scalar weights, forming
enhanced fusion features. This design enables explicit modeling
of complex cross-layer dependencies with minimal additional
parameters. Extensive experiments across various commonly
used base models on image classification, medical image segmen-
tation, and physical law learning tasks demonstrate its superior
performance.

Index Terms—feature fusion, Chebyshev polynomial, classifi-
cation, segmentation, physical law learning.

I. INTRODUCTION

Deep neural networks (DNNs) have achieved remarkable
success across diverse domains such as computer vision [1]–
[3], natural language processing [4], [5], and scientific comput-
ing [6], [7], yet their performance is fundamentally constrained
by the design of cross-layer feature fusion mechanisms. Tradi-
tional approaches, including additive shortcuts in ResNets [2]
and concatenated connections in DenseNets [3], exhibit com-
plementary limitations, where the former struggles to model
high-order nonlinear interactions due to its linear residual
learning paradigm [8], while the latter introduces substantial
memory and computational overhead through feature dimen-
sion expansion [9]. To address these limitations, attention-
based feature fusion methods enable adaptive learning of hier-
archical relationships by dynamically adjusting fusion weights
through interdependencies between features. Self-attention and
multi-head attention mechanisms [5] construct global feature
interactions through inner products among features. Recent
attentional feature fusion (AFF) [10] and multi-scale spatial at-
tention modules [11] leverage contextual information to refine
feature representations. However, these approaches often face
a trade-off between expressiveness and efficiency: while they
capture long-range dependencies, their quadratic complexity
significantly limits scalability.

To transcend the expressiveness-efficiency trade-off inherent
in existing fusion paradigms, we propose the Chebyshev Fu-
sion Unit (CFU), a theoretically grounded cross-layer fusion
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Fig. 1. (a) Overall structures with fusion, where the color mixing blocks
indicate intermediate features. (b) The additive feature fusion. (c) The con-
catenation feature fusion, where ⊕ serves as the concatenation operator. (d)
The attention-based feature fusion, where ⊙ indicates inner product. (e) The
proposed Chebyshev polynomial fusion, where ∗ indicates the Hadamard
product, σ denotes the regularization transformation, α serves as a learnable
scalar, and Ti(·) is the Chebyshev polynomial expansion.

mechanism that leverages the orthogonal and recursive proper-
ties of Chebyshev polynomials to model high-order nonlinear
interactions with strict parameter efficiency, as shown in Fig. 1.
Unlike heuristic attention modules or rigid additive shortcuts,
CFU decomposes feature fusion into hierarchical orthogonal
expansions, where dynamically weighted polynomial terms
capture complex dependencies between residual and current-
layer features through spectrally optimized aggregation. Theo-
retical derivations guarantee that this design enhances feature
interactions, complexity analysis ensures its parameter and
computational efficiency, and extensive experiments demon-
strate its Pareto optimal balance between expressiveness and
efficiency.

Our main contributions are summarized below:
• We introduce Chebyshev Fusion Unit (CFU), a novel

feature fusion method that leverages Chebyshev polynomial
connections to improve cross-layer interactions, thereby en-
hancing the network’s representational capacity.
• We theoretically prove that CFU achieves stronger feature

interactions than additive fusion from the perspective of the
Hilbert-Schmidt Independence Criterion.
• We provide comprehensive empirical evidence across a

range of tasks, demonstrating that CFU consistently surpasses
commonly used feature fusion methods.

II. RELATED WORK

Attention-based feature fusion has emerged as a critical
paradigm to address the limitations of traditional additive and



concatenative operations in hierarchical feature integration.
This kind of feature fusion method starts from self-attention
and multi-head-attention mechanisms [5], which construct
global feature interactions through inner products between
features. Latter attempts like SENet [12] introduced channel-
wise gating mechanisms to recalibrate feature importance but
ignored spatial and scale inconsistencies, leading to suboptimal
fusion in multi-scale scenarios. Subsequent works such as
SKNet [13] and ResNeSt [14] extended dynamic feature se-
lection to intra-layer contexts by leveraging attention weights
for multi-branch feature aggregation, though these methods
remained confined to single-scale feature interactions. To unify
cross-layer fusion, Attentional Feature Fusion (AFF) [10] and
multi-scale channel attention module (MS-CAM) [11] are
proposed to adaptively fuse features from short/long skip
connections via iterative refinement (iAFF) [15], establish-
ing a unified framework for hierarchical feature integration
across layers and skip connections. Further innovations like
POSTER [16] constructed a pyramid cross-fusion attention
fusion method to maximize proper attention to salient regions.
Despite these advances, existing attention-based fusion meth-
ods face critical computational and memory challenges.

III. METHODOLOGY

In this section, we introduce the design of Chebyshev
Fusion Unit (CFU). We provide the fundamental mathematical
properties of Chebyshev polynomials in Section III-A, and
illustrate the specific structure of CFU in Section III-B, and
analyze the interaction strength and computational complexity
in Section III-C.

A. Preliminaries: Chebyshev polynomials

Chebyshev polynomials have great potential for application
in DNNs due to the best uniform approximation for contin-
uous functions [17] and the tightest upper and lower bounds
compared to all other polynomials on the interval [-1, 1]. The
former property enables them to effectively capture complex
patterns in data, while the latter intrinsically ensures numerical
stability. The most commonly used forms are the trigonometric
definition and recursive definition, as shown in Eq. (1) and
Eq. (2), respectively:

Tn(x) =


cos(n arccosx), |x| ≤ 1

cosh(narccoshx), x > 1

(−1)n cosh(narccosh(−x)), x < −1

(1)

{
T0(x) = 1, T1(x) = x

Tn+1(x) = 2xTn(x)− Tn−1(x), n ≥ 1
(2)

B. Chebyshev Fusion Unit

We propose the Chebyshev Fusion Unit (CFU), a
lightweight yet theoretically grounded approach that leverages
the recursive and orthogonal properties of Chebyshev poly-
nomials to explicitly model high-order nonlinear interactions
while maintaining strict parameter efficiency. As shown in

Fig. 1(e), CFU receives the shortcut feature and the current-
layer feature as inputs, denoted as x and f(x) for simplicity,
where f(·) serves as the transformation of the neural net-
work between them. Then the shortcut feature x recursively
generates Chebyshev polynomial terms of various orders as
intermediate features T0(x), · · ·Td(x) according to Eq. (2),
where the operation between feature vectors is replaced by the
Hadamard product (element-wise multiplication), reformulated
as Eq. (3):{

T0(x) = 1, T1(x) = x

Ti+1 = 2x ◦ Ti(x)− Ti−1(x), n ⩾ 1
(3)

where ◦ denotes the Hadamard product.
Then these intermediate features will pass through a reg-

ularization function σ to restrict their values. Then each
regularized intermediate feature is multiplied by a scalar
weight α and summed to obtain the high-order feature, which
later aggregates with the current-layer feature through the
Hadamard product to get the aggregated feature y, as denoted
in Eq. (4):

y = f(x) ◦ [α0σ(T0(x)) + α1σ(T1(x)) + · · ·+ αdσ(Td(x))]

= f(x) ◦
d∑

i=0

αiσ(Ti(x)) (4)

where T0(x) is an all-ones vector, meaning that f(x) ◦
α0σ(T0(x)) = C ·f(x) represents a preserved but controllable
primary output of the current layer, leading to a stable training
process.

C. Property Analysis

CFU enhances the complex feature interactions by weight-
summing various orders of Chebyshev polynomial intermedi-
ate features and aggregating them with current-layer features.
We propose and prove that it does enhance interaction gain
from the perspective of Hilbert-Schmidt Independence Crite-
rion (HSIC) [18], as illustrated in Proposition. 1:

Proposition 1: The interaction gain of polynomial fusion
(PF) is larger compared to simple linear fusion (LF).
Proof

Consider the feature representations as elements in a re-
producing kernel Hilbert space (RKHS) H with kernel K.
The interaction degree is quantified by the Hilbert-Schmidt
Independence Criterion (HSIC):

Let the input feature as x with its Reproducing Kernel
Hilbert Space (RKHS) Hx defined by the kernel function
kx(·, ·). Linear and polynomial fusion can be simplified as:

yLF = gLF(x) = x+ f(x)

yPF = gPF(x) = x+

d∑
i=1

xif(x) (5)



The feature aggregation strength is measured by
HSIC(x, y), defined as the squared Hilbert-Schmidt norm of
the cross-covariance operator Cx,y , as shown in Eq. (6)

HSIC(x, y) = ∥Cx,y∥2HS = Ex,x′,y,y′ [kx(x, x
′)ky(y, y

′)]

+ Ex,x′ [kx(x, x
′)]Ey,y′ [ky(y, y

′)]

− 2Ex,y[Ex′ [kx(x, x
′)]Ey′ [ky(y, y

′)]]
(6)

where kx and ky are feature kernels.
Intuitively, the higher-order terms

∑d
i=1 x

if(x) enable
gPF(x) to span a higher-dimensional subspace in RKHS.
Theoretically, since gPF(x) = gLF(x)+∆g(x), where ∆g(x) =
f(x)◦

∑d
i=1 x

i, and ∆g(x) is orthogonal to gLF(x) in Hy due
to the polynomial basis orthogonality, thus:

HSIC(x, yPF) = ∥Cx,gPF(x)∥
2
HS = ∥Cx,gLF(x) + Cx,∆g(x)∥2HS.

By the triangle inequality and orthogonality of Hilbert-
Schmidt norms, we get:

∥Cx,gPF∥HS ≥ ∥Cx,gLF∥HS + ∥Cx,∆g∥HS − ϵ > 0,

where the second inequality holds because ϵ serves as an upper
bound on cross terms, which becomes negligible when kx is
universal and x is non-degenerate. Thus

HSIC(x, yPF) > HSIC(x, yLF).

□
Besides, CFU is parameter-efficient by expanding k-th order

Chebyshev polynomials of the shortcut features, followed by
a simple Sigmoid or Softmax operation and a Hadamard
fusion with the current-layer feature, with only a polynomial
order plus one (d + 1) additional parameters per module. By
exploiting the optimal approximation properties and numerical
stability of Chebyshev polynomials, CFU ensures both theo-
retical rigor and practical scalability.

In this way, CFU achieves a Pareto optimal balance between
constructing complex feature interactions and maintaining
parameter efficiency.

IV. EXPERIMENTS

To evaluate the effectiveness of CFU, we conduct compre-
hensive experiments across three major tasks: medical image
segmentation, physical law learning, and image classification.
Each experiment is designed to compare the performance
of traditional neural network architectures with their CFU
counterparts.

A. Medical Image segmentation

We conduct a series of experiments of medical image
segmentation on two prominent datasets: ACDC (Automated
Cardiac Diagnosis Challenge) [19] and BraTS19 (Brain Tumor
Segmentation Challenge) [20]. To thoroughly assess perfor-
mance across different settings, we implement a series of
settings, including 2D fully supervised, 2D semi-supervised,
and 3D fully supervised experiments. And we set UNet [21]
as our baseline model, with concatenative feature fusion. We

TABLE I
THE DICE VALUE OF UNET AND UNET-CFU ON ACDC AND BRATS19.

Order 1 2 3 4 5 6 7 8 9

ACDC 2D-fully-supervise with Baseline UNet: 0.7984
UNet-CFU 0.8122 0.7900 0.8070 0.8031 0.7923 0.8040 0.8077 0.7896 0.8013

ACDC 2D-semi-supervise with Baseline UNet: 0.8225

UNet-CFU 0.8305 0.8270 0.8205 0.8320 0.8328 0.8243 0.8338 0.8328 0.8339

BraTS19 3D-fully-supervise with Baseline UNet: 0.8291

UNet-CFU 0.8306 0.8389 0.8415 0.8448 0.8404 0.8279 0.8324 0.8417 0.8365

replace the concatenation fusion for CFU and evaluate the
effectiveness among various polynomial orders.

The Dice scores of both UNet and UNet-CFU of various
polynomial orders are presented in Tab. I. The results indi-
cate that UNet-CFU consistently outperforms the traditional
UNet architecture across all experimental configurations, as
measured by the Dice metric.

We randomly select an image from the test set for visu-
alization, with the results depicted in Fig. 2, exhibiting the
power of UNet-CFU to identify and extract tiny objects and
marginals, further highlighting the effectiveness of CFU in
enhancing the model’s representational power, enabling better
feature extraction and segmentation accuracy.

(a) ACDC fully supervised

(b) BraTS19 fully supervised

Fig. 2. The segmentation results of ACDC and BraTS19. (a) ACDC for fully
supervised task. (b) BraTS19 for fully supervised task.

B. Physical law learning

We conduct experiments on modeling object trajectories
in real-world physical scenarios. To be concrete, we employ
Neural ODEs (NODE) [22] to model the trajectory of a
bouncing ball, and Hamiltonian Neural Networks (HNN) [23]
to simulate two-body and three-body problems, as well as the
motion of a real pendulum. Besides, we compare the learned
kinetic energy, potential energy, and total mechanical energy
of the objects between the baselines and the CFU variants
to evaluate the generalization capacity because overfitting
would manifest as small trajectory errors coupled with large



TABLE II
THE MSE-LOSS BETWEEN SIMULATED TRAJECTORY AND GROUND TRUTH

PREDICTED BY NODE, HNN AND THEIR CFU VARIANTS.

Order 1 2 3 4 5 6 7 8 9

bouncing ball with Baseline NODE: 0.231
NODE-CFU 0.499 0.286 0.225 0.020 0.071 0.376 0.024 0.451 0.084

2-body problem with Baseline HNN: 6.404 (Unit: 1e-6)

HNN-CFU 4.474 5.994 2.437 2.220 6.545 5.727 4.245 4.454 3.087

3-body problem with Baseline HNN: 4.437 (Unit: 1e-1)

HNN-CFU 4.981 4.531 4.242 4.373 4.121 4.428 4.029 4.513 4.219

real pendulum problem with Baseline HNN: 5.982 (Unit: 1e-3)

HNN-CFU 5.807 5.794 5.805 5.808 5.803 5.802 5.793 5.806 5.807

energy discrepancies. We train NODE and NODE-CFU for
1,000 iterations, while HNN and its CFU variant for 10,000
iterations.

The trajectories of the 2-body problem predicted by HNN
and HNN-CFU are shown in Figure 3.

Trajactories Energy

(a) Trajactories and energy of HNN

(b) Trajactories and energy of HNN-CFU

Fig. 3. The 2-body trajectories and corresponding energy predicted by HNN
and HNN-CFU. (a) HNN. (b) HNN-CFU.

The mse-loss of energy of 2-body, 3-body, and real pendu-
lum problem of HNN and HNN-CFU is shown in Table III:

TABLE III
THE MSE-LOSS OF ENERGY OF VARIOUS PHYSICAL SCENARIOS OF HNN

AND HNN-CFU.

Scenario 2-body 3-body real pendulum

HNN 2.903× 10−5 1.096× 10−2 7.500× 10−3

HNN-CFU 1.085×10−5 6.093×10−3 7.494×10−3

Through these comprehensive experiments, we have demon-
strated that CFU exhibits superior approximation capabilities
while show stronger generalization capacity compared to ad-

TABLE IV
THE TEST ACCURACY OF MODELS AND THEIR CFU VARIANTS ON

CIFAR100.

Order 1 2 3 4 5 6 7 8 9

Using PCNN Architecture with Baseline: 59.8
PCNN-FU 59.8 59.5 59.4 59.4 59.8 60.0 59.7 59.7 59.6
PCNN-CFU 59.7 60.5 60.2 59.9 60.3 60.4 60.4 60.0 60.2

Using MobileNet Architecture with Baseline: 60.0
MobileNet-FU 59.7 59.8 59.3 60.1 60.2 60.8 59.6 60.1 O
MobileNet-CFU 60.0 60.0 60.2 60.5 60.4 60.4 60.3 60.0 60.2

Using ResNet18 Architecture with Baseline: 76.1
ResNet18-FU 75.6 76.7 76.0 76.4 76.4 76.0 75.8 75.9 75.7
ResNet18-CFU 75.8 75.5 76.3 76.6 76.1 76.6 76.4 76.3 76.1

dition fusion. This robust performance suggests that CFU is
well-suited for learning and modeling physical laws.

C. Image classification

We further evaluate the performance of CFU on the clas-
sification task using the CIFAR-10 [24] and CIFAR-100 [24]
datasets. The baseline models include PCNN (a plain 5-layer
CNN with 5 hidden states), MobileNetV2, ResNet18. We
change the additive fusion to our CFU or plain polynomial
fusion unit (PU, replacing the Chebyshev polynomials with
plain polynomials) to construct the corresponding CFU and PU
variants. We train these models from scratch for 120 epochs.
The batch size for each model is set to 128, with an initial
learning rate of 0.1, which is reduced by a factor of 10 at
epochs 40, 60, 80, and 100. We use SGD with momentum
of 0.9 and a weight decay of 5 × 10−4 as the optimizer. All
other settings for both the baseline models and CFU variants
are kept identical.

The test accuracy on CIFAR100 of baselines and their
CFU and FU variants are shown in Tab. IV, through which
we can conclude that CFU-based models of most orders
perform better than the baseline models. Besides, the recursive
formulation of Chebyshev polynomials intrinsically avoids
numerical overflow, representing a significant advantage over
plain polynomials.

V. CONCLUSION

In this paper, we propose CFU, a lightweight fusion mech-
anism that utilizes orthogonal Chebyshev polynomial connec-
tions to enhance representational capacity while maintaining
strict parameter efficiency. By introducing recursive spectral
expansions of shortcut features and Hadamard product with
current-layer features, CFU establishes a mathematically prin-
cipled framework for high-order feature interactions, enabling
superior approximation capabilities with minimal computa-
tional overhead. Our empirical results demonstrate that CFU
consistently outperforms traditional fusion paradigms across
medical image segmentation, physical law learning, and image
classification tasks.
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