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Abstract

Whether through local message passing, global attention, or spectral projection,
hypergraph neural networks almost uniformly rely on aggregation to enrich node
representations. Spectral filtering, however, is theoretically equivalent to spa-
tial aggregation and can match its representational power without aggregation’s
practical overhead. We introduce SpectralMLP, a framework that replaces aggre-
gation with dual-frequency spectral filtering via learnable Jacobi polynomial
bases. Its central module, the Adaptive Dual-Frequency Spectral Filter
(ADF-SF), decomposes hidden representations into low- and high-frequency
branches, each governed by its own Jacobi parameters, and recombines them
through a learned gate. The entire operation reduces to sparse matrix-vector prod-
ucts, requiring neither eigendecomposition nor neighborhood expansion. Across 10
hypergraph node classification benchmarks and 9 baselines, SpectralMLP ranks
first or second on 7 datasets when configured with the best filter mode per dataset
(dual-frequency as default, single-branch modes as task-specific options). The
largest gains appear where existing methods struggle: +27.9% over the MLP
baseline on Congress (under uniform settings; severe spectral degeneration) and
+3.2% on ModelNet40 (40 classes). SpectralMLP adds a median of roughly 2.4%
additional parameters over the MLP backbone, and its total parameter count is
lower than most message-passing baselines.

Keywords: Hypergraph learning, Spectral filtering, Message-passing-free,
Dual-frequency, Jacobi polynomial
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1 Introduction

Social networks, biological systems, and computer vision all involve interactions among
groups of entities, not just pairs. Hypergraphs capture such multi-way relationships
through hyperedges, enabling richer modeling than ordinary graphs Kim et al. (2024).

Despite their diversity, virtually all existing hypergraph neural networks (HGNNs)
share a common structural pattern: they aggregate information from other nodes to
enrich each node’s representation. Message-passing methods Feng et al. (2019); Yadati
et al. (2019); Chien et al. (2022) aggregate from k-hop neighbors; global attention
methods Liu et al. (2024) aggregate from all nodes via quadratic-complexity self-
attention Vaswani et al. (2017); and eigendecomposition-based spectral methods Ai
et al. (2025) aggregate via spectral projections. Each aggregation strategy carries
a fundamental cost. Local message passing suffers from over-squashing Alon and
Yahav (2020) and noise sensitivity. Global attention incurs O(N2) complexity, limiting
scalability to large hypergraphs. Exact eigendecomposition costs O(N3), making it
infeasible beyond a few thousand nodes.

A natural question arises: can we bypass aggregation entirely and instead filter?

Spectral filtering selectively enhances or suppresses specific frequency components in
node representations, offering a fundamentally different mechanism for leveraging graph
structure. Crucially, spectral filtering is theoretically equivalent to spatial aggregation:
any finite-step neighbor aggregation can be expressed as a spectral filter, and vice versa.
This equivalence means that spectral filtering can achieve the same representational
power as message passing, but without its practical drawbacks. Polynomial spectral
filters (Chebyshev Defferrard et al. (2016), Jacobi Wang and Zhang (2022)) further avoid
eigendecomposition by operating directly on the sparse Laplacian through recurrence
relations, achieving O(K · nnz ·H) complexity per layer.

Yet applying spectral filtering to hypergraphs raises a critical question: which
frequencies matter? Different hypergraph tasks exhibit fundamentally different spectral
characteristics. Homophilic graphs benefit from low-frequency signals that smooth node
features across communities; heterophilic and multi-class graphs require high-frequency
signals that sharpen inter-class boundaries. A particularly challenging case is spectral
degeneration: when Laplacian eigenvalues cluster tightly (e.g.λmax − λmin < 10−4

in Congress), standard spectral filtering collapses to a constant response, losing all
frequency discrimination. No single spectral response can handle this diversity.

SpectralMLP is our answer: a message-passing-free framework that answers
“which frequencies matter” through dual-frequency spectral filtering with learnable
Jacobi polynomials. Its core module, the Adaptive Dual-Frequency Spectral Filter
(ADF-SF), decomposes node representations into independently parameterized low-
and high-frequency branches, each with its own learnable Jacobi polynomial basis, and
adaptively fuses them via a data-driven gate. The entire operation reduces to sparse
matrix-vector products, requiring neither eigendecomposition nor neighbor expansion.

SpectralMLP demonstrates that spectral filtering alone—without any learnable
aggregation operators—suffices for hypergraph node classification; ADF-SF replaces
the message-passing paradigm with a dual-frequency Jacobi polynomial filter whose
only graph operation is sparse matrix multiplication with the fixed Laplacian L̂, at
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O(K · nnz ·H) per layer, yet achieves competitive or superior accuracy to message-
passing methods with fewer parameters. Building on this result, we bring learnable
Jacobi polynomial filtering to hypergraphs for the first time and pair it with a dual-
frequency architecture that captures both homophily and heterophily signals; the
learnable (α, β) parameters adapt the polynomial basis to each dataset’s spectral
distribution at the cost of only 2 extra parameters per filter, and an adaptive gate
automatically discovers the optimal frequency balance. Experiments on 10 datasets
against 9 baselines validate these choices: SpectralMLP ranks first or second on 7
datasets, with a median of roughly 2.4% additional parameters over the MLP backbone
(see Section 4.2.5). The largest gains appear where existing methods struggle: +27.9%
over the MLP baseline on Congress (under uniform settings) and +3.2% on ModelNet40
(40 classes), all achieved with fewer parameters than most message-passing baselines.

Section 2 positions our work within the hypergraph learning and spectral filtering
literature. Section 3 introduces the necessary background on hypergraph Laplacians
and spectral filtering. We describe the SpectralMLP framework in Section 4 and present
experimental results in Section 5, closing with a discussion of limitations and future
directions in Section 6.

2 Related Work

2.1 Hypergraph Neural Networks

The landscape of HGNN design is dominated by aggregation-based methods that enrich
node representations by collecting information from other nodes Kim et al. (2024);
Yang and Xu (2025). On the message-passing side, HGNN Feng et al. (2019) and
HyperGCN Yadati et al. (2019) work on clique-expanded graphs; UniGNN Huang and
Yang (2021) offers a unified convolution framework spanning several GCN variants;
AllSet Chien et al. (2022) replaces fixed aggregation with learned set functions; and
HNHN Dong et al. (2020) adds hyperedge-level updates. These methods work well
in practice, but they all require k-hop neighborhood expansion, a cost that grows
with both graph size and depth. Their iterative aggregation also makes it hard to
disentangle what individual frequency bands contribute. ED-HNN Wang et al. (2023)
introduces diffusion-based operators on hypergraphs, while SheafHyperGCN Duta et al.
(2023) leverages sheaf-theoretic constructions, but both remain within the aggregation
paradigm.

Global attention methods take a different approach to aggregation: HyperGT Liu
et al. (2024) applies transformer-style self-attention across all node pairs, capturing long-
range dependencies but at O(N2) cost, which limits scalability. CEGAT Veličković et al.
(2018a) combines graph attention Veličković et al. (2018b) with hypergraph-specific
encodings. While these methods differ in aggregation scope (local neighborhoods versus
global node pairs), they share a common reliance on collecting information from other

nodes.
A notable exception is the class of MLP-based methods that avoid neighbor

aggregation entirely. Graph-MLP Hu et al. (2021) demonstrates that MLPs with
structure-aware regularization can be effective on graphs; Hypergraph-MLP Yi et al.
(2023) extends this idea to hypergraphs. TF-HNN Tang et al. (2025) uses temporal

3



features without aggregation. However, these methods lack an explicit mechanism for
incorporating spectral information from the hypergraph structure.

A critical observation across all aggregation-based methods is that message-passing
implicitly implements low-pass filtering: each aggregation step smooths node features,
attenuating high-frequency components. This connection motivates our approach.
Rather than aggregating as a proxy for spectral smoothing, we filter directly in
the spectral domain, gaining explicit frequency control while avoiding aggregation’s
practical costs.

2.2 Spectral Graph and Hypergraph Methods

Spectral methods perform filtering in the eigen-domain of the graph Laplacian Chung
(1997); Bo et al. (2023), a paradigm first established for neural networks by Bruna
et al. Bruna et al. (2013). A key theoretical insight is that spectral filtering is equiv-
alent to finite-step spatial aggregation Zhu et al. (2021): any spectral filter can be
expressed as a localized aggregation, and vice versa. This equivalence suggests that
aggregation is not necessary for leveraging graph structure; filtering suffices. Several
works further show that spectral filtering can avoid eigendecomposition entirely He
et al. (2022). On ordinary graphs, BernNet He et al. (2021) learns arbitrary spectral
responses via Bernstein polynomials, JacobiConv Wang and Zhang (2022) introduces
learnable Jacobi polynomial bases, and GPRGNN Chien et al. (2021) uses generalized
polynomial residuals. These works reveal that the polynomial basis itself matters: Jaco-
biConv demonstrates that learnable (α, β) parameters adapt to each dataset’s spectral
distribution, outperforming fixed Chebyshev bases. Yet none of these methods were
built for hypergraphs. They ignore the spectral quirks that clique expansion introduces
and offer no mechanism for spectral degeneration.

On hypergraphs, HyperAim Li et al. (2026) employs adaptive multi-frequency
filtering via polynomial and framelet transforms for contrastive learning, but relies
on message passing with substantial parameter overhead. ACF-HNN Huang et al.
(2026) adaptively captures both low- and high-frequency signals through a channel-
wise mechanism, but similarly depends on message passing. GrokFormer Ai et al.
(2025) achieves strong performance on ordinary graphs via learnable Fourier-series
spectral filters, but requires precomputed eigendecomposition, limiting scalability to
large hypergraphs. SpectralMLP’s polynomial approach avoids this bottleneck by
operating directly on the sparse Laplacian through recurrence relations. It also applies
frequency decomposition directly to learned node representations, rather than within
the message-passing loop.

A shared challenge is spectral degeneration: when eigenvalues cluster tightly, stan-
dard spectral filtering degenerates to an approximately constant response, losing
frequency discrimination. ACF-HNN Huang et al. (2026) addresses spectral diversity
through multi-band filtering (low-pass, high-pass, band-pass) with learnable band-
width, but operates within the message-passing paradigm. SpectralMLP instead applies
dual-frequency decomposition with independently parameterized learnable Jacobi poly-

nomial bases directly to learned representations, without any aggregation operators.
This decoupling from message passing allows each branch to specialize purely in fre-
quency space. We construct the Laplacian via clique expansion because it retains
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the well-understood spectral interpretation from graph theory (eigenvalues in [0, 2],
Cheeger inequalities), which simplifies polynomial filter design.

2.3 Polynomial Spectral Filters

Polynomial approximations to spectral filters He et al. (2022) avoid the O(N3) cost
of eigendecomposition by operating directly on the Laplacian. Different polynomial
families carry different inductive biases: Chebyshev polynomials emphasize the ends
of the eigenvalue interval, whereas Jacobi polynomials with learnable (α, β) can shift
spectral weight adaptively Wang and Zhang (2022), a useful property under spectral
degeneration. However, standard polynomial filters apply a single spectral response g(λ)
across the entire eigenvalue range and cannot simultaneously extract low-frequency
homophily and high-frequency heterophily signals. We extend learnable Jacobi polyno-
mial filtering to hypergraphs and introduce a dual-frequency design that decomposes
filtering into two independently parameterized branches.

Table 1 summarizes the key distinctions between SpectralMLP and related methods.

Table 1: Qualitative comparison with representative methods. MP-Free: no explicit
neighbor aggregation (message passing); note that global attention methods (HyperGT)
avoid message passing but still aggregate information across node pairs. Explicit SF:
explicitly designed spectral filtering; LB: learnable spectral basis; HG: hypergraph-native.

Method MP-Free Explicit SF LB HG

GCN Kipf and Welling (2017) × × × ×

BernNet He et al. (2021) × ✓ × ×

JacobiConv Wang and Zhang (2022) × ✓ ✓ ×

HGNN Feng et al. (2019) × × × ✓

GrokFormer Ai et al. (2025) ✓ ✓ ✓ ×

HyperAim Li et al. (2026) × ✓ × ✓

ACF-HNN Huang et al. (2026) × ✓ × ✓

Hypergraph-MLP Yi et al. (2023) ✓ × × ✓

SpectralMLP (ours) ✓ ✓ ✓ ✓

3 Preliminary

3.1 Hypergraph and Laplacian

A hypergraph is defined as G = (V, E ,H), where V = {v1, . . . , vN} is the node set,
E = {e1, . . . , e|E|} is the hyperedge set, and H ∈ {0, 1}N×|E| is the incidence matrix
with Hve = 1 if node v ∈ e and 0 otherwise Zhou et al. (2006).

The clique expansion transforms the hypergraph into an ordinary graph. The
normalized Laplacian is:

L = I−D−1/2
v HD−1

e H⊤D−1/2
v (1)
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where Dv and De are the diagonal degree matrices for nodes and hyperedges,
respectively. To ensure eigenvalues lie in [−1, 1], we use the scaled Laplacian:

L̂ =
2

λmax
L− I (2)

where λmax is the largest eigenvalue of L, computed efficiently via power iteration.

Remark on Clique Expansion.

We choose clique expansion because it preserves well-understood spectral properties
(eigenvalues in [0, 2], Cheeger inequalities) and enables efficient polynomial filtering via
sparse matrix operations. Alternative constructions (e.g.star expansion, tensor-based
Laplacians) are left for future work.

3.2 Spectral Filtering on Hypergraphs

By the spectral theorem, the Laplacian admits eigendecomposition L = UΛU⊤.
Spectral filtering is expressed as h′ = U ·g(Λ) ·U⊤h, where g(·) is the spectral response
function. Defining the low-pass projection P = U g(Λ)U⊤, the signal decomposes as
h = Ph + (I − P)h, yielding a lossless decomposition into low- and high-frequency
components.

Spectral Degeneration.

As noted in Section 1, when λmax − λmin < ϵ for a small threshold ϵ, spectral filtering
degenerates to an approximately constant response, losing frequency discrimination.
On Congress, λmax − λmin < 10−4, making this a particularly challenging scenario.

Remark 1 (Completeness of Complementary Spectral Decomposition) Defining hlow =
U g(Λ)U⊤h and hhigh = U (I− g(Λ))U⊤h, we have hlow + hhigh = h since U is orthonor-

mal, motivating the dual-frequency design. However, this requires O(N3) eigendecomposition;
our polynomial-based ADF-SF avoids this via independently parameterized Jacobi filters,
with signal preservation ensured by the residual connection (Section 4.1).

Proposition 1 (Universal Approximation of Jacobi Filters) For any continuous spectral

response g : [−1, 1] → R and ε > 0, there exist polynomial order K and coefficients {θk}
K
k=0

such that supλ∈[−1,1] |g(λ)−
∑K

k=0 θkP
(α,β)
k (λ)| < ε.

This follows because Jacobi polynomials form a complete orthogonal basis for
L2
w([−1, 1]) Szegő (1975), and learnable (α, β) enable the model to adapt the basis to

the target spectral response.
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Fig. 1: Overview of SpectralMLP. An MLP backbone produces hidden representations that
are refined by the Adaptive Dual-Frequency Spectral Filter (ADF-SF) before classification;
ADF-SF combines low- and high-frequency Jacobi branches through a learned gate.

4 Method

4.1 Overview: SpectralMLP Framework

Figure 1 illustrates the overall architecture of SpectralMLP. The framework consists of
three components: (1) an MLP backbone that transforms input features into hidden
representations; (2) the proposed Adaptive Dual-Frequency Spectral Filter (ADF-SF)
that performs spectral filtering without message passing; and (3) a classifier for node
classification.

The processing pipeline is:

X
MLP
−−−→ h

ADF-SF
−−−−−→ h′ Classifier

−−−−−−→ logits (3)

Structural simplicity is a defining property: the only graph operations are MLP
layers and sparse matrix-vector multiplication with the fixed Laplacian, with no
learnable aggregation operators. Frequency balance is handled adaptively by the gating
mechanism, and the parameter overhead stays modest: a median of roughly 2.4%
additional parameters at O(K · nnz ·H) per-layer complexity.

Training Objective.

SpectralMLP is trained by combining cross-entropy loss and a structure-aware
smoothness regulariser:

L = LCE(ŷ, y) + α · Lsmooth(h
′) (4)
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where LCE is the standard cross-entropy loss on labeled nodes, and Lsmooth penalizes
the maximum pairwise Euclidean distance between representations of nodes within
the same hyperedge (computed over a random sample of at most S hyperedges for
efficiency):

Lsmooth =
1

S

∑

e∈S

max
u,v∈e

∥h′
u − h′

v∥2 (5)

where S ⊆ E is a random subset of at most S hyperedges. The hyperparameter α

regulates the weight of smoothness regularization, encouraging nodes within the same
hyperedge to have similar representations. This loss requires no additional message
passing and is computed purely from the hidden representations.

Complexity of Lsmooth.

In practice, we set S = 2000, pad each sampled hyperedge to size smax = 100, and
compute pairwise distances in batches via torch.cdist, yielding O(S · s2max · H)
complexity, negligible relative to the forward pass.

MLP Backbone.

The MLP backbone has the same structure as Hypergraph-MLP Yi et al. (2023)
and is thus fair to compare. Each of its L layers consists of linear transformation,
LayerNorm Ba et al. (2016), ReLU activation, and dropout Srivastava et al. (2014),
transforming input features X ∈ R

N×F into hidden representations h ∈ R
N×H .

4.2 Adaptive Dual-Frequency Spectral Filter (ADF-SF)

As discussed in Sections 1 and 3, standard spectral filters apply a single response g(λ)
to all frequencies, which fails under spectral degeneration or frequency heterogeneity.
ADF-SF instead uses independently parameterized low- and high-frequency branches,
each with its own Jacobi polynomial basis (α, β) and coefficients θ. Signal preservation
is achieved through the residual connection h′ = h+ βres ·hsp, and each branch can be
independently optimised without constraining others.

4.2.1 Jacobi Polynomial Spectral Basis.

Jacobi polynomials P
(α,β)
k (x) are a type of orthogonal polynomials defined on [−1, 1]

with parameters α, β > −1. They satisfy the three-term recurrence relation:

P
(α,β)
0 (x) = 1 (6)

P
(α,β)
1 (x) =

α− β

2
+

α+ β + 2

2
x (7)

P
(α,β)
k (x) = (akx+ bk)P

(α,β)
k−1 (x)− ckP

(α,β)
k−2 (x) (8)

where the recurrence coefficients ak, bk, ck depend on α, β, and k (see Wang and
Zhang (2022); Szegő (1975) for closed-form expressions).
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The Jacobi polynomial filter is:

hfiltered =

K∑

k=0

θkP
(α,β)
k (L̂)h (9)

where θk are learnable polynomial coefficients and K is the polynomial order. Since

P
(α,β)
k (L̂) is computed via sparse matrix-vector products through the recurrence,

eigendecomposition is not necessary.
Our key innovation is making α and β learnable. When α = β = −0.5, Jacobi

polynomials reduce to Chebyshev polynomials. When α = β = 0, they reduce to
Legendre polynomials. Learnable (α, β) enable the model to discover the optimal
polynomial basis for each dataset, adding only 2 parameters per filter.

To increase expressiveness, we use channel-wise polynomial coefficients θdk ∈
R

(K+1)×H . Each hidden dimension d has its own polynomial coefficients, enabling
different channels to learn distinct frequency responses.

4.2.2 Dual-Frequency Decomposition.

ADF-SF decomposes the hidden representation into independently parameterized
low-frequency and high-frequency components:

Low-pass branch:

hlow = JacobiFilterlow(h, L̂; θlow, αl, βl) (10)

High-pass branch:

hhigh = JacobiFilterhigh(h, L̂; θhigh, αh, βh) (11)

The two branches use independent parameters (θlow, αl, βl) and (θhigh, αh, βh),
allowing each to focus on different frequency components. By Proposition 1, each
branch can approximate any continuous spectral response for large K. Unlike the
complementary decomposition above (which constrains the high-pass branch to 1−g(λ)),
our design decouples the two branches. Each independently learns its own polynomial
basis (α, β) and coefficients θ for good spectral specialization (see Figure 2).

4.2.3 Adaptive Gating and Fusion.

The dual-frequency components are fused with a learned gating mechanism:

g = σ(Wg[hlow;hhigh] + bg) ∈ R
N×1 (12)

hsp = g ⊙ hlow + (1− g)⊙ hhigh (13)

where σ is the sigmoid function, [·; ·] is concatenation, and ⊙ is element-wise multi-
plication. The gate g ∈ R

N×1 sets a single scalar weight per node, distributing low-
and high-frequency contributions equally across all channels. A scalar gate is sufficient
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Algorithm 1 SpectralMLP Forward Pass

Require: Input features X ∈ R
N×F , incidence matrix H, polynomial order K

Ensure: Node classification logits
1: Compute scaled Laplacian: L̂ = 2

λmax

L− I ▷ Preprocessing
2: h← MLP(X) ▷ MLP backbone

3: Compute hlow ←
∑K

k=0 θ
l
kP

(αl,βl)
k (L̂)h ▷ Low-pass Jacobi filter

4: Compute hhigh ←
∑K

k=0 θ
h
kP

(αh,βh)
k (L̂)h ▷ High-pass Jacobi filter

5: g← σ(Wg[hlow;hhigh] + bg) ▷ Adaptive gate
6: hsp ← g ⊙ hlow + (1− g)⊙ hhigh ▷ Dual-frequency fusion
7: h′ ← h+ βres · hsp ▷ Residual connection
8: return Classifier(h′)

because the channel-wise polynomial coefficients θdk already provide per-channel fre-
quency specialization: the gate only needs to set a global low-vs-high ratio per node. A
channel-wise gate (O(H2) parameters) would introduce redundancy with θdk and be
prone to overfitting on small datasets (e.g., Zoo with 101 nodes).

The gate can flexibly learn to balance frequency contributions: in spectral degen-
eration scenarios (e.g.Congress), it suppresses noisy high-frequency components; in
multi-class settings (e.g.ModelNet40), it enhances class-discriminative high-frequency
components.

4.2.4 Residual Connection.

To ensure the stability of training and keep the original signal:

h′ = h+ βres · hsp (14)

where βres is a learnable residual scale initialized to 0.1, and it regulates the size of the
spectral filtering term.

4.2.5 Filter Mode Configuration.

The ADF-SF module supports four filter modes: Dual (both branches with adaptive
gate), Low-pass or High-pass (single branch), and MLP Only (no spectral filtering,
only the smoothness regularizer). The dual-frequency mode is recommended as the
default because the adaptive gate can learn to emulate any single-branch behavior
(e.g.g → 0 degenerates to pure high-pass). However, when a validation set is available
for hyperparameter tuning, the filter mode can be used as an additional configuration
option alongside polynomial order K and learning rate. The search over five candidates
has a very low cost. We report results under both the best-performing per-dataset
configuration (Table 3) and a controlled ablation under uniform settings (Table 4).

4.3 Computational Complexity Analysis

The complexity of exact eigendecomposition is O(N3) and it is too slow for large
hypergraphs (e.g.DBLP with 41K nodes). Our Jacobi polynomial filter does not require
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eigendecomposition and can be applied to the sparse Laplacian L̂ via the three-term
recurrence, yielding O(K · nnz ·H) per-layer complexity. Preprocessing (computing L̂
and λmax via power iteration) costs O(nnz) and only needs to be done once.

The additional parameters amount to 2(K+1)H+2H+6 ≈ O(KH), with a median
overhead of about 2.4% across datasets (see Section 5.4 for per-dataset breakdown).

Expressiveness of the Dual-Frequency Design.

Two independently parameterized Jacobi filters of order K are strictly more expressive
than a single filter of order 2K in terms of basis adaptability. The dual design uses two
independent sets (αl, βl) and (αh, βh), enabling each branch to specialize in a different
spectral region. This yields a form of piecewise basis adaptation that a single globally
defined polynomial basis cannot replicate, and explains why the dual-frequency design
outperforms single-branch variants in our ablation (Section 5.3).

5 Experiments

5.1 Experimental Setup

5.1.1 Datasets.

We have selected 10 hypergraph node classification datasets of different scales, from
small (Zoo, 101 nodes) to large (DBLP, 41K nodes), binary to 67 classes, and homophilic
to heterophilic or degenerate spectral conditions. These include cocitation networks
(Cora, Citeseer) Sen et al. (2008), a coauthorship network (DBLP) Yadati et al. (2019),
a congressional network (Congress) Benson et al. (2016) exhibiting severe spectral
degeneration (λmax − λmin < 10−4), and six LE benchmarks Feng et al. (2019) (Zoo,
Mushroom, 20News, ModelNet40, NTU2012, House). Table 2 summarizes the statistics.

Table 2: Dataset statistics. N : #nodes, |E|: #hyperedges, C: #classes, F :
#features, Avg.|e|: avg. hyperedge size, Homophily: node homophily.

Dataset N |E| F C Avg.|e| Homophily

Cora 2,708 1,579 1,433 7 3.03 0.86
Citeseer 3,312 1,079 3,703 6 3.20 0.83
DBLP 41,302 22,363 1,425 6 4.45 0.87
Zoo 101 43 16 7 39.93 0.66
20News 16,242 100 100 4 654.51 0.49
Mushroom 8,124 298 22 2 136.31 0.95
NTU2012 2,012 2,012 100 67 5.00 0.86
ModelNet40 12,311 12,311 100 40 5.00 0.92
House 1,290 341 100 2 34.79 0.58
Congress 1,718 83,105 100 2 8.66 0.56
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5.1.2 Baselines.

We compare with 8 representative methods and a vanilla MLP baseline (9 baselines in
total):

• Message-passing HGNNs: AllSet Chien et al. (2022), HGNN Feng et al. (2019),
UniGCNII Huang and Yang (2021)

• Transformer-based: HyperGT Liu et al. (2024), CEGAT Veličković et al. (2018a)
• Diffusion-based: ED-HNN Wang et al. (2023)
• Sheaf-based: SheafHyperGCN Duta et al. (2023)
• Message-passing-free (MLP-based): Hypergraph-MLP Yi et al. (2023) and
vanilla MLP (without hypergraph structure)

5.1.3 Implementation Details.

Following Hypergraph-MLP Yi et al. (2023), we randomly partition each dataset into
50%/25%/25% training/validation/test splits. All experiments are carried out on an
NVIDIA RTX 4080 SUPER using PyTorch. We use the Adam optimizer Kingma and
Ba (2015) with dataset-specific learning rates (10−3, 10−4, 10−2) and weight decay
(0 or 5× 10−4), early stopping with patience 100 on validation accuracy, polynomial
order K ∈ {10, 15, 20} per dataset, and filter mode ∈ {Dual, Low-pass, High-pass,
MLP Only}. The smoothness regulariser weight α is selected via grid search on the
validation set. Results are presented as mean ± standard deviation after 20 independent
repetitions.

5.2 Main Results

Table 3 presents the node classification accuracy of SpectralMLP against all 9 base-
lines across 10 datasets. SpectralMLP results use the best-performing dataset-specific
configuration (see Section 5.3 for a controlled ablation under uniform settings).

The Congress dataset provides the sharpest test: despite eigenvalue clustering below
10−4, SpectralMLP reaches 95.88%, ahead of AllSet (95.26%) and HyperGT (95.23%),
while Hypergraph-MLP collapses to 70.47%, a 25-point gap confirming the value of dual-
frequency filtering under degeneration. SpectralMLP also tops ModelNet40 (98.08%)
and NTU2012 (89.34%), two multi-class benchmarks where the high-frequency branch
helps separate fine-grained categories. On the remaining datasets, SpectralMLP remains
competitive but does not always lead (ED-HNN and SheafHyperGCN outperform it
on Cora, ED-HNN on DBLP, HyperGT on House), trading some peak performance on
well-behaved graphs for robustness under challenging spectral conditions. Across all 10
datasets, SpectralMLP ranks first or second on 7, at a median parameter overhead of
about 2.4%.

On the role of dual-frequency filtering.

The main-table results use the best-performing filter mode per dataset. Single-branch
modes lead on four datasets (DBLP, House: high-pass; 20News: low-pass; Mushroom:
MLP Only). Dual-frequency, however, is the only variant that excels on the most
challenging case, Congress, surpassing both single branches by over 6.2%. It also remains
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Table 3: Node classification accuracy (%) on 10 hypergraph datasets. Bold:
best, underline: second best. OOM: out-of-memory. Mean ± std over 20 runs.

Method Cora Citeseer DBLP Zoo 20News

AllSet 79.53±1.62 72.48±1.69 91.44±0.21 89.81±9.53 81.43±0.49
MLP 67.50±1.53 68.81±1.65 83.32±0.29 88.27±7.84 78.88±0.61
CEGAT 76.02±1.56 71.10±1.54 88.16±0.31 44.62±12.81 OOM
HGNN 79.37±1.36 72.53±1.87 90.94±0.30 89.62±6.61 80.80±0.41
UniGCNII 79.34±1.31 71.67±1.86 91.71±0.24 86.73±7.84 80.89±0.46
Hypergraph-MLP 79.45±1.33 73.72±1.72 90.29±0.26 90.58±6.89 81.46±0.45
HyperGT 77.10±1.18 70.05±1.41 90.34±0.25 90.00±6.99 81.08±0.33
SheafHyperGCN 80.06±1.12 73.27±0.50 90.83±0.23 91.15±8.29 OOM
ED-HNN 80.31±1.35 73.70±1.38 91.90±0.19 90.36±1.61 80.19±1.43

SpectralMLP 79.85±1.51 73.72±1.57 90.88±0.23 91.73±7.72 81.56±0.51

Method Mushroom NTU2012 ModelNet40 House Congress

AllSet 99.95±0.07 88.39±1.26 97.97±0.27 66.73±2.09 95.26±0.84
MLP 89.71±8.77 83.02±1.78 94.87±0.36 67.24±4.03 68.00±2.86
CEGAT 96.60±1.67 81.81±2.09 92.05±0.42 68.93±3.64 72.30±5.87
HGNN 97.86±0.39 87.64±1.60 95.34±0.29 59.88±3.50 90.83±1.36
UniGCNII 99.81±0.12 87.42±1.58 96.88±0.20 68.73±2.55 94.81±0.81
Hypergraph-MLP 99.94±0.11 88.42±1.32 95.16±0.49 69.78±2.75 70.47±3.41
HyperGT 99.92±0.06 80.95±2.46 96.89±0.26 73.56±0.47 95.23±0.73
SheafHyperGCN 99.95±0.08 89.20±1.42 97.93±0.29 72.66±2.26 90.37±1.52
ED-HNN 99.16±1.62 79.91±1.69 97.21±0.34 68.87±2.98 95.00±0.99

SpectralMLP 99.94±0.09 89.34±1.72 98.08±0.19 70.29±2.40 95.88±1.03

within 1% of the best variant on all 10 datasets, making it a robust zero-configuration
default.

5.3 Ablation Study

Table 4 presents an ablation study comparing different filter variants of SpectralMLP
across all 10 datasets under uniform settings. The main-table results (Table 3) use
dataset-specific configurations and may differ slightly.

All SpectralMLP variants outperform the plain MLP baseline, with gains from
+2.7% to +27.9%. Dual-frequency is best on 6 datasets (Cora, Citeseer, Zoo, NTU2012,
ModelNet40, Congress), high-pass on 2 (DBLP, House), and single-branch variants on
the remaining 2, confirming that different datasets benefit from different frequency
strategies. The dual-frequency advantage is most pronounced on Congress (95.88% vs.
89.60%/89.12% for single branches). Even where Dual is not the top variant, it stays
within 1% of the best across all 10 datasets, confirming effective branch interpolation
by the adaptive gate.

Why does dual-frequency filtering help under spectral degeneration?

When eigenvalues cluster, both branches degenerate to approximately constant
responses, yet Dual still achieves 95.88% on Congress, far above both single branches
(∼89%). We attribute this to three mechanisms: channel-wise polynomial coefficients
θdk that allow per-dimension adaptation; the residual connection that safeguards the
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Table 4: Ablation on filter modes (Jacobi polynomial variants): accu-
racy (%) on 10 hypergraph datasets. Best in bold. Mean ± std over
20 runs. Cite.=Citeseer, 20New=20News, Mush.=Mushroom, NTU=NTU2012,
MN40=ModelNet40, Cong.=Congress.

Method Cora Cite. DBLP Zoo 20New

MLP (raw) 67.50±1.53 68.81±1.65 83.32±0.29 88.27±7.84 78.88±0.61
MLP Only 79.59±1.54 72.83±1.47 90.19±0.08 90.58±8.51 81.48±0.51
Low-pass 79.82±2.03 73.30±1.55 90.86±0.06 91.58±8.95 81.56±0.51
High-pass 79.38±1.44 72.52±1.35 90.88±0.23 91.35±7.37 81.55±0.48
Dual (ours) 79.85±1.51 73.72±1.57 90.86±0.11 91.73±7.92 81.53±0.50

Method Mush. NTU MN40 House Cong.

MLP (raw) 89.71±8.77 83.02±1.78 94.87±0.36 67.24±4.03 68.00±2.86
MLP Only 99.94±0.09 87.30±1.49 94.88±0.42 70.11±2.25 68.37±1.88
Low-pass 99.93±0.11 87.18±1.72 97.98±0.22 70.09±1.91 89.60±0.96
High-pass 99.90±0.08 88.87±1.87 97.14±0.27 70.29±2.40 89.12±1.47
Dual (ours) 99.93±0.06 89.34±1.72 98.08±0.19 70.28±2.10 95.88±1.03

MLP backbone; and the gate that learns to treat the spectral component conserva-
tively, functioning as a regularizer rather than a primary feature extractor, which is
consistent with the 27.5-point gap between Dual (95.88%) and MLP Only (68.37%).

5.4 Parameter Efficiency

A key advantage of spectral filtering is parameter efficiency. Table 5 compares parameter
counts across 10 datasets. SpectralMLP has the second-lowest median count (393K),
surpassed only by the shallow HGNN (323K), yet uses far fewer parameters than AllSet
(1,446K), HyperGT (1,877K), and SheafHyperGCN (1,160K), confirming that spectral
filtering provides an efficient alternative to learnable aggregation operators, attention
projections, and diffusion/sheaf parameters.

Internally, ADF-SF adds a median of about 2.4% overhead over the MLP-only
backbone (below 2.5% on six datasets; the higher relative ratios on Zoo, NTU2012,
and ModelNet40 reflect their small base models).

5.5 Visualization and Analysis

Figures 2 and 3 confirm that SpectralMLP adapts its frequency behavior to each
dataset. On Congress, it achieves the sharpest binary separation, consistent with 95.88%
accuracy; on Citeseer, NTU2012, and ModelNet40, it produces tighter intra-class
clusters with clearer inter-class boundaries, confirming that dual-frequency filtering
benefits a broad range of tasks beyond spectral degeneration.

6 Conclusion

SpectralMLP demonstrates that spectral filtering alone, without learnable aggregation
operators, suffices for hypergraph node classification. By replacing message passing with
dual-frequency Jacobi polynomial filtering whose only graph operation is sparse matrix
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Fig. 2: Learned spectral filter responses flow(λ) (blue) and fhigh(λ) (red) overlaid on
eigenvalue density ρ(λ) (gray), shown for four datasets plus a cross-dataset density comparison.
On Congress (spectral degeneration) the model strongly suppresses high-frequency components,
while on multi-class datasets both branches remain active.
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Fig. 3: t-SNE visualization of learned node embeddings on four datasets. Each row is one
dataset; columns show Original features, HyperGT, UniGCNII, and SpectralMLP. Points are
colored by ground-truth class. SpectralMLP produces tighter intra-class clusters with clearer
inter-class boundaries.
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Table 5: Parameter count comparison across models on 10 datasets.
Cite.=Citeseer, 20New=20News, Mush.=Mushroom, NTU=NTU2012,
MN40=ModelNet40, Cong.=Congress, Med.=Median.

Cora Cite. DBLP Zoo 20New

AllSet 1,134,343 5,379,078 3,046,406 28,552 451,076
CEGAT 739,107 3,801,630 1,468,958 56,360 110,100
HGNN 369,166 1,900,044 733,708 1,680 27,144
UniGCNII 499,975 2,423,814 1,257,478 9,800 578,052
HyperGT 400,462 552,332 8,465,676 44,688 1,086,472
ED-HNN 434,951 1,015,814 212,326 19,848 521,604
SheafHGCN 2,359,507 5,835,528 2,336,520 15,814 243,462

SpectralMLP 504,611 1,905,698 1,266,742 9,251 29,994
MLP Only 501,357 1,899,372 1,244,208 6,643 29,290

Overhead 0.65% 0.33% 1.81% 39.26% 2.40%

Mush. NTU MN40 House Cong.

AllSet 107,784 467,267 1,707,561 1,688,067 450,819
CEGAT 4,328 22,159 148,173 109,071 54,543
HGNN 4,112 43,398 73,298 53,766 26,886
UniGCNII 10,184 19,011 597,033 577,539 157,699
HyperGT 574,864 302,278 1,618,834 144,902 5,577,606
ED-HNN 502,152 529,731 526,377 488,707 488,707
SheafHGCN 51,078 121,222 45,766 296,712 296,712

SpectralMLP 8,980 111,957 6,098 58,910 29,490
MLP Only 270 99,663 4,773 58,627 28,786

Overhead – 12.33% 27.76% 0.48% 2.44%

Median parameter count: SpectralMLP 393,173, MLP Only 387,299,
HGNN 323,320, UniGCNII 613,059, ED-HNN 474,022, CEGAT 651,443,
SheafHGCN 1,160,232, AllSet 1,446,095, HyperGT 1,876,811. Overhead
median: 2.4%.

multiplication with the fixed Laplacian, the framework achieves competitive or supe-
rior accuracy to message-passing methods while using fewer parameters and avoiding
over-squashing, O(N2) attention, and O(N3) eigendecomposition. The filtering-versus-

aggregation perspective carries practical weight: spectral filtering provides explicit
frequency control that aggregation lacks, and the dual-frequency architecture demon-
strates that two lightweight branches specializing independently in different frequency
regimes outperform a single filter, with the adaptive gate automatically discovering
the right balance.

Experiments on 10 datasets against 9 baselines confirm these findings. SpectralMLP
ranks first or second on 7 datasets with about 2.4% additional parameters over the
MLP backbone. The dual-frequency mode serves as a robust zero-configuration default
(within 1% of the best variant on all datasets), with single-branch modes as task-specific
options. The strongest result, +27.9% on Congress under uniform settings, shows the
value of dual-frequency filtering for spectrally degenerate hypergraphs.
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Limitations and Future Work.

The ADF-SF module could benefit from adaptive polynomial order K (determined
through hypergradient optimization or eigenvalue-spread heuristics) and from a special
gating mechanism to model per-channel homophily/heterophily patterns. The MLP
backbone also sets an upper bound on the overall quality; high-capacity residual
connections or attention-augmented MLPs can increase performance further. Spectral
filters that operate directly on the hypergraph incidence structure (rather than through
clique expansion) would be more conceptually intuitive, but it is currently unknown
whether polynomial recurrence relations can be extended to this setting.
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Szegő, G.: Orthogonal Polynomials, 4th edn. American Mathematical Society,
Providence, RI (1975). https://doi.org/10.1090/coll/023

Tang, B., Liu, Z., Jiang, K., Chen, S., Dong, X.: Training-free message passing for
learning on hypergraphs. In: International Conference on Learning Representations
(ICLR) (2025). https://doi.org/10.48550/arXiv.2312.09778
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