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Abstract—Graph neural networks (GNNs) have emerged as
a fundamental framework for graph representation learning. A
major research direction in this field is spectral graph filters,
which process different frequency components of graph signals
through polynomial approximations. However, most existing
studies primarily focus on optimizing the design of the graph
filters while ignoring the interaction between input signals and
the filtering process and applying the same filtering mechanism
for all regions of the graph. This uniform approach may lead to
the structural misguidance problem, making the filter susceptible
to regional variations or heterophilic connections. To address
this issue, we propose LDF-GNN, a spectral GNN based on the
local dynamic fusion (LDF) filter. Specifically, we first generate
localized graph signals using a random walk-based method to
ensure adaptive filtering across different regions. Then we employ
the dynamic fusion (DF) filter which dynamically adjusts its
filtering mechanism in response to the frequency characteristics
of each localized signal. By dynamically integrating input signals
with the filtering process, LDF-GNN can capture both local dis-
crepancies and structural heterophily to alleviate the structural
misguidance problem. Experimental results demonstrate that
LDF-GNN achieves state-of-the-art performance, and ablation
studies further validate the importance of its two dynamic
properties in mitigating structural misguidance.

Index Terms—Graph Neural Networks, Graph Representation
Learning, Spectral Graph Filtering, Structural Misguidance

I. INTRODUCTION

Graph neural networks (GNNs) have become a cornerstone
in graph representation learning, demonstrating strong perfor-
mance across diverse applications such as social networks [1],
recommender systems [2], and biological networks [3]. By ag-
gregating information from neighboring nodes through graph
convolution operations, GNNs enhance node representations
for graph related tasks, including node classification [4], [5]
and link prediction [6], [7]. Among various GNN approaches,
spectral methods have emerged as a significant direction [8].

Spectral graph filters transform graph signals into the spec-
tral domain where models are mostly represented by poly-
nomial approximations [9]–[20]. For example, ChebNet [9]
and BernNet [14] use Chebyshev and Bernstein polynomials
to approximate the spectral filter respectively. These spectral
GNNs handle the frequency components differently to learn

graph signals. Despite their improved performance, existing
spectral GNNs still suffer from structural misguidance.

Structural misguidance behaves differently on homophilic
and heterophilic graphs. In highly heterophilic graphs, adjacent
nodes often have distinct features and labels [21], so excessive
cross-type connections can distort the information distribution,
causing models to aggregate mismatched features and learn
inaccurately. In contrast, homophilic graphs typically connect
nodes that share similar characteristics [21]. However, some
regions may be significantly different from other regions, so
filters learned on the global graph may fail to capture the
characteristics of these local structures. For instance, in a
social network graph [1], the overall graph can be homophilic
while communities differ significantly. In this case, a global
filter may not adapt to the feature variations in different
regions, leading to the loss of local information.

The main reason why most existing spectral filters cannot
solve the structural misguidance problem is that they only
emphasize filter design while ignoring the input signals of
the filter. The design of filters, whether fixed or learnable,
tends to rely on fixed or globally uniform models. These
filters assume that the same filtering mechanism applies to
all regions in the global graph. Therefore, models may be
misled by global noise or local discrepancies in the graph.
Methods based only on low-pass filters [9]–[12] suffer from
structural misguidance on both homophilic and heterophilic
graphs. Some other methods [13], [18]–[20] have achieved
good results in solving the problem of heterophilic graphs, but
their filter inputs are of a fixed form. So, they fail to address
local discrepancies in homophilic graphs, and still suffer from
structural misguidance in such graphs.

To solve the above problem, we propose the local dynamic
fusion (LDF) filter to mitigate structural misguidance. The
model consists of two components: localized random walk
graph reduction and frequency-aware feature fusion. During
training, we first apply a random walk–based graph reduction
to sample multiple local subgraphs and generate the corre-
sponding local graph signals. Each signal captures the local
relationships independently, enabling more accurate learning
of local structural information. We then apply the dynamic



fusion (DF) filter on each local graph signal. Inspired by
Gaussian filters, we design the frequency-aware feature fusion
approach. In this process, the model dynamically adjusts the
ratio of low- and high-pass filters based on the frequency char-
acteristics of the current local graph signal, thereby adaptively
focusing on the homophilic and heterophilic relationships in
different regions of the graph. The two dynamic properties of
the model are the dynamic change of the local graph signals
and the dynamic adjustment of the filters.

Unlike existing spectral GNNs that focus only on filter
design, the LDF method emphasizes the dynamic interaction
between the input signals and the filtering mechanism. The
LDF-GNN model can adjust its parameters according to the
structural characteristics of different local graph signals, and
thus adapt to the varying homophilic levels in the global graph
to avoid the influence of structural misguidance. In summary,
our contributions are as follows:

• We analyze structural misguidance in spectral GNNs,
explain why most spectral filters fail to address it, and
introduce the local dynamic fusion filter to alleviate it.

• We propose a random walk–based graph reduction
method to generate diverse local graph signals from
the global graph. Furthermore, we design the dynamic
fusion filter that adapts its filtering mechanism based on
the frequency characteristics of these local signals. By
integrating these two components, the model can capture
both local discrepancies and structural heterophily.

• Extensive experiments on seven benchmark datasets
demonstrate that LDF-GNN outperforms state-of-the-art
spectral GNNs, especially on graphs with high het-
erophilic levels or significant local discrepancies.

II. RELATED WORK

Spectral graph neural networks (GNNs) define graph convo-
lution in the spectral domain of the graph Laplace matrix. The
eigenvalues and eigenvectors of the graph Laplacian matrix
convert the node features into frequency domain representa-
tions. Based on spectral graph theory, these methods can filter
graph signals to extract local and global structural information.

Spectral CNN [22] first introduces spectral graph convolu-
tion and generalizes CNN to the graph Laplacian spectrum.
ChebNet [9] uses Chebyshev polynomial approximation to
design localized convolutional filters on graphs, which reduces
the computational complexity. GCN [10] simplifies spectral
filters by a localized first-order approximation for scalable
semi-supervised graph learning. CayleyNets [12] employ Cay-
ley polynomials for efficient filtering computations in specific
frequency bands. ARMA [11] adopts an auto-regressive mov-
ing average mechanism to provide a more flexible frequency
response and better captures the global graph structure. GPR-
GNN [13] uses a learnable PageRank architecture that pro-
cesses both high- and low-frequency graph signals. BernNet
[14] approximates spectral filters with K-order Bernstein poly-
nomials, allowing it to learn arbitrary spectral filters. EvenNet
[15] uses an even-polynomial graph filter that ignores odd-
hop neighbors to improve robustness. ChebNetII [16] enhances

ChebNet with a Chebyshev interpolation spectral filter. Ja-
cobiConv [17] overcomes the nonlinearity problem using the
Jacobi basis, enabling adaption to a wide range of weighting
functions. PCNet [18] and TFE-GNN [19] use two-fold and
triple filtering mechanisms to unify homophily and heterophily
in graphs. AFGNN [20] combines low-pass, medium-pass, and
high-pass filters with an attentional mechanism to capture all
frequency information from a large-scale graph.

Recently, more and more studies [18]–[20] focus on the
fusion of spectral filters, and some other works [23] explore
numerical inputs to the filters. However, most works concen-
trate on the design of the spectral filter itself, assuming a
uniform filtering mechanism across the graph. This assumption
leads to structural misguidance problems, as they ignore the
dynamic interaction between the input signals of the filter and
its model design. Therefore, we propose LDF-GNN to dy-
namically adjust the filters according to frequency differences
of local graph signals. By dynamically fusing high- and low-
pass filters, LDF-GNN mitigates structural misguidance and
improves performance.

III. PRELIMINARIES

Notations. We consider an undirected graph G = (V, E ,X),
where V denotes the node set, E denotes the edge set, and X is
the node feature matrix, where n = |V| is the number of nodes.
Let A be the adjacency matrix and D the degree matrix with
Dii =

∑n
j=1Aij . With self-loops, the symmetrically normal-

ized adjacency matrix is Ã = (D+I)−1/2(A+I)(D+I)−1/2,
and the normalized Laplacian is L = I − Ã. We use the
eigendecomposition L = UΛU⊤, where U contains the graph
Fourier basis and Λ = diag(λ1, . . . , λn) collects the frequency
component of the graph signal.

Spectral graph filtering A spectral graph filter g(·) oper-
ates in the Fourier domain as a diagonal frequency response:

y = g(L) · s = U · g(Λ) ·UT · s, (1)

where s denotes the time-domain signal of the graph [17].
Existing spectral graph filters use polynomials to approximate
the filtering operator g(Λ):

g(Λ) ≈
K−1∑
i=0

αiΛ
i, (2)

where αi ∈ RK denotes a vector of polynomial coefficients
and K represents the order of the approximate polynomial.

Homophily of graph The graph homophily describes the
similarity between adjacent nodes and reflects the relationship
between node attributes and graph structure. Its metrics can be
quantified as node homophily [24], edge homophily [25], class
homophily [26], and adjusted homophily [27]. We use edge
homophily to measure the level of homophily in the graph:

H =

∣∣{(vi, vj)} ∈ E : yvi = yvj

∣∣
|E|

(3)

where yvi denotes the class label of node vi. A higher value
of H generally indicates stronger homophily of the graph.
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Fig. 1. Overall architecture of LDF-GNN. Left: random walk (RW) graph reduction samples local subgraphs to form local graph signals. Right: the dynamic
fusion (DF) filter applies low-pass (Φ) and high-pass (Ψ) filtering and fuses them with ϑΦk and ϑΨk at hop k to obtain hk . The hop-wise outputs are
aggregated with βk to produce the final embedding Z.

IV. METHODOLOGY

In this section, we propose LDF-GNN to alleviate the
structural misguidance problem by coupling graph reduction
and dynamic fusion filter. Specifically, we first sample a local
graph signal from the input graph using random-walk graph
reduction. We then fuse high-pass filters and low-pass filters
to dynamically aggregate low- and high-frequency information
in the feature aggregation process of each hop. Finally, we
explain the dynamic interaction of two components and their
dynamic properties, describe parameter propagation during
training, and present a theoretical analysis of the filter.

A. Localized random walk graph reduction

To alleviate structural noise while enabling subsequent
filters to dynamically learn graph information, we use a
graph reduction method to remove certain nodes and their
connections to generate local graphs.

We adopt random walk–based sampling rather than uniform
sampling, as it better preserves local structural information.
Starting from randomly selected seed nodes, the graph is
explored according to the transition probability matrix [28].
The probability of moving from node vi to vj is as follows:

P(vt+1 = vj | vt = vi) = Pij (4)

where P ∈ Rn×n is computed by dividing the adjacency
matrix A by the degree matrix D:

P = D−1A (5)

where
∑N

j=1 Pij = 1. To obtain a random walk sequence
{v0, v1, . . . , vT } of T steps, we represent the process using
the transition probability matrix as follows:

π(t) = π(0)Pt (6)

where π(0) is the initial node distribution and π(t) is the node
distribution after t steps of random walk. We define the visit
frequency vector f =

∑T
t=0 π

(t) and set the threshold τ based
on f as follows:

τ = Qp(f) (7)

where Qp(f) represents the value of f at the p− th quantile
and p is a hyperparameter manually adjusted for different
graphs. Nodes with higher visit frequencies are retained via

si =

{
1, if fi ≥ τ

0, otherwise
(8)

where fi is the visit frequency of node vi and si indicates
whether node vi is retained. We then generate the mask r
from the matrix s, and sample the feature matrix X and the
adjacency matrix Ã to obtain X′ and Ã′ of the local graph:

{X′, Ã′} = Sr(X, Ã) (9)

where Sr denotes the sampling operation based on mask r.
Although random walk explores local areas of the graph,

multiple transitions can still capture widely global structural
information, helping balance global information and local
details. By learning on these local graph signals, the model can
reduce the impact of noise in the global structure. In addition,
this method reduces the aggregation frequency of adjacent
nodes, which maintains the distinction between nodes. It
prevents node features from becoming consistent due to multi-
layer aggregation, thereby mitigating over-smoothing.

B. Frequency-aware feature fusion

Many real-world graphs exhibit strong heterophily, where
misleading structural distributions can result in the propagation
of incorrect information and misguide GNNs. To solve this,
we explore the frequency domain of information and propose
a frequency-aware feature fusion method. Figure 1 shows the
filtering mechanism in our proposed model. By integrating
high- and low-frequency information, it can adapt to both
homophilic and heterophilic structures in the graph data.

In frequency-aware feature fusion, the low-pass filter
smooths node features and emphasizes the similarity among
homophilic nodes. By suppressing high-frequency noise in the
spectrum, it exhibits strong capabilities in local information
extraction and noise resistance. Its definition is as follows:

s
(k)
low = UΦγ(ω)U

TX (10)

where s
(k)
low is the output signal of the k-hop low-pass filter,

U is the eigenvector matrix of the Laplace matrix, ω is the
eigenvalue matrix and Φγ(ω) = exp(−γωk) is the frequency



Fig. 2. Iteration process. In each iteration, the DF filter learns different local
graph features and passes the parameters to the next iteration.

response function of the low-pass filter. The parameter γ
controls the attenuation rate of high-frequency signals, and
X ∈ Rn×n denotes the graph feature matrix.

The high-pass filter emphasizes high-frequency information
to capture node differences and alleviate misleading distribu-
tions in the graph structure. Its definition is as follows:

s
(k)
high = UΨλ(ω)U

TX (11)

where s
(k)
high is the output signal of the k-hop high-pass filter,

Ψλ(ω) = I − exp(−λωk) is the frequency response function
of the high-pass filter, and λ controls the preservation strength
of high-frequency signals. The theory of low- and high-pass
filter design is analyzed in detail in Section IV-D.

For k = {k1, k2, . . . , kM}, the low- and high-pass fil-
ters perform k-hop propagation respectively. We perform a
weighted summation at each propagation step. This allows
for adaptive fusion of the filters during each hop. The fusion
process is defined as follows:

hk = C
{
s
(k)
low , s

(k)
high

}
= ϑΦks

(k)
low + ϑΨks

(k)
high (12)

where hk denotes the fused feature embedding at the k-th hop,
C denotes the fusion operation of the filtered signal, and the
learnable parameters ϑΦk and ϑΨk denote the weight of low-
and high-frequency signals of the k-th hop. We then aggregate
the outputs across hops as follows:

Z =

K∑
k=1

βkhk (13)

where Z denotes the filtered output embedding, and the
learnable parameter βk denotes the aggregation weight of the
k-th hop. The above two-step fusion enables the model to
dynamically adjust the proportion of high- and low-frequency
signals in each order of propagation to achieve accurate learn-
ing of both local and global graph signals while enhancing the
robustness to structural noise and abnormal connections.

C. LDF-GNN

This section provides an overview of the LDF-GNN model.
Applying filters to local graphs. We name the filter model

proposed in Section IV-B as the DF filter. As shown in Figure 2
, in each iteration, the model first performs graph reduction on
the global graph G to generate a new local graph signal G(m),
with m denoting the number of iterations. Then we apply the
DF filter to these local graph signals. The kernel K(m)

γ,λ of the
filtering operation can be obtained from the local graphs:

K(m)
γ,λ =

{
UΦ(m)

γ (ω)UT ,UΨ
(m)
λ (ω)UT

}
(14)

The low- and high-frequency signals in the local graph are
fused in the filter. The output embedding Z is fed into an
MLP for classification, and the final prediction is obtained
through a softmax function, as follows:

Z̃ = MLP(Z) = MLP
(
C(Kγ,λ ·X)

)
(15)

Ỹi = softmax(Z̃) (16)

We use cross-entropy loss function in backpropagation.
Parameter passing and sharing. Parameter passing is

indicated by dashed arrows in Figure 2. The weight parameters
ϑΦk, ϑΨk, and βk of the DF filter are dynamically adjusted
according to the frequency characteristics of the current local
graph signal. The local graph learning parameter sets ΘF and
ΘM from the previous iteration are passed to the next iteration
of local graph learning, where ΘF denotes the parameter set
of the DF filter and ΘM denotes the MLP parameter set. This
enables parameter sharing during training and ensures effective
learning of the filter across different local graph signals.

Dynamic property. The dynamic property of LDF-GNN is
reflected in two aspects. One is the dynamic change of the
local graph signal. Since the local graph in each iteration is
random, the filter learns different structural features in each
update. This enhances the model’s adaptability to different
local structures in a graph, enabling the model to establish
a balance between global and local information, thus reducing
the impact of structural noise on model performance. The
second is the dynamic adjustment of the filter. The model
introduces learnable parameters in the fusion filter so that
it can be dynamically adjusted according to the homophilic
level in different regions. For regions with strong homophily,
the model attenuates the high-frequency noise to highlight the
low-frequency signal. And for regions with strong heterophily,
the model enhances the propagation of high-frequency signals.
This property not only mitigates over-smoothing in graph
learning, but also avoids structural distribution misguidance.

D. Theoretical analysis

For an undirected graph G = (V,E), let its adjacency
matrix be A and its degree matrix be D. The normalized
graph Laplacian matrix is defined as L = I−D−1/2AD−1/2,
which is a symmetric semi-positive definite matrix with a set
of orthogonal eigenvectors and non-negative eigenvalues. Its
spectral decomposition is L = UΛUT where U ∈ RN×N

is the eigenvector matrix, and the column vectors are the



eigenvectors of L, which form the frequency domain basis.
Λ ∈ RN×N is the diagonal matrix whose elements are the
eigenvalues, which denote the frequencies of the graph signal.
A graph Fourier transform of the eigenmatrix X maps the
graph signal from the time domain to the frequency domain:

X̂ = Fg(X) = UTX (17)

where X̂ ∈ Rn×F denotes the feature matrix in the fre-
quency domain and Fg(·) denotes graph Fourier transform.
The Fourier inverse transform restores a frequency domain
signal to a time domain signal:

X = F−1
g (X̂) = UX̂ (18)

where F−1
g (·) denotes graph Fourier inverse transform.

Based on the above conversion of the graph signal between
the time and frequency domains, we design a filter model for
graphs with reference to the Gaussian filter in conventional
signal processing. To be consistent with the notation of the
conventional filtering formula, the frequency of the graph
signal Λ is denoted by ω in the following. In the frequency
domain, the filter can be realized by element-wise weighting
of the frequency components [15]. Since the Fourier transform
decomposes the graph signal into different frequency compo-
nents, element-wise multiplication is equivalent to weighting
each frequency component individually. Then the low-pass
filter in the frequency domain can be expressed as:

X̂low = Φ(ω)X̂ (19)

where Φ(ω) is the frequency response function. From Equa-
tion 17 and 18, the graph signal is transformed to the frequency
domain, and the weighted signal is restored to the time domain.
Then Equation 19 is transformed to the time domain space:

Xlow = UΦ(ω)UTX (20)

Similarly, the high-pass filter in the time domain is:

Xhigh = UΨ(ω)UTX (21)

where Ψ(ω) is the frequency response function. The next ques-
tion is how to represent the two frequency response functions.
We refer to the Gaussian filter G(ω) = exp

(
− ω2

2σ2

)
. The goal

of the low-pass filter is to suppress high-frequency signals and
retain low-frequency components to enhance the propagation
of information between homophilic nodes. We set the low-pass
frequency response function as:

Φγ(ω) = exp(−γωk) (22)

where k denotes the hop count of the filter and γ denotes
the smoothing coefficient, which controls the attenuation rate
of high-frequency signals. When the signal frequency is low
and ω is small, Φγ(ω) → 1, and the low-frequency signal has
almost no attenuation. When the signal frequency is high and ω
is large, Φγ(ω) remains relatively low and the high-frequency
signal is attenuated.

TABLE I
DATA STATISTICS.

Statistic Nodes Edges Features Classes H
Cora 2708 5278 1433 7 0.83
Citeseer 3327 4552 3703 6 0.71
Pubmed 19717 44324 500 3 0.80
Cornell 183 277 1703 5 0.30
Squirrel 5201 198353 2089 5 0.22
Texas 183 279 1703 5 0.07
Chameleon 2277 31371 2325 5 0.25

Since the high-pass filter highlights the heterophilic level
of node features, we set the high-pass frequency response
function as:

Ψλ(ω) = I− exp(−λωk) (23)

where λ denotes the high-frequency enhancement coefficient,
which is used to adjust the degree of retention of high-
frequency signals. In contrast to the low-pass frequency re-
sponse function, for low-frequency signals, Ψλ(ω) tends to
be small, which suppresses low-frequency signals. And high-
frequency signals are amplified as Ψλ(ω) approaches 1.

The graph in the time domain represents the k-hop neigh-
borhood information of a node in terms of the k-th power Ak

of the adjacency matrix [29]. In the frequency domain, the k-th
power of the Laplace matrix L is used to represent the k-hop
neighborhood information of a node. The power operation of
the Laplace matrix proceeds as follows:

Lk = (UΛUT )k =

k∏
i=1

(UΛUT ) (24)

Since UTU = I, Equation 24 can be simplified as Lk =
UΛkUT . So k-hop neighborhood information aggregation can
be expressed as the k-th power of the graph signal frequency
component ω in the frequency domain. So Equation 22 and
Equation 23 express the layer-by-layer propagation of different
frequencies by ωk.

V. EXPERIMENTS

In this section, we conduct experiments on real-world
datasets to evaluate the performance of the proposed LDF-
GNN model in addressing the structural misguidance problem.
We compare our model with other GNN models in both fully-
supervised and semi-supervised learning tasks and perform
hyperparameter analysis and ablation studies.

A. Datasets

We evaluate the performance of LDF-GNN on seven widely
used datasets, including three citation graphs (Cora, Citeseer,
and Pubmed [30]), two WebKB graphs (Texas and Cornell
[19]), and two Wikipedia graphs (Squirrel and Chameleon
[24]). The citation graphs consist of sparse bag-of-words
feature vectors for each document and a list of citation links
between them, where documents are treated as nodes and
citation links as edges. The WebKB graphs are webpage
databases from Carnegie Mellon University. In Wikipedia
graphs, nodes represent webpages, node features correspond
to several informative nouns extracted from Wikipedia pages



TABLE II
MEAN ACCURACY RESULTS FOR FULL-SUPERVISED NODE CLASSIFICATION

Datasets Cora Citeseer Pubmed Cornell Squirrel Texas Chameleon
MLP 76.91± 0.78 76.45± 0.75 86.21± 0.24 84.18± 2.52 30.94± 1.09 86.72± 2.75 46.59± 1.38

ChebNet 87.28± 0.65 79.39± 0.49 87.79± 0.20 83.97± 1.98 40.76± 0.60 86.24± 2.53 59.53± 1.17

GCN 87.14± 0.90 79.87± 0.61 86.75± 0.27 65.75± 4.25 45.86± 0.69 77.04± 3.79 59.92± 1.85

GCNII 88.39± 0.61 79.80± 0.50 88.92± 0.32 84.27± 2.48 41.95± 1.36 80.52± 2.86 63.45± 1.02

ARMA 87.16± 0.76 80.08± 0.57 86.97± 0.19 85.56± 2.31 37.23± 0.42 83.96± 3.35 60.21± 1.09

APPNP 88.10± 0.53 80.54± 0.63 88.14± 0.28 91.43± 1.76 35.67± 0.53 90.63± 1.67 52.15± 1.24

GPR-GNN 88.51± 0.58 80.10± 0.74 88.38± 0.25 91.56± 1.37 50.39± 0.71 92.89± 1.14 67.48± 1.41

BernNet 88.53± 0.82 80.05± 0.79 88.49± 0.34 92.11± 1.63 51.32± 0.75 92.67± 1.30 68.53± 1.89

ChebNetII 88.76± 0.68 80.58± 0.78 88.91± 0.26 92.36± 1.27 56.83± 0.34 93.27± 1.60 71.39± 1.02

EvenNet 87.24± 1.29 78.69± 0.23 89.58± 0.25 92.15± 2.11 50.36± 0.59 93.75± 1.59 67.41± 1.71

PCNet 90.06± 0.49 81.73± 0.62 91.32± 0.31 93.79± 1.70 64.41± 0.40 93.69± 1.47 72.18± 1.56

JacobiConv 88.95± 0.53 80.74± 0.71 89.65± 0.39 92.65± 2.28 61.74± 0.63 93.47± 1.95 71.84± 1.79

VR-GNN 88.23± 0.61 81.93± 0.46 89.67± 0.36 92.67± 3.52 57.51± 1.07 94.72± 1.21 72.05± 1.80

LDF-GNN 90.15± 0.92 82.75± 1.04 91.62± 0.27 94.11± 1.29 68.26± 1.44 94.77± 2.00 76.28± 1.52

and edges denote mutual links between pages. These datasets
are chosen to provide a diverse evaluation of LDF-GNN’s
performance on both homophilic and heterophilic graphs.
Dataset statistics are summarized in Table I.

B. Experimental setup

Baselines. To evaluate the performance of LDF-GNN, we
compare it with a series of state-of-the-art spectral GNNs on
both full-supervised and semi-supervised node classification
tasks. In full-supervised learning, we use ChebNet [9], GCN
[10], GCNII [31], ARMA [11], APPNP [32], GPR-GNN [13],
BernNet [14], ChebNetII [16], EvenNet [15], PCNet [18],
JacobiConv [17] and VR-GNN [33] as baseline models. And
in semi-supervised learning, we use ChebNet [9], GCN [10],
ARMA [11], APPNP [32], GPR-GNN [13], BernNet [14],
ChebNetII [16], EvenNet [15] and PCNet [18] as baselines. All
baseline models are implemented with their suggested settings.

Setting. In full-supervised learning, we use all datasets
mentioned in Section V-A and randomly divide the nodes of
each class into 60%, 20%, and 20% for training, validation,
and testing sets. For semi-supervised learning, we use Cora,
Citeseer, Pubmed, Cornell, and Texas datasets. We split the
three citation graphs (Cora, Citeseer, and Pubmed), into 20
nodes per category for training, 500 for validation, and 1000
for testing. For Cornell and Texas, we randomly divided each
class of nodes into 2.5% for training, 2.5% for validation, and
95% for testing. In the training process, we apply an MLP
after the DF filter and set the number of layers to 2 with
512 hidden units per layer. We select nodes using the quantile
p∈ [0.25, 0.7], and run the DF filter for K∈ [3, 7] hops.

C. Full-supervised node classification

We conduct full-supervised node classification experiments
on seven real-world datasets and compare our model with
several state-of-the-art methods. Table II reports the mean
classification accuracy and standard deviation of these models
over ten run times. We use bold for the best and underlining
for the second best on each dataset. We observe that LDF-
GNN outperforms the baseline models on all datasets.

For the homophilic datasets (Cora, Citeseer, and Pubmed),
LDF-GNN achieves improvements over the baseline by 0.09%,
0.82%, and 0.30%, respectively. This indicates that the model
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Fig. 3. Sensitivity analysis of RW quantile and hop counts

effectively extracts and learns the local information from graph
signals, adapts to regional differences, and thus enhances its
performance on homophilic graphs.

Our model also performs competitively on heterophilic
graphs. For example, it outperforms BernNet by 2.00% on
Cornell, EvenNet by 1.02% on Texas, and 4.89% by Cheb-
NetII on Chameleon. Notably, the average accuracy on Squir-
rel is 68.26%, outperforming PCNet by 3.85%, which corre-
sponds to a performance improvement of 5.9%. These results
show that LDF-GNN not only mitigates the local misguidance
problem in homophilic graphs but also adaptively preserves
discrepancies among nodes due to its fusion method across
different frequency bands.

D. Semi-supervised node classification

To further evaluate the performance of LDF-GNN in semi-
supervised tasks, we conducted experiments on five datasets.
Table III reports the mean classification accuracy and stan-
dard deviation of semi-supervised node classification for each
model on these datasets. On the three homophilic graphs, our
model achieves state-of-the-art performance with accuracies
of 83.42%, 73.57%, and 80.87%, respectively. Additionally,
on Cornell and Texas, LDF-GNN outperforms all baseline
models too, surpassing the best-performing PCNet by 3.92%
and 1.97%, respectively. The experimental results demonstrate
that LDF-GNN maintains competitive performance even in
semi-supervised learning by its strong dynamic adaptability.

E. Parameter sensitivity analysis

We analyze the random walk quantile p and the hop count
K in Figure 3, where RW denotes random walk. The precision
varies with p and peaks in the middle around 0.7 on Cora and
0.4 on Cornell. And extremes degrade performance by making



TABLE III
MEAN ACCURACY RESULTS FOR SEMI-SUPERVISED NODE CLASSIFICATION

Datasets Cora Citeseer Pubmed Cornell Texas
MLP 58.03± 0.31 56.87± 0.53 71.74± 0.26 40.36± 4.61 39.72± 2.68

ChebNet 79.41± 0.33 69.11± 0.71 75.73± 0.47 24.78± 3.54 32.45± 3.13

GCN 81.25± 0.46 71.84± 0.52 79.18± 0.13 34.96± 4.31 34.42± 2.83

ARMA 82.18± 0.37 71.25± 0.19 76.42± 0.24 30.17± 5.72 49.76± 3.72

APPNP 83.19± 0.42 72.84± 0.13 79.46± 0.37 42.73± 5.39 48.25± 3.59

GPR-GNN 83.74± 0.35 69.58± 0.43 76.21± 0.83 40.74± 4.22 45.93± 3.26

BernNet 81.53± 0.37 72.68± 0.27 79.42± 0.35 43.64± 5.39 46.20± 2.74

ChebNetII 83.04± 0.32 71.32± 0.21 79.98± 0.34 46.53± 5.35 52.63± 4.85

EvenNet 81.61± 0.30 72.09± 0.64 79.35± 0.27 51.62± 4.12 53.18± 4.25

PCNet 82.81± 0.33 70.04± 0.49 80.53± 0.17 51.89± 2.28 63.12± 3.74

LDF-GNN 83.42± 0.22 73.57± 0.45 80.87± 0.21 55.81± 3.98 65.09± 3.16

TABLE IV
ABLATION STUDY RESULTS

Datasets Cora Citeseer Pubmed Cornell Squirrel Texas Chameleon
DF filter 88.87± 0.73 80.96± 0.61 90.74± 0.28 91.85± 1.45 68.21± 1.26 93.11± 3.93 74.91± 1.30

LDF-GNNlow 87.48± 0.69 80.10± 0.89 86.41± 0.15 74.59± 8.80 42.82± 1.88 64.54± 7.85 64.38± 2.27

LDF-GNNhigh 74.12± 1.34 60.93± 1.73 82.56± 0.42 89.34± 3.37 64.07± 1.12 89.50± 2.95 75.09± 1.38

LDF-GNN 90.15± 0.92 82.75± 1.04 91.62± 0.27 94.11± 1.29 68.26± 1.44 94.77± 2.00 76.28± 1.52
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Fig. 4. Performance comparison of graph reduction methods.

local views too sparse or too dense. This result indicates that
the DF filter learns more effectively on specific local signals
than on global signals. Increasing K brings early gains and
then little decline. Cora plateaus near 6–7 hops with a slight
drop afterward, whereas Texas prefers shallower propagation
of about 3–5 hops. The trend indicates that the model can
capture the discrepancies of features among nodes in a smaller
propagation range.

F. Comparison of graph reduction methods
To evaluate the advantage of random walk in the graph

reduction process, we compare it with an alternative method
that relies on a Bernoulli distribution, where each node in
the graph is randomly dropped with a completely random
probability. Figure 4 shows the classification results of us-
ing the two graph reduction methods separately on each
dataset, where RW denotes random walk-based reduction and
B denotes random reduction with the Bernoulli distribution.
All random walk-based methods outperform the unstructured
graph reduction methods. The experimental results demon-
strate that using structure-aware approaches for localization
during graph reduction can preserve structural information,
allowing the filter to better adapt to both global and local graph
structures. Therefore, random walk is more advantageous
than the unstructured downsampling method in mitigating the
problem of structure misguidance.

G. Ablation study of two dynamic properties
We evaluate LDF-GNN’s two dynamic properties, with

results and t-SNE views shown in Table IV and Figure 5.

(a)LDF(Cite) (b)LDFlow(Cite) (c)LDFhigh(Cite)

(d)LDF(Cham) (e)LDFlow(Cham) (f)LDFhigh(Cham)

Fig. 5. Visualization of ablation study results.

Dynamic inputs. We first conduct experiments on the DF
filter without the graph reduction process. On the three citation
graphs, the improvements are around 1% - 2%. And we also
see benefits on Chameleon and Texas. These results suggest
that dynamic inputs of the graph filter helps extract reliable
local information and mitigates structural noise.

Dynamic fusion. In Table IV, LDF-GNNlow denotes the
model using only low-pass filters and LDF-GNNhigh denotes
the model using only high-pass filters. On homophilic citation
graphs, we obtain better results with the low-pass filter than
the high-pass filter, while on Chameleon and Texas the high-
pass filter surpasses the low-pass filter. When we fuse the
two filters, we achieve the best performance in all cases,
which demonstrates that dynamically adjusting the weights of
low- and high-frequency components is necessary. Figure 5
shows that with only the low-pass filter, the class boundaries
on Citeseer are fuzzy, and with only the high-pass filter, the
categories are almost impossible to observe. However, with the
fused model, we achieve clearer and more separable clusters
on both datasets. These observations align with the results in
Table IV and explain the advantage of LDF-GNN.

VI. CONCLUSION AND FUTURE WORK

In this paper, we illustrate the structural misguidance prob-
lem in graph learning caused by local discrepancies and het-



erophilic connections, and propose LDF-GNN to mitigate it.
By combining random walk graph reduction with frequency-
aware feature fusion, our model adapts filter responses to local
signal characteristics and accommodates both homophilic and
heterophilic relations across regions. Experiments on multiple
benchmarks show state-of-the-art performance, and ablation
studies verify the importance of the two dynamic properties
in mitigating the structural misguidance problem. Future work
will extend LDF-GNN to broader tasks and explore more effi-
cient or adaptive sampling strategies and filtering mechanism.
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