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Abstract

Graph neural networks (GNNs) have been demon-
strated to be powerful tools for analyzing struc-
tural graph data. However, most existing meth-
ods usually rely on fixed adjacency structures for
information propagation, lacking strong adapt-
ability to the latent semantic relationships that
exist but are not explicitly connected in graph,
especially in complementary high-pass and low-
pass filtering views. To this end, this paper
proposes a novel Dual-channel Dynamic Graph
Neural Network (DCD-GNN), mainly consist-
ing of parallel representation learning channels:
a static structure-preserving channel and a dy-
namic adjacency-enhancing channel. The dy-
namic channel exploits both low-pass structural
filtering and high-pass personalized detail via the
self-attention adjacency learning and then inte-
grates them for comprehensive semantic model-
ing, while the static channel maintains structural
stability. Both channels employ a multi-scale rep-
resentation fusion mechanism and a unified and
discriminative node embedding representation is
obtained by integrating them. Extensive experi-
ments on various benchmark datasets verify the
superiority of DCD-GNN in discriminative graph
representation learning.

1. Introduction

Graph data are widely present in real-world scenarios, such
as social networks (Li et al., 2023b), citation networks (Cum-
mings & Nassar, 2020), chemical molecular structures (Wu
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et al., 2023), and financial transaction networks (Cui et al.,
2021). The complex relational patterns inherent in such
data present both significant opportunities and challenges
for data mining and analysis. As a universal data structure,
graphs effectively capture intricate relationships among en-
tities across various domains. In recent years, Graph Neural
Networks (GNNs) have attracted widespread attention due
to their discriminative representation learning ability for
graph-structured data, achieving notable success in various
graph tasks including node classification (Wu et al., 2021;
Wang et al., 2019; Jiang et al., 2026), link prediction (Xie
et al., 2022), traffic forecasting (Guo et al., 2020), clustering
(Guan et al., 2025; Yang et al., 2026a), and recommendation
systems (Li et al., 2023a).

In general, most existing GNNs are primarily built upon
the message passing framework, whose core idea is to learn
node embedding by iteratively aggregating neighboring in-
formation (Wang et al., 2026; Yang et al., 2024). For ex-
ample, ChebNet (He et al., 2022) employs Chebyshev poly-
nomials as simplified convolutional filters; GCN (Kipf &
Welling, 2017) further simplifies ChebNet to a first-order ap-
proximation and has become a representative method due to
its powerful ability to propagate and aggregate features over
graphs. PPNP (Klicpera et al., 2019) and its efficient approx-
imation version APPNP (Klicpera et al., 2019) introduce a
propagation mechanism based on personalized PageRank,
which decouples feature learning from graph propagation
and establishes connections between input and output to
enhance node importance. Methods such as GCNII (Chen
et al., 2020) and DAGNN (Liu et al., 2020) alleviate over-
smoothing and gradient degradation issues in deep GNNs
by incorporating techniques like initial residual connections
and identity mapping. GNN-BC (Yang et al., 2022) adopts
dual independent representation learning for attributes and
topology to mitigate mutual interference and redundancy
between them. NoSAF and NoSAF-D (Wang et al., 2024)
further propose layer-aggregation and filtering architectures
with node-specific layers, handling heterogeneous graph
data effectively and enhancing network depth and perfor-
mance through per-node information filtering and dynamic
codebook integration. TFE-GNN (Duan et al., 2024) draws
inspiration from ensemble Learning theory, extracting ro-
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bust classifiers from base classifiers via a triple-filter mech-
anism that unifies homophilic and heterophilic patterns in
spectral graph neural networks. EvenNet (Lei et al., 2022)
discards odd-hop neighbors and improves model robustness
via even-polynomial graph filters.

Despite the significant advances, most existing methods ex-
cessively rely on the original static graph structure. Whether
based on convolutional or message-passing paradigms, most
existing approaches restrict information propagation strictly
to the predefined topology, failing to adequately explore
implicit semantic and structural relationships in the graph.
Traditional GNNSs typically assume that the input adjacency
matrix is static and perfectly accurate, yet real-world graphs
often suffer from incompleteness, noise, and even dynamic
evolution. For instance, in social networks, implicit interest
associations between users often go beyond explicit follow
relationships; in citation networks, cross-domain thematic
connections may not be fully captured by existing citation
edges. If the expressive power of GNNs is confined only
to explicit connections, many implicit semantic associa-
tions that are crucial for downstream tasks could be ignored.
Moreover, while some methods such as LHS (Qiu et al.,
2024) attempt to enhance GNNs by automatically learning
potential homophilic structures on heterophilic graphs, they
still lack a systematic integration of full-frequency infor-
mation, making it difficult to comprehensively capture the
complex latent semantics and structural relationships.

To comprehensively and effectively explore latent seman-
tic and structural information, this study proposes a novel
framework termed the Dual-Channel Dynamic Graph Neu-
ral Network (DCD-GNN). Its core idea is to learn dynamic
adaptability and structural stability separately through a
dual-channel parallel architecture, enabling optimal fusion
of multi-level and multi-scale structural information. Specif-
ically, the dynamic channel consists of two complementary
high-frequency and low-frequency sub-channels and utilizes
the self-attention mechanism to explore multi-level semantic
correlations among all nodes. Then, the low-pass structural
filtering and high-pass details are integrated by adaptive fu-
sion to fully capture latent semantic and structural patterns
across the entire frequency spectrum. The static channel,
on the other hand, preserves structural stability, extracting
explicit topological information while preventing excessive
dynamic adjustments that may cause structural distortion.
Furthermore, DCD-GNN adopts a multi-scale representa-
tion fusion mechanism to fully account for the contribution
of embeddings at different scales, which enables the model
to adaptively determine information reliance based on spe-
cific graph structures and tasks. The main contributions of
this paper are summarized as follows:

* The DCD-GNN explores both dynamic and static se-
mantic patterns in a parallel way and integrates multi-

scale representations in each channel, resulting in com-
prehensive multi-level and multi-scale representations.

* The dynamic channel captures implicit semantic corre-
lations by self-attention learning in both high-pass and
low-pass filtering, endowing the proposed DCD-GNN
with strong representation learning flexibility.

» Extensive experiments conducted on real-world bench-
mark datasets verify that DCD-GNN outperforms state-
of-the-art methods in classification tasks.

2. Preliminaries

Given a graph G = (X, V,€),V = {v1,--- ,un} is node
set with NV sample nodes, X € RN *4 s attribute feature
matrix of nodes, £ is the connection edge set. Its topolog-
ical structure can be represented by the adjacency matrix
A = [a45] € {0, 13VN | where a;; = 1 if there is an
edge e;; = (vi,v;) € £ between node v; and node v;, and
a;; = 0 otherwise. The GNNs aim at learning discrimina-
tive embedding representation by simultaneously utilizing
attribute feature and graph structure. The graph convolu-
tional operator is widely used to obtain graph embedding
representation by the following explicit way

H) — & (ﬁ—%Aﬁ—%HU)W(”) (1

where A = A + T is the revised adjacency matrix of graph
G with self-loops, I is an identity matrix, D is a diagonal de-
gree matrix with diagonal element D;; = >~ Aj;. H(+D
and H") are embedding representations of (I + 1)-th and
I-th layers, W(!) is the trainable parameter matrix, and o (-)
is the activation function. Specifically, H(®) = X is defined.

GNN s with explicit graph convolution operators have been
widely adopted in various tasks and have achieved satis-
factory performance. Their essence lies in simultaneously
leveraging the original topological structure and attribute
features to learn embedding representations. However, this
reliance on explicit structures constitutes a major bottleneck:
model performance is highly constrained by the complete-
ness and accuracy of the explicit graph topology. When
the graph contains noisy connections, missing edges, or
structural bias, the neighboring aggregation based on such
structures inevitably introduces errors, resulting in distorted
node representations and inevitably weakening the model’s
generalization ability in the complex real-world scenarios.
Consequently, effectively modeling and integrating the la-
tent semantic and relational information that is not explicitly
expressed in the graph becomes crucial for enhancing both
the robustness and the expressive power of GNNs (Yang
et al., 2026b; Wang et al., 2025).
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Dynamic Graph Representation Learning
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Figure 1. An overview of the proposed DCD-GNN model, which mainly consists of dynamic graph representation learning (DGRL),
static graph representation learning (SGRL), and multi-scale representation fusion (MsRF) modules. The DGRL explores dynamic latent
semantic connections from both low-pass and high-pass filtering. The SGRL module learns the stable embedding representation on original
topological graph to provide representation foundation. And, the MsRF module integrates multi-level and multi-scale representations for

comprehensive and discriminative embedding.

3. Methodology

Here, the details of the proposed DCD-GNN method are
elaborated, where the architecture is sketched in Figure 1.

3.1. Overview of the Proposed DCD-GNN

To effectively improve the potential semantic learning capa-
bility of GNN:ss, this study proposes the DCD-GNN, which
mainly comprises three key modules: 1) The dynamic
graph representation learning (DGRL) module employs
a self-attention learning mechanism to infer implicit inter-
node relationships from node embeddings. It constructs a
hybrid low-pass filtering adjacency matrix that emphasizes
local smoothness and a hybrid high-pass filtering adjacency
matrix that emphasizes local variability, thereby modeling
homophily aggregation and heterophily relationships, re-
spectively. 2) The static graph representation learning
(SGRL) module aims to stably capture the inherent and ex-
plicit structural information in the original comprise graph,
maintaining the representation learning stability. 3) The
multi-scale representation fusion (MsRF) module adap-
tively fuses learned embedding representations from differ-
ent propagation layers, enabling the DCD-GNN to effec-
tively capture multi-scale semantic information. Ultimately,
the representations from the dynamic and static branches
are unified for downstream classification tasks.

3.2. Dynamic Graph Representation Learning

Real-world graphs often contain noisy connections or lack
latent semantic associations. Static adjacency graph strug-
gles to accurately reflect authentic node relationships, and
the fixed topological structures fail to adapt to the contin-
uously evolving high-order semantic dependencies across
different network layers. The DGRL module, capable of
capturing rich latent semantic and structural information,
effectively mitigates noise interference and infers poten-
tial semantic relationships by adaptive semantic adjacency
learning from both low-pass and high-pass filtering. Thus, it
could better support multi-scale and multi-granularity graph
representation learning demands.

Adaptive Self-Attention Adjacency Learning It adap-
tively reconstructs semantic adjacency relationships for each
node to capture latent associations and reduce noise inter-
ference in the original graph. Due to the static and prede-
fined adjacency matrix, information can only be aggregated
from a fixed neighborhood, preventing access to global
information from non-adjacent nodes. However, as real-
world graphs often exhibit complex latent semantic and
structural relationships that cannot be fully captured by
a static adjacency matrix, many potential connections be-
tween nodes remain unexpressed despite the absence of



Dual-channel Dynamic Graph Neural Networks with Adaptive Adjacency Learning and Multi-scale Representation Fusion

direct links. For example, in the ACM computing classi-
fication, where “Natural Language Processing” serves as
the category of “Machine Translation” without an explicit
connection, their initial embeddings reside far apart in the
low-dimensional representation space. Drawing inspiration
from the self-attention mechanism in Transformer (Vaswani
et al., 2017), a self-attention adjacency learning is designed
to compute attention correlation scores for each node pair,
enabling end-to-end learning of a complementary adjacency
structure derived dynamically from node embedding repre-
sentation. Specifically, given the node representations at [-th
layer, denoted as H) € RV*4 it is projected into query
and key representations via linear transformations:

QY =H"W,uery, KV =HOW,, (2
where W gyery € R4*d and Wiey € R4%d are trainable
transformation matrices. Subsequently, the fully connected
relational weight matrix is computed via query-key dot-
product similarity and normalized by the softmax function,
obtaining the adaptive semantic adjacency matrix as follows:

QW (KO)T
)

Here, dividing by v/d is applied for gradient stabilization.
Each element Agzn (4, j) can be interpreted as the attention
correlation coefficient of node v; toward node v;, encod-
ing an implicit semantic relationship based on the current
. . l N
node embedding representations. Notably, Ag;n(z, J)is

generally not equal to Aggn( j,1), a pattern commonly ob-

served in real-world graphs. For instance, the attention a
student pays to a teacher is typically much higher than that
paid by the teacher to the student. The constructed adap-
tive semantic adjacency Ag;n thus models unique semantic
dependencies for the information flow of each node. To
leverage the learned dynamic structure without excessively
deviating from the basic topology of the original graph, a
convex combination between the original adjacency matrix
and the reconstructed adjacency matrix is performed to form
comprehensive adjacency relationships, thereby balancing
structural priors with dynamic adaptability:

AY = softmax ( 3)

dyn

A(l)

blen

2 =M+ (1-NAL @)
where A represents the predefined static original adjacency
matrix, A is a specific scalar parameter that controls the rel-
ative importance between the original structure and the dy-
namically reconstructed structure during information prop-
agation, and Az()lz)en , denotes the final comprehensive adja-
cency matrix beyond the original physical connections.

Graph Representation Learning with Adaptive Adja-
cency on Both Low-pass and High-pass Filtering. In

graph signals, low-pass filtering emphasizes smoothness be-
tween connected nodes, which may lead to over-smoothing
of graph representation learning. To capture more com-
prehensive graph signal characteristics, both low-pass and
high-pass views for graph filtering are explicitly constructed
and fused. The low-pass filtering operator is defined as
Alow — D=3 AD™ 2, where Awis any adjacency matrix
that includes self-connections, D is the degree diagonal
matrix of A. For the high-pass filtering, a simple form is uti-
lized, i.e., A"9" =T — Al which reflects node-specific
information that differs from its neighbors. Specifically, for
the low-pass and high-pass sub-channels in the dynamic
channel, the information propagation rules at the /-th layer
are respectively defined as:

H), — Rl (A 0nD 00) )
Hgtli)gh = ReLU (AZ}JLlieg'r?(’i(l)H(SZTL@Ezli)gh) (6)

where A9 and A9 (1) represent the low-pass filtering
and high-pass filtering operators with dynamic adjacency
Al()ll)en 4 on the [-th layer, respectively. And, @l(?w and @53 oh
are trainable weight matrices used for feature transformation.
At each layer, the representations from the low-pass and
high-pass views are integrated to form the output of the
dynamic channel for that layer:

H,,, = aVHY, +5VH,, )
where oY) and 3 are learnable layer-specific fusion coeffi-
cients, enabling the model to adaptively adjust the emphasis
on smoothness information versus discrepancy information
according to task requirements and data characteristics.

3.3. Static Graph Representation Learning

The static branch is built upon the traditional graph convolu-
tional operation, aiming to preserve the fundamental struc-
tural information of the original graph and prevent structural
distortion caused by excessive dynamic adaptation. When
the explicit connections in the graph are sufficiently accu-
rate, the static branch provides reliable structural priors,
effectively mitigating the performance bias that may arise
from overfitting in the dynamic branch. Its feature propaga-
tion process is as follows:

stc

;Y = ReLU (ARG, W) @®)

where H(l)

stc
layer, ngt)c is a learnable weight matrix, A" is the low-
pass filtering on the original graph adjacency A. By mod-
eling static structural information, this branch provides a
stable and interpretable structural foundation for discrimina-

tive and comprehensive representation learning.

denotes the feature representation at the [-th
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3.4. Multi-scale Representation Fusion

Shallow information propagation tends to capture local
neighborhood features, while deeper propagation way ex-
plores more global topological structures. However, simply
stacking various representations from different layers of-
ten fails to adequately extract discriminative features and
may instead lead to information redundancy and overfit-
ting. To fully integrate the multi-scale semantic information
embedded across different layers, a multi-scale representa-
tion fusion mechanism within each channel is introduced.
Taking the dynamic channel as an example, after L layers
of propagation, a set of intermediate representations is ob-

tained, i.e., {Hfiz)n, ngn, e ,HE{;L} Rather than directly
using the output of the final layer, a learnable weighted fu-
sion over all layer-wise representations is performed, which

serves as the final output of this channel:

L
l
Hayn = 1pn X + D Vi g ©)
=1

where {fy((ily)nﬂ =0,1,---, L} is a set of learnable weight
parameters, enabling the model to adaptively assign appro-
priate contributions to representations at different scales.
The original feature representation X is also incorporated
into the MsRF module, as it preserves fine-grained informa-
tion and initial attributes that have not been smoothed by the
propagation process, thereby enhancing the completeness
and discriminability of the final representation. Similarly,
for the static channel, with the propagation rule defined as
Eq. (8), its final output is also obtained through multi-scale
representation fusion:

L
1)yl
Hoe =350X + Y 7 GH, (10)
=1
where {752|z =0,1,---, L} denotes another set of learn-

able multi-scale integration weight parameters.

3.5. Node Classification

The dynamic channel adaptively learns task-relevant latent
semantic structures, while the static channel provides a sta-
ble and interpretable foundation of explicit structural infor-
mation. To synergistically leverage the strengths of both,
a learnable fusion parameter 6 € [0, 1] is generated via a
sigmoid function, constructing the final node representation
as an adaptively weighted combination of the outputs from
the two channels:

Hfused = eden + (1 - Q)Hstc (1 1)

Finally, the final graph embedding representation H ¢yscq
is imported into a two-layer MLP classifier along with the

softmax function to obtain the probabilistic class distribution
for each node:

Y = Softmax(MLP (H fyseq)) (12)

The element 7;. denotes the predicted probability of the i-th
node belonging to the c-th class. This forward propagation
process of DCD-GNN, when combined with the loss func-
tion and backpropagation, forms a complete closed-loop
training framework for model optimization. For the node
classification task, the standard cross-entropy loss function
over the labeled node set Vy, is defined as follows:

C
L=— 3 viclog(di) (13)

v; €V c=1

where C' denotes the total number of classes, y;. represents
the ground-truth label of node v;, and 7. is the predicted
probability that node v; belongs to class c.

3.6. Theoretical Analysis

Here, we provide simple theoretical analysis for DCD-GNN
in alleviating the over-smoothing issue and complementary
effect between static and dynamic representations.

Alleviating over-smoothing issue in deep GNNs. The
over-smoothed embedding in deep GNNs mainly originates
from the high-order neighboring aggregation in deeper lay-
ers, whose features are restricted to the low-frequency spec-
tral subspace of the graph signal. By directly incorporating
the original features X and the embedding representations
from different layers into the final output, MsRF ensures that
the final representation is no longer confined to the narrow
subspace induced by deeply over-smoothed embeddings. In-
stead, it preserves complementary information from shallow
local details and original attributes, effectively preventing
representation collapse.

From the perspective of graph filtering, H&Bn can be re-
garded as a multi-hop aggregation on the initial features
!
X, ie., H&Bn =3 cl,kSkX, where S is the propagation
k=0
operator. Substituting this into Eq. (9) yields

L l L
Hypn = > 50 D arS"X =Y wms*X, (14
=0 k=0 k=0

with ap = Zlek ’y((il;ncl,k. This indicates that MsRF is
equivalent to learning an adaptive polynomial filter that
spans multiple neighborhood ranges. The learnable weights
7((1271 allow the model to automatically adjust the receptive
field scale according to the downstream task, rather than
relying on a fixed propagation depth, thereby flexibly cap-
turing structural information at various ranges.
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Complementarity of dual-channel fusion. The comple-
mentarity of the dynamic and static channels is verified in
the final fusion. Let ¥4y, and y ;. denote the predictions of
the dynamic and static channels, respectively, and let y be
the ground-truth labels. The fused prediction is obtained by
a learnable weight 6 as

yfused = eydyn + (1 - Q)ystc (15)

Define the prediction errors of each channel as egy, =
Yayn — Yy and €5 = Ysic — y. The fusion error is then
€fused = ¥fused — Y = O€qyn + (1 — 0)eg,. Its mean
squared error can be expressed as

E[lle fuscal®] = 0°E[lleayn]|’] + (1 — 0)*E[]|extc|’]
+20(1 — 0) E[{€ayn, €stc)]
(16)

When the errors of the dynamic and static channels are
negatively correlated, i.e., E[(€dyn, €stc)] < 0, the overall
fusion error becomes smaller than the weighted sum of the
individual channel errors, thus bringing a performance gain.

In real-world graph data, such negative correlation naturally
exists. The static channel strictly relies on the original topol-
ogy; when the graph structure contains noise, missing edges,
or exhibits heterophily, its predictions are prone to system-
atic bias. In contrast, the dynamic channel learns latent
semantic correlations through the self-attention mechanism,
which can correct misleading information, resulting in its
error to being complementary to that of the static channel.
Especially on heterophilic graphs, the dynamic channel not
only supplements missing homophilic signals but also cap-
tures differentiating node characteristics through high-pass
filtering, leading to an error pattern that is substantially dif-
ferent from, or even opposite to, that of the static channel.
Hence, DCD-GNN adaptively increases the dynamic chan-
nel weight on heterophilic graphs, precisely exploiting the
fusion gain brought by error negative correlation.

4. Experimental Results

Here, extensive experimental results are provided to verify
the superiority of the proposed DCD-GNN, including quanti-
tative classification performance compared to representative
GNNSs, ablation study, visualization results, etc.

4.1. Experimental Settings

Datasets. FEight widely used benchmark graph datasets are
employed, including five heterophilic graphs: Chameleon,
Wisconsin, Cornell, Texas (webpage networks), and Actor
(co-occurrence network); as well as three homophilic cita-
tion networks: Cora, Citeseer, and Pubmed. In the citation
networks, nodes represent papers and edges denote citation
relationships, node attribute features are bag-of-words or

Table 1. The statistics of all used datasets.

Dataset  #Nodes #Features #Classes #Edges
Cora 2708 1433 7 5429
Citeseer 3327 3703 6 4732
Pubmed 19717 500 3 44338
Chameleon 2277 2325 5 36101
Texas 183 1703 5 309
Wisconsin 251 1703 5 499
Cornell 183 1703 5 295
Actor 7600 931 5 33544

word frequency-inverse document frequency vectors, and
labels correspond to the corresponding research domains.
The webpage networks (Chameleon, Texas, Wisconsin, Cor-
nell) model web pages as nodes and hyperlinks as edges,
where the features are derived from page content. Actor is
an actor co-occurrence network where edges indicate joint
appearance on Wikipedia pages, and labels reflect actor cat-
egories based on Wikipedia content. The detailed statistical
descriptions of all used datasets are provided in Table 1.

Baseline Methods. The performance of the proposed
DCD-GNN is evaluated by comparing it with 19 state-of-the-
art GNN methods in the node classification task. GCN (Kipf
& Welling, 2017) performs spectral convolution via first-
order neighborhood aggregation. GAT (Veli¢kovi¢ et al.,
2018) introduces attention mechanism to adaptively weight
the neighboring nodes. GraphSAGE (Hamilton et al., 2017)
enables inductive learning via neighbor sampling and ag-
gregation. GCNII (Chen et al., 2020) employs residual
connections with identity mapping to deepen networks.
APPNP (Klicpera et al., 2019) uses personalized PageR-
ank to preserve both local and global structural information.
JKNet (Xu et al., 2018) alleviates over-smoothing through
jump-knowledge connections that fuse multi-scale repre-
sentations. Geom-GCN (Pei et al., 2020) incorporates ge-
ometric relationships to better capture structural patterns.
OrderedGNN (Song et al., 2023) orders messages from dif-
ferent hops to handle heterophily. GPRGNN (Chien et al.,
2021) learns adaptive weights via generalized PageRank.
EvenNet (Lei et al., 2022) uses even-polynomial filters to
enhance the robustness of representation learning. GNN-
BC (Yang et al., 2022) learns different complementary rep-
resentations for structure and attribute features via HSIC
constraint and integrates them for final representation. Half-
Hop (Azabou et al., 2023) inserts slow nodes into edges to
refine message passing. PDE-GCN (Eliasof et al., 2021)
models feature propagation as PDEs on manifolds to explore
long-range correlations. NoSAF and NoSAF-D (Wang et al.,
2024) employ node-specific neighboring aggregation lay-
ers for heterophilic graphs. LHS (Qiu et al., 2024) learns
homophilic sub-structures for heterophilic graphs and im-
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Table 2. Classification results on all datasets. The best classification results are in bold and the second best results are underlined. NA
indicates that the reported method did not include results for this dataset, and the corresponding code is now unavailable.

Dataset Cora Citeseer Pubmed Chameleon Texas Wisconsin Cornell Actor

MLP 74.82 £222 7094 +039 85654025 4659+ 184 80.81 =475 85294331 81.89+640 40.18 +0.64
GCN 8577 £0.20 73.68 £0.31 8377 £0.24 28.18£0.23 5514 £5.16 5176 £3.06 60.54 £530 3043 £ 1.59
GAT 86.37 £ 030 7432+0.27 8687 +£0.62 4293 +0.28 5216 £6.63 4941 £4.09 6189 £505 29.26 £ 091
GraphSage 8777+ 1.04 71.09+ 130 89.86 £0.38 4924 +1.68 8243 +6.14 81.18 £556 7595 +5.01 4024+ 1.24
GCNII 8849 £2.78  77.08 £1.21 8347 +£024 60.61 £2.00 77.57£3.83 80.39+3.40 7786 £3.79 37.66 £ 1.10
APPNP 8787 +£0.85 7653+ 133 87.62+044 5430+£034 7001 £1.59 7072+ 1.48 69.45+099 37.05+1.17
JKNet 88.93 +£1.35 7437+1.53 87.65+037 6231+276 8378 +221 8255+4.57 7568 +4.03 27.99 £ 1.29
Geom-GCN 85.19£1.13 7799+ 123 9005+ 143 60314177 5758 +3.03 5824+433 5676612 29.09 £ 093
Ordered GNN 8837 £0.75 7731 £1.73  90.15+£038 7228 £229 8622+4.12 88.04+3.63 87.03+473 37.99 £ 1.00
GPRGNN 88.54 £0.67 80.13+0.84 8846+031 6749+ 138 9291 +132 91.71+£1.62 91.57+£196 3463+ 1.22
EvenNet 8725+ 124 7865+096 89.52+031 67.57+152 9377+173 9355+£1.68 92.13+1.71 4048 +1.24
GNN-BC 8875+ 121 7670+£0.77 88.13£2.51 7463 +£093 8501 £399 86.86+3.88 8514+£500 36.03 £ 1.00
Half-Hop 8873 £1.22 8033 £0.66 89.86 £0.36 6298 £335 8595+642 8759+ 1.77 7460+ 6.06 36.82+0.77
PDE-GCN 88.62+1.03 7998 +097 89.92+038 6601 +1.56 9324+2.03 92854176 89.73+ 135 39.76 £ 0.74
NoSAF 88.87 £ 1.14 7805+ 1.70 90.50 £ 047 7031+ 1.74 8541 +6.14 8820+6.63 77.84+6.72 3856+ 1.44
NoSAF-D 88.08 £1.52 7731 +£138 90.62+047 69.14 +3.14 8757 +7.77 89.40+£250 79.19£721 3876+ 1.14
LHS 88.71 £0.70  78.53 £ 1.50 NA 7231 £1.60 86.32+450 88.32+230 8596+5.10 3887+ 1.15
DSEF-Jacobi-1 89.54 +£0.19 78.18+£0.26 89.78 +£0.09 7488 £0.39  83.68 £ 1.12 8534+ 0.74 8454 +081  39.64 £ 0.47
DSF-Jacobi-R ~ 89.66 +0.19 7823 +£0.15  90.07 +0.10  75.00 + 0.38  84.46 +0.81  86.134+0.70  84.39 :0.88  40.02 +0.78
DCD-GNN 90.38 +1.38 8243 +£140 90.87 £ 0.54 78.36 +1.58 94.10 +2.34 98.13 + 140 93.61 248 41.04 = 1.28

proves the accuracy of message passing. DSF-Jacobi-I and
DSF-Jacobi-R (Guo et al., 2023) apply diverse spectral fil-
ters to capture both global and local patterns, resulting in
comprehensive graph embedding representation.

Implementation Details. All experiments are conducted
on a computer equipped with an NVIDIA RTX 4060 GPU.
For performance evaluation, a unified splitting strategy is
implemented across all datasets, where 60%, 20%, and 20%
nodes are selected as training, validation, and testing sets,
respectively. Node classification accuracy is adopted as
the standard evaluation metric, serving as a community-
accepted criterion that directly quantifies classification ef-
ficacy. Higher accuracy values reflect superior model per-
formance in discriminative graph embedding representation
learning. To ensure fair comparison, baseline results are
derived from reported metrics in original publications. For
partial comparison methods lacking published results on spe-
cific datasets, their publicly available implementations with
comprehensive hyperparameter tuning are executed, and
then the optimized performance metrics are subsequently
reported under identical experimental conditions.

4.2. Node Classification

All comparison methods are evaluated on the above datasets,
the mean accuracy and standard deviation over ten inde-
pendent randomized runs are reported in Table 2. It can

be clearly observed that the proposed DCD-GNN method
consistently outperforms all baseline methods across all
datasets. DCD-GNN achieves an average improvement of
1.83% over the eight datasets, demonstrating its powerful
superiority and robustness in complex real-world scenarios.
The performance improvements are especially pronounced
on heterophilic datasets, where an average improvement
of 2.31% is observed. Notably, on the Wisconsin dataset,
DCD-GNN outperforms the second-best PDE-GCN method
by 5.28%, reaching near-perfect classification results. These
experimental observations suggest that static information in
heterophilic graphs often contains noise and interference,
while modeling latent semantics and structures provides a
more comprehensive correlation augmentation and correc-
tion. Traditional methods usually struggle in such complex
graphs. Some representative GNN approaches (e.g., GCN,
GAT, and GraphSAGE) even fall behind the MLP only uti-
lizing attribute features on certain heterophilic datasets. Al-
though some methods such as APPNP (which balances local
and global information through personalized PageRank) and
LHS (which improves structural stability) show some im-
provement over classic GNN methods, the performance
improvements remain limited. The core reason is that these
approaches rely too heavily on the pre-given static topologi-
cal structure, failing to effectively model dynamic semantic
correlations, and static topologies cannot adapt to evolving
high-order semantic relationships. In contrast, DCD-GNN
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maintains both the stability of static structures and the adapt-
ability of dynamic structures, exhibiting strong robustness
and generalization across diverse network scenarios. In ad-
dition, integrating self-attention learning into the spectral
decomposition framework provides a fine-grained selec-
tion mechanism for diverse frequency information. Unlike
traditional GNNs that act as fixed low-pass filters, the self-
attention over multi-frequency signals allows for instance-
specific frequency responses, effectively mitigating the over-
smoothing problem by re-injecting high-frequency discrim-
inative features and improving its representation capacity
in complex and multi-scale relational graph. Consequently,
DCD-GNN demonstrates significant advantages over repre-
sentative GNN methods.

4.3. Ablation Study

To provide fine-grained analysis for the effectiveness of
the proposed DCD-GNN, the contribution of each cru-
cial component is evaluated through ablation experiments.
Here, three ablation variants of DCD-GNN are designed: 1)
Variant-D removes the dynamic semantic adjacency learn-
ing channel, which isolates the impact of latent semantics
exploration. 2) Variant-S eliminates the static graph rep-
resentation learning channel with the original topological
structure. 3) Variant-M discards the multi-scale fusion
module, relying entirely on the embeddings from the last
layer for subsequent classification.

Table 3. The experimental results of three ablation modules and
DCD-GNN, where the best classification results are bold.

Dataset Variant-D Variant-S Variant-M | DCD-GNN
Cora 88.92 89.87 88.60 90.34
Citeseer 81.26 81.51 80.36 82.43
Pubmed 89.81 89.23 88.75 90.87
Chameleon| 69.04 75.65 77.07 78.14
Texas 78.85 92.95 80.16 94.10
Wisconsin 77.00 97.25 92.75 98.13
Cornell 86.89 90.33 91.15 93.61
Actor 39.02 40.91 41.00 41.04

The experimental results of the ablation study are reported
in Table 3. As shown in Table 3, all three variants are not
superior to the complete DCD-GNN method, confirming the
necessity and effectiveness of each component. In particu-
lar, Variant-D exhibits significant performance degradation
in most cases, highlighting the crucial role of the dynamic
channel in capturing adaptive latent semantics. The dynam-
ically learned semantic structures provide additional and
discriminative information for improving the power and ro-
bustness of representation learning. Furthermore, Variant-M
also shows a clear performance decline, indicating that
multi-scale information is essential for modeling complex
high-order semantic relationships, and embeddings from
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Figure 2. The distribution visualization of dynamic and static
channel weights across different datasets.

different scales collectively enhance the final classification
performance. Finally, the performance of Variant-S shows
a relatively slight decrease. This indicates that the static
channel effectively mitigates structural distortion caused by
excessive dynamic adaptation, strikes a balance between
latent semantics and static structure, and ensures that DCD-
GNN learns more discriminative node representations.

Table 4. Classification accuracy under various network depths.

Layer 1 2 3 4 5 6

Cora 88.19 90.38 89.46 90.09 89.49 89.82
Wisconsin 98.13 96.88 93.25 94.00 95.38 92.50
Texas 93.28 94.10 92.46 93.77 93.27 93.61

4.4. Experimental Results of Over-smoothing

To verify the effectiveness of DCD-GNN in mitigating over-
smoothing, we conduct experiments with varying network
layers on three representative Cora, Wisconsin, and Texas
datasets, where the results are shown in Table 4. Overall,
the performance of DCD-GNN first improves significantly
and then remains relatively stable as the number of layers
increases. When the depth reaches 5 to 6 layers, DCD-GNN
exhibits only mild performance degradation. This strongly
demonstrates that the multi-scale representation fusion and
dual-channel dynamic architecture endow DCD-GNN with
a robust ability to maintain expressive power and alleviate
the over-smoothing issue in deep GNNs.

4.5. Adaptive Weight Visualization

Here, the contribution differences of dynamic and static
representation learning channels are shown by visualizing
the corresponding weights, i.e., 6 for dynamic channel and
1 — @ for static channel. The weight visualization results
on all datasets are presented in Figure 2. A significant phe-
nomenon can be observed, that is, the dynamic channel
accounts for a relatively lower weight in predominantly ho-
mophilic graphs, whereas its weight increases substantially
in heterophilic graphs. This indicates that on homophilic
graphs with relatively accurate connectivity, the static chan-
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Figure 3. Visualization results of raw attribute feature and embedding representation learned by DCD-GNN on Cora, Citeseer,

Chameleon, and Wisconsin datasets.

nel provides reliable topological priors, and the dynamic
channel only needs to supply moderate refinement. In con-
trast, on graphs with higher noise and stronger heterophilic
connections, the DCD-GNN tends to assign greater weight
to the dynamic channel, enabling it to better capture latent
semantic structures and thereby correct the representation
bias introduced by noise in the original adjacency matrix.
And, the high-pass filtering in the dynamic channel also
provides beneficial representation for heterophilic graphs.
This observation confirms that DCD-GNN can adaptively
balance static structural priors with dynamic semantic infer-
ence according to the intrinsic properties of the graph data,
effectively enhancing both the robustness and discriminabil-
ity of node representations.

4.6. Embedding Representation Visualization

To validate the effectiveness of the proposed DCD-GNN
model in discriminative representation learning, the fi-
nal embedding representation H,s.q is visualized by t-
SNE (Van der Maaten & Hinton, 2008) in the 2-D space.
Experiments on four representative datasets, comprising
two homophilic and two heterophilic graphs, are shown to
comprehensively examine the model’s performance across
different graph structures. The visualization results are pre-
sented in Figure 3, where distinct shapes and colors corre-
spond to different node classes. These visualization results

reveal several key observations: node distributions based
on raw attribute features exhibit considerable overlap, with
blurred inter-class boundaries and noticeable category mix-
ing. In contrast, the embeddings learned by DCD-GNN
display clear inter-class separability and high intra-class
compactness. These findings provide compelling visual evi-
dence that DCD-GNN can significantly enhance the discrim-
inability of the embeddings, thereby establishing a stronger
representational foundation for downstream tasks.

5. Conclusion

This paper proposed the Dual-Channel Dynamic Graph Neu-
ral Network (DCD-GNN), a framework that addresses the
limitations of existing GNNs in modeling latent semantic
structures by designing both a static structure-preserving
channel and a dynamic adjacency-enhancing channel. The
DCD-GNN adaptively fused static topological priors with
dynamic semantic inference, learning node representations
with stronger discriminability and improving the representa-
tion robustness. Ablation studies confirmed the necessity of
each crucial module, and extensive experimental results on
real-world graph datasets demonstrated that the proposed
DCD-GNN consistently achieves stable and superior classi-
fication performance across various types of graph data.
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