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Abstract

Multi-channel data fusion is essential for captur-
ing comprehensive representations in complex sys-
tems. While graph convolutional networks have
demonstrated remarkable efficacy, existing fusion
paradigms primarily rely on discrete architectures
governed by first-order propagation. These mod-
els are typically confined to discrete message-
passing mechanisms, which makes it difficult to
characterize the continuous evolution of underly-
ing system dynamics. To address these limita-
tions, we propose a multi-channel Graph Contin-
uous Network (mcGCN), a novel framework for
multi-channel data fusion. By formulating the in-
formation propagation as a second-order partial
differential equation on graphs, mcGCN transi-
tions from discrete layer-wise updates to a contin-
uous dynamical system. Specifically, mcGCN inte-
grates a multi-channel encoding module with con-
tinuous feature dynamics to initialize and evolve
the latent node representations over static graph
topologies. This physical analogy enables more ro-
bust information flow and effectively mitigates the
performance degradation typically associated with
deep graph architectures. Extensive experiments
on diverse benchmark datasets demonstrate that our
method outperforms state-of-the-art baselines, val-
idating its effectiveness and robustness.

1 Introduction

Multi-channel signal analysis is a fundamental component of
various real-world applications, ranging from traditional in-
dustrial condition monitoring [Kou et al., 2024] to emerging
autonomous perception systems (e.g., unmanned surface and
aerial vehicles) [Jia et al., 2024b] [Sun et al., 2024] [Li Can,
2025]. To model the spatial correlations among channels,
Graph Neural Networks (GNNs) have been widely adopted
[Wang et al., 2026] [Kou et al., 2025]. By representing chan-
nels as nodes and inter-channel dependencies as edges, GNNs
enable structured information propagation over the sensor
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graph, allowing the extraction of high-level representations
that jointly encode local channel properties and global spatial
context [Wang er al., 2020] [Song ef al., 2025].

Despite their promising performance, existing graph-based
paradigms encounter two fundamental challenges. The pri-
mary bottleneck lies in the architectural mismatch between
discrete model formulations and continuous physical reali-
ties [Sun et al., 2025] [Kou et al., 2026]. Most GNNs ar-
chitectures propagate features through a discrete stacking of
layers, which inherently contradicts the continuous-time dy-
namics of physical signals [Khemani et al., 2024] [Yuan et
al., 2024]. In scenarios like smart ocean monitoring or low-
altitude sensing, sensor measurements evolve via continuous
physical processes governed by differential equations rather
than fixed discrete steps [Jia et al., 2024a] [Wu et al., 2022].
This discrepancy introduces approximation errors, constrain-
ing the ability of GNN5 to capture spatiotemporal variations
[Song et al., 2026] [He et al., 2026]. Compounding this archi-
tectural limitation is the pervasive challenge of label scarcity
[Yuan e al., 2025] [Dong and Ansari, 2020]. Acquiring high-
quality annotations for large-scale sensor data is prohibitively
expensive and labor-intensive. Consequently, conventional
fully supervised fusion frameworks struggle to generalize,
failing to effectively exploit the intrinsic geometric structure
present within the unlabeled multi-channel data.

To bridge these theoretical and practical gaps, we introduce
mcGCN, a framework for learning continuous graph dynam-
ics in multi-channel fusion. From a dynamics modeling per-
spective, we revisit the multi-channel fusion process through
the lens of partial differential equations (PDEs). Instead of
formulating graph convolution as a static stacking of discrete
layers, we interpret message passing as the numerical dis-
cretization of a continuous diffusion process over the graph
manifold. This perspective enables mcGCN to naturally cap-
ture the intrinsic spatiotemporal continuity of multi-channel
signals, allowing feature representations to evolve smoothly
in accordance with underlying physical dynamics. Mean-
while, to address label scarcity, we incorporate a label prop-
agation mechanism that operates on the learned continuous
graph structure. By diffusing supervisory signals from sparse
annotations to unlabeled nodes, this diffusion process effec-
tively enforces global consistency and substantially improves
downstream fusion performance in low-resource engineering



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

Multi-channel Input Encoding  Graph Construction

D1 S 9 T ALO(G, ) ¥ V(G D]

______________ ) _>[ , " n )
:_ -;—> F(Xi ) Unified Initial Condition ] I 1
. Q) (0) (O) ! :
IR O|[O|[O| + F----------- R — e T | !
| O| O] O ' 1 Feature Representation | Partial Differential Equation (PDE) 1 ! M 1
! ool ! I o I
1 [ | | | 1 o
I I SEETeE mmE il % :
] 11 emmemE @ s SeEm I Ay, 1| 'z ol
1 [ | =N 5 - mm HEREC NG PR > \ 1 - ) |
1 = u EEEEE 8 ug X
A e ) B EG e o S gl
: i : : X (t) Xy (t)|t=0: e : A& 2|
! I - ; I ¥ il Y g2 :
1 1 Adjacency matrix Ll e | e | 3 S !
| I Generation T 42 1 ! E 1
: : : - I o | : g ;
! s Sy @ > \ t-1 ! 1+1 : HZ :

I . - >
: N AL o |
! L I Gip1 = Gi + ALLD(gY +(gy M) 17 |
: 1 1 A = {All ] AV} : : 1 |
— k

Dynamics Modeling Downstream Tasks

Figure 1: The architecture of the proposed mcGCN. The framework first encodes multi-channel inputs and constructs a graph representation,
then propagates information through a second-order graph PDE to capture continuous dynamics for downstream tasks.

scenarios, as illustrated in Figure 1. The main contributions
of this work are summarized as follows:

* Unified Continuous Dynamics. Propose mcGCN,
which harmonizes representation learning and label
propagation within a single continuous dynamic system,
thereby capturing the diffusive nature of signal flow to
enable robust fusion in label-scarce scenarios.

L]

A PDE-Based Perspective. Formulate graph convolu-
tion via PDEs by interpreting network depth as contin-
uous evolution time. This approach resolves the mis-
match between discrete layers and continuous signal dy-
namics, capturing fine-grained spatiotemporal variations
that discrete GNNs struggle to resolve:.

Unified Theoretical Perspective and Robustness.
Theoretically prove that several representative GNNs
are specific discretizations of our continuous framework.
This unified perspective translates into state-of-the-art
performance and robustness in label-scarce scenarios.

2 Background and Preliminaries

In this section, we revisit the standard graph convolution for-
mulations that underpin our framework.

2.1 Revisiting Single-Channel Graph Convolution

We denote an attributed graph as an ordered quadruple G =
(V,€,A,X), where V is the node set with |V| = N, A €
{0,1}V*N s the adjacency matrix, and X € R¥*P rep-
resents the node feature matrix with feature dimension D.
Given a single-channel graph G, graph convolution aims to
learn an operator g : R” — R? such that for any graph sig-
nal x € R? defined on the nodes, the output gy * x preserves

the graph domain. Then we revisit graph convolution formu-
lations on a single attributed graph. Given an attributed graph
G = (V, A, X), the spectral graph convolution of a signal x
is formulated as

go *x = UgyU'x, 1

where U is the eigenvectors of the normalized graph Lapla-
cianL =I—-D~2AD"z,and gy = diag(6) denotes a spec-
tral filter parameterized by 6. From a graph signal processing
perspective, gy serves as a filter in the graph Fourier domain,
expressible as a function of the Laplacian eigenvalues A.

To avoid the computational burden of eigendecomposition,
Hammond et al. [Hammond et al., 2011] proposed approxi-
mating the spectral filter via a truncated Chebyshev polyno-
mial expansion

K
gor (M) = Y 0, Th(A), 2)

k=0
where A’ = /\H%aXA — I is the rescaled eigenvalue matrix,

Amax denotes the largest eigenvalue of L, and 6’ € RK repre-
sents the Chebyshev coefficients. Building upon this formu-
lation, [Kipf and Welling, 2017] simplifies the convolution
by restricting the polynomial order to K = 1, deriving a first-
order approximation as

g *x ~ 0hx + 0} (L — I)x = 0’ Ax, 3)

where A = I+ D"2AD™2 denotes the graph filter de-
rived by enforcing the parameter constraint 8’ = ), = —6;.
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Generalizing to high-dimensional node features X € RV*D,
the graph convolution operation is formulated as gy * X ~

X +01(L-I)X = AX®O, where ©® € RP*d denotes

the trainable weight matrix, and A = D 2AD": is the
renormalized adjacency matrix. The output gor * X yields
the updated node representations following a single message-
passing iteration.

2.2 Continuous Graph Dynamics

Conventionally, GNNs formulate node representation learn-
ing as a discrete state evolution process. By stacking a finite
sequence of propagation layers, the feature update at the dis-
crete step [ is typically modeled as a recurrence relation:

HH = 5 (P(A)HOWD), (4)

where H(") represents the node states at layer I, P(A) de-
notes the normalized structural operator, W) governs the
parametric transformation, and o (-) is an element-wise non-
linearity. This formulation implicitly treats representation
learning on graphs as a sequence of discrete transformations
indexed by the layer depth.

From a dynamical perspective, this layer-wise propagation
can be interpreted as the explicit Euler discretization of a con-
tinuous evolution process. By reformulating the update rule
as a difference quotient, we have:

HED — HO
At
where At represents the discretization step size. In the con-

tinuous limit where At — 0, this discrete sequence converges
to a Graph Ordinary Differential Equation (Graph ODE):

~ fHY, L), (5)

t

where H(¢) represents the node states at continuous time
t. This continuous formulation provides a principled con-
nection between graph convolution and diffusion processes
on graphs, where information propagates smoothly accord-
ing to the graph topology. It also reveals inherent limitations
of purely discrete architectures: coarse discretization with a
small number of layers may fail to accurately approximate the
underlying continuous dynamics, leading to suboptimal mod-
eling of fine-grained spatiotemporal variations. These obser-
vations motivate the development of graph learning frame-
works that explicitly model continuous graph dynamics, of-
fering a more faithful representation of physical signal evolu-
tion and structured data propagation.

3 The Proposed Method

Leveraging the continuous dynamics perspective established
in Subsection 2.2, we present mcGCN, a unified framework
for multi-channel signal fusion on graphs. Fundamentally,
mcGCN reformulates the feature propagation task not as dis-
crete steps, but as a continuous diffusion process evolving

over the graph topology. We first derive a continuous graph
convolution extending message passing to the time domain.
Subsequently, we detail the architecture instantiated for label-
scarce scenarios. Ultimately, we prove that mcGCN unifies
classical models as special cases.

3.1 Notations and Problem Setup

In this work, we address the challenge of representation learn-
ing on multi-channel attributed graphs, particularly in label-
scarce scenarios. To model multi-channel signals we define
a multi-channel attributed graph set as G = {G"}"_,, where
each channel is denoted by G¥ = (V, A¥,X"). In practical
multi-sensor engineering systems, the node set V is typically
shared across channels, representing the same set of physi-
cal entities. Conversely, each channel is characterized by a
specific adjacency matrix A¥ € RYXN and a feature matrix
XY € RV*Dv | reflecting heterogeneous sensing modalities
and distinct topological interactions.

Formally, the goal of multi-channel graph convolution is
to synthesize the set of channel-wise graph signals {X*}Y_,
into a unified node representation. This process defines a fu-
sion operator: mg : H}le RN*Dv _y RNXD which inte-
grates heterogeneous information from multiple views while
preserving the underlying structural consistency of the shared
graph domain. Assuming there are C' classes, the model fol-
lows the geometric properties of a shared graph structure,
aiming to efficiently propagate information from a few la-
beled samples to the majority of unlabeled nodes.

3.2 Unified Multi-Channel Graph Convolution

In this subsection, we derive a unified multi-channel graph
convolution operator grounded in continuous-time dynamics.
Formally, we model the information propagation on each spe-
cific channel v as a continuous dynamical system governed by
the following ODE:

ohy(t) _

o )+ Ay ),h¥(t)), t>0,
Self-evolution jev
Neighbor Interaction
hy(0) = fey (x7), t=0.
(N

Here, h?(t) € RP denotes the continuous latent state of node
i in channel v at time ¢. The initial state hY(0) is projected
from the raw observation x! € R”v via a channel-specific
encoder fou . In Eq. (7), the function F : R” — RP char-
acterizes the autonomous self-dynamics of the node, while
G : RP x RP — RP models the pairwise interaction dy-
namics between connected neighbors.

To provide a unified theoretical justification for multi-
channel coupling, we hypothesize the existence of a global
latent potential x (¢, ), where p represents a continuous co-
ordinate in the channel space. Crucially, while real-world ob-
servations consist of a finite number of discrete channels, we
conceptualize them as discrete samples drawn from this un-
derlying continuous manifold. Under this formulation, the
specific observation from channel v corresponds to the gra-
dient of this potential with respect to the view coordinate



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

1. Consequently, the multi-view learning process can be
modeled as the evolution of this potential field. By lifting
the first-order dynamics in Eq. (7) to a higher-order formula-
tion, we derive the following second-order partial differential
equation:

62 N o s My 12 Mo v
okt = o () + o (Bkar) >0

= f@% (Xv)a
t=0

Ix(typv)
Oty

t=0,
®)

where ¢(-) and 1 (-) retain their roles as the self-dynamics and
interaction operators, respectively. Furthermore, the mixed

52- . . . . . .
derivative term %ﬂ’f”) provides an intuitive physical jus-

tification for heterogeneous fusion. It explicitly models the
cross-channel interaction dynamics, capturing how the spatial
diffusion of information within a specific modality is syner-
gistically driven by the temporal evolution of the global po-
tential field. This perspective interprets the observed node
features not as static states, but as the tangent vectors of
an underlying potential field, thereby unifying heterogeneous
channels as directional derivatives on a single latent manifold.

However, Eq. (8) fundamentally presents a differential per-
spective, describing only the local variations along each chan-
nel’s direction. This decoupled formulation poses a signifi-
cant challenge for fusion, as the global latent state remains
implicit. To resolve this, we aggregate these directional
derivatives into a unified gradient vector field, rather than at-
tempting an intractable mathematical inversion to reconstruct
the scalar field y explicitly.

Definition 1. (Additivity Under Concatenation, AUC) Let
V= U,;“;O R* denote the space of all finite-dimensional vec-
tors. An operator f 1V — S, which maps vectors to an addi-
tive group (S, W), satisfies additivity under concatenation if,
forall x € R™ and y € R™, the following holds:

floy) = f(x)¥ f(y) 9

where © @ y € R"™™ denotes the concatenation of x and y.

Remark. Standard linear operators (e.g., matrix multiplica-
tion) inherently satisfy the AUC condition. Leveraging the
AUC property, we can now materialize the integration prin-
ciple proposed in the previous subsection. Assuming that the
operators ¢(-) and )(-) satisfy AUC, Problem (8) reduces to
the following second-order PDE:

8?2 2] o
{;iitff’ = $(B0) T (B0, 0), t>0,
Ao = [for, (X, oy (XV)], =0,

where A = {Al .- AV}, Here, the initial condition of
the PDE is specified by a first-order derivative. By aggregat-
ing the partial derivatives along the channel coordinate u, we
define the global state variable g(t) as the concatenation of
channel-specific states. Consequently, the second-order prob-
lem in Eq. (8) can be reduced to a unified first-order PDE

0 — h(g(t) + (g(t); A), t>0,
9(0) = [for, (X1),--+, foy (XV)], t=0.

(10)

D

It is worth noting that the term ¢(g(0)) can be theoretically
absorbed into ¥ (g(t); A). Crucially, while the solution is
computed via this first-order ODE, its derivation from the
second-order potential field validates that the simple concate-
nation of channels is not an arbitrary heuristic, but mathe-
matically grounded in the unified evolution of an underlying
continuous manifold. However, we retain it explicitly to em-
phasize the distinct roles of node-intrinsic evolution versus
structural diffusion, preserving the physical interpretability of
the dynamics.

The solution to the differential equation in (11) can be ex-
pressed in its integral form. For any ¢ > 0, we have

a(t) = g(0) + / (6(g(s)) + ¥a(s); Alds.  (12)

Since the nonlinear operators ¢(-) and ¢ (-) generally render
an analytical solution intractable, we resort to numerical dis-
cretization. Given a step size At.> 0, the continuous evolu-
tion can be approximated via the explicit and implicit Euler

g(t+At) —g(t)

At ~ ¢(g(t) + (g(t); A), (13)
W = @(g(t+ At)) + (gt + At); A),

(14)
which yields the following iterative formulation:
Get1 = g + At[(gr) + ¥ (gr; A)], (15)
Get1 = gk + At[d(grg1) + P(grs1: A, (16)

where g, ~ g(kAt). The index k ranges over {0,1,..., K}
where K = T'/At, with the initial condition gy = ¢(0).

To obtain the final prediction, we introduce a nonlinear pro-
jector hg, : RP — R to map the evolved latent represen-

tation to the label space, yielding Y = he »(g(D)).

3.3 Network Architecture and Model Training

The proposed network architecture for multi-channel sig-
nal fusion is organized into three core modules: feature
alignment encoder, multi-channel convolution module, and
label propagation decoder. Specifically, the feature align-
ment encoder projects multi-channel signals into a unified
and aligned embedding space. The multi-channel convolu-
tion module then fuses heterogeneous signals over graphs
in a time-continuous manner. Finally, the label propagation
decoder aligns the refined feature representations with the
ground-truth labels. Formally, the multi-channel fusion pro-
cess is formulated as the following optimization problem

min £(Y,Y), st. Y =he, 090 fe,(X), (17

where O = {©%}Y_ refers to the channel-specific parame-
ters within the encoder, and © p denotes the parameters of the
classifier. Here, Y and Y denote the ground-truth and pre-
dicted label matrices, respectively. The loss function L(-, )
is instantiated as the cross-entropy loss, given by:

c
LY.Y)= > 3Y; log(Y i), (18)

ieQ j=1
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Algorithm 1 The proposed mcGCN
Vo

Input: Multi-channel features {X"},_;; ground-truth labels
Y; training index set ) and testing index set Q; maximum
iteration number 1,4,

Output: Predicted labels for testing samples {y; }, 5.

1: Inmitialization: Initial model parameters © = {O g, Op};

2: // MODEL TRAINING //

3: while not converged and iteration ¢ < I,,,4, do

4:  Extract feature representations {feu (X*)}V_, via V/
encoder networks; > Feature Encoding

5:  Compute the evoluted feature representation ¢(7')
by solving PDE in Eq. (11); > Multi-Channel
Graph Convolution N

6:  Generate label predictions Y = he,(g9(T)) via the
projector; > Label Alignment

7:  Update parameters © by minimizing Eq. (18) via gra-
dient descent; > Backward Propagation

: end while R
9: return Prediction {¥; }, g with §; = arg max;c(c] Y.

e

where 2 denotes the set of indices for training samples, and
C represents the number of classes. The complete training
scheme is outlined in Algorithm 1.

3.4 Connections to Existing Methods

In this subsection, we theoretically elucidate the connections
between the proposed framework and a broad spectrum of
representative GNNs, demonstrating that our continuous dy-
namics unify these distinct models as special cases.
Connection to Graph Convolutional Networks. GCNs
[Kipf and Welling, 2017] adopt the following updating rules:

HED — 4 (KH(U@(H—U) 7 (19)

where {H(l)}lL:1 denotes the layer-wise feature representa-
tions, and {G(l)}le represents the set of trainable weights
across a network of depth L. Simple Graph Convolution
(SGC) [Wu et al., 2019] reduces the layer-wise update to a
single linear transformation

HD — ¢ (ALH@)@) . (20)

By constraining ¢(-) = 0 and specifying the dynamics as
¥(g(t); A) = —Lg(¢), our framework recovers the GCNs
with a time step of At = 1, while a step size of At = % yields
the SGC, consistent with the theoretical analysis in [Wang et
al., 2021].

Connection to Personalized PageRank (PPNP). Given
a graph G = (V, &), PPNP [Klicpera et al., 2019] defines
the node representations as the steady state of a personalized
propagation process:

H=olI-(1-a)A) "HO, 1)

As a scalable approximation of PPNP, APPNP [Klicpera et
al., 2019] replaces the matrix inversion with L-hop iterative
propagation, formulated as:

HD = (1 - a)AH® 4+ oHO), (22)

where @ € (0,1) is the teleport probability. Theoreti-
cally, these two models can be unified under our framework
through different discretization schemes. Specifically, by set-
ting ¢(g(0)) = (a —1)g(0) and (g(t); A) = (1 — ) Ag(t)
with a step size At = 1, PPNP corresponds to a single-step
integration using the backward Euler method (Eq. 16). In
contrast, configuring ¢(g(0)) = ag(0) and ¥ (g(t); A) =
[(1 —a)A —TI)g(t) with At = 1 demonstrates that the for-
ward Euler scheme (Eq. (15)) exactly recovers the APPNP
updating rule in Eq. (22).

Connection to Spectral GCNs. While GCNs and PPNP
operate in the spatial domain, Spectral GCNs fundamentally
define convolutions in the Fourier domain.

L
HE =4 (Z alLlH(0)®> , (23)
=0

where {y } £, denotes the coefficients of the L-th order poly-
nomial approximation. By adopting different polynomial
bases, various spectral GNN architectures can be instanti-
ated [He er al., 2021; Wang and Zhang, 2022]. Crucially,
if we initialize ¢(g(0)) = apg(0), define the dynamics as
¥(g(t); A) = =Lg(t) = (A — I)g(t), and employ variable
step sizes {At, }L_4, the spectral graph convolution in Eq.
(23) is analytically equivalent to performing L steps of the
forward Euler integration defined in Eq. (15).

Connection to Graph Isomorphism Network. To
achieve maximum discriminative capability among graph
structures, GIN [Xu et al., 2019] defines the layer-wise up-
date rule for node v as:

h(™) = MLPY | (14+eDhP + > nd |, @4
u€EN (v)

where ¢() is a learnable parameter or a fixed scalar, and \V'(v)
denotes the set of neighbors of node v € V. By focusing
on the linear propagation component (i.e., omitting the MLP-
based transformation), the GIN aggregation rule simplifies to:

HOD = [(1+ D)1+ A} HO, (25)

which is analytically equivalent to the forward Euler dis-
cretization in Eq. (15) of our dynamics, obtained by setting
¢(9(0)) = 0, ¥(g(t); A) = (I —L)g(t), and At = 1.

Remark. Synthesizing the above analysis, the layer-wise
propagation in GNNs can be fundamentally interpreted as the
numerical discretization of a PDE on the graph manifold. In
this paradigm, the graph topology constitutes the discrete spa-
tial domain, while the network depth corresponds to the inte-
gration steps of the continuous temporal evolution. Crucially,
this formulation empowers the model to intrinsically capture
the diffusive nature of signal flow, ensuring that feature infor-
mation propagates smoothly across coupled channels in ad-
herence to underlying physical laws.

4 Experiment

In this section, we evaluate the proposed method on a variety
of real-world datasets through classification tasks.
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| Text-attributed graph

Method | Citeseer Cora Cornell Texas

MMdynamics 59.50 (0.00) 60.64 (0.46)  55.68 (0.00)  56.55 (0.00)
LGCNFF 37.66 (2.22) 55.94 (2.88)  49.55(3.22)  62.50(2.10)
ECMGD 66.96 (0.34) 72.68 (0.58)  67.05(2.30)  68.10 (1.23)
DG-MVL 65.38 (0.81) 72.67 (1.19) 4331 (13.10)  69.67 (2.97)
RCML 57.46 (0.04) 70.75 (0.10)  64.43(0.99)  60.95 (0.61)
FUML 62.45(1.74)  69.32(3.93)  48.07(6.69)  61.18 (8.07)
SMMRL 54.81 (7.50) 71.12 (1.10)  58.52(2.67)  63.69 (4.58)
TUNED 63.13 (0.58) 67.08 (0.33)  50.57 (1.02)  56.21 (0.00)
mcGCN-F ‘ 70.95 (0.50) 77.82 (0.38) 65.23 (2.26) 73.57 (0.71)

\ Multi-view text dataset
Method \ 20Newsgroups 3Sources BBCNews BBCSports
MMdynamics 94.44 (0.00) 63.82(0.00)  76.34 (0.00)  83.14 (0.24)
LGCNFF 78.18 (5.04) 83.03(0.97)  76.95(5.07)  87.45(3.09)
ECMGD 83.11(442)  63.16(0.72)  7598(2.97)  80.94 (2.27)
DG-MVL 57.75 (17.86) 5591 (21.40) 72.71(10.87) 80.09 (12.22)
RCML 81.47 (0.64) 63.29 (0.26) 71.18 (0.06) 78.98 (0.20)
FUML 59.91 (7.40) 49.15 (10.96)  74.72 (4.06)  72.90 (9.54)
SMMRL 88.36 (2.17) 62.24 (1.53)  77.63(1.69)  86.31(2.33)
TUNED 42.18 (0.43) 67.32(0.00)  79.19(1.39)  73.14 (0.10)
mcGCN-F | 96.18 (0.17) 83.55(0.42)  89.72(0.08)  98.37 (0.00)
\ Multi-feature image datasets

Method \ Animals Caltech7 Handwritten SUNRGBD
MMdynamics 72.96 (0.15) 87.33(0.15) 9236 (0.07)  35.28 (0.07)
LGCNFF 64.30 (3.41) 91.73(0.70)  91.80(0.23)  28.06 (3.90)
ECMGD 80.91 (0.17) 9523 (0.17)  94.43(0.24)  50.81 (0.33)
DG-MVL 81.74 (0.43) 92.42 (1.81)  96.86(0.30)  45.87 (0.62)
RCML 81.92 (0.04) 89.62 (1.15)  95.99(0.15)  33.78 (0.11)
FUML 76.30 (1.58) 89.83(1.93)  95.87(0.33)  45.97(0.23)
SMMRL 78.03 (1.16) 86.76 (2.44) 92.42 (0.52) 19.35 (3.14)
TUNED 81.57 (0.04) 92.28 (0.38)  91.54(0.62)  48.78 (0.08)
mcGCN-F \ 83.72 (1.42) 95.35(0.22) 97.27(0.19)  49.79 (0.82)

Table 1: ACC (%) performance on all datasets, where the best and
the second-best results are highlighted in boldface and underlined
respectively.

4.1 Experimental Setup

Datasets and Compared Methods. To comprehensively
evaluate the effectiveness and robustness of ‘the proposed
method, we conduct experiments on a diverse collection of
benchmark datasets, covering text-attributed graph, multi-
view text datasets, and visual multi-feature image datasets.
The training set and the test set are split in a ratio of
10%/90%. And we conduct comparisons with state of the art
methods, including MMdynamics [Han et al., 2022], LGC-
NFF [Chen et al., 2023], ECMGD [Lu et al., 2024al, DG-
MVL [Lu et al., 2024b], RCML [Xu et al., 2024], FUML
[Duan et al., 2025], SMMRL [Fang et al., 2025], TUNED
[Huang et al., 2025].

Implementation Details. Following the proposed
mcGCN, we model multi-view feature propagation via
Laplacian-based diffusion and discretize the continuous dy-
namics using Euler schemes. Specifically, for each view v, a
k-nearest-neighbor (kNN) graph is constructed from the in-
put features to obtain the adjacency matrix AY, from which
the normalized graph Laplacian LV is derived. In all ex-
periments, we adopt the Forward Euler scheme (mcGCN-
F), which results in the following iterative propagation rule:
H*+) = (I—aL)H®, k=0,...,K — 1, where o de-
notes the diffusion strength controlling the intensity of neigh-
borhood propagation, and K specifies the propagation depth.
Unless otherwise specified, the hyperparameters are set to
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Figure 2: t-SNE visualization of the comparative models and the
proposed method on the Handwritten dataset.

k=10,K =3,and a = 3.

4.2 Comparison with State-of-the-Art Methods

Quantative Results. Table 1 reports the ACC results on
all multi-view datasets. On citation and web graph datasets,
which are typically sparse and noisy, performance critically
depends on stable neighborhood propagation without exces-
sive smoothing. Methods such as LGCNFF and DG-MVL ei-
ther rely on learnable fusion or feature disentanglement, and
thus exhibit weaker or unstable behavior when structural in-
formation dominates. For multi-view text and image datasets,
where different channels are complementary but often cor-
rupted by noise, uncertainty-aware methods (e.g., MMdy-
namics, RCML, FUML) mainly operate at the decision level
and do not explicitly couple multi-channel interactions with
graph-based propagation. In contrast, by interpreting feature
propagation as the numerical solution of a continuous-time
dynamical system, our method provides explicit control over
propagation strength and depth, resulting in more stable rep-
resentations.

Qualitative Results. As shown in Figure 2, the proposed
method produces representation with clearly separated clus-
ters and compact intra-class distributions, indicating strong
discriminative capability. In particular, the clusters produced
by mcGCN show clearer margins and less boundary mix-
ing, whereas several baselines exhibit either partial overlap
among neighboring classes (e.g., MMdynamics, LGCNFF,
and SMMRLR) or elongated structures with larger intra-class
spread (e.g., RCML and TUNED). Overall, the proposed
method consistently achieves desired performance across al-
most all benchmarks, demonstrating the effectiveness and
robustness of the unified multi-channel graph convolution
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Figure 3: Sensitivity analysis of « and NV in the proposed method on four multi-view datasets.
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Figure 4: The performance of the proposed method on text-
attributed graph under varied Euler schemes.

framework.

4.3 Model Analysis

Effect of Diffusion Solver. Figure 4 reports the ablation re-
sults on graph datasets. w/o Diffusion removes PDE-driven
propagation and only keeps the view-wise encoders and a
fusion head. The consistent performance gap to our full
model indicates that the gain mainly comes from the proposed
diffusion-based multi-channel propagation rather than the en-
coder capacity. Among the diffusion strategies, the Forward
Euler variant (mcGCN-F) consistently yields the best perfor-
mance, while Backward Euler (mcGCN-B) and Modified Eu-
ler (mcGCN-M) show slightly inferior but still competitive
results.

Effect of Diffusion Strength and Propagation Depth.
Figure 3 studies the influence of diffusion strength « and
propagation depth K. A larger o enhances neighborhood ag-
gregation within each step and accelerates information prop-
agation when K is small. On high-dimensional multi-view
text datasets, moderate to relatively large o with shallow or
moderate depths consistently yields strong performance, in-
dicating effective cross-view information exchange. Graph
datasets are more sensitive to these parameters: large o or
deep propagation quickly leads to over-smoothing due to
sparse connectivity. For multi-feature image datasets, mod-
erate « balances noise suppression and discriminative feature
preservation, while excessive diffusion introduces cross-class
interference. Overall, a moderate diffusion strength with
shallow propagation provides a robust setting across datasets.

Effect of Training Ratio. Figure 5 illustrates the per-
formance under varying training ratios on two datasets. On
the citation network Cora, our method consistently achieves
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Figure 5: The performance of the proposed method under varying
training ratios on Cora and BBCSports datasets.

higher accuracy across all training ratios, with particularly
clear advantages in low-label regimes. On BBCSports, where
views are semantically well-aligned and labels are relatively
sufficient, all methods benefit from increased training data,
yet our approach consistently remains on the upper perfor-
mance envelope. This demonstrates that the unified multi-
channel evolution not only improves robustness under scarce
supervision but also preserves discriminative representations
when sufficient labels are available.

5 Conclusion and Future Work

This paper presented a novel perspective on multi-channel
signal fusion by formulating it as a continuous evolution pro-
cess governed by partial differential equations. We theo-
retically demonstrated that our proposed mcGCN serves as
a generalizable parent framework, from which various dis-
crete GNN paradigms can be derived via specific discretiza-
tion schemes. Empirical evaluations on real-world datasets
validated that the theoretical unification translates into su-
perior performance, particularly in distinguishing complex
topological structures under limited supervision. Currently,
our framework primarily focuses on diffusive dynamics. In
future work, we aim to incorporate adaptive feedback con-
trol mechanisms into the continuous evolution process. This
integration seeks to impart intrinsic robustness against hetero-
geneous sensor noise and adversarial perturbations, while en-
hancing decision-making transparency through physically in-
terpretable stability guarantees in safety-critical applications.
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