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Abstract. In multiplex graphs, nodes are connected through multiple
types of edges (referred to as dimensions), each of which may exhibit
different connectivity patterns. While many graph learning models im-
plicitly rely on homophily, real-world relations often display heterophily,
particularly across different dimensions, which can lead to conflicting re-
lational signals. This challenge is amplified in multiplex settings, where
contrasting homophilic and heterophilic regimes may coexist across di-
mensions. We propose HAAM, an adaptive node classification approach
for multiplex graphs that models per-dimension degrees of homophily
and heterophily through dimension-specific compatibility matrices. Our
method captures both smooth and abrupt signal variations using a com-
position of trainable low-pass and high-pass spectral filters, approxi-
mated with Chebyshev polynomials. These filters are integrated into a
proximal-gradient optimization framework that adapts to the structural
characteristics of each dimension. Experiments on real-world multiplex
datasets show that HAAM achieves competitive performance compared
to representative baseline methods.

Keywords: Graph Neural Networks - Multiplex Graphs - Heterophily -
Node Classification.

1 Introduction

Multiplex graphs provide a flexible and expressive framework for modeling com-
plex systems in which entities interact through multiple types of relations. Un-
like unidimensional graphs, which encode a single type of interaction, multiplex
graphs preserve the diversity of relational semantics by representing each in-
teraction type as a distinct dimension [1]. This modeling paradigm has proven
effective across a wide range of application domains, including social networks [2],
biological systems [3], and online recommendation platforms [4], where different
relational views jointly influence node behavior. By explicitly retaining multiple
interaction channels, multiplex graphs enable a more faithful representation of
system dynamics and support more informed learning and inference processes [5].

" The first two authors contributed equally to this work.
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In this paper, we focus on multiplex graphs with homogeneous nodes, where a
single set of entities is connected through multiple relational dimensions. Graphs
involving multiple node types (commonly referred to as heterogeneous graphs),
as well as dynamic or time-evolving graph settings, are outside the scope of this
paper.

A large body of graph learning methods, including those developed for mul-
tiplex settings, is built on the homophily assumption, according to which edges
tend to connect nodes sharing similar attributes or labels [6]. This premise has
been instrumental in the success of neighborhood aggregation and message-
passing techniques, yet it offers a limited description of systems where inter-
actions arise from complementary roles or functional differentiation rather than
similarity [7]. In such settings, heterophily plays a central role, as nodes with
dissimilar characteristics are more likely to be connected [8]. Examples include
professional networks that foster collaboration between individuals with com-
plementary expertise [9] and biological networks involving interactions between
entities with distinct yet interdependent roles [10].

From a structural perspective, homophily and heterophily describe graph
connectivity patterns according to whether edges predominantly link nodes with
similar or dissimilar attributes [11]. Dimensions dominated by homophily tend
to form dense intra-class neighborhoods, whereas heterophilic dimensions are
marked by a predominance of inter-class connections. Neighborhood similarity
generally supports representation learning in homophilic settings [12]. By con-
trast, heterophilic structures complicate label propagation, as local neighbor-
hoods may aggregate conflicting signals [7]. In multiplex graphs, this difficulty
is compounded by the coexistence of multiple dimensions exhibiting distinct
structural regimes. As a result, learning models must cope with multiple and
potentially conflicting relational patterns within the same graph.

In multiplex graphs, the presence of heterophily introduces additional diffi-
culties, as some dimensions may exhibit strong homophilic patterns while others
are predominantly heterophilic, leading to diverse and sometimes contradictory
signals for downstream learning tasks [13]. Recent approaches have made notable
progress in modeling homophily within multiplex graphs [14-18], and comple-
mentary efforts have addressed heterophily in unidimensional graphs [11,19].
However, extending these ideas to multiplex settings remains challenging, as dif-
ferent dimensions may induce divergent label propagation behaviors and affect
overall prediction performance.

Beyond performance considerations, such structural conflicts raise practical
concerns regarding the reliability of node classification in multiplex graphs, in
the sense of producing consistent predictions across conflicting relational dimen-
sions. When learning algorithms are overly influenced by specific dimensions,
predictions may vary significantly depending on which interactions dominate the
representation, resulting in dimension-dependent outcomes. In multi-relational
environments, reliable node classification therefore requires not only the ability
to capture both homophilic and heterophilic structures, but also mechanisms
that promote consistent prediction behavior across diverse dimensions. Address-
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ing this issue is essential for improving the reliability of graph-based models in
structurally diverse settings.

To this end, we introduce HAAM (Heterophily-Aware Adaptive Multiplex
model), a framework for node classification in multiplex graphs that explic-
itly accounts for mixed homophilic and heterophilic interactions. Unlike existing
methods that predominantly emphasize homophilic structures, HAAM incorpo-
rates learnable, dimension-specific compatibility matrices [12] to model varying
degrees of homophily and heterophily across dimensions. In addition, we pro-
pose a composition of trainable low-pass and high-pass spectral Chebyshev fil-
ters [20] to capture both smooth and rapidly varying signal components induced
by node interactions. These filters are combined through a novel product opera-
tion, rather than the linear combinations commonly used in prior work [21-23],
allowing the model to jointly account for complementary structural patterns
within each dimension.

The resulting representations are integrated into a learning framework that
balances dimension-specific predictions with a sparse consensus objective, en-
couraging agreement across dimensions while mitigating the influence of conflict-
ing homophilic and heterophilic dimensions. Model training is performed using
a combination of a standard cross-entropy loss and a consensus regularization
term, optimized via a proximal-gradient scheme. Through this design, HAAM
adapts to heterogeneous connectivity structures in multiplex graphs while main-
taining competitive performance on real-world datasets. Building on these prop-
erties, our work! makes three key contributions: (i) a multiplex classification
approach that explicitly models dimension-specific homophily and heterophily;
(ii) an adaptive spectral filtering scheme based on a product of Chebyshev poly-
nomials, enabling non-linear fusion of structural signals; and (iii) a comprehen-
sive empirical evaluation showing that HAAM delivers competitive performance
compared to representative baseline methods.

2 The HAAM Framework

We now introduce the HAAM framework, which addresses node classification in
multiplex graphs. Rather than focusing solely on predictive performance under
heterophily, HAAM explicitly aims to promote consistent prediction behavior
across dimensions that may exhibit structurally diverse and potentially conflict-
ing connectivity patterns. We first formalize the problem setting and necessary
notations, then describe the architecture and its main components in detail.

1 A substantially extended journal version of this work appears in [24] (DOL: https:
//doi.org/10.1016/j.eswa.2026.132374). It includes related work discussion, the-
oretical analyses and proofs, complexity analysis, synthetic data experiments, addi-
tional ablation studies, robustness analyses, and extended experimental results. An
arXiv version is also available at https://arxiv.org/abs/2605.12699
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Fig. 1: Overview of the HAAM framework. Node features are first mapped to an
initial label prior Yy shared across dimensions. For each multiplex dimension, a
composed spectral filter i/d, combining low-pass and high-pass components, is
applied to the normalized Laplacian, followed by a compatibility transformation
H,. The resulting dimension-wise predictions Yy are then reconciled through a
sparse consensus optimization to produce the final prediction Y.

2.1 Preliminaries

We consider a multiplex graph G composed of D dimensions: G = {G1,...,Gp}.
Each dimension G4 = (V, Ay) shares the same set of N nodes V = {vy,...,ux}
but is characterized by its own adjacency matrix Aq € RN N where (A44);; = 1
if there is an edge between nodes v; and v; in dimension d, and 0 otherwise. The
degree matrix A, is diagonal with (Ag);; = Z;.V:l(Ad)ij, and the normalized
Laplacian for dimension d is defined as:

Nl

La=1-A;%(Ag+1)A;°.
Node attributes are represented by a feature matrix X € RV*¥ and node
labels are encoded in a binary matrix Y € {0,1}¥*¢  where C' denotes the
number of classes.

To characterize the class-wise connectivity structure within each dimension,
we define the homophily ratio hy. Let Yy € NO*C be the matrix counting edges
between classes in dimension d, where (););; corresponds to the number of edges
connecting nodes of class ¢ to nodes of class j. The homophily ratio is defined

as: c
h . Zi:l(yd)ii
A==
i je1(Va)ij

This quantity provides a compact description of how class interactions are dis-
tributed within a given dimension and is used throughout the paper to analyze
structural diversity across multiplex dimensions.

2.2 Overall Architecture

The architecture of HAAM 1is designed to handle both homophilic and het-
erophilic patterns across multiplex dimensions while explicitly addressing the
potential inconsistency of dimension-specific predictions. Fig. 1 illustrates an
overview of the proposed framework. It consists of three main components: (i)
an initial label prior learned independently of graph structure, (ii) dimension-
specific spectral filtering combined with compatibility-aware propagation, and
(iii) a sparse consensus mechanism that resolves conflicts across dimensions.
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Initial label prior. In settings where heterophily is prominent, the rela-
tionship between graph topology and node features may be highly non-smooth
and dimension-dependent. To mitigate this effect, we first encode node features
independently of the graph structure using a Multilayer Perceptron (MLP). This
produces an initial label distribution Yo € RVXC that serves as a common prior
across all dimensions. This prior is subsequently refined through dimension-
specific propagation mechanisms.

Dimension-specific spectral filtering. For each dimension d, we construct
two learnable spectral filters: a low-pass filter fdﬁ and a high-pass filter fJt.
These filters are implemented as Chebyshev polynomials applied to the rescaled
Laplacian L, =2Ly, /AP — I where A7** denotes the largest eigenvalue of L.
The low-pass filter emphasizes smooth variations in the graph signal, while the
high-pass filter captures abrupt changes induced by heterophilic connections.

Unlike prior works that combine spectral filters through linear combinations
or concatenations [21-23], we compose the two filters through a matrix product:

La= f£(La) - f3(La). (1)

This composition enables nonlinear interactions between low-frequency and high-
frequency components and introduces higher-order polynomial terms, resulting
in a more expressive and controlled spectral response.

Compatibility-aware propagation. To further regularize class interac-
tions within each dimension, HAAM incorporates a learnable compatibility ma-
trix Hy € RE*C. The entry (Hy).,., models the likelihood that a node of class
c1 connects to a node of class ¢y in dimension d. Given the composed filter ﬁd
and the initial label prior Yy, the dimension-specific predictions are computed
as: . o

Y=Ly Yy Hy. (2)

Here, Lq propagates information through the graph topology, while H; adjusts
predictions according to observed inter-class connectivity patterns, jointly cap-
turing homophilic and heterophilic effects.

Sparse consensus across dimensions. Predictions obtained from different
dimensions may be mutually inconsistent due to structurally diverse or conflict-
ing structural properties. To obtain a reliable final prediction, HAAM formulates
consensus estimation as an optimization problem that balances agreement across
dimensions with confidence in class assignments:

D
arg_min Y ||Y = Yal3 + BV []1. (3)
Y eRNXxC =1

The first term in Eq. (3) is a sum of Frobenius norms to minimize the distance
between the consensus prediction Y and the dimension-specific predictions Yy.
The second term is the ¢, regularization used to promote sparsity in the consen-
sus prediction, encouraging confident decisions while mitigating the influence of
conflicting dimension-specific signals. The coefficient 8 is a balancing hyperpa-
rameter. This convex objective is optimized using a proximal-gradient method.
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2.3 Composition of Chebyshev Filters
The filters f5 and f7¢ are defined as Chebyshev polynomials of degree K:

fi(La) = j{jeﬁ‘i La),  fi{(La) = j{jo*‘d

where T}, denotes the k-th Chebyshev polynomial. The coefficients Gf’d and Gﬁ’d
determine the contribution of different spectral components.

To ensure that these polynomials approximate genuine low-pass and high-
pass responses, we adopt a double reparameterization strategy. First, each coef-
ficient Gk}-’d, with F € {L£,H}, is expressed as:

Fd Tl J+1/2
O K+IZ T( (K+17T>)’

Fid ¢ RE+1

where is an intermediate vector. Second, low-pass and high-pass
structures are enforced through prefix operations:

i %
H,d
o= =0 (4)
=1 =0

where 7¢ is fixed and 7¢,...,v%4 > 0 are learnable parameters. This construc-
tion guarantees that fdﬁ attenuates high frequencies while f;{ attenuates low
frequencies.

The product Ly = f5 I can be computed efficiently without explicit N x N
matrix multiplications using:

K K

Ly= % SN ortgi [Tm(id) + Ti—j) (id)] ~ (5)

i=0 j=0

This formulation reduces computational and memory overhead while preserving
the effect of nonlinear spectral composition.

2.4 Compatibility Matrices

The compatibility matrix Hy is initialized from training data to reflect observed
class connectivity patterns:

g, = Dt erg (A o
d ci1c2 T N .
Zi,j:l (Ad)ij

Here, I denotes the set of training nodes belonging to class c. This empiri-
cal initialization provides a meaningful starting point that captures dimension-
specific class interaction tendencies. During training, H is refined via backprop-
agation, allowing the model to adapt class interaction estimates to the prediction
task.
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2.5 Training and Optimization

HAAM is trained in a semi-supervised manner. The primary objective is an
{y-regularized cross-entropy loss aggregated across all dimensions:

D C
jCE = - Z ZZY;CIOg(Yd)iC'FO‘ Z ||w||§’ (7>

jeItrain d=1 c=1 weW

where W includes the parameters of the MLP, spectral filters, and compatibility
matrices.

After training, the consensus prediction Y is obtained by solving (3) using
proximal-gradient iterations:

D
PO = prose,, (V0 - 27 3 (¥ - ¥y)), (8)
d=1

with step size 7 = 1/(4D) and proximal operator prox,(v) = sign(v) max(|v| —
A,0).

3 Experiments

We conduct an empirical evaluation to show the suitability of the proposed ap-
proach for modeling heterophily and homophily for node classification in multi-
plex graphs. We compare HAAM against state-of-the-art multiplex graph mod-
els, namely: GATNE [25], mGCN [26], SSDCM [16], DMGI [27], HDMI [15],
MGDCR [28], DMG [29], X-GOAL [14], HMGE [5], and InfoMGF [30]. In ad-
dition, we include recent unidimensional graph representation learning baselines
that can handle heterophily. More precisely, our comparison includes PolyGCL
[22] and TFE-GNN [23] on a unified adjacency matrix A using the original fea-
ture matrix X. We adapt these methods to the multiplex setting following the
common practice of aggregating all multiplex dimensions into one unified adja-
cency matrix A: A = 1 25:1(1401 +1).

Table 1: Dataset statistics.

Dataset arXiv Movies Amazon
Number of dimensions 2 3 3
Number of nodes 169,343 10,589 7,621
Number of edges 7,879,585 485,962 1,386,799
Number of attributes 128 200 2,000
Number of classes 5 4 4

Homophily ratio hg  0.22 - 0.29 0.34 - 0.32 - 0.37 0.27 - 0.26 - 0.25
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3.1 Datasets

We evaluate HAAM on three real-world multiplex graph datasets summarized in
Table 1. arXiv [10] is derived from the OGBN-arXiv network and contains cita-
tion and co-authorship dimensions. Nodes represent scientific papers, node fea-
tures are Word2Vec embeddings extracted from titles and abstracts, and labels
correspond to publication years. Movies is constructed from the film—director—
actor—writer network introduced in [31]. Nodes correspond to movies, dimensions
capture shared directors, actors, and writers, node features are token-count vec-
tors of movie descriptions, and labels indicate release years. Amazon [32] con-
sists of Amazon products connected through also viewed, also bought, and bought
together relations. Node features are bag-of-words vectors extracted from prod-
uct descriptions, and labels correspond to product categories.

3.2 Evaluation Protocol & Parameter Settings

We conduct a comparative evaluation of HAAM and representative baseline
methods on the node classification task, including both supervised and unsuper-
vised approaches. For unsupervised representation learning methods, including
HDMI, HMGE, GATNE, DMG, X-GOAL, InfoMGF, and PolyGCL, node em-
beddings are first learned without access to label information. A logistic regres-
sion classifier is then trained on top of the learned embeddings to predict node
labels. In contrast, for supervised or semi-supervised methods, namely DMGI,
SSDCM, MGDCR, mGCN, TFE-GNN, and HAAM, class predictions are ob-
tained directly from the model outputs. All methods are evaluated using identical
training, validation, and test splits to ensure fair comparisons.

Performance is measured using F1-Macro and F1-Micro scores by comparing
predicted labels with ground-truth annotations. Each experiment is repeated five
times. For HAAM, we report the mean performance along with the corresponding
standard deviation across runs, whereas for all baseline methods we report the
best result obtained over five runs. For HAAM, the embedding dimension is
fixed to 64. The Chebyshev polynomial filter order K is set to 4, 2, and 3
for arXiv, Movies, and Amazon, respectively. Model parameters are optimized
using the Adam optimizer with a learning rate of 0.001 and an ¢ weight decay
coefficient « = 107°. Training is conducted for a maximum of 1,000 epochs,
with early stopping applied when the validation performance does not improve
for 100 consecutive epochs. The ¢; regularization parameter [ is fixed to 1.0, and
optimization is performed with respect to the loss function defined in Eq. (3).

3.3 Results

Table 2 reports the node classification performance on real-world multiplex
datasets. The methods are grouped into unidimensional graph approaches (PolyGCL
and TFE-GNN), which are evaluated on the aggregated adjacency matrix A, and
native multiplex graph methods, which directly exploit all relational dimensions

{Ad}fl):r
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Table 2: Node classification results (F1-score).

Method arXiv Movies Amazon

Macro Micro Macro Micro Macro Micro

Unidimensional graph methods

PolyGCL 23.00 35.32 3553 37.81 68.37 69.53
TFE-GNN 18.71  21.95 39.44 41.22 20.10 29.63
Multiplex graph methods

DMGI 15.01 28.92 30.19 31.37 74.58 7481
HDMI - - 40.25 41.42 84.13 84.29
SSDCM - - 30.14  30.53 82.20 82.40
HMGE 31.64 44.03 33.86 37.56 24.84 37.80
GATNE 23.56 34.28 29.62 31.40 19.11  30.90
MGDCR 31.91 4342 39.49 40.10 70.10 70.19
DMG 35.45 44.08 39.49 40.42 55.72 57.22
X-GOAL 28.72  40.17  39.55 40.57 85.70  85.79
mGCN 33.03 44.45 38.63 40.61 74.86 75.13
InfoMGF 23.11 36.49 39.28 40.54 66.12 65.87
HAAM 39.95 48.44 41.81 42.39 88.32 88.37
(Standard Dev.) + 0.26 + 0.09 + 0.37 + 0.37 + 0.25 + 0.31

Across all datasets, HAAM achieves the highest F1-Macro and F1-Micro
scores, while exhibiting very low standard deviations, indicating stable and re-
liable performance. On arXiv, HAAM attains F1-Macro = 39.95 and F1-Micro =
48.44, outperforming the strongest multiplex baselines DMG (second-best Macro:
35.45) and mGCN (second-best Micro: 44.45) by margins of +4.50 and +3.99,
respectively. Notably, several methods, such as HDMI and SSDCM, run out of
memory (OOM) on this large dataset, whereas HAAM remains computationally
tractable.

On the Movies dataset, HAAM achieves 41.81 (Macro) and 42.39 (Micro), im-
proving upon the best-performing baseline HDMI (40.25/41.42) by +1.56 in F1-
Macro and +0.97 in F1-Micro. On Amazon, which exhibits low homophily across
all dimensions, HAAM obtains the largest absolute gains, reaching 88.32/88.37
compared to the strongest baseline X-GOAL (85.70/85.79), corresponding to
improvements of +2.62 (Macro) and +2.58 (Micro). These results highlight the
limitations of existing multiplex approaches that do not explicitly account for
relation-dependent heterophily patterns.

Although PolyGCL and TFE-GNN are specifically designed to handle het-
erophily in unidimensional graphs, their adaptation to multiplex settings via
the aggregated graph A leads to substantially weaker performance, particularly
on arXiv and Amazon. This suggests that collapsing multiple relations into a
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single graph can obscure relation-specific structural signals that are critical for
accurate classification.

Overall, Table 2 shows that HAAM effectively models dimension-specific ho-
mophilic and heterophilic interactions in multiplex graphs, leading to improved
node classification performance compared to both unidimensional heterophily-
aware methods and state-of-the-art multiplex baselines.

3.4 Ablation Study

Table 3: Ablation study on node classification (F1-score).

Model variant arXiv Movies Amazon

Macro Micro Macro Micro Macro Micro

Naive model 33.03 44.45 38.63 40.61 74.86 75.13
fh 38.97 47.05 40.12 41.32 86.62 86.79
£ + prox 39.51 47.66 40.53 41.55 87.28 87.51
Hq+ fr 39.37 47.57 39.40 40.32 87.43 87.51
Hg + prox 36.83 46.92 38.46 40.56 86.08 86.43
Hgy+ fI + prox 40.63 48.38 41.19 42.21 88.26 88.28

Full model (RAMC) 39.95 48.44 41.81 42.39 88.32 88.37

The ablation study in Table 3 explores the impact of the components of
HAAM on node classification performance. Starting with the naive model, which
only runs a standard GCN on each dimension, the addition of various compo-
nents brings notable improvements. The heterophily-aware spectral component
fh is the strongest single addition to the naive per-dimension GCN. The gain is
especially large on Amazon, whose dimensions have low homophily, showing the
benefit of explicitly capturing high-frequency heterophilic signals. The proximal
consensus step further improves f? on all datasets. By contrast, variants that
use Hy without f? are weaker, indicating that compatibility modeling and con-
sensus cannot substitute for heterophily-aware spectral filtering. Combining H g,
f;}, and prox gives the strongest ablated variant. The full HAAM model, which
adds the composed low-pass/high-pass spectral filtering, achieves the best result
in five of the six metrics. Its only exception is arXiv Macro, where it remains
second-best. Overall, the results show that f? provides the largest individual
gain, the proximal consensus stabilizes predictions across dimensions, and the
full spectral composition yields the most balanced performance across datasets.

3.5 Sensitivity Analysis

Fig. 2 analyzes the sensitivity of HAAM with respect to the embedding dimen-
sion M and the Chebyshev filter order K on the node classification task. The
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Fig. 2: Sensitivity analysis of RAMC.

results are reported for both F1-Macro and F1-Micro metrics on the Movies and
Amazon datasets. Across all settings, the performance curves exhibit limited
variation, indicating that HAAM is not overly sensitive to the choice of K or
M. For Movies, both metrics show mild fluctuations. The best performance is
typically achieved with lower filter orders (K € {2,3}), particularly for M = 64,
where a clear peak is observed at K = 2 followed by a slight decline. In contrast,
Amazon displays a remarkably consistent behavior across all configurations. The
performance remains stable for moderate filter orders, with a slight optimal con-
sensus around K = 3 for most embedding dimensions. Overall, these results
demonstrate that HAAM maintains stable performance over a wide range of
hyperparameter configurations. This suggests that the proposed model does not
rely on tedious fine-tuning.

3.6 Spectral Filter Responses

To provide an interpretable view of the spectral behavior learned by HAAM,
we visualize the frequency responses of the learned low-pass de (M), high-pass
f}"()\), and composed filters over the normalized Laplacian spectrum A € [0, 2].
These responses illustrate how different portions of the spectrum are emphasized
or attenuated by the model across datasets.

As shown in Fig. 3, the low-pass and high-pass components exhibit comple-
mentary trends. Their composition, f£(X) - f3()), yields a dataset-dependent
spectral profile. On Amazon (Fig. 3b), the composed response remains rela-
tively stable across the spectrum, indicating a balanced integration of low- and



12 K. Abdous, N. Mrabah and M. Bouguessa

£ FIE) e () - 5 (V)

/
I
Filter Response
M)
/

Filter Response

0 0.5 1 1.5 2 0 0.5 1 1.5 2
Laplacian eigenvalue A Laplacian eigenvalue A

(a) Movies Filter Response. (b) Amazon Filter Response.

Fig. 3: Spectral frequency responses of the learned low-pass, high-pass, and com-
posed filters on Movies and Amazon. The responses are evaluated over the spec-
trum of the normalized Laplacian. The plots illustrate how the model distributes
spectral emphasis across frequencies and how the composed filter yields a stable
behavior while combining low- and high-frequency components.

high-frequency signals. In contrast, on Movies (Fig. 3a), the composed response
places more emphasis on lower frequencies, reflecting a stronger contribution of
smoothing effects, consistent with the higher homophily of this dataset, while
still preserving non-negligible high-frequency information. Overall, these spec-
tral patterns demonstrate the ability of HAAM to flexibly adapt its propagation
behavior to different homophily regimes. Accordingly, the visualized filter re-
sponses provide insight into how different frequency components are emphasized,
reflecting the role of homophilic and heterophilic interactions across relations.

4 Conclusion

This paper introduced HAAM, an adaptive framework for node classification
in settings exhibiting both homophilic and heterophilic relations. Unlike many
existing approaches that implicitly rely on homophily, HAAM explicitly models
diverse relational patterns through the combination of low-pass and high-pass
Chebyshev filters, dimension-specific compatibility matrices, and a sparse con-
sensus formulation. This design enables the model to adapt to heterogeneous
connectivity structures while reducing over-reliance on any single relational view.
Several directions for future work remain promising. One direction is to ex-
tend the framework to multiplex graphs with a larger number of dimensions,
which may require more expressive aggregation or geometric representations to
preserve structural information at scale. Another direction is to investigate unsu-
pervised or self-supervised learning settings for transferable node representations
beyond semi-supervised classification. Extending HAAM to dynamic multiplex
graphs or graphs involving multiple node types also constitutes an important
direction for future work, since the current framework focuses on static multi-
plex graphs with homogeneous nodes. We believe these extensions could further
strengthen the applicability of reliable multiplex graph learning methods.
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