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Abstract
Graph Neural Networks (GNNs) have achieved significant
success in addressing node classification tasks. However, the
effectiveness of traditional GNNs degrades on heterophilic
graphs, where connected nodes often belong to different la-
bels or properties. While recent work has introduced mecha-
nisms to improve GNN performance under heterophily, cer-
tain key limitations still exist. Most existing models apply a
fixed aggregation depth across all nodes, overlooking the fact
that nodes may require different propagation depths based
on their local homophily levels and neighborhood structures.
Moreover, many methods are tailored to either homophilic
or heterophilic settings, lacking the flexibility to generalize
across both regimes. To address these challenges, we de-
velop a theoretical framework that links local structural and
label characteristics to information propagation dynamics at
the node level. Our analysis shows that optimal aggregation
depth varies across nodes and is critical for preserving class-
discriminative information. Guided by this insight, we pro-
pose a novel adaptive-depth GNN architecture that dynam-
ically selects node-specific aggregation depths using theo-
retically grounded metrics. Our method seamlessly adapts
to both homophilic and heterophilic patterns within a uni-
fied model. Extensive experiments demonstrate that our ap-
proach consistently enhances the performance of standard
GNN backbones across diverse benchmarks.

Code — https://github.com/Aselahp/AD-GNN
Extended version — https://arxiv.org/abs/2511.06608

Introduction
Graph Neural Networks (GNNs) have achieved remarkable
success in various graph-based downstream tasks across di-
verse domains, including social network analysis (Li et al.
2023; Benslimane et al. 2023), bioinformatics (Zhang et al.
2021; Yi et al. 2022), and anomaly detection (Kim et al.
2022; Bei et al. 2025). Particularly, GNNs have demon-
strated strong performance in node classification tasks due
to their ability to integrate structural characteristics and node
feature information into meaningful representations (Sun
et al. 2024; Khoshraftar and An 2024).

However, many mainstream GNNs are built upon the ho-
mophily assumption, where connected nodes tend to share
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similar labels or characteristics (McPherson, Smith-Lovin,
and Cook 2001; Zhu et al. 2020). While this assumption has
proven effective for many real-world networks, such as ci-
tation networks and knowledge graphs (Yang, Cohen, and
Salakhudinov 2016), it significantly limits GNNs’ perfor-
mance on heterophilic graphs, where connected nodes often
have different labels or properties (Zheng et al. 2023a). Such
heterophilic patterns are common in many real-world sce-
narios, including social networks and web graphs (Pei et al.
2020; Zhu et al. 2021; Platonov et al. 2023).

To address this limitation, researchers have begun explor-
ing specialized heterophily-aware GNN architectures that
explicitly account for the dissimilarity between connected
nodes and develop alternative message-passing strategies
(Zhu et al. 2021; Zheng et al. 2022; Luan et al. 2022; Zhu
et al. 2023; Wang et al. 2024a). Nonetheless, certain limi-
tations still exist. First, categorizing graphs as homophilic
or heterophilic based on simple neighborhood label ratios
oversimplifies the complex nature of information propaga-
tion in graphs. Real-world graphs are intricate structural
entities with different regions or nodes exhibiting varying
levels of homophily. Different nodes have varying sensi-
tivity to information aggregation, depending on their struc-
tural context, features, and neighbor label composition. A
more nuanced understanding of this phenomenon is required
to design GNN architectures that accommodate these dif-
ferences. Second, methods specifically designed for het-
erophilic graphs often lack the flexibility to effectively han-
dle both homophilic and heterophilic contexts within the
same architecture, limiting their applicability and general-
izability across diverse graph types.

We aim to address these limitations through a fundamen-
tal observation: optimal information propagation strategies
are inherently different across nodes within the same graph.
The uniform nature of information aggregation in current
GNNs (i.e., fixed layer depth applied to all nodes) lim-
its node classification performance, as different nodes have
varying information aggregation needs based on their local
neighbourhood properties, including degree distribution, la-
bel homophily ratio, and feature similarity patterns within
their close neighbourhoods. This motivates us to theoreti-
cally connect structural and label characteristics to informa-
tion propagation dynamics at the node level, gaining a more
nuanced understanding of node-specific aggregation needs
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beyond global graph homophily characteristics.
Building on these theoretical insights, we derive node-

specific metrics that quantify individual node aggregation
requirements without being constrained by global graph ho-
mophily measures. We then utilize these insights to develop
dynamic GNN architectures that adaptively determine ag-
gregation depth for each node, improving their ability to
handle node-specific information propagation needs. The
main contributions of our work are summarized as follows:

• Theoretical Foundation: We establish theoretical con-
nections between structural and label characteristics
and information propagation dynamics, deriving node-
specific metrics that quantify optimal aggregation depth
requirements in GNNs.

• Novel Adaptive Depth Architecture: We propose a
novel GNN architecture that dynamically adjusts aggre-
gation depth for individual nodes based on their specific
information propagation needs, with two distinct variants
to accommodate different computational requirements.

• Unified Homophilic/Heterophilic Handling: Our archi-
tecture provides a single framework that seamlessly ac-
commodates both homophilic and heterophilic graph pat-
terns without requiring separate architectures or prepro-
cessing steps.

• Empirical Validation: We provide comprehensive ex-
periments demonstrating that our adaptive depth archi-
tecture consistently improves node classification perfor-
mance of mainstream GNN backbones across diverse
graph structures and homophily levels.

Related Work
Heterophily-Aware GNNs While traditional GNNs as-
sume homophily, such an inductive bias is believed to re-
sult in performance degradation in less homophilic graphs
(Lim et al. 2021). Geom-GCN (Pei et al. 2020) is one of
the early works that identified this performance bottleneck.
Since then, there has been a plethora of works targeting
enhancing GNN performance in heterophilic graphs. Some
works propose filtering neighbours to improve aggregation
performance on heterophilic graphs by excluding or depri-
oritising dissimilar nodes (Bo et al. 2021; Luan et al. 2022;
Zheng et al. 2023b; Guo et al. 2024). Furthermore, some
works have shown that incorporating higher-order neigh-
bourhoods could alleviate this issue, as it enables the ag-
gregation process to access more homophilic information
(Zhu et al. 2020; Wang et al. 2021, 2022; Li et al. 2022; Yu
et al. 2024; Li, Pan, and Kang 2024). There have been some
works introducing structural constraints such as neighbour
ordering (Song et al. 2023) and selective aggregation mecha-
nisms (He et al. 2022; Haruta, Konishi, and Kurokawa 2023;
Wang et al. 2024c) to enable more discriminative node rep-
resentations by controlling how information flows between
nodes of different classes. While the aforementioned works
have focused on improving GNN architecture, some studies
have taken an alternative path by rewiring the input graph
to increase homophily (Guo et al. 2023; Li, Kim, and Wang
2023; Bi et al. 2024; Bose, Banerjee, and Das 2025).

Recent theoretical findings have shown that heterophily
does not always negatively impact node classification. Ma
et al. (2022) first demonstrated this, showing that moder-
ate levels of heterophily are more detrimental to GNNs
than conditions of extreme heterophily. Further, Wang et al.
(2024a) elaborated that class separability in node classifica-
tion using GNNs depends on both neighborhood distribution
distances and node degrees, establishing that the impact of
heterophily is nuanced rather than uniformly negative.

Our work is fundamentally different from the above. We
present a granular node-level theoretical framework that de-
composes GNN aggregation based on neighbourhood label
composition, demonstrating how the classification quality
of individual nodes scales across multiple layers. Our work
shows that nodes with varying neighborhood compositions
benefit from different propagation depths, resulting in an
adaptive architecture.

Depth-Adaptive GNNs There have been few works ex-
ploring the impact of adaptive depth in GNNs. Wu et al.
(2024) employed reinforcement learning to design a flexi-
ble GNN architecture that adaptively searches for optimal
parameters of components, including GNN depth, aggrega-
tion functions, and pooling operations for graph classifica-
tion. ADMP-GNN (Abbahaddou et al. 2025) introduced a
depth allocation policy for GNNs using centrality heuris-
tics to cluster structurally similar nodes and assign optimal
layer depth based on their validation performance. Recently,
Hevapathige, Zehmakan, and Wang (2025) integrated learn-
able Bakry-Émery curvature to determine node-specific ag-
gregation depth, aiming to enhance feature distinctiveness.

In contrast to these works, our method is specifically de-
signed to address heterophily challenges in node classifica-
tion by analysing how neighbourhood label composition af-
fects the propagation depth.

Theoretical Analysis
We develop a theoretical framework to understand how
neighborhood profile impacts node classification perfor-
mance in GNNs under different homophily conditions,
establishing the basis for our adaptive depth allocation
strategy. For node v, we define its profile as the tuple
(d+v , d

−
v , dv) describing the distribution of same-label neigh-

bours, opposite-label neighbours, and total degree within its
neighbourhood. All proofs for the theorems are in the ex-
tended version.

Preliminaries We consider an undirected graph G =
(V,E,X,y), where V represents the set of nodes, E is
the set of edges, X ∈ R|V |×d is the matrix of initial node
feature representations with a feature dimension of d, and
y ∈ {0, 1}|V | is the vector of node labels. Each node
v ∈ V is associated with a feature vector xv ∈ Rd (i.e.,
xv = Xv,:), and has a label yv ∈ {0, 1} (i.e., yv = yv).
For theoretical tractability, we focus on the binary classifi-
cation setting. Let N (v) be the neighborhood of node v, and
dv = |N (v)| its degree. We define same-label neighbors as
N+

v = {u ∈ N (v) : yu = yv} and opposite-label neighbors
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as N−
v = {u ∈ N (v) : yu ̸= yv}. Their cardinalities are

d+v = |N+
v | and d−v = |N−

v |, with dv = d+v + d−v .

Class Concepts To establish the assumptions for our anal-
ysis, we formally define the concepts of class prototypes,
signal variance, and noise variance.

Definition 1 (Class Concepts). We define the following
graph-wide parameters:

• Class prototypes: µ0,µ1 ∈ Rd where µc = E[xu|yu =
c] for c ∈ {0, 1}

• Signal variance: ∆2 = ∥µ0 − µ1∥2
• Noise variance:σ2

intra = Var[xu|yu = c] for any c ∈
{0, 1}

Signal variance assesses the separation between different
classes, while noise variance evaluates the variation within a
single class. Note that, under the homoscedasticity assump-
tion (Yang, Tu, and Chen 2019), we assume equal noise
variance across all classes. Higher signal variance leads to
better class separation, while lower noise variance ensures
tight clustering within classes, resulting in better classifica-
tion quality (Fisher 1936).

GNN Architecture We utilize Graph Convolutional Net-
work (GCN) (Kipf and Welling 2017) to examine homophi-
ly/heterophily effects, aligning with numerous theoretical
analyses in this area (Ma et al. 2022; Wang et al. 2024b).
The fundamental node update mechanism of GCN is:

X(l+1) = σ(D̃−1/2ÃD̃−1/2X(l)W(l))

where W(l) is the learnable parameter matrix at layer l,
Ã = A + I is the adjacency matrix with added self-loops,
D̃ is the degree matrix corresponding to Ã, and X(0) = X
are the initial node features. For analytical tractability, we
analyze a simplified aggregation scheme that captures the
essential neighborhood averaging behavior. Following (Wu
et al. 2019), which shows that most of the benefit in GCNs
comes from local averaging rather than from nonlinear acti-
vation functions, we focus on the uniform averaging opera-
tion obtained through row normalization D̃−1Ã.

hv =
1

dv + 1

xv +
∑

u∈N (v)

xu


Assumptions We consider a contextual stochastic block
model (CSBM) (Deshpande et al. 2018) where nodes are
partitioned into two classes. Each node’s feature follows a
class-specific Gaussian distribution: xv = µyv + ϵv with
ϵv ∼ N (0, σ2

intraId), where Id is the d × d identity ma-
trix. Under this model, for any node v, same-label neighbors
u ∈ N+

v have features xu = µyv +ϵ+u , while opposite-label
neighbors u ∈ N−

v have features xu = µ1−yv + ϵ−u , where
1− yv denotes the opposite class label in the binary setting.
All noise terms ϵv, {ϵ+u }u∈N+

v
, {ϵ−u }u∈N−

v
are independent

and follow N (0, σ2
intraId). This CSBM setup is consistent

with established theoretical frameworks for analyzing het-
erophily in GNNs (Ma et al. 2022).

An in-depth analysis of the real-world implications of
these assumptions and justifications on why our theoretical
insights would hold for a multi-class setting is provided in
the extended version.

Aggregation Effect Analysis
In this section, we analyse how the neighbourhood aggre-
gation impacts the node classification quality under varying
homophily/heterophily conditions. To analyze this effect, we
decompose GNN aggregation based on neighbourhood la-
bels.
Definition 2 (Label-Based Aggregation). We decompose the
GNN aggregation operation based on neighbor labels as:

hv =
1

dv + 1

xv +
∑

u∈N+
v

xu +
∑

u∈N−
v

xu


To quantify how neighbourhood aggregation affects the

original class signal, we introduce signal preservation factor.
Definition 3 (Signal Preservation Factor). For node v, the
signal preservation factor is:

αv =
1 + d+v − d−v

dv + 1

We present the following theorem, which characterises
how neighbourhood label composition affects representation
quality after aggregation.
Theorem 1 (Label Aggregation Effect). For any node v in
the graph, under the stated graph-wide assumptions, the ag-
gregated representation has expected value:

E[hv|yv] =
1 + d+v
dv + 1

µyv +
d−v

dv + 1
µ1−yv

The signal variance after aggregation is:

∥E[hv|yv = 0]− E[hv|yv = 1]∥2 = α2
v∆

2

The noise variance is: Var[hv|yv] = σ2
intra

dv+1

The node-specific classification quality is: Qv =
α2

v(dv+1)∆2

σ2
intra

Employing Theorem 1, we derive the following observa-
tions.
Corollary 1 (Strong Homophily). When d+v ≫ d−v , the sig-
nal preservation factor αv ≈ 1, and classification quality
scales linearly with degree: Qv ∝ dv .

In strongly homophilic neighborhoods, aggregation gen-
erally benefits nodes regardless of their degree, since αv ≈ 1
guarantees that the expected aggregated representation pre-
serves class signal. However, higher-degree nodes achieve
better performance since increased sample (neighborhood)
size decreases the probability of “error”.
Corollary 2 (Strong Heterophily). When d−v ≫ d+v , αv

transitions from 0 at low degrees to -1 at high degrees. Clas-
sification quality shows poor performance at low degrees
due to signal cancellation (Qv ≈ 0 when dv is small), but
achieves performance comparable to homophilic cases at
high degrees (Qv ∝ dv when dv is large).
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Strong heterophily isn’t inherently bad. It becomes prob-
lematic when there aren’t enough neighbours to establish a
reliable pattern. With sufficient degree, heterophilic nodes
can perform as well as homophilic ones by learning from
the opposite relationships.

Corollary 3 (Mixed Homophily/Heterophily). When d+v ≈
d−v (balanced same/opposite-label neighbors), αv ≈ 1

dv+1 ,
causing signal cancellation that worsens with degree, lead-
ing to poor classification performance.

Nodes with balanced neighbourhoods experience signal
cancellation, as competing signals from same-class and
opposite-class neighbours neutralize each other. This effect
is particularly severe for high-degree nodes, where αv → 0
as dv increases, leaving such nodes with insufficient direc-
tional information for reliable classification.

Multi-Layer Analysis
We extend Theorem 1 to multi-layer setting to analyze the
iterative aggregation effect in GNNs.

Theorem 2 (Iterative Aggregation Effect). Assume a n-
layer GNN where: (1) label-conditioned features remain in-
dependent across layers, and (2) each layer performs the
same neighborhood aggregation pattern with degree dv .
Then, for node v, after n layers:

• Signal variance: α2n
v ∆2

• Noise variance: σ2
intra

(dv+1)n

• Classification quality: Qn
v =

α2n
v (dv+1)n∆2

σ2
intra

Theorem 2 shows how single-layer effects compound
over multiple layers. Signal preservation factor αv is raised
to the power 2n, meaning if |αv| < 1 (signal degradation),
the effect becomes exponentially worse with depth. Con-
versely, noise reduction compounds beneficially, but the net
effect depends on whether signal preservation dominates.

Remark 1. While our main analysis assumes oversimplified
behaviour, real GNNs exhibit deviations due to oversmooth-
ing and feature correlation. The extended theoretical analy-
sis in the extended version addresses these practical effects.

Adaptive Depth Graph Neural Networks
We introduce AD-GNN, a novel architecture that leverages
our theoretical findings to enhance message propagation in
GNNs by allocating adaptive depth. The key insight is that
different nodes benefit differently from deeper layers based
on their local neighbourhood structure and multi-layer ag-
gregation effects.

Let Qn
v denote the classification quality for node v after

n layers of message passing, and Q0
v represents the initial

feature quality before any message passing. For node v and
target depth n, we define the Depth Benefit Metric:

Definition 4 (Depth Benefit Metric). For node v and target
depth n, we define the Depth Benefit Metric:

εnv =
Qn

v

Q0
v

=
(
α2
v · (dv + 1)

)n

The metric represents the multiplicative improvement in
classification quality where εnv > 1 indicates benefit, εnv = 1
indicates no change, and εnv < 1 indicates degradation.

Stopping Depth Assignment
Let tmax be the maximum allowable depth in the network.
For each vertex v ∈ V , we define its stopping depth T (v)
as:

T (v) = max
{
t ∈ {1, 2, . . . , tmax}

∣∣ ε̃tmax
v ≥ τθ(t)

}
where ε̃tmax

v is the depth benefit score normalized to [0, 1]
using min-max scaling across all nodes, and τθ : N → [0, 1]
is a monotonically increasing adaptive threshold function
parameterized by θ. The monotonically increasing property
ensures progressive filtering where nodes with lower depth
benefit scores are gradually excluded as network depth in-
creases, preventing nodes that cease to benefit from message
passing at layer t from re-entering at deeper layers t′ > t.
The threshold function is defined as:

τθ(t) = λ+ (1− λ) · θ(t)

where λ ∈ [0, 1] is a hyperparameter, and θ(t) : N →
[0, 1] is a learnable monotonically increasing function. The
parameter λ establishes a minimum threshold ensuring
τθ(t) ∈ [λ, 1], while the learnable component θ(t) adap-
tively optimizes the threshold across layers.

Message Passing Framework
For each vertex v and step t ≤ T (v), the message passing
consists of aggregation and update steps:

m(t)
v = AGG

(
{{h(min{t−1,T (u)})

u | u ∈ N (v)}}
)

h(t)
v = UPD

(
h(t−1)
v ,m(t)

v

)
For any t > T (v), we have h

(t)
v = h

(t−1)
v . The

adaptive depth mechanism can enhance existing GNN
architectures such as GCN (Kipf and Welling 2017),
GAT (Veličković et al. 2018), and GraphSAGE (Hamilton,
Ying, and Leskovec 2017) by utilizing their original aggre-
gation and update functions along with node-specific depth
allocation based on the depth benefit metric.

Depth Benefit Metric Calculation
Computing the depth benefit metric requires estimating αv

for each node, which is challenging due to incomplete label
information during semi-supervised training. We use feature
similarity to estimate same-label probabilities between adja-
cent nodes:

puv = fδ(hu,hv)

where fδ : Rd × Rd → [0, 1] is a learnable, permutation-
invariant function that maps pairs of node embeddings to
same-label probabilities. The expected counts for same-label
and opposite-label neighbors are:

d̂+v =
∑

u∈N (v)

fδ(hu,hv), d̂−v =
∑

u∈N (v)

(1− fδ(hu,hv))
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Figure 1: High-level workflow of AD-GNN: First, the depth benefit metric for each node is computed using their node profile
and learned label probabilities. Then, the depth for each node is determined based on a learnable threshold mechanism. Nodes
that have higher depth benefit metrics will receive more aggregation layers compared to others.

The estimated signal preservation factor and depth benefit
metric are:

α̂v =
1 + d̂+v − d̂−v

dv + 1
, ε̂tmax

v =
(
α̂2
v · (dv + 1)

)tmax

This creates a differentiable mechanism that enables end-
to-end optimization where depth allocation adapts based on
learned similarity assessments and predicted depth benefits.

Training Objective
To ensure fδ learns meaningful similarity assessments, we
incorporate regularization using available label information
on training nodes:

Lreg = − 1

|Etrain|
∑

(u,v)∈Etrain

[yuv log (fδ(hu,hv))

+(1− yuv) log (1− fδ(hu,hv))]

where Etrain = {(u, v) ∈ E : u, v ∈ Vtrain} is the set
of edges between training nodes, and yuv = I[yu = yv]
is the true same-label indicator. The total training objective
becomes:

Ltotal = Ltask + Lreg

where Ltask is the downstream task loss. The High-level
overview of AD-GNN is depicted in Figure 1.

Fast Variant
To accelerate computation, we derive AD-GNNfast by re-
placing the learnable similarity function with a static degree-
based approximation. Leveraging high-degree assortativity
(Arcagni et al. 2017), the principle that high-degree nodes
tend to connect to other high-degree nodes and share similar
labels in the network, we compute same-label probability as:

puv =
du × dv

max(i,j)∈E(di × dj)

The estimated depth benefit metric becomes:

ε̂tmax
v =

(
(α̂v,degree)

2 · (dv + 1)
)tmax

where α̂v,degree is computed using the degree-based same-
label probability estimates. This variant eliminates the com-
putational overhead of learning fδ and requires no regu-
larization term, limiting the training objective to the down-
stream task loss alone.

Complexity Analysis
We analyse the complexity of AD-GNN variants sepa-
rately from the backbone GNN architecture. AD-GNN in-
curs O(|E|×d) complexity for feature-based label probabil-
ity computation, where d is the feature dimension, O(|E|+
|V |) for depth benefit metric computation, O(|E| + |V |)
per-layer complexity for threshold filtering mechanism, and
O(|Etrain|) for regularization term. This takes the total com-
plexity of AD-GNN to O(|E|×d+tmax×(|E|+ |V |)). AD-
GNNfast achieves a reduced complexity of O(tmax × (|E|+
|V |)) by eliminating feature-based label probability compu-
tation using degree-based similarity approximation, which
incurs only O(|E|) complexity. Additionally, the fast variant
does not require computing the regularization term, further
reducing training overhead. Note that, since AD-GNN pro-
gressively filters edges at each layer, it also reduces the back-
bone GNN complexity by operating on smaller edge sets.

Experiments
Datasets We evaluate our approach for the node classifi-
cation task using 11 datasets that cover both homophilic and
heterophilic settings. Homophilic datasets include Cora ML,
Citeseer, Pubmed, and DBLP from the CitationFull bench-
mark (Bojchevski and Günnemann 2018), as well as the
Photo dataset from the Amazon benchmark (Shchur et al.
2018). Heterophilic datasets include Texas, Cornell, Wis-
consin, Squirrel, Chameleon, and Film datasets from We-
bKB benchmark (Pei et al. 2020). Additionally, we em-
ploy the ogbn-arxiv dataset from OGB benchmark (Hu et al.
2020) for our scalability analysis.

Additional details, including dataset statistics, model hy-
perparameters, computational resources, and implementa-
tion details, are provided in the extended version.

Baselines We employ three classical GNNs: GCN (Kipf
and Welling 2017), GAT (Veličković et al. 2018), and
GraphSAGE (Hamilton, Ying, and Leskovec 2017), along
with three modern GNNs: MixHop (Abu-El-Haija et al.
2019), GATv2 (Brody, Alon, and Yahav 2022), and DirGNN
(Rossi et al. 2024), as our backbones.

Evaluation Setting We use a 60/20/20 random split strat-
egy for the training/validation/test sets and report the mean
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Methods Cora-ML Citeseer Pubmed Photo DBLP Film Squirrel Chameleon Cornell Wisconsin Texas

GCN 87.07 ± 1.21 76.68 ± 1.64 86.74 ± 0.47 89.30 ± 0.82 83.93 ± 0.34 30.26 ± 0.79 39.47 ± 1.47 40.89 ± 4.12 55.14 ± 8.46 61.60 ± 7.00 60.00 ± 6.45

AD-GCN 87.32 ± 1.25 79.14 ± 1.00 88.39 ± 0.32 94.10 ± 0.31 84.14 ± 0.44 42.54 ± 1.15 40.04 ± 0.99 43.66 ± 0.73 88.51 ± 4.87 93.88 ± 3.03 92.30 ± 4.52

AD-GCNfast 87.34 ± 1.35 79.13 ± 0.99 88.41 ± 0.37 94.10 ± 0.31 83.90 ± 0.97 41.39 ± 1.46 40.88 ± 1.09 43.40 ± 0.56 87.02 ± 3.49 94.38 ± 2.86 91.64 ± 5.16

GAT 84.12 ± 0.55 75.46 ± 1.72 87.24 ± 0.55 90.81 ± 0.22 80.61 ± 1.21 26.28 ± 1.73 35.62 ± 2.06 39.21 ± 3.08 53.64 ± 11.1 60.00 ± 11.0 61.21 ± 8.17

AD-GAT 85.02 ± 1.64 79.92 ± 0.76 87.38 ± 0.33 94.03 ± 0.34 83.94 ± 0.40 41.25 ± 0.77 36.73 ± 0.83 40.52 ± 1.55 86.17 ± 4.69 91.50 ± 2.42 90.49 ± 5.72

AD-GATfast 84.37 ± 1.80 79.95 ± 0.78 87.43 ± 0.34 93.84 ± 0.33 83.45 ± 0.43 41.03 ± 0.96 36.92 ± 0.99 40.36 ± 2.54 85.96 ± 3.18 92.62 ± 2.82 90.82 ± 4.65

GraphSAGE 86.52 ± 1.32 76.04 ± 1.30 88.45 ± 0.50 94.23 ± 0.62 86.16 ± 0.50 34.23 ± 0.99 36.09 ± 1.99 37.77 ± 4.14 75.95 ± 5.01 81.18 ± 5.56 82.43 ± 6.14

AD-GraphSAGE 87.14 ± 1.56 79.84 ± 1.26 88.99 ± 0.64 94.61 ± 0.35 85.00 ± 1.60 40.92 ± 1.46 40.88 ± 0.87 40.10 ± 1.45 89.57 ± 4.30 94.62 ± 2.56 92.95 ± 2.84

AD-GraphSAGEfast 87.11 ± 1.63 79.88 ± 1.27 88.88 ± 0.60 94.54 ± 0.41 85.03 ± 1.39 40.90 ± 1.49 41.08 ± 0.73 39.79 ± 1.87 90.64 ± 4.28 94.25 ± 2.38 92.79 ± 2.95

MixHop 87.29 ± 1.19 70.75 ± 2.95 80.75 ± 2.29 94.83 ± 0.41 84.27 ± 0.31 32.22 ± 2.34 38.85 ± 0.89 42.94 ± 1.01 73.51 ± 6.34 75.88 ± 4.90 77.84 ± 7.73

AD-MixHop 87.66 ± 1.24 81.01 ± 1.36 90.09 ± 0.58 95.09 ± 0.57 84.26 ± 0.81 43.37 ± 1.17 39.76 ± 0.90 46.29 ± 1.19 90.21 ± 3.59 94.75 ± 2.22 94.43 ± 2.56

AD-MixHopfast 87.73 ± 1.31 80.95 ± 1.33 90.23 ± 0.42 94.55 ± 0.57 84.46 ± 0.79 43.14 ± 1.80 40.27 ± 1.05 45.05 ± 1.83 90.00 ± 3.16 92.00 ± 3.41 90.00 ± 5.65

GATv2 85.10 ± 1.84 76.31 ± 1.62 88.77 ± 0.39 94.03 ± 0.44 84.85 ± 0.61 34.90 ± 0.79 35.24 ± 0.63 42.53 ± 1.18 61.35 ± 3.21 64.12 ± 4.81 67.84 ± 4.75

AD-GATv2 85.17 ± 1.50 80.10 ± 0.99 89.26 ± 0.58 94.33 ± 0.70 84.26 ± 0.52 40.21 ± 2.11 37.96 ± 0.94 42.99 ± 1.25 86.38 ± 4.48 91.25 ± 1.94 90.16 ± 4.69

AD-GATv2fast 85.02 ± 1.26 79.11 ± 1.48 88.25 ± 0.24 94.23 ± 0.68 84.26 ± 0.52 42.02 ± 1.88 40.82 ± 0.41 42.63 ± 1.03 87.66 ± 5.19 92.37 ± 2.20 92.46 ± 4.47

DirGNN 85.66 ± 0.31 77.71 ± 0.78 86.94 ± 0.55 95.38 ± 0.32 81.22 ± 0.54 35.76 ± 1.68 38.67 ± 1.09 42.94 ± 1.66 76.51 ± 6.14 80.50 ± 5.50 76.25 ± 6.31

AD-DirGNN 87.25 ± 1.42 78.36 ± 1.82 89.35 ± 0.30 95.55 ± 0.51 83.52 ± 0.39 41.92 ± 1.82 40.58 ± 0.94 42.06 ± 0.77 91.70 ± 2.60 95.13 ± 1.89 92.95 ± 2.21

AD-DirGNNfast 85.85 ± 1.90 78.35 ± 1.80 89.07 ± 0.29 94.99 ± 0.59 82.80 ± 0.65 41.23 ± 1.75 39.36 ± 1.12 41.70 ± 1.07 89.57 ± 3.86 93.38 ± 2.50 92.79 ± 3.04

Table 1: Node classification accuracy ± standard deviation (%). The best results are highlighted. Baseline results are sourced
from Suresh et al. (2021); Platonov et al. (2023); Zheng et al. (2023b), and Chen et al. (2025).

and standard deviation of accuracy over 10 random initial-
ization, similar to the setup in Suresh et al. (2021); Zheng
et al. (2023b). For Squirrel and Chameleon datasets, we em-
ploy the data splits provided by Platonov et al. (2023), which
contain filtered datasets with duplicate nodes removed. We
report baseline results from previous papers using the same
experimental setup. If unavailable, we generate baseline re-
sults based on the hyperparameters from the original papers.
When a baseline model is modified using the AD-GNN, the
resulting version is named with the prefix “AD-”, such as
AD-GCN. Also, the AD-GNN fast variant is denoted by an
additional subscript fast, such as AD-GCNfast.

Exp–1. Node Classification We present the node classi-
fication results in Table 1. Our approach consistently out-
performs the baseline methods in both homophilic and het-
erophilic graph benchmarks. Notably, our adaptive layer
mechanism demonstrates greater performance improve-
ments on heterophilic graphs compared to homophilic ones.
This is mainly due to heterophilic datasets being more
vulnerable to signal degradation than homophilic ones, as
demonstrated in the theoretical analysis. Additionally, we
observe that our method enhances the performance of GNNs
that are designed with inductive biases for heterophilic graph
settings, such as MixHop and DirGNN. This shows that our
approach complements these models by capturing additional
structural and label-dependent information that might other-
wise be overlooked. Furthermore, the fast variant of AD-
GNN also performs well, achieving results comparable to
and sometimes surpassing those of the original AD-GNN,
offering a scalable yet powerful solution.

Exp–2. Case Study We conduct experiments to empiri-
cally validate the observations presented in Theorem 1. In
these experiments, we generate a synthetic graph using a
stochastic block model with controllable homophily by ex-
plicitly forming a specified proportion of edges between
same-class versus different-class nodes. We then measure
the GCN performance under two cases.

In Figure 2(a), we evaluate performance across vary-
ing homophily degrees, from ideal heterophily to ideal ho-
mophily. Performance remains stable under both extremes,
confirming Corollary 1 and Corollary 2. However, we ob-
serve performance decline in mixed homophily scenarios
due to signal cancellation between neighbors with bal-
anced same or opposite-label configurations, consistent with
Corollary 3.

Figure 2(b) validates the low-degree scenario highlighted
in Corollary 2. In this scenario, we examine strong het-
erophily while avoiding aggregation of nodes that fall below
a certain degree threshold. The results demonstrate that ex-
cluding low-degree nodes (specifically, those with a degree
of 1-2) from aggregation can improve performance. This im-
provement is attributed to the complete signal cancellation
that occurs in low-degree nodes under strong heterophily
conditions. By avoiding these nodes, we can achieve better
performance. Conversely, preventing aggregation for high-
degree nodes results in a decline in performance.
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Figure 2: Case studies to empirically validate observations
from Theorem 1.

Exp–3. Oversmoothing Analysis Figure 3 shows AD-
GNN performance under varying layer depth. While tradi-
tional GNNs exhibit rapid degradation with increased depth,
AD-GNN variants maintain consistent performance across
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deeper layers, effectively mitigating oversmoothing. This ro-
bustness can be attributed to our adaptive layer mechanism,
which regulates information propagation to prevent exces-
sive signal degradation.
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Figure 3: Oversmoothing comparison.

Exp–4. Hyperparameter Sensitivity Analysis We anal-
yse the impact of hyperparameter λ for both homophilic and
heterophilic datasets in Figure 4. Degree distributions for
corresponding datasets are depicted in Figure 5.
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Figure 4: Sensitivity analysis of parameter λ on AD-GCN.

For all homophilic graphs (Citeseer, Pubmed, and DBLP),
the best results are achieved with λ = 0. This is primarily
because setting λ = 0 guarantees that every node is aggre-
gated at least once. According to Corollary 1, aggregation
under strong homophily is always beneficial.

Heterophilic graphs (Chameleon, Film, and Texas) ex-
hibit some interesting deviations. Chameleon performs bet-
ter when nodes have at least one aggregation layer (i.e.,
when λ = 0). This is mainly because most nodes have mod-
erate to high degrees, which makes aggregation beneficial
(as noted in Corollary 2). In contrast, the majority of nodes
in Texas and Film have lower degrees (1-2). According to
Corollary 2, under strong heterophily, low-degree nodes ex-
perience signal cancellation (i.e. αv = 0) during the ag-
gregation process. Therefore, setting λ > 0 (meaning some
nodes do not aggregate at all) would improve performance.

(a) Citeseer (b) Pubmed

(c) DBLP (d) Chameleon

(e) Film (f) Texas

Figure 5: Degree distribution of datasets.

Exp-5. Scalability Analysis We assess the scalability of
AD-GNN using a large dataset (ogbn-arxiv) with varying
depths. The hidden layer size is fixed at 128 for all meth-
ods. Each model is evaluated based on the number of learn-
able parameters, average runtime per epoch, and accuracy.
The results are depicted in Table 2. Both AD-GCN vari-
ants exhibit a reasonable increase in computational com-
plexity compared to the base model, while providing perfor-
mance enhancements. Specifically, AD-GCNfast incurs mini-
mal computational overhead, with a parameter count similar
to that of GCN and a runtime increase of only around 5%.

Depth = 4 Depth = 8
# Param (K) Time (ms) Acc. (%) # Param (K) Time (ms) Acc. (%)

GCN 55.5 277.13 69.53 122.5 564.73 68.39
AD-GCN 88.5 405.85 70.32 155.6 655.52 70.63
AD-GCNfast 55.5 286.40 70.18 122.5 580.15 70.42

Table 2: Performance comparison of AD-GCN variants.

Conclusion, and Future Work
In this work, we provide novel theoretical insights into the
impact of layer depth on the classification quality of nodes
under varying homophily. Our findings indicate that strong
heterophily is not necessarily negative, and the aggregation
requirements of a node depend on the neighborhood label
distribution, and its degree. By applying our theoretical in-
sights, we develop a novel GNN plugin that adaptively deter-
mines the layer depth for each node, thereby improving their
classification quality. Experiments on diverse graph struc-
tures and multiple GNN backbones demonstrate that our so-
lution can consistently uplift classification performance.

We plan to offer a more detailed theoretical analysis with
relaxed assumptions in our future work. Furthermore, we
plan to learn the hyperparameter λ in a data-driven manner.
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P.; and Bengio, Y. 2018. Graph Attention Networks. In
International Conference on Learning Representations.
Wang, J.; Guo, Y.; Yang, L.; and Wang, Y. 2024a. Under-
standing Heterophily for Graph Neural Networks. In Forty-
first International Conference on Machine Learning.
Wang, J.; Guo, Y.; Yang, L.; and Wang, Y. 2024b. Under-
standing Heterophily for Graph Neural Networks. In Inter-
national Conference on Machine Learning, 50489–50529.
PMLR.
Wang, K.; Zhang, G.; Zhang, X.; Fang, J.; Wu, X.; Li,
G.; Pan, S.; Huang, W.; and Liang, Y. 2024c. The het-
erophilic snowflake hypothesis: Training and empowering
gnns for heterophilic graphs. In Proceedings of the 30th
ACM SIGKDD Conference on Knowledge Discovery and
Data Mining, 3164–3175.
Wang, R.; Mou, S.; Wang, X.; Xiao, W.; Ju, Q.; Shi, C.; and
Xie, X. 2021. Graph structure estimation neural networks.
In Proceedings of the web conference 2021, 342–353.

Wang, T.; Jin, D.; Wang, R.; He, D.; and Huang, Y. 2022.
Powerful graph convolutional networks with adaptive prop-
agation mechanism for homophily and heterophily. In Pro-
ceedings of the AAAI conference on artificial intelligence,
volume 36, 4210–4218.
Wu, F.; Souza, A.; Zhang, T.; Fifty, C.; Yu, T.; and Wein-
berger, K. 2019. Simplifying graph convolutional networks.
In International conference on machine learning, 6861–
6871. Pmlr.
Wu, Z.; Chen, J.; Al-Sabri, R.; Oloulade, B. M.; and Gao,
J. 2024. Depth-adaptive graph neural architecture search
for graph classification. Knowledge-Based Systems, 301:
112321.
Yang, K.; Tu, J.; and Chen, T. 2019. Homoscedasticity: An
overlooked critical assumption for linear regression. Gen-
eral psychiatry, 32(5): e100148.
Yang, Z.; Cohen, W.; and Salakhudinov, R. 2016. Revisiting
semi-supervised learning with graph embeddings. In Inter-
national conference on machine learning, 40–48. PMLR.
Yi, H.-C.; You, Z.-H.; Huang, D.-S.; and Kwoh, C. K.
2022. Graph representation learning in bioinformatics:
trends, methods and applications. Briefings in Bioinformat-
ics, 23(1): bbab340.
Yu, Z.; Feng, B.; He, D.; Wang, Z.; Huang, Y.; and Feng,
Z. 2024. LG-GNN: local-global adaptive graph neural net-
work for modeling both homophily and heterophily. In Pro-
ceedings of the thirty-third international joint conference on
artificial intelligence, 2515–2523.
Zhang, X.-M.; Liang, L.; Liu, L.; and Tang, M.-J. 2021.
Graph neural networks and their current applications in
bioinformatics. Frontiers in genetics, 12: 690049.
Zheng, X.; Wang, Y.; Liu, Y.; Li, M.; Zhang, M.; Jin,
D.; Yu, P. S.; and Pan, S. 2022. Graph neural networks
for graphs with heterophily: A survey. arXiv preprint
arXiv:2202.07082.
Zheng, X.; Zhang, M.; Chen, C.; Zhang, Q.; Zhou, C.; and
Pan, S. 2023a. Auto-heg: Automated graph neural network
on heterophilic graphs. In Proceedings of the ACM Web
Conference 2023, 611–620.
Zheng, Y.; Zhang, H.; Lee, V.; Zheng, Y.; Wang, X.; and Pan,
S. 2023b. Finding the missing-half: Graph complementary
learning for homophily-prone and heterophily-prone graphs.
In International Conference on Machine Learning, 42492–
42505. PMLR.
Zhu, J.; Rossi, R. A.; Rao, A.; Mai, T.; Lipka, N.; Ahmed,
N. K.; and Koutra, D. 2021. Graph neural networks with het-
erophily. In Proceedings of the AAAI conference on artificial
intelligence, volume 35, 11168–11176.
Zhu, J.; Yan, Y.; Heimann, M.; Zhao, L.; Akoglu, L.; and
Koutra, D. 2023. Heterophily and graph neural networks:
Past, present and future. IEEE Data Engineering Bulletin.
Zhu, J.; Yan, Y.; Zhao, L.; Heimann, M.; Akoglu, L.; and
Koutra, D. 2020. Beyond homophily in graph neural net-
works: Current limitations and effective designs. Advances
in neural information processing systems, 33: 7793–7804.

21725


