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Abstract

Graph neural networks are increasingly deployed in real-world settings where homophily cannot
be assumed, making robustness to oversmoothing a critical concern. This paper evaluates the ef-
fectiveness of two prominent oversmoothing mitigation techniques, GCNII and DropEdge, under
heterophilic graph conditions. While such methods are originally validated on homophilic citation
networks, their behavior in heterophilic regimes remains underexplored. An empirical comparison
was conducted across increasing depths on the heterophilic WebKB datasets, using GCN and Graph-
SAGE backbones, with classification accuracy used as the main evaluation metric. Results indicate
that oversmoothing emerges earlier and more severely for DropEdge in heterophilic graphs, leading
to pronounced performance degradation as depth increases. In contrast, GCNII maintained relatively
stable performance at greater depths.

1 Introduction

Graph Neural Networks (GNNs) are a class of deep learning architectures designed to operate directly
on graph-structured data. Formally, a GNN can be viewed as an optimizable transformation over all
components of a graph (its node features, edge attributes, and global structural context) while respecting
core graph symmetries [1].

Graphs provide an exceptionally versatile modelling framework, capable of representing a wide
spectrum of real-world systems in which entities interact in non-Euclidean ways [2]. Social networks,
citation networks, molecular structures, transportation systems, and knowledge graphs all naturally en-
code their information as nodes connected by edges. This flexibility has made GNNs a foundational tool
in modern machine learning.

Typical downstream tasks include node-level classification (e.g., detecting anomalies or classifying
individuals in a network), edge-level prediction (e.g., predicting new friendships or molecular bonds),
and graph-level tasks (e.g., predicting molecular properties or detecting fraudulent subgraphs) [1, 3].
Each task requires the model to propagate and refine information across varying neighbourhood radii,
which introduces both expressive opportunities and structural challenges, including, most notably, the
oversmoothing problem [4].

2 Oversmoothing Problem

A well-documented limitation of deep GNNs is oversmoothing [4, 5], a phenomenon in which node
representations become progressively indistinguishable as the number of layers increases. Because each
layer aggregates information from local neighbours, deeper architectures repeatedly mix information
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across larger neighbourhoods. Past a certain depth, this leads to a homogenization of node embed-
dings such that the model loses its ability to discriminate between distinct structural roles or feature
patterns [6]. Ultimately, oversmoothing degrades task performance, especially on graphs with sparse or
heterophilic connectivity [7].

3 Research Question

Our research seeks to evaluate how effectively two prominent techniques, GCNII and DropEdge, mit-
igate the oversmoothing problem in graph neural networks [8, 5]. We evaluate their performance on
heterophilic graph datasets to determine whether methods originally designed for homophilic settings
retain their advantage when node similarity assumptions break down.

4 GCNII: Deep Graph Convolution via Initial Residuals and Identity
Mapping

To mitigate the oversmoothing problem without sacrificing network depth, we utilize the GCNII archi-
tecture. Standard Graph Convolutional Networks (GCNs) suffer from performance degradation as layers
are added, primarily because repeated Laplacian smoothing renders node embeddings indistinguishable
[1, 4]. We adopt GCNII to enforce a structural memory that preserves node distinctness even in deep
networks [5].

The architecture is defined by two primary modifications to the standard propagation rule: Initial
Residual Connections and Identity Mapping.

4.1 Initial Residual Connections

In a standard deep GCN, the input features of the graph are gradually diluted as information propagates
through successive layers. To counteract this, GCNII introduces an initial residual connection that links
the smoothed representation at the current layer directly back to the original input layer H(0).

Figure 1: Information flow in GCNII. The initial residual connection acts as a tether, ensuring H(0)

contributes to the final embedding regardless of depth [5].

Formally, the update rule for a layer l incorporates the initial feature matrix H(0) via a smoothing
coefficient α:

H(l+1) = σ

((
(1−α)P̃H(l)+αH(0)

)
W (l)

)
(1)

This connection acts as a “tether” to the initial node features. Regardless of how many layers L the
network possesses—experimentally tested up to 32 layers in our research —the final embedding retains
a fraction of the original input signal. This ensures that the local node features are not washed out by the
aggregation of neighboring features.

2



4.2 Identity Mapping

The second component addresses the weight matrix degradation common in deep networks. GCNII
employs identity mapping, where an identity matrix In is added to the learnable weight matrix W at each
layer.

Figure 2: Identity mapping stabilizes the weight matrix W (l), preventing numerical instability and feature
collapse in deep layers.

In the context of heterophilic graphs, where neighbours often possess dissimilar labels, this fea-
ture is decisive [7]. It allows the network to selectively aggregate information from neighbors while
maintaining the unique identity of the central node via the identity matrix In.

5 DropEdge: Deep Graph Convolution via Random Edge Removal

DropEdge is a flexible technique designed to facilitate the training of deep GCNs by randomly removing
a specific rate of edges from the input graph during each training epoch [8]. By doing so, it acts as
a data augmentation tool, generating varied, deformed copies of the original graph to increase data
diversity and prevent over-fitting. Simultaneously, it functions as a message-passing reducer; because
message passing occurs along edge paths, thinning these connections makes the graph sparser, which is
crucial for building deeper architectures. This process is unbiased, as it does not change the expectation
of neighbour aggregation after weight normalisation [8]. The fundamental operation of DropEdge is
defined by the modification of the graph’s adjacency matrix at each training epoch:

Adrop = A−A′

This equation states that the new adjacency matrix (Adrop) is created by taking the original adjacency
matrix (A) and subtracting a sparse matrix (A′) that contains a random subset of edges.

Epoch 1 Epoch 2 Epoch 3

Figure 3: DropEdge samples a different sparsified graph at each training epoch
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5.1 DropEdge’s Theoretical Mechanisms for Mitigating Oversmoothing

DropEdge mitigates the oversmoothing problem through two primary theoretical mechanisms [8]:

• Slowing convergence: It reduces the speed at which node features converge towards a common
subspace. Mathematically, it increases the value of the relaxed ε-smoothing layer, allowing the
network to be deeper before features become indistinguishable.

• Reducing information loss: Information loss is measured by the gap between the original space
dimensions and the converging subspace. DropEdge increases the dimension of the converging
subspace, thereby preserving more information from the input features as the network deepens.

N −dim(M)> N −dim(M′)

N is the total number of nodes, and dim(M) is the dimension of the subspace the features converge
to; a larger gap represents more information loss. When DropEdge removes enough edges to make a
connected component disconnected, it increases the dimension of the subspace M. This reduces the gap
(N −M), meaning that even if the network is extremely deep, the features retain more information from
the original input than they would on the original, more densely connected graph.

6 Methodology

The methodology was designed to compare classification accuracy across training, validation, and test
splits, with test accuracy serving as the primary benchmark metric. Comparative evaluation focused on
isolating performance differences between GCNII and DropEdge under controlled conditions.

6.1 Dataset utilised

Experiments were conducted on the WebKB benchmark dataset, which consists of the Texas, Cornell,
and Wisconsin graphs. These graphs are constructed from university web pages, where nodes correspond
to individual pages and edges represent hyperlink relationships between them. Node labels indicate page
categories such as student, faculty, course, and project pages.

The WebKB graphs are commonly classified as heterophilic due to the predominance of edges con-
necting nodes belonging to different classes [7, 9]. This structural characteristic contrasts with ho-
mophilic graph settings, in which nodes are more likely to connect to others sharing the same label. In
WebKB, intra-class connectivity is sparse, and label similarity among neighboring nodes is low, result-
ing in weak alignment between node features, local neighborhoods, and class labels.

This heterophilic structure poses a challenging evaluation environment for graph learning models,
particularly those relying on neighborhood-based aggregation mechanisms. Consequently, the WebKB
dataset has been widely adopted as a benchmark for assessing model robustness under irregular connec-
tivity patterns, structural anomalies, and settings where homophily assumptions do not hold.

6.2 Experimental setup

Both GCNII and DropEdge were evaluated across 2, 4, 8, 16, and 32 layers (with computational limits
preventing extensions beyond that). For comparison, the baseline GCN and GraphSAGE models were
also implemented to isolate the impact of architectural design on depth scalability [1, 3].

To verify the reliability of implementations, results from the original papers on benchmark citation
networks were replicated. Our reproduction closely matched the reported outcomes. Notably, the GCNII
authors provide official WebKB implementations for their GCN baselines, lending further confidence to
the validity of their comparative claims, whereas DropEdge was primarily benchmarked on homophilic
citation graphs.
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7 Code

Working of the two sub-methods in the GCNII mitigation technique

def forward(self , x, x0 , adj):

"""

x:Current␣layer␣node␣features␣(H^l)

x0:Initial␣input␣node␣features␣(H^0)

adj:Normalized␣adjacency␣matrix␣(A_hat)

␣␣␣␣"""

# 1. GRAPH CONVOLUTION & INITIAL RESIDUAL

# Smoothes features and anchors them to the initial input features

support = (1 - self.alpha) * torch.spmm(adj , x) + self.alpha * x0

# 2. IDENTITY MAPPING

# Pushes the weight matrix toward Identity to prevent

over -transformation

# Beta decreases as depth increases: beta = log(lambda/l + 1)

output = (1 - self.beta) * support + self.beta * torch.mm(support ,

self.weight)

return self.activation(output)

Working of random edge masking and adjacency re-normalisation logic implemented in DropEdge

def apply_dropedge(adj , drop_rate , training=True):

"""

␣␣␣␣adj:␣Adjacency␣matrix␣(A)

␣␣␣␣drop_rate:␣Fraction␣of␣edges␣to␣drop␣(p)

␣␣␣␣training:␣Train␣or␣evaluation␣mode

␣␣␣␣"""

# Use full graph during validation/testing

if not training:

return normalize(adj)

# 1. RANDOM EDGE MASKING

# Acts as regularisation by reducing oversmoothing in deep GNNs

edge_mask = random_bernoulli_mask(adj , keep_prob =1 - drop_rate)

adj_drop = adj * edge_mask

# 2. ADD SELF -LOOPS

adj_drop = adj_drop + identity_matrix(adj_drop.shape [0])

# 3. ADJACENCY RE-NORMALISATION

degree = compute_degree(adj_drop)

D_inv_sqrt = inverse_sqrt_diag(degree)

adj_norm = D_inv_sqrt @ adj_drop @ D_inv_sqrt

return adj_norm

8 Conclusion

Depth-robust graph neural network architectures were observed to exhibit fundamentally different be-
havior on heterophilic datasets compared to the homophilic benchmarks on which they were originally

5



validated. Through evaluation of GCNII and DropEdge across multiple WebKB subsets and increas-
ing network depths, empirical evidence was obtained indicating that oversmoothing emerges earlier and
with greater severity in heterophilic settings. As a result, conventional regularization techniques such
as DropEdge were found to be substantially less effective. In contrast, the identity mapping and initial
residual connections employed by GCNII were shown to preserve discriminative node representations
even at increased depth, indicating greater suitability for real-world networks in which relational simi-
larity cannot be assumed.

These findings are significant for two primary reasons. First, a large portion of graph neural network
research and downstream applications implicitly assumes homophily, which can lead to misleading as-
sessments of model reliability when applied to heterogeneous or noisy graphs. Second, several high-
stakes application domains, including cybersecurity, fraud detection, biological interaction networks,
and irregular web-graph analysis, are inherently heterophilic. In such settings, models that suffer from
oversmoothing risk suppressing critical anomalies or rare structural patterns.

By demonstrating that architectural design plays a decisive role in depth scalability under het-
erophilic conditions, these results highlight the necessity of context-sensitive evaluation of graph neural
networks rather than reliance on performance reported solely for citation network benchmarks.

8.1 Future work

Future extensions of this research could explore:

• Scaling experiments to 64 and 128 layers to evaluate the true depth limits of GCNII and identify
the breaking point of over-smoothing.

• Investigating DropGNN, an alternative approach that removes nodes rather than edges, potentially
suppressing noise by pruning inactive or weakly informative nodes [10].

• Incorporating adaptive node and edge pruning strategies into DropEdge to enable application-
specific sparsification.

• Applying the models to additional heterophilic datasets (e.g. Actor, Amazon, Chameleon) to as-
sess the generalisability of the observed trends.
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