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Abstract. Many Graph Neural Networks (GNNs) in the literature are based
on message-passing, which introduces a strong learning bias that may fail
to capture critical relational information encoded in the edges of the graph,
particularly in tasks where the structural role of edges is as significant as that
of nodes, such as in chemical molecular analysis or social network dynamics.
We propose a novel architecture inspired by line graph theory that explicitly
models edge adjacencies, iteratively transforming a graph into its corresponding
line graph. Differently from message-passing, the iterative application of this
transformation enables the exchange of information among non-adjacent nodes,
allowing for the capture of complex topological dependencies, which standard
GNNSs overlook. Experiments on standard benchmarks show promising results.

1 Introduction

Despite their effectiveness, the vast majority of existing graph neural models, e.g.,
Graph Convolutional Networks (GCNs) [1], operate on local information aggregation,
where each node aggregates (possibly weighted [2]) information only from its immedi-
ate neighbors. This approach may limit a model’s ability to capture long-range depen-
dencies effectively and create some undesirable phenomena, such as over-smoothing.

Line graphs are intended to enhance connectivity within the graph and facilitate
long-range interactions; they can provide an alternative and intriguing mechanism
to deal with a graph’s topological information [3]. In this paper, we propose a novel
framework based on the idea of iteratively computing line graphs, mapping an input
graph to a sequence of line graphs that allow the exchange of information across both
intra-graph and inter-graph levels. This approach aims to learn rich hierarchical
embeddings capable of modeling complex topological dependencies. We empirically
evaluate the proposed approach on several commonly adopted graph classification
benchmarks. We conducted experiments on several standard benchmark datasets
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aimed at identifying the viability of this research direction. The results are promising
and show that the proposed method performs comparably, and in some cases better,
compared to commonly adopted graph neural networks based on message-passing,
such as GCN and its variants.

2 Background and Related Works

Graph Neural Networks. GNNs have emerged as the preferred machine learning
model for addressing graph-related problems [4, 5]. The central idea is to design a
neural architecture that aligns with the graph’s topology. Let G =(V,E,X) be a graph,
where V' = {vy,...,v,,} denotes the set of nodes, ECV xV is the set of edges, and
X € R™*% is a multivariate signal on the graph nodes. We define A € R"*" as the adja-
cency matrix of the graph, where a,; =1 <= (v;,v;) € E. With N (v), we denote the
set of nodes adjacent to node v. A GNN leverages X and A to learn a representation
h, eR™ V veV. In general, the computation of h, is typically structured into two
key steps, namely aggregation A and combination C: h, =C(xy,A(xy :u €N (v)})).
A collects information from the neighboring nodes A/ (v), while C integrates this infor-
mation with the node’s own features x,,. The choice of A and C determines the specific
type of graph convolution. This mechanism is referred to as message passing [6].

Line Graph. Given a graph G with at least one edge, its line graph, denoted
by L(G), is a graph whose vertices are the edges of G, where two of these ver-
tices are adjacent if the corresponding edges are incident in G [3]. Since the line
graph of a graph is itself a graph, this process can be repeated, generating a se-
quence of line graphs. Formally, the iterated line graphs of G(9) are defined as
GO =L(GO),. .G =L(L,_1(G®)). If G is a non-trivial connected graph, its
line graph L(G) will also be connected. A key property is that the transformation
into a line graph tends to redistribute the degrees of the nodes [3], potentially leading
to a graph with stronger local connectivity and a more balanced degree distribution
compared to the original graph. In contrast, in message-passing models the spread of
information through the graph is determined solely by the adjacency matrix. In a line
graph, the incidence matriz B(G) € R"*™ has elements b;; =1 <= v; that are linked
to the edge e;,0 otherwise. This matrix can be used to define the adjacency matrix
of the line graph, as A(G) =B(G)B(G)T —D, and A(L(G)) =B(G)"B(G) —2I,
where D € R™*™ is the diagonal degree matrix of G, and I is the identity matrix [3].

Line Graph-based Neural Networks. Although line graphs have the potential to
enhance graph-based learning, their application remains largely unexplored. Cai et
al. [7] introduce LGNN (Line Graph Neural Network), a framework designed for link
prediction. In [8], the authors present a GNN model based on a family of multi-scale
graph operators that utilizes line graphs for the community detection problem.
Another approach to utilizing line graphs in defining a novel GNN model is presented
in [9], where the authors introduce Line Graph Contrastive Learning (LineGCL)
for node classification tasks. Liang et al. [10] recently introduced Line Graph Neural
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Networks for Link Weight Prediction (LGLWP), a method that leverages line graph
transformation and GCNs to learn link features.

Although these methods are formulated in terms of line graphs, they nonetheless
depend on message-passing as they apply it directly on the line graphs representations.
In contrast, our method seeks to construct a mechanism that acts as an alternative
to message-passing, thereby inducing a distinct implicit learning bias.

3 Iterative Line Graph Neural Network

In this section, we present the Iterative Line Graph Neural Network (ILGNN), a model
designed to capture higher-order structural information in graphs by propagating
features through a sequence of line graphs. In contrast to conventional GNNs that
rely on message passing over a fixed graph topology, ILGNN repeatedly transforms
node features into edge features, which then serve as node representations in the
subsequent line graph iteration.

Given an input graph G(©) | we construct a sequence of L line graphs {G ™ ..GH }.
For any level k, the graph G*t1) is the line graph of G*),| where the node set ¥ (++1)
corresponds to the edge set E*) and two nodes in G**1) are connected if their
corresponding edges in G*) share a common endpoint. This preprocessing step is
performed prior to training to ensure efficiency.

ILGNN Architecture. To propagate the features across the iterated line graph trans-
formations, the input features X of the root graph are first projected into a hidden
dimension d by means of a linear layer made of Layer Normalization, GELU activa-
tion function, and dropout: H(®) = Dropout(GELU(LayerNorm(X Wy +bg))),where
Wy € RFinxd and by € R? are learnable parameters. For each subsequent level
ke{l,...,L}, the node features of G+ are derived from the node features of G*).
Since a node w e V*#+D corresponds to an edge ey, =(u,v) € E®) its representation
hgf 1 i5 derived by aggregating the features of its constituent nodes v and v from
the previous level. This process effectively generates a novel representation for the
edge, which is in turn treated as a node in the subsequent line graph. The model
processes the hierarchy sequentially, generating node embeddings H(*) for each graph
level G). Specifically, let hq(ﬁ) be the feature vector of node u in graph Gj. For
every edge ey, = (u,v) in G, the model first retrieves the embeddings of the two
connected nodes, h,(tk) and hg,k). Then, to ensure permutation invariance with respect
to the ordering of nodes (i.e., (u,v) is the same as (v,u)), the model constructs two
concatenated vectors: z,, = [h&k) I hg,k)], Zyy = [hg)k) I hgk)]which are processed by
a Feed Forward Neural Network (FFN) that acts as the learnable function deciding
how to combine endpoint features into an edge feature. The outputs are averaged
to produce the final feature vector hé’j“) for the corresponding node in the next
level, computing hg’fjl) =2 (FFN(2yy) +FFN(2yu))

A global pooling operation aggregates information to form a graph-level repre-
sentation. The model has been tested with two pooling strategies: GraphNorm [11]
followed by a concatenation of mean, max, and sum pooling for each level; or a Set
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Transformer [12] has been used to aggregate features across all nodes, treating the
entire hierarchy simultaneously as a set { (9 ... H(F)}. The final classification is
performed by a FFN for the given task.

4 Experimental Evaluation

We compared our approach against four representative graph convolution operators:
GCN [1], GraphConv [13], GAT [2], and GNN-FiLM [14]. To ensure a fair comparison,
we performed rigorous fine-tuning and validation of hyperparameters for all models,
adhering to established guidelines for GNN architecture design [15].

Training was conducted using the ADAM optimizer with a cosine learning rate
schedule (starting at 0.01 and annealed to 0, without restarting), along with an Loy
weight decay of 5x 10~%. The batch size was set to 32 for all datasets, and each
experiment was run for up to 400 epochs.

Each baseline tested architecture incorporated Multilayer Perceptron layers
before and after the GC operator layers [15]. We adopted an 80%/10%/10%
train/validation/test split, ensuring that every configuration was run five times. The
final evaluation metrics were computed as the average performance on the test set
at the best validation epoch. The code and the hyperparameter grid used for the
grid-search are publicly available!.

Datasets.  All the methods considered in this study were empirically validated on five
widely used graph classification benchmark datasets. Specifically, we utilized three
datasets focused on bioinformatics problems: NCI1 [16], PROTEINS [17], D&D [18].
Additionally, we used two large social network datasets: IMDB-B and IMDB-M [19].

Results. Table 1 reports the average accuracy achieved by the proposed ILGNN and
the baselines. Our approach, based on line graphs, achieves superior performance
in two out of the five datasets, namely DD and PROTEINS, and it is the second best
in IMDB-M. Conversely, the GraphConv model, which leverages message-passing,
obtains better results on the remaining three datasets, while the other baseline archi-
tectures are inferior. This dichotomy suggests that the iterated line graph provides
a unique perspective for learning hidden representations, offering an alternative
to the widely adopted message-passing GNNs. Additionally, the final aggregation
with Set Transformer is validated as the best configuration only for the IMDB-M
dataset, while standard graph pooling yields the best outcomes for the other cases,
demonstrating that the line graph representations are expressive enough without
the additional transformation provided by the transformer.

5 Conclusion

In this paper, we propose a novel Graph Neural Network that introduces a new
methodology for computing topological node embeddings, providing an effective

Ihttps://github.com/paolofraz/ILGNN
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Table 1: Accuracy and standard deviation, in percentages, on the test set for the
best-validated models on all the datasets. The best performances are highlighted
in bold and the second-best are underlined.

Dataset \ GNN GNN-FiLM  GAT GCN  GraphConv  ILGNN

DD 779421 77,6420 77,6434 77,6424  78,4+3,6
IMDB-B 53,744,8 557425 71,7453 73,0£3,3  71,746,1
IMDB-M 41,1475 40,0422 505+2,7 50,9+2,5 49,2429
NCI1 79,0£2,1 80,2420 80,6+1,4 81,741,7 77,7413
PROTEINS 738430 74,1426 73,8423 75,0441  77,242,9

alternative to the traditional message-passing-based GNN embeddings. The proposed
ILGNN model is grounded in line graph theory, and unlike other line-graph-based
approaches in the literature, ILGNN eliminates the need for message passing and
instead leverages line graph representations to compute topological node aggregation,
creating a novel approach with a different learning bias. We evaluated ILGNN on five
standard graph classification benchmarks and compared it with commonly adopted
message-passing-based graph neural networks. The results demonstrate the promise
of the proposed approach, showing comparable performance and, in specific cases,
outperforming the considered baselines.

Future work will explore the theoretical properties of iterated line graphs for the ex-
pressivity of GNNs, and their application to edge-centric tasks such as link prediction.
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