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Abstract

Graphs are a powerful data structure for representing relational data and are widely used to
describe complex real-world systems. Probabilistic graphical models (PGMs) and graph neural
networks (GNNs) can both leverage graph-structured data, but their inherent functioning is dif-
ferent. The question is how do they compare in capturing the information contained in networked
datasets? We address this objective by solving a link prediction task and we conduct three main
experiments, on both synthetic and real networks. The first focuses on how PGMs and GNNs
handle input features, considering both their type and dimensionality. The second investigates
their robustness to noise injected either into node features or graph edges, while the third invest-
igates the impact of graph heterophily. PGMs do not necessarily require features on nodes, while
GNNs cannot exploit the network edges alone, and the choice of input features matters. We com-
pare standard GNNs architectures with three PGMs models, variants of stochastic block models.
We find that GNNs are outperformed by PGMs when input features are low-dimensional or noisy,
mimicking many real scenarios where node attributes might be scalar, missing or corrupted. When
high-quality, high-dimensional input features are available and the graph is assortative, both meth-
ods can achieve comparable performance on average, but with GNNs outperforming PGMs on a
fold-by-fold basis on real networks. Then, we find that PGMs are more robust than GNNs when
the heterophily of the graph is increased. Introducing noise into the edges amplifies these trends:
the GNN advantage on real assortative graphs diminishes, while the regimes in which PGMs out-
perform GNNs become even more pronounced. Finally, to assess performance beyond predic-
tion tasks, we also compare the two frameworks in terms of their computational complexity and
interpretability.

1. Introduction

Probabilistic graphical models (PGMs) combine principles from graph theory and probability theory to
model complex dependencies among random variables [1]. They offer a structured way to encode prior
knowledge and incorporate uncertainty, enabling efficient learning and inference in probabilistic terms.
In their standard framework, they are implemented with linear models and take a limited amount of
parameters as input. These models are usually designed from interpretable mechanistic principles guided
by domain-knowledge, which makes them inherently interpretable. For instance, the stochastic block
model (SBM) [2-5] is a popular example designed to represent networks where the mechanism guiding
edge formation is assumed to be driven by community structure. The learned latent community mem-
berships are parameters that can be directly interpreted to cluster similar nodes, and can be used to solve
link prediction tasks.

© 2026 The Author(s). Published by IOP Publishing Ltd
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On the other side, graph neural networks (GNNs) are designed to extend traditional neural net-
works to operate on graph-structured data [6—8]. Their main focus is on solving prediction tasks, tak-
ing advantage of the input relational data. They do so by learning representations on nodes by iterat-
ively aggregating information among local neighborhoods, using message-passing algorithmic updates
[9]. They make use of non-linearities and a large number of parameters to learn complex and expressive
node representations. These can then be used for tasks such as node classification, graph classification,
and link prediction.

While their main focus is fundamentally different, they are often used to perform similar tasks. For
instance, link prediction is a predictive task that is often adopted in PGMs as a model validation routine.
Similarly, the node representations learned by GNNs are often used to cluster nodes and efforts are
made to interpret them a posteriori. However, in the literature we lack a systematic empirical comparison
of these two paradigms under a unified experimental framework. Hence, in this work we compare them
on common grounds aiming at exploring their strengths and weaknesses, by providing insights into the
role of input features and graph structure.

A fundamental difference between PGMs and GNNss lies in their handling of input features. PGMs
do not necessarily require node attributes, as they can rely solely on the graph’s edge list. This allows
PGMs to function effectively even when node attributes are sparse or unavailable. However, if node fea-
tures are available and informative, there is no unique recipe for PGMs to incorporate them and exploit
their information. Instead, one has to make ad-hoc modeling extensions to be able to accommodate
them as input. In contrast, GNNs’ message-passing algorithm explicitly requires as input node features,
also when they may not be available or informative. In this work we consider three types of PGMs, all
variants of the SBM, and standard GNN architectures, and evaluate how their performance is affected
by performing experiments where we tune the informativeness, the dimensionality and the availability of
input features.

Then, we investigate the robustness of the models when increasing the heterophily of the graph, a
structural measure that has been investigated in applications of both modeling approaches and has been
shown to increase the difficulty of inference tasks. For this, we consider networks with community struc-
tures of different types, from highly cohesive communities to more dispersed and interconnected ones.
Since GNNs leverage the structural locality in graphs, we expect that high mixing between communities
makes it harder for the model to generalize, as it has been already discussed in [10-12]. In addition to
varying the level of heterophily, we also corrupt the graph connectivity by injecting noise into the edges,
to evaluate robustness against structural perturbations.

To provide a comprehensive evaluation, we conduct experiments on both synthetic and real-world
datasets. Synthetic datasets offer controlled environments where we can manipulate network properties
and systematically study the models’ behaviors under various conditions. Real datasets, on the other
hand, typically come equipped with informative feature-engineered vectors as input to the nodes. By
testing on both types of datasets, we aim to gain a holistic understanding of each model’s strengths and
limitations across different contexts. Table 3 provides a high-level summary of our main findings com-
paring PGMs and GNNGs.

2. Related work

Our aim is to directly compare PGMs and GNNs as distinct frameworks for handling network data.
This comparison is lacking in the literature, as these two types of approaches usually concern differ-
ent scientific communities, who adopt distinct languages and distinct model validation criteria, mak-
ing comparisons hard [13]. While PGMs are occasionally used as baselines in machine learning works
[14, 15], these comparisons are far from systematic. Similarly, existing studies [15, 16] highlight specific
performance gaps when comparing the two approaches, but do not provide an extensive comparison.
Our primary contribution is to conduct a systematic comparison of PGMs and GNNs by contrasting
their inner frameworks and empirically examining how they use input data, graph structure and node
features.

While several studies have explored hybrid approaches combining the strengths of PGMs and GNNs
[17-20], such as leveraging PGMs to enhance the explainability of GNNs [18, 20] or employing GNNs
to improve the scalability and efficiency of PGMs [17, 19], we think that a direct comparison between
these two frameworks would provide deeper insights into their respective advantages and limitations.
This will ultimately help identify more principled ways to combine them or develop models that better
leverage the strengths of both.

Our investigation is timely, as it addresses the growing recognition of specific GNN limitations and
a renewed interest in the principled insights PGMs can offer to enhance GNNs [13]. Prior work has
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shown that GNNGs often struggle when provided with insufficiently informative input features and when
the graph structure is heterophilic, as they cannot fully leverage graph topology alone to achieve robust
performance and strongly rely on input features [21, 22]. Moreover, node clustering is often tackled in
an unsupervised regime, where node labels are not available as input. In this setting, GNNs have exhib-
ited weaker performance compared to supervised or semi-supervised approaches [16]. Notably, even in a
semi-supervised setting, GNNs have been outperformed by the contextual SBM (CSBM) [15] on a node
classification task, underscoring the need for a broader investigation.

Finally, understanding when GNNs offer a clear advantage over simpler or more interpretable altern-
atives remains an underexplored question [23]. By addressing this gap, our study seeks to provide both
conceptual clarity and practical guidance, helping practitioners make more informed decisions about
model selection and deployment when working with network datasets.

3. Motivation for link prediction

We choose to compare the two frameworks on a link prediction task. Link prediction is a fundamental
task in network analysis, where the goal is to infer missing links or predict future connections between
nodes in a graph. Link prediction serves our objective of comparing PGMs and GNNs better than node
and graph classification because it directly aligns with both models’ core capabilities, thus allowing for a
fairer comparison.

On one hand, differently from a node classification task, link prediction does not require explicit
labels on the nodes, making it less reliant on external annotations. PGMs are in fact often deployed
on input data that only contain network edges, with no extra information on nodes, e.g. attributes.
Also, node classification often assumes that network structure is correlated with node labels, to be able
to learn from both types of input data. This makes it less general than link prediction, as it relies on
observing meaningful node labels, which should not be taken for granted in real datasets, as proved in
several works where extra information on nodes was shown not informative in learning from graphs
[24-27]. On the other hand, graph classification involves predicting a single label for an entire graph.
While this is useful for understanding a graph as a whole, it aggregates information across nodes and
edges, which can obscure model-specific performance nuances. Also, graph classification is often more
domain-specific, focusing on tasks like molecule classification in chemistry or document categorization,
while link prediction is a more universal graph problem valid across domains.

Link prediction is often deployed as a model validation task in PGMs, in particular in cluster-
ing nodes (e.g. community detection problem) in the absence of ground truth (GT) information.
Furthermore, as link prediction often involves a large number of node pairs, it is a valuable benchmark
to assess scalability, efficiency, and the ability to handle sparsity or large graphs. Despite its foundational
role in network analysis, link prediction often occupies a peripheral position in GNN research, making it
a particularly revealing task for assessing to what extent GNNs exploit graph connectivity beyond mere
message-passing.

Finally, link prediction offers the opportunity to assess a fundamental operational difference between
PGMs and GNNs: whereas PGMs directly model edge probabilities, GNNs must first learn node-level
representations and then map them to edge-level predictions. This distinction provides a clear test of
each model’s ability to capture pairwise relationships.

4. Background

PGMs and GNNs are different approaches to model network structured datasets. Both take as input data
A, the network adjacency matrix of dimension N x N, where N is the number of nodes. Its entry A;

is the weight of an edge between nodes i and j. Sometimes, network datasets contain node features X;,
F-dimensional vectors, where F is the number of features. PGMs may take them as input, but they are
not equipped by default to use them. This is in contrast with GNNs, that instead require a N x F input
matrix X to train the model.

We imagine a scenario when a practitioner is willing to analyze a network problem and its corres-
ponding dataset, and is agnostic on the model family GNN vs. PGM. Hence, we primarily consider
off-the-shelf implementations of various main models in each of these families, and refrain from using
models specifically designed for one main task. This also mimics the realistic scenario where the practi-
tioner does not know in advance if their dataset exhibits a specific structure. We make one exception by
including a heterophilic-adapted GNN to investigate in more detail results on heterophilic or disassortat-
ive datasets.
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4.1. PGM models

PGMs describe the dependencies among nodes via the edges of the network in a probabilistic way. We
focus here on a specific class of PGMs, namely generative models with latent variables, based on the
SBM [2-5]. These models use latent variables # that control explicitly the probability of observing a
given edge weight A;;, by defining a joint distribution P(A, ).

Approach. The probability of observing a given edge weight A;; is specified by a likelihood function
P(Ajj | 6), that defines the joint distribution P(Aj;,0) = P(A;; | §) P(6). Here, P(A; | ) models the forma-
tion of edges given the latent variables, while P(6) is a prior that expresses assumptions about the latent
variables before observing any data.

Input. The model takes as input the observed network structure, represented by the adjacency matrix A.
Optionally, node attributes (or covariates) X can be incorporated with ad-hoc modeling extensions.

Output. Using statistical inference techniques, the model produces estimates of the latent variables 6,
either as point estimates 6 or full posterior distributions P( | A). These are then used to estimate the
likelihood of a given edge weight A;; as:

P(Azjlé) or Epgjay [P(Aj] 0)]

Learnable parameters. These are interpretable latent variables 6 that govern the network’s generative
mechanism. For models assuming an underlying community structure, such as the SBM and the ones
considered here, these typically include:

e Node memberships (#;): a K-dimensional vector for each node i, where K is the number of latent
communities, defining each node’s membership to these communities (often with positive entries for
interpretability). For directed networks, distinct outgoing and incoming membership vectors u; and v;
are used, while for undirected graphs we set u; = v;. The memberships can be collectively encoded in
matrices U € RN*K and V € RNV*K,

o Affinity matrix (w): a K x K matrix controlling the density of edges between and within communities.
Its structure determines whether connections are mainly within (assortative) or across (disassortative)
communities.

The probability of observing an edge weight A;; is then expressed as:
P(A,j|9) :P(A,-j\ui,vj,w)7 (1)

In this work, we consider three variants of the SBM, which differ in the parameterization of 6§ and
in their statistical inference methods. The first two, MULTITENSOR [28] and MTCOV [26], rely on
maximum likelihood estimation via the Expectation-Maximization (EM) algorithm [29, 30], yielding
point estimates of the latent variables. The number of communities K is a fixed model parameter that
must be specified in advance and selected through cross-validation. The third model, BNP [31], adopts
a Bayesian non-parametric formulation and uses Markov chain Monte Carlo (MCMC) sampling [32, 33]
for inference, estimating the full posterior distribution of the latent variables. In this context, the term
non-parametric means that the number of communities K is not fixed a priori but is inferred directly
from the data during the inference process.

Among these, MTCOV is the only model that can also incorporate node attributes as input, allowing
us to assess the impact of using this additional information alongside the network adjacency matrix. In
appendix A.1 we provide more details on these models.

4.2. GNN architectures

GNNs [6-8] leverage neural network architectures to learn node embeddings from network-structured
data. Their core underlying mechanism is based on message-passing [34], in which nodes iteratively
aggregate information from their neighbors across layers guided by the relational structure encoded in
the adjacency matrix.

Approach. In this framework, each node updates its embedding hi(z), a vector of dimension Fy, by
aggregating the embeddings h(azi) of its neighbors at each layer ¢ in a message-passing fashion [9]:

B =0 (W0 P (W mG ) | @

j€O;
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where h(;fl) = {h]@*l) lj € M} contains the embeddings of the neighbors A; = {] |Ajj > 0}; PO is a
learnable message function (typically a linear map or a small Multi-Layer Perceptron (MLP)) that com-
putes messages from neighbors to node 7 and € is a permutation-invariant aggregation operator (e.g.
sum, mean or max). The update function $(*) combines the previous embedding of node i with the
aggregated neighborhood message, e.g. through concatenation, and then applies a non-linear transform-
ation, such as an MLP, to produce the new embedding hl@. The embeddings in the first layer are initial-

ized using the input node features h;o) = X;. The choices of the functions w(@, P, and ¢(5) differ based
on the architecture. Contrarily to PGMs, they usually entail non-linearities.

Input. The model takes as input both the observed network structure, represented by the adjacency mat-
rix A, and node attributes X. Differently from PGMs, in GNNs the features X are a necessary input and
they are used to initialize the node embeddings.

Output. The output of a GNN is a matrix H) € RN*!:, where each row contains the final layer embed-
dings hfL) for each node. These are learned via gradient descent to optimize a given cost function, which
is set depending on the desired task. Differently from PGMs, which return interpretable latent paramet-
ers (e.g. community memberships and affinity matrices), GNNs produce quantities that are not directly
interpretable. These embeddings serve as the basis for downstream tasks such as link prediction, node
clustering, or node classification, depending on the chosen loss function.

Learnable parameters. In addition to the node embedding vectors, GNNs learn weight matrices that
parameterize the message-passing functions, determining how node embeddings are transformed at each
layer. These weights, appearing inside $(*) and (¥} (and, when present, inside the aggregation function
), map node representations from their current feature dimension, either the raw input dimension
F or the previous hidden size F,_;, into the new embedding dimension F, of layer ¢. The choice of F,
controls the representational capacity of the model, allowing each layer to compress, preserve, or expand
the dimensionality of node embeddings as information propagates through the network.

The probability of existence of an edge (i, ) is calculated using the embeddings inferred in the final
layer L by applying a scoring function to pairs (hfL),h](L)). This has to be selected arbitrarily. In this
work we use the dot product:

P(Aij _ 1|h§L)7hj(L)) _Aj—o (hl(L) -h](L)) : (3)

where o(-) is the logistic function, a frequent choice that matches the binary cross entropy loss used in
training, but other choices have been explored in the literature, from concatenation to more complex
non-linear methods [35, 36]. The final embeddings can also be used for node clustering, e.g. by applying
K-means [37, 38] on them to assign cluster labels to nodes.

In our experiments, we employ four distinct architectures, which differ in how the message-passing
functions are defined. Graph attention networks (GAT) [39] use an attention mechanism inside the
aggregation function; graph autoencoders (GAE) [40] and graph variational autoencoders (VGAE) [40]
use an autoencoder approach to learn embeddings, with GAE being a non-probabilistic variant of VGAE;
H,GCN [41] is a GNN architecture specifically designed to handle heterophily. In appendix A.2 we
provide more details on these models.

A key difference from the PGMs discussed above is that standard GNNs implicitly treat the graph
as undirected during message-passing: information is aggregated symmetrically using the node’s neigh-
bors, without distinguishing between incoming and outgoing edges. This common practice is proven
convenient for node classification in homophilic networks, while it may be detrimental in heterophilic
settings [42]. To properly model directed graphs, the message-passing scheme must incorporate direc-
tional structure with ad-hoc choices, for example by using separate aggregations for incoming and out-
going neighborhoods [42—44], by processing source and target representations through separate graph
convolutional layers [45], or by designing message functions that explicitly encode edge direction as
part of the edge features [46]. We do not explore them here. Note also that the dot product used in
equation (3) is inherently symmetric. As a consequence, the reconstructed adjacency matrix satisfies
Aij = Ajh which implicitly matches the undirected assumption of standard message-passing GNNs. When
using GNN architectures with directional message passing, the decoder must also reflect edge asym-
metry, for instance through parametric asymmetric scores. Exploring the impact of these choices in link
prediction when modeling directed graphs is an interesting direction for future work.
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Table 1. Dataset statistics for the ten real datasets analyzed. N is the number of nodes; (k) is the average degree of a node; h is the edge
homophily ratio (i.e. the fraction of edges connecting nodes with the same class label [41], computed only for datasets with node
labels); F is the dimension of the node feature (when available).

Data Cora Citeseer PPI Peptides Reddit PolBlogs Email Chameleon Wisconsin Texas
Type Citation Citation Biology Biology Information Information Information Web Web Web
Directed No No No No No Yes Yes Yes Yes Yes
N 2708 3327 1750 338 228 1490 1005 2277 251 183
(k) 3.90 2.74 18.47  2.02 2.20 12.77 25.44 15.85 2.05 1.77
h 0.81 0.74 — — — 0.91 0.36 0.23 0.21 0.11
F 1433 3703 50 9 — — — 2325 1703 1703

5. Experimental details

5.1. Datasets

Synthetic data We generate synthetic networks with community structure using MULTITENSOR (details
are provided in appendix B). We assign K-dimensional membership vectors to nodes, assuming an
underlying community structure consisting of K overlapping groups. We then draw a K x K affin-

ity matrix controlling the density of edges between pairs of nodes. This follows the generative models
behind the PGMs considered here. Specifically, we generate directed networks of N € {100,1000} num-
ber of nodes; K =5 communities and average degree (k) € {5,20}. To control the heterophily of the net-
work, we manipulate the density of edges between nodes in different communities. Heterophilic have
larger off-diagonal elements of the affinity matrix. For each combination of size and average degree,

we generate one homophilic and one heterophilic network. We sample 10 networks for each parameter
configuration.

Real data We use ten real datasets from different domains, of varying size, sparsity, and homophily level,
as reported in table 1. Cora and Citeseer [47] are citation networks, nodes represent papers connected
by citation edges and features are bag-of-word abstracts. Although the original graphs are directed, we
employ the undirected versions [47] provided in PyTorch Geometric [48]. Protein—protein interaction
(PPI) [49] and Peptides [50] are biological networks, edges represent interactions between proteins and
similarity relationships between peptides, respectively, and features contain various protein and peptide
properties. Reddit [51], PolBlogs [52] and Email [53] are information networks, describing comments
between users in Reddit, links between political blogs and email communications between members of
an European institution, respectively. Chameleon, Wisconsin and Texas [54] are web page-page networks,
where edges represent hyperlinks between web pages and node features are bag-of-words representa-
tions. Seven of these datasets contain additionally labels on nodes, these are used to estimate the level
of homophily.

5.2. Cross-validation details

For each input network, we split the edges in training and test sets, and we employ a 5-fold cross val-
idation with a 80% — 20% split in training and test, respectively. For GNNs, we extract from the train-
ing set a validation set, corresponding to 10% of the entire dataset. We use the area under the receiver
operating curve (AUC) as link prediction metric. This tells the probability that a randomly selected exist-
ing edge in the test set is assigned a higher probability of existing than a randomly selected non-existing
edge. Its value ranges in [0, 1], with 1 corresponding to perfect reconstruction and 0.5 to random chance.

Hyperparameters tuning and algorithmic implementation For each model, we have used algorithmic
implementations available open source, see appendix A for details. For PGMs, we cross-validate the
number of communities K in MULTITENSOR and MTCOV, as well as v € [0,1] in MTCOV, a para-
meter tuning the contribution of A and X in the cost function; BNP learns K automatically via MCMC,
and we use 100 posterior samples, each obtained after 10 Metropolis-Hastings sweeps. For the GNN
models, we tune the following hyperparameters: learning rate € {0.001,0.01,0.1}; weight-decay €
{0.0001,0.001,0.01}; dropout € {0.0,0.3,0.5}; hidden dimension € {32,64,128}; and number of lay-
ers € {1,2}. Each GNN model was trained for 200 epochs with Adam optimizer [55] and binary cross-
entropy loss. We employ an early stopping criterion and we save the weights of the model minimizing
the loss on the validation set with a patience of 50 epochs.
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Figure 1. Structure-based vs. attribute-based features. AUC scores of link prediction in real datasets when giving as input different
types of features. For the PGMs, only MTCOV uses input features and the other two PGMs no feature at all. Bars and errors are
mean and standard deviation over 5 cross-validation folds..

6. The role of input features

One of the main differences between PGMs and GNN:ss is that the latter require node features X as
input, in addition to a graph adjacency matrix A. The choice of what features to give as input impacts
performance on downstream tasks [56] and it is not clear how to make this choice in general. This is
particularly relevant in datasets where there is no extra information besides the adjacency matrix, and
one has to come up with dummy features to feed into the GNN. For instance, in social network ana-
lysis, user demographic data may be obscured due to privacy concerns. In such cases, synthetic features
derived solely from the input graph, such as node degree and total node count, can been used as node
attributes [57-59]. Hence, our first step is to assess the role played by the nature of nodes features in
learning.

For this, we run a first experiment where we change the type of information and the dimensionality
of features given as input to GNNs and evaluate their impact on the performance of GNNs compared to
that of PGMs.

We experiment with two kinds of features: (1) a structure-based feature, that uses information about
the edges the node is linked to; and (2) an attribute-based feature, that uses existing node features (when
these are available).

In case 1, we assign to each node i the corresponding row in the adjacency matrix A; = [A;,...,Ain].
This information is readily available as it is a quantity simply derived from the input matrix A. We stress
that, when splitting the graph in training, validation and test set in our cross-validation link prediction
routine, we take into account the masking of the edges, and we feed the node with the masked adjacency
matrix row. Indeed, the training set feature only contains the links between nodes in the training set
graph, while for validation and test we progressively include the validation and test set links.

In case 2, the features are directly available only for 7 out of 10 real datasets. For the real datasets
that do not come equipped with engineered features, we assess their performance by simply feeding the
structure-based feature.

In the case of PGMs, as input features are not necessary, we employ node features only in the model
designed to take them as input, i.e. MTCOV. In this case we employ only one type of node feature, one-
dimensional and structure-based. In synthetic data, the feature corresponds to the argmax of the GT
membership vector of the node u;. In real data, where we do not have GT memberships, we assign to
each node the cluster obtained by applying K-means to the adjacency matrix row A; = [A;,...,AN]-

We find that GNNs’ performance is generally comparable in the two cases, see figure 1, except for
Peptides, where AUC is much higher in the structure-based case. This is also the only dataset with rel-
atively low-dimensional features (F =9). Feeding the high-dimensional adjacency matrix row improves
performance, which is generally comparable to that of PGMs. We find similar results for the synthetic
data, see figure 3. A closer inspection of the per-fold performance (see appendix C.3) reveals that on real
assortative datasets, GNNs outperform PGMs in roughly 80% of the folds, whereas on synthetic assort-
ative graphs PGMs outperform GNNs in about 65% of the folds. This last result is expected since syn-
thetic graphs are generated from one of the SBM variants.

This experiment shows that there are no clear advantages in utilizing an extra input feature X for
link prediction. Instead, one has to be careful in using all the information available, because adding a
feature can even hurt performance. Similar results have been found in previous works using PGMs [24—
27]. We stress that prior studies [60-62] have proposed strategies to handle missing features in GNN:ss,
specifically focusing on structural and positional encodings.
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Figure 2. High vs. low dimensional features. AUC scores of link prediction in real datasets when giving as input either the ori-
ginal feature of dimension F (Full) or the one clustered with K-means (Clustered), i.e. F = 1. For the PGMs, MTCOV takes one-
dimensional (Clustered) features by design and the other two PGMs no feature at all. Bars and errors are mean and standard
deviation over 5 cross-validation folds.
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Motivated by the above results, we assess the impact of the feature dimensionality F by reducing it to
one, clustering the feature vectors with K-means and giving the cluster label as feature. This mimics situ-
ations where the availability of node attributes is limited and one has access only to one type of inform-
ation, e.g. age or income in a social network. We find that GNNSs’ performance is significantly reduced
when the input feature is clustered and this happens for every dataset studied, see figures 2, 3 and S9.

In particular, in figure 3 we observe that on synthetic assortative graphs GNN performance increases
with graph size, which we attribute to the adjacency-row feature becoming higher dimensional. Instead,
MTCOV, which takes as input one-dimensional features by design, shows comparable performance to
that of the other PGMs and GNNs with full features. This performance is expected in the synthetic data,
but we find similar results also in the real datasets as well.

This shows a potential limitation of GNNs, the inability to either properly utilize a low-dimensional
feature or to discard it in favor of, for instance, a dummy high-dimensional feature like the structure-
based one considered above. This was also observed in a node classification task [63], where it was
shown how GNNs struggle in handling low-dimensional input features, and emphasized the benefits of
graph-related features over manually engineered ones. In addition, in [64] it was shown that using the
adjacency matrix row as an input feature substantially improves GNN performance in graph classifica-
tion tasks, compared to simpler structural features such as the scalar node degree.

In practice, this issue may not occur frequently, as it is standard practice when using GNNs to
employ high dimensional features, and when these are not available, one can always design them
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artificially, e.g. using the row of the adjacency matrix. However, the question is what to do when a low-
dimensional feature is indeed available and a practitioner expects this to be informative. This situation is
not uncommon when handling network datasets. While the underlying reasons for GNNs’ limited ability
to leverage low-dimensional features remain unclear, assessing suitable ways to combine high and low-
dimensional features to enhance prediction performance is an interesting direction for future work.

7. Robustness to noise

In the second experiment, we assess the robustness of the PGM and GNN models to noise injected into
node features or into graph structure.

Noisy features. We investigate the robustness to noisy features by systematically randomizing features of
randomly selected nodes and observing the impact on each model’s performance. This simulates scen-
arios where some node attributes might be missing or noisy. We perform this experiment on the real
datasets equipped with attribute-based features.

In the case of GNNs, we randomly shuffle the entries in the input vector of features X; =
(Xi1,Xi2, -, Xir), by applying a random permutation function 7 to its indices: x;huffled —

(Xiz(1)s Xin(2)s- > Xix(r)). We apply different permutations 7 to each node feature.

In the case of MTCOV, instead, we replace the single scalar feature with a number extracted uni-
formly at random from the range of possible clusters, i.e. the number of K-means clusters of the adja-
cency matrix row.

We measure the impact of feature randomization on a varying percentage of nodes: 0% (original
input features are intact); 50% (features are randomized for half of the nodes); and 100% (all nodes
have randomized features).

We find that PGMs are more robust when increasing the percentage of nodes whose features are ran-
domized, highlighting the stronger reliance of GNNs on input feature information, see figure 4. In par-
ticular, GAT and H,GCN appear to be overall more sensitive to noise compared to autoencoder-based
architectures (VGAE, GAE). This increased sensitivity can stem from the fact that noisy features are fur-
ther propagated through attention coefficients in GAT and through higher-order neighborhood aggreg-
ations in H,GCN, thereby amplifying the impact of the noise. Overall, the effect of noise is especially
pronounced when the input features have lower dimensionality, as in Peptides (F=9), or when the data-
set is heterophilic, as in Chameleon and Wisconsin.

The better performance of MTCOV may be explained by its ability to tune the hyperparameter
v, which controls the weight assigned to the two types of input data, adjacency matrix and node fea-
tures. This means that this model is able to discard or attenuate the impact of noisy features, by suit-
ably selecting this hyperparameter, e.g. with cross-validation. This result suggests to investigate ways to
incorporate a similar mechanism into GNNs, with the goal of learning directly from data what weight to
assign to structure versus node features when performing a given predictive task. One possible approach
for addressing this issue is to consider feature-propagation methods to handle missing or unreliable fea-
tures in GNNs [65], but this applies only under homophily and breaks down on heterophilic graphs.
Hence, a main challenge is to device methods that can be robustly applied on different underlying
structures.

Noisy edges. We evaluate the robustness of the models to noise in the graph structure by corrupting the
adjacency matrix portion used for training, while keeping the test set unchanged. This experiment is
performed on both real and synthetic datasets and allows us to assess how well each method generalizes
when trained on a perturbed structure but evaluated on the original unperturbed one.

To inject noise, we randomly select 20% of the positive entries (A;; = 1) and an equal number of
negative entries (A;; = 0) in the training adjacency matrix. For each selected entry, we flip the value
of A (i.e. removing an existing edge or creating a spurious new one) with probability 0.5, and leave it
unchanged otherwise. This results on an average of 10% corrupted entries.

For real datasets where attribute-based features are available, GNNs are fed these instead of structure-
based features. Conversely, for datasets that rely on structure-based features, we feed the GNN the ori-
ginal uncorrupted adjacency rows as node features. This ensures that performance changes reflect
robustness to noise in the graph structure rather than in the input feature vectors. Results are shown
in figure 5 for real datasets and in figure S10 for synthetic ones.

Resilience to randomly perturbed edges is overall comparable across models, as the difference
between AUC values in the unperturbed and perturbed datasets is distributed in the same range of val-
ues see figures 5 and S10. Overall, performance on assortative data generally suffers more than on disas-
sortative one, as its decrease is larger. This is more pronounced in GNNs, with the AUC difference being
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generally positive in the synthetic disassortative case, see figure S10. However, the per-fold scatterplots

in appendix C.3 reveal how edge noise affects the relative performance between PGMs and GNNs. On
real assortative datasets, where GNNs outperform PGMs in the unperturbed dataset in about 80% of the
folds, their advantage decreases under noisy edges to roughly 60%. On synthetic assortative datasets, the
PGM advantage increases, reflecting the same trend. For real disassortative datasets, where PGMs hold a
60% advantage (see section 8), this increases to 70%, whereas on synthetic disassortative graphs PGMs
become slightly less dominant (see section 8). Overall, edge noise weakens the regime in which GNNs
perform better, while amplifying the regimes where PGMs hold an advantage (except in the synthetic
disassortative case).

8. Resilience to increasing heterophily

Having studied in detail the role of input features in learning missing links, we now focus on comparing
the two frameworks for different network clustering structure. Specifically, the third experiment explores
the impact of increasing the heterophily (or disassortativeness) of the graph. This is the property of
observing nodes in different clusters more likely to be connected, which contrasts with homophilic (or
assortative) networks, where we expect nodes in the same cluster to have higher chances of being con-
nected. In PGMs, learning in disassortative networks has often been shown to be a more challenging task
than in assortative networks [28, 66—68]. Similar declines in performance in heterophilc networks are
also now increasingly investigated in GNNs [10-12].

In the synthetic case, we can directly manipulate the level of heterophily by varying the density of
edges between nodes in different clusters in the affinity matrix [28]. In real data, when extra node labels
are available, and assumed to be informative, we measure the homophily edge ratio h as the fraction of
edges in a graph which connect nodes that have the same class label, as done e.g. in [41]. A decreasing
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Figure 6. AUC scores of link prediction in real and synthetic heterophilic datasets when using the full feature. We compare the
AUC when feeding the GNN with structure-based or attribute-based features. For the PGMs, only MTCOV uses input features
and the other two PGMs no feature at all. Bars and errors are mean and standard deviation over 5 cross-validation folds.

value of h indicates increased heterophily. Four of the real datasets have h < 0.4. In the synthetic case we
compute h by assigning each node the label corresponding to the argmax of its membership vector.

We find that PGMs generally outperform GNNs when increasing the heterophily of the graph (both
synthetic and real), when given the full input feature, see figure 6. However, we also find that by giving
as input to the GNN the row of the adjacency matrix (structure-based feature) instead of the attribute-
based feature, the situation changes favorably. In this case, GNNs show similar performance to PGMs
in two real datasets (Email and Chameleon). In the synthetic case, PGMs outperform GNNs on each
dataset, even if GNNs are given adjacency rows as features. Differently from the synthetic assortative
case in figure 3, increasing the graph size, and thus the dimensionality of the adjacency-row feature,
does not generally improve the performance here. Consistent with these results, the per-fold scatterplots
in appendix C.3 show that on real disassortative datasets, PGMs hold a 60% advantage, while on syn-
thetic disassortative dataset the advantage grows to 90%, again in line with the fact that PGMs match
the underlying generative model.

This analysis applies to all GNN models, including H,GCN, which is explicitly designed to handle
heterophily. Nonetheless, even under these favorable conditions, H,GCN’s performance remains com-
parable to or lower than that of PGMs, suggesting that architectural adaptations alone may not fully
address the challenges posed by heterophilic graphs. This result highlights that while GNNs are expected
to be generally less robust in heteropilic graphs, performance could be improved by a better choice of
input features, rather than acting on a change in architecture design as proposed in [41, 69-71]. A sim-
ilar conclusion was also observed in node classification tasks [72], where GNN architectures were shown
to significantly improve their performance under good conditions of heterophily, specifically when nodes
sharing the same label also exhibit similar embeddings and neighbor distributions. Moreover, the phe-
nomenon of oversmoothing [73-76], which is commonly associated with poor performance on hetero-
philic graphs [70, 72, 77, 78], has been shown to be avoidable without altering the GNN architecture,
simply by increasing the variance of weight initialization [79].

9. Interpretability and complexity

9.1. Interpretability

PGMs and GNNs are inherently different in terms of their interpretability. The PGMs analyzed here

learn community membership vectors on each node. These could be either hard or soft, depending

on whether nodes are allowed to belong to more than one group. Memberships are quantities directly

interpretable as they provide clear insights into the community structure of the network. In addition,

the linearity of these models allows a direct mapping between these parameters and the probability of

observing an edge between two nodes. This is usually a design choice driven by mechanistic principles.
Unlike PGMs, GNNs learn embedding vectors, quantities that are not directly interpretable. Instead,

one has to make ad-hoc processing a posteriori to allow for interpretability [80] or design GNN models
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specifically to optimize for it [81]. A common choice is to cluster them with K-means [82-85], thus
assigning them one-dimensional labels. This is a simple and direct way to analyze GNN outputs and
matches our approach of prioritizing general-purpose GNN designs. Alternative and more advanced
interpretability techniques exist, but they require modifying the neural network architecture itself or the
loss function employed [84, 85]. Hence, we do not explore them here. Similarly, it is not directly clear
how to combine node embeddings to estimate the probability of an edge. One has to choose a function
that combines pairs of embedding, whose output is then associated to edges. Possible choices are the dot
product or a concatenation [35, 36].

To create a parallelism with the interpretation of communities in PGMs and the output GNNs’
embeddings, we visualize the memberships and embeddings in a two-dimensional plan by applying a
dimensionality reduction to these vectors using t-SNE [86]. We use a synthetic network as example, as
we have access to GT communities. We first notice how nodes that have a more pronounced mixed-
membership are placed on the border of their main community, closer to the other communities they
also participate in, see figure 7. This is somehow expected when plotting the GT u;, given their shape.
However, it is not trivial that the models are able to maintain this positional property in the inferred
parameters. We find that both MULTITENSOR and GAT are able to place more mixed nodes closer to
the border, as observed for the GT. For instance, nodes that belong to a large extent to two communit-
ies, are placed in between the two main clusters. However, while mixed-membership PGM:s allow for a
direct estimation of the mixed-membership, as this is their natural output, it is not clear how to extract
this information automatically and in a principled way (beside visual inspection) in GNNs from their
output embeddings, as they lack the innate ability to represent these memberships explicitly. To enhance
the interpretability of GNNs, one promising direction is to develop methods that enable the extraction
of interpretable mixed-membership information from their embeddings. Achieving this, however, would
require architectural modifications to GNNs, as done in [82].

Furthermore, we see how models favor different clusters in real data, for a similar model expressive-
ness, measured by similar AUC values. We show an example of this for the Citeseer dataset in figure 8,
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Table 2. Computational complexities for the models under analysis. N the number of nodes, E the total number of edges, E() the
number of edges between nodes that are connected via a 2-hop path, dmax the maximum degree across all nodes, K the number of
communities, Z the number of attribute categories, F the input feature dimension, Fy the hidden layer dimension, and L the number of
GNN layers.

Class Model Computational Complexity
PGM MT O(E-K?)
MTCOV O(E-K*+N-K-2)
BNP O(NIn(N?))
GNN GAE O(L-(E-F,+N-F-F))
VGAE O(L-(E-F,+N-F-F))
GAT O(L-(E-F,+N-F-F))
H,GCN O(E-dpax +L- (E+E®)-F))+N-F-F,)

where we plot the inferred parameters. In this example, BNP tends to place nodes in more and smal-
ler clusters, MULTITENSOR and MTCOV have similar result (we report only one), with 7 clusters with
low amount of mixed-membership, and GAT has one dominating larger cluster. All the AUC values are
between 0.89 and 0.93, indicating that the models are reconstructing A well, but they do so by learning
different partitions.

9.2. Computational complexity

In addition to interpretability, PGMs and GNNs also differ in their computational complexity, as shown
in table 2. We notice in particular that all the models are linear (or almost, in BNP) in the system size
(the number of nodes N or of edges E).

The main difference is in the multiplicative factors, which reflect each model’s internal design.

PGMs have the number of communities K (at most squared) and the number of node covariates Z (in
MTCOV). Since, in practice, K and Z have a similar order of magnitude and are typically much smaller
than N or E, the overall scaling remains manageable. GNNs have the number of layers L, the embedding
hidden dimension F;, and the input feature dimension F. Usually, L is kept small (e.g. 2 or 3), to pre-
vent issues such as oversmoothing [73-76], while the hidden dimension F; is larger (e.g. 128-512), but
still typically smaller than the number of nodes N or edges E. In contrast, the input feature dimension F
can be very high, even comparable to N in large graphs with rich node features.

Overall, while both PGMs and GNNs exhibit comparable asymptotic scaling with graph size, PGMs
are mainly affected by the quadratic dependence on K, which remains small in most applications,
whereas GNNs are sensitive to the potentially large product F- Fy. As a result, in graphs with high-
dimensional features, we conclude that GNNs can be substantially more computationally expensive than
PGMs.

An additional practical consideration is the burden of hyperparameter selection. For PGMs, model
tuning is limited to a small number of interpretable hyperparameters: the number of communities
K (MULTITENSOR, MTCOV); the parameter v (MTCOV); and parameters related to Monte Carlo
sampling, like burn-in period and number of samples BNP. In contrast, GNNs require tuning a sub-
stantially larger combination of hyperparameters, including learning rate, weight decay, dropout, hid-
den dimension, and number of layers, all of which must be carefully tuned to ensure stable training
and good convergence. Exploring this hyperparameter space introduces a significant computational over-
head that may far exceed the cost of a single model evaluation. As a result, hyperparameter optimization
becomes a non-negligible component of the overall computational cost for GNNs, further amplifying
their computational cost relative to PGMs.

10. Conclusions

In this work, we compare PGMs and GNNs in how they handle network data, and we conduct our
experiments on a link prediction task.

Our findings reveal that PGMs outperform GNNs when input features are either low-dimensional
or noisy, a common scenario in real-world networks where node attributes may be minimal or unre-
liable. Additionally, we observe that PGMs exhibit greater robustness to increasing heterophily of the
graph compared to GNNs. Interestingly we find that GNNs performance on heterophilic graphs could
be improved by a better choice of input features, as similarly shown for a node classification task in [16,
72]. When reliable, high-dimensional node features are available and the graph is assortative, GNNs can
achieve performance comparable to, or exceeding, that of PGMs.
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Table 3. Summary of empirical findings comparing PGMs and GNNs across different conditions. Symbol meaning: {f AUC > 0.85 or
noisy AAUC > 0.05; T AUC € [0.75, 0.85] or noisy AAUC € [0, 0.05]; | AUC € [0.65, 0.75] or noisy AAUC € [—0.05, 0]; || AUC
< 0.65 or noisy AAUC < —0.05; all values denote the mean AUC across folds and datasets (real and synthetic). Here, Z denotes the
number of attribute categories in MTCOV, while F denotes the input feature dimension for GNNs.

Criterion Condition Community structure PGM GNN
Feature type Structure-based Assortative T
Disassortative 1
Attribute-based Assortative — 0
Disassortative — U
Feature dimensionality High-dimensional Any — T
Low-dimensional Any T ()
Noisy input Features Any 1 ()
Edges Assortative (3 ()
Disassortative U T
Computational complexity Network size linear linear
Feature dimensionality small Z large F
Hyperparameters to tune fewer than 4 more than 4

However, an important advantage of GNNs lies in their flexibility in processing input features. Unlike
PGMs, GNNs do not rely on ad-hoc design choices to handle heterogeneous features, thus simplifying
their implementation and widening their usage. Nevertheless, recent work [87] suggests that it may be
possible to benefit from similar black-box tools as those used in GNNs to incorporate arbitrary types of
attributes as input to PGMs.

Moreover, previous studies have shown that linear models can outperform GNNs in link predic-
tion tasks [88, 89]. Given these limitations, GNNs should ideally be designed to learn automatically
whether to discard irrelevant features or to select what features to use, potentially incorporating struc-
tural information such as the adjacency matrix of the graph. In the absence of this additional learning
step, care should be taken when choosing what features to give as input.

We have focused on link prediction tasks. For this, GNNs require an additional step of mapping
node embeddings to edge-level predictions, unlike PGMs that directly model the probability of observing
an edge. One can expect that GNNs may demonstrate advantages on other types of tasks that require
direct usage of the output representation, e.g. in node classification. Investigating how the insights
derived from this work translate to other tasks is an interesting direction for future work. This would
require selecting PGMs that are able to handle input features, but also to consider as baseline for com-
parison standard neural networks that only use input features. We expect that the ability to discard or
attenuate uninformative features would play a similar role as the one we observed for link prediction.
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Appendix A. Details of the models

A.1. PGMs variants

The MULTITENSOR model [28]. In MULTITENSOR, the learnable parameters 6 = (u;,vj,w) are com-
bined through a bilinear tensor factorization:

K
M;; = E Uik VjiWk-
Py

4 https://github.com/MPI-IS/multitensor.
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The resulting expected edge weight M;; captures the interactions between latent communities, accom-
modating both directed and undirected networks. The values of M;; are used as link-prediction scores
in the AUC calculation on the test set, both for existent and non-existent edges. MULTITENSOR adopts
a mixed-membership representation, meaning that each node u; can have multiple non-zero entries cor-
responding to partial community affiliations. Each edge is modeled as a Poisson random variable with
mean Mj;, yielding the likelihood:

P(A;]0) =

This formulation naturally captures degree heterogeneity. The membership vectors u; and v; are non-
negative but not normalized, so their overall magnitude (e.g. their L, norm) is free to vary across nodes.
Nodes with larger membership magnitudes therefore yield larger expected values of Z]—M,j (or Y, Mj
for directed networks) and consequently higher expected degrees, without altering their relative affin-
ities toward different communities. This provides an implicit form of degree correction, avoiding the
need for an explicit degree-correction term. In contrast, a Bernoulli likelihood would require normal-
ized memberships to ensure probabilities remain in [0, 1], which constrains degree variability and makes
heterogeneity more difficult to represent.

Assuming conditional independence of edges given 6, this yields the overall network log-likelihood:

Lo(UV,w)=>" |Aglog | Y uwviwi | — > uicviwu | , (54)
ij k.l k1

where constant terms independent of the parameters have been omitted and the matrices U, V have as
rows the vectors u;,v;, respectively.

The MTCOV model [26]. MTCOV ° extends MULTITENSOR by jointly modeling the network struc-
ture and node covariates within a unified probabilistic framework. The structural component retains the
same tensor factorization of the parameters in § = (u;,v;,w) and mixed-membership representation:

K

M, = E Uik ViIWii
k=1

As in MULTITENSOR, the values of M;; serve as link-prediction scores. Node attributes are assumed to
be probabilistically generated from the same latent membership vectors that govern the network struc-
ture. A correlation matrix 3 € RX*Z captures the relationships between the K latent communities and
the Z attribute categories, explicitly modeling how node covariates influence both community formation
and connectivity patterns.

The observed node attributes are organized in a binary feature matrix XN*Z, where each row is a
one-hot encoded vector x; = (xi1,...,xiz) with x;; = 1 if node i belongs to category z and 0 otherwise,
ensuring Zlex,-z =1.

The probability of observing category z for node i is given by:

K
1
iz =5 ;Bkz (i +vie) (S5)

where (. represents the probability of observing category z given membership in community k. This
formulation ensures 7; = (71, ...,7;z) forms a valid probability vector where m;, € [0,1] and Zf:] T, =
1 for all nodes i.

The attributes are modeled using a multinomial distribution with parameter 7;, yielding the likeli-
hood:

Z
PX(Xi =X | U,V,ﬂ) = Hﬂ'gz . (86)

z=1

This formulation assumes attributes can be binned into a finite number Z of unordered categories.
Multiple attributes can be combined by encoding each combination as a distinct category.

3 https://github.com/MPI-IS/probinet.
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To satisfy the normalization constraints Z Tz = 1, the parameters are constrained such that

Zz:l B, = 1 for all communities k, and Zk:l Ui = Zk:l vit = 1 for all nodes i. Assuming conditional
independence of attributes across nodes, given the parameters, leads to the attribute log-likelihood:

K
U v, ﬂ Z lezlog 7th inzlog (; Zﬁkz (”ik + Vik)) . (87)
1,z k=1

i=1 z=1

The complete model combines both the network structure likelihood L5(U, V, W) and the node attribute
likelihood Lx(U,V,3) using a scaling parameter -y € [0,1] that balances their contributions:

»C(U,V7W7ﬁ):(1—’)/)ﬁG(U7V,W)+’Y,Cx(U7V,ﬂ) . (58)

This formulation allows flexible interpolation between purely using the network data (v =0) and purely
using the attribute data (y=1). The optimal value of v can be determined via cross-validation, it can
vary based on the specific application at hand.

The BNP model [31]. The Bayesian non-parametric (BNP®) model [31] adopts a microcanonical formu-
lation of the SBM, in which each node i is assigned to a single latent community ¢; € {1,...,K}, corres-
ponding to a one-hot encoded membership vector u;, and includes a K x K block edge-count matrix e
with entries ey being the number of edges between groups k and I

ey = ZAij(Sc,-,k(Sq,l )
ij
where 0 is the Kronecker delta. This formulation is valid for both directed and undirected networks. We
use the degree-corrected formulation, where the inter-block edge counts {ey} and the degree sequence
{d;} are fixed exactly. Thus, the parameter set is 6 = {c;,e,d;}, but only the community assignments {c¢;}
are learnable latent variables. All graphs sharing the same constraints are considered equally likely. The
likelihood of observing a network A given a partition {¢} is:

P(A[{a}) =

1
Q({eu}, {m},{di}) ’

where 1, is the number of nodes belonging to group k and Q({ey},{n},{d;}) is the number of distinct
graphs consistent with the specified inter-block edge counts, block sizes and degree sequences. In this
Bayesian non-parametric formulation, the number of blocks K is inferred automatically from the data
by maximizing the posterior P({c;} | A), using non-parametric priors. The posterior is maximized via
MCMC [32, 33], following the agglomerative heuristic proposed in [90]. In our experiments, we employ
the minimize_blockmodel_dl() function from the graph-tool library.

Link prediction is performed as follows. Denoting by §A;; an edge candidate in the test set, the plaus-
ibility of its existence used in the AUC calculation is evaluated via the posterior estimation using the
training set encoded in Ayin:

P(Atrain UOA | {c;
(SA | Atraln O( Z tAtram | {Cli) }) P({C;} | Atrain) ’

where the sum runs over Monte Carlo samples of the posterior. Here we consider 100 samples. We per-
form posterior sampling via repeated calls to the graph-tool function mcmc_equilibrate (), where each
of the 100 iterations executes 10 Metropolis-Hastings sweeps. For a fixed partition {c;}, the predictive
probability P(6Ajj | Again, {¢i}) is computed using the get_edges_prob() function from graph-tool.
AUC is computed over both existent and non-existent test edges.

A.2. GNNs variants
Graph attention networks (GAT) [39]. In GAT 7, aggregation is done with implicit interaction weights
a(xi,x;) as

NCSIPY P10} @a(hge),hf@) » (hj(é)) . (S9)

j€O;

6 https://graph-tool.skewed.de/.
7 GATConv layer from https://github.com/pyg-team/pytorch_geometric [48].
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The weights a(hl@),h;e)) are learnable ‘attention’ coefficients that encode the relative importance of
neighbor j when updating node i. Note that these are feature-dependent, as they depend on the embed-
dings hl@ and hj(e). The operator € is instantiated as a simple summation.

Following the formulation in [39], the attention coefficients are computed as:

ejj = LeakyReLU (aT [thé) I Wh]@ D eR, (S10)
GO .. 1C)
e (hi b ) = softmax;(e;) = S ep e (e (S11)

where a' € R is a learnable vector of parameters, W € R "XF is a weight matrix that transforms an

F-dimensional representation hfe) into a (usually) lower-dimensional representation of dimension F/,
and || denotes concatenation operation. To enhance stability and expressiveness, we employ multi-head
attention. In all our experiments, we fix the number of heads to two and concatenate their outputs.

GAE and VGAE [40]. GAE and VGAE ? extend GNNs with an autoencoding framework in which the
goal is to learn latent node variables Z € RN*P, where D is the dimensionality of the latent space. The
two models differ in a fundamental way: GAE provides a deterministic encoding, while VGAE is a prob-
abilistic variant that learns an approximate distribution over latent representations.

In both cases, the model uses a network likelihood function as:

p(A,-j:1|zi,zj):J(z;—zj), p(A|Z)= Hp Aijlzi,z)

where the z; are the rows of the matrix Z. Training is done using a two-layer Graph Convolutional
Network (GCN) [91], meaning using two successive message-passing layers of the form:

00— (19 Beys (1) ge
jED;

where the operator @ denotes summation over neighbors and ¢;; are coefficients determined by the
nodes’ degrees.

GAE (non-probabilistic). This minimizes a binary cross-entropy loss as in equation (S16) to compute
deterministic embeddings:

7=H® gz =p".
VGAE (probabilistic variant). This maximizes a variational lower bound (ELBO):
L =Eyzax llogp(A|2)] — KL[q(Z| A, X) |[p(2)],

where KL[-] denotes the Kullback—Leibler divergence [92]; the prior factorizes as p(Z) = [[. N'(zi | 0,1);
and one learns a probabilistic representation by estimating a variational posterior over Z, following the
Variational Autoencoder (VAE) framework [93, 94]:

N
q(Z]| A, X) :H zi | AX), q(zi | A,X) =N (2 | pi,diag (07)), (S13)

with mean 4 and log-variance logo produced by the two-layer GCN:

u=GCN, (4,X), logo = GCN, (A, X). (S14)

H,GCN [41]. H;GCN ? accounts for the fact that in heterophilic networks neighboring nodes may have
dissimilar features and labels, unlike standard GNNs that instead assume similarity. It does so by specific

design choices such as separate d)fe) and ¢gi) for self and neighbor embeddings, skip connections, and
embeddings from second-order neighbors.

8 https://github.com/DachanKim/vgae_pytorch/.
9 https://github.com/GitEventhandler/H2GCN-PyTorch.
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A representative layer update is:

o). D). B el

j€d ko

Here, vi¢ transforms the node’s own embedding, 1,10, aggregates information from its first-order

neighbors 0;, and v,.p,, aggregates information from its second-order neighbors 8i(2). In all cases, the
operator € denotes summation.

These design elements have been shown to mitigate the oversmoothing effect [73-76], which is
known to worsen GNN performance in heterophilic settings [70, 72, 77, 78].

A.2.1. GNNs training

Learning is done by optimizing a given cost function, which depends on the task. As we focus on link
prediction and node clustering, we use binary cross-entropy on the adjacency matrix (in our experi-
ments we consider binary A). In the link prediction setting, the model is trained to assign high scores to
existent edges, i.e. the pairs of nodes (i,7) for which an edge is observed in the network, and low scores
to non-existent edges, i.e. node pairs that do not share an edge. Let E denote the set of observed edges
and E~ a set of sampled node pairs with no edge (negative samples). The corresponding binary cross-
entropy loss is:

£==>toga(n" -n) = 3 tog(1-o(n”-n")), (S16)
(

i.j)€E (i) €E~

where o(-) denotes the logistic function. The VGAE loss combines this binary cross-entropy reconstruc-
tion with the KL divergence term.

Appendix B. Synthetic dataset details

We generate the synthetic networks following the generative modeling provided by MULTITENSOR [28].
The network consists of N nodes and its connectivity is described by an adjacency matrix A, where A;;
represents the number of edges from node i to node j. The networks are generated probabilistically,
assuming an underlying structure consisting of K overlapping groups. Each node belongs to each group
to an extent described by a K-dimensional membership vector. In order to generate directed networks,
each node i has two membership vectors, u; and v;, which determine how i forms outgoing and incom-
ing links, respectively. When modeling undirected networks, we set u; = v;. Then, the density of edges
within and across communities is regulated by a K x K-dimensional affinity matrix w.

Given the parameters u;, v;,w, we sample entries A;; of the adjacency matrix from a Poisson distribu-

tion as:
A,‘j ~ Pois (Ml]) (817)
K
M;; = Z UikVieWie - (S18)
k=1

In our current applications, we concentrate on the sparse case, where Mj; is small, and we then clip
Ajj to consider only binary entries A;; € {0,1}. Although we ultimately clip A; to binary entries, we use
the Poisson distribution because it provides a natural and interpretable framework for handling degree
heterogeneity. While the membership vectors #; and v; have nonnegative entries, the model does not
impose normalization constraints on them. This design allows for degree heterogeneity by learning
higher overall entries (and thus a larger L, norm of u; and v;) for high-degree nodes. A node with a
large membership vector will have higher Mj; values, leading to a higher expected number of connec-
tions, without altering its relative preference for different communities. Therefore, this framework nat-
urally handles realistic variations in node degrees without requiring explicit degree-correction mechan-
isms, a property that is not as straightforwardly captured by a Bernoulli distribution. Notice also, that in
sparse datasets of large enough size as it is the case in our experiments, a Poisson distribution approxim-
ates a Bernoulli one.

To generate networks with either assortative or disassortative community structure, we control the
form of the affinity matrix w, which governs the interaction strengths between latent communities. In
the assortative setting, w is generated as a one-dimensional array of size K, corresponding to a diagonal
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Figure S9. High vs. low dimensional features. AUC scores of link prediction in real and synthetic datasets when giving as input
either the original feature of dimension F (Full) or the one clustered with K-means (Clustered), i.e. F = 1. For the PGMs,
MTCOV takes one-dimensional (Clustered) features by design and the other two PGMs no feature at all. Bars and errors are
mean and standard deviation over 5 cross-validation folds.

affinity matrix. This implies that nodes are more likely to connect within their own community, result-
ing in higher intra-community edge density. In contrast, for disassortative networks, w is sampled as a
full K x K matrix, where the off-diagonal entries enable significant interactions between different com-
munities. The entries of w are independently drawn from a Gamma distribution with shape and rate
parameters both equal to 1.0, i.e. wg; ~ Gamma(1.0,1.0). Node community memberships u; and v; are
drawn from a symmetric Dirichlet distribution u;,v; ~ Dirichlet(a1), with ov = 0.05 ensuring that each
node predominantly belongs to a small subset of communities, and 1 being a K-dimensional vector with
entries equal to 1.

To summarize, the parameters of the SBM are generated as:

u;,v; ~ Dirichlet (a1) with o =0.05, foreachnodei=1,...,N (S19)

Gamma (a,b) forallk,f € {1,...,K} (disassortative)
Wie ~ . (520)
Gamma (a,b) - §g¢  (assortative)

where 0y is the Kronecker delta ensuring a diagonal matrix in the assortative case and a =b = 1.0 in
both cases.

We generate directed networks of N € {100,1000} number of nodes; K =5 communities and average
degree (k) € {5,20}. For each combination of size and average degree, we generate one homophilic and
one heterophilic network. We sample 10 networks for each parameter configuration.

Appendix C. Additional plots

In this section, we present additional plots complementing the ones presented in the main manuscript.

C.1. Clustered feature additional plot

In figure S9 we present an additional plot complementing the clustered features experiment presented in
section 6. We further illustrate the performance of GNNs when fed either the full input feature or the
clustered one on both real and synthetic datasets. As shown previously in figures 2 and 3, we observe a
significant drop in GNN performance when the input features are clustered, and this effect is consistent
across most datasets. The difference in performance between full and clustered features tends to be smal-
ler when the input is already low-dimensional, as in the case of Peptides (F =9), or when the full feature
performance is already low, such as in the disassortative synthetic setting.
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graph. Results correspond to one synthetic sample. The AUC score variation is calculated as the difference between the AUC,
and the original AUCy, corresponding to the case where 0% of edges are corrupted. Markers and errors are mean and standard
deviation over 5 cross-validation folds.

C.2. Noisy edges additional plot

In figure S10 we present an additional plot complementing the noisy edges experiment presented in
section 7. We show results on synthetic data. We observe that performance is generally better, i.e. mod-
els are more resilient to noisy edges, than in real data. In several cases, the difference in AUC calculated
on perturbed and on unperturbed data is around 0 (accounting for error bars). As shown in figure 5
for real data, assortative graphs are more affected than disassortative ones, except for MTCOV. Notably,
several models exhibit a positive AUC difference on the synthetic disassortative data.

C.3. PGM vs. GNN scatterplots

To complement the results presented in the main manuscript, we analyze the performance of PGMs and
GNNss in greater detail by comparing their per-fold AUC scores. This allows us to assess the relative per-
formance of the models fold-by-fold, going beyond averages and standard deviations. Each point in the
scatterplots corresponds to one of the 5 cross-validation folds, plotted as (AUCgnn, AUCpgMm ). Points
above the diagonal indicate that the PGM performs better on that fold, while points below indicate that
the GNN does. For each subplot, we also report the percentage of folds won by each model family.

We compare the per-fold performance for both real and synthetic datasets. For real datasets where
features are available, we report either the attribute-based or structure-based GNN performance, selecting
whichever achieves the highest score. All plots correspond to the case where the feature dimensionality
is kept full and the feature vector entries are not randomized, i.e. no injected feature noise. We focus
on both the original graphs and their corrupted versions, in which a fraction of the edges has been
randomly perturbed (section 7). This side-by-side comparison highlights whether corrupting the graph
changes which model family dominates on each dataset.

In figure SI1 and S12, we see that edge noise generally shifts performance in favor of PGMs on real
data, reducing the advantage of GNNs on assortative graphs and amplifying the advantage of PGMs on
disassortative ones. In figure S13, we observe the same shift for synthetic assortative graphs (with an
amplified PGM advantage), whereas in figure S14 GNN performance improves under noise for the syn-
thetic disassortative ones, yet remains lower than that of PGMs.

20



10P Publishing J. Phys. Complex. 7 (2026) 015008 M Lapenna and C De Bacco

o VGAE o GAE & GAT & H2GCN ® GNN > PGM s PGM = GNN

GNN > PGM = 0.79, PGM = GNN = 0.21

6 Cora Citeseer PPI Peptides Reddit Polblogs
% 0.9 e J . 4 m_A °® .@”‘ ¢ | .
z r. 3 L T g » p
g rd w4 a - "0 N - : h N
z 08 v - 1
GNN 1.00 GNN 1.00 GNN GNN 0.95 GNN 0.35 GNN 1.00]
BNP 0.00 BNP 0.00 BNP 0.00 s‘“ BNP 0.05 BNP 0.65 BNP 0.00 e “
Lo - - - - -
e ) =T iy ]
z 7 e o WPy = B
<0.8 - - N '
GNN 1.00 GNN 1.00 GNN 0.00 GNN 0.70 ‘GNN 0.00
MT 0.00 MT 0.00 MT 1.00 MT 0.30 MT 1.00
1.0
809 ‘om o | ’
5 # ~ meme o ddny _
> 0.8 E - o 2 -
< GNN 1.00 GNN 1.00 GNN0.55 GNN 0.95 [WH [ ]
MTCOV 0.00 MTCOV 0.00 MTCOV 0.45 MTCOV 0.05 MTCOV 0.00
0.8 0.9 1.0 0.8 0.9 1.0 0.8 0.9 1.0 0.8 0.9 1.0 0.8 0.9 1.0 0.8 0.9 1.0
AUC GNN AUC GNN AUC GNN AUC GNN AUC GNN AUC GNN
(a) Unperturbed graph (original edges).
o VGAE o GAE & GAT ¢ H2GCN e GNN>PGM e PGM =z GNN
GNN > PGM = 0.62, PGM = GNN = 0.38
Cora Citeseer PPI Peptides Reddit Polblogs
58 e e s) 25000 ] o #
& N .4 p
Q06 » $ 66 PR WY ‘- e ¢
0.4 {|GNNO.35 GNN 0.50 GNN 0.75 GNN 0.67 GNN0.70 GNN0.75
" BNP 0.65 BNP 0.50 BNP 0.25 BNP 0.33 BNP 0.30 BNP 0.25
=] i ] ry =
0.8 o e 4 Lo LRENYY 1
- ’ - -
= - - ’ - -
Y06 . 1
=

GNN 0.95 +[GNM 0.00
MT 0.05 MT 1.00

0.4 {[GNN 100 GNN 1.00 GNN
MT 0.00 MT 0.00 MT 1

208 £l ; e . L 3
g il - L Seedl o ] iy
< 0.4 4|GNN O.éﬂ GNN 1.00 GNN 0 GNN O,VQQ ua GNM GNN 0.
MTCOV 0.80 MTCOV 0.00 MTCOV 0.50 MTCOV 0.10 MTCOV 0.20 MTCOV 0.25
04 06 08 04 06 08 04 06 08 04 06 08 04 06 08 04 06 08
AUC GNN AUC GNN AUC GNN AUC GNN AUC GNN AUC GNN

(b) Perturbed graph with 10% of edges randomly corrupted.

Figure S11. Real assortative datasets: per-fold comparison between PGMs and GNNs. For the PGMs, only MTCOV uses input
features. Each point corresponds to one of the 5 cross-validation folds. Numbers inside the boxes are the fraction of folds where
each model family outperforms the others.
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each model family outperforms the others.
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Figure S13. Synthetic assortative datasets: per-fold comparison between PGMs and GNNss. Results correspond to one of the 10
synthetic samples, allowing a direct comparison between the unperturbed and perturbed case. We note that the relative perform-
ance between PGMs and GNNs in the unperturbed setting is consistent across all 10 samples. For the PGMs, only MTCOV uses
input features. Each point corresponds to one of the 5 cross-validation folds. Numbers inside the boxes are the fraction of folds
where each model family outperforms the others.
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Figure S14. Synthetic disassortative datasets: per-fold comparison between PGMs and GNNs. Results correspond to one of the
ten synthetic samples, allowing a direct comparison between the unperturbed and perturbed case. We note that the relative per-
formance between PGMs and GNNs in the unperturbed setting is consistent across all ten samples. For the PGMs, only MTCOV
uses input features. Each point corresponds to one of the five cross-validation folds. Numbers inside the boxes are the fraction of
folds where each model family outperforms the others.
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