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Abstract

Many real-world problems are naturally modeled as heterogeneous graphs, where nodes and edges represent
multiple types of entities and relations. Existing learning models for heterogeneous graph representation usu-
ally depend on the computation of specific, user-defined heterogeneous paths, or on the application of large,
and often non-scalable, deep neural network architectures. We propose Het, an extension of the ntv algorithm,
designed to embed heterogeneous graphs by capturing the topological and structural characteristics of the
graph and the semantic information underlying the different types of nodes and edges; this is performed by
introducing a simple stochastic node-type switching strategy in second-order random walk processes. Empiri-
cal results on synthetic graphs, as well as on benchmark and real-world biomedical graphs, show that Het
achieves comparable performance with respect to state-of-the-art methods for heterogeneous graphs in node
label prediction tasks.

Introduction

In the field of biology, medicine, social science, economics, and many other disciplines, the representation of rel-
evant problems through complex graphs of interrelated concepts has fueled the increasing interest of the scientific
community towards Graph Representation Learning (GRL'). Indeed, by learning low-dimensional representa-
tions of network vertices that reflect the network topology and the structural relationships between nodes, we can
translate the graph representation of nodes and edges into a fully Euclidean embedding space that can be easily
ingested into vector-based machine learning algorithms to efficiently carry out network analytic tasks, ranging
from vertex classification and edge prediction to unsupervised clustering, node visualization, and recommenda-
tion systems>°.

Graphs built to model real-world problems may be homogeneous, when they use a single type of node and
edge to represent the underlying knowledge, or heterogeneous, when nodes and edges belong to different types,
i.e. they encode different categories of entities and relations. For example, in a biomedical knowledge graph,
genes, diseases, phenotypes, drugs, and molecular functions, all represented by different node types, play differ-
ent semantic and topological roles. Moreover, the downstream task may target only one of these categories, as
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in node-classification tasks restricted to specific node types, or link-prediction tasks between particular pairs of
node types. In this setting, if all nodes and edges are treated uniformly by homogeneous embedding approaches,
these type-specific roles may be blurred in the learned representation’; this effect can be especially relevant when
the node or edge types involved in the task are under-represented or over-represented in the graph. Therefore,, to
maximize the utility of graph embeddings for real-world applications, it is crucial that the learned representations
are sufficiently expressive and type-aware to support a variety of downstream tasks, including tasks defined on
highly imbalanced node- or edge-type distributions.

In the past decade, most research efforts have focused on homogeneous networks, with the proposal of matrix
factorization-based methods®, random walk (RW)-based methods>’, edge modeling methods'®, Generative
Adversarial Nets'!, and deep learning methods'>!3. Nevertheless, the highly informative representation provided
by graphs that include different types of entities and relationships has motivated the development of increasingly
complex heterogeneous networks’, including Knowledge Graphs'*!°, which integrate and represent information
from multiple data sources in the form of concepts (nodes characterized by multiple types) interconnected by
edges representing relationships between them. Following these advancements, Heterogeneous Graph Repre-
sentation Learning (HGRL) algorithms have been recently proposed to process such complex, heterogeneous,
real-world graphs'®2°,

The core issue with HGRL is to simultaneously capture the structural properties of the network and the infor-
mation encoded by heterogeneous node and edge types; in other words, we need node and edge type-aware
embeddings that can preserve both the topology of the graph and the type-specific roles of its nodes and edges.

In this context, from an algorithmic point of view, three main lines of research have recently emerged, all
inspired by homogeneous network representation learning’ (more details in Supplementary Sect. 1). The first
leverages homogeneous RW-based approaches; these are based on the “distributional hypothesis” (The distri-
butional hypothesis was originally proposed in linguistics>'*%. It assumes that “linguistic items with similar dis-
tributions have similar meanings”, from which it follows that words (elements) used and occurring in the same
contexts tend to convey similar meanings®?), first exploited to capture the semantic similarity of words*, and
then extended to capture the similarity between graph nodes®. The second exploits neural networks specifically
designed for graph-structured data, using, e.g., convolutional filters>*, and more generally supervised feature
learning through Graph Neural Networks (GNNs)'***. The third research line>>® proposes relation-learning
methods that view heterogeneous graphs as knowledge bases expressing relationships (edges) between source
and destination nodes, and then learn the latent space where all such relationships are “optimally” represented.

These three families of methods have complementary roles (more details in Supplementary Sect. 1). In particu-
lar, RW-based methods are appropriate for generalist and scalable node embeddings and node-centric downstream
tasks; GNN-based methods are well suited when rich node or edge attributes, end-to-end supervised training, and
task-specific heterogeneous neighborhood aggregation are required; translational and relation-learning models
are often preferable for explicit relation modeling and knowledge-graph completion.

Despite the impressive advancements achieved in recent years by the aforementioned methods (distributional
RW-based approaches, GNN-based, and relation learning approaches), they show drawbacks and limitations.
Indeed, methods based on the distributional hypothesis, which base the embeddings on RW sampling of neigh-
borhoods, usually rely on the manual exploration of heterogeneous structures, i.e., they require human-designed
meta-paths to capture structural and type-specific dependencies between the nodes and edges of the graph. This
requires human intervention and non-automatic pre-processing steps for designing the meta-paths and the overall
network scheme. Moreover, similarly to Heterogeneous GNN, in most cases, they treat separately each type of
homogeneous network extracted from the original heterogeneous one and are not able to focus on specific types
of' nodes or edges that constitute the objective of the underlying prediction task (e.g., prediction of a specific edge
type).

The successful application of GNNs to large heterogeneous graphs can be challenging because heteroge-
neous architectures often introduce type-specific parameters, relation-specific aggregation functions, or attention
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mechanisms that increase computational and memory requirements. Although scalable GNN variants, parameter-
efficient architectures, and sampling-based approaches have been proposed®’, computational efficiency remains
an important practical consideration when dealing with very large heterogeneous graphs. Moreover, some GNN
methods augment graphs by leveraging human-designed meta-paths, thus showing the same limitation of distri-
butional approaches, i.e., the need for human intervention and non-automatic pre-processing steps.

On the other hand, relation-learning approaches handle each triple with equal probability, leading to a bias
towards the most represented relationships. Furthermore, while models like TransH attempt to induce better sepa-
rability between relationships, they struggle with 1-to-N or N-to-N relationships, where two node types are linked
by semantically different relationships®’. More complex triple-learning techniques, such as ComplEx*®, suffer
from computational inefficiency, hindering their practical application. To overcome these drawbacks, we propose
a general framework to deal with complex heterogeneous networks, in the context of the previously discussed
“distributional hypothesis” RW based research line. The proposed approach, which we named Het-node2vec to
remark its derivation from the classical node2vec algorithm?, can process heterogeneous multi-graphs character-
ized by multiple types of nodes and edges and can scale up with big networks, due to its intrinsic parallel nature.

Differently from classic meta-path-based RW approaches, Het-node2vec does not require the manual speci-
fication of complete heterogeneous meta-path schemas of fixed length or structure. Instead, it directly models
the heterogeneous graph as a whole, without splitting it into homogeneous components. The proposed switching
bias still performs type-guided path exploration, since it controls which node-type transitions are promoted or
demoted during the RW process. However, this control is implemented through a local and stochastic transition
rule, rather than through explicit user-defined meta-paths that must be enumerated in advance.

Het-node2vec can focus on specific nodes of the heterogeneous graph by biasing the walk toward node types
of interest. Our proposed approach is particularly appropriate when we need to embed edge or node types that
are underrepresented in the heterogeneous network, since the algorithm can focus on specific types of edges or
nodes, even when they are largely outnumbered by the other types. At the same time, the proposed algorithms
learn embeddings that are aware of the different types of nodes and edges of the heterogeneous network, while
preserving the topology of the overall network.

The main contributions of our work are the following:

e We introduce Het-node2vec that extends the node2vec? algorithm to handle heterogeneous graphs. Het-node-
2vec enables the generation of node embeddings that capture both the graph structural topology as well as
node- and edge-type diversity.

e We design a novel type-aware RW sampling scheme that incorporates node and edge type information, allow-
ing the algorithm to focus on specific types of nodes in heterogeneous graphs; by exploiting node- and edge-
type information, our strategy improves the quality of the computed embeddings.

e We propose a special node-type switching mechanism that prioritizes transitions toward specific node types,
allowing the algorithm to address problems where specific node/edge types are crucial for the prediction task
under investigation.

e We provide a computationally efficient implementation of Het-node2vec that retains the scalability of the
original node2vec algorithm.

e Experiments on synthetic graphs, benchmark heterogeneous graphs, and a real-world biomedical graph show
that Het-node2vec improves performance in node classification and link prediction tasks with respect to ho-
mogeneous methods, achieving competitive results with state-of-the-art heterogeneous methods and maintain-
ing the same overall complexity of scalable random-walk-based methods for homogeneous graphs.

e To ensure a F.A.LLR. (Findable, Accessible, Interoperable, and Reusable) description and encourage further
research and applications involving heterogeneous graphs, we release an open-source implementation of Het-
node2vec, fully integrated within the efficient GRAPE library*'.
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Random walk-based methods

RW-based methods for graph representation learning generate node embeddings by leveraging the structural
information encoded in sequences of nodes obtained through stochastic traversals of the graph. The fundamental
principle underlying these approaches is that nodes appearing in similar network contexts should have similar
vector representations, mirroring the distributional hypothesis from natural language processing. The methodol-
ogy comprises two principal stages. First, random walks are sampled from each node in the graph, creating a
corpus of node sequences that capture both local neighborhood structures and higher-order connectivity patterns
(Higher-order connectivity refers to relationships between nodes that are not necessarily directly connected, but
are repeatedly co-visited along multi-step paths.). These walks proceed by iteratively selecting neighboring nodes
according to predefined transition probabilities, effectively exploring the topology of the graph in a manner that
encodes structural proximities. Specifically, let X; represent the node visited at step  in a RW on graph G = (V, E)
, where V' and E denote, respectively, the set of nodes and the set of edges. Each RW-generation model defines,
at step ¢, the transition probability from node X; = v to one of its neighbors X: 1 = =z € NV (v), being NV (v) the set of
one-hop neighbors of v, that is P(X¢41 = z|X: = v).

Second, dense vector embeddings of graph components are constructed by leveraging the word2vec para-
digm??, a well-known algorithm from natural language processing (NLP). Word2vec generates word embeddings
from text corpora with the goal of capturing the semantic similarity of words. The core idea behind word2vec is
to use the internal representation of a shallow neural network trained to predict either the context words from a
target word (Skip-gram) or a target word from its context words (CBOW), where context words are defined as
the neighboring words within a fixed window in the text.

The Skip-gram optimization framework, which we adopt throughout this work, aims to find an embedding
f:V — R* mapping nodes to d-dimensional vectors which maximizes the log-probability of observing context
nodes given each node in the random walk sequences:

m?xz > log P(c|f(v)), (1)

vEV cENYy (v)

where NV, (v) represents the multi-set of context nodes appearing within a window of size w around node v. By
assuming conditional independence and symmetry in the embedding space, the conditional probability is com-
puted using the softmax function as

P(c|f(v)) = exp(f(e) " f(©))/ D exp(f(u)” f(v)).

ueV

However, computing the term in the denominator of the softmax function is computationally prohibitive for large
graphs. To address this, a standard choice is to use negative sampling®®, which replaces the softmax probability
definition with a binary classification objective distinguishing observed context pairs from randomly sampled
negative pairs, formulated as:

k

log o (£(0)" £(v) + 3 Eupmoiy oy llog o (— £ (v)” £ ()] )

i=1

where o is the sigmoid function, & is the number of negative samples, and P,(v) is the negative sampling
distribution.

Recalling that the dot product measures similarity between vectors, the objective function maximizes the simi-
larity of embedded representations for neighboring nodes, while minimizing it for non-neighboring nodes. This
preserves the graph’s topological relationships in the embedding space.
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Homogeneous random walks sampling

Two of the most popular methods are DeepWalk® and node2vec?, which employ first-order and second-order
transition probabilities, respectively.

In DeepWalk, the transition probability at step ¢ from node X: = v to one of its neighbors X1 = = € N'(v), over
the edge vx depends solely on the weight of the edge vx between v and x, that is P(X;41 = z|X; = v) x w.s. Node-
2vec extends DeepWalk by biasing the walk via a second-order transition probability P(X; 41 = | X; = v, X;—1 =1)
that also depends on the node visited in the previous step, X:—1 = r. In more detail (see also Fig. 1a):

Trvz = Opq (T7 v, 'T) * Woz (3)
s ifdw =0
apq(r,v,z) =< 1 ifde=1 €))
Loifd, =2
q
P(Xt+1 = $| X = v, Xio1 = T) = 7TTvz/ Z Trvz (5)
zeN (v)

where .., denotes the unnormalized transition probability and «,, is a parametric function depending on the
hop-distance d,. between nodes r and x. The transition probability is finally obtained as the normalization of the
function ... with respect to the set of neighbors of v (Eq. 5).

Hyperparameters p (the return or inward hyperparameter) and ¢ (the in-out or explore) bias the walk to either
favor a depth-first (DFS)-like or breadth-first (BFS)-like search, thereby controlling the tendency of the RW to
explore new regions or to revisit nodes in the graph, respectively. These dynamics are illustrated in Fig. 1a, which
shows a step of a second-order RW. Supplementary Sect. 2 reports experimental examples illustrating the effect
of parameters p and ¢ on the resulting embeddings for graphs with simple topological structures.

Het-node2vec: heterogeneous random walk sampling

Heterogeneous graph contains nodes belonging to different types, such as genes, diseases, papers, authors, or
businesses, and edges representing relations between them. The downstream task may involve only a subset of
these types, for example classifying nodes of a given type, predicting links between two selected node types, or

! Previous node

teans®’

Current node

O Node of type ¢
@)

Node of type ¢o

(a) (b)

Fig. 1 Comparison between unnormalized transition probabilities for node2vec (a) and Het-node2vec (b) in an unweighted
heterogeneous network with heterogeneous nodes. The figure depicts one local step of a second-order RW, where the cur-
rent and previous nodes have different types. The color of nodes represents their type. To simplify the notation, edges are
unweighted and nodes x with type ¢. are denoted as z,,. Edge labels depict the value of the function 7. (a) and #rue
(b) without considering edge weights for a second-order RW transitioning from vy, , i.e. X; = vy, and coming from node
X t—1 = Tepo-
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focusing the embedding on under-represented node or edge types. In such settings, the type of the node reached
by a RW step influences which structural and type-specific contexts are sampled and therefore obtain a richer
representation in the computed embeddings. The goal of Het-node2vec is therefore to modify the node2vec tran-
sition probabilities so that the RW can either preserve, increase, or target type heterogeneity, depending on the
embedding objective.

Het-node2vec generalizes the node2vec algorithm by sampling type-aware RWs. This can be accomplished
by introducing a “switch” function that biases the way the RW moves between different node types, providing a
mechanism to incorporate node-type information into the RW generation process.

Let G = (V, E) be a heterogeneous graph where ¢ : V — 5, denotes the function defining the type of the graph
nodes.

Consider a RW currently residing at node X, = v, coming from node X, ; = r ; if x is a neighbor of v, Het-
node2vec defines the second-order transition probability of stepping to X;1 = z as:

ﬁrux - ﬁs (U> J;) * My = Bs (7]7 J)) * Qipg (Tz v, Ll’) * Wy (6)
P<Xt+l = I| Xt =, thl = T) = 7fl-rva:/ Z 7AT'rvzy (7)
zeN (v)

where #.,., denotes the unnormalized transition probability, «,, is defined as in node2vec, and w., is the weight of
the edge vx connecting v and x. With respect to node2vec (Eq. 3), the transition probability in Eq. (6) incorporates
a new node-type switching function Bs(v, ). It depends on the types of nodes v and x involved in the transition
and on a user-set parameter s (the node-type switching weight), whose value allows biasing the transition prob-
abilities according to node types (For the sake of simplicity, we will omit the arguments of functions 3, whenever
the context is clear.).

In this work we provide two definitions of the node-type switching function 3, described in the following sub-
sections, to enable flexible random-walk sampling strategies that exploit node- and edge-type information to suit
specific embedding objectives. The first definition of 5., which we call “generic node-type switching,” promotes/
demotes type heterogeneity; alternatively, we define a “special node-type switching” function to preferentially
traverse (or avoid) particular node and edge types. Such strategies prove particularly valuable for tasks targeting
specific node types or addressing under-represented node types in the graph.

Generic node-type switching

The basic Het-node2vec algorithm, that we refer to as generic switching, leverages parameter s to control
switching between nodes of different types in order to promote or demote type heterogeneity. In this approach,
the switching probability in a transition from node v to node x depends solely on whether the types differ, i.e., on
#(x) # ¢(v). Specifically, function g, is defined as follows:

Bs(v,x) = % if ¢(v) # ¢(z), and 1 otherwise ®)

The theoretical effect of the switching function can be interpreted in terms of relative transition probabilities.
Indeed, for two candidate next nodes z, z € A/(v), the ratio between their transition probabilities is:

P(Xt-H =z | Xi=v,Xi1 = 7“) _ Bs(v, @) apg(r, v, ) wee  Bs(0,2)  Trva ©)
P(Xt+1 =z | X = v, Xi1 = 7’) ﬂs(’uv Z) aPQ(T7 v, Z)wvz ﬁs(vv Z) Troz .

This probability ratio corresponds to the standard node2vec probability ratio, i.e., the second factor on the right-
hand side of Eq. (9), further rescaled by the type-switching ratio 3s(v,z)/8s(v, z). In practice, Eq. (9) highlights
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that 3 does not define an absolute transition probability by itself, but locally rescales the relative probability of
selecting neighbors of particular types before the final normalization over A (v).

For example, in the generic switching strategy, suppose that x has a different type from v (¢(z) # ¢(v)), whereas
z has the same type as v (¢(z) = ¢(v)). If x and z have the same distance from 7, so that the node2vec weight
apq(r,v, T) = apq(r, v, 2), and if the corresponding edge weights are equal w.. = w,., then the node2vec probability
ratio equals 1, and the overall probability ratio of selecting x instead of z equals 1/s. More generally, when the
node2vec ratio differs from 1, the relative transition probability is multiplied by 1/s.

Thus, in the generic node-type switching strategy, values 1/s > 1 (i.e., s < 1) favor type-switching transitions,
whereas values 1/s < 1 (i.e., s > 1) demote them.

The realized effect of a given value of s is therefore local and depends on the type composition of the neigh-
borhood of v, the edge weights, the node2vec second-order bias «,,, and the homophily or heterophily of the
graph around the current node. Consequently, type switching changes the transition probabilities locally at each
random-walk step, rather than imposing a fixed global proportion of visits to each node type. This local nature
of the switching mechanism also explains why there is no universal closed-form threshold of s at which embed-
dings of nodes with different types are expected to form clearly separated clusters. Such separation depends on
the transition-probability ratio in Eq. (9), as well as on local type composition, edge weights, degree distribution,
graph topology, and the downstream dimensionality-reduction method used for visualization.

Besides being illustrated experimentally in Fig. 5 and further discussed in the subsection “Experimental
Results — Grid topology”, this behavior is schematized in Fig. 1, where we show how Het-node2vec differs from
node2vec for the same local neighborhood.

The RW is currently at node vs, and arrived there from node r,,. At the next step, the walk can either return
to rg4, or move to one of the candidate neighbors z.. In node2vec (Fig. 1a), the unnormalized transition score
depends only on the edge weight and on the second-order topological bias a,,(r, v, z), which is determined by the
distance between the previous node » and the candidate next node x. Thus, returning to » receives score 1/p, mov-
ing to a neighbor also adjacent to 7 receives score 1, and moving farther away from r receives score 1/q.

In Het-node2vec (Fig. 1b), the same node2vec topological score is multiplied by the additional type-switching
factor 3 (v, z). In the generic switching case shown in the figure, this factor is equal to 1/s when the candidate next
node has a type different from the current node v,, , and is equal to 1 otherwise. Consequently, transitions from v,
to nodes of type ¢. receive an additional multiplicative factor 1/s, whereas transitions to nodes of type ¢ keep the
original node2vec score. For example, the return transition from v, to r, changes from 1/p in node2vec to 1/(ps)
in Het-node2vec, while a transition to a same-type neighbor with topological score 1/ remains 1/q.

The figure therefore shows that Het-node2vec preserves the second-order exploration behavior controlled by p
and ¢, while locally rescaling candidate transitions according to node-type changes.

Special node-type switching

Many real-world applications involve downstream tasks that focus on a specific subset of node types, which we
refer to as “special node types”. For example, in a biomedical heterogeneous graph, nodes may represent dis-
eases, genes, miRNAs, drugs, phenotypes, and biological processes, while edges may represent associations or
interactions among these entities. If the downstream task is, for example, disease-label prediction, disease-gene
association prediction, or miRNA-gene interaction prediction (as in the case-study we present i the “Experi-
mental results” section), then the node types directly involved in the task may constitute only a small fraction
of the graph. In this case, standard RWs may under-sample the neighborhoods of the target types, producing
embeddings that are dominated by more frequent node or edge categories. Promoting transitions toward special
node types can therefore be useful when the target types are rare, under-connected, or under-sampled, whereas
demoting transitions toward a dominant type can be useful when that type overwhelms the sampled contexts and
reduces the diversity of the generated walks. To address these scenarios, the “special node-type switching” strat-
egy partitions the node types into special ;. and non-special ¥, ; node sets. A node x is “special” if ¢(z) € T4,
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otherwise it is “non-special.” By adjusting the switching parameter, the algorithm can promote or demote transi-
tions involving these special types according to the downstream task and the type distribution of the graph. The
simplest bias function for special node-type switching is:

D (v,x) =1/s if ¢(x) € Lyg, and 1 otherwise (10)

which uniformly promotes or demotes jumps toward special nodes regardless of the type of the source node. This
means that the bias affects equally both transitions from non-special to special nodes and transitions between spe-
cial nodes. However, in some scenarios, this uniform approach may be limiting. When s < 1 or s > 1, the model
could generate RWs to either concentrate almost exclusively on special nodes or avoid them altogether, thus fail-
ing to capture the heterogeneity of node neighborhoods. To overcome this limitation, we propose a refined bias
function:

P (v,2) =1/s if (¢p(v) ¢ Tgs) and (¢(z) € Ly,), and 1 otherwise (11)

which applies bias on/y when transitioning from a non-special node to a special node. When the RW is at a special
node, no bias is applied, allowing unbiased exploration among special and non-special nodes alike. This approach
encourages broader, more heterogeneous walks that better reflect the graph’s structural and type diversity.

Both strategies use parameter s to promote or demote transitions toward special nodes when the walk is at a
non-special node. The key difference is that the first strategy continues to bias transitions within special nodes,
while the second avoids such bias to preserve heterogeneity. Empirical results reported in Supplementary Sect. 9
(Subsect. “Link prediction performance comparison between node-type switching strategies”, and Supplemen-
tary Table 3) demonstrate that 8{* consistently outperforms " . Therefore, 3> is adopted for all experiments
presented in the “Experimental Results” Section.

As for the generic node-type switching strategy, the theoretical effect of the special node-type switching strat-
egy can be interpreted through the relative transition probabilities in Eq. (9).

Unlike the generic switching strategy, which can be used to generate task-independent type-aware embed-
dings, the special switching strategy is partially task-oriented because the special node types must be selected
according to the downstream prediction task.

Implementation, complexity and scalability of Het-node2vec

The introduction of a type switching strategy could potentially increase the type complexity of the random walk
generation process by introducing further conditions for the computation of transition probabilities. Nevertheless,
our implementation of Het-node2vec retains the same space and time complexity as node2vec. Indeed, in the case
of the generic node-type switching strategy, the values of the switching bias s depends solely on the types of the
nodes involved in the edge-transition. They can be therefore precomputed by simply scaling the weights of edges
connecting nodes of different types by a factor g, = 1/s. This avoids increasing the time complexity of the random
walk sampling process.

In the case of the special node-type switching, we reformulated the 8{" and 8 functions to make them inde-
pendent of the transition direction. Therefore, these switching biases can also be precomputed and integrated into
the edge weights prior to RW execution.

In more detail, Fig. 2 depicts the edge-weight redefinitions implementing equivalent versions of the two spe-
cial node-type switching strategies. This equivalence between the Het-node2vec formulation and its implementa-
tion is possible since transition probabilities are obtained from the normalization of biases to sum up to 1. For the
sake of clarity, a detailed proof of this equivalence is provided in Supplementary Sect. 6.

Regarding the method complexity, in its simplest form, our RW implementation only stores the node neighbor-
hood, which requires O(|E|) space. In the case of second-order walk, transition probabilities can be computed effi-
ciently by storing the two-hop neighborhood of graph nodes with a ©(d?|V|) space requirement, where d denotes

®
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Special type node

l/s  if ¢(v) € Lo @ P(x) € Ty,

ﬁy(l)(wx) =< 1/s?

(a) Implementation of B(!)

if 9(v) € Zyg A 9(x) € Zyg B(Z) (v,x) =
1 otherwise, ’

O Non-special type node

1/s if §(v) € Zgs or ¢(x) € Ly

otherwise.

(b) Implementation of ()

Fig. 2 Implementation of special node-type switching strategies. (a) In strategy 8¢", the bias is 1 for edges connecting two
non-special nodes, 1/s if the edge connects a non-special node to a special node, and 1/s? if the edge connects two special
node types. (b) In strategy 3>, biases are applied to all edges having a special node at one (or both) endpoints. Edges con-
necting two non-special nodes are not biased.

Fig. 3 Computation time 10°

evolution of the Het-node2vec 10t

representation in Erdds- X

Rényi graphs with an average - 10

degree of 10 and random T 107} |

power-law graphs with expo- é]a 10l "‘:f 1

nent o = 2.2. For each family, < *, e

graphs nodes and edges were = 10" A"':‘.‘

randomly assigned to one of é 107! SeCal

ten classes. S A: .* @' Erdés-Rényi/RW sampling
10 _¢‘. = Erdds-Rényi/RW sampling+embedding
1073 @=== o =A: Power-law/RW sampling
104 == Power-law/RW sampling+embedding

10* 10? 10° 10* 10° 10°
Number of nodes (log scale)

the mean degree of a node, which is small in most applications®. Regarding time complexity, as a Markovian
generation process, RW generation enables the reuse of RW samples. Namely, by constructing a walk of length
L > 1, it is possible to generate (L — 1) RWs of length / with time complexity O (ﬁ) per sample®. Furthermore,

the sampling procedure can be optimized via parallelization and the use of succinct data structures’!-.

Finally, as aforementioned, in our node-type switching strategies, the bias function 3, can be precomputed and
incorporated as a factor in the edge weights. This one-time pre-processing has O(|E|) time complexity. The previ-
ous discussion ensures that using Het-node2vec with a special switching strategy does not increase complexity in
either space or time compared to node2vec.

We explored the scalability of the model in a way similar to Grover et al.%; we conducted an empirical analysis
of computation time for the generic node-type switching strategy in Het-node2vec, measuring both RW sampling
and complete embedding construction (Fig. 3). We tested two random graph models: Erdés-Rényi graphs with
edge probability yielding average degree 10, and power-law degree distribution characterized by an exponent
a = 2.2%, which is a common graph topology in many practical applications. For each family, graphs nodes and
edges were randomly assigned to one of ten classes. Starting from each node, 10 RWs of length 100 were gener-
ated using the parameters p = 0.25, ¢ = 4, and s = 0.5. The set of RW samples was used as the input of a Skip-gram
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model to produce a vectorial embedding of size 100. Computations were performed on a system equipped with
an AMD EPYC ROME 7452 CPU (32 cores at 2.3 GHz) and a RAM of 1024 GB. Under this experimental set-
ting, Random walk sampling for graphs up to 1M nodes takes less than one minute, while sampling process plus
the embedding takes less than 2.8 hours. As can be seen in Fig. 3, for graph sizes in the range [103, 10°] the entire
embedding construction exhibits a linear scaling.

Experimental results

To assess the capabilities of Het-node2vec in enhancing the representation of heterogeneous graphs by incorpo-
rating node-type information, we conduct four sets of experiments, progressively evaluating its components and
overall performance.

First, we present a qualitative analysis to investigate the behavior of the generic node-type switch implemented
in Het-node2vec. To this aim, we compare representations obtained by varying model parameters (p, ¢, and s) on
synthetic networks with simple topologies, allowing us to isolate and analyze the structural effects of the generic
switching mechanism.

Second, we analyze the effect of the special node-type switch strategy on real-world data. In particular, we
perform prediction tasks on under- and over-represented node types in the benchmark Cora graph (https://graphs
andnetworks.com/the-cora-dataset/), evaluating how this targeted switching mechanism improves representation
quality for specific node categories.

Third, we evaluate the complete Het-node2vec framework using the HNE benchmark framework'®, which
includes heterogeneous benchmark graphs and state-of-the-art HGRL methods for node label prediction. Within
this setting, we first analyze the impact of the node-switching weight on performance metrics, assessing the con-
tribution of the node-type information. We then compare Het-node2vec against popular state-of-the-art HGRL
methods, demonstrating that its representations are competitive and often outperform alternative approaches.

Finally, we conduct a case study on a biological Knowledge Graph representing relationships between different
biological entities. In this graph, we perform an edge prediction task between microRNA (miRNA) and genes.
This experiment further illustrates how incorporating node-type information associated with the target relation
through Het-node2vec can significantly improve prediction metrics in a real-world biomedical application.

In addition to comparing Het-node2vec with existing HGRL methods, the experimental design includes several
ablation-like analyses aimed at isolating the contribution of each component of the proposed sampling strategy.
First, the homogeneous node2vec setting is recovered by setting 1/s = 1 for all transitions; this provides a no-
type-switching baseline while retaining the second-order node2vec bias controlled by p and g. Second, when
comparing with existing HGRL methods, we also include DeepWalk’, which represents a more reduced homo-
geneous RW baseline in which both the second-order node2vec biases and the type-switching bias are removed,
corresponding to p =1, ¢ =1, and s = 1. Third, the generic node-type switching strategy isolates the effect of
promoting or demoting transitions between different node types, without using task-specific information. Fourth,
the special node-type switching strategy isolates the effect of biasing the RWs toward task-relevant node types.
Finally, in the RNA-KG case study, the edge-type-oriented switching experiment evaluates whether focusing the
RWs on the endpoint types of the target relation improves link prediction. Together, these comparisons separately
assess the effect of homogeneous structural sampling, unbiased homogeneous RW sampling, generic type-aware
sampling, task-oriented node-type sampling, and target-relation-oriented sampling.

Analysis of the generic node-type switch in Het-node2vec on synthetic graphs
This section compares the embeddings obtained from Het-node2vec using different parameter configurations for

simple graph topologies. In this section, edges are considered unweighted and homogeneous, while nodes have
heterogeneous types. For each parameter configuration, embeddings are computed by generating 10 RWs of
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length 128 from each node. These paths are used as input to a Skip-gram architecture with a window size equal
to five to generate an embedding of the nodes into a 10D space. Finally, 2D representations for visual analysis of
results are obtained using t-SNE mapping>*.

Random graph

Figure 4 shows embeddings of a random graph generated using an Erdds-Rényi model with 2,000 nodes, edge
probability 0.01, and three node types randomly assigned via a truncated exponential distribution. Since this
model yields uniform connection probabilities between nodes, the generated graphs lack specific topological
structure. As expected, under the generic node-type switching strategy, large values of s (i.e., 1/s < 1) promote
type-based node clustering because RWs are discouraged from switching between node types and therefore pref-
erentially generate paths within the same type. Conversely, varying parameters p produces uniformly distributed
representations that fail to capture type-based graph graph ; a similar behavior is obtained by varying exploring
parameter ¢g. This behavior together with additional experiments are presented in the Supplementary Sect. 3
(Supplementary Figs. 2, 3, and 4).
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% .
1/s = 0.001 1/s=0.1 1/s =1 1/s =10 1/s = 1000
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Fig. 4 t-SNE visualization comparing Het-node2vec embeddings computed with different settings of the s and p parameters.
The heterogeneous random (Erdés-Rényi) graph has three node types, distributed according to a truncated exponential
function. (a) Het-node2vec embeddings of the random graph for varying node-type switching values s with p = ¢ = 1. (b)
Het-node2vec embeddings of the random graph from different inward switching values ¢ and p = s = 1. (¢) Het-node2vec
embeddings of the random graph for varying inward-bias values p with ¢ = s = 1.
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Grid topology

Figure 5 depicts Het-node2vec applied to a synthetic grid topology where each row corresponds to a different
node type, shown with different colors in the figure. The embeddings obtained for different values of the switch-
ing parameter s (p = 1, ¢ = 1) under the generic node-type switching strategy of Het-node2vec are shown in Fig.
Sa,b shows the influence of varying the return parameter p (¢ = 1) in node2vec.

As can be seen in Fig. 5a, proper tuning of the switching parameter s yields type-aware embeddings. Small val-
ues of the node-type switching probability 3s (1/s < 1, e.g., 1/s = 10~%) tend to cluster nodes by type; large node-
type switching probabilities 8 (1/s = 10*) group together nodes belonging to the same grid columns, regardless
of type.

Setting intermediate values of s modulates the switching probability, while permitting both inter-type and
intra-type walks. This effect can be observed in Fig. 5a for values of 1/s = 0.1 and 1/s = 10. When 1/s = 0.1, type
switching is discouraged, leading to nodes of the same type being embedded closely together and forming type-
specific clusters. However, a few type switches are still permitted, resulting in clusters that group adjacent rows
in the grid.

On the other hand, when 1/s = 10, the probability of moving between node types (rows) increases, leaving
room for intra-type visits; we observe clusters containing nodes with completely different types (each cluster
contains nodes from one column of the grid), while clusters that are close to each other contain nodes from neigh-
boring columns. When 1/s = 10° the type switching transition probability is close to 1 and clusters are composed
by nodes of different types according to the columns of the grid; in this case the topological closeness of different
columns is lost, and, in practice jumps between columns are impeded.

Note that the transition between type-driven and topology-driven clusters is gradual. Additional intermedi-
ate values of 1/s between 0.1 and 1 are reported in Supplementary Information Figs. 2 and 4. It is important to
consider that, consistently with the transition-probability ratio in Eq. (9), these values should be interpreted as
inducing intermediate local preferences for type switching or type preservation, rather than as defining a univer-
sal global threshold for cluster separation.

l/g=1

(b)

Fig.5 Comparison of Het-node2vec and node2vec embeddings on a synthetic heterogeneous graph having a grid topology.
Node types are represented through different colors, and nodes in the same row belong to the same type. (a) Het-node2vec
embeddings of the grid for different node type switching values s and p = ¢ = 1. (b) node2vec embeddings of the grid when
different values of the explore parameter g are used (p = s = 1).
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Conversely, node2vec (1/s = 1) effectively captures the topological structure of the grid; it is however unable
to cluster together nodes of the same type, even when the values of parameters p and ¢ vary in all their range
(Fig. 5b). Note that the representations obtained in node2vec by varying the inward parameter p (¢ = s = 1) mirror
those obtained by varying ¢ (p = s = 1). This can be explained by considering the fact that the grid contains no
triangles (a complete subgraph of three vertices); in this case, random walk transition probabilities can only take
the values 1/p or 1/q. Therefore, the ratio ¢/p fully characterizes the parameter space and quantifies the relation
between the local/global type of the generated paths.

A broader comparison of parameter sensitivity can be found in the Supplementary Sects. 2, 3, 4, 5 where dif-
ferent embeddings are constructed by varying parameters p, ¢, and s over synthetic and real-world graphs.

Analysis of the special node-type switch in Het-node2vec on over- and under-represented node types
in the Cora benchmark graph

The predictive performance of node embeddings depends on several factors, among which the prevalence of dif-
ferent node types in the network plays a crucial role. Rare node types are less frequently visited by random walks;
consequently, the relationships between these nodes and the rest of the graph are often underrepresented in the
learned embeddings.

The experiments reported in this section, as well as those conducted on real-world graphs (see next section),
demonstrate that type-aware and prevalence-aware transition strategies, such as the special node-type switch
implemented in Het-node2vec, can improve the quality of the learned representations, particularly for under-
represented node types.

Our first experimentation was conducted using the Cora dataset. Cora is a citation network consisting of scien-
tific publications used as a standard benchmark dataset for semi-supervised node classification tasks. The graph
consists of 2,708 nodes representing scientific publications, connected by 5,278 edges representing citation rela-
tions between (node) paper. Each node is assigned one of seven classes describing its main academic research
topic. Cora exhibits real-world complex networks properties; such as varying degrees of node connectivity and
class imbalance, where some types are significantly more frequent than others (e.g., “Rule Learning” is the least
frequent class, comprising 6.65% of the nodes, whereas “Neural Networks” is the most frequent, comprising
30.21%). Moreover, because it maps actual citation patterns, the graph exhibits “homophily”, the tendency of
nodes to connect to other nodes with similar labels. This makes it an ideal environment to explore type biases
effect in the representation of real graphs. Type distributions for nodes ans edges are reported in Sect. 5 of the
Supplementary Material. In this experiment, we use the paper-class labels as node types to study the behavior of
the special node-type switching strategy under controlled type imbalance. The purpose of this analysis is not to
use Cora as a general heterogeneous-graph benchmark, but to isolate how biasing RWs toward a selected node
type affects the representation of over- and under-represented node categories.

We perform intra-type edge prediction tasks, where each task predicts citation edges whose endpoints belong
to the same paper class, using a five-fold cross-validation setting with an 85:15 train:test split performed on
edges. For each class-specific task, positive examples are citation edges connecting two papers of the selected
class, while negative examples are sampled from non-existing edges between papers of the same class. This
design allows us to evaluate each node type separately: each paper class is selected in turn as the special node
type, and we assess whether biasing the walks toward nodes of that type improves the prediction of citation edges
connecting papers within that class.

Node-embeddings were generated by processing RWs with a Skip-gram model. Default GRAPE parameters
were used for both RW generation and Skip-gram (Supplementary Table 5 details all of them). The values of p = 4
and ¢ = 0.25 were fixed based on preliminary experiments detailed in Supplementary sect. 9. A Random Forest
classifier was trained on the resulting node representations using the parameters described in the Supplementary
Table 2 but with a Hadamard edge representation and trees of maximum depth equal to ten. Fig. 6 summarizes the
achieved performance, where setting 1/s = 1 corresponds to the neutral no-switching case and therefore recovers
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Fig. 6 Edge prediction performance on the Cora dataset. We compare the standard node2vec random-walk (RW) baseline
with specialized transition strategies that bias walk transitions toward the endpoint node types of the target edge type. In both
panels, node types are ordered by prevalence in Cora, from least frequent (bottom: Rule Learning) to most frequent (top:
Neural Networks). (a) ROC-AUC scores comparing node2vec and Het-node2vec (node-type switching) on intra-type edge
prediction tasks (each task predicts edges whose endpoints share the same node type); node-type prevalence is reported in
the y-axis labels. (b) Percentage improvement of the specialized switching strategy with 1/s = 2 over node2vec, showing
larger gains for underrepresented node types.

the homogeneous node2vec baseline, while 1/s = 0.1 and 1/s = 2 respectively demote or promote transitions
toward the selected special node type.

As shown in Fig. 6a, increasing the bias toward the least frequent node types tends to improve ROC-AUC for
those types, with the largest gains observed for the rarest classes. However, the trend is not strictly monotonic
across all classes, indicating that node-type prevalence alone does not fully determine the effect of the switching
parameter. Local density, degree distribution, and homophily/heterophily also affect how often target-type neigh-
borhoods are reached by the RWs.

In contrast, for well-represented node types, a strong positive bias (1/s = 2) may degrade performance, whereas
reducing their visitation probability (1/s = 0.1) tends to yield improvements.

To further illustrate this behavior, Fig. 6b depicts the relative improvement over the baseline (expressed as
a percentage gain) in terms of ROC-AUC when 1/s = 2. We report both the total improvement and the gap
improvement with respect to the perfect score; the latter is computed as the relative reduction in distance to the
ideal value (i.e., ROC-AUC = 1.0).

Overall, the largest improvements are observed for the least frequent classes, suggesting that special node-
type switching can help mitigate the sampling bias of standard RWs for under-represented node types. This
supports the use of type-aware transition strategies when the downstream task focuses on categories that are
poorly represented in the sampled random-walk contexts. However, as also indicated by the probability-ratio
interpretation and the grid-topology analysis, this effect should not be interpreted as depending only on node-type
prevalence: local edge density, degree distribution, and homophily/heterophily also influence the realized benefit
of the switching strategy. Consequently, the choice of the most appropriate value of s should not be based solely
on node-type prevalence.

Analysis of Het-node2vec performance on real benchmark data sets

In this section, we evaluate Het-node2vec on real-world benchmark datasets and study how different switching
strategies and parameters affect node-label prediction performance. To ensure a fair and robust comparison, we
adopt the benchmark graphs and node-label prediction protocol from the Heterogeneous Network Embedding
(HNE) evaluation framework'® (more details are provided in the following paragraphs and in Supplementary
Sects. 7 and 8), which enables both a sensitivity analysis of switching configurations (subsect. “Evaluation of
Het-node2vec node-type switching on real-graphs™) and an unbiased comparison with state-of-the-art HGRL
methods (subsect. “Comparison of Het-node2vec with state-of-the-art HGRL methods”).
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Table 1 Macroscopic description of the four heterogeneous network datasets.

Dataset # Nodes # Edges Mean degree # Types
Nodes Edges Labels
Freebase 12,164,758 62,982,566 10.35 8 36 8
DBLP 1,989,077 258,850,593 277.46 4 6 13
Yelp 82,465 30,542,675 740.74 4 4 16
PubMed 63,109 244,986 7.76 4 10 8
Training nodes Test nodes
(multi-class/label) (multi-class/label)

l

Classifier

training

Link prediction:
AUC, MRR

Classifier
testing and
evaluation

Unattributed Graph Embedded
training graph (80%) embedding nodes/edges

Node-label prediction:
Macro/Micro-F1

Training edges Test edges
(posmeg = 1:1) (posineg = 1:1)

Fig. 7 HNE experimental evaluation workflow.

Datasets/graphs

The four heterogeneous benchmark graphs proposed in HNE'® are Freebase, DBLP, Yelp, and PubMed.

The differences among these benchmark graphs extend beyond node and edge cardinality and include node-
type/and edge-type distribution, node-degree distribution, and graph connectivity. Consequently, we believe that
evaluating Het-node2vec on these datasets allows us to assess its robustness and generalization capabilities across
different application scenarios.

Table 1 summarizes the macroscopic features of the graphs. As can be observed, the graph dimensions and the
number of different node/and edge types span a large range of values. In Supplementary Sect. 7, we provide addi-
tional details about the characteristics of the four graphs, including the node-type distribution and basic degree
statistics (Supplementary Table 1), the edge-type distribution (Supplementary Fig. 9), and the complementary
cumulative distribution function (CCDF) of node degrees (Supplementary Fig. 10).

Experimental settings

Following the experimental setting proposed in HNE'®, we applied Het-node2vec in an unsupervised and unat-
tributed setting to assess the quality of the computed representations. Following the evaluation protocol provided
by HNE, and using the training and test splits provided by the authors, we embedded each of the four benchmark
graphs and used the computed embeddings to perform node-label prediction on specific node types within each
graph (the node type under consideration and the labels are provided by the HNE framework). Specifically, we
predict labels for book nodes in Freebase, author nodes in DBLP, business nodes in Yelp, and disease
nodes in PubMed. Further details about the characteristics of the prediction tasks considered in the experiments
are available in Supplementary Sect. 8.

Evaluation workflow
The workflow of the evaluation pipeline is depicted in Fig. 7. The process starts with the removal of 20% of exist-

ing edges at random to obtain an independent test set for unbiased evaluation. The remaining dataset is used to
compute a vectorial representation of the graph nodes according to the different embedding methods.
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According to the experimental setting used in HNE'®, the embedding is computed in an unsupervised setting,
with the objective of minimizing a loss function that preserves the graph-topological structure. When used under
this specific setting, GNNs are trained to maximize the likelihood of observing edges in the heterogeneous net-
work. To this end, they use negative sampling and minimize the cross-entropy loss (see the code provided by the
authors of').

The embeddings obtained from the previous step serve as the resulting representations for the subsequent
predictive tasks. The HNE framework'¢ fixes the embedding size to 50, while other crucial parameters are opti-
mized on all datasets through standard five-fold cross-validation on the training graph (To apply the benchmarked
algorithms, Yang et al.'® adapted the code provided by the authors of the algorithms themselves. The parameters
that are optimized therefore depend on the code itself, as chosen by the authors of the code.). To guarantee a fair
and repeatable comparison, we perform the predictive tasks using the training/test splits provided by the HNE
framework as well as their implementation of the evaluation pipeline.

Node-label classification is performed by training and evaluating a linear support vector machine® on a subset
of labeled nodes using five stratified holdouts (80:20 train:test ratio). The predictive performance measures are
the macro-F1 (across all labels) and micro-F1 (across all nodes), averaged across the five holdouts.

Let TP., FP., and FN,. denote, respectively, the number of true positives, false positives, and false negatives
for class ¢, and let C be the set of classes. For each class ¢, precision, P., recall, R., and F1, F1., are computed
and averaged:

_ TP, _ TP, - 2P.R.
T TP.+ FP.’ ° T TP.+ FN_.’ ‘T P.+R.

1
Macro—F1 = — F1,. where P.
P>

The micro-F1 score is computed by first aggregating true positives, false positives, and false negatives over all
classes and then applying the harmonic mean:

Zcec TP Zcec TP.

2Pmi T micr:
s fmiero = S (TP FN)
ceC ¢ ¢

Micro— F'1 = o= micro “tmicro_ here:  Puiero = ,
fere Pmicro + Rmicro where re ZCEC(TPC + FPC)

Practically, Macro-F1 gives equal weight to each class, independently of class prevalence, and therefore makes
poor performance on minority classes more visible. Micro-F1 aggregates true positives, false positives, and false
negatives over all classes and is therefore more influenced by the performance on majority classes.

Evaluation of Het-node2vec node-type switching on real-graphs

To isolate the contribution of Het-node2vec node-type switching and assess whether the use of node-type infor-
mation could impact the quality of the obtained graph representation, we compared Het-node2vec against its
homogeneous counterpart, node2vec, while keeping the node2vec hyperparameters p and ¢ fixed so that both
methods employed the same second-order random-walk bias (BFS-like vs. DFS-like) across all graphs. We
selected p and ¢ via preliminary experiments on the two smallest benchmarks (PubMed and Yelp, more details
in Supplementary sect. 9) using an internal five-fold cross-validation, sweeping values in {0.1,0.25,0.5, 4, 10, 100};
the most robust performance was obtained with 1/p = 0.25 and 1/q = 4 (i.e., p = 4 and ¢ = 0.25). These values were
kept fixed in all subsequent experiments, biasing random walks toward a DFS-like exploration that tends to reach
new regions of the graph.

The remaining hyperparameters were selected to ensure comparability with the HNE benchmark and to isolate
the effect of the proposed type-switching mechanism. The embedding dimension was fixed to 50, following the
HNE evaluation protocol.

For each graph, the number of RWs starting from each node was chosen between 10 and 50, based on internal
three-fold cross-validation. These values were identified by balancing computational time against the repre-
sentativeness of the sampled node contexts. A high number of RWs yields embeddings that better represent the
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topological relationships in the graph but increases computational time, while a low number of RWs ensures
faster computation at the expense of embedding accuracy. The walk length was fixed to L = 100 across the bench-
mark experiments.

We used a Skip-gram model as the shallow neural network for embedding, with the network hyperparameter
values set to their default values according to the implementation provided by GRAPE (see Supplementary Table
2 in Supplementary Sect. 9). This procedure produced the vector representations of the network nodes.

Using this setting, we empirically evaluated the results obtained from Het-node2vec using either the generic
node-type-switching strategy or the special node-type-switching strategy, where the special node type was set
as the node targeted by the node-label prediction task (see Supplementary Table 1), and we varied the switching
parameter 1/s in the range [10~*, 107].

Figure 8 demonstrates how varying the value of the switching parameter s affects the Macro- and Micro-F1
scores achieved. This effect is observed when both the generic (Fig. 8 a—d) and the special (Fig. 8 e-h) node-type
switching strategies are employed. We recall that by setting 1/s = 10° (marked with a dotted vertical line in each
plot, Het-node2vec reduces to the classical node2vec algorithm.

With the generic switching strategy (Fig. 8a—d), Freebase shows a clear decrease in performance as the switch-
ing probability 1/s increases, whereas DBLP shows a more variable pattern with an overall tendency toward
lower performance at larger 1/s values in the considered grid. In contrast, Yelp and PubMed display the opposite
trend. The special switching strategy behaves differently, showing a positive correlation between 1/s and the F1
scores for Freebase and Yelp, and a negative correlation for DBLP and PubMed (Fig. 8e— h).

With the generic switching strategy (Fig. 8, first row), Freebase shows a clear decrease in performance as the
switching probability 1/s increases, whereas DBLP shows a more variable pattern, with lower performance for
most larger values of 1/s in the considered grid. In contrast, Yelp and PubMed display the opposite tendency, with
higher F1 scores for larger values of 1/s. The special switching strategy behaves differently, showing higher F1
scores for larger values of 1/s in Freebase and Yelp, and lower F1 scores for larger values of 1/s in DBLP and
PubMed (Fig. 8e-h).

Note that these observations should be interpreted as a coarse sensitivity analysis of the switching parameter
over the tested grid, rather than as evidence of strictly monotonic trends.

This behavior can be explained by the fact that in both Freebase and DBLP, labeled nodes (of type book in
Freebase and of type author in DBLP) have lower degrees compared to other node types (see Supplementary
Figs. 11a and 11b). In these cases, generic node-type switching could cause the RW to move away from the nodes
of interest, thus failing to adequately capture their topological neighborhoods (as shown by the decreasing trends
in Fig. 8a and b). This is particularly true in Freebase, where only approximately 23% of nodes are of type book
(Supplementary Table 1); using the special node-type switching strategy to bias the walk in favor of book nodes
(i.e., using high values of 3, see Fig. 8¢) yields better results, as indicated by the increasing trend. Conversely,
in DBLP, author nodes, which account for approximately 89% of all nodes, are the most prevalent node type.
Here, using the special node-type switching strategy with high values of 3, would confine the walk to author
nodes, neglecting other node types and resulting in a loss of information in the computed embedding. This is
reflected in Fig. 8f, where performance is generally lower for larger values of 1/s in the tested grid, although the
pattern should not be interpreted as strictly monotonic.

In the Yelp graph (Fig. 8c and g), the node-label prediction task focuses on business nodes, which are much
less represented (approximately 9% of all nodes) compared to phrase nodes, which dominate the graph, consti-
tuting approximately 91% of all nodes (Supplementary Table 1). In this scenario, using a generic type-switching
strategy that enforces heterogeneity (high values of ;) has roughly the same positive effect as a special node-type
switching strategy where the special node type is business; in both cases, high values of 3, promote visits to
business nodes. Both settings yield better performance for high values of 1/s (Fig. 8c and g) because they compel
the walk to move away from phrase nodes and capture as much heterogeneous information as possible.

PubMed is characterized by the most balanced node-type distribution and edge-degree distribution (Supple-
mentary Table 1). In other words, with the exception of species nodes, the types of nodes in the PubMed
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network are more evenly distributed than in the other benchmark graphs, with no overwhelming majority of any
node type. Additionally, the degree distributions are nearly identical for all node types (see Supplementary Fig.
11d). In this case, favoring the heterogeneity of the walk has only a minor positive effect on performance (slightly
increasing trend in Fig. 8d), and using a special node-type switch that forces the walk toward disease nodes
(the nodes used in the node-label prediction task) leads to walks that focus predominantly on disease nodes
(Fig. 8h).

The results presented in this section highlight that the relative distribution of node types and their degrees must
be carefully considered when setting the switching parameter. However, as already discussed for the Cora experi-
ment, these patterns should not be attributed to node-type prevalence alone: local edge density, node degree dis-
tribution, edge-type distribution, and homophily/heterophily also influence how the switching parameter changes
the sampled RW contexts. Moreover, careful tuning of this parameter can improve the prediction performance of
classical homogeneous RW-based embedding techniques by allowing the model to focus on node types of inter-
est, which are often underrepresented.

Comparison of Het-node2vec with state-of-the-art HGRL methods

To assess the effectiveness of Het-node2vec representations, we further compared the results obtained in the
node-label prediction task with various HGRL methods. Similar to the previous section, we applied the HNE
evaluation framework to compare the performance of the node-label prediction task against:

e Five RW-based embedding methods (metapath2vec®, PTE?’, Aspem®®, HIN2Vec*’, HEER*’);
e Four GCN-based embedding methods (R-GCN*', HAN*?, HGT*, and MAGNN*);
e Four relation-learning neural methods (TransE25 , DistMult?®, ConvE*®, and ComplEng).

The results depicted in Table 2 demonstrate that Het-node2vec is highly competitive in node-label prediction
across all graphs. These results indicate that the proposed heterogeneous RW approach effectively captures the
underlying structure while incorporating node- and edge-type information. In the case of DBLP, Het-node2vec is
not the best-performing method, but it ranks among the top four. Nevertheless, it is worth noting that the target
node type in DBLP (author) accounts for more than 88% of the graph nodes (Supplementary Table 1), thus
exhibiting a predominantly homogeneous character. Therefore, it is not surprising that heterogeneous sampling
techniques cannot fully exploit the available node- and edge-type information information.

We emphasize that the special node-type switching strategy achieves the best results, while the generic type-
switching strategy also achieves, on average, better results than the other competing HGRL methods. By tuning
the 1/s parameter, both strategies lead to results that are better than or comparable to state-of-the-art competing
methods.

In Supplementary Sect. 10, we provide the experimental results on the benchmark graphs for the link-predic-
tion tasks provided by HNE.

In this task, Het-node2vec does not outperform the other methods but consistently ranks among the top five
(Supplementary Table 4). These results indicate that Het-node2vec can still produce valuable embeddings for link
prediction, even if its primary strength lies in node-label prediction.

Nevertheless, prediction performance also strongly depends on the supervised method applied to the computed
embeddings. Indeed, by repeating the same experiments using a nonlinear classifier (a random forest), we signifi-
cantly improved the edge-prediction results obtained with Het-node2vec embeddings (Supplementary Table 5).

A case study: RNA-KG knowledge graph

We conclude the experimental section by using Het-node2vec to conduct a link prediction task on a knowledge
graph representing relationships between biomedical entities. The dataset, which we refer to as RNA-KG'?,
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Table 2 Performance metric for the node-label prediction task on the benchmark graphs. Het-node2vec-special refers to the
special node-type switching strategy, where the special node type is the one targeted by the node-label prediction task. In
the table, for both Het-node2vec settings, we report only the values obtained using the two extreme values of the node-type
switching parameter 1/s = 0.1, 100.

Node label prediction (Macro-F1/Micro-F1)
Model Parameter Freebase DBLP Yelp Pubmed

HetNode2vec generic  1/s=0.1 | 36.46| 5470 | | 30.09 | 3753 507 23)85  11.89 14.10

1/s=100  31.06 | 51.93 | 2823 | 38.03 | 552 2473 | 1387 16.10
HetNode2vec special ~ 1/s=0.1 | 33.34 | 53.25| | 31.7 | 41.26 509 2396  18.84 21.58

1/s=100 | 3893 | 5545 | 26555 3382 | 6.11 2473 8.77  11.67
node2vec 36.04| | 5471 | 29.04 [ 3722 509 2396  11.93 1585
metapath2vec 2055 46,43 | 4385 | 55.07 516 2332 1290 15.51
PTE 1025 /39.87 | 4334 | 5453 | | 510 [23.24 | 9.74 | 1227
HIN2Vec 17.40 | 4192 1217 | 25.88 [[5.12 2325  [10.93 1531
AspEm 23126 | 4542 | 33.07 | 4385 | 540 2382 1119  14.44
HEER 1296 | 3751 || 972 | 2772 | 5.03 2292 1173 1529
R-GCN 6.89 | 38.02 || 938 1339 510 [23.24  |10.75 |12.73
HAN 6.90 | 3801 | 791 [1698 | 510 [23.24 9.54  12.18
MAGNN 6.89 | 38.02 674 | 1035 510 23.24 1030 | 12.60
HGT | 23/06 | 46,51 | 15.17 | 32/05 | 5.07 | 23.12 %11.24 18.7
TransE 31.83 | 52.04 | 2276 |37.18 |505 |23.03 1140 15.16
DistMult 2382 | 45.50 %.42 %7 504 23.00  [11.27 41&7‘9
ComplEx 35.26| 52.03 | 2048 | 3734 | 505 | 23.03 9.84  18.51
ConvE 2457 | 4761 | [12.42 | 2642 | 5.09 | 23.02 ]_115.00 - 14.49

integrates coding and non-coding RNA data from over 60 public databases and contains interactions between
RNA molecules and various biomolecular entities, including chemicals, diseases, abnormal phenotypes, and
proteins.

The RNA-KG graph contains 673825 nodes and nearly 17 million edges, with a mean degree of 25.23. Graph
nodes belong to 74 different node types, and their distribution is depicted in Supplementary Sect. 11. This biologi-
cal knowledge graph provides an effective testing bed for type-aware sampling strategies due to its heterogeneous
structure and the critical importance of relationship types in biological systems.

In the RNA-KG graph, we perform an edge prediction task for a specific pair of node types: miRNA-Gene.
The nodes of RNA-KG represent heterogeneous biomedical entities, including RNA molecules, genes, proteins,
chemicals, diseases, phenotypes, and other biological concepts. Edges represent curated biological associations
or interactions between these entities, such as molecular interactions, regulatory relationships, or associations
extracted from the integrated RNA-related resources. The downstream task considered here is a binary edge-
prediction problem: given the embeddings of nodes of type miRNA and Gene, we train a classifier to distinguish
existing miRNA—Gene interactions from sampled non-existing pairs.

Gene and miRNA node types account for the 3.086% and 0.688% f the nodes, respectively, and this relation
accounts for 841,583 edges, representing 11.07% of the total edges in RNA-KG after 1ncRNA-mRNA (2425740,
31.92%) and mRNA-miRNA (1065227, 14.02). Figure 9a shows the edge types, defined by their endpoint node
types, accounting for 77.6% of the graph edges. MicroRNAs (miRNA’s) are small regulatory RNA molecules
that bind to messenger RNAs (mRNAs) from genes, regulating their expression. One miRNA can target multiple
genes, and one gene can be targeted by multiple miRNAs, creating a regulatory network that fine-tunes gene
expression.
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Source Destination Count  Proportion 0.66

IncRNA mRNA 2,425,740 031921

mRNA  miRNA 1,065227  0.1402 1 064

Gene miRNA 841,583 0.11071

circRNA  miRNA 416,884  0.05491 3 0.62

Chemical Chemical 358,045 0.04711

Protein IncRNA 200,568 0.0264 | 0.6

Protein Pseudogene 190,416 0.02511 ' o - AUC
Protein Protein 165,300 0.02181 "' -A- [l
miRNA tsRNA 119,965 0.0158| 0-5810,3 10-2 101 10° 10° 10° 10° 0.58
tRF tRNA 114,804 0.01511 Specific switching parameter 1/s

(a) (b)

Fig.9 (a) RNA-KG node/edge type distribution. (b) Edge prediction performance metric for the prediction of Gene-miRNA
interactions.

The predictive task is performed following a workflow similar to the one described in the “Experimental Set-
tings” paragraph (see Fig. 7). The RNA-KG graph was partitioned into a 70:30 training/test split, where the parti-
tion ensures connectivity of the training set. RWs were generated according to a special edge switching strategy
similar to strategy 3" described in the “Implementation” Section and Fig. 2a for node type switching. Specifi-
cally, edges incident to a node of type either m1 RNA or Gene are weighted by 1/s, while edges connecting nodes
of type Gene and miRNA are weighted by 1/s>. From each node in the training set, we generate 128 random
walks of length 16, which we use to create a 25-dimensional embedding of graph nodes. Edge embeddings are
generated as the concatenation of the embedding of their endpoints. This embedding is used to train a Random
Forest model to predict edges of type miRNA-Gene using a balanced positive:negative dataset. Hyperparameter
values used in Het-node2vec and the RF training are described in the Discussion Section. Figure 9b depicts the
Balanced Accuracy (BA) and F1 values for the edge prediction task on the targeted edge types (miRNA-Gene)
for different values of the edge-type switching weight (s). As can be seen, the best results are obtained with
1/s = 10, i.e by promoting the visit of the target edge type; this choice obtains a significant gain of the 3.7%
with respect to node2vec (Wilcoxon signed rank test, alpha = 0,001). Moreover, other preliminary experiments
we run on this RNA-KG graph (reported in*®) show that Het-node2vec significantly improves miRNA-gene
interaction predictions results obtained through first-order LINE embeddings, achieving 66% balanced accuracy
compared to 58%. This improvement demonstrates that a proper choice of switching weights can leverage the
node- and edge-type information, ultimately enhancing the graph representation.

Discussion and conclusions

The results obtained through the proposed Het-node2vec algorithm indicate the advantages of embedding tech-
niques that account for node and edge heterogeneity in graphs. Methods like node2vec, originally conceived
for homogeneous graphs may fail to capture the diverse types of nodes and relationships, often leading to sub-
optimal performance in real-world applications. On the other hand, many state-of-the-art HGRL methods depend
on the specific characteristics of the input graph, and/or rely on large, non-scalable neural network architectures,
or are trained to produce embeddings that are tailored to a specific predictive task. By introducing type-aware
second-order RWs, Het-node2vec provides a flexible and scalable alternative that captures the topological graph
structure and and incorporates node- and edge-type information into the sampled contexts.

This advantage should be interpreted as a tradeoff between scalability, simplicity, and expressiveness. Attention-
based heterogeneous GNNs such as HAN and MAGNN are indeed generally more expressive than Het-node2vec
because they can learn task-specific node-feature transformations, attention weights, and meta-path-specific or
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relation-aware aggregation functions. This expressiveness, however, comes at the cost of increased complexity
and does not necessarily lead to better performance in unattributed, task-independent embedding settings such
as the one considered in our benchmark experiments (Table 2); nevertheless, such mechanisms can be particu-
larly beneficial when rich node or edge attributes are available, when informative meta-paths can be defined, or
when the target task requires hierarchical or complex relational reasoning. By contrast, Het-node2vec does not
learn type-specific aggregation functions and does not directly exploit node attributes or richer relation attributes
beyond node and edge types. Its strength lies instead in providing an unsupervised, scalable, and type-aware
structural embedding method that does not require manual meta-path engineering and can be applied to large
heterogeneous graphs even when node attributes are absent, incomplete, or difficult to harmonize across node
types. Therefore, Het-node2vec should be regarded as complementary to attention-based heterogeneous GNNis: it
favors automation, scalability, and reusable structural embeddings, whereas methods such as HAN and MAGNN
favor higher task-specific expressiveness when the required features, meta-paths, and computational resources
are available. Our experiments on multiple benchmark datasets demonstrate that our model enables the design
of simple strategies to balance the exploration of graph heterogeneity. For example, datasets like Freebase and
PubMed benefit from increasing the heterogeneity in the RW, promoting the representation of the relationships
between different node types. Conversely, for datasets where nodes are more evenly distributed, such as Yelp,
promoting homogeneity in the walks can improve performance by focusing the walk on specific target node
types. This can also be beneficial when we focus on underrepresented nodes or edges in the underlying hetero-
geneous graph. Indeed, our results suggest that, in cases where certain node types are relatively rare, focusing on
special node types can yield significant improvements in the resulting representation. On the other hand, exces-
sive focus on these special nodes can result in overly homogeneous embeddings that neglect the broader network
structure, thereby limiting the representation ability of the methods.

We further show that a proper experimental tuning the s parameter can significantly improve results with
respect to homogeneous methods. Moreover, extensive experimental results outline that Het-node2vec is com-
petitive with state-of-the-art methods for heterogeneous graphs and exhibits a temporal complexity of the same
order of its homogeneous counterpart node2vec, which allows for scalable applications with large heterogeneous
networks.

Overall, our experiments show that the choice of the switching parameter s should be guided by both the target
task and the structure of the heterogeneous graph. In particular, node- or edge-type prevalence alone does not
fully determine the effect of s: local density, degree distribution, and homophily/heterophily patterns also influ-
ence the realized transition frequencies induced by a given global value of s. Thus, the same value of s may have
different effects in different regions of a heterogeneous graph. From a practical perspective, a useful strategy is to
first tune or select the standard node2vec parameters p and g using the homogeneous baseline, and then tune s on
a logarithmic grid around the neutral value 1/s = 1.

Regarding the choice of the generic versus special switching strategy, the generic switching strategy is appro-
priate when the goal is to globally promote or demote transitions across node types and to obtain reusable, task-
independent type-aware embeddings. The special switching strategy is instead preferable when the downstream
task focuses on known target node types or edge endpoint types, especially when these types are under-repre-
sented or under-sampled by standard RWs; in this case, the embeddings are partially task-oriented because the
sampling process is biased toward the (under-represented) types involved in the target task. Conversely, when the
target type is already dominant in the graph, the special switching parameter should be tuned carefully; in such
cases, lower values of 1/s may be preferable because they demote transitions toward that type and encourage the
RWs to explore more heterogeneous neighborhoods.

For the generic switching strategy, very large or very small values of 1/s can similarly distort the sampled con-
texts by excessively promoting or suppressing transitions across node types.

The proposed switching functions are fixed and user-controlled rather than learned end-to-end. This design
makes the effect of s directly interpretable from the transition probabilities, since it explicitly promotes or demotes
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transitions involving selected node types. Therefore, s should not be interpreted as a universal parameter, but as
a task- and graph-dependent control of local type-aware sampling.

Summarizing, results show that the proposed method can match or outperform alternative approaches in sev-
eral settings; however, its representation potential is far from being completely exploited and should be further
explored in future work. Indeed, while the synthetic experiments, the Cora analysis, the HNE benchmark graphs,
and the RNA-KG case study consistently show that type-aware switching can affect the quality of the learned
embeddings, they also indicate that node-type prevalence, local density, degree distribution, edge-type distribu-
tion, and homophily/heterophily are intertwined in real heterogeneous graphs. This makes the choice of appropri-
ate values for p, g, and s more complex. A limitation of the present experimental analysis is that it does not fully
disentangle the individual contribution of all these factors to the observed effect of the switching parameter. A
dedicated controlled study based on synthetic graphs or systematic subsampling would be required to isolate their
individual effects. Besides this more detailed analysis of the relationship between node and edge type distribu-
tions and model parametrization, future work will focus on the design of switching techniques to improve edge
prediction in a heterogeneous graph framework.

A final important note is that, in the present Het-node2vec formulation, edge-type information is mainly con-
sidered through the types of the source and destination nodes involved in an edge. Nevertheless, node- and edge-
level representations may still differ in relational graphs where relations with different semantics connect the
same pair of node types. The edge-prediction experiments on the DBLP graph, reported in the n Material, indicate
that Het-node2vec can still capture differences between such relationships because embeddings are learned from
random-walk neighborhoods and therefore reflect the broader structural and type-aware context of each endpoint.
Proper tuning of the switching parameter can support this task: the generic switching parameter can be tuned to
collect more heterogeneous walks, while the special switching parameter can bias the walks toward rare node
types that may provide crucial contextual information. Although this already provides a preliminary way to dis-
tinguish relations with the same endpoint node types, future work will investigate explicit relation-subtype-aware
switching functions, in which different edge labels connecting the same node-type pair can directly influence the
transition probabilities.
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