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Abstract
Despite the success of Heterogeneous Graph Neural Networks
(HGNNs) in modeling real-world Heterogeneous Information Net-
works (HINs), challenges such as expressiveness limitations and
over-smoothing have prompted researchers to explore Graph Trans-
formers (GTs) for enhanced HIN representation learning. However,
research on GT in HINs remains limited, with two key shortcom-
ings in existing work: (1) A node’s neighbors at different distances
in HINs convey diverse semantics; for instance, a paper’s direct
neighbor (a paper) in an academic graph signifies a citation re-
lation, whereas the indirect neighbor (another paper) implies a
thematic association, reflecting distinct meanings. Unfortunately,
existing methods ignore such differences and uniformly treat neigh-
bors within a given distance in a coarse manner, which results in
semantic confusion. (2) Nodes in HINs have various types, each
with unique semantics, e.g., papers and authors in an academic
graph carry distinct meanings. Nevertheless, existing methods mix
nodes of different types during neighbor aggregation, hindering
the capture of proper correlations between nodes of diverse types.
To bridge these gaps, we design an innovative structure named
(𝑘, 𝑡)-ring neighborhood, where nodes are initially organized by
their distance, forming different non-overlapping 𝑘-ring neighbor-
hoods for each distance. Within each 𝑘-ring structure, nodes are
further categorized into different groups according to their types,
thus emphasizing the heterogeneity of both distances and types
in HINs naturally. Based on this structure, we propose a novel
Hierarchical Heterogeneous Graph Transformer (HHGT) model,
which seamlessly integrates a Type-level Transformer for aggregat-
ing nodes of different types within each 𝑘-ring neighborhood, fol-
lowed by a Ring-level Transformer for aggregating different 𝑘-ring
neighborhoods in a hierarchical manner. Extensive experiments
are conducted on downstream tasks to verify HHGT’s superiority
over 14 baselines, with a notable improvement of up to 24.75% in
∗Co-corresponding authors.
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NMI and 29.25% in ARI for node clustering task on the ACM dataset
compared to the best baseline.
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1 Introduction
Heterogeneous Information Networks (HINs) [26], also well-known
as Heterogeneous Graphs (HGs), consist of multiple types of objects
(i.e., nodes) and relations (i.e., edges). They are prevalent in real-
world scenarios, ranging from citation networks [13, 30], social
networks [2, 17] to recommendation systems [3, 44]. For example,
the academic data shown in Figure 1(a) can be represented as an
HIN, which contains three types of nodes (i.e., paper, author, subject)
and three types of relations (i.e., author-write-paper, paper-belong-
subject, paper-cite-paper). Recently, there has been a notable surge
in research focusing on representation learning for HINs [8, 10, 24,
25], which emerges as a powerful technique for embedding nodes
into low-dimensional representations while retaining both graph
structures and heterogeneity.

Given the success of traditional Graph Neural Networks (GNNs)
[7, 13, 17] in handling homogeneous graphs (containing only one
type of nodes and relations), researchers are increasingly turning
their attention to HIN representation learning using GNNs, known
as Heterogeneous Graph Neural Networks (HGNNs). HGNN-based
approaches [11, 19] often leverage neighbor aggregation strategies
to effectively capture and propagate information across diverse
types of nodes in HINs. For example, R-GCN [23] extends the tradi-
tional Graph Convolutional Networks (GCNs) [17] by incorporating
relation-specific weight matrices, capturing diverse relations within
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an HIN. Fu et al. [11] propose to incorporate intermediate nodes
along meta-paths, using both intra-meta-path and inter-meta-path
information for higher-order semantic information aggregation.

Figure 1: The difference between existing HGT-based meth-
ods and our HHGT model: (a) A toy HIN; (b) Learning node
representations through existing HGT-based methods; (c)
Learning node representations through our HHGT model.
Here, node 𝑃1’s 0-ring neighborhood, 1-ring neighborhood,
2-ring neighborhood are visually highlighted with yellow,
blue, green colors, respectively. Within the 1-ring neighbor-
hood, nodes of different types are separated by dashed lines.

Despite HGNNs have achieved success in modeling real-world
HINs, the presence of challenges such as limitations in expressive-
ness [35], over-smoothing [5] and over-squashing [1] has driven
researchers to investigate Graph Transformers (GTs) [40] for en-
hanced HIN representation learning. For instance, Hu et al. [14]
propose a heterogeneous Transformer-like attention architecture
for neighbor aggregation. Mao et al. [21] leverage a local structure
encoder and a heterogeneous relation encoder to capture struc-
ture and heterogeneity information in HINs. In general, existing
GT-based methodologies for HIN representation learning, i.e., HGT-
based methods, depicted in Figure 1(b), adhere to a typical principle:
Given a target node, its𝑘-hop neighborhood (i.e., those nodeswithin
a reachable distance of ≤ 𝑘 from the target node) is first extracted.
Then, Transformer [29] would be utilized to propagate information
from these nodes to the target node.

Nevertheless, existing HGT-based approaches tend to mix nodes
of different types and uniformly treat all nodes within 𝑘-hop neigh-
borhood during neighbor aggregation, leading to potential semantic
confusion. In particular, (1) Limitation 1: Neighbors of a target
node at different distances in HINs carry varied semantics. Using
Figure 1(a) as an illustration, paper 𝑃1’s direct neighbor, paper 𝑃2, in-
dicates a citation relation. Conversely, the indirect neighbor, paper
𝑃3, implies a thematic connection without a direct citation relation,
showcasing different connotations. Regrettably, existing strategies
overlook such distinctions by uniformly addressing each neighbor
within distance 𝑘 , i.e., packing 𝑃1, 𝑃2, 𝑃3 together into a single se-
quence and aggregating them uniformly. This is not desirable since
these nodes serve different functions. (2) Limitation 2: Neighbors
of a target node with different types also carry distinct semantics.
Taking Figure 1(a) as an instance, paper 𝑃1’s direct neighbors in-
clude paper 𝑃2, authors 𝐴1, 𝐴3 and subject 𝑆1. Here, 𝑃2 represents a

citation relation, 𝐴1, 𝐴3 reflect authorship relations, while 𝑆1 signi-
fies a topic alignment relation. While existing HGT-based methods
consider node types, they typically pack 𝑃2, 𝐴1, 𝐴3, 𝑆1 together as a
unified sequence. This approach is not desirable because it mixes
nodes of different types during neighbor aggregation, blurring the
distinct functions of papers, authors, and subjects.

To overcome these challenges, we propose the following two
main designs: (1) Design 1: To distinguish a node’s neighbors at
varying distances, we introduce an innovative structure called the 𝑘-
ring neighborhood. This structure specifically refers to nodes whose
distance from the target node is exactly 𝑘 , differentiating it from
the commonly known 𝑘-hop neighborhood. In essence, we split
the 𝑘-hop neighborhood into 𝑘 + 1 non-overlapping 𝑘-ring neigh-
borhoods, where the nodes in each 𝑘-ring neighborhood share the
same distance to the target node. As illustrated in Figure 1(c), con-
sidering 𝑘 = 2, for paper 𝑃1, its neighbors within a distance of 2 can
be decomposed into three distinct 𝑘-ring neighborhoods: the 0-ring
neighborhood {𝑃1}, the 1-ring neighborhood {𝑃2, 𝐴1, 𝐴3, 𝑆1}, and
the 2-ring neighborhood {𝑃3, 𝑃4}. Building upon this new structure,
we extract diverse 𝑘-ring neighborhoods for each node, which can
naturally discern different functions and thus preventing semantic
confusion. Then, a Ring-level Transformer is designed to aggre-
gate distinct 𝑘-ring neighborhoods separately, with aggregation
based on the relevance and significance of each 𝑘-ring neighbor-
hood to the target node. (2) Design 2: To avoid mixing nodes of
different types within each 𝑘-ring structure, we further propose a
novel (𝑘, 𝑡)-ring structure by arranging nodes into different groups
based on their types within each 𝑘-ring structure. Based on such
neighborhood partition, a Type-level Transformer is proposed to
separately aggregate neighbors of distinct types for a target node
within each 𝑘-ring structure, considering the importance of each
type to the target node. In Figure 1(a), consider the 1-ring neighbor-
hood of node 𝑃1 (i.e., 𝑃2, 𝐴1, 𝐴3, 𝑆1), where nodes of diverse types
coexist. We partition this 1-ring neighborhood into three groups
based on node types, namely, paper 𝑃2, authors 𝐴1, 𝐴3, and subject
𝑆1, with each group carrying unique functions. Then, we apply a
Type-level Transformer to aggregate each group separately, rather
than treating them as a unified sequence as done by existing HGT-
based methods. This approach enables us to mimic the diverse roles
of nodes with various types.

In summary, for each target node, we extract its neighbors from
diverse 𝑘-ring neighborhoods, where the nodes within each ring
are further grouped according to their types, forming an innova-
tive (𝑘, 𝑡)-ring neighborhood structure. Building upon this struc-
ture, we introduce a novel Hierarchical Heterogeneous Graph
Transformer (HHGT) model. This model seamlessly integrates a
Type-level Transformer for aggregating nodes of different types
within each 𝑘-ring neighborhood separately, followed by a Ring-
level Transformer for aggregating different 𝑘-ring neighborhoods
in a hierarchical manner. The main contributions of our paper are
summarized as follows:
• For the first time, we design an innovative (𝑘, 𝑡)-ring neighbor-
hood structure for HIN representation learning, emphasizing the
heterogeneity of both distances and types in HINs naturally.

• To the best of our knowledge, we are the first to propose a hierar-
chical graph transformer model for node representation learning
in HINs, which seamlessly integrates a Type-level Transformer
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for aggregating nodes of distinct types within each 𝑘-ring struc-
ture separately, followed by hierarchical aggregation utilizing a
Ring-level Transformer for different 𝑘-ring neighborhoods.

• Experimental results on two real-world HIN benchmark datasets
demonstrate that our HHGT significantly outperforms 14 base-
line methods on two typical downstream tasks. Additionally, the
ablation study validates the advantages and significance of con-
sidering the heterogeneity of both distances and types in HINs.

2 Related Work
2.1 Shallow Models for HIN Embedding
In recent years, a plethora of graph embedding techniques [12, 13]
have emerged with the goal of mapping nodes or substructures
into a low-dimensional space, preserving the connecting struc-
tures within the graph. As real-world networks typically consist
of various types of nodes and relations [26], research on shallow
models for HIN embedding [31, 36] has garnered significant at-
tention. Shallow models for HIN embedding can be broadly clas-
sified into random walk-based methods [8, 24] and first/second-
order proximity-based methods [10, 25, 27, 43]. For instance, Meta-
path2vec [8] adopts meta-path guided random walk to acquire the
semantic information between pairs of nodes. These methods lever-
age meta-paths or type-aware network closeness constraints to
exploit network heterogeneity for HIN embedding. Despite their
contributions, these shallow models lack the ability to effectively
capture intricate relations and semantics within HINs, resulting in
suboptimal representation learning.

2.2 Deep Models for HIN Embedding
As deep learning models have shown remarkable success in captur-
ing both structural and content information within homogeneous
graphs [4, 16, 18, 29, 34], research has shifted focus to HINs, giving
rise to deep models for HINs [20, 36]. Deep models for HIN em-
bedding are broadly categorized into two types: meta-path-based
deep models [11, 15, 32, 37, 41, 47] and meta-path-free deep mod-
els [14, 19, 21, 23, 46, 48]. Meta-path-based deep models employ
meta-paths to aggregate information from type-specific neighbor-
hoods, offering the advantage of capturing higher-order semantic
information dictated by selectedmeta-paths. For example, HAN [32]
leverages a hierarchical attention mechanism, which considers both
node-level attention and semantic-level attention to learn the im-
portance of nodes and meta-paths, respectively. However, these
approaches require expert knowledge for meta-path selection, pos-
ing a significant impact on model performance. For meta-path-free
strategies, Schlichtkrull et al. [23] propose to model relational data
through relation-aware graph convolutional layers, enabling robust
representation learning in HINs without meta-paths. Hu et al. [14]
introduce an attention mechanism inspired by Transformers, specif-
ically designed for neighbor aggregation. Despite eliminating hand-
crafted meta-paths, meta-path-free deep models exhibit two key
shortcomings: (1) They mix nodes of different types during neigh-
bor aggregation, resulting in a failure to adequately capture the
correlations between nodes of different types. (2) They ignore the
fact that a node’s neighbors at different distances in HINs carry dis-
tinct semantics and thus treating them uniformly during neighbor

aggregation, which may lead to semantic confusion and suboptimal
performance on downstream tasks.

3 Preliminaries
3.1 Problem Definition
Definition 3.1. Heterogeneous Information Network [26]. A
heterogeneous information network (HIN) is formally defined as
G = {V, E, C,R}, where V , E, C, R represent the set of nodes,
edges, node types, and relation types, respectively. In an HIN, each
node is associated with a node type in C and each edge has its
corresponding relation type in R. Each node 𝑣 ∈ V is associated
with a feature vector 𝑓 ∈ R𝑑 , where 𝑑 is the feature dimension. An
HIN is characterized by the condition |C| + |R| > 2.
Definition 3.2. HIN Representation Learning Problem [31].
Given an HIN, we aim to learn the node embedding 𝑧𝑣 ∈ R𝑑 for
each node 𝑣 , where 𝑑 ≪ |V| denotes the embedding dimension.

After learning the node representation of HINs, we can use the
embeddings obtained for many downstream tasks, including semi-
supervised node classification, unsupervised node clustering, etc.

3.2 Transformer Encoder
Transformer encoder, a core component of Transformer [29], con-
sists of multiple identical layers, each containing two main sub-
modules: the Multi-Head Self-Attention (MSA) module and the
Feed-Forward Network (FFN) module. Both components incorpo-
rate residual connections and Layer Normalization (LN). To simplify
the explanation, we just focus on the single-head self-attentionmod-
ule. Given an input sequenceH ∈ R𝑛×𝑑 where 𝑛 denotes the token
number and 𝑑 denotes the hidden dimension, MSA firstly projects
it to query, key and value spaces (namely 𝑄,𝐾,𝑉 , respectively),
which are written as:

𝑄 = H𝑊𝑞, 𝐾 = H𝑊𝑘 ,𝑉 = H𝑊𝑣, (1)

where𝑊𝑞 ∈ R𝑑×𝑑𝑘 ,𝑊𝑘 ∈ R𝑑×𝑑𝑘 ,𝑊𝑣 ∈ R𝑑×𝑑𝑣 are learnable matri-
ces. Then, it calculates attention scores by taking the dot product
of 𝑄 and the transpose of 𝐾 , normalized by the scaling factor

√︁
𝑑𝑘 :

𝑀𝑆𝐴(H) = 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑄𝐾
𝑇√︁
𝑑𝑘

)𝑉 . (2)

The MSA output is passed through FFN with an LN and a residual
connection to generate the output of the 𝑙-th Transformer layer as:

H̃ (𝑙 ) = 𝑀𝑆𝐴(𝐿𝑁 (H (𝑙−1) )) + H (𝑙−1) ,

H (𝑙 ) = 𝐹𝐹𝑁 (𝐿𝑁 (H̃ (𝑙 ) )) + H̃ (𝑙 ) .
(3)

Here, 𝑙 = 1, . . . , 𝐿 represents the 𝑙-th layer of the Transformer.

4 Methodology
In this section, we present the details of HHGT model, consisting
of two important modules: Ring2Token and TRGT. The overall
framework is depicted in Figure 2(a). Given an HIN and an integer
𝐾 , for each target node, we initially utilize Ring2Token to extract
multiple 𝑘-ring neighborhoods (𝑘 ∈ [0, 𝐾]), spanning from 0-ring
neighborhood to 𝐾-ring neighborhood, with well-organized nodes
partitioned by their types within each 𝑘-ring structure, forming the
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Figure 2: (a) Illustration of the framework for node classification task. (b) Diagram of the TRGT module incorporating both
Ring-level Transformer and Type-level Transformer.

Figure 3: Neighborhood partitioning by Ring2Token.

(𝑘, 𝑡)-ring neighborhood structure. After the neighborhood parti-
tion, we use the TRGT module to learn node representations via the
GT layer based on these extracted (𝑘, 𝑡)-ring neighborhoods. This
involves a Type-level Transformer to aggregate nodes of different
types within each 𝑘-ring neighborhood, followed by a Ring-level
Transformer to aggregate different 𝑘-ring neighborhoods hierarchi-
cally. After obtaining representations for all nodes via our HHGT
model, following previous work [19], we apply the classification
head to transform these node representations into the classification
results and train HHGT using the cross-entropy loss function. The
details of Ring2Token and TRGT modules are discussed as follows.

4.1 Ring2Token
How to effectively aggregate information from neighbors into a
node is critical for designing a powerful HIN representation learn-
ing model [11, 14, 32]. However, existing methods overlook the
distinctions between neighbors at different distances and mix nodes
of distinct types during neighbor aggregation.To address this lim-
itation, we introduce Ring2Token, which considers neighbor in-
formation involving different node types at distinct distances. To
grasp the distinctions between neighbors at different distances, we
first design the novel 𝑘-ring neighborhood structure as follows.

Definition 4.1. 𝑘-ring Neighborhood. Given a node 𝑢, suppose
Γ𝑘 (𝑢) = {𝑣 ∈ V|𝑑 (𝑢, 𝑣) = 𝑘} denote the 𝑘-ring neighborhood of 𝑢,
where 𝑑 (𝑢, 𝑣) refers to the shortest path distance between nodes 𝑢
and 𝑣 . The 0-ring neighborhood is the target node, i.e., Γ0 (𝑢) = {𝑢}.
Taking Figure 3(a) as an example where paper 𝑃1 is the target node,
and paper 𝑃6 is its 1-ring neighbor, while paper 𝑃2, 𝑃3, 𝑃4, 𝑃5 are
its 2-ring neighbors. Here, paper 𝑃6 signifies a citation relation
and paper 𝑃2, 𝑃3, 𝑃4, 𝑃5 imply co-authorship associations. Using the
2-hop (including 𝑃2, 𝑃3, 𝑃4, 𝑃5, 𝑃6) mix nodes at different distances,
failing to distinguish different functions associated with paper 𝑃6
and 𝑃2, 𝑃3, 𝑃4, 𝑃5. In contrast, the 𝑘-ring separates the 2-hop neigh-
bors into different subsets as 𝑃6 and 𝑃2, 𝑃3, 𝑃4, 𝑃5, which naturally
discerns different functions and thus prevents semantic confusion.

Meanwhile, each node type carries specific information, em-
bodying distinct concepts. For instance, in Figure 3(b), the 1-ring
neighborhood of paper 𝑃1 involves nodes of three different types:
paper 𝑃6, authors 𝐴1, 𝐴2, 𝐴3, and subject 𝑆1, where papers offer
citation relations, authors contribute to the creation of the paper
while subjects provide thematic information. Therefore, it is not
suitable to mix nodes of all types together during neighbor aggre-
gation. Motivated by this, we introduce the concept of type-aware
𝑘-ring neighborhood (named (𝑘, 𝑡)-ring neighborhood) to catego-
rize nodes within each 𝑘-ring structure by their types.
Definition 4.2. (𝑘, 𝑡)-ring Neighborhood. Given a node 𝑢, let
Γ𝑘,𝑡 (𝑢) = {𝑣 ∈ V|𝑣 ∈ Γ𝑘 (𝑢) ∧ C𝑣 = 𝑡} denote the (𝑘, 𝑡)-ring
neighborhood of 𝑢, where Γ𝑘 (𝑢) refers to 𝑢’s 𝑘-ring neighborhood
and C𝑣 denotes 𝑣 ’s node type.

Based on the concept of (𝑘, 𝑡)-ring, we can further partition the
1-ring neighborhood of 𝑃1 into three different subsets as Γ1,1 (𝑃1) =
{𝑃6}, Γ1,2 (𝑃1) = {𝐴1, 𝐴2, 𝐴3}, Γ1,3 (𝑃1) = {𝑆1}. Then, we can aggre-
gate them separately, enabling us to mimic their distinct roles and
avoid mixing different types.

To sum up, given an HIN, for each node, Ring2Token extracts
and partitions all its neighborhoods with a (𝑘, 𝑡)-ring structure.
Specifically, given an integer 𝐾 and node type number𝑇 , for a node
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𝑢, it possesses a sequence of 𝑘-ring neighborhoods with length
𝐾 + 1. Within each 𝑘-ring neighborhood, it can be further divided
into a series of (𝑘, 𝑡)-ring neighborhoods with a length of 𝑇 . These
(𝑘, 𝑡)-ring sets will be fed into the TRGT module for model training.

4.2 TRGT Module
Built upon this innovative (𝑘, 𝑡)-ring structure, TRGTmodule seam-
lessly integrates a Type-level Transformer for aggregating nodes
of different types within each 𝑘-ring neighborhood, followed by a
Ring-level Transformer for aggregating different 𝑘-ring neighbor-
hoods in a hierarchical manner. The diagram of TRGT is shown in
Figure 2(b) and the details are elaborated below.

4.2.1 Type-level Transformer. Recall that nodes in HINs come in
various types, each representing distinct concept. However, existing
HGT-based methods tend to mix nodes of different types by packing
all node types into a single sequence and uniformly employing
attention over them during neighbor aggregation, failing to model
distinct roles of nodes with various types as discussed before.

To overcome this limitation, we design a Type-level Transformer
to aggregate neighbors by explicitly considering node type differ-
ences. Particularly, given a node 𝑢 and its neighbors, we first adopt
the Ring2Token module to divide these neighbors into several sub-
sets, i.e., (𝑘, 𝑡)-ring sets. Within each 𝑘-ring structure, a series of
(𝑘, 𝑡)-ring neighborhoods with a total length of 𝑇 are extracted.
For instance, in Figure 3(c), three (𝑘, 𝑡)-ring sets are formed within
𝑃1’s 1-ring neighborhood. Here, nodes in the same (𝑘, 𝑡)-ring are
associated with the same node type and semantic function. There-
fore, for each (𝑘, 𝑡)-ring set, the features of all nodes within it are
firstly aggregated using an average pooling function to create an
embedding token with a specific size 𝑑 , i.e., 𝑥𝑘,𝑡 ∈ R𝑑 , which ex-
plicitly summarizes the information of all nodes with type 𝑡 within
the 𝑘-ring. In case of an empty set, the embedding token is filled
with zeros, ensuring a consistent size of 𝑑 . Thus, each 𝑘-ring neigh-
borhood can be represented as a sequence of tokens denoted as
𝑥𝑘 = {𝑥𝑘,1, . . . , 𝑥𝑘,𝑇 } ∈ R𝑇×𝑑 . Then, we aggregate representations
of different subsets by adopting a Type-level Transformer encoder
over the sequence 𝑥𝑘 , as discussed in Section 3.2. Through this type-
aware aggregation, our model can explicitly distinguish neighbors
with different types and avoid potential semantic confusion. Note
that for the 0-ring feature 𝑥0, we employ a Multi-Layer Perceptron
(MLP) to convert the embedding dimension from R𝑇×𝑑 to R1×𝑑 .

By stacking 𝐿 Transformer blocks, we derive the final repre-
sentation for each 𝑘-ring neighborhood using a read-out func-
tion, denoted as {ℎ0, ℎ1, . . . , ℎ𝐾 }, where ℎ0 ∈ R1×𝑑 and ℎ𝑘 =

{ℎ𝑘,1, . . . , ℎ𝑘,𝑇 } ∈ R𝑇×𝑑 .
Type-level Attention Mechanism. We further introduce a type-
level attention mechanism as the read-out function within each
𝑘-ring structure. The attention function maps a query to key-value
pairs, yielding an output. Specifically, the type-level attention
function within each 𝑘-ring can be defined as follows:

𝛼𝑘,𝑡 =
𝑒𝑥𝑝

(
ℎ0 · ℎ𝑘,𝑡

)∑𝑇
𝑖=1 𝑒𝑥𝑝

(
ℎ0 · ℎ𝑘,𝑖

) . (4)

Here,ℎ0 ∈ R1×𝑑 denotes the 0-ring representation andℎ𝑘,𝑡 ∈ R1×𝑑

denotes the (𝑘, 𝑡)-ring representation after Transformer encoder.

𝛼𝑘,𝑡 ∈ R1 is an attention score,𝑇 denotes the number of node types
and · denotes the dot product. The final representation of each
𝑘-ring neighborhood is calculated as:

ℎ𝑘 =

𝑇∑︁
𝑡=1

𝛼𝑘,𝑡 · ℎ𝑘,𝑡 . (5)

Finally, Type-level Transformer outputs a sequence of 𝑘-ring rep-
resentations for each node, which later are forwarded into the
Ring-level Transformer for representation learning.

4.2.2 Ring-level Transformer. Each𝑘-ring neighborhood contributes
a new layer of information, and their combination provides diverse
perspectives, essential for a comprehensive understanding of the
HIN. Thus, the effective collection of information from these 𝑘-
ring neighborhoods is crucial. To tackle this challenge, we develop
the Ring-level Transformer for global aggregation across different
𝑘-ring neighborhoods. For each node, given a sequence of 𝑘-ring
tokens {ℎ0, ℎ1, . . . , ℎ𝐾 } obtained from Type-level Transformer, with
each summarizing the unique information of neighbors belonging
to a specific 𝑘-ring structure, Ring-level Transformer first leverages
Transformer encoder to learn the node representations. After stack-
ing 𝐿 Transformer layers, we obtain the representation of each node,
i.e., a sequence of representations {𝑧0, 𝑧1, . . . , 𝑧𝐾 } where 𝑧𝑘 ∈ R𝑑 .
Ring-level Attention Mechanism. Considering the potential di-
verse and unique impacts of different 𝑘-ring neighborhoods, we
design the ring-level attention mechanism for information aggre-
gation. Specifically, it calculates attention coefficients by assessing
the relations between the 0-ring neighborhood (the node itself) and
all other 𝑘-ring neighborhoods, which is formulated as:

𝛼𝑘 =

𝑒𝑥𝑝

(
(𝑧0 | |𝑧𝑘 )𝑊𝑇

)
∑𝐾
𝑖=1 𝑒𝑥𝑝

(
(𝑧0 | |𝑧𝑖 )𝑊𝑇

) , (6)

where𝑊 ∈ R1×2𝑑 denotes the learnable projection, and | | indi-
cates the concatenation operator. Once the attention scores are
obtained, they are employed to calculate a linear combination of
the corresponding representations, which is written as:

𝑧 = 𝑧0 +
𝐾∑︁
𝑘=1

𝛼𝑘 · 𝑧𝑘 , (7)

where𝐾 is the number of rings, 𝑧0 and 𝑧𝑘 denote the representations
of 0-ring and 𝑘-ring neighborhood, respectively. Then, we can
derive the final representation of each node as 𝑧 ∈ R𝑑 .

4.3 Objective Function
After obtaining the final representations of all nodes through our
HHGT model, we employ the cross-entropy loss to optimize node
embeddings in HINs following existing work [32]. Specifically, we
utilize a classification head to predict the labels of nodes. This
prediction results in a predicted label matrix for nodes, denoted
by 𝑌 ∈ R𝑛×|L | , where |L| denotes the number of classes. The
cross-entropy loss employed is then described as follows:

L = −
∑︁
𝑖∈I

∑︁
𝑗∈L

𝑌𝑖, 𝑗 𝑙𝑛𝑌𝑖, 𝑗 . (8)

Here, I and 𝑌𝑖, 𝑗 denote the labeled node set and the true label,
respectively. The model is refined through back-propagation to
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learn the node representations. The time complexity of HHGT is
𝑂 (𝑛(𝐾 + 1)2𝑑 + 𝑛(𝐾 + 1)𝑇 2𝑑), where 𝑛, 𝐾,𝑑,𝑇 denote the node
number, ring number, feature dimension, type number, respectively.
Details are in Appendix A of the supplementary material.

5 Experiments
We conduct experiments to answer following research questions:
• RQ1: Can HHGT outperform baselines across downstream tasks?
• RQ2:What do the learned node embeddings represent? Can they
capture the intricate structures and heterogeneity within HINs?

• RQ3: How do different modules of HHGT contribute to enhanc-
ing the model performance?

• RQ4: How do hyper-parameters affect HHGT’s performance?

5.1 Experimental Settings
5.1.1 Datasets. We conduct experiments on two publicly real-
world HIN benchmark datasets (i.e. ACM1 and MAG2), which are
widely employed in related works [22, 32, 33, 38]. The statistics of
datasets are summarized in Table 1, with details in Appendix B.

5.1.2 Baselines. To verify the effectiveness of our model, we com-
pare our HHGT with two groups of baselines: shallow model-based
methods and deep model-based methods. The former group in-
cludes PTE [27], ComplEx [28], HIN2Vec [10], M2V [8], AspEm [25].
The latter group can be further divided into two categories: (1)
HGNN-based models, including R-GCN [23], HAN [32], AGAT [19],
SHGP [39], GTN [41], FastGTN [42]; (2) GT-based models, compris-
ing one homogeneous GT-based method NAGphormer [6], and two
heterogeneous GT-based methods, HGT [14] and HINormer [21].
Here, SHGP, PTE, ComplEx, HIN2Vec, M2V and AspEm are un-
supervised methods, while R-GCN, HAN, AGAT, GTN, FastGTN,
HGT, HINormer and NAGphormer are semi-supervised methods,
which are the same as our model. To ensure reproducibility, we
include our source code, datasets, as well as the instructions to the
selected baselines, in a repository3. More details are in Appendix C.

5.2 Node Classification (RQ1)
Settings.Node classification task aims to assign categories to nodes
within a network. Following [14], we train a separate linear Support
Vector Machine (LinearSVC) [9] with 80% of the labeled nodes and
predict on the remaining 20% data. We repeat the process 10 times
and report the average results. Micro-F1 and Macro-F1 scores are
employed to evaluate the effectiveness following [21, 32, 36].
Results. The overall experimental results are shown in Table 2. As
observed, HHGT achieves the best overall performance§, which in-
dicates its superior effectiveness. The main reasons for the observed
improvement may include: (1) The Type-level Transformer opti-
mally utilizes node type information during neighbor aggregation,
enabling the effective capture of proper correlations between nodes
of different types; (2) The Ring-level Transformer considers the
distinctions between neighbors at different distances, facilitating
powerful neighbor aggregation across various hierarchical levels.
1https://dl.acm.org
2https://www.microsoft.com/en-us/research/project/microsoft-academic-graph
3https://github.com/qiuyu111/HHGT
§The subgraph extracted from the ACM dataset in our paper differs from those used
by certain baselines, e.g., FastGTN [42].

Additionally, we observe that the second best is relatively unstable,
demonstrating that ourmodel is very robust against various settings
as well as metrics. Among the baselines, we can observe deepmodel-
based approaches generally outperform their shallow model-based
counterparts, highlighting the benefits of multi-layered feature
extraction in capturing complex information within HINs.

5.3 Node Clustering (RQ1)
Settings. Node clustering task seeks to group nodes in a network,
according to common structural and attribute features. Following
[22, 32, 39, 45], we adopt an unsupervised learning set where the in-
put is solely node embeddings, and we leverage K-Means to cluster
nodes based on their representations generated by the model. The
number of clusters for K-Means is set as the category number, and
we utilize the same ground truth as employed in node classification
task. NMI and ARI are utilized as evaluation metrics here, following
[32, 39]. Due to the sensitivity of K-Means to initial centroids, we
conduct the process 10 times and report the average results.
Results. Table 3 demonstrates the overall results of all methods for
node clustering task. As we can see, HHGT consistently surpasses
all baseline methods in node clustering across various HINs, demon-
strating substantial improvements in both NMI and ARI metrics.
Specifically, HHGT exhibits an improvement of up to 24.75% in NMI
and 29.25% in ARI over the top-performing baselines on the ACM
dataset, respectively. This is because our model simultaneously
incorporates Ring-level Transformer and Type-level Transformer,
where the former aids in capturing the differences between neigh-
bors at different distances while the latter emphasizes the impor-
tance of node types during neighbor aggregation. The hierarchical
integration of these two Transformers enables the model to syn-
thesize information at multiple levels, enhancing the diversity and
richness of node representations. Additionally, deep learning-based
methods significantly outperform shallow models, as discussed in
Section 5.2. Furthermore, homogeneous GT-based methods per-
form worse than their heterogeneous GT-based counterparts in
many cases, verifying the importance of considering relation het-
erogeneity within HINs. Our model also benefits from this aspect
by designing the (𝑘, 𝑡)-ring neighborhood structure to emphasize
the inherent heterogeneity of both distance and types within HINs.

5.4 Embedding Visualization (RQ2).
Settings. For a more intuitive comparison, we conduct embedding
visualization to represent an HIN in a low-dimensional space. The
goal is to learn node embeddings using the HIN representation
learning model and project them into a 2-dimensional space. We
employ the t-SNE [9] technique for visualization, with a specific
focus on paper representations on both datasets. Following [39],
nodes here are color-coded based on fields and published venues
for ACM and MAG, respectively. The visualization results for ACM
dataset can be found in Appendix D.1.
Results. The results are shown in Figure 4, from which we can find
the following phenomenons: (1) The shallow model-based methods
always show mixed patterns among papers from various venues,
lacking clear clustering boundaries. For example, HIN2Vec mixes
all papers together, limiting its ability to capture complex structural
and semantic relationships in HINs. (2) HGNN-based models, such

323

https://dl.acm.org
https://www.microsoft.com/en-us/research/project/microsoft-academic-graph
https://github.com/qiuyu111/HHGT


HHGT: Hierarchical Heterogeneous Graph Transformer for Heterogeneous Graph Representation Learning WSDM ’25, March 10–14, 2025, Hannover, Germany

Table 1: Dataset Statistics

Dataset Objects (#) #Object Relations #Relation #Label Type #Labeled Object
ACM 𝑃 (4025), 𝐴 (7167), 𝑆 (60) 11,252 𝑃 ⇌ 𝐴, 𝑃 ⇌ 𝑆 17,432 3 4,025
MAG 𝑃 (4017), 𝐴 (15383), 𝐼 (1480), 𝐹 (5454) 26,334 𝑃 ⇌ 𝑃, 𝑃 ⇌ 𝐹, 𝑃 ⇌ 𝐴,𝐴 ⇌ 𝐼 86,230 4 4,017

Figure 4: Embedding visualization on MAG dataset, where our HHGT model clearly separates papers from different published
venues with well-defined boundaries.

Table 2: Overall evaluation on node classification. Tabular
results are in percent; the best results are highlighted in bold;
the underlined results indicate the second-best performance.

Methods ACM MAG
Macro-F1 Micro-F1 Macro-F1 Micro-F1

PTE 25.40 61.57 59.75 60.31
ComplEx 56.67 78.93 91.65 91.69
HIN2Vec 25.40 61.57 19.21 28.08
M2V 60.31 74.24 91.16 91.22
AspEm 58.72 80.70 16.85 26.11
R-GCN 51.34 72.80 96.40 96.39
HAN 60.34 81.42 97.39 97.36
AGAT 58.14 80.75 97.50 97.51
SHGP 61.91 81.69 97.19 97.04
GTN 64.49 78.26 96.63 96.64

FastGTN 64.70 76.77 93.08 93.03
HGT 65.48 74.91 98.80 98.76

HINormer 60.31 82.98 98.85 98.88
NAGphormer 58.94 81.49 97.76 97.76

HHGT 68.56 83.11 99.25 99.25

(a) Micro-F1 (b) Macro-F1

Figure 5: Ablation study on node classification.

as GTN and R-GCN, provide more reasonable visualization results,
but their clusters are more spread out and less compact. (3) In
contrast, visualizations of heterogeous GT-based models, including
HINormer, HGT and our HHGT, consistently exhibit high intra-
class similarity. These models effectively distinguish papers from

Table 3: Overall evaluation on node clustering. Tabular re-
sults are in percent; the best results are highlighted in bold;
the underlined results indicate the second-best performance.

Methods ACM MAG
NMI ARI NMI ARI

PTE 0.26 0.03 20.44 10.71
ComplEx 29.83 25.25 73.45 71.71
HIN2Vec 0.40 0.15 0.40 0.01
M2V 39.54 32.29 3.68 2.12
AspEm 39.54 32.29 0.46 0.01
R-GCN 24.74 18.27 84.82 87.34
HAN 50.12 50.37 84.90 88.08
AGAT 40.33 39.42 86.73 81.40
SHGP 39.08 32.30 86.71 88.77
GTN 65.71 68.69 91.24 93.99

FastGTN 65.68 68.65 75.62 77.31
HGT 37.96 32.76 96.84 98.07

HINormer 41.66 35.06 96.35 97.76
NAGphormer 47.30 40.05 96.22 97.61

HHGT 81.97 88.78 98.65 99.25

(a) NMI (b) ARI

Figure 6: Ablation study on node clustering.

different published venues with well-defined boundaries, which
effectively demonstrates the power of graph transformers in HINs.

5.5 Ablation Study (RQ3)
To understand the impact of different components within the pro-
posed framework on the overall performance across both tasks,
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we conduct ablation studies by removing or replacing key model-
ing modules of HHGT on two datasets. Specifically, we focus on
three key modules: (1) the 𝑘-ring neighborhood structure and its
corresponding Ring-level Transformer for distance heterogeneity
modeling, (2) the (𝑘, 𝑡)-ring neighborhood structure and its corre-
sponding Type-level Transformer for further type heterogeneity
modeling, (3) and the attention-based readout function upon two
Transformer encoders. By removing or replacing these modules,
we can obtain different variants of HHGT as follows:
• w/o Ring: In this variant, we replace our 𝑘-ring structures with
traditional 𝑘-hop patterns for neighbor extraction without par-
titioning them into different distance-based non-overlapping
subsets, and the Ring-level Transformer is then utilized upon the
extracted hop-based neighborhood structure.

• w/o Type: Within each 𝑘-ring structure, this variant mixes all
neighbors of different node types without further partitioning
them into different type-based subsets, and removes the Type-
level Transformer module.

• w/o ATT: In this variant, we replace the attention-based readout
functions defined in Equation (5) and Equation (7) with average
pooling functions.
The results for node classification and node clustering on both

datasets are illustrated in Figure 5 and Figure 6, respectively. Based
on the results, we have the following observations: (1) The model
performance significantly decreases across both datasets when
the 𝑘-ring structure is replaced with the traditional 𝑘-hop pattern
(i.e., HHGT vs. w/o Ring), which emphasizes the importance of
the proposed 𝑘-ring structure. The reason is that the 𝑘-ring struc-
ture, integral to HHGT, excels in capturing distance heterogeneity
within HINs by effectively differentiating between neighbors at
varying distances. (2) HHGT consistently outperforms w/o Type in
all metrics on both datasets, which demonstrates the effectiveness
of our Type-level Transformer module. The results also highlight
the importance of explicitly considering type heterogeneity in HIN
representation learning by further partitioning 𝑘-ring to (𝑘, 𝑡)-ring
structure. (3) w/o ATT shows inferior performance compared to
HHGT across two downstream tasks and two datasets, indicating
that the proposed attention-based readout function is beneficial for
learning more general and expressive node representations.

5.6 Parameter Study (RQ4)
We investigate the sensitivity of HHGT with respect to four key
hyper-parameters, i.e., the embedding size 𝑑 , the number of rings
𝐾 , the Ring-level Transformer layer number 𝐿𝑟 and the Type-level
Transformer layer number 𝐿𝑡 . The results of node classificationwith
varying𝑑 and𝐾 on both datasets are depicted in Figures 7-8. Further
information with varying 𝐿𝑟 and 𝐿𝑡 is provided in Appendix D.2.

(a) Micro-F1 (b) Macro-F1
Figure 7: Embedding size study on node classification.

Effect of Embedding Size𝑑 .Wevary𝑑 in {128, 256, 512, 1024, 2048}
to validate the impact of embedding size. Figure 7 reports the node
classification results over both datasets. As observed, in most cases,
model performance improves with increasing hidden dimension
size, as a larger embedding size generally provides stronger rep-
resentational power. However, it is interesting to discover that
employing high-dimensional representations does not consistently
yield optimal results. For instance, the model achieves the opti-
mal Micro-F1 and Macro-F1 when 𝑑 = 128 on ACM dataset and
𝑑 = 512 on MAG dataset, respectively. This indicates adopting
a higher-dimensional representation does not guarantee the best
performance across all scenarios.

(a) Micro-F1 (b) Macro-F1

Figure 8: Ring number study on node classification.

Effect of Ring Number 𝐾 .We range 𝐾 from 1 to 10 to analyze the
effect of the number of rings, and the node classification results are
illustrated in Figure 8. As observed, the model achieves the best with
different 𝐾 on different datasets, since various HINs display distinct
neighborhood configurations. Besides, as 𝐾 increases, performance
gradually improves across all datasets, followed by a slight decline
observed with further increments. Though greater 𝐾 implies nodes
consider a broader neighborhood, too large 𝐾 may cover the entire
network, causing the node’s neighborhood to include a significant
amount of irrelevant information and even over-fitting.

6 Conclusion
In this paper, we study the HIN representation learning problem. To
deal with it, we introduce an innovative (𝑘, 𝑡)-ring neighborhood
structure to extract neighbors for each node, aiming to capture
the differences between neighbors at distinct distances and with
different types. Based on this novel structure, we propose an effec-
tive HHGT model, seamlessly integrating a Type-level Transformer
for aggregating nodes of different types within each 𝑘-ring neigh-
borhood, and a Ring-level Transformer for hierarchical aggrega-
tion across multiple 𝑘-ring neighborhoods. Experiments on both
datasets demonstrate the advantages of our HHGT model across
various downstream tasks. In the future work, we plan to expand
our evaluation to include additional downstream tasks such as link
prediction, and further incorporate the direction of relations to
improve representation learning for directed HINs.
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