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Abstract

In recent years, methods based on heterogeneous graph neu-
ral networks (HGNNs) have been widely used for embedding
heterogeneous graphs (HGs) due to their ability to effectively
encode the rich information from HGs into low-dimensional
node embeddings. Existing HGNNs focus on neighbor ag-
gregation and semantic fusion while neglecting the HG struc-
ture and learning paradigms. However, the original data in the
HG might lack node features, which may not be effectively
accounted for by existing models. Additionally, exclusively
relying on a single supervised learning approach may only
partially leverage the invariant information in graph data. To
address these challenges, we introduce the Contrastive Aux-
iliary Learning Model for Heterogeneous Graphs (CALHG),
which combines edge perturbation and graph diffusion to en-
hance graph data, allowing it to capture the inherent structural
information within heterogeneous graphs fully. Additionally,
we employ a category-guided multi-view contrastive learning
optimizing strategy, which does not rely on positive and neg-
ative samples for model training, enabling us to capture the
intrinsic invariances in heterogeneous graph data. Extensive
experiments and analyses on five benchmark datasets with-
out node features and three benchmark datasets with node
features validate the effectiveness and efficiency of our novel
method compared with several state-of-the-art methods.

Code — https://github.com/mlcb-jlu/CALHG

Introduction
Graph Neural Networks (GNNs) are learning and repre-
sentation methods (Gori, Monfardini, and Scarselli 2005;
Scarselli et al. 2008) based on graph structures, and they
have wide applications in fields such as recommendation
systems and knowledge graphs. In recent years, many stud-
ies have shown that leveraging heterogeneous graphs can
better address problems in social networks (Hamilton, Ying,
and Leskovec 2017), academic networks (Zhang et al. 2019),
knowledge graphs (Sun et al. 2019), and more. Heteroge-
neous Graph Neural Networks (HGNNs) are specialized
deep learning models for heterogeneous graphs. They aim to
embed heterogeneous graph nodes from high-dimensional
space into low-dimensional space while preserving both
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structural and semantic information of the nodes (Yang et al.
2023).

Existing HGNN models mainly focus on designing effec-
tive neighbor aggregation and semantic fusion mechanisms,
paying little attention to how the structure of heterogeneous
graphs and the learning paradigm of the model affect per-
formance in downstream tasks. In real-world heterogeneous
graphs, a large amount of data often lacks node features. In
such cases, relying solely on information learning mecha-
nisms based on neighbor aggregation and semantic fusion
while ignoring the structural learning inherent in heteroge-
neous graphs can significantly impact the model’s perfor-
mance on final downstream tasks. Furthermore, acquiring
node features may be time-consuming and labor-intensive
in many real-world applications involving heterogeneous
graphs. Therefore, it is urgent to address how to effectively
perform representation learning without node features and
the specific topology of heterogeneous graphs.

Regarding graph learning paradigms, they are primar-
ily divided into supervised learning paradigms and self-
supervised learning paradigms. Supervised Graph Neural
Networks (Kipf and Welling 2017; Veličković et al. 2018;
Zhang et al. 2019; Hu et al. 2020b) mainly perform repre-
sentation learning by simply aggregating node features and
require the use of a large amount of labeled data for training,
thus enhancing their performance in downstream tasks. De-
spite their success, these studies do not fully leverage the
rich node and structure information of the graph. To ad-
dress the limitations of supervised learning, a plethora of
self-supervised learning methods have emerged (Kipf and
Welling 2016; Veličković et al. 2019; Sun, Lin, and Zhu
2020), offering a new learning paradigm distinct from su-
pervised learning. In self-supervised learning, the model is
trained by solving a series of manually-assisted tasks (so-
called pretext tasks), where the supervisory signals are au-
tomatically obtained from the data without requiring man-
ual annotation. With carefully designed pretext tasks, self-
supervised learning enables models to learn more informa-
tive representations from unlabeled data, leading to better
performance (Veličković et al. 2019), generalization (Hu
et al. 2020a), and robustness (You et al. 2020b) on vari-
ous downstream tasks. So, given the powerful performance
of self-supervised learning, leveraging the self-supervised
learning paradigm to assist in supervised learning training
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by auxiliary learning is a direction worth exploring.
To solve the above challenging issues, we propose the

Contrastive Auxiliary Learning Model for Heterogeneous
Graphs (CALHG) based on graph structure transforma-
tion and category-guided multi-view contrastive learning. To
thoroughly utilize the intrinsic structural information in het-
erogeneous graphs, we present a comprehensive graph data
augmentation method, which combines edge perturbation
with graph diffusion techniques, ensuring a robust and ef-
fective solution. Moreover, we put forward a unique class-
guided multi-view contrastive learning optimizing strategy,
which overcomes the limitations of supervised learning
methods by fully leveraging the rich information in the data,
thereby demonstrating its superiority. This strategy does not
require positive and negative samples for model training, en-
abling us to fully capture the intrinsic invariance in hetero-
geneous graphs. Thus, by integrating contrastive learning as
an auxiliary training method with supervised learning, we
can fully utilize label information while profoundly explor-
ing the invariant information in the data, enriching the learn-
ing of graph representations. Fig. 1 displays the framework
of the presented CALHG.

In summary, the main contributions of this paper are as
follows:

• We propose a contrastive auxiliary learning model with
graph structure transformation for heterogeneous graphs
to improve the performance of the supervised HGNN.

• The proposed graph structure transformation method ad-
dresses the challenges by combining edge perturbation
and graph diffusion techniques to enhance graph data,
which more effectively captures the inherent structural
information within heterogeneous graphs.

• A category-guided multi-view contrastive learning opti-
mizing strategy is employed, avoiding the need for pos-
itive and negative samples during model training, which
helps capture the intrinsic invariances of features and
samples in heterogeneous graph data.

• We conduct thorough experiments and analyses on sev-
eral benchmark datasets and validate significant effec-
tiveness advantages of the proposed model over several
state-of-the-art methods.

Related Work
Heterogeneous Graph Neural Network
HGNNs that aggregate information from first-order neigh-
bors typically employ convolutional approaches tailored for
different types of edges and nodes to cope with the com-
plexity of heterogeneous graphs. HGT (Hu et al. 2020b) pa-
rameterizes the weight matrices for heterogeneous mutual
attention, message passing, and propagation steps by lever-
aging the meta-relations in heterogeneous graphs. HGAT
(Linmei et al. 2019) proposes a dual-attention mechanism
that considers the importance of different adjacent nodes
and the influence of different node types on the target
node and aggregates information from first-order neighbor
nodes. HetSANN (Hong et al. 2020) models the transi-
tions between heterogeneous vertices by projecting them

into a low-dimensional entity space and then aggregates
multi-relational information from the projected neighbor-
hood through an attention mechanism. Simple-HGN (Lv
et al. 2021) proposes a heterogeneous attention mechanism
based on relation-type weight matrices and embeddings and
uses it to aggregate the weighted information from first-
order neighbors.

HGNNs that aggregate information based on meta-paths
utilize the unique meta-path information in heterogeneous
graphs for aggregation operations. For example, HAN
(Wang et al. 2019) first uses a node-level attention mecha-
nism to aggregate neighbor node information under the same
meta-path and then uses a semantic-level attention mecha-
nism to fuse information from different meta-paths. Many
meta-path-based methods ignore the information of interme-
diate nodes in the meta-paths, leading to information loss.
MAGNN (Fu et al. 2020) addresses the issue by aggregating
information from intermediate nodes in meta-path instances.
HAGNN (Zhu et al. 2023) performs both meta-path-based
intra-type aggregation and meta-path-free cross-type aggre-
gation.

Relying solely on the information learning mechanisms
based on neighbor aggregation and semantic fusion can-
not adapt to the real-world heterogeneous graphs that lack
node features. We propose to combine edge perturbation
and graph diffusion techniques to address this challenge,
so that the inherent structural information within heteroge-
neous graphs can be captured more effectively.

Graph Contrastive Learning
Inspired by image representation learning, various con-
trastive learning attempts have been applied to graph repre-
sentation learning. Following Deep InfoMax (DIM) (Hjelm
et al. 2019), DGI (Veličković et al. 2019) learns by max-
imizing the mutual information between node representa-
tions and high-level summaries of the corresponding graphs.
InfoGraph (Sun et al. 2020) adopted the DIM principle for
graph classification tasks. Inspired by SimCLR (Chen et al.
2020), GRACE (Zhu et al. 2020) maximizes the consistency
of corresponding node representations in two augmented
graph views. Similarly, GraphCL (You et al. 2020a) learns
graph-level representations by maximizing the global repre-
sentations of two views of a graph. Inspired by canonical
correlation analysis methods, CCA-SSG (Zhang et al. 2021)
introduces a non-contrastive and non-discriminative self-
supervised learning objective, overcoming the drawback of
previous methods that rely on negative samples.

Although graph contrastive learning has already made
some progress, it lacks supervision and neglects the limited
yet beneficial label information. Therefore, our work adopts
a supervised learning approach combined with graph con-
trastive learning, effectively utilizing the label information
while capturing the intrinsic invariance of graph representa-
tions through contrastive learning methods.

Method
Inspired by multi-view contrastive learning methods on ho-
mogeneous graphs, we propose a self-supervised auxiliary
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Figure 1: The overall framework of CALHG.

learning model based on graph structure transformation to
enhance the performance of heterogeneous graph neural net-
works, as illustrated in Fig. 1. First, we homogenize the
heterogeneous graph to obtain G = (X,A). Here, X ∈
RN×F and A ∈ RN×N represent the node feature matrix
and adjacency matrix of the graph, respectively. N denotes
the total number of nodes, and F denotes the feature dimen-
sion after feature processing. Our model consists of three
components:

(1) A graph structure transformation generator T , which
defines a set of all possible graph transformation operations.
ti ∼ T denotes a specific transformation applied to the
graph G. For the original graph, the transformed graph is
denoted as G̃i = (X, Ãi).

(2) A Graph Neural Network (GNN)-based Encoder fθ,
where θ represents the parameters of the GNN encoder. All
views are subsequently fed into the GNN encoder to gener-
ate node embeddings for different views: Zi = fθ(X, Ãi),
where Zi ∈ RN×D and D denotes the embedding dimen-
sion. Then, we use an attention-based mechanism for the
node embeddings Zi obtained from different views to fuse
them into a fused embedding ZF .

(3) Incorporate self-supervised auxiliary learning into su-
pervised learning models to enhance performance. Specif-
ically, we use Invariance-Covariance Loss to constrain
the distances between different feature embeddings and
Category-guided Loss to constrain the distances between
feature embeddings of different classes.

Graph Structure Transformation
The primary methods for graph augmentation include fea-
ture transformation and graph structure transformation. Fea-
ture transformation involves modifying the feature matrix X
of the input graph data through techniques such as node at-
tribute masking and perturbation to create new views. How-
ever, relying solely on feature transformation may pose chal-
lenges, especially when benchmark datasets lack initial node
features. Additionally, research has shown that introducing
noise or masking in any space can degrade model perfor-
mance. Therefore, this paper utilizes graph structure trans-
formation methods, transforming the input graph data using

the adjacency matrix A to generate new views.

Edge Perturbation We utilize type-based edge dropping
and k-hop-based edge generation to perturb graph edges.
During actual computations, the choice of edge perturbation
operation depends on the graph’s density. If the graph den-
sity is greater than a threshold ϵ, we perform edge removal
perturbation; if the graph density is less than ϵ, we conduct
edge generation perturbation.

The process of type-based edge dropping is explicitly il-
lustrated as follows:

Ã = A⊙ 1p (1)

where ⊙ denotes element-wise multiplication, and 1p rep-
resents the perturbation location indicator matrix. For the
specified type of edges to be removed, the values at the cor-
responding positions are set to 0, while the rest are set to 1.
In addition, considering the direction of the edges, 1p is not
necessarily a symmetric matrix.

The process of k-hop-based edge generation is explicitly
illustrated as follows:

Ã = Ak +A (2)

where Ak denotes the k-hop adjacency matrix of a node,
and A represents the original adjacency matrix. We select a
node’s k-hop neighbors as its direct neighbors to compensate
for the issue of insufficient graph density.

Graph Diffusion We use the graph diffusion and spar-
sification method for graph structure transformation. For a
given heterogeneous graph G = (V ,E), we ignore its node
types and edge types, transforming it into a homogeneous
graph. Then, we use the generic graph diffusion method,
Personalized PageRank (PPR), to compute the connectivity
between nodes in the homogeneous graph G, with the spe-
cific equation as follows:

S = α(In − (1− α)D− 1
2AD− 1

2 )−1 (3)

where S ∈ RN×N denotes the diffusion matrix, where N
is the number of nodes, A ∈ RN×N represents the adja-
cency matrix of the homogeneous graph, and D is a diag-
onal matrix with D(i, i) =

∑
j A(i, j). The diffusion ma-

trix S has been proven to recover meaningful neighborhoods
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from noisy graphs effectively (Gasteiger, Weißenberger, and
Günnemann 2019), which is crucial for overcoming issues
related to sparsity and redundancy in graph structures.

Since, during node embedding learning, a node’s local
neighborhood provides more information than distant neigh-
bors, it is necessary to sparsify the dense matrix S. We per-
form top-k sampling for each node, including the node itself,
on the diffusion matrix S to obtain a subgraph S̃ for node
embedding learning, with the specific equation as follows:

Ã = toprank(S(i, :), k) (4)

where k controls the size of the subgraph through the num-
ber of a node’s neighbors, and the toprank function returns
the indices of nodes sorted by their similarity. The diffusion
matrix S can be precomputed before model training starts
and supports parallel computation, enabling the model to be
applied to graphs that do not fit into GPU memory.

Network Architecture
Feature Preprocessing Since the input feature dimen-
sions may vary across different node types, we use biased
linear layers for each node type to map all node features into
a shared feature space. The parameters in these linear layers
will be optimized along with the overall model.

Encoder After obtaining different views through graph
structure transformation, we use encoders to learn repre-
sentations for each view. In this section, we introduce a
neighbor-level attention mechanism that captures important
differences among neighbors by assigning them different at-
tention weights and aggregates neighbor information to form
the node’s embedding representation in a specific view. First,
we employ self-attention mechanisms to learn the weights
between nodes after preprocessing node features. Given a
pair of neighboring nodes (i, j) in view ϕ, the neighbor-level
attention eϕij can learn how important node j is to node i in
view ϕ. The importance of node pair (i, j) based on a spe-
cific view can be represented by the following:

eϕij = attnneighbor(h
′

i, h
′

j , ϕ) (5)

where attnneighbor denotes the attention mechanism used to
calculate the attention weights for neighbor pairs within a
view. The above equation shows that, in a given view ϕ, the
weight of the node pair (i, j) based on the view depends on
the input node embeddings. After obtaining the importance
of first-order neighbor node pairs based on the view, we nor-
malize these using the softmax function to obtain the weight
coefficients αϕ

ij , as shown in the follows:

αϕ
ij = softmax(eϕij) (6)

Then, the view-based embedding of a node can be ob-
tained through information aggregation of its neighbors’
embeddings with the corresponding weight coefficients, as
shown in the follows:

Zϕi
= σ(

∑
j∈Nϕ

i

αϕ
ij · h

′

j) (7)

where Zϕi
is the learnable embedding for node i in view

ϕ. Given a set of views {ϕ1, ϕ2, . . . , ϕN}, after feeding the
node features into the neighborhood-level attention module,
we obtain N sets of view-specific node embeddings, which
can be described as {Zϕ1

, . . . ,ZϕN
}.

Feature Fusion Integrating the various graph structures
revealed by different views is necessary to learn a more com-
prehensive structural representation. To address the chal-
lenge of structural information fusion in heterogeneous
graphs, we utilize the view-level attention mechanism to
automatically learn the importance of different view struc-
tures and fuse them for a specific task. Taking the N
sets of view-specific node embeddings learned from the
neighborhood-level attention module as input, we learn
weights (βϕ1

, βϕ2
, . . . , βϕN

) for views, as shown in the fol-
lows:

(βϕ1
, βϕ2

, . . . , βϕN
) = attview(Zϕ1

,Zϕ2
, . . . ,ZϕN

) (8)

where attview denotes the attention mechanism that performs
view-level attention computation. Using the learned weights
as coefficients, we can fuse these view-specific embeddings
to obtain the final embedding ZF , as shown in the follow-
ing:

ZF =
N∑

n=1

βϕn
·Zϕn

(9)

Learning Objective
In this work, we use auxiliary learning to train our model and
improve the performance of the supervised learning task.
Formally, let Q denote the joint distribution of graph data
and labels for the primary learning task, and P denote the
marginal distribution of graph data. We aim to learn both
a decoder f and a predictor h, where h is supervised on
Q, while f is supervised on P and also trained under self-
supervision. The specific learning objective of the model is
as follows:

L = Lsup(f, h,Q) + βLssl(f, P ) (10)

where β is a positive scalar weight used to balance the two
terms in the loss function.

For the supervised loss Lsup, we minimize the cross-
entropy between the ground truth and the predictions on all
labeled nodes, with the specific loss equation as follows:

Lsup = −
∑
l∈yL

Y lln(MLP(Zl
F )) (11)

where MLP represents the multi-layer perceptron of the pre-
diction head, yL denotes the set of indices for labeled nodes,
Yl and ZF

l represent the labels and the fused multi-view em-
beddings of the labeled nodes, respectively. Guided by la-
beled data, the model is optimized through backpropagation
to learn the node embeddings.

Self-supervised learning loss Lssl consists of Invariance-
Covariance Loss and Category-guided Loss, which carry out
auxiliary learning. Invariance-Covariance Loss aims to con-
strain the distances between different feature embeddings,
while Category-guided Loss aims to constrain the distances
between feature embeddings of different classes.
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Invariance-Covariance Loss Inspired by methods like
Barlow Twins (Zbontar et al. 2021) and VICREG (Bardes,
Ponce, and LeCun 2022), which do not rely on positive and
negative samples for contrastive learning, we aim to enhance
the correlation of features at the same dimension across dif-
ferent views while reducing the correlation between differ-
ent dimensions. For the original graph G transformed by
ta ∼ T and tb ∼ T to get graphs f(Ga) and f(Gb), a
GNN encoder with shared parameters can produce feature
embeddings Za and Zb. We further normalize the node fea-
ture embeddings along the instance dimension so that each
feature dimension has a distribution with a mean 0 and stan-
dard deviation of 1, as shown in the following:

Z̃ =
Z − µ(Z)

σ(Z)
(12)

Afterward, the normalized embeddings Z̃a and Z̃b can be
used to define the invariance objective as follows:

i(Z̃a, Z̃b) =
∑
i=j

[Z̃
T

a Z̃b]i,j (13)

where i = j indicates taking the diagonal coefficients. This

term encourages the diagonal coefficients of Z̃
T

a Z̃b to be
larger, increasing the similarity of the same dimensions in
the feature embeddings Za and Zb.

Similarly, the normalized embedding Z̃ is used to define
the covariance objective as follows:

c(Z̃) =
∑
i̸=j

[Z̃
T
Z̃]2i,j (14)

where i ̸= j indicates taking the off-diagonal coefficients.

This term encourages the off-diagonal coefficients of Z̃
T
Z̃

to be smaller, decorrelating the different dimensions of the
embeddings and preventing them from encoding similar in-
formation.

Subsequently, the Invariance-Covariance Loss can be de-
fined as follows:

Lic =
1

i(Z̃a, Z̃b)− α1[c(Z̃a) + c(Z̃b)]
(15)

Category-guided Loss For the normalized feature embed-
ding Z̃ obtained from any view, use the labeled data’s fea-
ture embedding for category guidance to ensure that feature
representations of the same category are closer and those of
different categories are farther apart. If the number of cat-
egories in the labeled data is K, we can define the sample
set C = {C0, C1, C2,. . . , CK}, where C0 represents unla-
beled data. Then, we can define the category distance crite-
rion as follows:

dis(Z̃Cp , Z̃Cq ) = 1− 1

|Cp||Cq|
∑

i∈Cp,j∈Cq

[Z̃Z̃
T
]i,j

(16)
where i and j denote samples i and j, respectively. Further,
the criterion for the distance between different sample sets
in the dataset can be defined as follows:

s(Z̃) =
1

K

K∑
i=1

dis(Z̃Ci
, Z̃Ci

) (17)

d(Z̃) =
1

K(K − 1)

K−1∑
i=1

K∑
j=i+1

dis(Z̃Ci
, Z̃Cj

) (18)

u(Z̃) =
1

K

K∑
i=1

dis(Z̃Ci
, Z̃C0

) (19)

where s(Z̃) and d(Z̃) represent the average distances of fea-
ture representations within the same category and between
different categories, respectively, and u(Z̃) represents the
average distance from unlabeled samples to different cat-
egories in the labeled samples. For the normalized feature
embeddings Z̃a and Z̃b, the Category-guided Loss is de-
fined as follows:

Lcg =
s(Z̃a)

d(Z̃a)
+

s(Z̃b)

d(Z̃b)
+ α2[u(Z̃a) + u(Z̃b)] (20)

Based on Invariance-Covariance Loss and Category-
guided Loss, the total self-supervised learning loss Lssl is
defined as follows:

Lssl = λ1Lic + λ2Lcg (21)

where λ1 and λ2 are a positive scalar weight used to balance
the two terms in the loss function.

Experiments
Experimental Settings
Datasets Experiments are conducted on five widely-used
heterogeneous graphs, including ACM, DBLP, and IMDB,
which contain node features, from HGB (Lv et al. 2021) and
Freebase and AMiner, which do not contain node features,
from HINormer (Mao et al. 2023).

Baseline Methods In addition to the proposed CALHG
model, we compare it against twelve state-of-the-art in-
complete multi-view clustering methods. These methods in-
clude GCN (Kipf and Welling 2017), GAT (Veličković et al.
2018), HetGNN (Zhang et al. 2019), HGT (Hu et al. 2020b),
Simple-HGN (Lv et al. 2021), RGCN (Schlichtkrull et al.
2018), RSHN (Zhu et al. 2019), HAN (Wang et al. 2019),
MAGNN (Fu et al. 2020), SeHGNN (Yang et al. 2023),
LDMLP (Li et al. 2024), RpHGNN (Hu, Hooi, and He
2023), and HAGNN (Zhu et al. 2023).

Evaluation Each experiment is repeated 100 times to en-
sure robustness, and the average performance and the stan-
dard deviation are calculated. The datasets are split into
training and test sets, with 80% of the labeled nodes used
for training and 20% for testing. All experiments are con-
ducted on a single GTX 4090 GPU.

Experimental Results
Table 1 displays the node classification outcomes for the
eight benchmark datasets. Furthermore, Fig. 2 offers a com-
parison of Macro-F1 and Micro-F1 across all methods at dif-
ferent rates of training samples. From the results, we draw
the following conclusions:
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Dataset ACM* DBLP* IMDB* Freebase AMiner ACM DBLP IMDB
Macro-F1

GCN 90.07±1.10 89.10±0.28 14.25±0.08 59.73±4.94 75.35±1.37 91.68±0.52 87.35±1.35 56.14±1.66
GAT 91.21±1.11 92.43±0.40 38.02±2.05 58.45±5.64 75.50±1.03 92.35±0.87 93.66±0.56 57.16±2.80
HetGNN 63.60±7.49 91.77±0.48 43.91±1.11 - - 84.17±1.10 92.11±0.49 48.40±0.89
HGT 83.38±2.81 92.43±0.99 40.80±6.74 48.03±3.09 58.90±9.94 90.33±0.70 92.28±1.04 62.13±1.60
Simple-HGN 91.70±0.82 94.17±0.48 44.80±16.69 61.40±2.45 77.01±1.40 93.27±0.49 93.57±0.52 63.97±1.40
RGCN 79.71±3.72 89.64±6.15 51.60±2.40 54.77±3.79 47.71±4.27 91.06±0.52 90.51±1.09 57.32±0.77
RSHN 74.50±4.75 80.16±2.44 44.66±1.28 59.25±0.37 38.91±0.45 88.72±1.33 87.14±0.57 51.97±0.85
HAN 87.19±0.76 91.32±0.99 47.05±1.90 46.12±1.75 55.13±5.09 90.96±0.76 92.96±0.32 60.07±1.40
MAGNN 82.24±2.96 92.86±0.42 40.47±2.67 51.61±4.41 59.04±3.90 90.87±1.16 93.19±0.52 55.73±2.51
SeHGNN 86.29±0.84 94.56±0.27 54.53±0.60 63.71±0.88 76.11±0.83 94.05±0.35 94.92±0.38 66.72±0.41
RpHGNN 90.82±0.73 93.71±0.42 60.90±0.73 59.12±1.10 65.26±2.68 92.47±0.97 94.90±0.25 66.97±0.64
HAGNN 92.03±1.65 94.46±0.21 26.64±16.88 64.55±3.38 76.98±6.68 92.54±0.55 94.41±0.28 64.43±1.21
CALHG 92.50±0.40 95.25±0.18 61.15±0.37 65.11±0.69 79.21±1.11 94.49±0.18 95.17±0.35 66.54±0.39

Micro-F1
GCN 90.00±1.13 89.79±0.27 40.10±0.13 68.45±1.08 85.56±0.56 91.65±0.51 88.56±1.31 63.47±0.88
GAT 91.14±1.10 92.97±0.38 52.72±0.80 66.56±0.85 85.74±0.53 92.29±0.88 94.10±0.53 63.84±1.48
HetGNN 63.58±6.69 92.31±0.46 46.91±0.99 - - 84.03±1.09 92.63±0.45 51.28±0.84
HGT 83.31±2.80 93.10±0.81 53.82±3.90 64.29±1.56 79.45±4.44 90.27±0.68 93.00±0.85 66.90±0.84
Simple-HGN 91.58±0.83 94.58±0.45 55.36±8.41 67.38±0.91 86.52±0.54 93.19±0.50 94.06±0.48 67.71±0.82
RGCN 79.60±3.61 90.37±5.79 55.35±2.04 56.33±4.43 65.21±4.82 90.92±0.52 91.11±1.07 60.85±0.65
RSHN 74.21±5.14 80.58±2.58 48.10±0.78 63.63±0.23 57.26±0.73 88.62±1.36 87.65±0.65 56.39±0.63
HAN 87.00±0.76 92.00±0.99 55.12±1.90 61.47±2.77 74.86±3.26 90.86±0.76 93.43±0.31 65.92±0.73
MAGNN 82.00±2.97 93.40±0.38 53.27±1.69 64.63±1.54 75.55±3.00 90.77±1.15 93.81±0.49 64.21±1.43
SeHGNN 86.08±0.85 94.93±0.26 56.33±0.57 67.41±1.04 83.39±0.97 93.98±0.36 95.28±0.36 68.43±0.39
RpHGNN 90.69±0.75 94.18±0.38 62.65±0.69 63.35±1.03 78.33±3.34 92.37±1.00 95.26±0.23 69.16±0.61
HAGNN 91.96±1.68 94.85±0.19 45.26±9.88 69.14±1.02 86.81±2.33 92.47±0.56 94.80±0.26 67.83±0.65
CALHG 92.42±0.40 95.62±0.16 62.97±0.34 70.20±0.45 87.05±0.65 94.42±0.18 95.55±0.32 68.65±0.35

Table 1: Macro-F1 (%) and Micro-F1 (%) for the node classification on different datasets (mean in percentage ± standard
deviation). The best and second-best results are shown in bold and underlined, respectively. ‘*’ means using one-hot instead of
the original node features. ‘-’ means out of GPU memory.

ACM DBLP IMDB ACM* DBLP* IMDB*

EP GD CL Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1
× × × 92.49±0.80 92.43±0.78 91.86±0.35 92.39±0.33 64.23±1.21 67.11±0.72 82.93±17.00 84.27±13.45 91.99±0.31 92.32±0.32 57.55±1.46 60.85±0.68
× ✓ × 92.51±0.44 92.44±0.45 92.12±0.37 92.61±0.36 66.25±0.41 68.49±0.36 89.37±0.61 89.28±0.62 94.16±0.40 94.56±0.39 58.46±0.76 61.07±0.56
✓ × × 93.74±0.27 93.66±0.27 94.42±0.37 94.82±0.33 65.21±0.86 67.97±0.60 89.80±0.40 89.64±0.41 94.70±0.57 95.09±0.52 58.61±2.47 61.63±0.58
✓ ✓ × 94.14±0.25 94.06±0.25 94.57±0.50 94.97±0.36 66.48±0.39 68.64±0.32 91.50±0.41 91.38±0.42 94.57±0.39 94.97±0.36 59.15±0.73 61.71±1.35
✓ ✓ ✓ 94.49±0.18 94.42±0.18 95.17±0.35 95.55±0.32 66.54±0.40 68.65±0.35 92.50±0.40 92.43±0.40 95.25±0.18 95.62±0.16 61.16±0.37 62.97±0.34

Table 2: Experimental results of CALHG with different terms. EP, GD, and CL denote edge perturbation, graph diffusion, and
category-guided contrastive learning, respectively. ‘*’ means using one-hot instead of the original node features.

1. Our proposed CALHG model generally outperforms ex-
isting HGNN methods on all datasets without node fea-
tures. It is worth noting that our model without meta-
paths, performs significantly better than the representa-
tive method Simple-HGN, which does not rely on meta-
paths. In terms of Macro-F1 and Micro-F1, CALHG
outperforms Simple-HGN by margins of 0.8%, 1.08%,
16.35%, 3.71%, 2.2%, and 0.85%, 1.04%, 7.61%, 2.82%,
0.53%, respectively. When compared to traditional meta-
path-based methods in recent years (HAN, MAGNN, Se-
HGNN), our model also generally achieves superior per-
formance. This indicates that even in the absence of node
features, CALHG can still effectively learn representa-
tions using the inherent structure of the heterogeneous
graph.

2. Furthermore, on most datasets with node features, our
proposed CALHG model generally outperforms exist-
ing HGNN methods. Its performance is better than that
of the representative method Simple-HGN, which does
not rely on meta-paths. In terms of Macro-F1 and Micro-
F1, CALHG surpasses Simple-HGN on the ACM, DBLP,
and IMDB datasets by margins of 1.22%, 1.6%, 2.57%,
and 1.23%, 1.49%, 0.94%, respectively. In addition,
compared to other meta-paths-based methods, our model
exhibits more stability due to its independence from the
meta-paths selection. This demonstrates the superiority
of our proposed CALHG in utilizing structural informa-
tion and leveraging node information for graph data.

3. As depicted in Fig. 2, most HGNN methods exhibit more
significant performance fluctuations with reducing train-
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Figure 2: Macro-F1 and Micro-F1 for node classification on benchmark datasets with different rates of training samples.

ing samples, while CALHG maintains more stability.
This indicates that CALHG is not significantly affected
by the scale of the training sample and demonstrates
good stability. This trend suggests that category-guided
multi-view contrastive learning helps to capture the in-
trinsic invariances of features and samples in heteroge-
neous graph data.

Ablation Study
In order to demonstrate the effectiveness of the proposed
terms, we conduct experiments by removing these terms in
CALHG. As illustrated in Table 2, edge perturbation, graph
diffusion, and category-guided contrastive learning, all play
a significant role in the final performance of CALHG, re-
gardless of whether the dataset includes node features.

Hyperparameter Analysis
In this section, we analyze the impact of the hyperparam-
eters λ1 and λ2. The experimental results for these two hy-
perparameters are shown in Fig. 3. λ1 and λ2 control the im-
portance of the invariance-covariance loss and the category-
guided loss, respectively. We fix one of these hyperparame-
ters and vary the other within the range of 0.1 to 1.0, show-
ing the Macro-F1 and Micro-F1 performance of the CALHG
model. As the hyperparameters change, the performance of
CALHG fluctuates within a small range, indicating that it is
not very sensitive to these hyperparameters.

Conclusion
In this paper, we propose a novel auxiliary contrastive learn-
ing model. This model combines edge perturbation and
graph diffusion for graph augmentation, enabling effective
learning of graph structures. Additionally, it introduces a
category-guided graph contrastive learning approach, allow-
ing for effective contrastive learning across multiple aug-
mented graphs. We demonstrate that our method can ef-
fectively perform heterogeneous graph structure learning
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Figure 3: The hyper-parameter sensitivity of CALHG with
varying λ1 and λ2.

through extensive experiments on datasets with and without
node features.
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