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Abstract Network clustering has received increasing attention for its ubiquitous real-world applications.
Heterogeneous information network (HIN) clustering improves traditional homogeneous network clustering,
as HIN reserves heterogeneity of nodes and relations to enhance clustering. However, existing HIN cluster-
ing studies based on graph neural networks (GNNs) ignore different weights of node features and topology
structures on clustering. Moreover, these methods only cluster target nodes of a single type, while do not
consider the auxiliary of nodes of other types in HINs, which significantly degrades their performance. To

this end, we propose a bi-channel co-clustering algorithm for heterogeneous information networks, abbre-
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viated B3C, which is capable of merging node features and topology structures, as well as capturing the

hidden correlations between heterogeneous nodes, in order to achieve effective HIN clustering. Specifically,

we first design a simple yet effective bi-channel encoder to aggregate neighborhood information w.r.t. to-

pology structure and a similarity matrix. Then, self-training based clustering is performed to jointly opti-

mize the cluster assignments while learning HIN representations. Next, the co-clustering mechanism is used

to cluster nodes of different types simultaneously. Finally, we adopt the triplet-center loss to obtain dis-

criminative node embeddings, so that similar nodes are condensed and dissimilar nodes are separated. Ex-

tensive experiments on public datasets demonstrate that the designed bi-channel encoder shows significant

improvements over widely used GNN encoder and B3C outperforms the state-of-the-art learning-based

HIN clustering competitors.

Keywords heterogeneous information network; network clustering; co-clustering; network represen-

tation learning; graph neural network
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ARI 0.0017 0.3651 0.3422 0.3833 0.4861 0.3708 0.5949 0.7173 0.6784 0.7455
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Background

Network clustering is a fundamental task for data
mining, which aims to partition nodes of a network into
several disjointed groups, such that nodes in a group are
similar to each other. Network clustering has drawn in-
creasing attention due to its omnipresent real-world applica-
tions, including community detection, social recommenda-
tion, abnormal detection, etc. However, most of the existing
network-oriented clustering studies are designed for homo-
geneous networks, where all the nodes are of the same type.
Whereas, networks in real life essentially consist of objects
and interactions of various types. For instance, social net-
work is composed of users, videos, images and so on.
Friendship could be established between users. Besides,
users can post a video or like some images. Similarly, online
shopping network comprises sellers, buyers, commodities,
and so on. The interactions include purchase, favorite, like,
etc. These complex networks can be modeled as heteroge-
neous information networks (HINs), which provide com-
plete structure and rich semantic information for data min-
ing. The ability of HINs to model complex relations between
multiple-typed objects has motivated increasing studies for
HIN-based data mining, among which HIN clustering is a
fundamental task. However, exiting HIN clustering studies
either ignore the node features and simply merge node fea-
tures with structural information without considering the
weights of HIN nodes and HIN structures to HIN clustering.
Moreover, they focus on clustering target nodes of a single
type while neglecting the adjuvant effects that other nodes
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of other types in HINs may bring. Last but not least, they
cannot learn discriminative representations that enable
tightening similar nodes while separating dissimilar nodes.

Motivated by the mentioned issues above, this paper
proposes Bi-Channel Co-Clustering algorithm for heteroge-
neous information networks, i.e., B3C. which is capable of
fully capturing the hidden correlations between multi-typed
nodes while clustering multiple types of nodes simultane-
ously to improve clustering. To effectively aggregate infor-
mation from the structure space and the feature space, this
paper proposes a bi-channel encoder, which serves as the
backbone of the B3C algorithm. For the sake of learning a
task-friendly representation, B3C is equipped with several
optimization strategies derived for clustering. B3C first
employs the self-training based clustering module to opti-
mize the representation and the clustering jointly. Then,
B3C adopts the triplet-center loss to facilitate a discrimina-
tive embedding by tightening the intra-class objects while
separating the inter-class ones. Finally, B3C leverages the
learned representation for co-clustering heterogeneous
nodes. Extensive experiments on real-world datasets illus-
trate that B3C significantly outperforms state-of-the-art
methods.
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