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Distance Information Improves Heterogeneous
Graph Neural Networks

Chuan Shi, Member, IEEE, Houye Ji, Zhiyuan Lu, Ye Tang, Pan Li, and Cheng Yang*

Abstract—Heterogeneous graph neural network (HGNN) has shown superior performance and attracted considerable research interest.
However, HGNN inherits the limitation of expressive power from GNN via learning individual node embeddings based on their
structural neighbors, largely ignoring the potential correlations between nodes and leading to sub-optimal performance. How to establish
correlations among multiple node embeddings and improve the expressive power of HGNN is still an open problem. To solve the above
problem, we propose a simple and effective technique called heterogeneous distance encoding (HDE) to fundamentally improve the
expressive power of HGNN. Specifically, we define heterogeneous shortest path distance to describe the relative distance between
nodes, and then jointly encode such distances for multiple nodes of interest to establish their correlation. By simply injecting the
encoded correlation into the neighbor aggregating process, we can learn more expressive heterogeneous graph representations for
downstream tasks. More importantly, the proposed HDE relies only on the graph structure and ensures the inductive ability of HGNN.
We also propose an efficient HDE algorithm that can significantly reduce the computational overhead. Significant improvements on both
transductive and inductive tasks over four real-world graphs demonstrate the effectiveness of HDE in improving the expressive power of

HGNN.

Index Terms—Heterogeneous Graph, Graph Neural Network, Graph Mining.

1 INTRODUCTION

ETEROGENEOUS graphs, which consist of diverse
H types of nodes/edges and rich semantics, have been
widely used for abstracting and modeling complex systems,
such as academic graphs [1], [2], transportation systems
[3], drug reactions [4], and financial analysis [5]. As shown
in Figure 1(a), the academic heterogeneous graph contains
three types of nodes including paper, author, and term,
as well as their complex relations. Over the past decade,
traditional heterogeneous graph mining [6], especially path
based methods [7], [8], has been well studied.

Recently, deep learning based technologies have gradu-
ally extended to mine graph-structured data [9], [10], [11].
Heterogeneous graph neural network (HGNN), as a deep
graph representation learning model, has shown its superi-
ority over traditional heterogeneous graph analysis [7], [8]
and aroused considerable research interest.

The prevailing instantiations of HGNN focus on how
to handle the heterogeneity of graph and learn individual
node embedding via aggregating its structural neighbors.
However, such learning paradigm of HGNN inherits the
limitation of expressive power of GNN [12] and fails to
establish the correlation among nodes [11], [13], thus leading
to sub-optimal performance on multiple nodes related tasks,
such as link/relation prediction [14], [15]. As shown in
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Figure 1(b), both nodes ps and p3; individually aggregate
information from one author and two terms, so their em-
beddings will be the same according to their structures
(node attributes are ignored here). As a result, given two
node pairs (p1, p2) and (p1, p3), HGNNs cannot distinguish
which link is more likely to exist and hence predicts the
same existence probability to them (i.e., Jp,.p, = Upi.ps)
shown in Figure 1(c). In fact, node p; is relatively closer to
node py than node ps, so link (p1, p2) is more likely to exist.
The limited expressive power of HGNN greatly hurts its
performance and largely restricts its applications.

One important reason causing the limited expressive
power of HGNN lies in structural neighbor aggregating
for each node individually, largely ignoring the correlation
between nodes (e.g., distance), which is crucial for the
expressive power [11], [16], [17], [18], [19]. Capturing the
correlation among multiple nodes is extremely useful for
multiple nodes related tasks (e.g., link/relation prediction).
For example, two nodes of a node pair close to each other
tend to create tie (e.g., triadic closure phenomenon [20]),
providing valuable information for link prediction. Besides,
even if a GNN model can learn expressive single-node rep-
resentations, it may still fail to distinguish non-isomorphic
node sets if the correlation among multiple nodes is not cap-
tured [19]. Recently, several works [11], [16], [17], [19], [21]
try to integrate diverse correlations into the learning process
of homogeneous graph neural network (e.g., shortest path
distance (SPD) modeling in DEGNN [11]). However, the
above correlation modeling technologies do not consider
diverse types of edges, so they cannot be directly applied
to heterogeneous graph.

In fact, establishing the correlation between nodes in
the heterogeneous graph encounters much more challenges
because there exist diverse types of connections (a.k.a,
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Fig. 1. An academic heterogeneous graph and the comparison between HGNN and DHN. (a) The academic heterogeneous graph contains three
types of nodes and two types of edges. Different paths reveal different distances between nodes. (b) The limitation of HGNN comes from the
aggregating process which individually learns node embeddings based on their structural neighbors. (c) The expressive power of HGNN is limited
and fails to distinguish which link should exist (i.e., 9, ,p» = Up1,p3)- (d) Node pairs connected via different paths show different distances. (e) The
proposed DHN injects the correlation information into the aggregating process via encoding distance between nodes. (f) The expressive power of
DHN is significantly improved with the help of distance information (i.e., Jp,,ps > ¥p1,p3)-

paths) between nodes (e.g., paper-term and paper-author).
Traditional measures (e.g., SPD) cannot sufficiently mea-
sure the correlation between nodes on heterogeneous graph
because they only focus on path length and largely ignore
the influence of path types, leading to inappropriate results.
As shown in Figure 1(d), node pair (p2,p1) shows different
correlation from node pair (p2,p3) because they are con-
nected via different types of paths (paper-author-paper v.s.
paper-term-paper), while the traditional SPD [11] assigns
the same relative distance to them (i.e., path length are both
2).

Deliberately considering the above analysis, to improve
the expressive power of HGNN via correlation modeling,
we need to address the following new challenges:

*Heterogeneous correlation modeling. The heteroge-
neous correlation between diverse types of nodes is crucial
for many graph mining tasks. Conventional HGNN, due to
its limited expressive power, generally ignores such correla-
tion and thus tends to fail in those tasks. For example, given
a node pair (u,v), if they both show strong correlations
to node i (e.g., directly linked or relatively closed), then
the probability of link (u, v) existing is high. As shown in
Figure 1(a), paper p; tends to establish the reference relation
with paper ps because they are both written by author
ay and two short paths (p1,az2) and (az,p2) both indicate
strong correlation. Obviously, author as serves as the inter-
mediate node to establish the correlation between p; and
D2, providing valuable information to predict the reference
relation (p1,p2). In contrast, paper p; may not establish the
reference relation with paper ps because they are connected
with py via two long paths (p1, a2, p2) and (p2,ts,p3) (ie.,
weak correlation). Although the effectiveness of correlation
has been verified in many applications (e.g., similar search
[8]), how to incorporate the correlations between nodes into
HGNN and further improve its expressive power is still an
open problem.

sHeterogeneous distance modeling. Intuitively, diverse
types of correlation between nodes can be revealed via the
multiple types of paths. Considering the heterogeneity of

graph, when modeling relative distance between nodes,
we need to consider both path length and path type si-
multaneously, which is beyond the ability of SPD [11].
For example, node pair (p1,p2) connected via (p1, az,p2)
indicates co-authoring (paper-author-paper) relation, while
node pair (ps,p2) connected via (ps, t3,p2) indicates term
co-occurrence relation. Although two different paths have
the same length, from the perspective of path type, path
(p1, a2, p2) indicates larger similarity than path (ps, t3, p2)
because co-authoring relation is more reliable than term co-
occurrence relation.

Therefore, simply calculating shortest path distance will
weaken the semantic information provided by different
types of paths. How to properly measure the relative dis-
tance between nodes on heterogeneous graph remains to
be solved. In this paper, we propose a simple and effective
technique called heterogeneous distance encoding (HDE)
to handle the above challenges. By injecting HDE into the
neighbor aggregating process of HGNN, we further pro-
pose a novel Distance encoding based Heterogeneous graph
neural Network (DHN). Specifically, we first formulate the
heterogeneous shortest path distance to measure the relative
distance between nodes and design HDE via joining such
distances among multiple nodes to encode their correlation.
After that, the proposed DHN injects the encoded correla-
tion into the aggregating process to learn more expressive
representations for link prediction. By comparing Figure
1(b) and (e), we can see that, correlation modeling pairs
the proposed DHN with significantly more representation
power as opposed to previous HGNN.

It should be noted that we ignore node attributes for
two reasons. Firstly, we're considering the worst case, where
some heterogeneous graph datasets don’t provide node at-
tribute information, such as Freebase and LastFM. Secondly,
HDE provides robust expressive power since it’s computed
by algorithms that don’t require learning from the data,
unlike HGNN, which doesn’t generalize well when the
test set’s distribution differs significantly from that of the
training set if HGNN relies on node attributes to distinguish
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graph structures.

Our proposed technique is very general and can be
used in tasks where higher order correlation need to be
modeled, such as schema [22], triplet [23], motif [24] and
subgraph [25] prediction tasks. Therefore, in addition to
the link prediction task, we further use HDE for the meta-
path instance prediction task, where the distance correlation
among multiple nodes needs to be modeled.

We also observe that HDE can be very computationally
expensive in some datasets. To calculate the Hete-SPD, all
simple paths between two nodes need to be exhausted. This
operation has a huge time overhead when the enclosing
subgraph is large. This paper proposes an approximation
algorithm called E-HDE to alleviate this problem. The fun-
damental idea behind this approximation algorithm is to
extend the generalized PageRank scores [26] to the hetero-
geneous graphs. This algorithm can calculate the distance
information of multiple nodes simultaneously. It also avoids
exhausting all possible paths between nodes, and the paral-
lel advantages of the matrix multiplication can significantly
improve the efficiency.

The contributions of our work are summarized as fol-
lows:

*We first point out the limitation of expressive power of
HGNN.

To solve it, we propose heterogeneous distance encoding
(HDE) to capture the correlation between nodes via encod-
ing their relative distance.

*We design a more powerful HGNN, called DHN, which
injects the proposed HDE into the aggregating process to
improve its expressive power.

*We propose a more efficient and parallelizable ap-
proximation algorithm for HDE called E-HDE. E-HDE can
significantly reduce the computational overhead of HDE
with only a slight loss of prediction performance.

sExtensive experiments on both transductive and in-
ductive link prediction demonstrate the superiority of the
proposed DHN over the state-of-the-art with significant im-
provements. More importantly, we discover the characteris-
tics of HDE and demystify how it improves the performance
of HGNN.

Please note that the preliminary work has been accepted
as a short paper by the 21st IEEE ICDM International
Conference on Data Mining [27]. Based on the conference
paper, we substantially extend the original work from the
following aspects: (1) We provide a more in-depth analysis
of the proposed HDE and the HDE-based DHN. We add
an analysis of the algorithm’s complexity and delve into the
nature of the relative distance capturing. Also, we provide a
fuller description of the experiment process. (2) We propose
a fast approximation algorithm for HDE called E-HDE. E-
HDE can significantly reduce the computational overhead
at the cost of a slight performance loss. (3) We conduct
a more thorough experiment. We conduct experiments on
link prediction with different node pair partitioning ratios.
We also use HDE for a new task called meta-path instance
prediction, which verifies the effectiveness of HDE for larger
target node set scenarios. Moreover, it demonstrates that
HDE can be used as a general enhancement module to
improve the prediction performance of almost all GNN and
HGNN models.

2 RELATED WORK

Graph Neural Networks. Graph neural networks are deep
learning models specifically developed to handle graph-
structured data. [28] first proposes a spectral graph-based
extension of convolutional networks using the Fourier basis.
ChebNet [29] defines graph convolution based on K-order
Chebyshev polynomials to remove the computationally
expensive Laplacian eigendecomposition. GCN [9] further
simplifies ChebNet by using its first-order approximation.
Some other methods directly define graph convolution in
the spatial domain as aggregating and transforming local
information. The GraphSAGE model [30] utilizes neighbor
sampling and a flexible aggregating function to effectively
learn node embeddings. To improve the neighbor aggre-
gation, GAT [10] utilizes the attention mechanism to learn
the importance of neighbors and aggregate them properly.
For better efficiency, FastGCN [31] performs importance
sampling on each layer to sample a fixed number of nodes,
and APPNP [32] uses the relationship between GCN and
PageRank [33] to derive an improved propagation scheme
based on personalized PageRank.

The Expressive Power of GNNs. Neural networks
(NNs) are well known for their great expressive power.
Many studies have proved that feed-forward neural net-
works can approximate any function of interest. However,
these results have not been applied to GNNs, [12] proving
that the expressive power of message-passing-based GNNs
is bounded by the 1-WL test. Recently, several studies
[11], [16], [21] have incorporated position, location, or dis-
tance information into the neighbor aggregation process in
GNNs to improve their expressive power beyond the 1-
WL test. PGNN [16] uses distances between the node and
pre-selected anchor sets to encode the absolute distance
between nodes. However, this approach results in a weaker
inductive and generalization capability. SEAL [21] extracts
local subgraphs around each target link and maps subgraph
patterns to link existence. Li et al. [11] propose distance
encoding to improve the expressive power of GNNs with
both theoretical guarantees and empirical efficiency. How-
ever, all the above works focus on homogeneous graphs. As
HGNNSs achieve more and more widespread applications,
the expressive power of HGNNSs remains to be studied.

Heterogeneous Graph Neural Networks. Heteroge-
neous graphs involving different types of nodes and rela-
tions are ubiquitous in the real world. Some works extend
GNN s to heterogeneous graphs. HAN [1] relies on manually
designed meta-paths and hierarchical aggregation to cap-
ture rich semantics. MAGNN [34] further leverages node
content features by using a relational rotation encoder to
aggregate meta-path instances. To alleviate the degeneration
phenomenon in the deep HGNNs, HPN [35] proposes a
novel heterogeneous graph propagation network to capture
high-order semantics. HGT [36] captures graph dynamics
by the relative temporal encoding (RTE) technique. Note
that many previous HGNNSs strongly rely on manually
designed semantic patterns such as meta-path and meta-
relation to capture the correlation between nodes. Although
some works allow for the automatic selection of these pat-
terns, they still need to manually decide and enumerate the
candidate patterns prior and then perform post-selection

Authorized licensed use limited to: BEIJING UNIVERSITY OF POST AND TELECOM. Downloaded on October 15,2023 at 09:12:21 UTC from IEEE Xplore. Restrictions apply.
© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Knowledge and Data Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TKDE.2023.3300879

JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

based on some mechanism, such as attention. However,
our method fundamentally changes the way of studying
heterogeneous graphs, where we leverage HDE to encode
semantic information into node features and let powerful
neural network approaches select task-relevant information
in an end-to-end automatic way. Moreover, although some
works have investigated the expressive power of homo-
geneous GNNSs, the expressive power of HGNNs has not
been well studied. In our work, we explore the expressive
power of HGNNS for the first time and introduce a novel
heterogeneous distance encoding method to establish the
structural correlation between nodes and improve the ex-
pressive power of HGNNSs.

3 PRELIMINARY

Definition 1. Heterogeneous Graph [37]. A heterogeneous
graph, denoted as G = (V, &), consists of an object set
V and a link set £. A heterogeneous graph is also asso-
ciated with a node type mapping function ¢ : V — A
and a link type mapping function ¢ : £ =+ R. Aand R
denote the sets of predefined object types and link types,
where |A| + |R| > 2.

Example. Taking the heterogeneous graph shown in Figure
1 as an example, it consists of three types of nodes: paper
(P), author (A), and term (T) (a.k.a, A = {P, A, T}). Given
a node u, we can obtain its type index j = ¢(u) and the
corresponding node type A;. For example, the type index
of node py is 0 (i.e., ¢(p1) = 0) and the corresponding node
typeis P = Ay. Also, we can define the homogeneous graph
which only consists of one type of node and edge (i.e., |A| +
IR| = 2).

Then, we define the heterogeneous enclosing subgraph
to extract the local structural information around the target
node set remaining to predict in the specific task.

Definition 2. Heterogeneous Enclosing Subgraph. Given a
target node set S C V in the heterogeneous graph, the
k-hop heterogeneous enclosing subgraph for S, denoted
as G¢, is the subgraph induced from the heterogeneous
graph by the union of the k-hop neighbors of all nodes
inS.

Example. Taking node pair (p1,az) as an example (S =
{p1,a2}), the 1-hop heterogeneous enclosing subgraph
g;pm} is shown within the green circle in Figure 1(a),
which consists of p;’s 1-hop neighbors {a1,%1,p1, a2}, as’s
1-hop neighbors {p1, p2, az}, as well as the induced edges.
Note that the heterogeneous enclosing subgraph is not
necessary to be a connected graph if nodes « and v are too
far from each other while % is relatively small.

Lastly, we briefly review the definition shortest path
distance (SPD), which is designed to measure the relative
distance between nodes in homogeneous graphs.

Definition 3. Shortest Path Distance. Given a node pair
(u,v), a path p is defined as a node sequence from node v
to u, denoted as pyy, = (Wo, w1, -+ ,Wp), Wo = vV, Wy =
u. Among all possible paths P,..,, the length of the
shortest path (a.k.a, SPD), denoted as spd(ulv) € R,

4

is able to capture the relative distance from node v to
node u, shown as follows:

spd(u|v) = min {‘pku| Vpyou € vau} Y
where |py..y| denotes the number of nodes in the path
Pu~su €Xcept the first node v.

Example. As shown in Figure 2, the shortest path p,, .p,
from node p; to node ps is (p1, az, p2) and the correspond-
ing spd(p2|p1) is 2. Practically, the relative distance of a node
pair revealed by SPD is highly related to their correlation
(e.g., similarity) and has been widely used in homogeneous
graph analysis [11], [16]. Intuitively, a node pair connected
via the smaller SPD show larger similarity and tend to
belong to the same community or establish a link.

Definition 4. Meta-path [38] A meta-path P is defined

. R
as a path in the form of A; Byog, B2 0 By

Ajyi(abbreviated as A1 As - -- Aj41), which describes a
composite relation R = Ry o Ry o --- o R; between A,
and A;;; where the o denotes the composition operator
on relations.

Example. A relation between two movies can be revealed by
meta-path Movie-Actor-Movie (MAM), which describes the
co-actor relation. Similarly, Movie-Director-Movie (MDM)
means that the same director directs them.

4 HETEROGENEOUS DISTANCE ENCODING

In this section, we first propose heterogeneous shortest path
distance to describe the relative distance between nodes.
Then, given a target node set remaining to predict for the
downstream task (e.g., a node pair for link prediction),
we further show how to capture the correlations between
the target node set and a node via heterogeneous distance
encoding. Next, we will take a deeper insight into the HDE
algorithm and analyze the computational overhead. Finally,
we give a fast HDE algorithm that can significantly reduce
the computational overhead.

4.1 Definitions and Examples

A simple way to model relative distance on the hetero-
geneous graph is to calculate the SPD between nodes.
However, the simple SPD only focuses on path length
and largely ignores path types, leading to sub-optimal per-
formance on heterogeneous graph analysis. For example,
node pair (p1, p2) connected by (pi,az,p2) indicates quite
different correlations from node pair (ps,p2) connected by
(ps3,ts,p2), while SPD will assign the same value to them.

To properly measure the relative distance between nodes
on the heterogeneous graph, we formally define heteroge-
neous shortest path distance (Hete-SPD) based on the full
consideration of both path length and path types, as follows:

Definition 5. Heterogeneous Shortest Path Distance. Given
a node pair (u, v), heterogeneous shortest path distance
describes the relative distance from node v to node u, de-
noted as d(u|v) € R, considering both the path length
and the path type simultaneously. The j-th dimension
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SEEEE

Hete-SPD

Fig. 2. An illustrative example of SPD and Hete-SPD calculating
Pp1~po @NA pps . p, . SPD does not consider the path type and assigns
the same distance to them (i.e., spd(p2|p1) = spd(p2|p3) = 2). While,
Hete-SPD calculates the relative distance with regard to node type in
different dimensions and is able to distinguish two different paths (i.e.,
d(p2|p1) = [1, 1, 0] and d(p2|p3) = [1’07 1])

of Hete-SP D, which captures the relative distance with
regard to node type A;, is shown as follows:

dj (’LL|’U) = min { |pku}¢(w)=j vpuwu S ’vau} ’ (2)
where |pyulp(w)=; denotes the number of nodes be-
longing to type-j in the path p,,.., except the first node
v.

Example. As shown in Figure 2(a), with the full consider-
ation of heterogeneity, the Hete-SPD d(pa|p1) is [1,1,0],
indicating that the heterogeneous shortest path from node
p1 to node p; goes through one author (az) and one paper

(p2). On the other hand, the Hete-SPD d(pz|ps) is 1,0, 1].

As can be seen, Hete-SPD will assign different distances to

node pairs (ps, p2) and (p1, p2) even if they share the same

SPDs. In summary, Hete-SPD is significantly different

from SPD as follows: (1) Hete-SPD fully considers the

heterogeneity of graph and individually calculates the node-
type-specific relative distance in different dimensions. Thus,

Hete-SPD is able to comprehensively describe the relative

distance between nodes in the heterogeneous graph. (2)

Hete-SPD is an | A|-dimensional vector, while SPD is a

scalar. So Hete-SPD has a higher capacity of modeling

correlation and is more powerful than SPD. Besides node-
type counting as above, it is possible to utilize edge-type
counting for Hete-SPD calculation, which may even fur-

ther improve relation prediction in knowledge graphs [39].

We leave it as a future work.

Based on the proposed heterogeneous shortest path dis-
tance, we further define Heterogeneous Distance Encoding
(HDE) to model the correlation between a target node set
S and a node i based on Hete-SPD. Note that the target
node set can be of arbitrary sizes for different tasks, such
as one single node for node classification, two nodes for
link/relation prediction or even more nodes for subgraph
prediction [40] and graph classification [41].

Definition 6. Heterogeneous Distance Encoding. Given a
target node set S C V in heterogeneous graph, the
heterogeneous distance encoding of node i, denoted as
hY, is the combination of Hete-SPD from all nodes in
S to node i, as follows:

3

h$ = F(Enc(d(z|v))

UES), 3)

5

where F' denotes the fusion function (e.g., sum operator),
Enc is the encoding function (e.g., onehot encoding).

Example. Given a node pair (u, v) remaining to predict (i.e.,
S = {u,v}), the heterogeneous distance encoding of node 4
with regard to node pair {u, v} is shown as follows:

F(Enc(d(i|u)),Enc(d(i|v))), 4)

And for the three node case (i.e. S = {u, v, w}), for example,
to predict a meta-path instance of length 3:

hlvt =

niwvt = (Enc(d(z|u)) , Enc(d(ilv)), Enc(d(z|w))>
®)

In theory, if nodes in the query S do not have order, then
F should be permutation-invariant. However, as S is of
small size, it does not affect empirical performance much by
using either permutation-invariant or permutation-variant
operator. So we choose to use concatenate operator as F'
here. And Enc is the concatenation of element-wise onehot
encoding, as follows:

Enc(d(ilu)) =

onehot ( min (d;(i|u), d;“ax)> , (6)
j

where || refers to the concatenate operation, onehot( ) refers
to one-hot encoding. d'** is the maximum distance to be
encoded for node type A;, which helps prevent overfit-
ting the noisy structure in an overly large neighborhood
and decreases the computation complexity. The shape of
Enc(d(ilu)) in Equation 6 is d"** 4+ dy"** + ... + d[}1* + | A.
For example, if d;(ilu) = 2 and d'** = 4, the result of the
one-hot encoding will be [0, 0, 1,0, 0].

Hete — SPD(Py|P1)

concat()

-

A onehot()

2 -—) 0 0 1

Hete — SPD(P;|Py)

A onehot() concat()

-

EEEEREEREEEEREEESRE,

Fig. 3. An illustrative example of HDE. In this example, we take Enc in
Eq. 3 as one-hot encoding and F' as the concatenate operation.

4.2 Algorithm Analysis

Deeper insight into the (u, v)-specific HDE of node i (a.k.a.,
h;»{u’v}), we can find that node i serves as the bridge to
connect nodes v and v, measuring the relative distance of
node pair (u,v) indirectly. Capturing relative distance is
critical for graph mining tasks, especially link prediction.
For example, if d(iJu) and d(i|v) both indicate the small
relative distances, then we can conclude that node u and
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v are relatively close to each other, indicating the higher
existence probability of link (u,v). Note that the hetero-
geneity of node ¢ (i.e.,, node type) is also crucial for the
proposed HDE. For example, two papers connected via
a term (p1,t3,p2) or an author (ps,as,ps) indicate differ-
ent correlations. On the other hand, the proposed HDE is
beneficial for inductive learning and does not depend on
node identities, which fundamentally differs from positional
node embeddings such as node2vec [42] or one-hot node
identifiers. When performing prediction on unseen nodes,
heterogeneous distance encoding, which purely depends on
the graph structure, is able to initialize meaningful node
embedding for unseen nodes. In summary, the proposed
HDE ensures the inductive and generalization ability of
HGNN. We summarize the process of our proposed HDE
in Algorithm 1.

Algorithm 1: HDE

Input: G£: the heterogeneous enclosing subgraph; S:
target node set;
Parameter: Max distance d,,4z;
Output: HDE for all nodes in G g
1 for all n,, € Gk.nodes do

2 foralln, € S do
3 Find all possible simple paths from 7, to n,, ;
4 for i=1 to |A| do
5 Calculate Hete-SPD by Eq. 2 ;
6 Truncate Hete-SPD with d,qz ;
7 end
8 Encode Hete-SPD with an encoding function
Enc;
9 end
10 Calculate HDE by Eq. 3 ;
11 end

Algorithm 2: E-HDE

Input: G£: the heterogeneous enclosing subgraph; S:
target node set;
Parameter: Max distance d,,4z;
Output: E-HDE for all nodes in G L’é
1 forl=1t%od,,,, do

2 ‘ Calculate [-order random walk matrix W'.

3 end

4 for all n, € S.nodes do

5 Calculate type encoding by Eq. 9 ;

6 | foralln, € Gt do

7 Calculate heterogeneous distance information

by Eq. 7

8 end

9 Calculate E-HDE by Eq. 8 and Eq. 3 ;
10 end

4.3 Efficient Heterogeneous Distance Encoding

We observe that the time overhead of the HDE algorithm
is too large for some specific datasets (especially those with
large node degree) or model settings (especially when k-
hop of the enclosing subgraph is large), which limits the

6

application of HDE. From Algorithm1, it can be analyzed
that for each target node set S, the time complexity of
computing the HDE for each node in an enclosing subgraph
is O(|V|-|S]- f(z)), where |V| denotes the number of nodes
in the enclosing subgraph, |S| denotes the number of nodes
in the target node set and f(z) is the time complexity of
finding all possible paths between two nodes. We use a
modified depth-first search [43] to find all paths between
two nodes. The time complexity of this algorithm depends
on the actual number of paths, f(x) is between O(|V|+ |E|)
and O(|V|!). So for some specific datasets and parameter
settings, the computing overhead of HDE can be very high.

By analyzing the running time of HDE at different
stages, we found the computational bottleneck is to generate
Hete-SPD, because all possible paths between every two
nodes need to be checked. The time overhead of finding all
possible paths between two nodes by the modified depth-
first search [43] algorithm can be huge for a larger scale
enclosing subgraph. However, what we need is not the path
information but the relative distance information between
two nodes. Therefore, inspired by landing probabilities [11]
in homogeneous graphs, heterogeneous information and
distance information can be encoded simultaneously by the
following equation:

My, = ey - W' (eo || enceype) @)

where ¢, is the one-hot vector of the index of the source
node u, e, is the index vector of the target node v, W is
the random walk matrix, encyype is type encoding, and ||
refers to the concatenate operation. Then, the heterogeneous
shortest path distance can be replaced by:

d(u|’u) = f(luv)a luw = ((M)uva (M2)uva i) (Ml)um () |
8

This method injects distance information through the I-
order random walk matrix and injects heterogeneous infor-
mation through type encoding. We call this algorithm E-
HDE(Efficient HDE). The pseudo-code of E-HDE is given in
Algorithm 2. Calculating Eq. 8 requires performing [ sparse
matrix multiplications, resulting in a time complexity of
o(L-|V|?).

The main computation benefit of E-HDE is that it cal-
culates the distance information of multiple nodes simulta-
neously. Note that the last two terms of Eq. 7 are the same
for all nodes in an enclosing subgraph. So we only have to
compute the last two terms once and use the index of each
node u to query the value of M.

In addition, the main computational overhead of the
algorithm comes from performing ! sparse matrix multipli-
cation, which facilitates parallel execution. Besides, E-HDE
does not need to exhaust all possible paths between nodes
as HDE does, further improving computational efficiency.
Experiments on multiple datasets show that the E-HDE can
significantly reduce the time overhead with only a tiny loss
in prediction performance.

5 HETEROGENEOUS DISTANCE ENCODING FOR
LINK PREDICTION

In this section, we take link prediction as an evaluation
task to verify the effectiveness of heterogeneous distance
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encoding. Specifically, we inject heterogeneous distance en-
coding into the neighbor aggregating process. The basic idea
of DHN is to capture the correlations between nodes and
integrate such correlation into the aggregating process of
HGNN. Specifically, given a node pair (u,v) remaining to
predict, we calculate the heterogeneous distance encoding to
capture the correlation between them and use it to initialize
neighbor embeddings. After that, the proposed DHN ag-
gregates the initial embeddings of heterogeneous neighbors
and injects the correlation between nodes into the final node
embedding. Lastly, we use the final embedding of the node
pair to predict the probability of link (u, v) existing.

5.1 Node Embedding Initialization

Node embedding initialization is the cornerstone of the
HGNN. Significantly different from previous works [1],
[2], which independently initialize node embedding, we
initialize node embeddings via HDFE to capture the cor-
relations between nodes. Specifically, given the link (u,v),
we utilize both (u, v)-specific HDE and the heterogeneous
type encoding of each node to initialize its embedding.

Initialization via heterogeneous distance encoding.
Given a node pair (u, v), we first calculate the corresponding
HDE from node pair (u,v) to the remaining nodes. Prac-
tically, we extract k-hop heterogeneous enclosing subgraph
gfu vy of node pair and only calculate the HDE for node
1 € g . The reasons are two-fold: (1) Heterogeneous
shortest path calculation over the entire graph is time-
consuming. Actually, the most relevant information is con-
centrated around the node pair. Using k-hop heterogeneous
enclosing subgraph reduces the search space and accelerates
distance encoding calculation. (2) The extracted subgraph
can be used for mini-batch training, improving the scal-
ability of HGNN and making it apply to industrial-sized
graphs.

Initialization via heterogeneous type encoding. Besides
heterogeneous distance encoding, we also utilize heteroge-
neous node type encoding to initialize node embedding, as
follows:

c; = onehot(p(i)), 9)

where c; is an |A|-dimension vector, indicating the type of
node i. Taking node p; shown in Figure 1 as an example,
its type index j = ¢(p1) = 0 and the corresponding
heterogeneous type encoding is [1,0, 0]. Different from het-
erogeneous distance encoding, heterogeneous type encod-
ing aims to capture the characteristic of different types of
nodes, which is independent of node pair (u,v). Lastly,
we concatenate heterogeneous type encoding and heteroge-
neous distance encoding of node 7, and project the obtained
concatenation via MLP as the initial embedding to predict
the existence of link (u, v), as follows:

el = 6(Wy - c;|[h"" + by), (10)

where e;.{u’v} denotes the (u,v)-specific initial embedding
of node %, o denotes the activation function, W and b,
denote the weight matrix and the bias vector, respectively.
Eq. 10 actually projects raw distance information and type
information as a learnable vector which can be optimized
via back-propagation.

5.2 Heterogeneous Graph Convolution

After initializing the (u, v)-specific node embedding, we fur-
ther design heterogeneous graph convolution to aggregate
diverse types of neighbors in the heterogeneous enclosing
subgraph, and update node embeddings to predict the
existence of link.

Before predicting the existence of link (u,v), we need to
aggregate neighbor embedding to update the embeddings
of both nodes u and v. Taking node u as an example, we
first sample a fixed number of neighbors of node u from the
corresponding heterogeneous enclosing subgraph, denoted

as Nii"} Then, the proposed DHN can obtain the neighbor
based embedding of node u via multi-layers aggregating, as
follows:

KT = Agg(xitl vi e N, A

{uw

where xj," } denotes l[-layer neighbor based embedding

of node u, x{“ "} denotes the embedding of node ¢ via I-

{u v}

layer aggregating and x; is the initial node embedding

;-{u } The previous Works [1], [36] usually improve the
performance of HGNN via designing a better but rather
complex aggregating function. Unlike them, we aim to
fundamentally improve the expressive power by injecting
the correlation between nodes into aggregating process via
the simple technique HDE, instead of designing a new and
complex model architecture. Therefore, our model is kept in
an extremely simple form by adopting MeanPooling as the
aggregation process as follows:

{" ”} MeanPoolmg({xl{TlL ”1} Vi € N{wvH}).

12)
Albeit such simplicity, our later experiments show the sig-
nificant boost of our model as opposed to those complex
baselines.

To emphasize the property of root node wu explicitly,

we concatenate root node embedding Xi"lf]i and neighbor

based embedding X/{\Zfl} to update root node embedding, as
follows:

i = o (W' (x

o bl +nh, @)
where W' and b! denote the weight matrix and bias vector,
respectively. After L- layer a%gregatlon we obtain the final
node embedding z!""’ Note that z{"""} is (u, v)-
specific and only used for pred1ct1ng the ex1stence of link
(u,v). The same process can be done to learn the final

embedding of the node v, denoted as zvu"v}

5.3 Loss Function and Optimization

Given a (u,v)-specific embedding of node pair (i.e., z{"

and z;{,u }), we feed the concatenation of them into MLP
to predict the existence of link (u,v). Here we formulate
link prediction as a binary classification problem, and the
predicting score g, ,, is shown as follows:

Juw =0 (Wi @zl +00) (14
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TABLE 1

Statistics of the datasets.

Datasets A-B #A #B #A-B #V #E
Artist-Tag 1,181 539 1,500

LastFM User-Artist TA% | 1,755 | 3000 | >7%0 | 4500
Term-Paper 381 769 1,500

ACM I —pser-Author | T,000 | 2,527 | 3000 | 708 | 4500
Movie-Actor 3,061 1,374 7,071

IMDB 0 e Director | 3,061 | 861 | 3061 | 200 | 10132
Movie-Writer | 3,492 | 4,459 6,414

FreeBase | Movie-Director 3,492 2,502 3,762 43,854 75,517
Movie-Actor 3,492 3,3401 6,5341
Term-Paper 7,723 14,328 | 171,620

DBLP e Author | 14328 | 4,057 | 39,200 | 20108 | 210910

where W and b; denote the weight vector and bias scalar,
respectively. Finally, we calculate cross-entropy loss and
optimize the model, as follows:

>

(u,v)e€tUE~

L= (yu,v log Qu,v + (1 - yu,'u) log (1 - gu,v)) )
(15)
where (u,v) € € and (u,v’) € £~ denote the set of observed
(positive) node pairs and the set of negative node pairs
sampled from all unobserved node pairs, respectively.

5.4 Analysis of the Proposed DHN

Here we give the analysis of the proposed DHN as follows:

*We first analyze the difference between the proposed
DHN and previous HGNNs (i.e., HAN). Although HAN
[1] and DHN are both HGNNS, they are still different as
follows: (1) Different improving strategies. HAN aims to
improve the performance via learning the importance of
neighbors with the help of the self-attention mechanism,
which is able to filter the noisy neighbors and emphasize the
meaningful neighbors. The proposed DHN utilizes a sim-
ple and effective technique called heterogeneous distance
encoding to capture the correlations between nodes and
fundamentally improves the expressive power of HGNN,
showing its effectiveness and efficiency in many graph
mining tasks. (2) Different aggregating paradigms. HAN
aggregates the neighbors via pre-defined meta-paths, which
relies heavily on domain knowledge and may introduce
subjective bias. In contrast, the proposed DHN directly
aggregates diverse types of neighbors without the guidance
of meta-paths, which is trained in a fully automatic way and
in an end-to-end fashion.

¢, it can be readily extended to numerous graph mining
tasks. We will elaborate extensively on this matter in Section
6. Moreover, as long as there is categorical node (or link)
features, HDE can provide consistently more power than
traditional distance encoding [11]. We leave an extensive
study on such generalization in future works.

6 EXPERIMENT
6.1 Datasets and Baselines

As shown in Table 1, we conduct experiments on four
real-world heterogeneous graphs including LastFM, ACM,
IMDB, and FreeBase. We compare with some state-of-the-art
baselines including both homogeneous GNNs (i.e., GCN,
GAT, GraphSAGE, GIN, and DEGNN) and HGNNSs (i.e.,

8

HAN, MEIRec, and HGT), to verify the effectiveness of the
proposed DHN.

*GCN [9]: It is a classical graph convolutional network
which is designed for homogeneous graphs.

*GAT [10]: It is an attention-based homogeneous GNN
which considers the importance of neighbor and improves
the aggregating process.

*GraphSAGE (SAGE for short) [30]: It is a classical
GNN which leverages sampler and aggregator to embed
homogeneous graph.

*GIN [12]: It is a classical homogeneous GNN which
is as powerful as the WL test with a simple aggregating
function.

*DEGNN [11]: It is a homogeneous graph neural net-
work which captures distance between the node set and
improves the expressive power of GNNs.

*HAN [1]: It is a HGNN which employs node-level
attention and semantic-level attention simultaneously.

*MEIRec [44]: It is a HGNN which leverages hetero-
geneous neighbor sampling for large-scale heterogeneous
graph.

*HGT [36]: It is a HGNN which aggregates information
via meta relation triplet based on heterogeneous mutual
attention. We remove the relative temporal encoding in
HGT, because our datasets are static heterogeneous graphs.

*HetSANN [45]: It is a meta-path-free HGNN, which
aggregates multi-relational information of projected nodes
by means of attention mechanism.

Note that the previous SOTA HGNN:S (e.g., MEIRec and
HGT) mainly focus on designing complex aggregating func-
tions to improve the performance, while our DHN utilizes
the simple and effective HDE technique to significantly
improve the expressive power of HGNN with a simple
aggregating function.

For both HGNNs and GNNs, we use type encoding to
initialize node embedding. The implementation of HGNN
baselines are from the OpenHGNN library [46], and the
GNN baselines are from the DGL library [47]. We imple-
ment the proposed DHN using Tensorflow 1.8.0. Here we
randomly initialize parameters with the Gaussian distribu-
tion and leverage Adam [48] to optimize the model. For
the proposed DHN, we set the learning rate to 0.01, the
batch size to 32, the hops of neighbor to 2, the size of
heterogeneous enclosing subgraph to 4, the d}*** to 3, the
number of sampled neighbor to 5, the dimension of node
embedding to 128, the regularization parameter to 5e-3. For
all models, we split exactly the same training set, validation
set, and testing set to ensure fairness, and optimize their
parameters using the validation set. For a fair comparison,
we set the embedding dimension to 128 for all the models.
We have released our code implementation for DHN in
https:/ /github.com/BUPT-GAMMA /HDE.

6.2 Experiment on Link Prediction Task

Link prediction aims to infer unknown links given an ob-
served graph structure, which has been widely used to test
the generalization ability of graph neural networks. Here
we adopt two types of tasks for evaluation: transductive
and inductive link prediction.
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TABLE 2
Quantitative results (%) on the transductive link prediction with two different splitting (e.g., 8/1/1 and 6/2/2). The larger values, the better
performance. Best results are indicated in bold. The Imp.(%) indicates the percentage of improvements gained by the proposed DHN compared to
the best baseline.

LastFM ACM IMDB FreeBase
Split Models A-T U-A P-A T-P M-A M-D M-W M-D M-A

Acc AUC Acc AUC Acc AUC Acc | AUC | Acc | AUC Acc AUC Acc AUC Acc AUC Acc | AUC
GCN 50.12 | 50.31 | 50.21 | 50.41 | 50.12 | 50.43 | 50.31 | 50.87 | 50.51 | 50.98 | 50.89 | 51.02 | 50.12 | 50.45 | 50.23 | 51.01 | 50.98 | 51.23
SAGE 7343 | 83.24 | 67.66 | 73.61 | 77.41 | 77.81 | 65.12 | 78.12 | 54.23 | 63.23 | 84.82 | 89.01 | 75.89 | 79.12 | 82.12 | 90.12 | 57.32 | 78.98
GAT 50.54 | 50.61 | 51.02 | 51.21 | 50.12 | 50.67 | 51.21 | 51.98 | 51.01 | 51.44 | 51.23 | 51.92 | 51.23 | 51.51 | 51.23 | 51.54 | 51.02 | 51.84
GIN 84.71 | 93.06 | 72.81 | 79.19 | 77.28 | 83.72 | 78.33 | 8232 | 73.62 | 80.45 | 84.83 | 9742 | 67.91 | 83.08 | 83.21 | 92.01 | 85.95 | 93.23
8/1/1 DEGNN 85.32 | 93.72 | 73.33 | 80.49 | 85.12 | 91.79 | 79.78 | 85.51 | 78.57 | 88.28 | 94.18 | 96.26 | 82.32 | 88.11 | 87.11 | 93.66 | 93.01 | 97.23
HAN 81.54 | 87.32 | 71.12 | 78.12 | 84.23 | 88.77 | 81.23 | 89.31 | 79.49 | 87.99 | 9477 | 95.84 | 78.21 | 84.12 | 87.23 | 91.91 | 91.84 | 95.66

MEIRec 84.27 | 93.24 | 72.21 | 86.32 | 84.08 | 90.18 | 81.51 | 89.86 | 79.06 | 85.23 | 95.75 | 96.64 | 81.36 | 90.58 | 92.15 | 96.03 | 91.23 | 94.81
HetSANN | 8251 | 89.62 | 71.98 | 85.62 | 85.67 | 90.77 | 82.67 | 90.16 | 77.79 | 85.95 | 92.26 | 93.56 | 81.44 | 90.65 | 89.58 | 92.53 | 90.96 | 91.78
HGT 86.12 | 94.12 | 7412 | 81.95 | 86.12 | 92.32 | 82.68 | 90.99 | 81.21 | 91.21 | 96.77 | 97.23 | 82.02 | 92.01 | 93.33 | 97.21 | 92.78 | 95.59
DHN 95.21 | 97.43 | 96.23 | 97.81 | 95.23 | 98.32 | 85.31 | 92.81 | 83.33 | 94.22 | 99.12 | 99.31 | 94.82 | 96.71 | 97.83 | 99.21 | 94.53 | 97.84

Imp. 10.6 3.5 29.8 13.3 10.6 6.5 32 21 2.6 3.3 2.4 2.4 15.1 5.1 4.8 2.1 1.6 0.6
GCN 50.58 | 50.98 | 50.89 | 50.78 | 51.02 | 51.78 | 50.23 | 50.56 | 50.32 | 50.61 | 51.21 | 51.98 | 50.39 | 51.23 | 50.33 | 51.23 | 50.98 | 51.88
SAGE 6548 | 74.19 | 59.16 | 63.32 | 68.73 | 69.93 | 57.33 | 62.63 | 54.12 | 61.98 | 71.89 | 78.61 | 70.12 | 79.23 | 70.61 | 79.61 | 61.03 | 68.54
GAT 51.23 | 5191 | 51.23 | 52.01 | 52.87 | 53.02 | 52.31 | 51.12 | 51.87 | 52.98 | 53.41 | 54.21 | 50.44 | 51.02 | 51.43 | 51.98 | 51.01 | 51.58
GIN 77.89 | 83.68 | 64.52 | 71.32 | 68.57 | 76.67 | 71.51 | 79.81 | 68.12 | 7441 | 76.96 | 86.37 | 76.81 | 82.66 | 76.79 | 82.13 | 85.22 | 93.12

6/2/2 DEGNN 77.78 | 8493 | 65.08 | 7191 | 79.28 | 84.41 | 74.33 | 81.96 | 7491 | 84.22 | 85.71 | 91.66 | 77.92 | 84.23 | 77.89 | 84.12 | 90.92 | 96.01
HAN 80.11 | 88.79 | 68.92 | 72.79 | 8258 | 87.62 | 73.66 | 80.75 | 76.07 | 83.28 | 90.93 | 90.38 | 80.98 | 85.43 | 80.98 | 85.42 | 91.14 | 95.39
MEIRec 78.12 | 90.98 | 74.25 | 81.47 | 84.99 | 91.05 | 76.88 | 83.88 | 79.53 | 85.17 | 92.81 | 93.76 | 85.12 | 90.23 | 85.12 | 90.23 | 91.32 | 95.88
HetSANN | 82.12 | 90.66 | 73.27 | 82.57 | 85.28 | 90.46 | 75.57 | 80.41 | 8295 | 85.51 | 92.67 | 94.07 | 85.62 | 89.17 | 86.06 | 89.13 | 90.54 | 94.89
HGT 83.12 | 9341 | 76.09 | 85.31 | 88.12 | 93.21 | 79.23 | 85.12 | 83.81 | 88.31 | 9541 | 95.12 | 87.32 | 91.38 | 88.84 | 92.54 | 91.28 | 95.99
DHN 96.12 | 97.32 | 93.22 | 97.67 | 95.12 | 98.74 | 86.12 | 91.51 | 90.12 | 96.45 | 99.65 | 99.01 | 91.32 | 94.82 | 95.58 | 98.19 | 93.88 | 96.39

Imp. 15.6 42 22.5 145 7.9 5.9 8.7 7.5 7.5 9.2 44 41 3.7 3.8 7.6 6.1 3.2 0.4

TABLE 3

Quantitative results (%) on the inductive link prediction. The larger values, the better performance. Best results are indicated in bold.
indicates the percentage of improvements gained by the proposed DHN compared to the best baseline.

The Imp.(%)

LastFM ACM IMDB FreeBase
Models A-T U-A P-A T-P M-A M-D M-W M-D M-A

Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC
GCN 50.21 | 5091 | 50.31 | 50.89 | 51.21 | 51.52 | 50.12 | 53.2 | 50.89 | 51.02 | 51.31 | 52.34 | 50.53 | 51.23 | 50.23 | 51.03 | 50.55 | 51.23
SAGE 63.11 | 5945 | 66.8 | 70.29 | 57.22 | 5212 | 52.12 | 54.44 | 61.32 | 6231 | 63.12 | 64.21 | 6343 | 70.51 | 69.23 | 75.74 | 69.11 | 76.58
GAT 51.21 | 52.12 | 5091 | 51.02 | 52.13 | 52.98 | 51.32 | 52.73 | 51.02 | 53.01 | 52.02 | 53.52 | 50.87 | 51.92 | 50.99 | 51.53 | 52.01 | 51.99
GIN 80.33 | 82.53 | 66.83 | 71.16 | 60.23 | 62.31 | 61.71 | 61.57 | 55.12 | 64.12 | 7041 | 75.01 | 65.02 | 67.54 | 70.21 | 76.23 | 69.88 | 76.97
DEGNN 81.97 | 8749 | 66.12 | 72.21 | 72.21 | 80.13 | 63.28 | 70.72 | 67.23 | 71.22 | 79.21 | 81.21 | 68.82 | 71.82 | 91.01 | 94.66 | 90.23 | 94.31
HAN 79.51 | 85.12 | 78.85 | 83.99 | 8191 | 85.23 | 7891 | 86.89 | 80.61 | 86.15 | 90.22 | 93.12 | 73.58 | 79.19 | 79.26 | 88.04 | 79.29 | 88.86
MEIRec 80.33 | 87.62 | 80.28 | 83.87 | 83.33 | 90.19 | 77.32 | 85.33 | 80.22 | 86.14 | 93.73 | 9531 | 77.41 | 83.84 | 86.59 | 9294 | 86.28 | 92.38
HetSANN | 81.84 | 87.38 | 77.26 | 80.29 | 82.31 | 89.69 | 7825 | 86.32 | 83.66 | 89.75 | 9241 | 9351 | 79.73 | 81.53 | 89.36 | 93.57 | 85.26 | 89.61
HGT 83.44 | 89.22 | 83.01 | 86.21 | 85.12 | 92.13 | 79.22 | 87.53 | 81.12 | 89.21 | 95.21 | 96.52 | 79.88 | 86.87 | 90.21 | 94.11 | 89.73 | 93.49
DHN 88.67 | 94.88 | 92.68 | 98.15 | 91.22 | 95.07 | 82.05 | 94.85 | 82.95 | 94.46 | 98.19 | 99.51 | 92.32 | 92.64 | 95.32 | 97.23 | 91.78 | 95.43

Imp. 6.2 6.3 11.6 13.8 7.1 32 35 8.3 22 5.8 3.1 3 15.6 6.6 4.7 2.7 1.7 1.2

TABLE 4

Quantative results(% =+ o) on the meta-path instance prediction task. Results for the same model with and without HDE as an enhancement
module are reported in adjacent rows. The best results of the same model are indicated in bold. The meta-path to be predicted is indicated in
parentheses after the dataset name.

Models LastEM (U-A-T) ACM (A-P-C) IMDB (A-M-D) FreeBase (A-M-D)
ACC AUC ACC AUC ACC AUC ACC AUC

GCN 61.04(x1.34) | 54.67(x2.13) | 73.59(x2.13) | 79.02(x1.35) | 66.09(x0.63) | 67.48(x1.57) | 64.72(x2.48) | 63.74(1.86)
GCN+HDE | 64.72(+2.60) | 59.57(+2.14) | 88.20(x1.14) | 79.97(x2.33) | 85.90(x1.75) | 91.28(x1.59) | 87.53(x1.07) | 80.38(+3.51)
GIN 53.26(x2.54) | 53.68(x3.25) | 62.66(x0.38) | 70.97(x1.29) | 69.79(x2.06) | 74.84(x0.82) | 72.53(x1.78) | 72.76(x0.43)
GIN+HDE | 64.65(x2.65) | 67.86(x3.01) | 86.33(x2.01) | 92.56(x0.97) | 79.82(x0.30) | 89.34(x0.29) | 91.09(x0.79) | 97.28(+0.34)
SAGE 54.10(x3.23) | 58.52(x1.95) | 73.20(x1.76) | 72.77(x2.51) | 74.60(x0.87) | 74.70(x0.83) | 68.36(x1.99) | 73.19(0.46)
SAGE+HDE | 59.13(+1.05) | 61.43(+3.13) | 86.25(x1.78) | 90.72(x1.57) | 78.83(+1.01) | 85.65(x1.35) | 88.55(x0.64) | 92.86(+1.34)
GAT 52.81(x2.53) | 55.04(x1.09) | 50.78(x2.07) | 50.26(x0.96) | 51.58(x1.48) | 52.98(x1.53) | 58.24(x3.10) | 60.11(1.62)
GAT+HDE | 62.85(x1.53) | 65.88(+2.88) | 81.02(x1.52) | 90.87(+1.09) | 77.22(+1.38) | 86.77(x1.02) | 87.71(x1.20) | 95.18(0.59)
HAN 63.37(x0.79) | 66.83(x1.34) | 73.28(x1.90) | 77.47(x0.97) | 88.58(x0.73) | 95.34(x0.19) | 81.05(x2.14) | 88.46(x1.92)
HAN+HDE | 64.86(+2.39) | 67.82(x1.27) | 87.66(x2.71) | 93.35(x1.51) | 90.09(x2.27) | 96.55(21.63) | 91.50(+1.07) | 96.89(+0.45)
HGT 52.92(x2.56) | 55.42(x0.80) | 74.30(x2.03) | 74.22(x056) | 74.53(x0.89) | 7459(x2.39) | 7349(x0.81) | 73.22(x0.51)
HGT+HDE | 60.56(x2.90) | 65.15(x2.34) | 87.66(x1.01) | 93.88(x0.92) | 78.26(x1.16) | 87.33(x0.94) | 92.47(+0.90) | 97.39(0.32)
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6.2.1

Considering diverse types of edges existing in heteroge-
neous graph, we individually perform transductive link
prediction for all types of edges, providing extensive and
comprehensive evaluation. Here transductive means that
when randomly removing edges from the heterogeneous
graph, we need to possibly ensure all nodes are seen in the
training data. To generate negative samples, we randomly
sample an equal number of node pairs from the graph
which have no edge connecting them. We split the chosen
edges and negative samples into validation and test. In
our experiments, we test both 80%-10%-10% (8/1/1) and
60%-20%-20% (6/2/2) splitting for training, validation, and
testing. Here we select AUC and accuracy as the evaluation
metrics and show the experimental results in Table 2.

Based on Table 2, we have the following observations:

*The proposed DHN consistently performs better than
all baselines with significant improvements on all datasets.
When predicting the U-A relation on the LastFM dataset, the
superiority of DHN is up to 29.8% and 13.3% improvements
in accuracy and AUC, respectively. It demonstrates the ef-
fectiveness of heterogeneous distance encoding in modeling
node pair correlation.

*Compared to the traditional GNNs which individu-
ally learn node embedding (e.g., GCN, GraphSAGE, GIN,
HAN, MEIRec, and HGT), both DEGNN and DHN are
able to capture the correlations between nodes via distance
modeling and achieve significant better performance. To go
deep into DEGNN and DHN, we find that Hete-SPD is
more powerful than SPD in modeling node pair correlation
on heterogeneous graph because it fully considers both
path length and path type for relative distance modeling.
Note that comparing with DEGNN can be viewed as an
ablation study that demonstrates whether heterogeneous
information is indeed useful to capture correlation between
nodes in heterogeneous graphs. Also note that for link
prediction tasks, DEGNN reduces to SEAL [21] and thus
SEAL achieves on-par performance as opposed to DEGNN,
which is also worse than DHN.

*With the full consideration of heterogeneity of graph,
HGNNSs including HAN, MEIRec, HGT, and DHN usually
show superiorities over homogeneous GNNs. When pre-
dicting heterogeneous links (e.g., paper-author), node type
encoding may provide potentially valuable information and
improves the performance. Note that comparing with these
models can be viewed as the ablation study that indicates
the necessity of capturing the correlation between nodes via
distance information.

*Among all homogeneous GNNs, GAT, GCN, and
GraphSAGE, which are not specially designed for expres-
sive power, fail to perform well. On the other hand, GIN
and DEGNN are more powerful than traditional GNNs,
achieving competitive performance.

Transductive Link Prediction

6.2.2

Besides transductive link prediction, we further conduct in-
ductive link prediction [49], [50] to evaluate the generaliza-
tion ability of the proposed DHN on unobserved links. Here
inductive means the model should be able to efficiently
predict the links associated with nodes that are not observed

Inductive Link Prediction
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Fig. 4. Effectiveness of HDE w.r.t maximum distance and dimension.

TABLE 5
Time consumption and link prediction performance comparison
between HDE and E-HDE. Each graph is a bipartite graph with two
types of node.

Average Encoding time(s) AUC

Datasets
size of G&  E-HDE HDE E-HDE HDE
IMDB_MA 63 27.06 106.67 73.07 7821
IMDB_MD 12 5.26 6.76 99.87  99.83
ACM_PA 10 5.09 6.60 9240  95.22
ACM_PC 148 56.24 300.17 9520  95.26
LastFM_AT 44 21.11 71.32 8737 8826
LastFM_UA 27 12.75 24.86 83.53  84.74
FreeBase_MA 269 359.49  15167.34  89.51  93.69
FreeBase_MD 6 4.74 5.14 97.47 97.67

in the training data. Specifically, we follow two steps to split
the data: 1) we use the same setting of the transductive task
to first split the links into training/validation/testing sets; 2)
we randomly select 20% nodes, remove any links associated
with them from the training set, and remove any links not
associated with them in the validation and testing sets. The
experimental results of inductive link prediction are shown
in Table 3.

Based on Table 3, we have the following observations
similar to transductive setting and the performance gain of
our model DHN seems to be more significant.

eSimilar to transductive link prediction, the proposed
DHN consistently shows its superiorities over all baselines
on all four datasets, verifying its strong inductive ability.
In brief, the proposed DHN is able to generate meaningful
embeddings for unseen nodes and predicts inductive links
effectively.

* Among all models, DEGNN shows better generaliza-
tion because it captures node pair correlation based solely
on the graph structure via SPD. However, it fails to out-
perform the proposed DHN due to the lack of heterogeneity
modeling in distance calculation.

*HGNN s including HAN, MEIRec, and HGT outper-
form homogeneous GNNs with significant gaps because
they are able to capture the characteristics of different types
of nodes, indicating the necessity of heterogeneity model-
ing.

6.3 Experiment on Meta-path Instance Prediction Task

To further validate the performance of the proposed HDE
on the heterogeneous graph, we apply our method to the
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TABLE 6

Quantitative results (%) on the node classification task. Results for the same model with and without HDE as an enhancement module are

reported in adjacent rows. The best results of the same model are indicated in bold.
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Model DBLP ACM IMDB FreeBase
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

GCN 91.47(+0.34) | 90.84(+0.32) | 87.64(+1.24) | 87.68(+1.09) | 64.82(+0.64) | 57.88(+1.18) | 68.34(x1.58) | 59.81(x3.04)
GCN+HDE | 92.03(x0.92) | 91.21(+0.83) | 88.14(+0.93) | 88.22(+1.85) | 65.43(+2.38) | 58.14(+2.55) | 69.26(+1.04) | 60.15(+2.56)
GIN 92.31(+0.42) | 91.45(+0.34) | 88.54(+1.13) | 88.23(=1.32) | 64.74(=0.98) | 57.32(x1.94) | 68.78(x1.41) | 60.01(x2.55)
GIN+HDE 92.94(+0.85) | 93.10(+0.48) | 89.35(+2.29) | 88.92(+2.41) | 65.61(+1.97) | 58.29(+1.38) | 69.13(+2.03) | 61.17(+1.94)
SAGE 91.98(+0.89) | 91.56(+0.34) | 87.49(+0.91) | 87.56(x+0.78) | 64.90(=1.12) | 57.94(x1.29) | 68.34(x2.63) | 59.53(+3.02)
SAGE+HDE | 92.85(+1.14) | 92.49(+0.92) | 88.19(+1.10) | 88.25(+0.83) | 65.71(+0.91) | 58.72(+1.13) | 69.72(x1.05) | 61.24(+1.53)
GAT 93.39(+0.30) | 93.83(x0.27) | 86.79(+0.94) | 87.04(+1.45) | 64.86(+0.43) | 58.94(x1.35) | 69.04(=0.58) | 59.28(x2.56)
GAT+HDE 94.55(+1.91) | 95.02(+x0.71) | 87.71(*1.21) | 88.13(¥1.17) | 65.98(+0.51) | 60.24(+1.85) | 69.81(+0.81) | 59.84(+2.10)
HAN 92.05(+0.62) | 91.67(+0.49) | 89.64(+0.42) | 89.79(+1.03) | 64.63(+0.58) | 57.74(+0.96) | 61.42(+3.56) | 57.05(x2.06)
HAN+HDE | 92.81(+0.46) | 92.04(+0.71) | 90.31(+0.98) | 90.24(+1.41) | 64.93(+0.69) | 58.29(+0.71) | 62.81(+3.10) | 58.52(+2.86)
HGT 93.49(+0.25) | 93.01(+0.23) | 90.51(+0.54) | 89.82(+0.83) | 67.20(=0.57) | 63.00(x1.19) | 66.43(x1.88) | 60.03(x2.21)
HGT+HDE | 93.94(+0.47) | 93.74(+0.39) | 91.26(*1.16) | 90.56(+0.91) | 67.93(+1.36) | 63.57(+2.42) | 67.71(+1.93) | 61.76(+1.88)

meta-path instance prediction task to validate the prediction
performance in heterogeneous networks. A meta-path [38]
in a heterogeneous information network is a composite
relationship connecting two objects and is widely used to
capture semantic information. As mentioned in the example
of Definition 4, each meta-path has a clear, practical mean-
ing. Therefore, the prediction of meta-path instances has
essential practical value. The meta-path instance prediction
task extends the link prediction task and aims to predict
unknown meta-path instances given a graph structure. The
prediction of meta-path instances corresponds to the case
where the number of target node-set in the HDE is greater
than 2, which helps to validate the performance of the more
general HDE.

For a heterogeneous graph G(V, E), given a node se-
quence s = (v, V2, ,V41), the meta-path instance pre-
diction task aims to predict whether s is a meta-path in-
stance in G, where V' denotes the edge set in G, E denotes
the edge set in G.

For negative samples, we do not simply sample random
nodes from the graph to form a negative sample but ensure
that a random edge in the negative sample is real and the
rest of the edges are fake. In this experiment, we only select
the meta-path of length 3.

In addition to being a component of DHN, HDE can
be used as an enhancement module for almost all GNN
models, so in this experiment, we compare the performance
of the same model on the meta-path instance prediction task
with and without using HDE as the initialization feature.
The experimental results are shown in Table 4.

Based on Table 4, we have the following observations:

eFor all the baseline methods in this experiment, the use
of the proposed HDE provides a significant performance
improvement over not using HDE. This means that HDE
can be used as a general enhancement module to improve
the prediction performance of GNN models.

*The performance improvement on the meta-path in-
stance prediction task illustrates that HDE is still effective
for higher order prediction tasks. Note that the target node
set can be of arbitrary sizes, and the length of the meta-path
can be any integer greater than 2.

Fig. 5. Comparison of the time overhead of E-HDE and HDE as the size
of enclosing subgraph grows.

6.4 Experiment on Node Classification Task

As previously mentioned, HDE can also be utilized to
enhance the performance of GNNs on the node classification
task, where the size of the target node set is one. We
conducted node classification experiments on the existing
datasets. As the LastFM dataset used in the link predic-
tion experiments is not a node classification dataset, we
replaced it with the DBLP dataset. Similar to the setting
of meta-path instance prediction, we utilized HDE as a
GNN enhancement module and compared the node clas-
sification performance of GNN with and without HDE. For
datasets that provide node attributes (such as DBLP, ACM,
and IMDB), we ignore the node attributes provided in the
dataset. Following [51], we initialize the features of all nodes
with a one-hot vector of node indices. For models enhanced
using the HDE module, we concatenate the encoding results
of HDE with the one-hot vector of node indices to form
the initial features of the nodes. We report the experimental
results in Table 6. From Table 6, it can be observed that
HDE can also improve the performance of GNN on node
classification tasks, although the improvement is not as

Authorized licensed use limited to: BEIJING UNIVERSITY OF POST AND TELECOM. Downloaded on October 15,2023 at 09:12:21 UTC from IEEE Xplore. Restrictions apply.
© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Knowledge and Data Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TKDE.2023.3300879

JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

significant as that in link prediction or path prediction tasks.
The reason for this phenomenon may be that HDE contains
structural information related to distance in random walks,
which is more helpful for path-related prediction tasks,
while its contribution to node classification tasks is not as
significant.

6.5 Applying HDE to Other Graph Mining Tasks

In Section 6, we conducted experiments to evaluate the per-
formance of HDE on tasks such as link prediction, metapath
instance prediction, and node classification. Additionally,
based on Eq. 3, HDE can be applied to various graph mining
tasks, such as link type/relation prediction [14], hyperlink
prediction and its type prediction [15], and subgraph pre-
diction [40]. One only needs to adapt a node pair {u,v} in
Eq. 4 into a set of nodes (e.g., Eq. 5 for {u,v,w}). DHN is
theoretically more expressive than traditional HGNNs and
thus is expected to achieve better performance.

6.6 Effectiveness of Efficient Encoding

To verify the computational efficiency and the prediction
performance of the E-HDE algorithm, we conducted exper-
iments on both real-world graphs and generated graphs,
respectively. We first compute distance features for each
graph using HDE and E-HDE algorithms and record the
time consumed. Also, we initialized the node features using
HDE and E-HDE, respectively, and then compared their per-
formance on the link prediction task on different graphs. We
ensure that the number of positive and negative samples is
1024 for all datasets (Please note that, for the link prediction
task described in Section 6.2, we take all the edges in the
dataset as the training and testing examples. As a result,
the reported results in Table 5 may be inconsistent with
those presented in Table 3. ). The experimental results are
presented in Table 5. From Table 5, we have the following
observations:

*For graphs with smaller enclosing subgraphs (e.g.,
imdb_md and acm_pa), HDE and E-HDE are close to each
other in encoding time. For graphs with larger enclosing
subgraphs (e.g., freebase_ma), the time overhead of HDE is
extremely high, while the time overhead of E-HDE is still
acceptable.

*Compared to HDE, E-HDE has a 5% performance loss
in the worst case and almost no performance loss in the best
case. The performance loss in most cases is within 3%.

To illustrate the efficiency gap between HDE and E-
HDE for encoding enclosing subgraphs of different sizes,
we randomly generated many subgraphs with a specified
number of nodes. We tested two kinds of heterogeneous
distance encoding on these subgraphs. The experimental
results are shown in Figure 5. From Figure 5, we can tell
that E-HDE has a significantly lower time overhead than
HDE.

6.7 Analysis and Case Study

The correlation modeling via the proposed HDE plays a
key role in improving the expressive power of HGNN.
Practically, we truncate the proposed HDE with the max-
imum distance to prevent overfitting and project it as the
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Fig. 6. A case study that shows how the proposed HDE improves
the expressive power of HGNN via correlation modeling (i.e., positive
correlation improves the probability of link (p2s, as4) existing).

learnable vector to improve its capacity. As shown in Figure
4, we further discover the characteristic of the proposed
HDE (w.r.t. maximum distance and dimension) and have
the following observations: From Figure 4(a), we find that
the relative distance in a small range (typically 2-3) provides
valuable correlation information, and large distance may be
unnecessary. Comparing the results in Figure 4(a) and those
in Table 2, we can see that even with d™%* = 1, DHN
performs far more better than all the baselines. It makes
sense because local structure around nodes is beneficial
for link prediction [21] while long-range connections may
introduce noise and lead to overfitting. As shown in Figure
4(b), we can see that with the growth of the dimension, the
effectiveness of HDE rises first and then starts to keep stable,
which means it needs enough dimension to encode the cor-
relation between nodes and larger dimension may introduce
additional redundancies. Note that a low dimension of HDE
has already yielded good enough results.

To intuitively show the effectiveness of the proposed
HDE in improving the expressive power of HGNN, we
take paper-author pair (pgg,a54)1 on ACM dataset as an
example to show how paper-author prediction changes
with/without HDE. Note that the link (pas,as4) actually
exists in the dataset (i.e., ¥p,4,a5, = 1). To predict whether
the link (pas, as4) exists, we first extract corresponding het-
erogeneous enclosing subgraph (six authors?, two papers®,
and induced edges) and show them in Figure 6.

As shown in Figure 6, we can find that: When predicting
the existence of link (psg, as4), HGNN without HDE is not
sure whether the link should exist and leads to sub-optimal
prediction (i.e., Up,5,a5, = 0.59). It is because although
(pas, as4) are close to each other, HGNN without HDE
fails to capture such positive correlation (small distance)
due to its limited expressive power. In contrast, HGNN
with HDE is pretty sure that link (pss,ass) should exist
(i.e., Upog,asa = 0.95) because the proposed HDE injects
the correlation into the embedding and enables HGNN to
distinguish their relative distance. So we can conclude that
HDE significantly improves the expressive power of HGNN

1. p2g: Michele Berlingerio, Fabio Pinelli, Mirco Nanni, Fosca Gian-
notti. Temporal mining for interactive workflow data analysis, KDD’09.
as4: Fabio Pinelli.

2. as4, a19: Mirco Nanni, asg: Fosca Giannotti, a7g: Roberto Trasarti,
ag3: Anna Monreale, age: Michele Berlingerio.

3. p2s, p34: Anna Monreale, Fabio Pinelli, Roberto Trasarti, Fosca Gi-
annotti. WhereNext: a location predictor on trajectory pattern mining,
KDD’09.
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Fig. 7. Parameter sensitivity of DHN.

and leads to better performance.

6.8 Parameter Study

We investigate the sensitivity of parameters on the ACM
dataset and report the performance of DHN on both paper-
author prediction and paper-term prediction with various
parameters in Figure 7.

*Hop numbers of the heterogeneous enclosing sub-
graph. We show how different numbers of hops of hetero-
geneous enclosing subgraph affects the model performance.
The results are shown in Figure 7(a). We can find that the
performance of DHN rises slowly and achieves the best
performance when the hop is set to 4. Again, comparing
Figure 7(a) and Table 2, we can see that even with only
one-hop enclosing subgraph, DHN has already significantly
outperformed all the baselines. After that, the performance
of DHN keeps stable. It is because we need enough local
structural information to encode the correlation between
nodes. And, more hops will increase the time cost and may
be unnecessary.

*Number of the neighbor. As illustrated in Figure 7(b),
we can see that the performance of our model significantly
improves as the number of neighbors grows. It makes sense
because we need sample enough neighbors to capture the
local structure around the node and the neighbor informa-
tion is able to effectively improve node embedding. When
sampling 5 neighbors, the proposed DHN achieves the best
performance.

7 CONCLUSION

In this paper, we first point out the limitation of expressive
power of HGNN. After that, we study the problem of
correlation modeling in heterogeneous graphs and propose
a simple and effective technique to improve the expressive
power of HGNN. Specifically, we formulate heterogeneous
shortest path distance to model the relative distance be-
tween nodes and then propose a novel heterogeneous dis-
tance encoding to encode the relative distance as the correla-
tion between nodes. Then, we inject the proposed HDE into
the aggregating process of HGNN, which gives a new model
DHN. Then, we propose an approximate algorithm E-HDE
that can significantly reduce the computational overhead of
HDE. Extensive experimental results on link prediction task
including both transductive and inductive tasks verify the
superiority of the proposed DHN. The results of the meta-
path instance prediction task show that HDE can generally
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improve the prediction performance of other GNN and
HGNN models in high order prediction tasks.
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