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ABSTRACT
Relation learning, widely used in recommendation systems or rele-
vant entity search over knowledge graphs, has attracted increasing
attentions in recent years. Existing methods like network embed-
ding and graph neural networks (GNNs), learn the node repre-
sentations from neighbors and calculate the similarity score for
relation prediction. Despite effective prediction performance, they
lack explanations to the predicted results. We propose a novel in-
terpretable relation learning model named IRL, which can not only
predict whether relations exist between node pairs, but also make
the inference more transparent and convincing. Specifically, we
introduce a meta-path based path encoder to model sequential de-
pendency between nodes through recurrent neural network. We
also apply the self-supervised GNN on the extracted sub-graph to
capture the graph structure by aggregating information from neigh-
bors, which are fed into the meta-path encoder. In addition, we
propose a meta-path walk pruning strategy for positive path gener-
ation and an adaptive negative sampling method for negative path
generation to improve the quality of paths, which both consider
the semantics of nodes in the heterogeneous graph. We conduct
extensive experiments on two public heterogeneous graph data,
AMiner and Delve, for different relation prediction tasks, which
demonstrate significant improvements of our model over the exist-
ing embedding-based and sequential modeling-based methods.
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1 INTRODUCTION
Relation learning has attracted many attentions due to its wide
usage in many different applications over complex systemsmodeled
as heterogeneous graphs, such as personalized recommendation
[12, 19] and relevant entity search [3, 24, 44, 48]. Relations and node
types in heterogeneous graphs are more complicated than in the
homogeneous graphs, and thus challenge the relation learning over
them. For instance, in an academic graph, there are multi-typed
nodes connected by multiple relations, like author_write_paper,
paper_cite_paper, venue_publish_paper, etc. Besides, nodes in this
graph carry heterogeneous attributes such as numerical value (e.g.,
author id) and text (e.g., paper abstract).

Recent efforts of the relation learning on heterogeneous graphs
mainly rely on network embedding models [28, 39, 51] and graph
neural networks (GNN) [15, 40, 42] that learn the node represen-
tation and calculate the similarity score for relation inference. For
example, Zhao et al. proposed to construct a heterogeneous co-
occurrence network to learn the latent representations of users and
items [51]. Ying et al. combined efficient random walks and graph
convolutions to generate embeddings of nodes that incorporate
both graph structure and node feature information [42]. Due to the
rich semantics of knowledge graphs (KG), many efforts have been
made to enhance the node representations [49, 50]. Zhang et al.
proposed to learn heterogeneous knowledge base embeddings for
personalized recommendation by incorporating both user behaviors
and items in KG [50].

Despite the satisfactory performances, the above methods still
have some limitations. The interpretability of models is not ade-
quate for the outputs where a post-hoc explanation is generated
after a decision has been made. This is not convincing compared
with models which can provide explanations directly. Since relation
learning on graphs roots in the understanding of node pairs in
their neighborhood, the path connecting a pair of nodes potentially
conveys their latent relations. In particular, meta-path, a relation
sequence connecting node pairs, is widely used to extract structural
features that capture relevant semantics for relation learning [31].
This kind of sequential data convey rich semantics and help to
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Figure 1: Toy example of interpretable relation prediction in
a heterogeneous graph.

understand the dependency between nodes. By exploring the meta-
paths, we can provide explainable prediction, which tells us why
nodes are connected and makes the link relation more transparent
and convincing, i.e., interpretable. For example, as shown in Fig. 1,
a1 and a2 do not collaborate with each other before, while later they
publish several papers together, which may be induced by multiple
meta-paths: (1) citing paper, i.e., “APPA”; (2) publishing papers in
the same venue (ICCV), i.e., “APVPA”; (3) sharing the same research
topic of image recognition, i.e., “APTPA”; (4) and having the same
co-author a3, i.e., “APAPA”. By encoding multiple meta-paths, we
can understand why they are connected, and which meta-paths
contribute more for the collaboration relationship. Meta-path has
been widely used to learn relations on heterogeneous graphs. Shi
et al. proposed the weighted heterogeneous graph and weighted
meta-path concepts to subtly depict the path semantics through
distinguishing different link attribute values [30]. Wang et al. pro-
posed an explainable recommendation over Knowledge Graphs
(KG) which reveal why users interact with items by integrating
semantics of graph and user-item information [38]. It is notable that
the existing path generation methods are based on random walk by
a uniform sampling over the out-going nodes. However, the path
instances generated by such a simple random walk strategy are usu-
ally of low quality and even accompanied with many noises, which
makes the generated path unsuitable for relation learning. Apart
from that, traditional negative sampling on the path generation
cannot choose proper negative samples for each positive one since
it randomly samples from huge candidates. This may cause the low
converge and gradient vanishing when optimizing the model.

To tackle these problems, we propose a novel model called IRL
for interpretable relation learning on heterogeneous graphs, which
can not only predict relations between nodes by mining the rich
semantics from the meta-path, but also interpret why the inter-
actions are generated. Specifically, we develop a novel meta-path
encoder with recurrent neural network to model sequential depen-
dency between nodes and leverage attention mechanism to infer
which paths contribute more. Besides, we employ self-supervised
GNN to capture the graph structure by aggregating neighbor in-
formation in the extracted sub-graph, which is further fed to the
meta-path encoder. In addition, we introduce a meta-path walk
pruning strategy to generate high-quality positive paths where
more semantics-relevant neighbors are chosen instead of randomly
selecting from all neighbors. To achieve better and more stable
model training, we further employ a semantic-aware negative sam-
pling strategy where semantics of negative samples corresponding

to positive samples are considered to choose more suitable negative
ones. The contributions of this work are summarized in threefold:

• We propose the problem of interpretable relation learning on
heterogeneous graphs. Unlike the previous studies that only focus
on prediction performance, this work also pays attention to the
interpretability of prediction results.

• We develop a novel model called IRL to solve the problem. IRL
develops a meta-path encoder with recurrent neural network
and graph neural network, to not only predict relations between
node pairs but also explain why the interactions are generated.
Additionally, a path pruning strategy and a negative sampling
algorithm are designed to improve model training.

• We conduct extensive experiments on two public datasets for
multiple relation prediction tasks. The results demonstrate the
superior performance of IRL over many baseline methods.

2 RELATEDWORK
This work is closely related to two research lines: heterogeneous
graph learning and relation learning.
Heterogeneous Graph Representation Learning. For hetero-
geneous graph representation learning, one popular approach is
to capture heterogeneous graph topological information where
random walk based models have made great progresses [13, 46].
The metapath2vec utilizes the node paths traversed by meta-path
guided random walks to model the context of a node regarding
heterogeneous semantics [5]. HIN2Vec captures rich semantics of
relations and graph structure to learn node representations and
meta-paths [6]. In recent years, GNN has shown its promising abil-
ity for modeling structural and relational data [20]. To deal with
heterogeneous graph structures and node attributes, heterogeneous
graph neural network (HetGNN) uses type specific RNN to encode
features for each type of neighbor node and aggregate the encoded
neighbor representations of different types [45]. To incorporate
attention into heterogeneous GNN, GEM leverages distinct aggre-
gators for each relation and learns the attention coefficients for
modeling the importance of different types of nodes [22]. Heteroge-
neous graph attention network (HAN) uses the high-level semantic
attention to differentiate and aggregate information from different
meta paths [37]. ActiveHNE [4] is a semi-supervised model that
actively selects the most valuable nodes to label by leveraging local
convolution and the multi-armed bandit mechanism. In addition,
inspired by the success of transformer [33], heterogeneous graph
transformer (HGT) uses each edge’s meta relation to parameterize
the transformer-like self-attention architecture [17].
Relation Learning. Recently, many studies have been devoted
to relation learning for different applications such as personal-
ized recommendation [12, 19, 26, 27, 47] and relevant entity search
[3, 21, 24, 31, 35, 44, 48]. One typical approach is using pairwise rank-
ing optimization [7]. The traditional models denote node with latent
feature, and discriminate between the set of correlated items and
the set of remaining uncorrelated items [27]. Yu et al. incorporated
multiple types of user-item relations into a unified pairwise ranking
model [43]. Xia et al. proposed a memory-augmented transformer
networks to enable the recommendation with multiplex behav-
ioral relational information [41]. In addition, some recent extended
studies have been presented by using content information to get
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relevant latent features [9, 11, 19]. He et al. utilized image content
to get the high-level visual features extracted from a deep convolu-
tional neural network [11]. Wang et al. employed heterogeneous
item relations to enhance latent feature based pairwise ranking
models [19]. Also, some task-guided and contextual relation learn-
ing models have been developed for inductive relation inference
by using both node’s content and contextual neighbor information
[3, 44]. Chen et al. proposed a task-guided and path-augmented
heterogeneous network embedding model [3]. Zhang et al. pro-
posed a meta-path walk integrative learning module based on the
task-dependent and content-aware Skip-gram model to formulate
correlations between node and its indirect neighbors [44].

Different from thesemethods, our proposedmodel can achieve better
prediction results due to the novel model design. More importantly,
our model is able to interpret the prediction results.

3 PRELIMINARY
We first give the definitions of concepts used throughout this paper.

Definition 3.1. (Heterogeneous graph). A heterogeneous graph
is defined as G = (V ,E,OV ,RE )with multiple types of nodesV and
links E. Particularly, OV and RE represent the sets of objects and
relation types. Each node v ∈ V and each link e ∈ E are associated
with a node type mapping functionψv : V → OV and a link type
mapping functionψe : E → RE .

Heterogeneous graph has been intensively studied due to its
power of accommodating multi-typed interconnected data. We take
the academic graph as example to illustrate what the heterogeneous
graph is. As shown in Fig. 1, the set of node types OV in the graph
includes author, paper, topic and venue, and the set of link types
RE includes write, cite , has_topic, publish, and the corresponding
inverse relations.

Definition 3.2. (Meta-path). A meta-path in G = (V ,E,OV ,RE )
is a path defined on the graph schema denoted in the form of
mp = o1

r1
−−→ o2

r2
−−→ . . .

rm
−−→ om+1 where oi ∈ OV , ri ∈ RE and

r = r1 ∗ r2 . . . ∗ rm represents a compositional relation between
node types o1 and om+1.

Each meta-path captures the proximity among the nodes on its
two ends from a particular semantic perspective. Continue with our
example of academic graph in Fig. 1, the meta-path author

write
−−−−−→

paper
cite
−−−−→ paper

written_by
−−−−−−−−−−−→ author carries different semantics

from themeta-pathauthor
write
−−−−−→ paper

publish_by
−−−−−−−−−−→ venue

publish
−−−−−−−→

paper
written_by
−−−−−−−−−−−→ author . Thus, the usage of different meta-paths

allows heterogeneous graph models to compute multi-typed node
proximity and relation, which has shown to be beneficial to many
graph mining applications [16, 18, 29].

Definition 3.3. (Interpretable relation learning on heteroge-
neous graphs). Given a heterogeneous graph G = (V ,E,OV ,RE ),
and a set of nodes N<T ∈ V before timestamp T , the task is to pre-
dict whether there exist a relation r ∈ E between nodes inN<T after
timestampT by ranking all potential pairs, such that the top ranked
pairs are true to connect and the predicted results are interpretable
through meta-paths. Formally, given a start node vi , a target node

vj , and a set of meta-paths P(vi ,vj ) = {P1,P2, ...,PK } connecting
vi andvj , the goal is to estimate the probability thatvi andvj have
a specific relation through P(vi ,vj ), which is formulated as:

ŝvi ,vj = fΘ(vi ,vj |P(vi ,vj )) (1)

where f is the model with the parametersΘ, ŝvi ,vj is the probability
that vi and vj have a specific relation.

4 METHODOLOGY
In this section, we present the detail of our proposed interpretable
relation learning model on heterogeneous graphs. Figure 2 illus-
trates the overall framework, which consists of the following parts:
(a) a novel relation learning framework with meta-path encoder;
(b) a meta-path walk pruning strategy to get high-quality positive
paths; (c) an adaptive negative sampling strategy to get more re-
lated negative paths; and (d) a self-supervised GNN to get node
embedddings by considering graph structure. In the following of
this section, we detail these components one by one.

4.1 Modeling Relation Learning Process with
Meta-path Encoder

Given a heterogeneous graph (HG) G = (V ,E,OV ,RE ), we first
extract paths which connect the indirect node pairs. Although we
can naturally take randomwalk on HG to capture indirect node pair
relations, as did in Deekwalk [25] and Node2vec [8], such random
walks are biased on highly visible types of nodes and concentrated
nodes, as demonstrated bymetapath2vec [5]. For example, the paths
between a1 and a2 are a1 −p2 −p3 − a2, a1 −p2 −p3 −p2 −p3 − a2,
and so forth. The first one is meaningful while the second one is
not since there exist duplicate nodes in the path. Thus we apply
meta-path walks to capture indirect correlations between nodes.
Given the predefined meta-path set P = {P1,P2, . . . ,Pn }, we can
extract paths connecting node pairs. Although we generate paths
for node pairs, it may suffer from the low-quality problem, since one
node may have more than one neighbors with the same node type
resulting in multiple connected paths. More details about improving
path quality will be introduced in Section 4.3. For each generated
path, regarded as a positive path, we generate the corresponding
negative paths by negative sampling for later model training. The
naive method is to randomly sample nodes from candidates to
replace the last connected node in the path. However, it may cause
the low converge and gradient vanishing when optimizing the
model [26]. To select effective negative samples for gradient updates
during model training, we employ an adaptive negative sampling
approach, which will be detailed in Section 4.4.

For each generated path, we feed node embeddings (e.g., pre-
trained embeddings or graph neural network) into a meta-path
encoder to generate the path embeddings. As the nodes in the
meta-path have the sequential dependencies, we use recurrent neu-
ral network to capture the sequential information, and generate
a single representation for encoding its holistic semantics. Here,
we adopt LSTM [14] to fulfill this task due to its powerful ability
to capture the long-term dependency in a sequence. The history
information ht = [v1,v2, . . . ,vt−1] for the path p consists of the
sequence of nodes to step t , which is encoded as:

h
p
t = LSTM(h

p
t−1,x

p
t−1) (2)
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Figure 2: (a) The overall model architecture: it first generates the high-quality paths from the heterogeneous graph usingmeta-
path walk with pruning strategy, then employs adaptive negative sampling to generate negative samples for model training,
next encodes meta-paths with node embeddings generated from self-supervised GNN, finally uses attention to calculate the
path importance for relation prediction. (b) Meta-path walk pruning strategy is used to generate high-quality of paths. (c)
Adaptive negative sampling is utilized to sample representative negative paths for each positive path. (d) Self-supervised GNN
is utilized to generate node embeddings in meta-path encoder using the constructed sub-graph.

where hpt−1 and x
p
t−1 denote the hidden state and the node em-

bedding of step t − 1 of path p, respectively. There are multiple
meta-paths which connect the node pairs. However, the contribu-
tions of themmay vary differently. Therefore, we use the last hidden
state of each meta-path representation to learn their corresponding
attention weights as follows:

zp =
∑
p∈P

αph
p (3)

where αp denotes the importance of the hidden state hp of meta-
path p, which is be calculated by:

αp =
exp(WT

r hp )∑
p′∈P exp(WT

r hp
′

)
(4)

whereWr is the trainable parameter in the attention layer. Then,
we add a fusion layer to calculate the predicted score of node pairs
between the start nodes and end nodes in the meta-path with a
neural network layer as follows:

ŝvi ,vj = σ (ReLU(Wc ·Concat(zp |p ∈ P))) (5)

where σ is the siдmoid activation function, Concat is the concate-
nate operation,Wc is the trainable parameter in fusion layer. Fig-
ure 2(a) illustrates the detail of this step. By learning αp , we can
infer the importance of different meta-paths for relation prediction.

4.2 Self-supervised GNN for Node Embedding
Note that the node embedding used in meta-path encoder can be
randomly initialized or pre-trained embeddings like node2vec. How-
ever, it does not consider the graph structure information. GNNs
have been demonstrated to be effective for different graph mining
tasks. Thus, we are motivated to design a customized heteroge-
neous graph neural network to refine the node embeddings in a
self-supervised way. Specifically, we extract the sub-graph G′ ⊂ G

which include all nodes V ′ ⊂ V and relations E ′ ⊂ E in the used
meta-paths. Then we apply graph neural network to learn embed-
ding of node u ∈ V ′:

hku = AGG(hk−1v ,∀v ∈ N(u) ∪ {u}) (6)

wherehku is the encoded embedding ofu at layer k−1,N(u) denotes
the neighbor set of u, AGG is the neighbor aggregation function.
The input (0-th layer) is initialized with pre-trained node embed-
dings using node2vec [8]. Here, we train the GNN model in a self-
supervised way, that is, predicting the contextual neighbor of each
node. In particular, we use random walk based sampling to get the
the path sequence and employ Skip-gram model [23] to generate
the initial node embeddings. For neighbor set N of the target node
in G′, we generate the negative node samples Ns by sampling a
set of negative neighbors which are not connected to the target
node. Here cross entropy is used as the loss function to minimize
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the difference of similarity scores between the positive pair and
negative ones:

Ls = −
1

|Ns | + |N |
[

|Ns |∑
i=1

log(p(yi )) +
|N |∑
i=1

log(1 − p(yi ))] (7)

where p(yi ) denotes the similarity score of each node pair (i.e.,
inner-product of learned node embeddings from GNN). Fig. 2(d)
illustrates the detail of this step.

4.3 Meta-path Walk Pruning
The generated paths may suffer from low quality problem, since a
node may have many neighbors of the same node type resulting
in multiple connected paths. For instance, assuming that the meta-
path is APPA shown in Fig. 2(b), there are multiple paths from a4
to a5, however, the path with dotted lines, i.e., a4 − p2 − a5, is less
relevant. To resolve this problem, we propose a meta-path walk
pruning strategy to select more similar nodes instead of random
nodes for meta-path based relation reasoning. Specifically, we first
generate the node embedding in an unsupervised way (node2vec
[8]). We then construct the node pair similarity lookup table offline
for the neighboring node pair vi and vj in meta-path as follows:

sim(vi ,vj ) = cos(ei ,e j ) (8)

where cos denotes cosine similarity function, ande is the pre-trained
node embeddings. The paths which connect the node pair vi and
vj , denoted as P = {p1,p2, . . .}, are selected by calculating the
summation of similarity score over all node pairs:

Psel =max(F (p1),F (p2), . . .)

F (pk ) =
∑

∀(vi ,vj )∈NPi j

sim(vi ,vj ) (9)

where NPi j is the set of node pairs extracted by following the
path pk . We will analysis the influence of meta-path walk pruning
strategy in the experiment section. Fig. 2(b) provides an illustrative
example of this step.

4.4 Negative Adaptive Sampling Strategy
Random negative data sampling is often used in training proce-
dure, where the last node in the positive path is replaced by a
randomly selected node. This simple method may result in slow
convergence and gradient vanishes in training, as demonstrated by
previous work [26]. To solve the problems, we propose a semantic-
aware adaptive negative sampling to improve the model training.
Specifically, we aim to select negative samples from a candidate
set which has larger semantic similarity with the target node, for
inducing larger gradient magnitude in model update. Inspired by
this intuition, we introduce a ranking position generator:

r̂ =min{Neд_NUM, int(Ψ)} (10)

where Neд_NUM is a constant indicating the maximized number
of negative samples, and Ψ comes from a predefined distribution:

Ψ = −
lnτ
λ

(11)

where τ is a random value from Gaussian distribution and λ is the
rate value. When we set τ as (0, 1] uniform distribution and λ = 1 ,
Ψ will be a small value in most cases. That is, it is a large probability

that r̂ will be a small integer and the caused gradient magnitude
will be large. This can greatly reduce the issues of slow convergence
and gradient vanishing. We can change the probability by setting
different λ. Fig. 2(c) illustrates an example. In detail, we first ran-
domly sample a batch with size k of irrelevant nodes of the target
node a2, i.e., the last node in the path. Then we rank all sampled
nodes according to the correlation scores with a2 computed by the
similarity of node embeddings. Finally, we select the node ranked at
position r̂ . The advantage of our adaptive negative sampling strat-
egy is that irrelevant nodes with relative large correlation scores
are more likely to be selected since int(Ψ) is a small integer. The
proposed negative adaptive sampling method can thus address the
slow convergence and gradient vanishing issue.

4.5 Objective and Model Training
Similar to the recent work [36], we treat the relation prediction
task as a ranking problem, where an observed node pair should be
ranked higher than the unobserved ones. In particular, we employ
pairwise ranking loss as objective function for relation modeling,
which is defined as follows:

Lr =
∑

(vi ,vj )∈O+,(vi ,vk )∈O−

− log(σ (ŝO+vi ,vj − ŝO−
vi ,vk )) (12)

where O+ = {(vi ,vj )|yvi ,vj = 1} and O− = {(vi ,vk )|yvi ,vk = 0}
are the true and false linked node pairs, respectively. By incorpo-
rating self-supervised GNN loss, the joint loss function is defined
as,

L = Lr + γLs (13)
where γ is trade-off factor between Lr and Ls . After sufficient
training, our model can be employed to infer unseen relation be-
tween node pairs. Meanwhile, our model has the ability to interpret
why node pairs are linked due to the contribution made from which
meta-paths based on learned attention scores.

5 EXPERIMENTS
In this section, we conduct extensive experiments with the aim of
answering the following research questions:
• RQ1: Whether our model can outperform various baseline meth-
ods of relation learning on heterogeneous graphs?

• RQ2: What is the impact of the different modules on the model
performance?

• RQ3: What is the influence of hyper-parameter settings in the
proposed model?

• RQ4: How can our model interpret relation between nodes with
meta-paths?

5.1 Datasets
In this work, we consider two relation prediction tasks: author
collaboration prediction (A-A) and author-paper citation prediction
(A-P) on heterogeneous academic graphs. We evaluate our model
on two academic datasets, i.e., AMiner [32] and Delve [1]. These
datasets consist of nodes types including author (A), topic (T), venue
(V), and paper (P), and relation types including write, cite, has_topic,
publish and corresponding inverse relations. The selected meta-
paths for A-A task are APPA, APTPA, APVPA, and APAPA while the
selected meta-paths for A-P task are APP, APAP, APVP, and APTP.
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Table 1: Statistics of datasets.

Stastics AMiner Delve
# Author 130,555 3,126
# Paper 942,269 13,377
# Venue 400 378
# Topic 70 40
Task Type A-A A-P A-A A-P
# Relation 493,060 84,092 152,085 268,506
# Path 52,215 28,960 21,420 119,216

We use LDA [2] to extract topics of each paper, where the top-3 rep-
resentative topics are used. Regarding the number of topics in LDA,
we try different settings and find 70 and 40 have the best coherence
values on AMiner and Delve datasets, respectively. For AMiner
dataset, we split the original data into two parts. Papers published
between 2000 and 2014 and their biblographic information are used
to generate data for model training, while the corresponding data
after 2014 are utilized for mode evaluation (testing). Similarly, for
Delve dataset, the data between 1971 and 2009 are used to train
the model, while those after 2009 are utilized for model evaluation,
respectively. The statistics of datasets are reported in Table 1.

5.2 Experimental Settings
Evaluation Metrics. We adopt three popular evaluation metrics
to evaluate the performance of different models including: Hit Ratio
(Hit), NDCG and MRR.
• Hit@K evaluates the accuracy of the relevant nodes retrieved
within the top-K positions of the ranking list.

• NDCG@K measures the relative orders among positive and neg-
ative nodes within the top-K of the ranking list.

• MRR@K is the mean reciprocal ranking which measures the
quality of the first ranked node.

We report the average value of these metrics at K = {3, 5, 10} of all
instances in testing data.
Baseline Methods. We compare our proposed method with net-
work embedding models including Deepwalk, node2vec and meta-
path2vec, graph neural network models including GCN, GAT and
GraphSAGE, HAN, and relation learning model KPRN.
• Deepwalk [25] uses local structure information obtained from
truncated randomwalks to learn node representations by treating
walks as sentences in text. We represent it DW for short.

• node2vec [8] learns low-dimensional node representations by
optimizing a neighborhood information preserving objective with
biased random walks for balancing the exploration-exploitation
tradeoff. We denote it N2Vec for short.

• metapath2vec [5] formalizes meta-path based random walks to
construct the heterogeneous neighborhood of a node and then
leverages Skip-gram model to learn node embeddings. We repre-
sent it MP2Vec for short.

• GCN [20] uses an efficient layer-wise propagation rule that is
based on a first-order approximation of spectral convolutions on
graphs to learn node embeddings.

• GAT [34] learns the importance of different nodes within a neigh-
borhood leveraging masked self-attentional layers when dealing
with different sized neighborhoods without the necessity of know-
ing the entire graph structure upfront.

• GraphSAGE [10] is a general inductive framework that leverages
node feature information to efficiently generate node embeddings
for previously unseen data by sampling and aggregating features
from a node’s local neighborhood. We denote it GSAGE for short.

• HAN [37] is a heterogeneous graph neural network based on the
hierarchical attention, including node-level and semantic-level
attentions to learn the importance between a node and its meta-
path based neighbors and the importance of different meta-paths,
respectively.

• KPRN [38] is a relation learning model for recommendation,
where a recurrent neural network is used to generate path repre-
sentations by composing semantics of entities and relations.

Note that network embedding based methods, GNN-based models,
and HAN predict relations through the inner product of the learned
node embeddings while our model and KPRN use sequential meta-
path framework for relation prediction.
Parameter Settings. For fair comparison, we train all models with
Adam optimization. The learning rate is 0.0005 for AMiner dataset
and 0.001 for Delve dataset. The batch size is set to 128, the em-
bedding dimension equals 128, and the hidden state dimension of
LSTM is 128. In our model, the parameter λ equals 1. Neд_NUM in
the negative adaptive sampling module is set to 10 for both datasets.
During model evaluation, for each positive data sample, we select
100 negative data samples.

5.3 Performance Comparison (RQ1)
Table 2 and 3 report experimental results of various settings. We
have the following findings:
• Network embedding methods perform worst in both two datasets.
This indicates that node information alone cannot understand the
relations well due to the ignorance of the content information.
The metapath2vec obtains the best results in this group since
the predefined meta-path helps to capture the semantics among
nodes.

• Graph neural networks models (GNNs) have better or close per-
formance than network embedding methods because GNNs learn
node representation by aggregating both graph structure and
content information.

• HAN achieves better performance compared to GNNs, since it
considers to aggregate information from neighbors coming from
meta-paths and calculates the attentive scores of meta-paths
where richer semantics are captured.

• Compared to HAN, the performance of KPRN has 12%, 9%, and 7%
improvement on AMiner dataset and 12%, 10%, and 9% improve-
ment on Delve dataset on average for the metrics Hit, NDCG, and
MRR (@K = 10), respectively. This indicates the strong capability
of the sequential modeling.

• Our proposed model IRL achieves the best performance in all
cases. Compared to KPRN, it has 14%, 21%, and 23% improvement
on AMiner dataset and 13%, 12%, and 11% improvement on Delve
dataset on average for themetrics Hit, NDCG, andMRR (@K = 10),
respectively. The reasons can be summarized as follows: (1) The
meta-path encoder can capture the sequence information from the
extracted meta-paths and the attentive scores help to discriminate
the importance of meta-paths. (2) GNN in meta-path encoder
updates the node embeddings to improve the performance by
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Table 2: Performance comparisons of all methods on AMiner dataset.

A-A A-P
Hit@K NDCG@K MRR@K Hit@K NDCG@K MRR@KModel

3 5 10 3 5 10 3 5 10 3 5 10 3 5 10 3 5 10
DW .3770 .4307 .5117 .3030 .3254 .3519 .2775 .2901 .3012 .5488 .7012 .8047 .4339 .4966 .5299 .3942 .4290 .4426
N2Vec .3320 .4180 .5166 .2686 .3036 .3358 .2467 .2659 .2795 .5156 .6641 .7832 .4127 .4743 .5135 .3770 .4114 .4281
MP2Vec .4336 .4932 .5244 .3605 .3852 .3959 .3351 .3489 .3537 .5469 .6992 .8105 .4251 .4877 .5238 .3831 .4177 .4327
GSAGE .4150 .5508 .7109 .3376 .3937 .4456 .3109 .3421 .3636 .5098 .6445 .7871 .4152 .4713 .5183 .3825 .4140 .4340
GCN .4678 .5664 .6933 .3922 .4325 .4734 .3660 .3882 .4050 .5195 .6582 .7793 .4131 .4703 .5099 .3763 .4080 .4247
GAT .4346 .5391 .6729 .3588 .4021 .4457 .3325 .3568 .3749 .5391 .6621 .7773 .4339 .4849 .5225 .3975 .4260 .4416
HAN .5371 .5898 .6348 .4491 .4709 .4856 .4186 .4308 .4369 .5684 .6406 .7324 .4639 .4639 .5231 .4277 .4440 .4562
KPRN .6563 .7051 .7617 .5775 .5976 .6156 .5501 .5613 .5686 .5801 .7578 .8496 .4598 .5334 .5642 .4183 .4593 .4727
IRL .7969 .8594 .9297 .7057 .7313 .7538 .6745 .6885 .6977 .8614 .9158 .9565 .7985 .8207 .8343 .7767 .7889 .7948

Table 3: Performance comparisons of all methods on Delve dataset.

A-A A-P
Hit@K NDCG@K MRR@K Hit@K NDCG@K MRR@KModel

3 5 10 3 5 10 3 5 10 3 5 10 3 5 10 3 5 10
DW .2516 .3464 .5031 .1921 .2308 .2818 .1716 .1929 .2142 .3059 .4015 .5422 .2383 .2777 .3231 .2150 .2369 .2556
N2Vec .2844 .3771 .5198 .2144 .2528 .2986 .1904 .2117 .2305 .3572 .4476 .5654 .2881 .3253 .3634 .2642 .2849 .3006
MP2Vec .2573 .3521 .4891 .1930 .2320 .2764 .1710 .1926 .2110 .3039 .3913 .5117 .2402 .2762 .3151 .2183 .2382 .2542
GSAGE .2341 .3238 .4744 .1773 .2143 .2626 .1579 .1785 .1981 .3430 .4309 .559 .2730 .3091 .3505 .2490 .2689 .2860
GCN .2854 .3901 .5323 .2156 .2584 .3044 .1916 .2152 .2342 .3456 .4374 .5617 .2768 .3146 .3548 .2531 .2741 .2907
GAT .2750 .3615 .4901 .1834 .2423 .2842 .1834 .2030 .2204 .3469 .4307 .5610 .2773 .3117 .3539 .2533 .2723 .2898
HAN .2828 .3797 .4990 .2154 .2553 .2939 .1923 .2144 .2304 .3466 .4253 .5385 .2801 .3124 .3490 .2572 .2751 .2902
KPRN .3240 .4578 .6750 .2480 .3028 .3729 .2219 .2521 .2809 .4128 .4568 .5806 .4022 .4200 .4596 .3985 .4083 .4243
IRL .6014 .7157 .8248 .4796 .5266 .5626 .4375 .4636 .4789 .4627 .5506 .6814 .4239 .4599 .5025 .4107 .4306 .4483

Table 4: The influence of different meta-paths on AMiner
A-P dataset.

Path types Hit@10 NDCD@10 MRR@10
APVP, APP, APAP 0.9750 0.8374 0.7904
APTP, APP, APAP 0.9554 0.6985 0.6135
APTP, APP, APVP 0.9391 0.7749 0.7209
APTP, APAP, APVP 0.9391 0.7749 0.7209

APTP, APAP, APVP, APP 0.9565 0.8343 0.7948
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Figure 3: Performance comparisons of different model vari-
ants on the AMiner dataset.

aggregating information from neighbors. (3) Adaptive negative
sampling can generate better representative negative paths than
uniform sampling. (4) The high quality paths generated by the
meta-path walk pruning strategy promote the model to learn
relations between nodes.

5.4 Ablation Study (RQ2)
In this section, we study the impacts of different components on
our model performance using AMiner dataset, including meta-
path walk pruning strategy, adaptive negative sampling, and self-
supervised GNN for node embeddings. In particular, we compare

performances of different model variants: (1) LSTM-based path en-
coder plus GNN-based node embedding, i.e., PE+GCN; (2) adding
the adaptive negative sampling for negative path generation based
on (1), i.e., PE+GCN+ANS; (3) adding meta-path walk pruning strat-
egy based (2), i.e., PE+GCN+ANS+Pruning. As shown in Fig. 3,
PE+GCN has the worst performance on three metrics for both tasks
while still has a great improvement over baseline models. It in-
dicates that the self-supervised GNN helps generate better node
embeddings fed into the meta-path encoder for relation learning.
PE+GCN+ANS performs better with 1% ∼ 3% improvements com-
pared to PE+GCN, which illustrates that the adaptive negative
sampling module enforces the model to learn richer semantics of
paths due to the usage of more representative negative data. As
expected, PE+GCN+ANS+Pruning, i.e., IRL, performs best since the
meta-path walk pruning strategy, which helps to release the slow
converge and gradient vanishing problems, further improves the
path quality contributing to the model to predict relations better.

In addition, we analyze the influence of the different meta-path
sets using AMiner A-P dataset. As shown in Table 4, the meta-
path “APTP” has a negative impact on model performance, i.e., Hit,
NDCG, and MRR (@K = 10), since one paper may own more than
one topics, i.e., the mixed topics, which results that one author
may not cite a paper with mixed topics. Without the meta-path
“APVP”, the Hit@10 has a small drop but NDCG@10 and MRR@10
show a large decrease. This means that the venue has a positive
influence on our model since one author prefers to cite papers
which are published in the venue with some topics, like KDD, ICCV,
etc. In addition, we find that meta-paths “APAP” and “APP” both
have positive influence on the model performance since the former
benefits from the co-author relations and the later thanks to the
citation relations, which promote the author-paper citation.
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Figure 4: The impacts of different hyper-parameters.
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Figure 5: Case study of interpreting two relation prediction
tasks using attention weights of different meta-paths.

5.5 Hyper-Parameter Analysis (RQ3)
We also analyze the effect of hyper-parameters in our model, includ-
ing the negative number in the meta-path walk pruning strategy,
i.e., Neg_NUM, the embedding size, and pruning ratio in the adap-
tive negative sampling. We can see in the left figure of Fig. 4 on
AMiner A-A dataset, when increasing the Neg_NUM to 10, three
metrics all go up and reach the maximum. But then, they drop
to the performance close to the initial ones with the increment
of negative number. As shown in the middle figure of Fig. 4 on
AMiner A-P dataset, we increase the node embedding size from
16 to 512, the performances first increase and then show decline
trend. The best performance is reached when the embedding size is
64. Additionally, we study the impact of pruning ratio in the right
figure of Fig. 4 on Delve A-A dataset. The performances are the best
when the pruning ratio is set to 0.5. After that, the performances
start to decline with further increment of the ratio value.

5.6 Case Study (RQ4)
To show the reasoning ability and interpret the relation prediction
result, we show several examples drawn from our model on both
A-A and A-P tasks. We randomly select some authors and their
interacted nodes, i.e., authors for A-A task and papers for A-P task.
Thenwe extract all the qualified paths connecting the author-author
pair and author-paper pair and show their sub-graphs in Fig. 5. We
have the following observations:
• In Fig. 5(a), it has four meta-path and they contribute differently to
the collaboration prediction between author Yong Yu and author

Dou Shen. The reason why Yong Yu is connected with Dou Shen
may because of the shared co-author Gui-Rong Xue with the
contribution score 0.7482. Also, when two authors publish papers
on the same venues, they have a high probability to cooperate
since they share very similar research fields. Here, the meta-
path “APVPA” have the second largest contributions, 0.2591. In
Fig. 5(b), the meta-paths “APPA” and “APVPA” have the two
largest contributions for the collaboration prediction between
the author pair Bernhard Pfahringer and Ricard Gavaldà. Note
that the meta-path “APPA” has the largest contribution since the
citation relation increase the probability that they cooperate with
each other.

• As shown in Fig. 5(c), the meta-path “APP” contributes the most
since the author Chiara Ghidini is likely to cite the papers which
have cited her previous published papers when she continually
focuses on the same research field. In Fig. 5(d), the meta-paths
“APVP” and “APAP” have the top-2 contributions, i.e., 0.7211 and
0.2741, for citation relation prediction between the author Piotr
Faliszewski and the paper cf0f. On one hand, Piotr Faliszewski
prefers to citing papers which have same or similar research
topics with his research. One the other hand, Piotr Faliszewski is
likely to cite his co-author’s papers since they share the similar
research topics.

6 CONCLUSION
In this paper, we propose the problem of interpretable relation learn-
ing on heterogeneous graphs and develop a novel model called IRL
to solve the problem. IRL models the composite relations between
nodes through a meta-path encoder with recurrent neural network.
We employ self-supervised GNN to capture graph structure for
generating node embeddings in meta-path encoder. Additionally,
we introduce a meta-path walk pruning strategy and an adaptive
negative sampling to further improve model. Extensive experiments
on two datasets, AMiner and Delve, demonstrate that our model
not only achieves better performance compared to many baselines,
but also interprets why node pairs are linked by discriminating
the weights of different meta-paths using attention scores. In the
future, we would like to use the reinforcement learning technique
to model the sequential dependency between nodes and further
improve interpretable relation prediction performance.
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