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Abstract

Relation prediction for knowledge graphs aims at predicting
missing relationships between entities. Despite the impor-
tance of inductive relation prediction, most previous works
are limited to a transductive setting and cannot process previ-
ously unseen entities. The recent proposed subgraph-based
relation reasoning models provided alternatives to predict
links from the subgraph structure surrounding a candidate
triplet inductively. However, we observe that these meth-
ods often neglect the directed nature of the extracted sub-
graph and weaken the role of relation information in the sub-
graph modeling. As a result, they fail to effectively handle
the asymmetric/anti-symmetric triplets and produce insuffi-
cient embeddings for the target triplets. To this end, we intro-
duce a Communicative Message Passing neural network for
Inductive reLation rEasoning, CoOMPILE, that reasons over
local directed subgraph structures and has a vigorous induc-
tive bias to process entity-independent semantic relations. In
contrast to existing models, COMPILE strengthens the mes-
sage interactions between edges and entitles through a com-
municative kernel and enables a sufficient flow of relation
information. Moreover, we demonstrate that COMPILE can
naturally handle asymmetric/anti-symmetric relations with-
out the need for explosively increasing the number of model
parameters by extracting the directed enclosing subgraphs.
Extensive experiments show substantial performance gains
in comparison to state-of-the-art methods on commonly used
benchmark datasets with variant inductive settings.

Introduction

Knowledge graphs (KGs) are collections of factual infor-
mation represented in the form of relational triplets. Each
relation triplet can be organized as (h,r,t) where h and ¢
represents the head and tail entities and r is the relation be-
tween h and t. KGs have played a critical role across va-
riety of tasks like Question Answering (Zhang et al. 2017)
, Semantic Search (Xiong, Power, and Callan 2017), Dia-
logue Generation (He et al. 2017) and many more. How-
ever, because of the limitations of human knowledge and
extraction algorithms, they tend to suffer from incomplete-
ness, that is, absent links in the KGs. Numerous methods
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have been developed to fulfill the gap between KGs and real-
world knowledge, which are referred as link prediction or
knowledge graph completion tasks. After condensing enti-
ties and relations into a low-dimensional vector space, these
models predict missing facts by operating the entity and re-
lation embeddings.

Despite the impressiveness of model performance, most
of KG embeddings methods inherently assume a fixed set of
entities in the graph and ignore the evolving nature of KGs.
In fact, many real-world KGs are ever-evolving (Trivedi
et al. 2017), with novel entities being added over time e.g.,
new users in social media platforms or new molecules in
biomedical knowledge graphs. As these entities were un-
known to the model during training, the model does not ob-
tain their embeddings, and hence have no means to infer the
relations for these entities. Thus, the ability to make predic-
tions on new entities avoiding costly re-training from scratch
is desirable for production-ready machine learning models.

Some efforts have been made to obtain the inductive em-
beddings for new entities using external resources (Wang
et al. 2014; Xie et al. 2016b; Zhong et al. 2015). Although
these approaches may be useful, they required extra com-
putation over massive resources, which are time-consuming
and may not always be feasible. An alternative is to induce
probabilistic logic rules by enumerating statistical regulari-
ties and patterns embedded in the knowledge graph (Meil-
icke et al. 2018; Yang, Yang, and Cohen 2017), which is
entity-independent and hence inherently inductive. How-
ever, these methods suffer from scalability issues and are
less expressive due to their rule-based nature.

Taking inspiration from the success of graph neural net-
works (GNNGs) in graph data modeling, extensive studies ap-
plied GNNss to learn the embeddings for KGs (Schlichtkrull
et al. 2018; Shang et al. 2019; Nathani et al. 2019), among
which most of them were adopted in transductive settings.
By extending a subgraph-based link prediction method that
performs in the basic network (Zhang and Chen 2018), re-
cent work GrallL (Teru, Denis, and Hamilton 2020) shed
light on the evolution issue for KG. The basic strategy be-
hind GralL can be split into three steps: (i) extracting the
enclosing subgraph surrounding the target triplets, (ii) anno-
tating the relative position of each entity in the extracted sub-
graph, and (iii) scoring the annotated subgraph with a GNN.
It can be beneficial to the inference of entirely novel entities



that not be surrounded by known nodes, and there is no need
of the domain-related initial embedding of these emerging
entities. The experimental results of applying GralLL demon-
strate the feasibility of utilizing a subgraph-based model on
inductive reasoning in the context of KGs.

One drawback of GralL is that it ignores the direction-
ality nature of the KG when extracting the enclosing sub-
graph for the target triplet. Although the direction is nomi-
nally preserved during message passing by aggregating the
incoming information for an entity, the subsequent symmet-
ric scoring function make it incapable of effectively han-
dling binary relationships in KGs, especially for asymmetric
(e.g., nominatedfor) and anti-symmetric relations (e.g., fili-
ation). Moreover, the adopted vertex-based message passing
network (Xu et al. 2018) weakens the role of relation embed-
dings, which violates the nature of the inductive relation rea-
soning because inductive setting is entity-independent and
relies on the relation information to conduct inference.

Based on the above observations, we propose a novel
Communicative Message Passing neural networks for In-
ductive reLation rEasoning (CoMPILE). In CoMPILE, we
first extract directed enclosing subgraph for each triplet in-
stead of an undirected one. A communicative message pass-
ing network framework is then extended to strengthen the
information interactions between entities and relations while
update both the edge and entity embeddings simultaneously.
We also apply an edge-aware attention mechanism to aggre-
gate the local neighborhood features and gather the global
entity information to enrich the entity/relation representa-
tion. In contrast to previous efforts (Nickel, Rosasco, and
Poggio 2015) that require an explosion of the number of pa-
rameters to handle binary relations, our model is naturally
capable of dealing with asymmetric and anti-symmetric re-
lations by communicative message passing within directed
subgraphs, without the unnecessary explosive increase of the
number of parameters.

In brief, the main contributions are listed below:

¢ Introducing a competitive inductive knowledge graph em-
bedding model, COMPILE, that fits the directional nature
of knowledge graph and can naturally deal with asymmet-
ric and anti-symmetric relations.

* Introducing a novel node-edge communicative message
passing mechanism to strengthen the role of relation in-
formation in the subgraph and fit the nature of the induc-
tive setting.

e Evaluating CoMPILE and several previously proposed
models on three inductive datasets: our model achieves
state-of-the-art AUC-PR and Hits@10 across most of
them. We also extract new inductive datasets by filtering
out the triplets that have no enclosing subgraph to evalu-
ate the inductive relation reasoning more accurately.

Related Work
Transductive Relation Prediction

Representation learning on KGs has been an active research
area due to the wide applications of the resultant entity
and relation embeddings. Typical KG embedding models
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Figure 1: Comparisons of different subgraph extraction
strategies. The left one is the undirected subgraph that con-
siders all the h-hop neighbors of both the target head and
tail. The subgraph on the right refer to the enclosing sub-
graph that only considers the h-hop common neighbors of
target head and target tail.

include TransE (Bordes et al. 2013), Distmult (Yang et al.
2014), ComplEx (Trouillon et al. 2017), ConvE (Dettmers
et al. 2017), to name a few. While these kinds of methods
process each triplet independently without the considera-
tion of semantic and structure information embedded in rich
neighborhoods. Recently, GNNs have been used to capture
global structural information inherently stored in KGs and
have been shown to achieve state-of-the-art performance on
a variety of datasets (Schlichtkrull et al. 2018; Shang et al.
2019; Nathani et al. 2019). However, the above approaches
on KG embedding mostly work in transductive settings.

Inductive Relation Prediction

One research line of inductive representation learning is to
introduce additional attributes such as description text or im-
ages to embed unseen entities (Xie et al. 2016b,a; Shi and
Weninger 2017). Although the resultant embeddings can be
utilized for KG completion, these methods heavily relied
on the presence of external resources which is not present
in many KGs. To relieve this issue, several inductive KG
embedding models (Hamaguchi et al. 2017; Wang et al.
2019) are proposed to aggregate the information of exist-
ing neighbors of an emerging entity with graph neural net-
works. However, both of these approaches demand the new
nodes to be surrounded by known nodes and cannot handle
entirely new graphs.

Another research line is rule-based approaches that use
observed co-occurrences of frequent patterns in the knowl-
edge graph to recognize logical rules (Galarraga et al. 2015).
They are inherently inductive since the logical-rules are in-
dependent of entities, but these approaches suffer from scal-
ability issues and lack expressive power due to their rule-
based nature. Inspired by these statistical rule-induction ap-



proaches, several differentiable rule learners including Neu-
ralLP (Yang, Yang, and Cohen 2017), RuleN (Meilicke et al.
2018), and DRUM (Sadeghian et al. 2019) are proposed to
learn the logical rules as well as confidence scores from KGs
in an end-to-end paradigm. However, they did not take ac-
count of the neighbor structure surrounding the predicted re-
lations, hence is not expressive enough when the paths be-
tween head and tail entities are sparse. This set of methods,
together with GralL (Teru, Denis, and Hamilton 2020) con-
stitute our baselines.

CoMPILE
Denotations and Task Definition

A target triplet in the knowledge graph is denoted as (s, r,t)
where s, r, and t refers to the head entity, relation, and
tail entity, respectively. Inductive relation reasoning aims to
score the plausibility of target triplet (hr,r,tr) , where
the representations of hp and ¢r are not available during
prediction. In this work, we use an enclosing directed sub-
graph to represent the target triplet (hr, rr, t1). The enclos-
ing subgraph between the target head and tail is denoted as
G = (V,E) where V and E € V x V denotes the set of
nodes and observed edges in the subgraph G, respectively.
We use NN, to represent the number of edges in the subgraph.
The embeddings of nodes is denoted as N € RV»*d» where
N, is the number of the nodes in the subgraph. The rela-
tion embedding is denoted as R € RN~*4 (N,. is the num-
ber of relations), which is parameterized as a learnable ma-
trix updated by gradient descent and is shared across train
and test graphs. We define the head-to-edge, relation-to-
edge, and tail-to-edge adjacency matrix as AP € RN»xNe,
A"e € RV-xNe ‘and Ate ¢ RVN»*Ne which maps the tail,
relation, and head to the corresponding edge, respectively.
The values in the adjacency matrices are either O or 1 where
0 denotes no connections.

Directed Subgraph Extraction

In this section, we illustrate the procedure to extract the di-
rected enclosing subgraph. Different from GralL (Teru, De-
nis, and Hamilton 2020) that extracts undirected enclosing
subgraph between the target head and tail which ignores the
direction of the target triplet, inspired by the mechanism that
human uses to infer logical rules, we demonstrate the superi-
ority of directed enclosing subgraph. A triplet has direction,
representing the relation from head to tail. Considering two
triplets (hp,rr,tr) and (t7, 77, hr), if we use undirected
enclosing subgraph, then the predictions are likely to be very
close for these two triplets because the enclosing subgraphs
are the same. However, only one of them is true if the re-
lation 77 is asymmetric. Therefore, we need to use directed
enclosing subgraph to handle these kinds of relation more
effectively. Moreover, by this means, we can solve the direc-
tion problem in KGs without increasing the model complex-
ity (the time complexity even decreases since the directed
enclosing subgraph is obtained by pruning the undirected
enclosing subgraph, as shown in Fig. 1).

The enclosing subgraph is restricted by the hop number £,
and h+1 is the maximum distance from target head to target
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tail. To extract the h-hop directed enclosing subgraph, we
first introduce the incoming neighbors and outgoing neigh-
bors. Given a triplet (s, r, t), we define s as the 1-hop incom-
ing neighbor of ¢, and ¢ as the 1-hop outgoing neighbor of s,
and h-hop incoming/outgoing neighbors vice verse. Firstly,
we extract h-hop outgoing neighbors of target head and the
h-hop incoming neighbors of target tail. Then we extract the
1-hop incoming neighbor of target tail. If the ~-hop outgoing
neighbors of target head and the 1-hop incoming neighbor of
target tail have common entities, then the directed subgraph
between target head and tail is existed. Afterwards, We find
the common entities (nodes) of h-hop outgoing neighbors of
target head and the h-hop incoming neighbor of target tail (if
target head or tail are not in the common entities, we need
to add them into common entities). Finally we add the edges
(triplets) whose head and tail both belong to the common
entities to construct the subgraph. By this means, the maxi-
mum distance from target head to tail would become h + 1
even though we only extract h-hop neighbors of them.

Node/Edge Embedding Initialization

Since the entities are unseen, we need to define an entity-
independent embedding for each entity (node) in the sub-
graph. Similar to GralL (Teru, Denis, and Hamilton 2020),
we initialize the node embedding by the distances to the tar-
get head and target tail to capture the relative position of
each node in the subgraph. The node embedding for node ¢
is defined as IN; = one-hot(d},;) @ one-hot(d;;) € R?(+2)
where dp; denotes the minimum distance from the target
head to node 7, and d;; denotes the minimum distance from
the node ¢ to target tail (note that the distance definition
here also meets the ‘directed’ requirement). For edge 1,
i.e. (hi,r,t;), the initialized edge embedding is defined as
E;, =N, ® R, ® N;, € R{h+2)+d,

Directed Subgraph Modeling

The message passing model in GralLL (Teru, Denis, and
Hamilton 2020) is a simple R-GCN (Schlichtkrull et al.
2018) with edge attention, which ignores separately mod-
eling edge embedding and ignores the bidirectional commu-
nication between edges and nodes. Moreover, GralL uses a
node-to-node message passing mechanism where the rela-
tion information is only used for computing the weights for
the neighboring nodes. However, the inductive relation rea-
soning should be entity-free (i.e., node-free in the subgraph
case), where relation plays a dominant role while the enti-
ties cannot provide deterministic information during infer-
ence. Thus, the node-to-node message passing mechanism
in Grail weakens the role of relations and violates the na-
ture of the inductive knowledge graph. To this end, we de-
sign a brand new message passing architecture to model the
inductive enclosing subgraph by iteratively communicating
and enhancing the edge and node embeddings (see Fig. 2).
Since the edge information is mainly provided by the corre-
sponding relation, the nodes can learn to better aggregate the
relation information in the subgraph during the node-edge
interactions, such that the model can learn to infer the rela-
tions between the target head and tail based on the relation
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Figure 2: Comparison of Message Passing Mechanism in
GralL and Our Model. ‘MP’ in the figure denotes ‘message
passing’, and the left and right figure refers to the message
passing mechanism in GralL. and our model, respectively.
Our method explicitly models edge embedding to strengthen
the flow of the relation information and bidirectionally com-
municate the nodes and edges.

information presented in the subgraph.

Our node-edge interaction mechanism is inspired by
CMPNN (Song et al. 2020). Nevertheless, during the node-
edge interactions of CMPNN, the representation of each
edge is updated by the head node embedding and its in-
verse edge (which is not available in our task), but neglecting
the tail node embedding and the relation embedding. In our
framework, we introduce a new node-edge communication
mechanism that considers both head, relation, and tail to up-
date the edge embedding. We describe our message passing
model in detail in the following sections.

Firstly, the node and edge representations are mapped to
the same dimensionality d using the following equations (d
is also the dimensionality of the relation embedding):

N’ = fi(NW,)), E° = fi(EW) M
where f1 denotes the nonlinear activation function to in-
crease the nonlinear expressive power of the model, W €
R2(h+2)xd and WO ¢ RUA+2)+d)xd yre the learnable
parametric matrix, N° € RN»*4 and E® € RNe*? is the
transformed node and edge embedding, respectively.

Node Embedding Updating: The node embedding is up-
dated for totally [ iterations. At each iteration (we take iter-
ation k as an example in the following equations), edge em-
bedding is required for updating the node embedding in our
node-edge interaction mechanism. Firstly, to highlight the
edges that are highly related to the target triplet, we design
an enhanced edge attention. In the edge attention of GralLL
(Teru, Denis, and Hamilton 2020), only target relation is uti-
lized for predicting the importance of edges. In contrast, we
utilize all the target head, target relation, and target tail to
highlight the edges that have a close connection to the tar-
get triplet, which is more comprehensive. We use the whole
triplet to conduct attention because the nodes can aggregate
the relation information during node-edge interactions and
thereby the updated node embeddings are also informative.
For edge ¢ (1 < 7 < N,.), the equations for the enhanced
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edge attention are presented as follows:
al' = (N4 R, - N Y o(Ny 4 R, —NET

2)

ot = o(fula] W W) 3)

EF e — gb1 gt (4)

where Ei(kfl)” is the attentive embedding for edge i, a* !

is a scalar that represents the weight for edge 7, & denotes
feature concatenation, IV ;fT_ 'Y R,.—N, tkT_ ! denotes the em-
bedding for target triplet, and we use N ,’fi_l +R,, — Nf’j -1
to denote edge ¢ so as to be consistent with the representation
of the target triplet.

Then we use the attentive edge embedding to update the
node representation:

Nk = Ategt—e Q)
Nk:fl((Nfgg—’_Nk_l)Wr]:) (6)

where Nfgg denotes the node aggregation information,

W} € R4 represents the parametric matrix for node em-
bedding at iteration k, E(*~1a is the attentive edge embed-
ding, A% is the tail-to-edge adjacency matrix that connects
each edge to its tail. Note that to preserve the directed na-
ture of our model, for an edge (h;,r;,1;), its embedding is
only used to update the tail ¢; but not h;. Coupling with the
directed subgraph, it ensures that the information only flows
from target head to target tail and the reverse flow is for-
bidden. By using the edge embedding to update node em-
bedding, the target tail embedding can aggregate all the re-
lations along with their relative positions occurred from the
target head to target tail in the subgraph (the relative posi-
tions are provided by the node embedding), which provides
powerful relational inference ability.

In the last iteration of the node embedding updating, sim-
ilar to CMPNN (Song et al. 2020), we use a multi-layer per-
ception network followed by a Gated Recurrent Unit (GRU)
(Cho et al. 2014) to replace Eq. 6 to increase the expressive
power of the network, as shown in the following equations:

N' = CommunicationMLP( N, (llgg

e N-teaNY )

N' = GRU(N") )

where CommunicationMLP is the multi-layer perception
network that communicates the node aggregation informa-
tion N, . node embedding N'~!, and the original trans-
formed node embedding N© (we add IN? to perform resid-
ual learning (He et al. 2016)). Note that GRUs requires the
inputs to be ordered, while our node embeddings are inher-
ently partly ordered since the nodes are arranged according
to the distance to target head in the ascending order.

Edge Embedding Updating: The edge embedding is up-
dated for totally [ — 1 iterations. To update the edge embed-
ding, node embedding is required in our node-edge interac-
tion mechanism. We define inverse mappings from node to
edge and relation to edge, which are denoted as:

Ek (Ahe)TNk + (A'r-e)TR _ (Ate)TNk

agg —

©))



where T' denotes matrix transpose, 4 Ahe)T NF aggregates
the head information to edge, (A™¢)* R aggregates the rela-
tion information to edge, and (Ate)TN k aggregates the tail
information to edge. The definition of edge aggregation in-
formation Efjg ¢ in Eq. 9 meets the directed requirement and
is consistent across the model. Then we use the aggregation
information to update edge representation:

E¥ = f{(E*" + fo(EL,)) (10)

b= £ (E¥YWF + E°) (11)
where f; and f5 denotes nonlinear activation function to in-
crease the nonlinear modeling capacity of the model. We add
the E° to update the edge embedding in Eq. 11 to perform
residual learning. Edge dropout is also performed on E*.

Scoring Function Definition: GralLL designed an asym-
metric scoring function for subgraph inductive learning by
concatenating four related vectors:

S=W(h,aohl, oh. de,.,) (12)

where hl, denotes the subgraph representation, hﬁLT and hiT
denote the hidden vectors of head and tail entities, e, is a
learned embedding of the target relation. This scoring func-
tion is symmetric as both the relation embedding and sub-
graph embedding are undirected. To alleviate this problem,
we adopt the idea of TransE (Bordes et al. 2013) to design
the scoring function so as to preserve directed nature of our
model as well as to be consistent with the definition of the
edge information. The scoring function is defined as:

S = fo(N}, + R, — N} ) (13)

where N} . R. . and IN/_ denotes the final representation
of target head target relation, and target tail, respectively.
We than use a two-layer fully-connected network on S to

infer the score of the target triplet (hr, 77, tT).

Experiments

In our experiments, we aim to answer the following ques-
tions: 1) Does our CoMPILE outperforms state-of-the-art
methods on the commonly used datasets? 2) Does our pro-
posed message passing network better than the RGCN +
edge attention in GralL? 3) Does the directed subgraph out-
perform the undirected one? 4) What are the importance of
the components in COMPILE? 5) Can CoMPILE deals with
asymmetric relations better than the other methods?

Datasets

WNI18RR (Dettmers et al. 2017), FB15k-237 (Toutanova
et al. 2015), and Nell-995 (Xiong, Hoang, and Wang 2017)
are commonly used datasets that are originally developed for
transductive relation prediction. Teru et al. (Teru, Denis, and
Hamilton 2020) extracts four versions of inductive datasets
for each dataset. Each inductive dataset constitutes of train
and test graphs, where the test graph contains entities that are
not presented in train graph. The subgraph for each triplet is
extracted from the train or test graph.

Our Post-processed Datasets: In our experiment, we
found that the inductive datasets constructed by GralL (Teru,
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Denis, and Hamilton 2020) have many empty-subgraph
triplets (no valid edge exists in the enclosing subgraph of
target head and tail under hop h), especially for WN18RR.
Moreover, since in Grall, the negative triplets are ran-
domly sampled, leading to a significant number of empty-
subgraphs in negative triplets. This results in inaccurate eval-
uation of the performance, for the reason that under the sub-
graph reasoning structure, it is almost impossible to infer
the relation between two entities if there are no valid edges
in the subgraph (these triplets also cannot work in rule-based
structures such as RuleN (Meilicke et al. 2018)).

Therefore, we construct new inductive datasets by filter-
ing out the triplets in the original inductive datasets that have
no subgraph under hop % and constructing negative triplets
that have subgraphs between the fake target head and fake
target tail. Specifically, we extract three versions of induc-
tive datasets each for FB15k-237 and NELL-995 datasets.
Since there are no enough non-empty negative triplets for
each positive triplet to perform Hits@ 10 experiment in the
original inductive WN18RR datasets, we only extract the in-
ductive datasets for NELL-995 and FB15k-237. The statis-
tics of the datasets is shown in Appendix. Note that the sub-
graph here refers to undirected enclosing subgraph extracted
in GralL. An undirected subgraph is existed for two entities
does not necessarily means that a directed subgraph is ex-
isted. If a directed subgraph does not existed, we will extract
the undirected subgraph for these two entities.

Experimental Details

To be consistent with the prior methods, we use AUC-PR
and Hits @10 to evaluate the models. Similar to GralL (Teru,
Denis, and Hamilton 2020), to compute AUC-PR, we sam-
ple one negative triplet for each test triplet and evaluate
which triplet has larger score. For Hits@ 10, we compare the
true triplet with the sampled negative triplets in terms of the
scores, to see whether the true triplet can rank the top 10.
The negative triplets are obtained by replacing the head or
tail of the test triplets with other entities. For the original in-
ductive datasets, the negative triplets are randomly sampled
and do not consider whether they have enclosing subgraph.
For our extracted inductive datasets, we ensure that the neg-
ative triplets can also have an enclosing subgraph.

We implement our model on Pytorch. We use Adam
(Kingma and Ba 2015) as optimizer with learning rate be-
ing 0.001. The hop number h is set to 3 which is con-
sistent with GralL. We train the model for four times and
average the testing results to obtain the final performance.
The number of iterations [ is set to 3. For more details,
please refer to our codes at: https://github.com/TmacMai/
CoMPILE _Inductive_Knowledge_Graph.

We evaluate our model with the following base-
lines: Neural-LP (Yang, Yang, and Cohen 2017), DRUM
(Sadeghian et al. 2019), RuleN (Meilicke et al. 2018), and
GralL (Teru, Denis, and Hamilton 2020). For the detailed
introduction of these methods, please refer to the introduc-
tion and related work sections.



WNI18RR FB15k-237 NELL-995
Methods vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4
Neural-LP | 86.02 | 83.78 | 62.90 | 82.06 | 69.64 | 76.55 | 73.95 | 75.74 | 64.66 | 83.61 | 87.58 | 85.69
DRUM 86.02 | 84.05 | 63.20 | 82.06 | 69.71 | 76.44 | 74.03 | 76.20 | 59.86 | 83.99 | 87.71 | 85.94
RuleN 90.26 | 89.01 | 76.46 | 85.75 | 75.24 | 88.70 | 91.24 | 91.79 | 84.99 | 88.40 | 87.20 | 80.52
GralL 94.32 | 94.18 | 85.80 | 92.72 | 84.69 | 90.57 | 91.68 | 94.46 | 86.05 | 92.62 | 93.34 | 87.50
CoMPILE | 98.23 | 99.56 | 93.60 | 99.80 | 85.50 | 91.68 | 93.12 | 94.90 | 80.16 | 95.88 | 96.08 | 85.48

Table 1: Compared with Baselines on the Original Inductive Datasets (AUC-PR). The best performance is highlighted.

WN18RR FB15k-237 NELL-995
Methods vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4
Neural-LP | 74.37 | 68.93 | 46.18 | 67.13 | 5292 | 58.94 | 52.90 | 55.88 | 40.78 | 78.73 | 82.71 | 80.58
DRUM 7437 | 6893 | 46.18 | 67.13 | 52.92 | 58.73 | 52.90 | 55.88 | 19.42 | 78.55 | 82.71 | 80.58
RuleN 80.85 | 78.23 | 53.39 | 71.59 | 49.76 | 77.82 | 87.69 | 85.60 | 53.50 | 81.75 | 77.26 | 61.35
GralL 82.45 | 78.68 | 58.43 | 73.41 | 64.15 | 81.80 | 82.83 | 89.29 | 59.50 | 93.25 | 91.41 | 73.19
CoMPILE | 83.60 | 79.82 | 60.69 | 75.49 | 67.64 | 82.98 | 84.67 | 87.44 | 58.38 | 93.87 | 92.77 | 75.19

Table 2: Compared with Baselines on the Original Inductive Datasets (Hits@ 10).

Results and Discussions

Compare with Baselines on Original Inductive Datasets
In this section, we compare our proposed message pass-
ing network with other baselines on the original inductive
datasets proposed by GralL. Note that this experiment is per-
formed to evaluate the effectiveness of our node-edge mes-
sage passing network, and the other settings such as the en-
closing subgraph, loss function, and node embedding ini-
tialization are the same as those in GralL. As presented in
Table 1 and Table 2, our CoMPILE demonstrates improve-
ment on the majority of the original inductive datasets in
terms of both the AUC-PR and Hits@ 10 evaluation metrics.
Specifically, the improvement is significant on the AUC-PR
for WN18RR inductive datasets, on which our CoMPILE
outperforms SOTA method GralL by a large margin. The
results indicate that the proposed message passing network
shows marked improvement over the R-GCN with attention
in GralL, which highlights the necessity of the bidirectional
communication between the node and edge embeddings as
well as the effectiveness of strengthening the role of relation
information in the subgraph modeling.

Compare with Baseline on Our Inductive Datasets As
demonstrated in the Dataset section, the original inductive
dataset contains empty-subgraph triplets under hop h which
leads to inaccurate evaluation of the performance. There-
fore, we further evaluate CoMPILE on our post-processed
inductive datasets that have filtered out the empty-subgraph
triplets. For comparison, we implement and evaluate the
R-GCN with edge attention which is the message passing
method in GralL, and the results are presented in Table 3.
Note that the enclosing subgraphs are directed in both the
models. As shown in Table 3, CoMPILE still performs better
than the GralLL on the majority of evaluation metrics in our
extracted inductive datasets, which further suggests the su-
periority of the message passing method in CoMPILE. For
model complexity, the results suggest that our COMPLIE
has a total number of 35,969 parameters, while the num-
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ber of parameters of GralL is 29,264. CoMPILE has slightly
more parameters than GralL, mainly because we model both
the edge and node embeddings to enhance the flow of rela-
tion information in our CoMPILE.

Directed Subgraph vs. Undirected Subgraph In this
section, we investigate whether the performance has im-
proved when the undirected enclosing subgraph is replaced
by the directed one. From the results in Table 4 we can infer
that the version of CoMPILE with directed subgraph signifi-
cantly outperforms the version of CoMPILE with undirected
subgraph almost in all the inductive datasets and evaluation
metrics, demonstrating the necessity of effectively handling
the direction problem in knowledge graph. This is in line
with our expectations as both the FB15k-237 and NELL-
995 contain a significant number of asymmetric and anti-
symmetric relations (Wang et al. 2018). It is also worth men-
tioning that dealing with the directed subgraph is more effi-
cient in terms of the time complexity, for the reason that
the directed subgraph can be viewed as the cropped version
of the undirected one. Although being more efficient, our
directed subgraph still outperforms undirected subgraph in
terms of AUC-PR and Hits@ 10 metrics, indicting that a di-
rected subgraph is a better choice to infer the relation be-
tween two unseen entities.

Ablation Studies We perform ablation studies to investi-
gate the contributions of different components in our archi-
tecture. For the enhanced edge attention, we remove it from
our model to analyze its contribution (see the case of ‘W/O
EEA’ in Table 5). Moreover, we compare our enhanced edge
attention with the edge attention in GrallL which only uses
the target relation to conduct attention (see the case of ‘Edge
Attention’). Furthermore, we investigate whether the updat-
ing of the edge embedding gives rise to the overall perfor-
mance (see the case of ‘W/O EEU’). Additionally, we also
remove the relation information in the edge embedding up-
dating to analyze the importance of relation information (see
the case of ‘W/O Relation in EEU’, and Eq. 9 will become



FB15k-237 NELL-995
vl v2 v3 vl v2 v3
AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10
GralL 78.84 61.25 80.76 64.93 82.25 68.13 68.47 58.63 84.07 76.52 81.42 75.12
CoMPILE 78.06 63.96 81.09 68.17 83.21 71.67 68.13 61.38 85.67 76.11 82.88 76.83
Table 3: Compared with Baselines on Our Extracted Inductive Datasets.
FB15k-237 NELL-995
vl v2 v3 vl v2 v3
AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10 | AUC-PR | Hits@10
Undirected 77.80 59.79 80.89 65.98 81.45 68.82 63.25 58.88 79.33 68.92 83.73 76.66
Directed 78.06 63.96 81.09 68.17 83.21 71.67 68.13 61.38 85.67 76.11 82.88 76.83
Table 4: Compared between the Undirected and Directed Subgraphs on CoMPILE.
vi V2 the undirected enclosing subgraph, we select five relations
AUC-PR | Hits@10 | AUC-PR | Hits@10 that tric t luat CoMPILE and GralL
WIO EEA 7579 6135 7996 6716 at are asymmetric to evaluate our Co E and GralL.
Edge Attention 77.07 61.04 78.53 66.46 We use two negative triplets sampling strategies, where the
W/O EEU 76.69 60.63 79.64 62.44 first one is the standard operation that replaces the head or
W/O Relation in EEU | 77.74 60.73 79.25 62.60 tail of the true triplets with other entities, and the second one
CoMPILE 78.06 63.96 81.09 68.17

Table 5: Ablation Studies on Inductive FB15k-237 datasets.
The ‘EEA’ and ‘EEU’ refers to Enhanced Edge Attention
and Edge Embedding Updating, respectively.

Ef,, = (A")TN¥ — (A*)TN* in such circumstance).

From Table 5 we find that CoMPILE significantly outper-
forms the version of COMPILE whose enhanced edge atten-
tion is removed, demonstrating the effectiveness of our en-
hanced edge attention. Specifically, enhanced edge attention
yields over 2% improvement on both AUC-PR and Hits@ 10
metrics of the inductive FB15k-237-v1 dataset. In contrast,
the improvement of the edge attention in GralL is relatively
small, and even the model without attention outperforms
the model with edge attention on inductive FB15k-237-v2
dataset. These results suggest that it is of great significance
to consider all the information in target triplet to determine
which edges are considered to be important.

From the result of “W/O EEU’ in Table 5, we can notice
that the performance drops significantly on all the evalua-
tion metrics when the edge embedding updating component
is removed. Compared to completely removing the edge em-
bedding updating module, removing the relation information
in the edge embedding updating only yields slight improve-
ment and is still clearly weaker than the case that the re-
lation information is presented. These results demonstrate
that the edge embedding updating module is a critical com-
ponent that contributes to the marked improvement of our
CoMPILE, and the relation information plays a very impor-
tant role in the edge embedding updating. It further proves
our claim that the relation is critical in inductive setting and
highlights the necessity of strengthening the flow of relation
information in the subgraph modeling.

Case Study for Asymmetric Relations To demonstrate
that our model can naturally handle asymmetric/anti-
symmetric relations to some extent (by using the specific
scoring function and edge definition, etc) even provided with

4300

is to exchange the head and tail of the test triplets. The re-
sults are presented in Table 6. Interestingly, we observe that
the AUC scores of COMPILE have no significant difference
in this two negative triplets sampling strategies, indicating
that CoMPILE can effectively distinguish the false triplet
(t,r, h) from the true triplet (h,r,t). In contrast, the perfor-
mance of GralL drops significantly when the sample strat-
egy changes to the second one, which suggests that it cannot
well distinguish these two triplets, mainly for the reason that
the GralLL does not well handle the direction problem in KG.

CoMPILE GralL
Standard | Exchanging h&t | Standard | Exchanging hé&t
AUC 67.11 67.11 61.78 52.89
AUC-PR 63.75 61.53 64.44 56.17

Table 6: Case Study for Asymmetric Relations in Inductive
FB15k-237-v1 dataset. ‘Standard’ denotes standard opera-
tion to sample negative triplets, and ‘Exchanging hé&t’ de-
notes obtaining negative triplets by exchanging the head and
tail of the test triplets.

Conclusions

We propose CoMPILE, a directed subgraph reasoning
method for inductive relation prediction. We propose to use
directed subgraph to infer the relation of two unseen enti-
ties which can handle asymmetric relations. Then we intro-
duce a new message passing model that brings in the idea
of enhanced edge attention and edge-node interactions to
learn better node and edge embeddings and strengthen the
role of relation information. Finally, we extract new induc-
tive datasets by filtering out the triples that have no sub-
graph so as to evaluate each method more accurately. Exper-
iments suggest that our COMPILE achieves remarkable per-
formance and outperforms state-of-the-art methods on the
majority of evaluation metrics. In future work, we aims to
develop a relation-only message passing network that com-
pletely discards the nodes in the enclosing subgraph and in-
vestigate the performance of relation enclosing subgraph.
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