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ABSTRACT
Link prediction in simple graphs is a fundamental problem in which

new links between vertices are predicted based on the observed

structure of the graph. However, in many real-world applications,

there is need to model relationships among vertices which go be-

yond pairwise associations. For example, in a chemical reaction,

relationship among the reactants and products is inherently higher-

order. Additionally, there is need to represent the direction from

reactants to products. Hypergraphs provide a natural way to rep-

resent such complex higher-order relationships. Graph Convolu-

tional Networks (GCN) have recently emerged as a powerful deep

learning-based approach for link prediction over simple graphs.
However, their suitability for link prediction in hypergraphs is un-
derexplored – we fill this gap in this paper and propose Neural

Hyperlink Predictor (NHP). NHP adapts GCNs for link prediction

in hypergraphs. We propose two variants of NHP – NHP-U and

NHP-D – for link prediction over undirected and directed hyper-

graphs, respectively. To the best of our knowledge, NHP-D is the

first ever method for link prediction over directed hypergraphs. An

important feature of NHP is that it can also be used for hyperlinks

in which dissimilar vertices interact (e.g. acids reacting with bases).

Another attractive feature of NHP is that it can be used to predict

unseen hyperlinks at test time (inductive hyperlink prediction).

Through extensive experiments on multiple real-world datasets, we

show NHP’s effectiveness. The code is available at this link
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1 INTRODUCTION
The problem of link prediction in graphs has numerous applications

[20] in the fields of social network analysis [25], knowledge bases

[29], bioinformatics [26] to name a few. However, in many real-

world problems relationships go beyond pairwise associations. For

example, in chemical reactions the relationship representing a group

of chemical compounds that can react is inherently higher-order.

Similarly, co-authorship relationships in an academic network are

high-order. Hypergraphs provide a natural way to model such

relationships. Hyperlink prediction
1
is the problem of predicting

missing high-order relationships in a hypergraph.

Besides higher-order relationships, modelling directions between

these relationships is also useful in many practical applications. For

example, in chemical reactions, in addition to predicting groups of

chemical compounds which form reactants or products, it is also

important to predict directions between reactants and products,

i.e., a group of reactants react to give a group of products. Directed

hypergraphs [12] provide a way to model directions in hypergraphs.

Similar to undirected hypergraphs, predicting missing hyperlinks

in directed hypergraphs is also useful in practice. Difference be-

tween undirected and directed hypergraphs is illustrated in Figure

1. Previous works on hyperlink prediction [44–46] focus only on

undirected hypergraphs with small hyperlink sizes. Moreover, most

of these works cannot handle unseen hyperlinks at test time. In

this work, we focus both on undirected and directed hypergraphs

containing hyperlinks of arbitrary sizes.

Recently, Graph Convolutional Networks (GCNs) have emerged

as a powerful tool for representation learning on graphs [19]. GCNs

have also been successfully applied for link prediction on simple

graphs [43]. Inspired by the success of GCNs for link prediction in

graphs, we propose a novel GCN-based framework for hyperlink

prediction for both undirected and directed hypergraphs. We make

the following contributions:

1
We note that hyperedge can be used synonymously with hyperlink.
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Figure 1: Real-world hypergraph datasets for hyperlink prediction. a) shows a co-authorship network with authors as vertices
and collaborations as hyperlinks. b) shows a chemical reaction networkwith substances as vertices and reactions as hyperlinks.
c) shows the directed hypergraph version of b) in which reactants and products are hyperlinks connected by a direction. d)
shows a canonicalised knowledge link modelled as a directed hyperlink in which words/phrases are vertices, canonicalised
words/phrases form a hyperlink and subject hyperlink (e.g. New York City) is related to an object hyperlink (e.g. U.S.) by a
direction. Please See Introduction for more details.

• We propose Neural Hyperlink Predictor (NHP), a novel GCN-

based framework, for hyperlink prediction. NHP uses novel

scoring functions to rank existing hyperlinks higher than

non-existing vertex sets. A key novelty of NHP (see Propo-

sition 1) is that it can also be used for hyperedges in which

dissimilar vertices interact (e.g. acids reacting with bases).

In contrast to non-neural baselines, NHP can predict unseen

hyperlinks at test time (inductive hyperlink prediction).

• We harness the proposed NHP for hyperlink prediction in

directed hypergraphs. To the best of our knowledge, this

reports the first ever attempt at the problem of link prediction
in directed hypergraphs. Novel scoring functions of NHP can

flexibly be used in existing deep hypergraph methods for

link prediction in directed (and undirected) hypergraphs.

• Through extensive experiments onmultiple real-world datasets,

we show the effectiveness of NHP for link prediction in both

undirected and directed hypergraphs. NHP’s source code

can be downloaded from this link

2 RELATEDWORK
In this section, we briefly review related work in deep learning on

graphs and link prediction on hypergraphs.

Learning representations on graphs: The key advancements

in learning low-dimensional vertex representations in graphs in-

clude matrix factorisation-based methods, random-walk based al-

gorithms, and deep learning on graphs [16]. Our work is based on

deep learning on graphs.

Geometric deep learning [5] is an umbrella phrase for emerg-

ing techniques attempting to generalise (structured) deep neural

network models to non-Euclidean domains such as graphs and

manifolds. Graph convolutional network (GCN) [19] defines the

convolution using a simple linear function of the graph Laplacian

and is shown to be effective on semi-supervised classification on

attributed graphs. GCNs and their extensions are the current state-

of-the art for graph-based semi-supervised learning [33, 34] and

graph-based unsupervised learning [15, 35]. The reader is referred

to a comprehensive literature review [5] and extensive surveys

[3, 16, 37] on this topic of deep learning on graphs. Recently, GCNs

have been extended to hypergraphs [10, 38]. Below, we give an

overview of related research in link prediction on hypergraphs

where relationships go beyond pairwise.

Link Prediction on hypergraphs: Machine learning on hy-

pergraphs was introduced in a seminal work [46] that generalised

the powerful methodology of spectral clustering to hypergraphs

and further inspired algorithms for hypergraph embedding and

semi-supervised classification of vertices.

Link prediction on hypergraph (hyperlink prediction) has been

especially popular for social networks to predict higher-order links

such as a user releases a tweet containing a hashtag [21] and to

predict metadata information such as tags, groups, labels, users

for entities (images from Flickr) [1]. Techniques for hyperlink pre-

diction on social networks include ranking for link proximity in-

formation [21], matrix completion on the (incomplete) incidence

matrix of the hypergraph [1, 28], hyperpath-based method [17],

and Laplacian tensor methods for context-aware recommendation

[41]. These methods are restricted to uniform hypergraphs in which

each hyperlink contains the same number of vertices.

Coordinated matrix minimisation (CMM) predicts hyperlinks

in the adjacency space with non-negative matrix factorisation and

least square matching performed alternately in the vertex adjacency

space [44]. CMM uses expectation maximisation algorithm for opti-

misation for hyperlink prediction tasks such as predicting missing

reactions of organisms’ metabolic networks. Recently, n-way inter-

actions have been helpful for link prediction esp. for larger datasets

[8]. For a hypergraph, it has been shown that an n-tuple-wise sim-

ilarity function cannot be a linear function [4, 31, 45]. Recently

neural methods for knowledge hypergraph complemetion have

achieved impressive results [9]. Knowledge hypergraphs contain

hyperlinks in which vertices are ordered. Our paper, on the other

hand, is on directed hypergraphs in which hyperlinks are ordered.

Non-Linear Laplacians forHypergraphs andDigraphs: Re-
cent research has extended the notion of graph Laplacian to directed

graphs [39] and hypergraphs through diffusion processes for undi-

rected [7, 27], directed [6, 22, 42], inhomogeneous [23], and sub-

modular [24, 40] hypergraphs. Our proposed method is inspired by

these notions of non-linear Laplacians.

https://drive.google.com/file/d/1pgSPvv6Y23X5cPiShCpF4bU8eqz_34YE/view?usp=sharing


Figure 2: (best seen in colour) An example of two different hypergraphs resulting in the sameweighted clique expansion. Both
hypergraphs have 6 vertices and 4 hyperedges each. The hypergraph on the left side consists of {1, 2, 3}, {1, 5, 6}, {3, 4, 5}, {2, 4, 6}

as its hyperedges. The hypergraph on the right contains {1, 2, 6}, {1, 3, 5}, {2, 3, 4}, {4, 5, 6} as its hyperedges. The two hypergraphs
have the same connections in their clique expansions (as shown in the middle). Moreover, the (normalised) weights on the
edges of the clique expansions are also the same ( 2

3
each). Please see Section 4 for more details.

3 SETUP
In this section, we discuss the problem setting of hyperlink predic-

tion in undirected and directed hypergraphs.

3.1 Undirected hyperlink prediction
An undirected hypergraph is an ordered pair H = (V , E) where
V = {v1, · · · ,vn } is a set of n vertices and E = {e1, · · · , em } ⊆ 2

V

is a set ofm hyperlinks. The problem of hyperlink prediction in the

incomplete undirected hypergraph H involves predicting missing

hyperlinks from Ē = 2
V − E based on the current set of observed

hyperlinks E. Clearly, the number of vertices in any given hyperlink

e ∈ E can be any integer between 1 and 2
n
. This variable cardinality

of a hyperlink makes traditional link prediction methods (on simple

graphs) infeasible because they are based on exactly two input

features (those of the two vertices potentially forming a link).

In some practical cases such as chemical reaction prediction,

there is no need to consider all the hyperlinks in Ē as most of them

can be easily filtered out [44]. However in many other cases such

as knowledge base canonicalisation, and collaboration networks,

there is no notion of “feasible facts" and “feasible collaborations"

respectively. The hyperlink prediction problem [44] in such cases

is much more challenging. We tackle this challenging problem by

proposing a framework that can handle unseen hyperlinks at test

time.

Formally, a hyperlink prediction problem [44] is a tuple (H , E),
where H = (V , E) is a given incomplete hypergraph and E is a

set of (restricted) candidate hyperlinks with E ⊆ E. The problem

is to find the most likely hyperlinks missing in H from the set of

hyperlinks E − E. The state-of-the art method for the problem is

the co-ordinated matrix minimisation (CMM) algorithm [44] and

uses the expectation-maximisation technique to predict hyperlinks.

CMM assumes the presence of all candidate hyperlinks during

training and cannot handle unseen hyperlinks at test time.

Our method viz., NHP, on the other hand, does not need E and

learns a function on the hyperlinks and hence can handle unseen

hyperlinks at test time.

3.2 Directed hyperlink prediction
A directed hypergraph [12] is an ordered pair H = (V , E) where
V = {v1, · · · ,vn } is a set of n vertices and

E = {(t1,h1), · · · , (tm,hm )} ⊆ 2
V × 2

V

is a set ofm directed hyperlinks. Each e ∈ E is denoted by (t,h)
where t ⊆ V is the tail and h ⊆ V is the head with t , Φ, h , Φ. As
shown in Figure 1, chemical reactions can be modelled by directed

hyperlinks with chemical substances forming the set V . A directed

simple link is the special case when |t | = |h | = 1.

Given an incomplete directed hypergraph H = (V , E), the prob-
lem of directed hyperlink prediction is to predict the missing hy-

perlinks in H .

4 NHP: NEURAL HYPERLINK PREDICTOR
In this section, we explain the proposed framework NHP. NHP-U

refers to the setting of undirected hyperlink prediction and NHP-D

refers to the directed setting.

4.1 NHP-U
NHP consists of a trainable hyperlink-aware GCN layer and a hy-

perlink scoring layer to preserve the higher-order relationships

among the vertices in each hyperlink. It is then optimised by a

ranking objective in which scores of existing hyperlinks are ranked

higher than those of non-existing vertex subsets. A schematic view

of NHP-D is shown in Figure 3 and that of NHP-U is shown in 4.

Hyperlink-aware GCN layer: One of the main challenges that

arises when working with hypergraphs is the variable cardinality

of hyperlinks, i.e., each hyperlink connects arbitrary number of

vertices. This challenge is typically handled by approximating the



Figure 3: NHP-D for hyperlink prediction. The Hyperlink-aware GCN layer takes the input hypergraph and converts it to its
clique expansion (all vertex pairs in each hyperlink are connected by pairwise edges). A GCN is then used to get hyperlink-
aware embeddings of vertices (NaOHwill have two embeddings). The hyperlink scoring layer assigns a score to each hyperlink.
The direction scoring layer then assigns a score to the direction in each link. A ranking mechanism is used in each of the
scoring layers in which existing links are ranked higher than non-existing sets of vertices (figure shows an example). Please
see the section entitled NHP: Neural Hyperlink Predictor for details.

hypergraph by its clique expansion in which pairwise edges are in-

troduced between all vertex pairs in the hyperlink [4, 10]. Because of

the pairwise connections, each hyperlink may not be considered as

a unit (in which vertex connections go beyond pairwise). As a sim-

ple example two hypergraphs H1 = (V , E1) and H2 = (V , E2) with

V = {1, 2, 3, 4, 5, 6}, E1 = {1, 2, 3}, {1, 5, 6}, {3, 4, 5}, {2, 4, 6}} and

E2 = {1, 2, 6}, {1, 3, 5}, {2, 3, 4}, {4, 5, 6} result in the same weighted

clique expansions [23].

We propose to address the above issue by refining the embed-

dings with a GCN layer on the subgraph obtained from the clique

expansion of each hyperlink and then passing the embeddings to a

trainable hyperlink scoring layer. In other words, given a hyperlink

e , we refine the embedding of each vertexv ∈ e using the following
GCN equation of neural message-passing [13]:

h
(e)
v = ReLU

(
WGCN

∑
u ∈e−{v }

xu + bGCN

)
(1)

where xv are initial features for GCN. The initial features could be

any available additional features (e.g. bag-of-words for documents).

In our work if the initial features are not available, we use the

unsupervised node2vec [14] algorithm for initialisation (on the

clique expansion of the hypergraph). We then pass the set of refined

embeddings {h
(e)
v : v ∈ e} for each hyperlink e ∈ E to a hyperlink

scoring function described below.

Hyperlink scoring layer: We note that the previous component,

viz. hyperlink-aware embedding, still does not preserve the higher

order relationships among the vertices of a given hyperlink e ∈

E. We thus propose to use a hyperlink scoring function, Ie , to
preserve the higher-order relationships in the input hypergraph.

The function takes the form

Ie = σ

(
W · д

({
h(e)

}
v ∈e

)
+ b

)
(2)

whereW is a parameter of dimension 1 × d and σ is the sigmoid

function. Intuitively, the score, Ie , for hyperlink e , ideally, needs
to be higher than that for any set of vertices that does not form a

hyperlink in the hypergraph.

The value Ie is high if the learnedW is well-aligned to the func-

tion д. Thus, a natural choice of д is to use the mean of the embed-

dings of a hyperlink e i.e.,

Ie := σ

(
1

|e |
W ·

∑
v ∈e

h
(e)
v + b

)
. (3)

However, the function in Equation 3 does not explicitly guarantee
any priors on the vertex embeddings of a hyperlink. In hypergraphs

such as chemical reaction networks, it is often the case that vertices

(chemical substances) with very different/dissimilar and comple-

mentary properties react and form a hyperlink. For example, acids

react with bases and form a hyperlink (to give salt and water). On

the other hand, in some other hypergraphs such as co-authorship

networks, it is often the case that vertices (authors of a paper) with

similar properties (such as research interests) collaborate to form a

hyperlink. Ideally, we would like д and the resulting optimisation

to encode these priors in a task-specific fashion. Based on the above

observations, we propose the following:

Ie := σ

(
W ·maxmin{h

(e)
v }v ∈e + b

)
, (4)

where given a set of vectors x1, · · · , xk ∈ Rd , the function

maxmin{x j : j ∈ [k]} = (max

s ∈[k ]
xsl − min

i ∈[k ]
xil )l=1, · · · ,d (5)

is the element-wise difference ofmaximum and theminimum values

of the vectors. The hyperlink scoring function is precisely what

makes NHP handle unseen links at test time.

Optimisation: Hyperlinks in the input hypergraph represent

known relationships among the vertices of the hyperlink. The set

of unknown relationships i.e., 2
V − E may, in fact, contain undis-

covered hyperlinks and belong to the existing ones. Following prior

work [26], we rely on a ranking objective as follows:

L =
1

|E |

∑
e ∈E

Λ

( ( 1

|F |

∑
f ∈F

If
)
− Ie

)
, (6)

where F is a set of sampled vertex sets from 2
V − E. The notation

Λ(x) is used to denote a non-decreasing function such as the popular



Figure 4: (best seen in colour) NHP for undirected hyperlink prediction. The input hypergraph is converted to its clique
expansion to get the initial embeddings on the vertices of the hypergraph. The initialisations are then fed to a GCN layer
that refines the embeddings on the subgraph obtained from the clique expansion of each hyperlink (highlighted by different
colours). The INT layer is the interaction layerwhich assigns a score to eachhyperlink. The interaction score on eachhyperlink
is desired to be higher than that for any set of vertices that does not form a hyperlink. Please see the section entitled NHP:
Neural Hyperlink Predictor for more details.

logistic function Λ(x) = log(1 + ex ). The loss L above tries to

maximise the number of hyperlink scores (in E) that are higher

than the average score of the unknown vertex sets in F . It ranks
the observed hyperlinks above the unobserved ones. All weights

of NHP-U i.eWGCN ,W are learned end-to-end using stochastic

gradient descent. We motivate our choice of Ie and If (defined in

Equation 4) in Equation 6 through the following proposition.

Proposition 1. Let G = (V , E) be a hypergraph with a sampled
negative hyperlink set F . For an arbitrary set of vertices S ∈ V , define
IS as in Equation 4, and leth(S )v , v ∈ V represent the GCN embeddings
as obtained from Equation 1. For simplicity, assume d = 1 and b = 0.
Define MS := maxmin{h

(S )
v }v ∈S where maxmin is as defined in

Equation 5. Then, for a hyperlink e ∈ E,

(
1

|F |

∑
f ∈F

If ) − Ie ≤ 0

when any one of the following sufficient conditions is satisfied:

(1) Ie = σ
(
W · max

S ∈2
V

MS

)
andW ≥ 0

(2) Ie = σ
(
W · min

S ∈2
V

MS

)
andW < 0

Proof. The proof follows directly from the definitions of max

and min and the monotonicity of the sigmoid function σ . �

The proposition can be easily extended to the cases when d ≥ 1

and/or b , 0. The proposition essentially implies that in extreme

cases there exists:

(1) A non-negative weight that minimises the loss for hyperlinks

in which very dissimilar vertices interact (e.g. acid + base)

(2) A negative weight that minimises the loss for hyperlinks in

which similar vertices interact (e.g. author collaboration)

Hence, our proposed scoring function adaptively learns weights

in a task-specific manner and includes more prior knowledge than

the simple mean of the embeddings. It is worth pointing out that

the maxmin function has, in spirit, been used to define non-linear

Laplacians for hypergraphs [7, 27]. The essence of Laplacian opera-

tors is smoothing based on certain topology (similarity of vertices).

However, in our work we show that coupled with a ranking objec-

tive, the maxmin function can flexibly be used when two dissimilar

vertices interact to form a hyperlink (e.g. acid + base). We now give

our method to sample the negative set F .

Sampling method: For each hyperlink e ∈ E, we create a cor-

responding f ∈ F by having half of the vertices i.e.,
|e |
2

sampled

from e and the remaining half from V − e . This sampling method

is motivated by the chemical reaction datasets where it is highly

unlikely that half of the substances of a valid reaction (from e) and
randomly sampled substances (from V − e) are involved in another

valid reaction. To avoid any possible bias in the hyperlink sizes, we

ensure that each hyperlink e has a “corresponding" vertex set f of

the same size.

4.2 NHP-D
In this section, we discuss how the proposed NHP can be extended

to link prediction in directed hypergraphs. NHP-D consists of three

components two of which are hyperlink-aware embedding, and a



Figure 5: (best seen in colour) Modelling a canonicalised knowledge graph as a multi-relational directed hypergraph. The
vertices of the hypergraph are noun phrases (surface forms). Each labelled directed hyperedge consists of a tail hyperlink
representing the canonicalised subject entity, a head hyperlink representing the canonicalised object entity and the label
(e.g. LocatedIn) indicating the relationship between the subject and the object. The link prediction problem is essentially a
canonicalised knowledge graph completion problem. Please see Section 5 for more details

Table 1: Summary of the real-world hypergraph datasets used in the experiments.

Dataset Reverb45k DBLP USPTO iJO1366 iAF1260b
type of data knowledge graph co-authorship organic reactions metabolic reactions metabolic reactions

type of hypergraph directed undirected directed, undirected directed, undirected directed, undirected

number of vertices 28798 20685 16293 1805 1668

number of hyperlinks 66914 30956 11433 2253 2084

number of vertex features 382 3763 298 26 26

hyperlink scoring function. The third component is the direction

prediction component to predict direction between two hyperlinks

(e.g.: direction from reactants to products in reaction data). We

follow the same procedure for hyperlink-aware embedding as de-

scribed for NHP-U. For the hyperlink scoring function, we use the

difference between the element-wise maximum in tail and mini-

mum in head hyperlinks. In other words, for a directed hyperlink

e = (t,h), Ie = σ (W ·maxmin+{h
(e)
v }v ∈e + b) where

maxmin+{xv }v ∈e = (max

s ∈t
xsl − min

i ∈h
xil )+,l=1, · · · ,d

andm+ =m ifm > 0 andm+ = 0 ifm ≤ 0. The maxmin+ function

is, in spirit, used to define Laplacians for directed hypergraphs

[6, 42]. Our proposition 1 can be easily extended to the directed

case and hence is useful even when dissimlar vertices interact to

form a hyperlink.

4.3 Direction scoring layer:
We propose the bilinear form

Dpq = σ
(
pT WBL q + bBL

)
, (7)

to predict direction between two hyperlinks where p, q ∈ Rd are the

hyperlink embeddings of hyperlinks p,q ⊆ V respectively, σ is the

sigmoid non-linearity andWBL ∈ Rd×d ,bBL are the bilinear weight

and bias respectively. We use the mean of the embeddings of a

hyperlink to get the embedding of the hyperlink i.e., p =
∑
v ∈p h

(p)
v .

We use a similar ranking objective to predict directions i.e.

Ldir =
1

|E |

∑
(t ,h)∈E

Λ

(
1

|F |

( ∑
(p,q)∈F

Dpq

)
− Dth

)
. (8)

We use a joint optimisation strategy to get the hyperlink score

Ie and the direction score Dth for an ordered pair e = (t,h) i.e. we
minimise L + λLdir using back-propagation. The parameters i.e.

WGCN ,W ,WBL are all updated end-to-end using backpropagation.

Inference: At test time, NHP-U and NHP-D predict a hyperlink

e as positive (existing) if its score is higher than the average score

of the unobserved links (used for training), otherwise it predicts

it as negative (non-existing). A similar step is used by NHP-D for

predicting directions.

4.4 Computational complexity
For the given input (incomplete) hypergraph (V , E), let

N1 =
∑
e ∈E

|e | and N2 =
∑
e ∈E

1

2

· |e | ·
(
|e | − 1

)
where for a directed hyperedge (t,h) ∈ E, we define |e | := |t | + |h |.

Our negative sampling strategy (pre-processing step) takesO(N1)

time. The GCN layer takes O(N2) time, the hyperlink scoring layer

and additionally the bilinear layer for NHP-D takeO(N1) time each.

Once all the hyperedge scores are obtained, computing the loss

takes O(|E |) time. Hence the computation complexity of NHP is

O(N1 + N2 + |E |).



dataset→ iAF1260b iJO1366 USPTO

model ↓ AUC Recall@k AUC Recall@k AUC Recall@k

HGNN [10] 0.55 ± 0.02 0.23 ± 0.05 0.53 ± 0.02 0.25 ± 0.01 0.59 ± 0.01 0.22 ± 0.04

HyperGCN [38] 0.55 ± 0.03 0.24 ± 0.09 0.52 ± 0.04 0.26 ± 0.03 0.59 ± 0.01 0.23 ± 0.03

Hyper-SAGNN [45] 0.53 ± 0.02 0.20 ± 0.03 0.51 ± 0.02 0.23 ± 0.02 0.56 ± 0.02 0.21 ± 0.03

node2vec 0.52 ± 0.01 0.14 ± 0.05 0.52 ± 0.03 0.20 ± 0.03 0.53 ± 0.04 0.16 ± 0.02

node2vec-GCN 0.53 ± 0.01 0.17 ± 0.03 0.52 ± 0.01 0.23 ± 0.03 0.56 ± 0.03 0.18 ± 0.02

node2vec-mean 0.52 ± 0.03 0.18 ± 0.03 0.51 ± 0.03 0.22 ± 0.04 0.56 ± 0.04 0.17 ± 0.04

node2vec-maxmin+ 0.53 ± 0.01 0.21 ± 0.01 0.52 ± 0.01 0.24 ± 0.01 0.58 ± 0.02 0.24 ± 0.03
NHP-D-mean 0.55 ± 0.01 0.23 ± 0.05 0.54 ± 0.02 0.26 ± 0.02 0.60 ± 0.03 0.18 ± 0.03

NHP-D-maxmin+ 0.58 ± 0.02 0.26 ± 0.04 0.56 ± 0.01 0.28 ± 0.03 0.63 ± 0.02 0.25 ± 0.04
Table 2: Mean AUC and Recall@k values (higher is better) for link prediction in directed hypergraphs on the three chemical
reaction datasets. Our proposed method achieves superior performance compared to all the baselines.

model AUC Recall@k

HGNN 0.76 ± 0.03 0.40 ± 0.05

HyperGCN 0.77 ± 0.02 0.39 ± 0.06

Hyper-SAGNN 0.74 ± 0.03 0.39 ± 0.03

node2vec 0.57 ± 0.01 0.38 ± 0.04

node2vec-GCN 0.62 ± 0.02 0.41 ± 0.03
node2vec-mean 0.65 ± 0.02 0.41 ± 0.05

node2vec-maxmin+ 0.75 ± 0.01 0.40 ± 0.04

NHP-D-mean 0.83 ± 0.03 0.40 ± 0.03

NHP-D-maxmin+ 0.85 ± 0.04 0.43 ± 0.03
Table 3: Mean AUC and Recall@k values on Reverb45k.

Assuming sparse real-world hypergraphs, i.e., |E | ∈ O(|V |) and

|e | ∈ O(1) for each hyperedge e ∈ E, our NHP takes O(|V |) time.

5 DATASETS AND MOTIVATION
We used a knowledge graph, a co-authorship network, and three

chemical reactions networks (one organic and two metabolic) as

datasets for our experiments. We discuss the motivation for them.

5.1 Canonicalising an open knowledge graph
Open information extraction methods have helped in construction

of large open knowledge graphs (KGs) from text [11, 32]. The ex-

tracted noun phrases are not canonicalised, leading to redundant

and ambiguous facts. For example, <New York City, CityIn, U.S.>

and <NYC, CityIn, U.S.> are two triples representing the same fact.

When we query an open KG for facts about an entity by one name,

there is no guarantee that we get all facts about the entity. Hence,

there is a need to canonicalise noun phrases i.e. identify clusters of

noun phrases representing the same entity [11, 32].

Figure 5 shows how an entity canonicalised knowledge graph

can be modelled by a multi-relational directed hypergraph. A multi-

relational directed hypergraph is a labelled directed hypergraph

(V , E, L) in which V is the set of vertices and

E = {(t1,h1, l1), · · · , (tm,hm, lm )} ⊆ 2
V × 2

V × L

is the set of labelled directed hyperlinks with labels l1, · · · , lm ∈ L
in the label set.

In this work, we approximate an entity-canonicalised knowledge

graph by an unlabelled directed hypergraph in which, for each

(subject, relation, object) triple, the canonicalised subject entity rep-

resents a tail hyperlink, the canonicalised object entity represents

the corresponding head hyperlink, and the existence of a relation

is captured by a direction from tail to head. We treat all symmetric

relations in such a knowledge graph by having directions on both

sides.

The link prediction task would be to complete a canonicalised

knowledge graph, i.e., given a bunch of canonicalised entities and

directions (relationships) between canonicalised pairs, we aim to

predict undiscovered canonicalised entities and relationships be-

tween pairs. We used Reverb45k used in previous works [11, 32].

5.2 Reactions of chemical reaction networks
Prediction of reaction outcomes is a fundamental problem in com-

putational chemistry [18]. While products can be determined for

simple reactions, it is a major challenge for many complex organic

reactions. Chemical reaction experimentation is time consuming,

expensive, and requires a domain expert. This motivates the chemi-

cal reaction prediction problem in which given a bunch of known

reactions, we predict (potentially complex) unknown reactions.

We used the USPTO dataset [18] as an organic reaction dataset in

our experiments. We used a subset of chemical substances contain-

ing only CHNOPS (carbon, hydrogen, nitrogen, oxygen, phosporous,

sulphur) to get a reasonably dense hypergraph. Prior work [18] pro-

vides product templates for each reactant. We use these templates

to get candidate reactions.

Reconstructed metabolic networks are important tools for un-

derstanding the metabolic basis of human diseases, increasing the

yield of biologically engineered systems, and discovering novel

drug targets. Some vital reactions can be missing from a metabolic

network, which can severely impair their utility [30]. Thus, it is

critical to develop computational methods for completing metabolic

networks. We used the two largest datasets used in a prior work

[44] and their candidate reactions.

5.3 Collaborations in a co-authorship network
Research collaborations in scientific community have been exten-

sively studied to understand team dynamics in social networks

[2]. Co-authorship data provide a means to analyse research col-

laborations. We used DBLP
2
for co-authorship data. We used a

2
https://aminer.org/citation



dataset→ iAF1260b iJO1366 USPTO

model ↓ AUC Recall@k AUC Recall@k AUC Recall@k

HGNN [10] 0.62 ± 0.02 0.27 ± 0.04 0.61 ± 0.03 0.32 ± 0.02 0.69 ± 0.02 0.26 ± 0.01

HyperGCN [38] 0.62 ± 0.02 0.28 ± 0.02 0.60 ± 0.02 0.32 ± 0.02 0.70 ± 0.03 0.29 ± 0.03

Hyper-SAGNN [45] 0.60 ± 0.01 0.26 ± 0.01 0.56 ± 0.03 0.30 ± 0.04 0.67 ± 0.01 0.27 ± 0.01

node2vec 0.57 ± 0.03 0.21 ± 0.05 0.53 ± 0.04 0.23 ± 0.03 0.53 ± 0.05 0.22 ± 0.03

node2vec-GCN 0.59 ± 0.04 0.26 ± 0.03 0.56 ± 0.02 0.27 ± 0.02 0.56 ± 0.02 0.24 ± 0.04

node2vec-mean 0.58 ± 0.03 0.24 ± 0.04 0.54 ± 0.02 0.27 ± 0.03 0.58 ± 0.03 0.23 ± 0.02

node2vec-maxmin 0.61 ± 0.05 0.28 ± 0.03 0.60 ± 0.02 0.29 ± 0.03 0.68 ± 0.03 0.26 ± 0.01

NHP-U-mean 0.60 ± 0.04 0.28 ± 0.06 0.61 ± 0.02 0.29 ± 0.02 0.65 ± 0.02 0.33 ± 0.05

NHP-U-maxmin 0.64 ± 0.03 0.31 ± 0.03 0.63 ± 0.02 0.32 ± 0.02 0.74 ± 0.02 0.37 ± 0.02

SHC 0.65 ± 0.01 0.31 ± 0.02 0.64 ± 0.01 0.33 ± 0.02 0.56 ± 0.01 0.22 ± 0.01

CMM 0.64 ± 0.04 0.30 ± 0.14 0.64 ± 0.03 0.35 ± 0.10 0.68 ± 0.01 0.37 ± 0.01
Table 4: MeanAUC andRecall@k values (higher is better) for link prediction in undirected hypergraphs on the three chemical
reaction datasets. Our method is competitive with SHC and CMM even though our method does not use candidate hyperlinks
during training.

model AUC Recall@k

HGNN 0.65 ± 0.04 0.33 ± 0.03

HyperGCN 0.66 ± 0.01 0.32 ± 0.02

Hyper-SAGNN 0.65 ± 0.01 0.34 ± 0.04

node2vec 0.56 ± 0.03 0.30 ± 0.03

node2vec-GCN 0.59 ± 0.03 0.32 ± 0.04

node2vec-mean 0.58 ± 0.01 0.31 ± 0.03

node2vec-maxmin 0.63 ± 0.04 0.35 ± 0.06

SHC NA NA
CMM NA NA

NHP-U-mean 0.56 ± 0.02 0.28 ± 0.04

NHP-U-maxmin 0.69 ± 0.02 0.38 ± 0.05
Table 5: Mean (± std) Recall@k values on the DBLP dataset.
NA: not applicable. SHC and CMM cannot handle unseen
hyperlinks at test time.

subset of papers published in only artificial intelligence confer-

ences (AAAI, IJCAI, NeurIPS, ICML, CVPR, ICCV, ACL, NAACL,

etc.). A co-authorship hypergraph contains each author as a vertex

and each paper represents a hyperlink connecting all the authors

of the paper. The hyperlink prediction problem is given a set of

collaborations, to essentially predict other potential collaborations.

We now discuss the experiments of our proposed NHP.

6 EXPERIMENTS
We used a knowledge base (KB), a co-authorship network, and

three chemical reactions networks (one organic and two metabolic)

as datasets for our experiments. The statistics of the datasets are

shown in Table 1. Note that we used chemical reaction networks as

both directed and undirected hypergraphs.We used KB as a directed

hypergraph and co-authorship data as an undirected hypergraph

for a total of 4 undirected and 4 directed hypergraph data.

On all the real-world datasets, we report mean AUC and Re-

call@k (k is half the number of missing links) numbers on the

held-out test split averaged over 10 random splits of train, vali-

dation, and test set of hyperlinks. 20% hyperlinks in each dataset

was used for training (for 50 epochs), 10% for validation, and the

remaining 70% held-out for testing the proposed models and all the

baselines. Hyper-parameters were optimised using grid-search.

6.1 Experiments on directed hypergraphs
Since there are no proposed approaches for hyperlink prediction in

directed hypergraphs, we modify existing embedding methods as

baselines for the problem:

• HGNN [10]: This is a clique expansion-based approach for

hypergraphs. We used their formulation instead of our GCN

layer of Equation 1.

• HyperGCN [38]: This method uses non-linear Laplacian to

define GCNs on hypergraphs.

Since the above two methods are not proposed for link pre-

diction, we used our proposed maxmin+ hyperlink scoring

layer for hyperlink prediction with these methods.

• Hyper-SAGNN[45]: This is a recently proposed self-attention-
based approach for the problem. Since it is not proposed for

directed hypergraphs, we used our proposed Equations 7

and 8 to optimise it.

• node2vec: we used node2vec embeddings with the follow-

ing hyperlink scoring function:

Ie = σ
(

1

|e |

∑
u ,v ∈e×e−{(w ,w ):w ∈e }

xTu xv
)

where e = t ∪h The above function considers all vertex pairs

for each hyperlink.

• node2vec-GCN: we used node2vec embeddings as initiali-

sation to a GCN and then train the GCN’s parameters with

the previously mentioned scoring function. Note that this

baseline does not use the proposed hyperlink scoring func-

tions viz., mean and maxmin+.

• node2vec-mean: we used node2vec embeddings as initiali-

sation to a trainable scoring function which takes the mean

of the vertex embeddings to learn the weights



• node2vec-maxmin+:we used node2vec embeddings as ini-

tialisation to a scoring functionwhich takes the element-wise

difference of maximum (in tail) and minimum (in head) of

the vertex embeddings to learn the weights. This baseline

and the previous baseline do not have the GCN layer.

We used the direction scoring layer with all the aforementioned

baselines and learn the parametersWBL . The results are shown in

Table 2. Our proposed NHP-D is able to outperform all the baselines

justifying all the components in our model. We also observe that

the models that use maxmin+ outperform the mean counterparts.

This shows that making the vertex embeddings similar makes it

more effective to learn known relationships in the hypergraph.

The results for the Reverb45k knowledge graph are shown in

Table 3. At test time, we introduced 10% directed hyperlinks which

were clearly not canonicalised (e.g.: tail containing {New York,

London}) and head containing {UK, Brazil}). The set of 10% missing

hyperlinks union these set of negative hyperlinks is test set.

Statistical test. We performed a Welch t-test [36] on our results.

We compared our proposed best method NHP-D-maxmin + with

the most competitive baselines. The p-values for all experiments

and metrics (AUC and Recall@k) in Tables 2 and 3 were lower than

0.05 except the following two:

• Recall@k for USPTO: p = 0.54

• Recall@k for Reverb45k: p = 0.22

This demonstrates the statistical significance of our results.

6.2 Experiments on undirected hypergraphs
The state-of-the-art methods for link prediction in undirected hy-

pergraphs are Co-ordinated matrix minimisation (CMM) [44], and

Spectral Hypergraph Clustering (SHC) [46]. We compared NHP-U

against the following baselines:

• CMM[44]: This baseline uses the expectation-maximisation

algorithm in the adjacency space to predict hyperlinks.

• SHC [46]: This baseline converts the input hypergraph into

its dual so that hyperlink prediction can be posed as semi-

supervised transductive vertex classification in the dual.

We note that these twomethods (CMM, SHC) are not embedding-

based methods and hence cannot be used to predict hyper-

links in directed hypergraph experiments.
Table 4 shows the results of the experiments on the undirected

hypergraphs. Our results demonstrate strong performance across all

the datasets. The state-of-the art baselines viz., Co-ordinated matrix

minimisation (CMM) [44], and Spectral Hypergraph Clustering

(SHC) [46], require all candidate hyperlinks (for reaction datasets)

to be present during training. We particularly note that NHP is

competitive with the results of SHC and CMM even if NHP does

not use the set of candidate hyperlinks, E, during training. We

assume that these benefits stem from the fact that, the proposed

hyperlink scoring function is trainable from the input hypergraph.

Results on DBLP co-authorship. Table 5 shows the results. In

a coauthorship network, there is no notion of “candidate" set of

authors (which include “negative" collaborations) who could po-

tentially collaborate. SHC relies on a strict binary classification

objective and hence requires negative links. CMM requires candi-

date hyperlinks for training (Hence these two is not used).

Hyperparameter Values
node2vec embedding size 128

GCN hidden size {4, 8, 16, 32, 64, 128, 256, 512}

λ {0.001, 0.01, 0.1, 1, 10, 100, 1000}

learning rate 0.001

Table 6: : Hyperparameters used in the experiments

Value DBLP USPTO Reverb45k
4 0.60 ± 0.03 0.54 ± 0.02 0.73 ± 0.05

16 0.63 ± 0.02 0.59 ± 0.03 0.79 ± 0.05

64 0.66 ± 0.01 0.60 ± 0.05 0.80 ± 0.04

256 0.68 ± 0.05 0.61 ± 0.03 0.83 ± 0.02

512 0.69 ± 0.02 0.63 ± 0.02 0.85 ± 0.04
Table 7: : Parameter sensitivity of hidden size on DBLP,
USPTO, and Reverb45k. We report AUC in the table.

NHP-U, however, uses a ranking objective and the hyperlink

scoring function is precisely what enables it to handle unseen hy-

perlinks at test time. Hence our method and our proposed baselines

can be used on this dataset. The p-value (Welch t-test) of NHP-U-

maxmin on this dataset is less than 0.01 with the most competitive

baseline and hence this demonstrates the statistical significance.

6.3 Approximate training time comparison
On the largest chemical reaction dataset, USPTO, NHP-U takes

around 12 hours of training time, while SHC and CMM take around

1 day and 3 days respectively. The faster training time is due to

GPU compatibility (NHP is GPU friendly while SHC, CMM are not).

All were run on a GeForce GTX 1080 Ti GPU machine.

6.4 Hyperparameters
Hyper-parameters such as GCN hidden size and λ were optimised

using grid-search. The set of values and the optimal values for these

hyperparameters are also shown in Table 6. Dropout, learning rate,

weight decay were fixed to the values of a prior work [19].

We also show the sensitivity of GCN hidden size on the USPTO

dataset in Table 6. We can conclude that the performance of NHP

is relatively stable within a range of embedding dimensions, and

the performance drops when embedding dimension is too small.

6.5 Ablation Study
Tables 2, 3, 4, and 5 showed that all the components of our model are

required to achieve effective results. We also compared randomly

initialised embeddings and node2vec embeddings on USPTO undi-

rected hypergraph. random-maxmin achieved an AUC of 0.62±0.04

with a Recall of 0.23 ± 0.02 while node2vec-maxmin achieved an

AUC of 0.68 ± 0.01 and a Recall of 0.26 ± 0.01. This also shows that

the initial features are important for effective performance.

7 CONCLUSION AND FUTUREWORK
We have introduced NHP, a novel approach for hyperlink prediction for

both undirected and the first method on directed hypergraphs. The novel

scoring functions make no assumptions on the type of interactions within



hyperlinks. NHP can effectively handle unseen hyperlinks at test time. In fu-

ture, we explore multi-relational directed hypergraphs in which hyperedges

have labels and separately multi-modal datasets (both shown in Figure 5).
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