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Abstract

Forecasting relations between entities is paramount in the
current era of data and AI. However, it is often overlooked
that real-world relationships are inherently directional, in-
volve more than two entities, and can change with time. In
this paper, we provide a comprehensive solution to the prob-
lem of forecasting directional relations in a general setting,
where relations are higher-order, i.e., directed hyperedges in
a hypergraph. This problem has not been previously explored
in the existing literature. The primary challenge in solving
this problem is that the number of possible hyperedges is
exponential in the number of nodes at each event time. To
overcome this, we propose a sequential generative approach
that segments the forecasting process into multiple stages,
each contingent upon the preceding stages, thereby reduc-
ing the search space involved in predictions of hyperedges.
The first stage involves a temporal point process-based node
event forecasting module that identifies the subset of nodes
involved in an event. The second stage is a candidate genera-
tion module that predicts hyperedge sizes and adjacency vec-
tors for nodes observing events. The final stage is a directed
hyperedge predictor that identifies the truth by searching over
the set of candidate hyperedges. To validate the effectiveness
of our model, we compiled five datasets and conducted an ex-
tensive empirical study to assess each downstream task. Our
proposed method achieves a performance gain of 32% and
41% compared to the state-of-the-art pairwise and hyperedge
event forecasting models, respectively, for the event type pre-
diction.

Code & Datasets — https://tinyurl.com/hypernodetpp
Extended version — https://arxiv.org/pdf/2301.12210

1 Introduction
The formation and evolution of real-world networks result
from intricate relationships among entities. These relations
can be characterized as (i) higher-order, (ii) directional, and
(iii) temporal. For example, interactions via email involve a
variable number of users engaged in directed relations that
evolve with time. While there is a substantial body of liter-
ature focused on representation learning of networks, each
study typically addresses these aspects in isolation. It is ex-
tremely challenging to study these networks in their most
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general form by considering all the above characteristics.
This paper provides a comprehensive solution to this prob-
lem.

Temporal network representations entail learning a model
that aggregates historical data into finite-dimensional vec-
tors on each node or entity. These vectors can subsequently
be utilized to predict future interactions among the enti-
ties. The previous research has characterized relationships
as pairwise edge formations within a network, employing
temporal graph neural network-based models to derive rep-
resentations (S. Gupta and Dukkipati 2019; Trivedi et al.
2019; Xu et al. 2020; Liu, Ma, and Li 2022; Cao et al. 2021;
Rossi et al. 2020; Zhou et al. 2022). However, this setting
has very limited applicability as most real-world relations,
as mentioned earlier, are higher-order with groups of enti-
ties involved in each relation and sizes of the groups can
vary in a network. These problems have been modeled and
studied as hypergraphs in a static case (Ghoshdastidar and
Dukkipati 2017a,b). While (Gracious and Dukkipati 2023) is
the first work that studies evolving hypergraphs, in this paper
we study this problem in a very general setting considering
that most real-world relations can be directional involving
groups of interacting entities (Kim et al. 2022). Such exam-
ples can be seen in sports such as football or cricket, where
two groups compete. Similarly, in citation networks, authors
draw upon the works of other authors to support their argu-
ments. Hence, in this work, we model models relations as
edge formation in a directed hypergraph.

An example of relationships in a Bitcoin transaction net-
work as directed hyperedges is depicted in Figure 1. Here,
we can see that Bitcoin transactions involve two groups
of entities: one group representing the senders and another
group representing the receivers. The goal is to create mod-
els that can track the evolution of users in the Bitcoin net-
work, represented by addresses, over time so that we can
forecast transactions. Using learned dynamic representa-
tions, these models can then be used to detect anomalous
transactions occurring within the network, such as money
laundering (Wu et al. 2022).

Existing works on directed hyperedge prediction use hy-
pergraph neural networks based unsupervised learning (Wei
et al. 2022; Lee and Shin 2023; Bai, Zhang, and Torr 2021;
Hwang et al. 2022). These models cannot be applied to
the proposed problem as hypergraphs cannot be constructed
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(a) Transactions (b) Model

Figure 1: Bitcoin transactions (Txns) are modeled as a temporal directed hypergraph graph with eight nodes to represent
addresses, and three hyperedges to represent transactions. Here, ti is the time with t3 > t2 > t1, and a hyperedge is represented
as a tuple hi = (hr

i , h
ℓ
i) with hr

i the right hyperedge are the senders’ addresses and hℓ
i the left hyperedge are receiver addresses.

from historical relations as they exist only for an instant
of time. Alternately, set prediction-based scoring functions
are used for hyperedge prediction. These models use a deep
learning-based permutation invariant architecture to make
predictions from node representations. These works are ap-
plicable only for undirected hyperedges (Zhang, Zou, and
Ma 2019). and bipartite hyperedges (Sharma et al. 2021).
These models can capture only self-connection informa-
tion in the case of the undirected and cross-connection in
the case of the bipartite. Unlike these, a directed hyper-
edge can represent three types of information: two self-
connections among the left and right groups and a cross-
connection between these groups. Now, to model the evolu-
tion of nodes, we use temporal node representations. Pre-
vious work on higher-order relation modeling uses it for
forecasting undirected and bipartite hyperedges events (Gra-
cious and Dukkipati 2023). These works achieve this using
a sequential recurrent neural network-based model that up-
dates node representations when an event occurs. One of the
main disadvantages of this approach is that it will not allow
the model to do batch processing of the data, as each sample
depends on the previous samples. Further, for simulating the
future in directed temporal graphs with nodes V , one needs
to compare all the |V|P2 pairwise combinations of nodes in
the network. In the case of directed hypergraphs, there are a
maximum of 2|V| combinations of nodes in the left and the
right hyperedges.

In this paper, for the first time, we solve the problem of
learning the representation of a higher-order, directional, and
temporal network by proposing a model called Directed Hy-
perNode Temporal Point Process, DHyperNodeTPP. Un-
like previous works that forecast future events by an ex-
haustive search, we use a generative model based on the
Temporal Point Process (TPP) to forecast candidate hyper-
edges (Hawkes 1971; Mei and Eisner 2017; Zuo et al. 2020).
This is achieved by predicting event times for nodes fol-
lowed by forecasting the projected adjacency matrix along
with the distribution of hyperedge sizes of the nodes that
are then used for generating candidate hyperedges. Further,
to process batches of data, we use a temporal message-
passing technique to store the features of events on each
node and then use them to update the node representation

before the next batch. Appendix H.1 shows the advantage
of using batch processing to reduce the training time, en-
hancing model scalability to datasets with many samples.
The following are the main contributions of our work. (1)
A temporal point process model for forecasting directed hy-
peredges in a scalable way; (2) A temporal node represen-
tation learning approach that uses graph attention networks
and batch processing; (3) A directed hyperedge prediction
model; (4) Creation of five real-world temporal-directed hy-
pergraph datasets from open-source data; 5) Extensive ex-
periments showing the advantage of our model on event
forecasting over existing modeling techniques.

Related Works. The early works in temporal relation
forecasting focus only on pairwise edge prediction. These
involve discrete time models like DySAT (Sankar et al.
2020) and NLSM (Gracious et al. 2021), which divide the
time into snapshots of uniform length and predict edges in
the future snapshot by observing the history. Our method fo-
cuses on building continuous time models since discretiza-
tion involves information loss and requires domain knowl-
edge. JODIE (Kumar, Zhang, and Leskovec 2019) and
TGAT (Xu et al. 2020) use temporal graph network to aggre-
gate history into node representations, and these are trained
to predict edge formation as a binary classification. Even
though they can predict the presence of an edge at a particu-
lar time, they cannot estimate the time at which the event
will occur. The TPP is a popular technique for modeling
temporal networks that can do both. DyRep (Trivedi et al.
2019) and DSPP (Cao et al. 2021) use the TPP to model
the time distribution of edge formation. Note that none of
these above-mentioned works can model higher-order rela-
tions that are abundantly available in the real world. The im-
portance of higher-order analysis is empirically shown in the
work by Benson et al. (2018). They focus on the problem of
higher-order relations between three nodes, mainly on the
issue of distinguishing between the formation of the open
triangle and close triangle relations. This is extended to a
deep learning based method by Liu, Ma, and Li (2022). Re-
cently, (Gracious and Dukkipati 2023) have addressed the
problem of hyperedge forecasting using a TPP model, but
this work does not consider the scalability issues and direc-
tion information in the relations.
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2 Problem Definition
Hypergraph. A directed hypergraph is denoted by G =
(V,H), where V = {v1, v2, . . . , v|V|} is the set of nodes,
H is the set of valid hyperedges. In this, each hyperedge
h = (hr, hℓ) ∈ H is represented by two subset of nodes,
hr ⊂ V the right hyperedge of size kr = |hr|, and hℓ ⊂ V
the left hyperedge of size kℓ = |hℓ|. The maximum size of
right and left hyperedge is denoted by krmax = max

h∈H
|hr| and

kℓmax = max
h∈H

|hℓ|, respectively.

Temporal Events. The sequence of events occurring
in a hypergraph till time t ∈ R+ is denoted by
E(t) = {(e1, t1), . . . , (en, tn), . . .}. Here, event en =

{hn,m}Ln
m=1, hn,m ∈ H, denotes the Ln concurrent hyper-

edges occurring at time tn ≤ t with n as the index of
the event and m as the index of the concurrent hyperedge.
Then for each en, we create its projected adjacency matrices
Ar

n,A
ℓ
n ∈ {0, 1}|V|×|V| indicating the pairwise adjacency

matrices for nodes in right hyperedge. In these, Ar
n[i, j] = 1

if ∃ {vi, vj} ⊂ hr, h = (hr, hℓ) ∈ en else 0, and Aℓ
n[i, j] =

1 if ∃ vi ∈ hr and vj ∈ hℓ, h = (hr, hℓ) ∈ en else 0. The
rows of Ar

n and Aℓ
n denoted by arn,i and aℓn,i, respectively,

are the adjacency vectors of node vi. In addition to this, we
create the size matrices of right Kr

n ∈ {0, 1}V×kℓ
max and left

hyperedges Kℓ
n ∈ {0, 1}|V|×kr

max with respect to the nodes
in right hyperedge. Here, Kr

n[i, k] = 1 if ∃k = |hr| and
Kℓ

n[i, k] = 1 if ∃k = |hℓ| ∀h ∈ en+1 and vi ∈ hr. The size
vectors for a node vi is denoted by kℓ

i,n and kr
i,n. These are

the ith rows of respective matrices.

Goal. The aim is to learn the probability distribution
P∗(en+1, tn+1) = P((en+1, tn+1)|E(tn)) over the time
(tn+1), and type (en+1) of the next event given the history,
E(tn). A naive implementation has the following likelihood,
P∗(en+1, tn+1) = P∗(tn+1)

∏
h∈H[P∗(h|tn+1)]

Ih∈en+1 ×
[1 − P∗(h|tn+1)]

Ih/∈en+1 . This is obtained by assuming all
the relations inside event en+1 are independent, given the
time of the event and history. The main challenge in gener-
ating samples based on the above likelihood is that the hy-
peredge prediction requires a search over a huge number of
candidates, |H|. Alternately, we can further reduce this by
introducing a candidate generation model that will forecast
likely hyperedges (Hc

n+1),

P∗(en+1, tn+1)

= P∗(∪ern+1, tn+1)× P∗(Hc
n+1| ∪ ern+1, tn+1)×∏

h∈Hc
n+1

[P∗(h|tn+1)]
Ih∈en+1 [1− P∗(h|tn+1)]

Ih/∈en+1 . (1)

Let ∪ern+1 = ∪Ln
m=1h

r
n+1,m be the set of all the nodes in the

right hyperedge. In this model, we first predict all the right
nodes that are observing events at time tn+1, followed by a
candidate hyperedge generation module that outputs Hc

n+1,
and finally, we use the directed hyperedge predictor to get
the ground truth. Here, we assume that the right hyperedge
represents the source of the relation; for email exchange, the

right node is the sender, and citation networks have the right
nodes as the paper’s authors. The entire block diagram for
the proposed model is shown in Figure 2.

3 Model
We follow a sequential generative process by dividing the
relation forecasting into three different modules that do time
forecasting, candidate generation, and hyperedge prediction.
These models use the temporal representations of nodes
V(t) ∈ R|V|×d as input. Here d is the dimension of repre-
sentation, and vi(t) ∈ Rd denotes the representation of node
vi. The architecture used to learn this is explained in Section
3.2. In the following section, MLP∗s are multilayer percep-
tron functions, and architectures for these are explained in
Appendix C.

Node Event Model. Given the history, E(tn), the task
is to model the probability distribution of the time of oc-
currence of events on nodes. This is the product of likeli-
hood of next event occurring at time tn+1 = ∆tn+1 + tn
for nodes in ∪ern+1 and event not occurring for nodes not
in ∪ern+1 for the interval [tn, tn+1]. P∗(∪ern+1, tn+1) =∏

vi∈∪ern+1
P∗
i (∆tn+1)

∏
vi /∈∪ern+1

S∗i (∆tn+1). Here, S∗i is
the survival function that models the probability of
events not occurring in the interval [tn, tn+1]. We use
Lognormal distribution to model event times, ∆tn+1 ∼
Lognormal(µn+1,i, s

2
t ). Here, variance st is a hyperparam-

eter, and µn+1,i is parameterized by a neural network that
takes representation of vi at time tn as the input, µn+1,i =
MLPt(vi(tn)). Then the log-likelihood becomes,

LLn+1
t =

∑
vi∈∪ern+1

(log(∆tn+1)− µn+1,i)
2

2s2t

−
∑

vi /∈∪ern+1

log

(
1− Φ

(
log∆tn+1 − µn+1,i

st

))
.

Here, Φ(.) is the cumulative density function of the standard
normal. The second loss component due to the survival func-
tion is approximated using negative sampling during train-
ing.

Candidate Generation. This is achieved by predicting
the projected adjacency, arn+1,i,a

ℓ
n+1,i, and size vectors,

kr
n+1,i,k

ℓ
n+1,i, for node vi observing event from previous

module, vi ∈ ∪ern+1. We use independent Bernoulli dis-
tribution to model the adjacency vectors of vi, arn+1,i ∼
Bernoulli(σ(θrn+1,i)),a

ℓ
n+1,i ∼ Bernoulli(σ(θℓn+1,i)).

Here, θrn+1,i = MLPar(vi(tn)) and θℓn+1,i =
MLPaℓ(vi(tn)). Similarly, we model the size distribution
for node vi, kr

n+1,i ∼ Bernoulli(σ(κr
n+1,i)),k

ℓ
n+1,i ∼

Bernoulli(σ(κℓ
n+1,i)). Here, κr

n+1,i = MLPsr(vi(tn)),
and κℓ

n+1,i = MLPsl(vi(tn)). Then we can write log-
likelihood for size and adjacency prediction as,

LLn+1
k =

∑
vi∈∪ern+1,s=r,l

⟨ks
n+1,i, log(σ(κ

s
n+1,i))⟩

+ ⟨(1− ks
n+1,i), log(1− σ(κs

n+1,i))⟩, (2)
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LLn+1
a =

∑
vi∈∪ern+1,s=r,ℓ

⟨asn+1,i, log(σ(θ
s
n+1,i)⟩

+ ⟨(1− asn+1,i), log(1− σ(θsn+1,i))⟩. (3)

Hyperedge Predictor. Given the candidate hy-
peredges Hc

n+1, the the probability of observing
en+1 at time tn+1 is, P∗(en+1|Hc

n+1, tn+1) =∏
h∈Hc

n+1
σ(λh(tn+1))

Ih∈en+1 (1 − σ(λh(tn+1)))
Ih/∈en+1 .

Here, λh(t) is parameterized by a neural network that
takes representations of the nodes in h at time t as input,
λh(t) = f({vi(t)}vi∈hr , {vi(t)}vi∈hℓ). The architecture of
f(.) is explained in Section 3.1. The log-likelihood is,

LLn+1
h =

∑
h∈Hc

n+1

Ih∈en+1 log σ(λh(tn+1))

+ Ih/∈en+1
log(1− σ(λh(tn+1))). (4)

While training, the candidate hyperedges are the combina-
tion of the true hyperedges and negative hyperedges gener-
ated by negative sampling. This is done by replacing either
the left or right of true hyperedge with a hyperedge of ran-
domly sampled size and filled with random nodes.

Loss Function. The complete likelihood for event se-
quence E(tN ) is, P(E(tN )) =

∏N−1
n=0 P∗(en+1, tn+1). For

training, we minimize the negative log-likelihood,

NLL = −
[
N−1∑
n=0

LLn+1
t + LLn+1

k + LLn+1
a + LLn+1

h

]
.

3.1 Architecture of Hyperedge Predictor
We now propose an architecture that utilizes all three types
of information in a directed hyperedge to predict true hy-
peredges from candidate hyperedges. Given a directed hy-
peredge h = (hr, hℓ) with hr = {v1r , . . . , vkr} and hℓ =
{v1ℓ , . . . , vkℓ}, we use the cross-attention layer (CAT) be-
tween the sets of nodes to create cross-dynamic hyperedge
representation,

dch
ir = CAT({v1r (t), . . . ,vkr (t)}, {v1ℓ(t), . . . ,vkℓ(t)}),

for node vir . These dynamic hyperedge representations
are added to the original representation to get zir (t) =
vir (t) + dch

ir . Then we pass these through a self-attention
layer (SAT) to get self-dynamic hyperedge representation,
dsh
ir = SAT({z1r (t), . . . , zkr (t)}). The complete dynamic

hyperedge representations are obtained by combining them,
dh
ir = dsh

ir + dch
ir . We also create static hyperedge repre-

sentation shir = Wsrvir (t), where Wsr ∈ Rd×d is a learn-
able parameter. Note that the terms dynamic and static in
this section are used with respect to the hyperedge, not the
time. Then we calculate the Hadamard power of the differ-
ence between static and dynamic hyperedge representation
pairs followed by a linear layer, and the final score Phr

is
calculated as shown below,

Phr

=
1

kr

kr∑
ir=1

Wor [(d
h
ir − shir )

2||(dch
ir − shir )

2] + bor .

Mem V(t)

Left
Neighborhood

Features

Right
Neighborhood

Features

Node
Event
Model

Candidate
Generation
Module

Hyperedge
Predictor

Message
Generation

Memory
Update

vℓ(t)

vr(t)

P(∪ern+1, tn+1|E(tn))

P(Hc
n+1| ∪ ern+1, tn+1, E(tn))

[msgr(trb)||msgℓ(tℓb)]

Figure 2: Neural Architecture of DHyperNodeTPP: We cal-
culate the temporal node representation V(t) by combining
the entries from the Memory module with information from
recent relations where the node is involved in the left and
right hyperedges. These temporal node representations are
given as input to forecast nodes where events occur, fol-
lowed by candidate hyperedge generation. Then the hyper-
edge prediction decoder in Section 3.1 is used to find the
observed hyperedges.

Here, || is the concatenation operator, Wor ∈ R1×2d, bor ∈
R are the learnable parameters of the output layer. This equa-
tion models the cross and self connections in the right hyper-
edge. Similarly, we model left hyperedge to find Phℓ

with
a different set of parameters and combine them to predict
links, f({vi(t)}vi∈hr , {vi(t)}vi∈hℓ) = Phr

+ Phℓ

. The
model’s entire block architecture and details of CAT and
SAT are shown in Appendix D.

3.2 Temporal Node Representation
The temporal node representation of node vi has the fol-
lowing form, vi(t) = tanh(WsMemi + Wrvr

i (t) +
Wℓvℓ

i (t) + bv). Here, Ws ∈ Rd×d,Wr ∈ Rd×d,Wℓ ∈
Rd×d and bv ∈ Rd are learnable parameters. The first term,
Memi ∈ Rd, is the historical events information for node
vi stored in the Memory Module, as explained in the fol-
lowing section. The second term, vr

i (t), is the right neigh-
borhood features calculated based on the recent higher-order
relations h where the node vi is present in the right hyper-
edge, vi ∈ hr. Similarly, we calculate vl

i(t) based on the
relations where a node is present in the left hyperedge. The
architectures used for each of these components are shown
below.

Memory Module. Mem ∈ R|V|×d stores the historical
event information for each node in the network till time t.
This module is initialized with zero values, and when a node
is involved in a relation, its corresponding entries are up-
dated based on the output of the Message Generation Mod-
ule. However, if we update the memory with each event as
done in the previous work, (Gracious and Dukkipati 2023),
we will not be able to scale the model to a large number
of samples, as batch processing of the data is not possible.
So, we divide the events into batches of size B while main-
taining their temporal order. Then, we aggregate the relation
features of each node in the batch using the message gener-
ation stage, which is used to update the memory entries of
the node using a recurrent neural network, as explained in
the memory update stage.
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Message Generation. We calculate features for each node
in all the hyperedges in a batch (hb, tb)

B
b=1. For node vi

in the right hyperedge hr
b of (hb, tb), the features are the

concatenation of its temporal node representation vi(t), dy-
namic hyperedge representation dh

i , and Fourier features
(Xu et al. 2020) calculated from the duration t− tpi since the
last memory update of that node at time tpi . This is stored
as a message vector, msgr

i (tb) =
[
vi(t)||dh

i ||ψ(t− tpi )
]
.

Here, ψ(t − tpi ) ∈ Rd is the Fourier features based on
functional encoding for the time t − tpi . This is achieved
by learning a mapping function, ψ(t) = [cos(ω1t +
ϕ1), . . . , cos(ωdt + ϕd)] with parameters {ωi}di=1, and
{ϕi}di=1 inferred from the data. Similarly, we calculate the
message vectors (msgl(.)) for nodes in the left hyperedge.

Memory Update. The messages from the previous
section are used to update the memory entries of
the corresponding nodes before the next batch. In
our work, we use a GRU (Cho et al. 2014) based
recurrent neural networks for memory updating as,
Memi = GRU([msgr

i (t
r
b)||msgℓ

i(t
ℓ
b)],Memi), and tpi =

max(trb , t
ℓ
b). Here, trb , t

ℓ
b are the latest event times for node

vi in previous batch. The corresponding features will have
zero value for a node if the messages are unavailable on the
left or right.

Neighborhood Features. To incorporate higher-order
neighborhood information into the node representation, we
use a graph attention network to update the node rep-
resentation with features from relevant historical events.
Further, it also helps to avoid the staleness of vectors in
the Memory Module due to the absence of recent events
involving the node by extracting information from other
nodes that are previously involved with it (Kazemi et al.
2020). For a node vi at time t, we find the recent N
relations involving the node in the right hyperedge, and
we denote them as Nhr (t). Then for each hyperedge
(h, t) ∈ Nhr (t), we calculate the hyperedge representa-
tion as shown below, hr(ti) =

1
|hr|

∑
vir∈hr Wr

hMemir +
1

|hℓ|
∑

v
iℓ
∈hℓ Wℓ

hMemiℓ . Similarly, we find the recent N
relations where nodes are in the left hyperedge, Nhℓ(t), and
calculate hyperedge representation hℓ(ti). Then, the right
neighborhood features are calculated using the graph atten-
tion layer as shown below,

C(t) = [hr(t1)||ψ(t− t1), . . . ,h
r(tN )||ψ(t− tN )] ,

q(t) = Memi||ψ(0),
vr(t) = MultiHeadAttention(q(t),C(t),C(t)). (5)

The MultiHeadAttention uses the node memory vectors
for query (q(t)), and recent relation representation as keys
(C(t)) and values (C(t)) (Vaswani et al. 2017). Similarly,
we use a separate MultiHeadAttention layer to calculate
vℓ(t).

4 Experiments
Datasets. Table 1 shows the statistics of both static and
temporal directed hypergraph datasets (Yin et al. 2017;

Datasets |V| |E(T )| |Hr| |Hℓ| T

Enron-Email 183 10,311 1,003 89 99,070
Eu-Email 800 208,403 11,897 744 69,459,254
Twitter 2,130 9,889 1,218 2,321 17,277
Hepth 451 9,882 8,384 1,352 21,532
ML-Arxiv 659 18,558 2,995 17,014 62,741
Bitcoin 7,806 231,071 23,901 6,706 1,416,317,420

iAF1260b 1,668 2,084 2,010 1,985 N/A
iJO1366 1,805 2,253 2,174 2,146 N/A
USPTO 16,293 11,433 6,819 6,784 N/A

Table 1: Datasets used for Temporal and Static Directed Hy-
pergraphs along with their vital statistics.

Chodrow and Mellor 2019; Gehrke, Ginsparg, and Klein-
berg 2003; Wu et al. 2022; Jin et al. 2017). Here, |V| denotes
the number of nodes, |E(T )| denotes the number of hyper-
edges, |Hr| denotes the number of unique right hyperedges,
|Hl| denotes the number of unique left hyperedges, and T
is the time span of the dataset. For the static datasets, there
is no time span feature. A more detailed description of each
dataset is provided in Appendix D.

Baseline Models. HyperNodeTPP is an undirected ver-
sion of our model DHyperNodeTPP with right and left hy-
peredge merged into a single hyperedge, h = hr ∪ hℓ. This
uses the same temporal node representations with only a
single type of neighborhood features and HyperSAGNN ar-
chitecture for hyperedge prediction (Zhang, Zou, and Ma
2019). HGBDHE and HGDHE are models taken from previ-
ous work for higher-order relation forecasting by (Gracious
and Dukkipati 2023). TGN and GAT are pairwise models
developed for forecasting pairwise relations. TGN is devel-
oped for forecasting edges in a temporal graph (Rossi et al.
2020), and GAT (Veličković et al. 2018) forecast edges in a
static graph.

We create two tasks to evaluate our model’s event fore-
casting capabilities and to compare its performance against
baseline methods. (i) Event Type Prediction: The goal of
this task is to predict the type of event en+1 occurring at
time tn+1 given the history E(tn). For evaluating the perfor-
mance, we find the position of true hyperedges against can-
didate negative hyperedges by ordering them in descending
order of λh(t). Here, negative hyperedges are calculated by
replacing the entire left or right hyperedges with hyperedges
of randomly sampled nodes and sizes. Then MRR is calcu-
lated as follows, MRR = 1

N

∑N
n=1

1
rn+1 . (ii) Event Time

Prediction: The goal of this task is to predict the next time
of event tn+1 given the history E(tn) for the nodes of inter-
est. It can be calculated using the time estimate ∆tn+1,i =
exp (µn+1,i) for each node vi ∈ ∪ern+1. For evaluat-
ing the performance, we find the Mean Absolute Error
(MAE) between true values ttrue and estimated value t̂n,i

as, MAE = 1
N

∑N
n=1

[∑
vi∈∪ern

1
|∪ern|

|ttrue
n − t̂n,i|

]
. Addi-

tionally, the performance of predicting projected adjacency
vectors, arn,i,a

ℓ
n,i, at time t is calculated by the proportion of
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Methods GAT TGN HGDHE HGBDHE HyperNodeTPP(ours) DHyperNodeTPP(ours)

Enron-Email MAE N/A N/A 35.77 ± 1.61 13.92 ± 0.35 4.15± 0.01 4.18 ± 0.02
MRR 40.16 ± 7.15 42.22 ± 0.87 35.00 ± 3.94 36.09 ± 1.96 61.85 ± 0.01 61.94± 0.01

Eu-Email MAE N/A N/A 20.58 ± 3.34 18.57 ± 1.62 12.23 ± 0.03 12.22± 0.02
MRR 66.81 ± 0.02 69.15 ± 0.01 62.42 ± 1.79 55.34 ± 1.21 75.95± 0.01 68.05 ± 0.03

Twitter MAE N/A N/A 21.58 ± 3.79 8.16 ± 0.70 1.18± 0.01 1.20 ± 0.01
MRR 44.88 ± 0.05 55.20 ± 0.03 69.87 ± 0.72 70.19 ± 0.95 84.47± 0.01 82.12 ± 0.00

HepTh MAE N/A N/A 16.19 ± 3.01 8.86 ± 0.08 1.25 ± 0.03 1.20± 0.01
MRR 33.79 ± 8.95 51.70 ± 1.37 57.98 ± 0.82 57.40 ± 3.00 45.18 ± 0.02 79.01± 0.01

ML-Arxiv MAE N/A N/A 29.94 ± 3.77 17.29 ± 0.57 1.25 ± 0.00 1.24± 0.00
MRR 22.49 ± 4.31 37.58 ± 1.12 26.07 ± 0.29 28.13 ± 0.78 29.49 ± 0.00 52.05± 0.01

Bitcoin MAE N/A N/A 109.71 ± 4.34 63.16± 1.55 75.98 ± 1.44 75.73 ± 2.60
MRR 93.61 ± 4.02 93.34 ± 1.48 91.03 ± 0.00 85.06 ± 0.03 97.50 ± 0.09 98.72± 0.05

Table 2: Results in event type and time prediction tasks. The proposed model DHyperNodeTPP beats baseline models in almost
all the tasks. Here, event type prediction is evaluated using MRR %; here, a higher value indicates better performance, and
event time prediction is evaluated using MAE, the lower value indicating better performance.

true neighbors in the estimated adjacency vectors, ârn,i, â
ℓ
n,i

as, Recall = 1
2N

∑N
n=1

[∑
vi∈∪ern

1
|∪ern|

(ar
n,i)

⊺
âr
n,i

(ar
n,i)

⊺ar
n,i

]
+

1
2N

∑N
n=1

[∑
vi∈∪ern

1
|∪ern|

(aℓ
n,i)

⊺
âℓ
n,i

(aℓ
n,i)

⊺aℓ
n,i

]
.

In all our experiments, we use the first 50% of hyperedges
for training, 25% for validation, and the remaining 25% for
testing. We use the Adam optimizer, and models are trained
for 100 epochs with the batch size set to 128 and a learning
rate of 0.001. Models have the same representation size of
d = 64, and we use 20 negative hyperedges for each true
hyperedge in the dataset. All the reported scores are the av-
erage of ten randomized runs, along with their standard de-
viation.

4.1 Results
Our proposed model, DHyperNodeTPP, is evaluated against
previous works and an undirected baseline model, HyperN-
odeTPP. The results in Table 2 demonstrate that our models,
HyperNodeTPP and DHyperNodeTPP, outperformed previ-
ous works, HGDHE and HGBDHE, in event time predic-
tion. This superior performance can be attributed to the fact
that our models are trained to predict the next event on the
nodes, as opposed to previous models that are trained to pre-
dict the next event on a hyperedge, which is more difficult
and prone to error as they have to predict events of longer
duration. However, in our case, events on nodes are more
frequent and have shorter periods, hence the smaller error in
the event time prediction.

Further, one can observe that the temporal models per-
form much better than the static model GAT. This shows the
need for temporal models for real-world relation forecasting.
In our work, we achieve this using a memory based temporal
node representation learning technique as explained in Sec-
tion 3.2. We can also observe that models that use attention-
based temporal representation, HyperNodeTPP, and DHy-
perNodeTPP, perform better than non-attentional models,
HGBDHE and HGDHE, by comparing the performance in
event type prediction tasks. This justifies using neighbor-

hood features for temporal node representation learning. Ad-
ditionally, we have discussed the limitations of this model in
Appendix I. We have also included scalability experiments
and a comparison against the state-of-the-art event forecast-
ing model in Appendix H.1 and H.2, respectively.

Comparing directed and undirected models. To observe
the advantage of directed modeling, we compare the directed
model DHyperNodeTPP with the undirected model Hyper-
NodeTPP. Here, we see an average increase of 70% in the
MRR metric for event type prediction in citation network
based datasets Hepth and ML-Arxiv. The proposed model
gives comparable performance to the undirected model for
the other datasets. This is because in these datasets, around
70% of relations have only a single node in the left hyper-
edge, and HyperNodeTPP is performing well on these hy-
peredges of size two (kr + kl = 2). Figure 3b shows for the
Enron-Email dataset, HyperNodeTPP performs better than
DHyperNodeTPP for hyperedges of size two, while for hy-
peredges of size greater than two, DhyperNodeTPP outper-
forms HyperNodeTPP. We have observed similar trends in
Eu-Email, Twitter, and Bitcoin datasets, as shown in Figures
7b, 8b, and 11b. For Hepth and ML-Arxiv, the proposed di-
rected model outperforms the undirected model in all hy-
peredge size groups, as shown in Figures 9b and 10b, re-
spectively. For the task of event time prediction, both mod-
els performed similarly in all datasets, as observed in Fig-
ure 3c and Appendix G.1. This is because events are mod-
eled on the nodes, not on the hyperedges. We also com-
pared the models for the task of predicting projected adja-
cency vectors in the candidate hyperedge generation mod-
ule. This is done by finding estimates for projected adja-
cency vectors by thresholding the estimated probability vec-
tors, ârn,i = Iσ(θr

n,i)>thres, â
ℓ
n,i = Iσ(θℓ

n,i)>thres, and recall
is calculated. Here, thres is selected so that a fixed percent-
age of nodes will be presented as neighbors. Figure 3a shows
recall calculated for Enron-Email dataset with respect to the
percentage of nodes by varying it from 5% to 50% in the
step of 5%. Here, we can see DHyperNodeTPP has more re-
call than HyperNodeTPP, especially when the percentage of
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Figure 3: Comparison of the performance of our directed and undirected model on different forecasting tasks. Figures 3a,
3b, 3c are on Enron-Email dataset. Here, we can observe that representation from DHyperNodeTPP performs better than
HyperNodeTPP for adjacency forecasting. Furthermore, DhyperNodeTPP performs better than HyperNodeTPP for hyperedge
sizes greater than two for the event type prediction. For event time prediction, both models perform equally, as events are
modeled on nodes, and for hyperedge size prediction, directed models perform better. Hence, we can learn better representation
using direction information.

Methods HyperSAGNN CATSETMAT Ours

iAF1260b 60.1 ± 2.4 35.0 ± 1.4 61.3± 0.5
iJO1366 57.9 ± 1.8 36.2 ± 0.9 59.0± 1.8
USPTO 35.9 ± 1.8 37.8 ± 0.5 38.1± 0.6

Table 3: Performance of our hyperedge predictor in Section
3.1 compared to previous works on static directed hyper-
edge prediction. Here, the MRR metric is used to evaluate
the performance. We can observe that our proposed hyper-
edge predictor performs better than previous models.

allowed neighbors is small and similar trends are observed
in other datasets in Appendix G.3. Further, in the case of
hyperedge size prediction, DHyperNode outperforms Hy-
perNodeTPP in all the datasets, as shown in Figure 3d. The
multi-label classification metric AUC-marco (Fawcett 2006)
is calculated to evaluate this task. Here, we can see our
model DHyperNodeTPP outperforms HyperNodeTPP con-
siderably. There is an average improvement of 13.3% AUC
macro metric.

Comparing hyperedge models with the pairwise mod-
els. The advantage of hyperedge models over pairwise
edge models can be inferred by comparing models DHy-
perNodeTPP to TGN, which is the pairwise equivalent of
DHyperNodeTPP. Our model DHyperNodeTPP has an av-
erage improvement of 31.8% in MRR metric over TGN in
event type prediction.

Comparing different hyperedge prediction architec-
tures. In Table 3, we compared our directed hyperedge
predictor to previous works, HyperSAGNN (Zhang, Zou,
and Ma 2019) for undirected hyperedge prediction, and
CATSETMAT (Sharma et al. 2021) for bipartite hyperedge
prediction. Our method performs considerably better than

previous architectures. We get an average improvement of
3.7% over the undirected model and 46.6% over the bipar-
tite model in the MRR metric. This is because our link pre-
dictor models self-connections in both right and left hyper-
edges and cross edges between them. The poor performance
of CATSETMAT is due to its focus on modeling cross con-
nections, and it fails to model self-connections in both right
and left hyperedge due to the bipartite assumption.

5 Conclusion
In this work, we have proposed a comprehensive solution for
the problem of learning representations for higher-order, di-
rected, and temporal relations by presenting the model DHy-
perNodeTPP. Most of the previous works either reduce
higher-order relations to pairwise edges (Xu et al. 2020;
Trivedi et al. 2019; Kumar, Zhang, and Leskovec 2019; Gra-
cious et al. 2021) or ignore the directionality information in
the relations (Gracious and Dukkipati 2023). So, to address
this, we propose a sequential generative process involving
three stages. The first stage is used to forecast nodes where
the events will occur, which are then consumed by the sec-
ond task to forecast candidate hyperedges occurring at the
event time. The second task is then used by the directed hy-
peredge prediction stage to filter out the true hyperedges.
Since the number of nodes that observe an event at a par-
ticular time is very small, we could considerably reduce the
search space for the possible hyperedge. Further, we pro-
vide a temporal node representation learning technique that
can do batch training by using a Memory Module. This re-
duces computational complexity while training on very large
datasets. We also provide an architecture for directed hy-
peredge prediction by combining three levels of informa-
tion in the hyperedges. This work includes the creation of
five datasets and demonstrate the advantage of the proposed
model over existing models for undirected and bipartite hy-
peredge forecasting models.
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