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Abstract

The generative mechanisms behind real-world event se-
quences are often heterogeneous, leading to data that pos-
sesses inherent clustering structures. However, most exist-
ing temporal point processes (TPPs) treat different event
sequences independently, without leveraging the clustering
structures when predicting events. In this study, we design
and learn a novel semi-transductive temporal point process
(ST-TPP), which explicitly improves prediction performance
by co-training sequence clusters. In particular, given a set of
event sequences, our method learns a neural TPP together
with cluster centers of the sequences. Besides maximizing the
likelihood of the event sequences, we leverage a data-based
kernel matrix and prior knowledge to regularize the sequence
embeddings, leading to a Gromov-Wasserstein barycentric
(GWB) regularizer. Based on the optimal transport plans as-
sociated with the GWB regularizer, we derive the cluster cen-
ters by the push-forward of the sequence embeddings. When
a new sequence comes, the learned model first assigns a clus-
ter center to the sequence and then jointly encodes the se-
quence and the cluster center to predict future events, lead-
ing to a semi-transductive prediction scheme. Experiments
demonstrate that ST-TPP achieves competitive sequence clus-
tering results and strong prediction performance.

Introduction
As a powerful statistical tool, temporal point process (TPP)
is commonly used to model and predict event sequences in
the continuous-time domain. In the past decades, many TPPs
have been proposed, e.g., Hawkes process (Hawkes 1971;
Liniger 2009), self-correcting process (Isham and Westcott
1979; Xu et al. 2016), and those neural TPPs (Du et al. 2016;
Mei and Eisner 2017; Zuo et al. 2020; Wang et al. 2025;
Gong et al. 2025). These models have achieved encourag-
ing performance in various sequence modeling tasks, e.g.,
health data management (Enguehard et al. 2020), network
analysis (Zhao et al. 2015; Kong et al. 2023), and financial
engineering (Bacry, Mastromatteo, and Muzy 2015).

Despite their usefulness, the above TPPs seldom con-
sider the clustering structures of event sequences. Real-
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world event sequences often yield various generative mech-
anisms and thus have clustering structures naturally, e.g., the
admission behaviors of patients with different diseases, the
job-hopping behaviors of employees in different industries,
and so on. Ignoring such clustering information may lead to
model misspecification and suboptimal model performance.
Typically, we can define various distance metrics for event
sequences (Iwayama, Hirata, and Aihara 2017; Xiao et al.
2017; Xu, Luo, and Zha 2021) and then cluster event se-
quences by spectral clustering (Ng, Jordan, and Weiss 2001).
Unfortunately, this transductive strategy does not model the
generative mechanisms of event sequences and thus can-
not apply to event prediction. Recently, mixture models of
TPPs (Luo et al. 2015; Xu and Zha 2017a; Zhang et al.
2022) are applied to learn multiple TPPs for the event se-
quences with clustering structures. However, the complexity
of these mixture models is linear with the number of clusters,
and they suffer a high risk of over-fitting because of learn-
ing multiple TPPs. To our knowledge, how to incorporate
sequence clusters with event prediction is still a significant
open problem in the community of TPP modeling.

In this study, we propose a novel semi-transductive tem-
poral point process (ST-TPP) and corresponding learning
method with the help of optimal transport (OT) (Mémoli
2011a), leading to a learning paradigm of TPP enhancing
event prediction with proper clustering information. As il-
lustrated in Figure 1, ST-TPP consists of a sequence encoder
and a neural intensity predictor, working for sequence em-
bedding and event prediction, respectively. The sequence en-
coder is associated with the cluster centers of the training
sequences’ embeddings. In both training and testing phases,
given a sequence, the sequence encoder obtains the event-
and sequence-level embeddings and assigns a cluster center
to the sequence. The predictor leverages the three kinds of
information to predict future events for the sequence. This
prediction paradigm leads to the so-called semi-transductive
learning strategy (Alzubaidi et al. 2012; Ge et al. 2023),
which combines the inductive embeddings of the target se-
quence with the transductive clustering information learned
from the whole training set.

We learn the ST-TPP model in a regularized maximum
likelihood estimation (MLE) framework. As shown in Fig-
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Figure 1: The training and testing schemes of ST-TPP.

ure 1(a), the embeddings of training sequences are reg-
ularized to minimize the Gromov-Wasserstein barycenter
(GWB) (Peyré, Cuturi, and Solomon 2016) of the kernel
matrices deriving from the data and prior knowledge, re-
spectively. Based on the OT plans associated with the GWB
regularizer, the cluster centers can be obtained by the push-
forward operation of the sequence embeddings (Peyré, Cu-
turi et al. 2019). Note that the proposed learning method is
compatible with stochastic gradient descent, with low com-
putational complexity.

ST-TPP provides a new solution to enhance event predic-
tion with sequence clusters. Its semi-transductive prediction
paradigm is applicable to most existing TPP models that in-
volve event and sequence embedding, which may inspire
new TPP modeling strategies. Experiments on both synthetic
and real-world datasets demonstrate the effectiveness of ST-
TPP. Compared with state-of-the-art TPP models, ST-TPP
achieves competitive prediction accuracy and derive clus-
tered sequence embeddings, whose model performance and
interpretability are improved significantly.

Preliminaries and Related Work
TPP and Its MLE Framework Denote an event sequence
with N events as s = {(tn, cn)}Nn=1, where (tn, cn) is the
n-th event, tn ∈ [0, T ] is its timestamp, and cn ∈ C =
{1, ..., C} is its event type. A multivariate TPP is denoted as
N(θ) = {Nc(t; θ)}c∈C,t∈[0,T ], where θ denotes the model
parameters and Nc(t; θ) is a stochastic process counting the
number of the type-c events till time t. The TPP is char-
acterized by a multivariate intensity function, denoted as

λ(t) = {λc(t)}c∈C,t∈[0,T ], where

λc(t)dt = dE[Nc(t; θ)|HC
t ], ∀c ∈ C. (1)

Here, λc(t) represents the expected instantaneous rate of the
type-c event happening at time t given the historical events
HC

t = {(tn, cn) ∈ s|tn < t}.
Given M observed event sequences, i.e., S = {sm}Mm=1,

we can learn the TPP in the following maximum likelihood
estimation (MLE) framework (Liniger 2009):

minθ −
∑M

m=1
logL(sm; θ). (2)

Here, L(sm; θ) is the likelihood of the m-th sequence sm =

{(tn,m, cn,m)}Nm
n=1, i.e.,

L(sm; θ) =

Nm∏
n=1

λcn,m(tn,m) exp
(
−
∑
c∈C

∫ T

0

λc(s)ds
)
. (3)

TPPs Considering Sequence-level Clusters For model-
ing event sequences with underlying clustering structures,
a straightforward solution is learning a mixture model of
multiple TPPs (Xu and Zha 2017a; Zhang et al. 2022),
i.e., {wk,N(θk)}Kk=1, where K is the number of clusters,
N(θk) is the TPP generating the k-th cluster’s event se-
quences, and wk is the probability of the k-th cluster. The
{N(θk)}Kk=1 can be classic TPPs (like Hawkes processes)
or neural ones. The MLE of this mixture model, i.e.,

min{wk,θk}K
k=1
−
∑M

m=1
log

(∑K

k=1
wkL(sm; θk)

)
, (4)

can be solved by the expectation-maximization (EM) algo-
rithm (Xu and Zha 2017a). Given a new sequence, the mix-
ture model selects the TPP with the highest likelihood to pre-
dict its future events, in which the model essentially degrades
to a single TPP and fails to fully leverage the learned clus-
tering information.

Optimal Transport-Based Sequence Clustering Given
M event sequences with K clusters, the key step to cluster
them is defining a distance metric for the event sequences.
To achieve this aim, many valid distances have been pro-
posed, including the counting-based distance in (Iwayama,
Hirata, and Aihara 2017), the Wasserstein distance in (Xiao
et al. 2017), and the hierarchical optimal transport (HOT)
distance in (Xu, Luo, and Zha 2021). Denote the distance
matrix of the sequences as D = [d(sm, sm′)] ∈ RM×M .
We can further define a kernel function based on the distance
(e.g., a Gaussian kernel with a bandwidth σ), resulting in a
kernel matrix K̃ = [exp(−d2(sm, sm′)/(2h2))] ∈ RM×M

to capture the pairwise similarities of the sequences. As
shown in (Xu and Zha 2017b), this kernel matrix reflects
the clustering structure of the event sequences.

Recently, the work in (Xu, Luo, and Carin 2019; Chowd-
hury and Needham 2021) demonstrates that computing the
Gromov-Wasserstein (GW) distance (Mémoli 2011b) be-
tween K̃ and an identity matrix with size K ×K (denoted
as IK) leads to a generalized spectral clustering method.
Definition 1 (Gromov-Wasserstein distance). Denote Xµ,κ1

andYν,κ2
as two metric-measure spaces, respectively, where
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µ, and ν are probability measures, and κ1 : X 2 7→ R+

and κ2 : Y2 7→ R+ are two kernel functions. The p-
order GW distance between the two spaces, denoted as
GW p(Xµ,κ1

,Yν,κ2
), is defined as

infπ∈Πµ,ν

(∫

X 2×Y2

rp(x, x′, y, y′)dπ(x, y)dπ(x′, y′)
) 1

p

,

where π ∈ Πµ,ν = {π ≥ 0|
∫
X dπ(x, y) =

ν(y),
∫
Y dπ(x, y) = µ(x)} is called transport plan between

µ and ν. r(x, x′, y, y′) = |κ1(x, x
′) − κ2(y, y

′)| is the dis-
tance between the kernel functions’ values.

According to the definition and Proposition 1 in (Peyré,
Cuturi, and Solomon 2016), the discrete 2-order GW dis-
tance between two kernel matrices (i.e., GW2(K1,K2),
where K1 ∈ RM×M and K2 ∈ RL×L) is

min
T∈ΠM,L

(∑
m,m′,l,l′

[|K1(m,m′)−K2(l, l
′)|2]

)1/2

= minT∈ΠM,L
⟨C(K1,K2,T ),T ⟩1/2.

(5)

C(K1,K2,T ) = 1
M (K1 ⊙K1)1M×L + 1

L1M×L(K2 ⊙
K2)−2K1TK⊤

2 ,⊙ is the Hadamard product, and ΠM,L =

{T ∈ RM×L
+ |T1L = 1

M 1M ,T⊤1M = 1
L1L} is the feasi-

ble domain of the OT plan matrix T .
Based on the work in (Xu, Luo, and Carin 2019; Chowd-

hury and Needham 2021), we can cluster event sequences by
computing GW2(K̃, IK). The optimal transport plan, de-
noted as T ∗ ∈ ΠM,K , corresponds to the joint distribution
of the M sequences and K clusters and thus indicates the
clustering results.1 However, as aforementioned, how to ap-
ply the clustering results in event prediction is still an open
problem for TPP models.

Proposed Method
Semi-Transductive Paradigm for Event Prediction
Different from existing TPPs, our ST-TPP model applies a
semi-transductive paradigm for event prediction. As shown
in Figure 1, ST-TPP consists of a sequence encoder and a
neural intensity predictor, working for embedding event se-
quences and predicting events, respectively. In addition, K
cluster centers of sequence-level embeddings are learned as-
sociated with the encoder, which stores the clustering infor-
mation of training data. Specifically, the key modules of ST-
TPP are shown below.

Sequence Encoder As shown in (Wang et al. 2023), most
existing TPPs embed event sequences when calculating their
intensity functions. Typically, given an event sequence s
with N events, we obtain its event-level embeddings as

{hn}Nn=1 = g(s), (6)

where hn ∈ RD is the D-dimensional embedding of the
n-th event. g denotes the sequence encoder, which can
be implemented as a continuous-time recurrent neural net-
work (Du et al. 2016; Mei and Eisner 2017), a Transformer

1The details of GW distance and generalized spectral clustering
are shown in supplementary file.

encoder (Zhang et al. 2020; Zuo et al. 2020), or any other
sequential neural networks.

Given event-level embeddings, we can obtain a sequence-
level embedding by mean-pooling, i.e.,

h(t) = MeanPooling({hn}tn≤t) ∈ RD, (7)
where h(t) denotes the sequence embedding till time t. Ac-
cordingly, h(tN ) is the embedding of the whole sequence.

In addition, the ST-TPP model contains K learnable clus-
ter centers associated with the sequence encoder, denoted as
A = [a1, ...,aK ]⊤ ∈ RK×D. Given an arbitrary sequence-
level embedding h(t), we can assign the closest cluster cen-
ter to it, i.e.,

a(t) = arg mina∈{ak}K
k=1
∥h(t)− ak∥2. (8)

The selected cluster center, denoted as a(t), works as the
cluster-level embedding, which contains the structural infor-
mation of the whole training dataset rather than the temporal
information of an individual sequence.

Neural Intensity Predictor Suppose that we observe N
events happening till time t, i.e., s = {(tn, cn)}Nn=1, and
would like to predict a possible event happening at time t′

(t′ > t). The proposed neural intensity predictor leverages
the embeddings at event, sequence, and cluster levels jointly
to model the multivariate intensity function at time t′, i.e.,
λ(t′) = f(Concat(hN ,h(t′)︸ ︷︷ ︸

inductive

, a(t′)︸︷︷︸
transductive

), t′ − tN︸ ︷︷ ︸
time interval

),
(9)

where Concat(· · · ) denotes the concatenation operation of
vectors. f is a neural network modeling the intensity func-
tion, which is implemented as a multi-layer perceptron
(MLP). hN is the embedding of the last event, whose times-
tamp tN is the closest timestamp to the target time t′. The
time interval t′−t captures the decay of the observed events’
influence on the future event at time t′. Given λ(t′), we pre-
dict event at time t′ by c∗ = argmaxc∈C λc(t

′).
As shown in (9), our model combines the embedding in-

formation of the target sequence with the clustering informa-
tion from other sequences. The former is inductive because
the event- and sequence-level embeddings are derived di-
rectly from the parametric sequence encoder, which is inde-
pendent with other sequences. In contrast, the latter is trans-
ductive — the cluster-level embedding is selected from the
cluster centers learned from the sequence-level embeddings
of training sequences in a nonparametric way.

Our model is motivated by the following facts:
• The event-level embedding mainly captures the short-

range event dependency. Especially when f is imple-
mented by recurrent neural networks, the early events are
likely to be forgotten with the increase of time, and they
will contribute little to the event-level embedding hN .

• The sequence-level embedding aggregates event-level
embeddings evenly, without considering the decay of
early events’ impacts. As a result, h(t′) can capture long-
range event dependency better than hN .

• The cluster-level embedding a(t′) allows the target se-
quence to leverage the information of the similar se-
quences used in the training phase, it helps enhance the
robustness of event prediction.
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Our model leverages the three kinds of embeddings jointly,
which is expected to achieve better prediction accuracy.

Gromov-Wasserstein Barycentric Regularization
In the training phase, we learn ST-TPP (including the se-
quence encoder, the neural intensity predictor, and the clus-
ter centers) in a regularized MLE framework, in which a
GWB regularizer is applied to obtain the cluster centers.

Joint utilization of data and prior knowledge Specifi-
cally, given M training sequences {sm}Mm=1, we can ob-
tain their sequence-level embeddings, denoted as H =
[h(1)(tN1

), ...,h(M)(tNM
)]⊤ ∈ RM×D. The sequence-level

embeddings can be used to measure the similarity among
the event sequences. Given arbitrary two sequence-level em-
beddings, we can apply a Gaussian kernel to measure their
similarity, leading to the following kernel matrix, denoted as
K = [exp(−∥h(m) − h(m′)∥22/(2σ2))] ∈ RM×M .

Inspired by the GW-based generalized spectral clustering
methods (Xu, Luo, and Carin 2019; Chowdhury and Need-
ham 2021), we regularize the kernel matrix K by

minK

GWB(K)︷ ︸︸ ︷
GW 2

2 (K, K̃)︸ ︷︷ ︸
data-centric

+GW 2
2 (K, IK)︸ ︷︷ ︸

prior knowledge

. (10)

Here, the first term is data-centric, corresponding to the GW
distance between the embedding-based kernel K and the se-
quence distance-based kernel K̃. Penalizing this term en-
courages K to inherit the similarities obtained from the
pairwise distances of the event sequences. The second term
in (10) computes the GW distance between K and IK ,
which follows the principle of the GW-based generalized
spectral clustering. By penalizing this term, we impose the
prior knowledge of clustering structure on K, encourag-
ing the sequence-level embeddings to be clustered into K
classes. Minimizing these two GW distances jointly leads to
the proposed GWB regularizer of K, denoted as GWB(K).
The optimal K is the GW barycenter of K̃ and IK (Peyré,
Cuturi, and Solomon 2016).
• Remark 1. In the first term of (10), we apply GW dis-

tance rather than the mean-square-error (i.e., ∥K−K̃∥2F )
to make the regularizer applicable in practice, especially
in those large-scale applications. On one hand, given M
sequences, we can select a subset of sequences and com-
pute a small-sized K̃ in advance.2 Without computing a
kernel matrix with size M ×M , we can reduce the com-
putational complexity significantly when M is large. On
the other hand, when M is large, we need to train the
ST-TPP model by stochastic gradient descent, and ac-
cordingly, compute a small-sized K for each batch of
sequences. As a result, the rows and columns of K̃ are
not aligned to those of K, and the mean-square-error be-
comes inapplicable in such a situation.

2In this work, we apply the counting-based distance
in (Iwayama, Hirata, and Aihara 2017) to compute the pairwise
distance matrix of sequence and derive K̃ accordingly.

Algorithm 1: The computation of GW 2(K1,K2)

Require: Kernel matrices K1 ∈ RM×M , K2 ∈ RL×L, the
weight of the proximal term λ.

1: Initialize b = 1
L1L and T = 1

ML1M×L

2: While Not converge Do
3: G = exp (−C(K1,K2,T )

λ )⊙ T
4: While Not converge Do
5: a = 1M/(MGb), and then b = 1L/(LG

⊤a)
6: T = (ab⊤)⊙G
7: return The OT plan T ∗ ← T , and GW 2(K1,K2)

GW Distance GW Distance
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riving cluster centers.

Deriving Cluster Centers via Push-forward We com-
pute the GW distances in (10) by the proximal gradient algo-
rithm (Peyré, Cuturi, and Solomon 2016; Xu, Luo, and Carin
2019), whose algorithmic scheme is shown in Algorithm 1.
We denote the optimal transport matrices corresponding to
GW2(K, K̃) and GW2(K, IK) as T ∗

1 and T ∗
2 . As illus-

trated in Figure 2, T ∗
1 and T ∗

2 align K to K̃ and IK , re-
spectively. For the sequences constructing K and those con-
structing K̃, the high-valued elements in T ∗

2 indicate the
correspondence between them. Similarly, for the sequences
constructing K, the high-valued elements in T ∗

1 indicate the
clustering results of the sequences. As a result, we can derive
cluster centers of sequence-level embeddings by the follow-
ing push-forward operation (Courty et al. 2016):

A = (MT ∗
2 )

⊤H, (11)

in which each cluster center is achieved by the weighted av-
erage of the sequence-level embeddings. The weight matrix
(MT ∗

2 )
⊤ = [p(h(m)(T )|ak)] is a nonnegative and colum-

nwisely normalized matrix. Its element p(h(m)(T )|ak) can
be explained as the conditional probability of the m-th se-
quence given the k-th cluster.
• Remark 2: Given M sequences, applying the push-

forward operation to the whole sequence-level embed-
ding matrix is time-consuming because it involves com-
puting the GW distance with complexity O(M2K). To
achieve a trade-off between computational efficiency and
model performance, we call the push-forward operation
in (11) for each batch. Given the i-th batch of event se-
quences, whose batch size is B, we obtain the sequence-
level embedding matrix H(i) and the corresponding ker-
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Algorithm 2: The learning algorithm solving (13)

Require: Event sequences S = {sm}Mm=1 in [0, T ], the hy-
perparameter τ , the predefined number of clusters K,
the batch size B, the number of epochs J .

1: Initialize model parameters {g, f,A} randomly.
2: Sample L sequences randomly and compute K̃ based

on the distance matrix of the sequences. O(L2)
3: for j = 1, · · · , J do
4: – Update {g, f}:
5: for each batch B do
6: for each sequence s ∈ B do
7: Get event embeddings for each event via (6).
8: Get sequence embeddings {h(tn)}Nn=1 via (7).
9: Get cluster embeddings {a(tn)}Nn=1 via (8).

10: Get the intensity of each event by (9).
11: end for
12: Get −

∑
s∈B logL(s) based on (3). O(BN2)

13: Get K based on H = [h(b)(tNb
)]. O(B2D)

14: Get GW distances and OT plans {T ∗
1 ,T

∗
2 } via Al-

gorithm 1. O(BL2 +B2L+BK2 +B2K)
15: Get the loss − logL(s) + τGWB(K) and update

{g, f} by Adam (Kingma and Ba 2014).
16: end for
17: – Update A:
18: Initialize A = 0K×D.
19: for each batch B do
20: Get K based on H = [h(b)(tNb

)]. O(B2D)
21: Compute T ∗

2 via Algorithm 1. O(BK2 +B2K)
22: A← A+ (BI T

∗
2 )

⊤H . O(KBD)
23: end for
24: end for
25: return The ST-TPP Model {g, f,A}.

nel matrix K(i). By computing GW2(K
(i), IK) and ap-

plying the push-forward operation, we derive the i-th
OT plan, denoted as T ∗(i)

2 , and the corresponding cluster
centers A(i). As a result, the average of all batch-based
cluster centers leads to the learning result, i.e.,

A(i) = (BT
∗(i)
2 )⊤H(i), A ≈ 1/I

∑I

i=1
A(i), (12)

where I = M/B is the number of batches.

Learning Algorithm of ST-TPP
Combining the GWB regularizer in (10) with the MLE loss
in (2), we obtain the learning problem of ST-TPP, i.e.,

min
θ={g,f,A}

(
−

M∑

m=1

logL(sm; θ) + τ GWB(K; θ)
)
, (13)

where the model parameters include {g, f,A}. The hyper-
parameter τ > 0 controls the significance of the GWB regu-
larizer. This problem can be solved efficiently by iterative al-
ternating optimization. Algorithm 2 shows the training pro-
cess of ST-TPP, together with the computational complexity

Dataset #Event types C #Sequences M Max. #Events N

Syn. (K = 2) 5 8,000 50
Taobao 17 2000 64

SO 22 2200 100
Taxi 10 2000 38

Amazon 16 8300 94

Table 1: The basic of datasets

of key steps. In each epoch, we update {g, f} and A by alter-
nating optimization, and the updating of {g, f} is achieved
by stochastic gradient descent.

In practice, the number of clusters (i.e., K) is unknown
in general. Therefore, given a set of real-world event se-
quences, we set it empirically in the range [5, 10], which
is significantly smaller than the batch size. In addition, to
achieve a trade-off between efficiency and performance, we
set the batch size B and the subset size L are significantly
smaller than the dataset size M . In such a situation, we can
find that the computational cost introduced by the GW dis-
tances is mild, which is about O(BL2 +B2L).

Experiments
We evaluate our method on several synthetic and real-world
datasets, demonstrating its superiority compared to base-
lines. In addition, analytic studies are conducted to demon-
strate the interpretability, robustness, and scalability of our
method. All experiments are run on a server with two 3090
GPUs, and for each method we record its averaged perfor-
mance and standard deviation in three trials.

Implementation Details
Datasets We conducted experiments using both synthetic
and real-world data. In particular, the work in (Zhang et al.
2022) generates a set of event sequences by two TPPs (i.e.,
Hawkes process and In&Ex Process in which the event re-
lation is either inhibition or excitation). Accordingly, we
construct a synthetic dataset with two sequence clusters, in
which each cluster corresponds to the sequences generated
by a specific TPP model. For the real-world data, we con-
sider four representative datasets, including Taobao (Xue
et al. 2022), StackOverflow (SO) (Linderman and Adams
2014), Taxi (Whong 2014), and Amazon (Ni 2018). The
statistics of the datasets can be found in Table 1.

Baselines and Implementation Details We consider rep-
resentative methods as baselines, including i) learning a sin-
gle TPP by MLE and ii) learning the state-of-the-art mixture
model of TPPs (Zhang et al. 2022). To demonstrate the uni-
versality of our method, we consider various TPP models as
backbones, including i) the ordinary differential equation-
based ODETPP (Chen, Amos, and Nickel 2020), ii) the
recurrent neural network-based RMTPP (Du et al. 2016),
and iii) the Transformer-based models (SAHP (Zhang et al.
2020), THP (Zuo et al. 2020), and AttNHP (Yang, Mei,
and Eisner 2021)). Applying our semi-tranductive (ST)
paradigm to the TPPs leads to a series of ST-TPP models.
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Method
Taobao StackOverflow Amazon Taxi Synthetic (K = 2)

ELL ↑ ACC ↑ ELL ↑ ACC ↑ ELL ↑ ACC ↑ ELL ↑ ACC ↑ ELL ↑ ACC ↑ NMI ↑ ARI ↑
RMTPP -0.7180.043 0.4360.000 -2.7560.009 0.4250.003 -2.1960.002 0.2590.009 0.2760.004 0.8460.002 -0.5290.000 0.2820.003 0.6890.021 0.7760.026

ST-RMTPP -0.5140.006 0.4360.000 -1.5970.015 0.4370.010 1.5310.138 0.3110.006 0.4570.005 0.9130.001 -0.5170.009 0.3130.007 0.7300.008 0.8230.006

SAHP -0.7340.116 0.4080.224 -11.9560.547 0.0210.003 -2.5210.234 0.2040.040 -0.4150.146 0.6060.013 -0.5470.014 0.2680.002 0.6510.024 0.7550.022
ST-SAHP -0.6500.004 0.4370.007 -5.3860.322 0.0460.002 -1.8720.024 0.2600.013 -0.0470.041 0.8770.012 -0.5030.018 0.2980.007 0.7380.021 0.8300.018

THP -0.2380.035 0.4770.001 -5.5430.017 0.3800.002 -2.4500.014 0.3360.001 0.0550.017 0.8690.001 -0.5190.003 0.2900.003 0.6430.014 0.7770.023
ST-THP 0.2340.001 0.5960.002 -2.3430.011 0.4600.004 -2.1090.010 0.3830.002 0.3240.003 0.9210.002 -0.4830.012 0.3160.008 0.7160.014 0.8100.012

ODETPP -0.4480.015 0.4360.000 -4.7540.258 0.3230.025 -2.3410.243 0.3390.006 0.9310.161 0.8660.003 0.0360.012 0.2480.001 0.6330.011 0.7160.022
ST-ODETPP 0.7950.017 0.5070.002 0.4660.161 0.3710.007 -1.1020.083 0.3480.006 1.9010.063 0.9090.003 0.0820.021 0.3300.003 0.7000.009 0.7920.018

AttNHP -0.7230.003 0.4360.001 -6.2920.008 0.3650.001 -2.5840.001 0.2990.001 -0.0660.033 0.6840.028 -0.5080.002 0.2470.008 0.6580.016 0.7490.022
ST-AttNHP -0.3270.006 0.5010.005 -2.4660.013 0.4440.001 -0.4890.014 0.3410.013 0.1550.014 0.8860.014 -0.5070.001 0.2860.001 0.6650.012 0.7670.011

Table 2: Comparison experiments. The standard deviation is shown as the subscript of each result.

For each ST-TPP model, it considers sequence- and cluster-
level embeddings when predicting events.

For our method, the bandwidth σ of kernel is a key hyper-
parameter. We apply an adaptive method to determine the
bandwidth: Given the distances among the event sequences,
we empirically set σ based on the median of the distances.
For the remaining hyperparameters, e.g., learning rate, batch
size, epochs, and so on, we configure them based on the de-
fault settings in (Xue et al. 2024) for a fair comparison.

Evaluation Measurements Given a learned model, we
use i) the log-likelihood per event (ELL) and ii) the pre-
diction accuracy of event types (ACC) to evaluate its data fi-
delity and prediction power, respectively. The visualization
of the sequence-level embeddings derived by the model is
used to qualitatively evaluate its clustering capability. When
the model is learned on synthetic datasets, whose cluster la-
bels are known, we employ i) Adjusted Rand Index (ARI)
and ii) Normalized Mutual Information (NMI) to evaluate
the model’s clustering performance quantitatively.

Event Prediction and Sequence Clustering
Numerical Comparisons Table 2 shows the superior per-
formance of our method across different datasets and eval-
uation metrics. In particular, for each TPP model, learning
it by our regularized MLE method and leveraging our semi-
tranductive prediction paradigm always improve the event
prediction accuracy. These results demonstrate the useful-
ness of sequence- and cluster-level information for event
prediction. Besides the event prediction power, our method
also improves the sequence clustering performance of the
models, as shown in the results achieved on the synthetic
data. It means that the proposed GWB regularizer helps learn
structured sequence-level embeddings, which enhances the
model interpretability.

Visualization Results To further demonstrate the ratio-
nality of our method, we show the t-SNE plots (Maaten
and Hinton 2008) of the sequence-level embeddings learned
by different methods in Figure 3. According to the visual
effects, we can find that the embeddings learned by our
method have more distinguishable clustering structures, i.e.,

(a) THP v.s. ST-THP

(b) RMTPP v.s. ST-RMTPP

Figure 3: The t-SNE plots of sequence-level embeddings
achieved by different methods. In each subfigure, we visual-
ize 256 sequence-level embeddings per cluster.

the sequence-level embeddings corresponding to different
clusters are separated while those within the same cluster
are concentrated.

Analytic Experiments
The Impact of GWB Regularization The weight τ
in (13) controls the significance of our GWB regularizer. In
Figure 4, we set τ ∈ [1e − 4, 1e − 2] and show the evalu-
ation measurements of our method under different settings.
With the increase of τ , the GWB regularizer provides use-
ful information to enhance the clustering structure of the
sequence-level embeddings, leading to good NMI and RI
results. At the same time, the model can maintain promis-
ing ELL and ACC. It means that the GWB regularizer helps
improve model interpretability without doing harm to the
model prediction power. However, ELL and ACC may drop
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(a) ELL (b) ACC (c) NMI (d) RI

Figure 4: The impact of τ when learning ST-THP on the
synthetic dataset.

Loss function ELL ↑ ACC ↑ NMI ↑ RI ↑
MLE+GWB+CE -0.4830.012 0.3160.008 0.7160.014 0.8100.012

MLE+GWB -0.5040.001 0.2980.004 0.6890.012 0.7880.012

MLE+CE -0.4960.003 0.3060.004 0.6750.014 0.7710.009

MLE -0.5160.004 0.2960.003 0.6730.016 0.7720.023

Table 3: The impacts of different regularizers on learning
THP (Zuo et al. 2020)

when setting τ > 5e− 3. In such a situation, the MLE term
is overlooked, and the training data is not well-fitted. Ac-
cording to the results, our method performs robustly when
setting τ in a reasonable range.

Note that, our GWB regularizer is compatible with other
regularizers. Take THP (Zuo et al. 2020) as an example.
Besides MLE, THP enhances its event prediction power by
considering a cross-entropy (CE) loss between the normal-
ized intensity functions and the event types in one-hot for-
mats. When implementing our ST-THP, we add this CE-
based regularizer into our learning problem as well. Table 3
shows that our GWB regularizer is compatible with the CE-
based regularizer. In particular, the MLE in Table 3 means
learning ST-TPP by the classic MLE, without the help of the
regularizer, and the cluster centers are learned by the spec-
tral clustering of sequence-level embeddings. Both GWB
and CE-base regularizers benefit the model performance,
and applying them jointly leads to the best learning result.
In addition, the results in Table 3 imply that compared to the
CE-based regularizer, our GWB regularizer focuses more on
enhancing the clustering structure of sequence-level embed-
dings — the improvements on clustering metrics achieved
by GWB regularizer are more significant than those on data
fitting and event prediction.

The Impacts of The Embeddings at Different Levels
As one of our main contributions, ST-TPP leverages the
sequence- and cluster-level embeddings to enhance event
prediction. Take The impacts of the embeddings at different
levels are shown in Table 4. Both sequence- and cluster-level
embeddings help improve model performance, and apply-
ing them jointly leads to the best result. These phenomena
demonstrate the effectiveness of our semi-transductive pre-
diction paradigm. On the one hand, the sequence-level em-
bedding aggregates the historical event embeddings evenly.
Ignoring the decay of events’ influences over time, it helps
capture the long-range dependency among events within the
target sequence. On the other hand, the cluster-level embed-

Levels ELL ↑ ACC ↑ NMI ↑ RI ↑
Event+Seq.+Cluster -0.4830.012 0.3160.008 0.7160.014 0.8100.012

Event+Cluster -0.5200.003 0.2930.004 0.6420.055 0.7430.05

Event+Seq. -0.4880.005 0.3090.002 0.6460.046 0.7500.042

Event -0.5110.005 0.2910.002 0.6420.048 0.7420.032

Table 4: The impacts of different embeddings on learning
ST-THP on synthetic data.
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Figure 5: The training time and final model performance
with respect to the sampling rate of K̃ when learning ST-
THP on synthetic data.

ding allows the target sequence to leverage the information
of training sequences, achieving a new information sharing
mechanism based on sequence clustering.

The Impact of Kernel Approximation Sampling K̃
helps achieve a trade-off between the scalability and per-
formance of our method. Take ST-THP as an example, we
apply our method using different sampling rates. Given
M training sequences, we set the sampled kernel size as
L = round(Mr), where r ∈ {0.005, 0.01, 0.05, 0.1} is
the sampling rate of the kernel matrix. Figure 5 visualizes
the evaluation metrics under different settings. As shown in
Figure 5(a), the runtime per epoch of our method quadrat-
ically increases with the kernel size due to the complex-
ity of the GW distance. This result matches well with the
computational complexity shown in Algorithm 2. Moreover,
the learned model obtains promising and stable performance
(i.e., ELL, ACC and NMI) even when a small kernel size is
applied, demonstrating the rationality of using a small sam-
pling rate in large-scale applications.

Conclusion
We introduced a novel ST-TPP model for event sequence
modeling, which enhances event prediction with the help of
the clustering information of training data. An MLE method
with Gromov-Wasserstein barycentric regularization is pro-
posed to learn the model, which is compatible with stochas-
tic gradient descent and thus applicable to large-scale learn-
ing problems. Through extensive evaluations of synthetic
and real-world datasets, our method exhibited superior per-
formance compared to state-of-the-art methods. Overall, our
work presents a new approach to improving TPPs, which
may inspire new learning and prediction paradigms. In the
future, we plan to apply our work in practical applications
and develop more efficient algorithms to compute GW dis-
tance and accelerate the training of the model.
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