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Abstract

Marked Temporal Point Process (MTPP) – the de-facto se-
quence model for continuous-time event sequences – histor-
ically employed for modeling human-generated action se-
quences, lack awareness of external stimuli. In this study,
we propose a novel framework developed over Transformer
Hawkes Process (THP) to incorporate external stimuli in a
domain-agnostic manner. Furthermore, we integrate person-
alization into our framework by employing language model-
based representations of user and event descriptions, which is
essential for modeling human-generated action sequences.
Towards evaluating the efficacy, we put together a compre-
hensive benchmark comprising 5 datasets (2 novel additions,
and 3 repurposed from existing open datasets) harvested
from several domains, spanning education, e-commerce, on-
line payment, and discussion forum. On average, we achieve
9.35% gain in type-prediction accuracy and 7.38% reduc-
tion in time-prediction RMSE across all datasets over SOTA
MTPP baselines. We demonstrate the superior performance
of our proposed model through extensive ablations and show-
casing its ability to capture complex combinations of external
stimuli in a synthetic set up.

Introduction
Continuous-time event sequences are ubiquitous in nature
and society: e.g., opinions expressed in Online Social Net-
work (De et al. 2016), buy and sell transactions in Stock
Exchanges (Bacry, Mastromatteo, and Muzy 2015), earth-
quakes and tremors in geo-physics (Touati, Naylor, and
Main 2014). In general, any system emitting a sequence of
asynchronous events localized in time matches this descrip-
tion. In such sequences, each event is generally associated
with a timestamp, a context, an actor, and an action infor-
mation. For such sequences, MTPP (Daley and Vere-Jones
2007; Last and Brandt 1995) has emerged as a powerful
framework and has been subsequently employed in a wide
array of domains (De et al. 2016; Farajtabar et al. 2015;
Rizoiu et al. 2017; Tabibian et al. 2019; Boyd et al. 2020;
Gupta et al. 2022; Zhang et al. 2021; Qu et al. 2023; Xue
et al. 2023; Sahebi et al. 2024).

In particular, asynchronous event sequences representing
human actions, – online payments (Manzoor and Akoglu
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Figure 1: An illustrative example of the temporal predic-
tion problem where the temporal sequence contains both the
user-generated events (customer transactions) and a number
of external stimuli (in form of various coupons across differ-
ent categories). Our problem is to predict the time and type
of the next user event (such as apparel shopping).

2017); sleep, eat, and exercise habit (Kurashima, Althoff,
and Leskovec 2018); grocery runs (Bhagat et al. 2018; Sa-
hebi et al. 2024); education (Yao et al. 2021b; Sahebi et al.
2024); human engagement in social media (Qu et al. 2023;
Xue et al. 2023); user click behavior (Xue et al. 2023); mo-
bile app usage behavior (Yang et al. 2023) – have been the
subject of several recent studies, where MTPP served as the
backbone sequence-model. While modeling the timestamp
and the action information effectively, these attempts do not
effectively model the context and the actor information.

Specifically, human actions are subject to external stim-
uli – e.g., incentives and reminders affecting payment be-
havior; coupons affecting e-commerce purchase behavior
(we provide a detailed account in Figure 4b); assignments
and examination deadlines affecting study behavior – whose
presence and influence have been acknowledged (De, Bhat-
tacharya, and Ganguly 2018; Zhang et al. 2021), but has not
been incorporated into MTPP historically, except for (Man-
zoor and Akoglu 2017) and (Yao et al. 2021b). The ap-
proaches undertaken by them are domain-specific and labor-
intensive, reminiscent of feature engineering, making them
difficult to generalize across different domains. However,
external stimuli are common in many important applica-
tions, highlighting the need for a general, domain-agnostic
unified approach.

The response of an individual to such external stimuli is
highly variable and is closely influenced by a range of per-
sonal factors. For instance, a student’s reaction to a loom-
ing deadline or a customer’s response to a specific prod-
uct promotion is deeply contingent on their unique profile.
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This variation necessitates the integration of personalization
within the modeling framework to accurately capture the ef-
fects of external stimuli on behavior. However, many exist-
ing MTPP frameworks overlook this aspect. While models
such as SSHP (Yao et al. 2021b) attempt to account for hu-
man factors by introducing numerous user-specific parame-
ters, they face significant scalability challenges.

Finally, human-generated actions, such as customer trans-
actions or student activities, as well as external stimuli like
coupons or badges, are often accompanied by rich textual
descriptions. When appropriately integrated into the model,
these descriptions have the potential to significantly enhance
the accuracy of predictions. Unfortunately, current MTPP
models frequently disregard this valuable information.

In our research, we address all of the above mentioned
limitations by developing a novel MTPP framework based
on Transformer Hawkes process (Zuo et al. 2020) that
incorporates external stimuli in a personalized, domain-
agnostic manner, along with integrating the rich textual
metadata available. This approach eliminates the need for
excessive domain-specific customization while enhancing
the model’s applicability across diverse contexts. For the
purpose of evaluation, we assemble a comprehensive ar-
ray of 5 datasets, harvested from a wide variety of domains
spanning online payment, online education (MOOC, as well
as institute-wide online classes), and an online discussion
forum on software engineering. Two of these datasets are
carefully curated by us, whereas the other three have been
repurposed (and reassembled) from existing open-domain
datasets in order to feature both human action and exter-
nal stimuli. We evaluate our approach on the next event
prediction task, and benchmark it against several SOTA
baselines, where our approach achieves salient performance
gains on the next event prediction task. On average, we
achieve 9.35% gain in type-prediction accuracy and 7.38%
reduction in time-prediction RMSE across all datasets. Fur-
ther ablation studies and extensive experiments, including
those with synthetic data featuring complex combinations of
external stimuli, demonstrate the effectiveness of our model.

Related Work and Preliminaries
MTPP. Traditionally, MTPP required an analytical form
to specify the Conditional Intensity Function. This analyt-
ical form was customized to suit the nuances of the do-
main (Kurashima, Althoff, and Leskovec 2018), as well as to
model factors such as external stimuli (Manzoor and Akoglu
2017; Yao et al. 2021a). Recently, the hand-written ana-
lytical form was replaced with a neural network, such as
an RNN in (Du et al. 2016), and a Transformer in (Zhang
et al. 2020; Zuo et al. 2020). Further customization, such
as personalization, has also been built atop the neural net-
work backbone (Boyd et al. 2020). To our knowledge, neural
MTPPs have not been extended to model external stimuli.
External Stimuli on Human Action. Effect of external
stimuli, such as an incentive, has been quantitatively studied
historically at a population level (Kusmierczyk and Gomez-
Rodriguez 2018). Although acknowledged in recent litera-
ture on MTPP (De, Bhattacharya, and Ganguly 2018; Zhang
et al. 2021), external stimuli have not yet been incorporated

into the model, except for (Manzoor and Akoglu 2017; Yao
et al. 2021b), which require domain-specific customization.
In marketing, the effect of stimuli such as promotion has
been extensively recorded (Elberg et al. 2019) but has not
been distilled into personalized models.

Preliminaries
In this section, we recount the necessary background – first,
the Marked Temporal Point Process (MTPP) framework,
and next, Transformer Hawkes Process (THP). Notation:
We assume that a user, u, performs a sequence of actions,
Hu, influenced by a sequence of nudges and incentives, Cu,
from an agent. We model a user’s actions, Hu, and external
stimuli, Cu, as sequences {ei := (ti, ki)

L+LC
i=1 }, where ei

has timestamp ti and type ki ∈ [1, . . . ,K]. For instance, in
e-commerce, Hu includes purchase records and Cu includes
coupons. Given a sequence Hu

⋃
Cu of historical user ac-

tions and external stimuli, our problem is to predict the time
and type of the next action taken by the user. Note that Hu

is user-specific while Cu may be generic. For example, in
e-commerce, mass promotional campaigns and special sale
events are not personalized. 1 Figure 1 illustrates a concrete
example of this problem formulation.
Marked Temporal Point Process: A Marked Temporal
Point Process (MTPP) is a stochastic process where events
are recorded as a sequence H :=

{
(t1, k1), · · · , (tn, kn)

}
,

with ti denoting the time and ki the type (mark) of each
event. It is typically modeled using the Conditional Intensity
Function (CIF), λ(t), which embodies the probability that
an event will occur within an infinitesimal temporal win-
dow, (t, t+dt]. The conditional expectation of the number of
events in the interval (t, t+dt], given past events, is λ∗(t)dt.
Transformer Hawkes Process: The Transformer Hawkes
Process (THP) (Zuo et al. 2020) uses transformers (Vaswani
et al. 2017) to model the conditional intensity λ∗(t) of a
marked temporal point process. It encodes sequences of
timestamps and marks, processes these encodings through
a transformer to obtain attention-based representations, and
then applies a linear layer and softplus function to generate
λ∗(t). A separate linear layer and softmax are used to predict
the mark distribution.

ExPERT: External Stimuli-aware
Personalized MTPP

We introduce ExPERT, an external stimuli-aware personal-
ized MTPP framework, built on the backbone of THP, hav-
ing three main components: (1) personalization by encoding
the context in the form of user and event metadata (2) exter-
nal stimuli-aware query mechanism in attention layer, and
(3) a causal mask to redirect external influence in the appro-
priate event type. Figure 2 depicts the overall architecture.

Encoding
The sequence of user-generated actions, Hu is encoded as
follows. The timestamp, ti, is embedded as vi ∈ RM with

1To avoid cumbersome notation, when the context permits, we
further drop the subscript u and denote Hu, Cu simply with H, C.
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Figure 2: Overview of the model architecture of ExPERT.
Time, type, and context of the sequence are initially encoded
through an encoding layer. The encoding further passes
through the attention layer to generate the hidden represen-
tation. The attention layer captures the effects of external
stimuli and endogenous events through different networks.

causal

Acausal

Causality in Time

(a) Causality in time

Causal mask

(b) Causality in type

Figure 3: Illustration of causality in ExPERT. Fig 3a shows
that while external stimuli affect future user activity in gen-
eral, they can also affect past user activity. Fig 3b shows
that external stimuli (coupons in this case) often affect user
events in specific categories only.

sinusoidal positional encoding (Vaswani et al. 2017). The
type, ki, is embedded with Uyi, where U ∈ RM×K is a
learnable projection matrix, and yi ∈ {0, 1}K is the one-hot
vector representation of ki. The embedding of the event, ei,
is expressed in an additive manner with xi := vi + Uyi.

Personalization
We integrate personalization in our framework by incorpo-
rating user feature vectors and employing a vectorized repre-
sentation of the textual event metadata in the model. Given
sequence H

⋃
C, following (Wu et al. 2020), ExPERT at-

tempts to encode the context as follows. Without loss of
generality, we assume each sequence H

⋃
C corresponds to

a distinct user u with user-specific metadata mu ∈ RMu ,
where each element of mu represents specific feature of the
user-profile. mu is passed through a linear layer to gener-
ate the user encoding Wum

u, where Wu ∈ RM×Mu is

the trainable parameter. Similarly, textual description, as-
sociated with particular event ei (event metadata) are pro-
cessed via Sentence-BERT (Reimers and Gurevych 2019)
to generate vectorized representation me

i ∈ RMe , which
further passes through another linear layer We ∈ RM×Me

to generate event metadata encoding Wem
e
i . The user and

event metadata encoding are added with temporal and type
encoding (vi + Uyi) to generate the final event encoding
xi = vi + Uyi + Wem

e
i + Wum

u. Note that the same en-
coding layer is applied for both external stimuli and user
actions for temporal, type, and contextual encoding.

External Stimuli Aware Attention
While computing the intermediate attention, the external
stimuli and user events must be treated distinctly. Fol-
lowing (Yamada et al. 2020), ExPERT introduces exter-
nal stimuli-aware query mechanism that maintains separate
linear transformations for generating query embedding de-
pending on the past influencing events. Towards this, Ex-
PERT introduces two separate weight parameter matrices
WQ

d2x,W
Q
d2d ∈ RMK×M for generating the query embed-

dings and WK ∈ RMK×M ,WV ∈ RMV ×M for generating
the key and value embedding respectively. Event encoding
xi employs WQ

d2d when the past event xj is user-generated
event, and WQ

d2x is employed when the past event xj is ex-
ternal stimulus. Specifically, the embedding of individual
events, xi, are concatenated as X = {xi}Li=1 and passed
through a self-attention module, where the event encoding
xi generates si as

si =

L∑
j=1

softmax(
wij√
MK

)WV xj

and the attention wij is computed as follows:

wij =

{
(WKxj)

T (WQ
d2dxi), xi, xj ∈ H,

(WKxj)
T (WQ

d2xxi), xi ∈ H, xj ∈ C
(1)

Causal Mask
We notice that in certain domains, external stimuli affect
only events with specific types. For example, in any cus-
tomer transaction dataset, where coupons serve as external
stimuli, they can only influence the transactions of their cat-
egory. A coupon applicable to meat and dairy purchase can
only influence the purchase of meat and dairy products and
not other purchase categories like medicines. These causal
and acausal relationships are also illustrated in figure 3. To
utilize this domain knowledge, we propose using the fol-
lowing causal mask. Let X(k) denote the set of all inter-
nal event types that can be triggered by an external stimulus
in type k. The attention computation is further modified as
follows.

wM
ij =

{
wij , xi, xj ∈ H,

Mijwij , xi ∈ H, xj ∈ C (2)

where wM
ij is the modified attention between events ei and

ej . Mij = 1 if ki ∈ X(kj), otherwise 0. Here ki and kj are
event types of the events ei and ej .
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Moreover, while computing the attention, MTPP models
generally do not consider the future events to ensure that
events will not depend on future events. wM

ij is masked if
i < j. While this holds true for user actions in general, cer-
tain external stimuli occurring in the near future can influ-
ence past user actions. For example, student activity tends to
surge as exams approach, assignments are typically submit-
ted just before the deadline, and customers often redeem un-
used coupons just before expiry. To incorporate the impact
of such impending external events, such as coupon expiry
or assignment deadlines, on the past user actions, ExPERT
unmasks attention from appropriate future external events,
provided they are close enough in time.

Final Hidden Representation
ExPERT employs multiple attention layers whose outputs
are aggregated and further processed to generate the fi-
nal output. Specifically, nhead number of attention out-
puts are aggregated in final attention output as Stot =
[S1||S2|| . . . ||Snhead ]W

O where WO ∈ RHMV ×M is the
aggregation matrix and || is the concatenation operator. Fi-
nally Stot passes through a feed-forward neural network to
generate hidden representation Z = ReLU(StotW

FC
1 +

b1)W
FC
2 + b2, where WFC

1 ∈ RM×MH ,WFC
2 ∈

RMH×M , b1 ∈ RMH , b2 ∈ RM are linear transformations.
Each row zi of Z represents the embedding of a particular
event. In practice, the input is passed through attention mod-
ules sequentially through nlayer number of layers to capture
high-level dependency.

Learning objective
The framework models the generating dynamics of human-
generated events (H) only. Events in C are generated inde-
pendent of the internal dynamics (C) and modeling of those
events are out of scope of current work.

Therefore, ExPERT excludes C during likelihood maxi-
mization, while exploiting it during the attention computa-
tion. Let Ht, and Ct be the human-generated event and ex-
ternal event sequence till time t (excluding t) respectively.
λk(t) be the conditional intensity of type k of the model,
computed as λk(t|Ht

⋃
Ct) = fk

(
αk

t−tj
tj

+ wT
k zj + bk

)
where t ∈ [tj , tj+1) and fk(x) = βk log(1 + exp(x/βk))
is the softplus function with softness parameter βk. λ(t) is
the conditional intensity across all event types, computed
as λ(t|Ht

⋃
Ct) =

∑K
k=1 λk(t|Ht

⋃
Ct). The log-likelihood

loss takes the following form.

Lll(H ∪ C) =
∑
ej∈H

log λkj
(tj |Htj ∪ Ctj )

−
∫ tL

t1

λ(t|Ht ∪ Ct)dt.
(3)

Note that the presence of external stimuli in the history
of λ, λkj

indicates the presence of external stimuli in atten-
tion computation. To learn the predictor parameters, cross-
entropy loss for type predictions and squared loss for time
predictions are employed. Let k1,k2, . . . ,kL be the ground-
truth one-hot encodings for the event types. Then these two

losses take the following form, where time and type predic-
tion, t̂j and p̂j follow THP.

Ltype(H
⋃

C) =
∑

j>1,ej∈H
−kT

j log(p̂j), (4)

Ltime(H
⋃

C) =
∑

j>1,ej∈H
(tj − t̂j)

2, (5)

Note that ExPERT excludes external stimuli in the time and
type prediction loss for the similar reason. Finally, for a
given event sequence H∪ C, ExPERT optimizes the follow-
ing weighted loss.

Ltotal(H
⋃

C) = −λlLll(H
⋃

C) + λkLtype(H
⋃

C)

+ λtLtime(H
⋃

C), (6)

where λl, λk and λt are weights of the corresponding
losses. For a input of N sequences U = {Hu

⋃
Cu :

u ∈ 1, ..., N}, the optimization problem becomes
minΘ

∑N
u=1 Ltotal(Hu

⋃
Cu) where Θ denotes all trainable

weight matrices. Optimization is performed using stochastic
gradient descent.

Experiments
In this section, we first outline the dataset, baselines, and
evaluation setup. We then compare ExPERT against 7 TPP-
based baselines across 5 real datasets, as summarized in Ta-
ble 2. Next, we perform an ablation study to evaluate the im-
pact of each component of ExPERT. We also highlight the
diverse temporal patterns within the dataset and demonstrate
ExPERT’s effectiveness in capturing these patterns. Finally,
through a comprehensive synthetic experiment, we show-
case ExPERT’s ability to respond to stimuli arising from a
combination of multiple factors.

Dataset
The datasets selected for our benchmark should demonstrate
three key characteristics: a) presence of human-generated
activity sequence; b) presence of external stimuli; c) (op-
tional) metadata describing the human actor and events. To-
wards this, we harvest 5 real-world datasets collected from a
diverse set of domains – e-commerce, online education, on-
line discussion forums, etc. Two of these datasets are curated
by the authors, while the rest are reassembled from existing
open-domain datasets. We summarize the data description
and statistics in Table 1.

Dataset #Seq Avg Seq Nudges/Seq #Types µ(∆t) σ(∆t)

Length (%) (Nudge)

Moodle 1.1K 486 37.5 15 0.037 0.19
MOOC 21K 266 0.8 2 0.050 0.51
StackOverflow 32K 327 6.4 1 0.300 9.43
Dunnhumby 2.5K 1079 3.8 44 0.080 0.47
Amazon 100K 67 25.4 20 0.990 5.17

Table 1: Statistics of the datasets used in our experiments.
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Methods RMSE Type Prediction Accuracy

MOODLE MOOC SO DUNNHUMBY TRANSACTIONS MOODLE MOOC SO DUNNHUMBY TRANSACTIONS

SSHP 0.3943 0.7556 2.9750 3.1650 4.0853 - - - - -
RMTPP 0.093 5.84 3.0568 3.4900 3.1205 36.64 63.08 58.45 63.49 50.97
Intensity RNN 0.098 6.31 3.0798 3.39 3.4010 55.26 63.55 57.73 63.72 52.63
SAHP 0.1770 3.2604 6.8131 1.574 4.8485 35.39 15.66 43.20 60.08 42.21
NHP 0.7096 1.297 5.000 0.7002 3.7910 28.99 29.37 19.81 60.04 45.73
AttNHP 0.7158 1.2937 4.2381 0.7196 3.7468 22.57 23.31 38.38 60.04 47.10
THP 0.1233 0.1006 2.2130 0.7070 3.3118 53.49 64.63 59.31 64.05 52.91
ExPERT 0.0797 0.0956 2.0406 0.6990 2.5112 61.30 67.87 64.77 64.63 58.66
RI(%) +14.30% +4.97% +7.79% +0.17% +19.52% +10.93% +5.01% +9.21% +0.90% +10.86%

Table 2: Comparative analysis of ExPERT against all baselines across all datasets in terms of both RMSE and type prediction
accuracy. The best result is in bold, and the second-best is in underline. The last row RI(%) provides the relative improvement
of our method over the best-performing baseline for each of the datasets. ExPERT consistently outperforms all the baselines.

MOODLE-0.5M (Curated by the authors) This dataset
describes user activities collected across 10 courses taken
during 2018-2021 from a university. The activities of profes-
sors and teaching assistants are marked as external stimuli,
where student activities form user-generated events. Student
activities include uploading submissions, checking grades,
quiz submission, etc., whereas external events include grad-
ing, unlocking late submissions, course creation, etc.
MOOC-5M (repurposed from (Feng et al. 2019)). This
dataset describes student activities in 247 online courses.
Each sequence starts with the course-start event and ends
with a course-completion event, both used as external stim-
uli. Human activities include watching course videos, start-
ing discussions, posting comments, etc. (22 such types).
SO-10M (reassembled from (so2 2021), (Paranjape,
Benson, and Leskovec 2017)) This dataset contains various
user activities for a span of 2773 days in StackOverflow, the
online Q&A website. There are three types of user events,
namely ‘answer-to-question’, ‘comment-to-question’, and
‘comment-to-answer’, collected from (Paranjape, Benson,
and Leskovec 2017). Moreover, the platform rewards each
user with several badges at different times to promote user
engagement. We merge badges data (so2 2021) and user
events (Paranjape, Benson, and Leskovec 2017) into a uni-
fied dataset, marking badge receipts as external events.
DUNNHUMBY (Gonen 2020) This dataset contains
household-level transactions over two years from a group
of 2500 households who are frequent shoppers at a retailer.
Households were provided campaigns offering coupons
across diverse product categories. Here, coupons form
external events, user transactions are marked as user events,
and item category serves as the event type. For multiple
items from distinct categories in a shopping basket, distinct
events are created with minimal perturbation in their times.
TRANSACTIONS-6M (Curated by the authors) This
dataset contains user logs for a randomly sampled set of
100K customers over a period of 4 months on an online
payment service in an emerging marketplace. Here, the user
transactions include payment of phone bills, sending money
to a business, shopping on e-commerce stores, etc. To drive
user engagement, the platform rewards users with coupons
that are tagged to a subset of the transaction categories and
expire after a certain period. Here, customer transactions

are marked as user events, whereas the coupons are marked
as external events. Here, features as user age, engagement
level, product purchase value, etc., are used as user meta-
data, and coupon features such as reward value, type of offer,
popularity, are used as event metadata for external events.
For each of these datasets, the task involves predicting the
timestamp and type of the next event by the corresponding
user, which reduces to predicting next student activity for
MOOC-5M and MOODLE-0.5M, customer transaction for
TRANSACTIONS-6M and DUNNHUMBY, and user activity
for SO-10M. In all courses, except TRANSACTIONS-6M,
we consider user ID as user metadata.

Baselines
We compare ExPERT against following baselines: 1)
SSHP (Yao et al. 2021b), 2) RMTPP (Du et al. 2016), 3)
SAHP (Zhang et al. 2020)), 4) Intensity-RNN (Xiao et al.
2017), 5) NHP (Mei and Eisner 2017), 6) AttNHP (Yang,
Mei, and Eisner 2021), and 7) THP (Zuo et al. 2020).
Among them, SSHP trains a personalized Hawkes model
with domain-specific external stimuli, while RMTPP, Inten-
sity RNN, and NHP use RNN-based structures and SAHP,
THP, and AttNHP leverage attention for past influences.

Evaluation Setup
For each dataset, we scale all event times to a range of
[0, 100]. Next, we split our dataset into two random equally-
sized sets of sequences A and B and construct the train and
test data as follows - Train : (Full sequences in A)+(first 70%
events of all sequences in B), Test : (last 30% events of all
sequences in B). We keep the full sequences in train for 50%
instances as some external events occur in the tail end of the
sequence (e.g. course completion in the MOOC-5M dataset),
and we need to train our model on capturing the influence of
such external events. For each test event, we predict the next
event’s timestamp and type using its history. Type prediction
is evaluated by accuracy, and time prediction by RMSE.
Architectural Details. For training, we employ Adam op-
timizer with learning rate 1e−3 and batch size 64 for 30
epochs, where we select the model with least training er-
ror. Layer normalization and dropout of 0.1 are employed at
the multihead attention and feed-forward layer. Number of
attention heads and attention layers are set to 4. The feed-
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Methods RMSE Type prediction accuracy

MOODLE MOOC SO DUNNHUMBY TRANSACTIONS MOODLE MOOC SO DUNNHUMBY TRANSACTIONS

THP 0.1233 0.1006 2.213 0.7070 3.3118 53.49 64.63 59.31 64.05 52.91
ExPERTP(User) 0.0942 0.0982 2.0900 0.7068 3.0811 51.78 64.91 60.75 64.05 53.57

ExPERTExt 0.1035 0.0971 2.0794 0.7004 2.8723 57.28 64.87 63.48 64.37 56.18
ExPERTExt+P(User) 0.0798 0.0970 2.0492 0.7012 2.7123 61.20 67.54 63.98 64.37 57.03

ExPERTExt+P(User)+CM ∗ 0.0962 ∗ 0.6984 2.6504 ∗ 67.79 ∗ 64.52 58.32
ExPERTExt+P(User+Event)+CM 0.0797 0.0956 2.0406 0.6990 2.5112 61.30 67.87 64.77 64.63 58.66

Table 3: Ablation study. We compare ExPERT with its variants and report RMSE and average accuracy for the time and type
predictions. We use ∗ when the ablation is not applicable to the dataset. The best results are highlighted in bold.

forward network consists of MH = 1024 hidden nodes
with GeLU activation. We set softness parameter βk = 1
and αk = −0.1, ∀k. Moreover we set the loss weights
(λl, λk, λt) = (1, 1, 0) while optimizing for type predic-
tion and (λl, λk, λt) = (1, 0, 1) while optimizing for time
prediction, inspired from (Park et al. 2022). (Refer to Sup-
plementary for detailed evaluation setup of the baselines.)

Comparative Analysis
Here, we compare ExPERT against the TPP-based baselines
described above. Note that SSHP does not model marks;
therefore, its type prediction accuracy is omitted. Table 2
summarizes the RMSE for the time predictions and the
type prediction accuracies on the 5 real datasets. We ob-
serve that ExPERT achieves a substantial performance gain
over THP, the next best-performing baseline across most
datasets in terms of both time and type prediction. The rela-
tive improvements by ExPERT are particularly note-worthy
for MOODLE-0.5M, TRANSACTIONS-6M, and SO-10M,
significant for MOOC-5M and marginal for DUNNHUMBY.
An observation is that sequences in the MOODLE-0.5M,
TRANSACTIONS-6M, and SO-10M datasets are particu-
larly rich in both external events and comprehensive textual
descriptions, as outlined in Table 1, indicating that the im-
pact of modeling external events and event metadata is more
pronounced when the sequence contains a sufficient number
of well-described external events. This hypothesis is further
strengthened by the tiny improvement on the DUNNHUMBY
dataset that is relatively sparse with external events in the
sequences but also has the largest number of different types
of external events. Moreover, in these datasets, the nature of
external events plays a significant role in shaping the future
dynamics. For example, the external events available in the
MOODLE-0.5M data, such as assignment upload, grade up-
load, assignment deadline, etc. are very likely to trigger a
major onset of events. Conversely, the MOOC-5M dataset is
much sparser in external events, consisting of only the start
and end date of the course, which has a relatively lower in-
fluence on events, potentially explaining the lower improve-
ment. Among the rest of the baselines, NHP and AttNHP
mostly perform comparably with THP for time predictions,
while performing much worse for type predictions. The rest
of the baselines perform much worse than THP or ExPERT
on almost all the datasets in both metrics. However, they
perform comparatively better on MOODLE-0.5M in terms
of RMSE, which is considerably smaller in size, with small

mean event inter-arrival times. Similarly, their type accuracy
is considerably better on DUNNHUMBY, where some cate-
gories strongly dominate others. In summary, these meth-
ods fail to capture the dynamics of larger, complex datasets.
SSHP provides unreliable performance in terms of time pre-
diction error and does not provide type prediction. SSHP
improves upon classic Hawkes by adding dynamic modules
specifically designed for external stimuli in certain domains
and fails to generalize to applications in other domains when
the number and types of external stimuli vary. Moreover,
because of scaling issues, SSHP is evaluated on clusters of
sequences on larger datasets, reporting an average over the
cluster, resulting in poor performances.

Ablation Study
We perform an ablation study to investigate the contri-
bution of individual components of ExPERT. ExPERT
comprises three main components, namely personaliza-
tion (with user and event metadata), generation-aware
attention for external events, and causal mask addi-
tion. Accordingly, we present results on ExPERTP(User),
ExPERTExt, ExPERTExt+P(User) (combining ExPERTP(User)
and ExPERTExt), ExPERTExt+P(User)+CM (combining
ExPERTP(User), ExPERTExt and Causal Mask) and
ExPERTExt+P(User+Event)+CM (which is essentially ExPERT).
Results. We compare the performance of the different
components of ExPERT and the best-performing baseline
THP and summarize the results in Table 3. Here, we
observe all the versions, ExPERTP(User), ExPERTExt, and
ExPERTExt+P(User) improve over THP on all the datasets. Per-
formance of ExPERTP(User) is generally better than THP,
however inferior to external-influence aware variants, show-
ing external-influence modeling to be more contributing
factor than personalization. On the other hand, for almost
all cases, ExPERTExt+P(User) has nonnegative performance
gain on ExPERTExt, validating the efficacy of personal-
ization along with distinct attention-mechanism for exter-
nal stimuli modeling. Also, we observe the addition of an
additional weight matrix for generating query embedding
(from THP to ExPERTExt) results in maximum performance
gain for all datasets, showing better modeling of the in-
formation about the external events contribute maximum
to the performance gain of ExPERT over THP. Moreover,
employing type-aware causal mask in the attention layer
(ExPERTExt+P(User)+CM) enables significant performance gain
for relevant datasets, like MOOC-5M, DUNNHUMBY, and
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(a)

(b)

Figure 4: Diverse temporal patterns in TRANSACTIONS-6M

TRANSACTIONS-6M, where type-specific external events
are present. Finally, adding event metadata enhances perfor-
mance across all datasets, highlighting the value of textual
event descriptions.

Data Analysis and Visualizations
Figure 4 (a), (b) illustrates some temporal patterns observed
in TRANSACTIONS-6M. In Figure 4a, the presence of self-
excitation in the data is emphasized through the distribution
of next-event arrival times in a category, varying the number
of past events. Figure 4b depicts the probability of the next
event’s occurrence, with a blue bar representing the presence
of a relevant external stimulus and a red bar indicating its ab-
sence. Across 5 random event types, it shows that external
stimuli boost the likelihood of the next event. We visualized
the predicted intensity function, and observed sharp peaks
after external stimuli (coupon issuance) and subsequent self-
excitation, demonstrating ExPERT’s effectiveness in model-
ing both phenomena.

Synthetic Experiments
To further validate ExPERT, we conduct synthetic experi-
ments to simulate complex external stimulus configurations
observed in real-world data.

Vary the count of the external events. We gradually in-
crease the number of external stimuli per sequence and ob-
serve how different methods perform against this variation.
User behavior is generated using

λ(t) = µ+
K∑

k=1

1[γkt > tk]bk
t−tk

s +
∑
ti<t

αβ exp−β(t−ti)

(7)
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Figure 5: Performance comparison of ExPERT with THP in
various synthetic settings.

We vary K, the number of external stimuli from 1 to 10
keeping stimuli parameters fixed at βk = 0.2, γk = 0.5.
tk are chosen at fixed intervals from the sequence. The pa-
rameter α is used to control the impact of the external stim-
uli. Self-excitation parameters α, µ, β are fixed at 0.2, 0.4, 1.
Figure 5a presents the log-likelihood performance of Ex-
PERT vs. THP averaged across 500 sequences. We see that
ExPERT outperforms THP across all configurations in terms
of model fitting, with the margin being significantly large.

Vary self-excitation effect. We gradually increase the
self-excitation effect with respect to external stimuli. Event
intensities follows Eq. 7. More specifically, we vary α from
0.3 to 0.8, while setting K = 2, (βk, γk) = (0.2, 0.4)∀k.
Other self-excitation parameters µ, β are fixed at 0.3, 1. Fig-
ure 5b summarizes the model fitting performance of Ex-
PERT vs THP across 500 sequences. We observe that the fit
from ExPERT is significantly better than THP with higher
fraction of external events, and thus lower self excitation.

External stimuli arising from complex effects. In this
experiment, events are generated under the combination of
the following influences, namely an exponentially decay-
ing starting effect, periodic stimulations, self-excitation, and
deadline. We adopt the same intensity function as proposed
by (Yao et al. 2021b). Events are simulated from correspond-
ing intensity using the Ogata thinning algorithm (Ogata
1981). We keep the type of events 1. ExPERT achieves a
22.65% lower RMSE than THP, demonstrating superior time
prediction under complex influences.

Conclusion
This work introduces a novel approach to incorporating ex-
ternal stimuli into a THP-based framework for personalized
temporal modeling of human behavior. We provide bench-
mark datasets with labeled stimuli and show through ab-
lation studies that both personalization and external stim-
uli enhance performance, with the latter having a greater
impact. Our analysis demonstrates that ExPERT effectively
captures self-excitation and stimulus-driven responses. Syn-
thetic experiments further highlight its superiority over com-
petitors. This modeling success is expected to have a pro-
found impact on various downstream tasks, such as design-
ing recommendation systems, which will be pursued as part
of our immediate future work.
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