Elsevier required licence: © <2023>. This manuscript version is made available under the CC-BY-NC-
ND 4.0 license http://creativecommons.org/licenses/by-nc-nd/4.0/
The definitive publisher version is available online at 10.1016/j.ins.2023.119007



http://creativecommons.org/licenses/by-nc-nd/4.0/
http://doi.org/10.1016/j.ins.2023.119007

Highlights

Event-based Incremental Recommendation via Factors Mixed Hawkes Process

Zhihong Cui, Xiangguo Sun, Li Pan, Shijun Liu, Guandong Xu

e We distinguish intrinsic intensity, external intensity, and
historical intensity to explore how each event happens.

e We propose novel Factors Mixed Hawkes Process (FMHP)
for the event-based incremental recommendation.

e FMHP can incrementally update the event formation when
new events occur.

e We have conducted expensive experiments on four large
real-world data sets.
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Abstract

Incremental recommendation systems have garnered significant research interest since they ideally adapt to users’ ongoing events
(such as clicking, browsing, and reviewing) and recommend items without retaining the model. Many methods have tracked the
event generation sequences for incremental recommendation. However, most existing models treat the event as a static snapshot
or a black box, ignoring the underlying factors that may trigger the event generation. Underlying such inner factors can help
RS reasonably and foreseeingly evaluate the potential items for the user next time. Along this vein, we propose the Factors
Mixed Hawkes Process (FMHP) for event-based incremental recommendations. First, we extend each event to a notion of factor-
driven event sequence. Next, we consider three factors that may influence the occurrence of an event: intrinsic intensity, external
intensity, and historical intensity. An intrinsic intensity function, multi-type temporal attention, and a hybrid time decay function are
incorporated in FMHP to evaluate the intrinsic, external, and historical intensity, respectively. In addition, an incremental updating
strategy is implemented in FMHP, continuously updating event intensity as new events occur. We conduct extensive experiments on
four public datasets (e.g., Amazon Beauty, LastFM, Movielens, and Amazon Book). Compared with state-of-the-art incremental
recommendation methods, our proposed FMHP model achieves superior performance, with up to 9.77%, 9.35%, 9.32%, 10.10%
w.r.t HR, 8.86%, 10.26%, 9.81%, 9.38% w.r.t NDCG, and 9.64%, 9.32%, 8.97%,9.85% w.r.t Recall in Beauty, LastFM, MovieLens,
and Book, respectively. Besides, the case study shows that the three factors in our proposed FMHP method play a vital role in
triggering event generation.
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1. Introduction event for the recommendation. However, these methods aim to
model the observed event as a whole graph, ignoring the emer-
Recommendation System (RS) [36, 2] aims to recommend  gence of every event in the graph. Recently, some methods

an item for the target user based on his historical interactions, [3, 25, 21] have sought to track the sequence of neighborhood
which plays a crucial role in helping users engage with shop- formation for each user event. For example, [3, 25] model the
ping platforms. Generally, user events [21] (such as clicking, event generation based on historical events with multi-aspect
browsing, and reviewing) occur continuously over time, mak-  embedding. [25] treats each event as a micro-dynamic result

ing the RS incremental. It means RS should ideally adapt to the  based on historical events, constrained by the macro-network
user’s these events, incrementally modifying the model without evolution. However, these methods treat the observed events as
retaln]ng it for a recommendation. For examp]e, if a user clicks a black box and do not explain the underlying reasons trigger-

Mac at time #; and then clicks AirPods at 7,, the RS could in- ing the generation of each event.

crementally update the model to recommend items at #, instead

of retraining the model using all events in ¢; and #,. Gener- To explain the underlying reasons triggering the generation
ally, for incremental recommendation [21, 29], RS needs toun-  of each event, we distinguish three factors: intrinsic intensity,
derstand the underlying generation reasons of the user’s every external intensity, and historical intensity. The intrinsic inten-
event, allowing it reasonably foresees the continuous transmis- sity [45, 34] refers to users’ inherent preference, which trig-
sion process of events and recommend potential items for the gers the user to click an item spontaneously. After analysis of
user next time. In the literature on incremental recommenda- the real-world data, we find that each user has a specific taste

tions, some methods [5, 44] treat each event as a static graph  for each item at a given time. For example, from the user’s
snapshot within a specific time and incrementally update each  historical click sequence, we find that a user may frequently

click on mobile phones but rarely browse clothes within a short

time window. Thus, capturing the user’s intrinsic intensity can
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Figure 1: A toy example shows how three factors jointly trigger events over
time. Each color represents the intensity change of a different factor. How-
ever, the three factors contribute differently to triggering events over time. This
example shows that u clicked items iy, iz, i3, and i4 sequentially, whose dom-
inant underlying reasons are historical, external, intrinsic, and external inten-
sity. Jointly considering the changes of three factors’ intensities, the proposed
FMHP model calculates the probability of the user clicking is and figures out
its dominant underlying reasons.

the historical events. As mentioned in [24, 32], the semantics of
events play essential guidance in recommendations. Inspired by
this, we suspect each user may be concerned about the different
semantics of an event. For example, if a user clicks an iPhone,
which semantic of iPhone does he concern about more? Color?
Brand? Price? The extra concern about the different semantics
of the iPhone may lead to totally different recommendations.
Thus, the user’s external intensity can help the recommendation
system capture items with more similar semantics to the user’s
concern. Since the events are continuously occurring, the his-
torical intensity of each event is also an essential factor in trig-
gering the event generation. Generally, the historical intensity
[18, 31] measures the temporal influence of different historical
events on the current event. For example, if a user clicked the
Airpods a day ago and the Mac one year ago. In this example, a
recent happened event (Airpods) may have more influence than
an event (Mac) that happened a long time ago. To show how
these three factors trigger events over time, we visualize them
in Figure.1.

To this end, we propose a novel Factors Mixed Hawkes Pro-
cess method for incremental recommendation (FMHP), which
explores underlying factors that trigger event generation and
incrementally updates the event embedding when new events
occur. FMHP first extends each event to a notion of the factor-
driven event sequence by plugging its various historical events
until time ¢. Thus, each event is regarded as an event sequence
in a finite time interval. Since the Hawkes process [3, 41] can
well capture the arrival rate of the current event driven by his-
torical events, particularly the occurrence probability of events
at a given time, we adapt it here to model the generation process
of each event. Next, to measure the intrinsic, external, and his-
torical intensity of events, we introduce the intrinsic intensity
function, multi-type temporal attention, and hybrid time decay

function. These three intensities functions are incorporated into
the Hawkes process to calculate the event intensity jointly at
a given time. In addition, we have implemented an incremen-
tal updating algorithm to explain the strategy for updating the
event intensity, allowing FMHP to update the event intensity
incrementally when new events occur.

The main contributions are summarized as follows:

e We consider intrinsic, external, and historical intensity to
explore how each event generates, which provides a more
comprehensive analysis of events formation in dynamic
graphs.

e We propose novel Factors Mixed Hawkes Process (FMHP)
for the event-based incremental recommendation, which
models the underlying factors that trigger the generation of
each event and incrementally updates the event embedding
when new events occur.

e We have conducted expensive experiments on four real-
world datasets. Our experimental results demonstrate that
(1) the three factors are vital in triggering event genera-
tion. (2) the superior recommendation performance of our
FMHP method compared to seven state-of-the-art base-
lines.

The remainder of the paper is organized as follows. First, in
section 2, we present some definitions and declare our problem.
Next, we introduce the proposed FMHP method in Section 3.
Next, various experimental results and analyses are reported in
Section 4, followed by the related work in Section 5. Finally,
we provide some conclusions and future work in Section 6.

2. Preliminaries

In this section, we formally define the dynamic events graph,
factor-driven temporal sequence, Hawkes process, and the
problem of factor-driven event sequence embedding for the
event-based incremental recommendation. We list all notations
in Tablel.

Definition 1. (Dynamic Events Graph) A dynamic events
graph [20, 38] can be denoted as G = (E,R,T), where E is
the edge set, R is the event type set, and 7 is the timestamps.
Specifically, we define user’ each event as e = (u,i,r,7) € E,
which indicates user u € U adopt an item i € [ at time ¢, the
event type is r.

Definition 2. (Factor-Driven Event Sequence) For user’
each event e = (u,i,r,t) € E, its factor-driven event se-
quence S [19, 27] is defined as a combination of the histor-
ical events S, , and the target node S;,. Take the S, as
an example, starting from source node u, it contains all his-
torical events [7, 12] from time #; to time ¢, denoted as S, «
={(p1,7pst1)s o0, (PN, Ty, ), p € E,rp, € Rt, € T} Simi-
larly, the §; ., isdefined as S; <, = {(q1, 74, t1)s -oos (gN> Ty D), G €
E,r, € R,t, € T}. From the above definition, we find that each
historical event p in S, ., or g in §; , triggers event e at time ¢
from three factors: the event itself (intrinsic intensity), the se-
mantic of the event (external intensity) and the occurring time
of the event (historical intensity).



Table 1: Notations in our FMHP method

Notation Description

U,u the user set, a user or the source node of an event

1,0 the item set, an item or the target node of an event

R,r the event type set, a type of an event

E, e the event set, an event e = {u, i, r, t}

T,t the timestamp of the event

p the historical event of source node u

1, the timestamp of the historical event p

p the event type of historical event p

hp the embedding of historical event p

S <t the factor-driven event sequence of source node u
until time ¢

Si< the factor-driven event sequence of target node i
until time ¢

Ale) the intensity of an event e (formula 2)

u(, j) the intrinsic intensity of the event e = (u, i, r, t)

@y, (p,u) the type-wise attention function (formula (4)), cal-
culating the semantics of external intensity of his-
torical events p.

@,,(p,u) the type-wise weight between historical event p
and source node i (formula (5))

o1 the temporal attention function (formula(7)), aver-
aging the temporal effect of external intensity on
all historical events.

k(t—1,) the historical intensity function between historical
event p and source node i (formula (12))

Np, the occurring number of p at time ¢

tirue, the true time of historical event p

INPS”‘"% the pseudo time of historical event p (formula(11))

hy the embedding aggregation of node u’s historical
event i, with type-wise weight @,,; in formula (5)

oy the final embedding of the user u (formula(13))

0; the final embedding of the item i

Vui the probability of user u interacting with item i

Example 1. As shown in Figure.2, we generate the factor-
driven event sequence for the event (u, i1, buy) at time #;, #, and
t3. At each time, its event sequence is the combination of S, «
and S;, .. Bach eventin §,, ; or S;, - has different semantics,
which indicates its external intensity. Each event occurs at a
time, indicating its historical influence. For example, at time
1, starting from u;, we get its event sequence (ui, i, buy, #;)
and (i1, ¢y, belong, 1,). Their event types are "buy” and be-
long”, respectively, representing different semantics. Besides,
they also happen at #; and #,, respectively, indicating different
historical intensities.

Definition 3. (Hawkes Process) Hawkes process [3, 41] is
a typical temporal point process for modeling network dynam-
ics, as it considers the temporal decay effect of historical events
when measuring the probability of an event. The conditional
intensity function for the Hawkes process, denoted as A(%), is
defined as follows:
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Figure 2: A toy example shows how to generate a factor-driven event sequence
for the event (u1, i1, buy) at time #1, #, and #3, respectively. At each time ¢, the
sequence starts at either the source node u; or the target node i; and consists of
historical events from time ¢; to the current time ¢.

where () represents the base rate, which describes the arrival
rate of spontaneous events. k(¢ —s) models the time decay effect
of past events on current events. N(s) is the number of events
up until time 7.

Problem 1. (Factor-Driven Event Sequence Embedding
for Event-based Incremental Recommendation) For each
temporal event (i, i, r, t) and its factor-driven event sequence
S.<r and S; <7, we aim to learn its intensity from three factors:
the intrinsic intensity, external intensity, and historical intensity
and incrementally update the event intensity to predict the prob-
ability of the event (i, i) at time 7. At a given time ¢, the top-k
items are recommended for the user based on the probability.

3. Methodology

3.1. Overview

We propose a novel Factors Mixed Hawkes Process (FMHP)
for event-based incremental recommendations (as shown in
Figure.3). This method models the underlying factors that trig-
ger the generation of each event and incrementally updates the
event as new events occur. First, we extend the event to a notion
of the factor-driven event sequence by plugging various histor-
ical events up until time ¢, which is demonstrated in section 2.
Since the Hawkes process can well capture the occurring prob-
ability of the current event driven by historical events at a given
time, we adapt it here to model the generation process of each
event. Then, FMHP distinguishes three factors that may trigger
the occurrence of each event: intrinsic intensity, external in-
tensity, and historical intensity. An intrinsic intensity function,
multi-type temporal attention, and a hybrid time decay function
are incorporated into FMHP to measure the three factors sepa-
rately. In addition, FMHP uses an incremental updating strat-
egy to calculate the event intensity incrementally by feeding
the event sequence into the model time by time. Finally, for the
recommendation task, we generate user and item embeddings
at time ¢ by multiplying and adding the intensity of historical
events with corresponding embedding one by one. We compute
the predicted probability using a multi-layer perceptron (MLP)
[17, 42] and select top-k items as recommendations for the user
based on this probability.
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Figure 3: The overall architecture of FMHP for the event (u1, i, buy, #3). (a) Generating factor-driven event sequence of u; and i; for Event (uy, i1) at time 11, 1o,
and 13, respectively. (b) Calculating the intensity of (i, i1, buy, #3) based on FMHP based on the factor-driven event sequence of source node u; and the target node
i1. (c) The factor mixed Hawkes process evaluates the intensity between historical node u; and target node i; at ¢; from three factors. (d) Incrementally updating

the event intensity based on historical events of .

3.2. Event Intensity Measure Via Mixed Factors Hawkes Pro-
cess

Let e = (u,i,r,t) be an event that happens at time ¢, where
u is the source entity, which usually means the initiator of this
event, i is the target entity that the user might click, r is the event
type, and ¢ is the event time. Then, as mentioned above, an
event is triggered by the intrinsic intensity between the source
node u and the target node i, the external influence related to the
type-wise semantics of historical events in factor-driven event
sequence, and the historical intensity related to the time decay
effect of historical events in the factor-driven event sequence.
To this end, we propose the Factor Mixed Hawkes Process to
incrementally measure the event intensity of e = (u, i, r, 1):

/l(eu,i,r,t) = M(M, l)
——
intrinsic intensity

+ 612;=12P€Su,<1a"p,y (p’ M)K(t - tp)

(@)

Intensity of historical events on source node u

+ 622;:12q€5i.</a’r¢,.f(q’ i)K(t - tp)

Intensity of historical events on target node i

where u(u, i) represents the intrinsic intensity; «,(-, -) is the ex-
ternal influence, which measures type-wise semantic of the his-
torical events; and k(f—t,) measures the influence of time decay
of the historical events. We elaborate on these three factors by
each in the following.

3.2.1. Modelling Intrinsic Intensity

The intrinsic intensity measures the event semantics between
the source node u and the target node i. A key issue is to quan-
tify the semantic intensity between u and i. Generally, given an
event e = (u,i,r,t), its semantic intensity is related to not only
the u and i but also event type r. Thus, we define the intrinsic
intensity u(u, i) of an event as follows:

uu, i) = —o(f(h,W,, — W)W, . + b, ) 3

where i, € RY and h; € R? are the embedding of node u and
i, d is the node embedding dimension. W,, € R? and W,, €
R? denote the type projection matrix. f(-) is the element-level
operation to measure the similarity of u and i. W, , and b, , are
the type projection and bias of the event, o(-) is the non-linear
activate function.

3.2.2. Modelling External Intensity
Different types of events indicate different semantics. Be-
sides, the semantics of events may change over time. Con-
sidering these, we define the multi-type attention to calculate
the external intensity. Take the source node u and its historical
event p as an example. The multi-type attention contains two
attentions: type-wise attention a,,,(p, u) [22, 39] and temporal
attention ¢, [43]. The type-wise attention @, (p,u) is defined

as:
exp(@y,,(p,u))

Lpes, . exp(@r,, (p, u))

&, (pr ) = @



@rp_“(l’, u) = O-(K(t - tp)[hpWr,, 2] hu Wr,,]) (5)
where W,, € RY and W,, € R? denote the type weight of his-
torical event p and the source node u. @ is the concentric op-
eration. Since the semantics between the source node u and
historical event p can differ over time, we also incorporate the
time decay effect k(¢ — #,). t and t,, are the hybrid time of the
source node and the historical node, which will be introduced
in section 3.2.3. &,, (p,u) € R?? is the type-wise weight that
measures the semantic importance of historical event type r,, on
the source node type .

Furthermore, to balance the time evolution effect of all his-
torical event p on target event e = (u, 1,1, t), we further define
temporal attention ¢;:

Su = s(k(t - tp)ilu)a Si = S(K(E)i/‘ll) (6)

5 = — PO @

exp((su) + 6)6[7(5,’)
where &, and ¢; are the generalized temporal attention of the
u’s and i’s historical events on the current event. s(-) is a single-
layer neural network. &, and A, are the aggregation of node u’s

and 1’s historical nodes with type-wise weight, respectively:
hy=0( ) &, (p.why) ®)
pESU,<I

where @,,,is the type-wise weight calculated by formula (5).
h,, is the embedding of p. t — ¢, is the averaged time interval of
historical nodes, defined as:

1
t—t, = 5| Z (t—tp). ©)]

PES <t

3.2.3. Modelling Historical Intensity

The historical intensity «(-) measures the time effect of the
historical node on the event, which should decay with time.
However, after analyzing the existing data, we find that each
node has a unique occurrence ratio at different times (As shown
in Figure.2). Considering this, we define a hybrid time for each
event:

Iy, = ttme], - tpseudop (10)

where fyy,, and f50ud0, are the true time and the pseudo of p,
respectively. Specifically, the true time lirue, 18 the time interval
between event p and node u. The pseudo time Ipseudo, is its
occurrence frequency accumulated until time ?.

T

o, = 7 Y ) 1ot (a1

t=1 peS, «

where N,,; is the occurrence number of event p at time z. N; is
the number of p in the 7-th temporal events set. To this end, the
hybrid time decay function «( — t,,) is defined as follows:

k(t —t,) = exp(—=o(t —t))) (12)

As we can see from the formula (10), the more frequently a
historical node is sampled, the greater its impact on the target
event. Additionally, the shorter the time interval of a historical
node, the greater its impact on the target event.

3.3. Incremental Updating Strategy for New Events

We now describe the strategy of incremental updating [10]
for new events. When a new event x = (w, v, r,t + 1) occurs at
time 7+1, one hypothesis is that it may extend the N(x) events
that end at w at time 7. Another hypothesis is that it is just a
newly established event. For example, as shown in the sub-
figure(a) of Figure.3, the event (i, c;) at time f, extends the
event (uy, 1) at time #, while (uy, i) is a new event occurring at
time f,. For the first hypothesis, based on the formula (2), we
can learn that all the events intensity A(e)” that end at w at time
t has been calculated. Thus, we only need to calculate the event
intensity of N(x) newly established events A(x)"*! at time 7+1
and incrementally update the event intensity based on A(e)” and
A(x)T*1. For the second hypothesis, we calculate its intrinsic in-
tensity in the formula (2) as the event intensity because it has no
historical nodes. To this end, we can get all the intensity of new
events at time 7+1. Finally, we add them to the event intensity
before time 41 as the final event intensity. A toy example of
incrementally updating is shown in sub-figure(d) of Figure.3.
The incremental updating strategy is shown in Algorithm 1.

Algorithm 1 Incremental Updating Strategy
Input: x=(w,v,r,t+ 1), N(x), A(e)<~"
Output: Output the event intensity A(x)”*!
for event x do
if x in N(x) then
Calculate its intrinsic intensity p(x) via formula (3)
Calculate its external intensity @,(x) at time 7 + 1 based
on a,(e) (formula (5)) and A; (formula (7))
Calculate its historical intensity x(—¢,) via formula (12)
Update event intensity A(x)"*! via formula (2) based on
Ae)T, 1(x), a,(x) and «(t — 1,).
else
Calculate its intrinsic intensity u(x) as event intensity
A(x)™*! via formula (3)
end if
end for
forT+1« 1do
A = 3 A
end for
return A(x)"*! = exp(A(x)™+1)

3.4. Aggregating Embedding for Recommendation

For the recommendation task, we generate the user embed-
ding or item embedding at time ¢ [18, 11] by multiplying and
adding the intensity of historical events until time ¢ with corre-
sponding embedding one by one. Take user u as an example, its
embedding o, is defined as follows:

04 = Z Aphy, 1=1,2,..,T (13)

PES <t

where S, ., is the nodes set before time ¢, &, is the embedding of
the event p. Similarly, the item embedding o; can be generated
based on the above process.



Finally, we put the user embedding o0, and item embedding
o0; into an MLP to output the predicted clicking probability.

~

Sui = 07(0,,00) (14)
where o is the sigmoid function.

3.5. Model Optimization

Given the factor-driven event sequence S, <, and S; ., of tar-
get node u and source node i, the event intensity between u and
i at time ¢ can be computed as:

/l(eu i rt)
PCeuinlS u<t>Si<t) =
b s LS ZL/ ES,,,<,/1(61/,1'J,Z) + Ei/ €S ,'7<,/1(eu,i’,r,r)
(15)
where A(e,; ) = exp(A(e,;,;)) denotes the positive inten-

sity. Besides, we adopt negative sampling to accelerate train-
ing learning. Thus, the loss function [6, 26] can be written as
follows:

Lep(€) = Zecploga(A(e))-

M Eylogo(-A(e;)) — M B, logo(—Ae,)) (10
where M is the size of negative samples, o(-) is the sigmoid
function.

Besides, for the recommendation task, we have the following
unified loss function to capture the temporal embedding of the
network:

-E = Lep + w-Erec (17)

where L, is the loss of recommendation. w is the weight.

3.6. Complexity Analysis

For generating the factor-driven event sequence over time,
the complexity is O((U+I)N"), for ¢=1,2,...T, where U and
I are the numbers of users and items, N' is the node num-
ber in each timestamp, and 7 is the maximum timestamps. In
event intensity calculated by formula (2), the complexity of for-
mula (3), formula (5), formula (7), and formula (12) are O(d?),
O(N'Rd*), O(N'd*), and O(N"), respectively, for t=1,2,..T,
where d is the node embedding dimension, R is the number
of the node type. Thus, the intensity measurement complex-
ity of an event is O(d*>+N'Rd?). Therefore, the intensity mea-
surement complexity of all events is O(U +)(d*>+N'Rd?)). If
W new events occur, the complexity for incrementally updat-
ing these new events by Algorithm 1 is O(WRd?). Suppose the
number of user-item pairs is Y, then the complexity of recom-
mendation is O(YTN'd?). To this end, the complexity of the
proposed FMHP is O(U+I)(d*+N'Rd*)+WRd*+YTN'd?).

The time complexity is low in practice due to incremental up-
dating. Since FMHP can cumulatively calculate event intensity
over time, thus, we only need to calculate the intensities of the
newly occurred events each time. Besides, the FMHP is eas-
ily paralleled. The events in each factor-driven event sequence
can be processed in parallel since they are put into the multi-
type attention. The number of N’, T, and R are usually small
constants, which can be ignored in practice.

4. Experiments

To evaluate the effectiveness of the proposed FMHP, we con-
duct extensive experiments to answer the following questions:

e RQ1. How does FMHP perform in the incremental recom-
mendation compared with baselines?

e RQ2. How do three factors (intrinsic, external, and histor-
ical intensity) trigger the event generation?

e RQ3. What is the effect of external intensity of events
on recommendation? Could FMHP provide a clue for the
external intensity evolution of events?

e RQ4. Can multi-type temporal attention capture the exter-
nal intensity for each event to enhance the recommenda-
tion?

e RQ5. Can the hybrid time decay function extract accurate
historical intensity for each event to enhance the recom-
mendation?

e RQ6. How do various hyper-parameters in FMHP affect
the recommendation?

4.1. Experiments Settings
4.1.1. Datasets

To evaluate the effectiveness of FMHP, we conduct exper-
iments on four widely used large datasets: Amazon-Beauty
(Beauty)1[46], Last-FM?2[3, 25], Movielens’[16] and Amazon-
Book (Book)*[47]. The statistics of experimental datasets are
in Table 2.

Beauty is a user-cosmetics interaction data with 5-core meta-
data. To construct a factor-driven event sequence, we first ex-
tract the brand, category, and feature node from the meta-data.
We then generate the events (e.g., I-B, I-C, I-F), where the time
of these events is the next timestamp of its linked nodes. Fi-
nally, we treat the rating of 5 as positive and select users with
more than 50 interactions to learn enough for modeling users.

LastFM is user-music interaction data. We construct the
factor-driven event sequence using U-M, U-F, F-M, and G-M
in the data. We select users with more than 40 interactions for
training. As U-F and G-M have no timestamps, we set the time
of these events as the next timestamp of its linked nodes.

Movielens is a user-movie interaction data with four event
types (e.g., U-M, M-D, M-A, and M-G). If the user’s rating
on a movie is more significant than 10, it is an implicit event.
We delete the user with less than 30 interactions and construct
factor-driven event sequences using the above events.

The book contains user-movie interaction data and a 5-core
meta-data. We estimate users interacting with books less than
40 interactions and regard the rating 5 as positive. Like Beauty,
we choose B-W and B-C from meta-data and construct the
factor-driven event sequence.

! https://jmcauley.ucsd.edu/data/amazon/
Zhttps://grouplens.org/datasets/hetrec-2011/
3https:// grouplens.org/datasets/movielens/20m/
4https://jmcauley.ucsd.edu/data/amazon/



Table 2: Experimental statistics of the four datasets

Datasets Node Type | Nodes | Event Type | Events | Timestamps
User(U) 6710 U-I 85598
Item(I) 2753
I-B 148576
Beauty Brand(B) 334 6
I-C 148576
Category(C) | 22 LF 196740
Feature(F) 7362
User(U) 1892 U-S 92834
. Genre(G) 30 U-F 25434
LastEM 1 Musies) | 16524 | Es 25434 6
Friends(F) 1892 G-S 186479
User(l) | 2113 U-M 231742
Director(D) | 4053
. M-D 65132
Movielens Actor(A) 95241 6
M-A 65132
Genre(G) 20 M-G 20809
MovieM) | 9407 .
User(U) | 5264 U-B 67960
Writer(W) 18181
Book B-W 145610
Book(B) 9160 B-C 9160 6
Category(C) 22

4.1.2. Baselines and Evaluation Metrics

To verify the effectiveness of the FMHP, We employ
two static recommendation models (LINE and DeepWalk),
one dynamic recommendation model (LightGCN), and four
Hawkes-based incremental models (HTNE, M2DNE, HPGE,
MHNE). The detailed description is listed as follows. We use
Hit Ratio (HR@k), Normalized Discounted Cumulative Gain
(NDCG@k), and Recall (Recall@k) under top k circumstance
as our evaluation metrics for the top-k recommendation. Specif-
ically, we set k = {5, 10, 15, 20} through our experiments.

e LINE [33]: LINE learns latent representation for the
large-scale network by preserving first- and higher-order
proximity. We use higher-order proximity as our baseline.

e DeepWalk [30]: DeepWalk utilizes truncated random
walks to learn latent representations.

e LightGCN [14]: LightGCN designs a simplified Graph
Convolutional Network (GCN) to dynamically aggregate
neighborhood embedding for the recommendation.

e HTNE [48]: HTNE integrates the Hawkes process with
an attention mechanism to capture the effect of historical
events on the current event.

e M’DNE [25]: M?DNE models graph evolution at micro-
and macro- level using Hawkes process. We only use its
micro-level as our baseline.

e HPGE [16]: HPGE utilizes the Hawkes process to capture
the excitation of historical events regarding heterogeneity
and dynamics.

e MHNE [3]: MHNE encodes multi-aspect embedding of
historical nodes into Hawkes process to assign the weights
of each aspect.

4.1.3. Hyperparameter Settings

For Line, we use the high-order proximity to learn node em-
bedding for a fair comparison since the length of the factor-
driven event sequence used in our method is bigger than 1. In

terms of DeepWalk, the walk length for each node is set to 100.
For LightGCN, the neighborhood aggregation number for each
node is 100. The history length or meta-path length in HTNE,
M?DNE, HPGE, and MHNE is the same as the length of factor-
driven event sequence in our method, where we set the maxi-
mum timestamp 7" = 3 for Beauty and Book and 7 = 4 for
LastFM and Movielens. The other parameters of baselines are
set by default.

For our method, we set the embedding dimension d = 128
and the batch size as 1024. The learning rate is selected
from {0.001,0.0005,0.0001}, the regularization weight w =
{0.3,0.4,0.4,0.3} for Beauty, LastFM, Movielens and Book,
respectively. The negative sampling size is 10 (if any). We
perform standard 10-fold cross-validation for all models on all
datasets. We adopt a mini-batch Adam optimizer. We set the
training, evaluation, and test ratio for all four datasets as 6:2:2.
We use Pytorch to implement our method. Our software envi-
ronments are Pytorch (1.11.0), torch-geometric (2.2.0), torch-
cluster (1.6.0), torch-scatter (2.0.9), and torch-sparse (0.6.14).
Moreover, all models are trained on Nvidia RTX A5000 with
Intel(R) Xeon(R) E-2278G CPU @ 3.40GHz.

4.2. Overall Performance (RQ1)

In this section, we evaluate the performance of our proposed
FMHP model on four datasets and compare it with seven base-
lines for the top-k recommendation. The results are in Table
3. Besides, we reported the improvements and statistical sig-
nificance test in Table 3, which are calculated between our pro-
posed FMHP method and the best incremental recommendation
baseline MHNE (highlighted with underline). We set a p-value
<0.05 as a significant improvement.

As shown in Table 3, our proposed FMHP performs sig-
nificantly better than the baselines from all evaluation met-
rics. Specifically, the average improvements of FMHP over the
strongest incremental recommendation baseline MHNE w.r.¢
HR@k are 9.77%, 9.35%, 9.32%, 10.10%, w.rt NDCG@k
are 8.86%, 10.26%, 9.81%, 9.38%, and w.r.t Recall@k are
9.64%, 9.32%, 8.97%,9.85% in Beauty, LastFM, MovieLens,
and Book, respectively. We credit this better performance for
two reasons. First, except for the simple time interval used in
MHNE, FMHP further extracts the accumulated occurrence fre-
quency of historical events as a pseudo time of each historical
node, which can capture the evolution distribution of the net-
work over time in a more fine-grained manner. Second, FMHP
considers the historical events’ type-wise semantics and tem-
poral effect to calculate the event intensity. In contrast, MHNE
only considers the node types, limiting the representation of in-
cremental recommendations. Concerning p-value, as shown in
Table 3, all p-values of our proposed FMHP compared with the
best incremental recommendation baseline MHNE (highlighted
with underline) are less than 0.05. This case demonstrates the
improvements of FMHP over the best incremental recommen-
dation baseline are statistically significant.

Compared with other incremental recommendation methods
(e.g., HPGE, M?DNE, HTNE), the superior performance of
FMHP is due to its excavation for underlying factors of each



Table 3: Overall performance on incremental recommendation compared with baselines. Improve and p-value denote the relative improvements(%) and t-test results

of FMHP compared with MHNE, respectively.

Datasets | Metrics LINE | DeepWalk | LightGCN | HTNE | M?DNE | HPGE | MHNE | FMHP | Improve  p-value
HR@5 0.1575 0.2104 0.2314 0.4513 | 0.5678 | 0.5781 | 0.5934 | 0.6872 | 9.38%  5.90e-6

HR@10 0.2003 0.2472 0.2562 0.5542 | 0.6557 | 0.6830 | 0.7029 | 0.8016 | 9.87%  5.95e-6

HR@15 0.2179 0.2821 0.2852 0.5817 | 0.6923 | 0.6990 | 0.7210 | 0.8152 | 9.42%  6.36e-6

HR@20 0.2372 0.2953 0.3010 0.6184 | 0.7057 | 0.7123 | 0.7311 | 0.8353 | 10.42%  2.68e-8
NDCG@5 | 0.1321 0.2000 0.1849 0.4175 | 0.5293 | 0.5318 | 0.5473 | 0.6301 | 8.28%  2.20e-5

Beauty NDCG@10 | 0.1799 0.2072 0.2159 0.5337 | 0.6210 | 0.6429 | 0.6552 | 0.7418 | 8.66%  1.87e-5
NDCG@15 | 0.1872 0.2184 0.2301 0.5446 | 0.6464 | 0.6692 | 0.6717 | 0.7630 | 9.13%  5.35e-6
NDCG@20 | 0.2011 0.2321 0.2446 0.5621 | 0.6501 | 0.6818 | 0.6982 | 0.7917 | 9.35%  7.64e-5

Recall@5 0.1723 0.2345 0.2454 0.4721 | 0.5822 | 0.5851 | 0.6124 | 0.6957 | 8.33%  4.60e-5
Recall@10 | 0.2287 0.2513 0.2635 0.5632 | 0.6631 | 0.7065 | 0.7131 | 0.8104 | 9.73%  1.06e-7
Recall@15 | 0.2315 0.2622 0.2958 0.5943 | 0.7101 | 0.7136 | 0.7359 | 0.8399 | 10.40%  1.80e-6
Recall@20 | 0.2462 0.2734 0.3210 0.6302 | 0.7152 | 0.7224 | 0.7428 | 0.8436 | 10.08%  5.43e-5

HR@5 0.1093 0.1442 0.1584 0.4023 | 0.5021 | 0.5149 | 0.5362 | 0.6304 | 9.42%  4.95e-7

HR@10 0.1402 0.1856 0.2001 0.5050 | 0.6029 | 0.6273 | 0.6374 | 0.7220 | 8.64%  5.56e-5

HR@15 0.1547 0.2095 0.2148 0.5131 | 0.6154 | 0.6320 | 0.6621 | 0.7577 | 9.56%  7.86e-6

HR@20 0.1638 0.2273 0.2321 0.5298 | 0.6237 | 0.6392 | 0.6773 | 0.7752 | 9.79%  4.68e-6
NDCG@5 | 0.0856 0.1407 0.1441 0.3298 | 0.4465 | 0.4678 | 0.4721 | 0.5363 | 9.42%  5.74e-5

LastEM NDCG@10 | 0.1032 0.1747 0.1859 0.4329 | 0.5217 | 0.5449 | 0.5683 | 0.6674 | 9.91%  1.15¢-6
NDCG@15 | 0.1346 0.2019 0.2035 0.4478 | 0.5400 | 0.5771 | 0.5824 | 0.6917 | 10.93%  1.85e-8
NDCG@20 | 0.1575 0.2150 0.2216 0.4690 | 0.5412 | 0.5800 | 0.5953 | 0.7029 | 10.76%  2.08e-5

Recall@5 0.1187 0.1621 0.1731 0.4123 | 0.5267 | 0.5329 | 0.5458 | 0.6371 | 9.13%  1.35e-7
Recall@10 | 0.1621 0.1937 0.2154 0.5174 | 0.6114 | 0.6317 | 0.6521 | 0.7442 | 9.21%  2.78e-6
Recall@15 | 0.1754 0.2221 0.2469 0.5319 | 0.6362 | 0.6471 | 0.6704 | 0.7687 | 9.83%  1.24e-5
Recall@20 | 0.1851 0.2419 0.2521 0.5478 | 0.6453 | 0.6674 | 0.6851 | 0.7763 | 9.12%  7.45e-7

HR@5 0.1126 0.2041 0.2137 0.4276 | 0.5223 | 0.5451 | 0.5732 | 0.6650 | 9.18%  2.2le-5

HR@10 0.1596 0.2407 0.2655 0.5121 | 0.6176 | 0.6380 | 0.6657 | 0.7609 | 9.52%  5.52¢-5

HR@15 0.1824 0.2598 0.2747 0.5314 | 0.6254 | 0.6593 | 0.6981 | 0.7881 | 9.00%  9.80e-6

HR @20 0.1975 0.2625 0.2845 0.5472 | 0.6389 | 0.6852 | 0.7033 | 0.7989 | 9.56%  5.73e-6
NDCG@5 | 0.1071 0.1441 0.1498 0.4089 | 0.4623 | 0.4877 | 0.5201 | 0.6113 | 9.12%  3.1le-7
Movielens NDCG@10 | 0.1245 0.1997 0.2072 0.4929 | 0.5769 | 0.5872 | 0.6098 | 0.7065 | 9.67%  3.74e-6
NDCG@15 | 0.1380 0.2103 0.2183 0.5174 | 0.5893 | 0.6128 | 0.6300 | 0.7269 | 9.69%  2.60e-5
NDCG@20 | 0.1482 0.1482 0.2369 0.5248 | 0.6123 | 0.6274 | 0.6399 | 0.7474 | 10.75%  2.25e-6

Recall@5 0.1320 0.2135 0.2240 0.4352 | 0.5326 | 0.5521 | 0.5817 | 0.6721 | 9.04%  7.53e-9
Recall@10 | 0.1719 0.2583 0.2705 0.5217 | 0.6219 | 0.6471 | 0.6834 | 0.7732 | 8.89%  9.70e-5
Recall@15 | 0.1934 0.2721 0.2841 0.5449 | 0.6417 | 0.6723 | 0.6974 | 0.7958 | 8.85%  5.36e-5
Recall@20 | 0.2129 0.2781 0.2921 0.5602 | 0.6503 | 0.6911 | 0.7123 | 0.8034 | 9.11%  5.0le-5

HR@5 0.1954 0.2517 0.2706 0.5227 | 0.6024 | 0.6158 | 0.6228 | 0.7235 | 10.07%  6.73e-11

HR@10 0.2171 0.2942 0.3095 0.6185 | 0.7002 | 0.7110 | 0.7167 | 0.8102 | 9.35%  8.99¢-6

HR@15 0.2211 0.3158 0.3219 0.6374 | 0.7119 | 0.7331 | 0.7422 | 0.8413 | 10.91%  9.73e-8

HR@20 0.2382 0.3321 0.3416 0.6449 | 0.7234 | 0.7442 | 0.7510 | 0.8517 | 10.07%  4.52e-6

NDCG@5 | 0.1420 0.1859 0.2021 0.4815 | 0.5458 | 0.5676 | 0.5883 | 0.6784 | 8.98%  8.18e-8

Book NDCG@10 | 0.1645 0.2534 0.2655 0.5492 | 0.6317 | 0.6425 | 0.6530 | 0.7522 | 9.92%  9.87e-5
NDCG@15 | 0.1769 0.2624 0.2774 0.5723 | 0.6550 | 0.6719 | 0.6804 | 0.7805 | 9.92%  7.24e-6
NDCG@20 | 0.1827 0.2781 0.2900 0.5947 | 0.6729 | 0.6729 | 0.7031 | 0.7900 | 8.69%  2.37e-7

Recall@5 0.2100 0.2631 0.2814 0.5315 | 0.6117 | 0.6241 | 0.6317 | 0.7321 | 10.04%  7.10e-8
Recall@10 | 0.2251 0.3119 0.3221 0.6277 | 0.7103 | 0.7223 | 0.7324 | 0.8301 | 9.77%  2.90e-7
Recall@15 | 0.2320 0.3276 0.3302 0.6482 | 0.7221 | 0.7417 | 0.7530 | 0.8517 | 9.87%  4.60e-6
Recall@20 | 0.2518 0.3452 0.3527 0.6536 | 0.7324 | 0.7599 | 0.7731 | 0.8702 | 9.71%  4.08e-6

event generation (the intensity, external, and historical inten-
sity). In contrast, other incremental recommendation methods
only use one of these factors as additional features for an event.
Besides, all incremental recommendation methods perform bet-
ter than the dynamic recommendation model (e.g., Light GCN).
This phenomenon verifies that tracking the formation of events
sequence (incremental recommendation methods) can capture
more accurate event embedding than treating each event as a

static graph (dynamic recommendation model). Moreover, the
static models (e.g., LINE and DeepWalk) underperform on our
dynamic graph datasets. LINE and DeepWalk perform poorly
on all datasets, indicating that random sampling of static meth-
ods is insufficient to capture the similarity evolution in the dy-
namic graph.
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Figure 4: The events generations triggered by three factors on four datasets

4.3. Case Study of Events Generation Triggered by Three Fac-
tors (RQ2)

In order to determine which factor has the dominant influence
on event generation, we conducted a case study of event gener-
ation in four datasets. We randomly sample 0.1% to show the
results, as drawing millions of events in each dataset is imprac-
tical. As depicted in Figure.4, each point represents an event,
and its color represents the factor type that triggers this event.
If an event triggers another due to a factor, we add a line of the
same color as the factor to another.

As shown in Figure.4, the distribution of dominant factors
varies among the different datasets. In LastFM and Movie-
lens, intrinsic intensity dominates the user’s events. This phe-
nomenon indicates that people prefer music and movies that
align with their interests. After all, in real life, peoples’ pref-
erences for music or movie generally do not change. Besides,
in Beauty and Book datasets, the external intensity dominates
event generation. This case is because our selection for cosmet-
ics or books depends on the requirements at that time. Thus, ex-
ternal factors such as cosmetic brands or book categories may
always affect users. The historical intensity also plays a role
in Beauty and Book, as users’ prior experiences can help their
selections. Overall, FMHP can determine the dominant reasons
behind users’ every event.

4.4. Analysis on External Intensity of Events (RQ3)

To investigate the role of the external intensity of the event,
we design the following two experiments. (1) the effect of each
event’s external intensity on the recommendation. (2) visual-
ization of external intensity evolution of events.

4.4.1. Analysis on Effect of External Intensity for Recommen-
dation

To evaluate the external intensity effect of the event, we only
adopt one type of event at each time to calculate the event in-
tensity and use the embedding of the final timestamp for the
recommendation. We use HR @20 and NDCG @20 as the eval-
uation metrics. The experiment averages five times the experi-
ments as outputs. The results are shown in Figure.5.

As shown from Figure.5, the embedding with all types
of events achieves the best performance w.rt HR@20 and
NDCG@20. As shown in all sub-figures, the recommendation
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Figure 5: The effect of external intensity of events on recommendation

with only one type event decreases significantly w.rt HR@20
and NDCG@20. It indicates that the user’s events are deter-
mined by multiple factors (such as color, properties, brand et
al.) rather than a single one, which verified the effectiveness
of type-wise attention in our method. Additionally, the impor-
tance of each event type, as indicated by the height of the bars,
reveals the user’s shopping habits. For example, in the LastFM
dataset, G-S has the highest bar, meaning this user prefers items
of the same genre.

4.4.2. Visualization of External Intensity Evolution on Events

In this section, we visualize the evolution of the external in-
tensity of events over time, which is the product of type-wise
attention in formula (5) and temporal attention in formula (7).
We take user 1682 from LastFM and 44285 from Movielens as
the experimental subject, respectively.

As shown in Figure.6, the external intensity of each event
type changes over time. For user 1682 from LastFM, as shown
in the first subgraph, the purse line (U-S), the green line (U-F),
and the blue line (F-S) have a clear downward trend, while the
red line (G-S) grows over time. For user 44285 from Movie-



Table 4: Ablation study of multi-type temporal attention of external intensity on incremental recommendation

Datasets Beauty LastFM Movielens Book
HR@20 NDCG@20 | HR@20 NDCG@20 | HR@20 NDCG@20 | HR@20 NDCG@20
No-attention 0.4017 0.3520 0.3824 0.3351 0.3341 0.3049 0.4552 0.4223
Type-wise attention | 0.7837 0.7232 0.7281 0.6997 0.7354 0.6793 0.8246 0.7265
Temporal attention | 0.6958 0.6372 0.6208 0.5915 0.6479 0.6138 0.7125 0.6845
All attention 0.8353 0.7817 0.7752 0.7029 0.7989 0.7474 0.8517 0.7900
Table 5: Ablation study of hybrid time decay function of historical intensity on incremental recommendation
Datasets Beauty LastFM Movielens Book
HR@20 NDCG@20 | HR@20 NDCG@20 | HR@20 NDCG@20 | HR@20 NDCG@20
No-time 0.2019 0.1733 0.1445 0.1036 0.1582 0.1291 0.1892 0.1547
Pseudo-time | 0.6233 0.5521 0.5472 0.5018 0.5784 0.5247 0.6501 0.5739
True-time 0.7628 0.7045 0.7094 0.6862 0.7213 0.6581 0.8021 0.7145
All-time 0.8353 0.7817 0.7752 0.7029 0.7989 0.7474 0.8517 0.7900
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Figure 6: Visualization of external intensity evolution of events

lens, as shown in the second subgraph, the blue line (U-M)
decreases, while the red line (M-G) has a rising trend. These
two cases demonstrate that users may not initially have specific
music or movie preferences and choose under various inves-
tigations (such as querying singers and asking friends et al.).
When he develops a taste for music over time, his selection
gradually synchronizes with his intrinsic interests. These cases
demonstrate that our method can reveal the evolving effect of
different types of events and provides valuable information for
incremental recommendation.

4.5. Ablation Study on Multi-type Temporal Attention of Exter-
nal Intensity (RQ4)

To assess the impact of multi-type temporal attention, we
compared it with three model variants: no-attention, type-wise
attention, and temporal attention. To evaluate the effectiveness
of the type-wise attention, we replaced the formula (5) with a

concatenation representation of two nodes. We removed tem-
poral attention from the formula (7) to evaluate its effectiveness.
We use HR @20 and NDCG @20 as our evaluation metrics. The
results are shown in Table 4.

As seen in Table 4, the model with all attention performs the
best in the incremental recommendation. Both the type-wise
attention variant and temporal attention variant outperform the
no-attention variant. This phenomenon suggests that the type-
wise semantics extracted by the type-wise attention and the time
decay effect obtained by the temporal attention are beneficial
for representing the dynamic network and improving the incre-
mental recommendation. In addition, the type-wise attention
variant outperforms the temporal attention variant by an aver-
age of 9.87% and 7.54% w.r.t HR@20 and NDCG @20, respec-
tively. It may be because the type-wise semantics of nodes pro-
vide a more fine-grained representation of the user’s interests.
In contrast, the time effect can only roughly represent the time
interval.

4.6. Ablation Study on Hybrid Time Decay Function of Histor-
ical Intensity (RQ5)

To evaluate the impact of the hybrid time decay function
in historical intensity, we compare it with three model vari-
ants: no-time, pseudo-time, and true-time. We use HR @20 and
NDCG @20 as the evaluation metrics and present the results in
Table 5.

The table shows that the all-time variant performs the best,
while the no-time variant performs the worst on all datasets.
The pseudo-time and true-time variants outperform the no-time
variant, demonstrating their effectiveness. The pseudo-time
variant only has a 21% reduction in performance compared to
the all-time variant, indicating that it can capture the user’s
temporal interests through the frequency of each node. Ad-
ditionally, the pseudo-time and true-time variants have differ-
ent contributions to the incremental recommendation, with the
true-time variant showing a 13% higher recommendation per-
formance than the pseudo-time variant. This phenomenon may
be because the true-time variant represents an exact time rele-
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vant to the user’s interaction, which more closely synchronizes
with the user’s historical interaction time.

4.7. Analysis on Hyper-parameters Sensitivity (RQ6)

To verify the effect of different sampling times 7 in the
factor-driven event sequence, we conduct incremental recom-
mendations under the T = {1, 2, 3, 4}. The results are shown in
Table 6 w.r.t HR@20 and NDCG@20.

As we can see from Table 6, our method achieves the best
recommendation performance when t = 2,t=2,¢t=3,and t = 2
w.rt HR@20 and ¢t =2,t=3,¢ =3, and r = 2 w.r.t NDCG@20
in Beauty, LastFM, Movielens, and Book, respectively. FMHP
has the worst recommendation performance with # = 1 in all
datasets w.r.t HR@20 and w.r.t NDCG@20. A reasonable sus-
picion is that if the sampling time is too short, it can barely
explore the historical attributes of the current event. When ¢
= 4, its performance averagely decreases 1.58% w.r.t HR@ 20
and 1.69% w.r.t HDCG than the results when ¢ = 3. It is because
a big sampling time may bring noise or interferential informa-
tion, which encourages us to choose suitable timestamps for
each dataset.

Table 6: Recommendation results of FMHP with different sample timestamps
in factor-driven event sequence

Metrics Datasets | Beauty LastFM Movielens  Book
t=1 0.8149  0.7548 0.7839 0.8303

r=2 0.8353 0.7621 0.7936 0.8517

HR@20 t=3 0.8310  0.7750 0.7972 0.8472
t=4 0.8242  0.7620 0.7554 0.8455

t=1 0.7526  0.6538 0.7041 0.7580

t=2 0.7805  0.6922 0.7392 0.7900

NDCG@20 t=3 0.7723  0.7026 0.7472 0.7784
t=4 0.7698  0.6731 0.7269 0.7631

5. Related Work

We review the incremental recommendations from three fac-
tors (intrinsic, external, and historical) in our method. Table 7
summarises the literature regarding these three factors.

Based on the user’s historical behaviors sequences (intrinsic
factor), some incremental recommendation works [37, 40, 8,
28] split a dynamic graph into several snapshots and integrate
deep auto-encoders and sequential neural networks to learn the
evolving embeddings. For example, EvolveGCN [28] captures
the dynamics of the user’s behavior through an RNN to evolve
the GCN extract features without resorting to node time. RSL-
GRU [8] extract snapshot features by rewarding multiple paths
using reinforcement learning and use Gated Recurrent Unit
(GRU) to capture the temporal evolution of the graph. How-
ever, these methods have some limitations. (1) The semantics
of the user’s behaviors are extracted and evolved with the static
snapshot, limiting the expression of nodes for incremental rec-
ommendations. (2) The time of each node in these methods is
consistent with the snapshot it belongs to, which deviates from
its real formation time considered in our method.

To enrich the explicit semantics of nodes and edges in incre-
mental recommendations, some work [13, 15, 23, 1] leverages
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semantic information (external factor) in the network. Specifi-
cally, WSHE [15] utilizes meta-path-based similarity based on
user feedback to measure the user’s preference for a recom-
mendation task. BAR [13] adopt users’ sequential heteroge-
neous one-class feedback (item, behavior) to models (e.g., Re-
current Neural Network (RNN), Convolutional Neural Network
(CNN) or Graph Neural Network (GNN)) for the recommenda-
tion. GHCF [4] takes advantage of GCN and further improves
it to jointly embed representations of users, items, and rela-
tions with non-sampling optimization. MAGNN [9] proposes a
GNN-based model to extract intra- and inter-meta-path connec-
tivity among different types of nodes to generate user and item
embedding for the recommendation. However, these methods
integrate all meta-paths from static snapshots as the semantics
of the user or item, blurring semantic deviations for the user or
item. Besides, the temporal information of each node in meta-
paths is also not considered.

To overcome the above limitation, some methods [48, 16, 25]
model the evolution of temporal networks by tracking the
neighborhood formation of each node. AMHP [35] utilizes the
Hawkes to model the recurrence of the same items in the user
sequence as a self-excitation process and capture its short-term
and long-term time evolution using an RNN. HPGE [16] de-
signs a heterogeneous evolved attention mechanism with the
Hawkes process to extract the edge formation. MHNE [3] pro-
poses a mixed Hawkes process to explore multi-aspect nodes
that drive the neighborhood formation. However, these methods
model the generation of each node with limited user sequences
or meta-paths. None of them have analyzed the underlying fac-
tors that trigger the event generation.

Table 7: The evaluation and summarization of all literature reviews in terms of
three factors considers in our FMHP metho
Methods Intrinsic

MFGAT [40]
KGCR [37]
EvolveGCN [28]
RSL-GRU [8]
BAR [13]
WSHE [15]
HS-GCN [23]
GHCEF [4]
MAGNN [9]
GraphSAIL [1]
AMHP [4]
HTNE [48]
M?DNE [25]
HPGE [16]
MHNE [3]

External | Historical

v

X

X X ANANAX XAXANAX X AX

AN O O SN NN N N NN
AN AX X X X X X X X X

6. Conclusion and Future Work

We propose an FMHP for the event-based incremental rec-
ommendation, which models the underlying factors that trig-
ger the generation of each specific event and incrementally up-
dates the event formation as new events occur. Specifically,



we consider three factors that may trigger event generation: in-
trinsic, external, and historical intensity. An intrinsic intensity
function, a multi-type temporal function, and a hybrid time de-
cay function are incorporated into FMHP to calculate the in-
trinsic, external, and historical intensity, respectively. In ad-
dition, FMHP uses an incremental updating strategy to cal-
culate the event intensity incrementally. We conduct exten-
sive experiments on four public datasets (e.g., Amazon Beauty,
LastFM, Movielens, and Amazon Book). Compared with state-
of-the-art incremental recommendation methods, our proposed
FMHP model achieves superior performance, averagely, with
up to 9.64% improvement in hit rate, 9.57% in normalized dis-
counted cumulative gain, and 9.45% in the recall. Besides, the
case study shows that the three factors in our proposed FMHP
method play a vital role in triggering event generation.

For future work, we will consider improving our method to
deal with more complicated temporal patterns, such as meta-
graphs, a potential research field. Although the Hawkes process
achieves outstanding performance in capturing the stimulating
effects of the event, we will explore some deep neural networks
(e.g., GCN and GNN), which can capture the structural and se-
mantics information of heterogeneous graphs. We will also ex-
pand our method to model the occurrence of an event from the
fairness of multiple stakeholders, such as the promotions of the
merchant, the friendship of users, and the review of the item.
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