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Abstract Sequential recommendation with heterogeneouseedback, Translation-based Recommendation
feedback (SRHF) is an emerging and important problem in

recommender systems, which aims to model users’ heteroge-

neous feedback such as examinations and purchases as ell | ntroduction

as their sequential information. There are some specifie cha

lenges in SRHF, including the heterogeneity challenge frorlr\lowadays, because of the information overload problem

users’ diferent types of behaviors, the correlation challenggn the Internet, recommender systems are widely used

from the coupling between the items and the behaviors, arturé)m video recommendatidhto product recommendatiéh

the interpretability challenge of the recommendation mecr;rhere are a variety of feedback in recommender systems,

anism. As a response, we propose a novel translation—basséjc?h as explicit feedback, implicit feedback, sequengatt

recommendation method called TransRReawith a “one s- back, etc. Among them, modeling of heterogeneous sequen-

tone, three birds” strategy (i.e., behavior transitiontues) tial feedback, which contains not onlyfirent types of feed-

for the above three challenges. Specifically, we introducl%aCk such as examinations and purchases but also the sequen-

some behavior transition vectors to capture the dynamics %?l information, is an emerging and important problem re-

, ; : . ceiving more and more attention. Heterogeneous sequential
users’ heterogeneous behaviors, which model the items ang’'"9 9 q

the behaviors in a sequence in an intuitive and unified Wafc?edback Is relatively easy to be collected in a deployed sys

and can be easily applied to deep learning-based algorith gm and is als? agf tcl)< prcr)]ylcrilg mr?re mformagon E)har:] tlh]? |
Moreover, we take some latest preceding items into Considé}omogeneous eedback, which is thus expected to be helpiu

ation, and learn a weight for each of them automatically. wE |mdpr0\{|ng the ref:ommendaultlnn churscy. )
then conduct extensive empirical studies on four real-avorl Adaptive Bayesian personalized ranking (ABPR) [16] is

datasets and find that the behavior transition vectors aye Veprobably the first method modeling heterogeneous implicit

effective in modeling heterogeneous sequential feedback, afr%dba(:k’ which incorporates two kinds of feedback into an

our TransRee+ outperforms the baselines significantly inobjectlve function, and assigns a weight that can be learned

- . ... automatically. Transfer via joint similarity learning (§J
most cases. In addition, we analyze the behavior transition . e -
numbers in dierent data and visualize the learned beha\k) [12] designs a new prediction rule which involves two
ior transition vectors, which provide us more insights of ouk'nds of feedback based on FISM [6]. RBPR [18] ar_1d R_O'
ToR [15] handle such feedback from a new perspective, i.e.,

TransRee+. -
they propose a two-stage framework. In the first stage, they

Keywords = Sequential Recommendation, Heterogeneouusse both the two kinds of feedback to obtain a candidate list

of a user’s likely-to-purchase items, and then refine thdlis
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exploiting the purchase feedback in the second stage. Hoaxaminatioypurchase to examinatiggurchase, which is of

ever, the aforementioned methods do not take the sequentialod interpretability; iii) we conduct extensive empitisa

information into consideration, and therefore cannot nhodéudies to show theféectiveness of our TransRe€ over the

the dynamics of the users’ preferences well. state-of-the-art translation-based and non-transldimsed
Factorizing personalized Markov chains (FPMC) [20] is anethods; iv) we study the behavior transition numbers in

pioneer method for modeling homogenous sequential feedifferent data and visualize the learned behavior transition

back. It is based on matrix factorization and uses the detctors, and obtain more insights of our solution; and v) we

product of (user, target item) and (previous item, targehjt generalize our TransRee to problems with more than two

to model the user’s long-term and short-term preferenees, itypes of behaviors, and apply the behavior transition vecto

spectively. Factorized sequential prediction with itemmisi to some deep learning-based methods, which demonstrates

larity models (Fossil) [5] makes an improvement on FPMCthe flexibility and generality of our solution.

Specifically, it combines an item-similarity model (i.elSF The rest of the paper is organized as follows. In Sec-

M [6]) with high-order Markov chains, which achieves thetion 2, we discuss some related work about recommendation

state-of-the-art performance. However, these methods onkith homogenous and heterogeneous feedback. In Section

make use of the homogeneous feedback and do not consi@ewe define our studied problem, discuss the challenges and

the dfects of diferent types of behaviors. present an overview of our solution. In Section 4, we describ
Recommendation with heterogeneous sequential feeddr solution in detail, and discuss the time complexity and

back or sequential recommendation with heterogeneous fedlde generalization of our TransRee for cases with more

back (SRHF) is a new recommendation problem and hdlsan two types of behaviors, as well as its application tgpdee

rarely been studied. Recommendation on micro behaviol@arning-based methods. In Section 5, we conduct extensive

(RIB) [27] exploits an RNN layer and an attention layer toexperiments and analyze the results to show ffextveness

handle the sequential information and heterogeneous feeaiid generality of our TransRee. In Section 6, we conclude

back, respectively. Behavior-intensive neural networltNB our work with some interesting future directions.

N) [8] feeds the item representations, sequential informa-

tion and heterogeneous feedback into two LSTM-based mod-

ules. The existing methods are mainly based on deep lead- Related Work

ing [2, 8,10, 27] and lack good interpretability. Moreover,

they model the users’ items and behaviors separately,rrattfel Récommendation with Homogeneous Feedback

than treat them in a holistic manner. 2.1.1 Homogeneous explicit feedback

In this paper, we design some novel behavior transition dat lorithms handling h lci
vectors and propose a novel solution named TransRéar Recommendation algorithms handling homogeneous explicit

SRHF. Specifically, our behavior transition vectors can moéedefjback_ expl(;)lt USErs dr_lum:\r!cal ratings OE thelr_ mtt(s;;ac
el the dynamics of the users’ behaviors, one merit of whic_ﬁ Items In order to predict their scores on the un-intetacte

is that it captures the users’ heterogeneous feedback and igms. Ger?eral_ly, the;ehzlgirlth(r:z cand be crLas(15|f|edd|nto t_'
guential information in an intuitive and unified way. we VO categories, i.e., neighborhood-based methods ancmatri

then notice that a user's behavior transition can f d factorization-based methods. Neighborhood-based method

by some latest preceding items, so we take a few precediﬁézj'] f!rst calculate' the S|mllar|t|es: between users (anitp
items into consideration and assign a weight to each of theE% obtain egch users (or each-|tem s) n-elghbors, ?”O,' then pr
which is learned automatically. We conduct extensive expe?jICt the ratings based on the information of the similar sser

iments on four real-world datasets, and the results shawcdd" €M) M’atnx fact_orllzatm_m—based_ methodsd[13, 1_(?8 ‘
the dfectiveness of our TransRee. resent a user’s numerical rating to an item as a dot product o

. . I . the user-specific vector and the item-specific vector, aad th
We summarize our main contributions as follows: i) we s-

. . , . learn the latent vectors by minimizing the error between the
tudy an emerging and important problem (i.e., sequential re iotac .
ommendation with heterogeneous feedback, SRHF) from A Icted score and the true score.
new perspective (i.e., preference transition betweenrtrete o

- . 2.1.2 Homogeneous implicit feedback

geneous feedback); ii) we propose a novel translationebase
sequential recommendation method called TransRabat In real-world applications, implicit feedback such as phas-
captures four dferent types of transitions, including from es are usually collected more abundantly than explicit-feed
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Tablel Summary of some shallow learning-based methods in modeiiferent types of feedback.

| Homogeneous Feedback | Heterogeneous Feedback
Explicit PMF [17], etc. TMF [14], PAT [9], etc.
Implicit BPR [19], FISM [6], etc. RBPR [18], RoToR [15], etc.
Sequential] FPMC [20], Fossil [5], TransRec [4], et¢. TransRee + (proposed in this paper)

back. Bayesian personalized ranking (BPR) [19] makes ug2.2 Heterogeneous implicit feedback
of a pairwise preference assumption where a user prefers an

. . . . ._In heterogeneous implicit feedback, users’ two kinds of im-
interacted item to an un-interacted one. Factored item-simi 9 P

larity model (FISM) [6] is based on a pointwise preferencghcn feedb_ack such gs examlnatlgns and purchases are giv-
en. Adaptive Bayesian personalized ranking (ABPR) [16]

assumption where a user likes an interacted item and dlg— i . i

. . o esigns a BPR-based obijective function, and learns a con-

likes an un-interacted one or a pairwise preference assun}p—
I

. o . . e dence on each examination adaptively, aiming to address
tion similar to that of BPR, and learns the item-item similar . . b Y 9 . .
L - the uncertainty of the implicit feedback. Transfer via join
ties in the prediction rule.

similarity learning (TJSL) [12] designs a new predictioteru
which involves two kinds of feedback, and learns a similar-
2.1.3 Homogeneous sequential feedback ity between a target item and a purchased item as well as a
Sequential recommendation algorithms utilize the sequeﬁi-milarity between a target item and an identified likely-to
tial information in order to predict a user’'s next likely-to prefer examined item. Role-based methods [15, 18] model
interact item. Factorizing personalized Markov chains (Ft-he heterogeneous feedback of a user via two roles, i.e., an
PMC) [20] combines Markov chains for users’ short-tern?xaminer and a purchaser, and predict the users’ prefesence
sequential preferences with a general matrix factorinatioViaatWO'Stage preference learning approach.
method for users’ long-term preferences. Factorized seque
tial prediction with item similarity models (Fossil) [5]$esa 2.2.3 Heterogeneous sequential feedback

similarity model (i.e., FISM) with high-order Markov chain There are very few works that model heterogeneous sequen-

S0 as to address the sparsity issue and capture the Sequerﬁ‘l%"f‘feedback, and almost all of them are deep learningéase

information in a unified framework. Translation-based recfnethods. Recommendation on micro behaviors (RIB) [27]

ommendation (TransRec) [4] draws inspirations from knOWIi'ncludes an embedding layer to address the sparsity and high

edge graph [22]. It embeds items into a transition space a'agmensionality issues, an RNN layer to handle the sequentia

models users. as translation vectors in order to capture t|hn?ormation, and an attention layer to capture thiees of
users’ dynamics.

heterogeneous feedback. Behavior-intensive neural mietwo
(BINN) [8] uses a modified item2vec [1] called w-item2vec
2.2 Recommendation with Heterogeneous Feedback  to obtain the item representations, and then feed the item em
bedding, sequential information and heterogeneous feédba
into two LSTM-based modules. We can see that the recom-
Heterogeneous explicit feedback refers to a combinatién ofmendation mechanisms in these methods affecdit to be

wo different types of explicit feedback such as numerical ratsnderstood. Moreover, they model the items and the behav-
ings and binary ratings. SVbr [7] is a seminal work for iors in a same sequence separately rather than treat themin a
combining heterogeneous feedback such as explicit fe&dbamified way.

and implicit feedback in one single prediction rule. Follow From the above discussions, we can see that most method-
ing SVD++, transfer by mixed factorization (TMF) [14] and s are based on shallow learning (i.e., factorization-based
preference-aware transfer (PAT) [9] address such heterogeanslation-based methods), which is associated with #re m
neous feedback from a transfer learning perspective, whidéhof good interpretability. Interestingly, methods for ded-

takes the numerical ratings as the target data and the binamg heterogeneous sequential feedback are all based on deep
ratings as the auxiliary data, rather than simply leverage t learning, which motivates us to focus on shallow learnindj an
two kinds of ratings in an integrative manner only, so as tdesign a translation-based method for SRHF. We briefly sum-
well capture the feedback-dependeffieet. marize the shallow learning-based methods for modeling dif

2.2.1 Heterogeneous explicit feedback
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ferent types of feedback in Table 1. tors, including from examination to examination (E2E) nfro
examination to purchase (E2P), from purchase to examina-
tion (P2E), and from purchase to purchase (P2P), which is
actually a “one stone, three birds” strategy. Specificaiig,
behavior transition vectors treat the items and their behav
iors as a whole (“correlation”) and model the changes of the
users’ diferent types of behaviors (“heterogeneity”) in an in-
In sequential recommendation with heterogeneous feedbddiitive way via E2E, E2P, P2E and P2P (“interpretability”).
(SRHF), we have a set of interaction sequen&gs = Technically, we integrate the high-order behavior transi-
(L, b)), (12, b(i2)), ..., (I, b))} for every useru e tion vectors into a translation-based sequential reconaiaen
U, whereit, represents thdth item in S, and b(it) € tion model, i.e., TransRec [4], and propose a novel solution
{examinationpurchasé is the behavior of useu on item called TransRee+ for the SRHF problem. Specifically, our

il We illustrate the studied problem in Fig. 1. As shown ifnodel first empeds items intg a SO'C"f".'ed transition space,
Fig. 1, our goal is to predict the user’s next likely-to-phase and then considers the behavior transitions between attarge

item, i.e., (4%, b(il*1) = purchasg, for each useu. We item and itsL latest preceding items, which is illustrated in
list the notations and their corresponding explanatioresius Fig- 2. Compared with the existing methods, our model takes
in the paper in Table 2. users’ sequences of items and behaviors into consideiiation
a unified way and captures the transition relationships in a
natural and interpretable way. Moreover, our model is a-shal
low learning-based method, which means that it consumes

3 Sequential Recommendation with Heter oge-
neous Feedback

3.1 Problem Definition

timestamp

s @
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o

t=3
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t=1

user's interaction sequence
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next likely-to-purchase item

less computing resource than the counterparts, i.e., tbe de
learning-based methods.

useru g

Fig. 1
back (SRHF), where a user’s interaction sequence of hetesmys feed-
back (i.e., examinations and purchases) are exploiteddier @ recommend
a next likely-to-purchase item. L ~

lllustration of sequential recommendation with heteragers feed-
A

|

|

|

|

|

|

preceding . = I ﬁ j(DE2P
items ~ 18 |
~|3 S

3.2 Challenges V] N |

: U(S)EZP

. b

In order to solve the SRHF problenffectively, we have to target g !
address the following challenges. (i) Theterogeneitghal- ftem ~ ! >
lenge. Users’ preferences beneattiadent types of behav- !
iors such as examinations and purchases are oftérel- Fig 2 |lustration of our TransReet, which first embeds items into vec-

t, for which a traditional recommendation method may faitors in a transition space and then learns user-specificvimhaansition
" . vectors with dfferent orders k ¢ < L.

to capture such ¢lierences. (ii) Theorrelation challenge.

Items and behaviors are often highly correlated in a user’s i

teraction sequence, for which treating the sequence ositem

an_d Fhe sequence of behaV|ors of amsame .user separ_atel)aln Our Solution

existing works may not be flicient. (iii) Theinterpretabil-

ity challenge. Users usually expect to understand the recothdl Translations

mendation mechanism from the perspective of human belr\%le tackle the heterogeneous feedback transition reldtipns

izrr:/]v;:h existing deep learning-based methods are often t% by introducing high-order behavior transition vectors fo
X.

each user, i.e., UOFE YPEP yOPE anduOF?. They
represent a useu’s f-order examination-to-examination,
examination-to-purchase, purchase-to-examination and
We address the aforementioned three challenges by proppsichase-to-purchase transition vectors, respectivéipr

ing a novel solution with a series of behavior transition-vecinstance, in Fig. 2, we can see that useexamines the

3.3 Overall of Our Solution



Front. Comput. Sci.

Table2 Some notations and their explanations used int the paper.

n the number of users
m the number of items
U, U =n the whole set of users
I, Il=m the whole set of items

ue{l,2,....,n} | userlD
je{l,2,....m} | itemID

b(it) the behavior on iteri,, b(i)) € {examinatioppurchase
Su = {(i, b(i%))} | the sequence of (item, behavior) pairs with heterogenemrdbfack of useu
it thetth item inSy,

R the whole set of observed (user, item, behavior) tuples
Vi € R the embedding vector of iteif)

pieR the bias of item

® the set of model parameters

||x||§ =x"x the squared, norm (i.e., the square of the lengthxgf

y the learning rate

v, @y, B, By the regularization parameter

T the iteration number in the algorithm

U, € R the global translation vector of user

UWVEZE ¢ pIxd | the¢-order examination-to-examination transition vector sénw
Uff)EZP € Rxd the £-order examination-to-purchase transition vector of user
Uff)PZE e Rxd the -order purchase-to-examination transition vector of user
UlpPZP ¢ pIxd | ther-order purchase-to-purchase transition vector of user

Uff)““ the overall translation vector of usewithin ¢ step(s) to the target iteif)
L the number of latest preceding items concerned

ne€R the¢-order weight shared by all users

n/eR the-order weight of usen

black book 3 steps before she purchases the last book, so th2 Prediction Rule and Objective Function
transition vector isUf,.S)EZP as shown in purple in the right
part of the figure.

Furthermore, we introduce a vectdy; in order to capture
a user’s global preference. Finally, the overall transtatiec-
tor of useru within ¢ step(s) to the target iteif), defined as
0% is formulated as follows,

According to Eq.(2), the preferencg, for useru on itemi,
is defined as follows,

L
P, o< = > Ve, + UF = Vig 12 @3)
=1

Moreover, we find that dierent users have fiierent shop-
GO — y,, 4+ Y ORI (1)  ping habits, so we assign a user-specific weightogether
with a global weight;, to each distance term. We follow
whereb(i; ‘) andb(i,) denote the types of feedback (i.e., be-TransRec [4] and introduce an item bigsto suppress pop-

haviors) on itemi};* and itemi},, respectively. ular items. Finally, the predicted preferemgg for useru on
We aim to make the distance between our predicted itenbmih is as follows,

and the true target item in the transition space as closess po

L
sible. In this way, an item in a user’s sequence can naturall A ~ (i,
_ Y _ a _ Yo Ry = py - e+ Vg + OO - VB (@)
achieve a transition to a future item érsteps by adding the )
user’s overall translation vector, which is formulated als f

From Eq.(4), we can see that uses preference on iteni,
is related to the item’s latest preceding items and the user-
Vo + go Vi, £=12.. L (2) specific weight assigned to the corresponding distance.
Compared with TransRec [4], we extend its user trans-
whereV,.. andV;;. are the embedding vectors of itéfyf and lation vector to a user’s overall translation vector, whish
itemil,, respectively. composed of a global preference translation vector and a be-

lows,
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havior transition vector to capture the dynamics between d-

L
(P P wove . 4 GO vy
ifferent types of behaviors. Moreover, we take more preced- YUy = o(fu; ru'u)[ZZ(’h’ 1) (Vige. + U Vi)

(=1
ing items of a target item into consideration and assign some ~(0)i
g ratarg . . g ~(Vier. + 0% Z v )] = auUs, (13)
user-specific weights to fierent terms of distances. u Y
We follow previous works and adopt the S-BPR loss func-
tion [20]. Specifically, for a tuplewit,, j), j € 7\Sy, we have
the following objective function to be maximized,
)bt ¢)2b(, A ~ (O
max Z Ino(fuy, — fuj) — Reg@), (5) VORI = () — P )[207 + 1) (Vige. + 08 - Vj)
Wit J),je7\Sy ~(Vige + 3 L(f)i‘u ~ Vi)l
whereo(-) is the sigmoid function® is the set of model pa- —aUOPEDE) g (14)
rameters to be updated, and R@y(s theL, regularization
term w.r.t.@.
We adopt the stochastic gradient ascent (SGA) algorithm
for updating the model parameters. For each parandeter
0, we have the update rule Ve = or(fuj = Pui) (V. + Uff)'h SRVAT:
6=0+yVe, (6) —IIViee. + g — Vi l13)
—Bime, € =1,..., L, (15)

wherey > 0 is the learning rate.

4.3 Gradients

For 6 € O, the gradient is computed as follows, o - X
VU? = O'(ruj - rui‘u)(”Vi‘L;”» +Ug™ - Vj||2

V= ol =RV =) =t " Vi + OO - vy 1)
Therefore, we have the gradients, B t=1,..,L. (16)
Vpi, = o(fuj — fui) — BpPi, (8)

From the perspective of update formulas, our model updates
L latest preceding items’ embedding vectors, {¥€|l =
1,...,L}, while TransRec only updates one, i.‘ﬁtj—,l,. More-

Vpj = —o(fuj - fui) = BpPj (9) over, our model updates figrent behavior transition vec-
tors according to the user’s behavior sequence and the user-
specific weights on diierent steps, which is againfiirent

o, S - O from that of TransRec.
Wi = o (fuj — Fui)[2 Z(m + 1) (Vi + U™ = Vi )]
=1

4.4 The Learning Algorithm

Wie. = ofuj - Pu) 201 + n)(Vigo. + G9% —v;) We depict the SGA-based algorithm of our TransRedn
V. Uff)it“ ~Ve )] Alg. 1. Firstly, We initialize the quel paramete®s The
! outer loop ranging from 1 td@ contains two parts: the inner
Ve, €=1,..,L, (11) . . o
u loop part samples a (user, item) pdirpreceding items and
a negative item to update the model parameters, before re-
) normalizing the involved item embedding vectors to restrai
o . . . . )
W, = oy - ruih)[_ZZ(W F )V + GO _ V)l them in a unitL; pall. NotlceT that whgn the_ HR@perfor_ .
=) mance does not improve within 300 iterations, the training
-aVj, (12)  will be stopped.
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Algorithm 1 The algorithm of TransRect. firm this by including empirical studies in Section 5.5.7.
1: Initialize the model paramete@
2: foriter =1,..,T do
3: for iter2=1,...,|R| do
4: Randomly pick up a pairu(il) € R\{ii,....i5}
(ensurd!, hasL preceding items)

5 Experiments

5.1 Datasets

5: Takel latest preceding itemi§™, ..., it
6: Randomly pick up a negative iteine 7\S,, We conduct experiments on four public datasets, including
I Calculate the gradients via Eqs._(8-16) MovieLens 1M (ML1M), Recl15, User Behavior (UB) and
8: Update the model parameters via Eq.(6) L. The four d I ituted b i ¢
N Re-normalize the item embedding vectar. = ng . The our. atfelsets are all constitute yla series®f (u
max(vl*l.l.\/{.ll) for Ve, ... Vigs, Vi, andV; e.r, item, behavior, tlmestgmp) quat.jruples,lwhmh can be corll
- sidered as users’ behavior-aware interaction sequendks wi
items.
4.5 Time Complexity Analysis ML1IM. MovieLens 1M (ML1M) [3] is a pubic dataset col-

lected by the researchers from GroupLens. It contains dbout
In the training phase, the training time of our TransReds  mjjlion five-point scale ratings given by 6,040 users to 2,95
roughly 3_times as that of TransRec because of the gradiefgms with timestamp information from April 2000 to Febru-
calculation and parameter update of four kinds of behavigfry 2003. In order to simulate heterogenous feedback in S-
transition vectors, i.e., (E2E, E2P, P2E and P2R) step- RHF, we follow a previous work [15], and take the users’
s + L preceding item embedding vectors. In the test phass.score ratings as purchases and the others as examinations
the test time is about times as that of TransRec because 0Rec15. Rec15 is a real dataset provided by RecSys Chal-
the calculation of the distances w.r.t. the newly adtledl  |enge 2018, which includes six months of activities of a big
preceding items’ embedding vectors. In empirical studieg.commerce business in Europe. It contains 36,917 users’
however, we find that a largér usually leads to faster con- examinations and purchases on 52,739 items with the times-
vergence as it can capture the sequential information MOfEmp information.

sufficiently, which means that the running time of our Tranyg. User Behavior (UBY is a real dataset collected by

sRee-+ is actually shorter than the above analysis. Taobao.com. It contains 100,150,807 behavior-aware-inter
actions between 987,994 users and 4,162,024 items during
4.6 Discussions November 25 and December 03, 2017. We keep the exami-

) nations and purchases in the experiments.
When only purchases in the heterogeneous fgedback A& hall. TmalP contains 424,170 users’ shopping logs in the
reserved and. = 1, all the user-related vectors in our Tran-past six months before and on the “Double 11” day on Tmal-

sRee-+ play the same role as the user translation vector Neom in 2015. In order to avoid the users’ casual shopping
behaviors #ected by the promotion activities, we remove al-

TransRec [4]. Hence, our TransRee embodies TransRec
| the data on the “Double 11” day. Similar to UB, we keep

as a special case.
More importantly, our TransRee& is quite flexible as it users’ examinations and purchases.

can tackle complicated sequential recommendation prablem .. preprocess the four datasets as follows: i) we discard

W'th more than two types of t.x.ehawors because we can similye ¢6|4_start items purchased fewer than 5 times in ML1M
include more behavior transition vectors. Forexample,rvvheand Rec15, 10 in UB, and 20 in Tmall; ii) we discard the

the _users add-to-cart bghavprs are mvolve_c?l, We Cang€lyy|d-start users whose number of purchases is smaller than
eralize our TransReer by including some additional behav- 10 in Tmall and 5 in the others; iii) we keep the first (user,

. . . (OE2A | 1 (OP2A | [(OA2E | ()A2P
lor transition vectors, 1.eUy ™", U™ U™, Ua™™, item, behavior) triple and discard the others if it occurgeno
To than once; and iv) we delete some examinations at the end of

Uff)AZA, where ‘A" denotes the “add-to-cart” behavior.
demonstrate this, we conduct experiments to generalize & interaction sequence of each uséw ensure that the last

TransRee+ to solve sequential recommendation with four
types of behaviors in Section 5.5.6. 3 https://recsys.acm org/recsysl5/ chal | enge/

Our behavior transition vectors are also of good generality ¥ https://tianchi. aliyun. conl dataset/ dat aDet ai | ?
as they can be easily extended to deep learning-based mect%al d=649

) ) https://tianchi.aliyun.conl dataset/dataDetail ?
ods to achieve better recommendation accuracy. We also calat al d=42
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two interactions are purchases. chains. It applies the inner produttlg.ViT and Pi,QiT to cap-
For each dataset, we divide the interaction sequéqag ture the (user, item) interaction and (item, item) inteiacgt
each useu into three parts, i.e., the last purchase interactiorespectively.

1Sl . [y
(i, purchasg as the test set, the penultimate purchase "ossil [5]. Fossil is a well-known sequential recommendation

. Su‘,l . .
teraction (IU - purchasg as the validation set, and all the method. It combines a factored similarity method with high-

rest as the training set. order Markov chains, which is found to be better than many

We put the statistics of the datasets used in the eXperime%%torization—based sequential recommendation algasith
in Table 3.

TransRec [4]. TransRec is a translation-based method for
Table3 Statistics of the processed datasets used in the expesment sequential recommendation, which is the most closelyed|at

Dataset] #Users #ltems #Examinations #Purchase¥ork to ours. It embeds items into a “transition space” and
ML1IM 5,645 2,357 628,892 223,305models users as translation vectors. We follow [4] and use
Recl5 | 36,917 9,621 446,442 233,263theL, distance as the metric.

uB 20,858 30,793 470,731 136,250

Tmall 17,209 16,176 831,117 240,901 We can see that RBPR and RoToR model heterogeneous

feedback but not the sequential information, and FPMC, Fos-
sil and TransRec model homogeneous sequential feedback.
As far as we know, there is no shallow learning-based method
that considers both the heterogeneous feedback and the se-
We adopt two commonly used ranking-oriented metrics, i.equential information in SRHF.

Hit Rate@k (HR@k) and NDCG@, to evaluate the perfor-

mance of the recommendation methods. HR@presents

the ratio of correct predictions in a tdprecommendation

list, and NDCG@ is a position-aware metric that takes the5.4 Parameter Configurations

recommended items’ positions into consideration.

5.2 Evaluation Metrics

We setk = 10 to recommend a top-10 list of items for each
5.3 Baselines user and use HR@10 and NDCG@10 to evaluate the perfor-

RBPR [18]. RBPR is a role-based recommendation algorithr-nance of all the methods. We fix the dimensibr: 20 and

m for the studied problem without using the sequential in"-;_lpply the same stochastic gradle_znt a_scent (SGA) or.stochas-
formation. It models users’ fierent feedback from a new tic gradient descent (SGD) alggrlthmlc fr_amework Wr|_tten [
perspective, where each user has twiedent roles, i.e., Java for all the methods for fair comparison. Following the

a browser and a purchaser, and then derives a two—sta((},friginaI papers [15,18], we set the size of the candidate lis

role-based algorithm based on Bayesian personalized rarﬂl—ftems as & = 30 for RBPR and RoToR, and the size of
ing (BPR) [19] neighborhood as 20 for RoToR.

RoToR [15]. RoToR is a transfer learning-based recommen- For all the methods, we search the optimal parameter-
dation algorithm for modeling examinations and purchases.via the HR@10 performance on the validation set. To
We adopt one of its four variants, i.e., RoToR(pai., seq.), e specific, we choose the regularization parameter=
ince this variant is found to perform the best in the realidior o, = By = B, from {0.001 0.01, 0.1}, the learning ratey
dataset [15]. Notice that “seq.” means that the method tsom {0.01, 0.005 0.002, and the iteration number from
composed of two consecutive phases where the first phgde2, ..., 10,20,...,199Q 2000, i.e., the step size is 1 and 10
employs a neighborhood-based algorithm (i.e., ICF [21]) tbefore and afteT = 10, respectively. If the performance on
generate a candidate list of items for each user and the decdahe validation data does not improve within 300 iteratidhs,
phase employs a pairwise matrix factorization-based naethalgorithms will quit in order to avoid over-fitting. For Falss
(i.e., BPR [19]) to re-rank the candidate list. In other w&rd and our TransRee+, we search the order of Markov chain
“seq.” does not mean “sequential” in sequential recommett-from {1, 2, 3} in a similar way. Notice that the data, code
dation. and scripts used in the experiments will be publicly avddab
FPMC [20]. FPMC is a classic sequential recommendatiofor reproducibility and further extension once the papeaicis
algorithm that combines matrix factorization and Markowepted.
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Table4 Recommendation performance of our TransReand the five baselines on the four datadels.

ML1IM Recl15 uB Tmall
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10] HR@10 NDCG@10
RBPR 0.0778 0.0384 0.3182 0.1594 0.0303 0.0159 0.0156 0.0075
RoToR 0.0764 0.0378 0.3708 0.1940 0.0080 0.0043 0.0313 0.0161
FPMC 0.1086 0.0510 0.3829 0.2102 0.0467 0.0249 0.0352 0.0191
Fossil 0.1114 0.0528 0.3736 0.2029 0.0508 0.0270 0.0437 0.0241
TransRec 0.0852 0.0409 0.3697 0.1928 0.0589 0.0342 0.0374 0.0325
TransRee+ | 0.1088 0.0508 0.4064 0.2209 0.0661 0.0413 0.0593 0.0377

a) Notice that for the sequential recommendation methods EPMC, Fossil, TransRec and our TransReg we
exploit both the examinations and purchases in the traipirage and then recommend some un-purchased items for
each user in the test phase.

b) The best and second best results are marked in bold andvblotland italic, respectively.

ML1M Recl5 UB Tmall
0.108 d.058
0.106 4.056
3
® 0.104 4 4.054
o
sy
0.102 0.052
0.100 A 4.050
T T T T T 048 1 T
1 3 1 2 3 4 1 2 3 4 5 1 3
ML1IM Recl5 uB Tmall
0.051
0.24 .038
< 4.040
0.050 0.036 4
5 0.23 1 d.038
— -
® 0.049 ' q-034
! q.032
=] 0.22 Q.036 '
0.048 d.0304
] Q.034
0.047 0.21 0.028
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
L L L L

Fig.3 Recommendation performance of our TransRewvith different values of. on the four datasets.

problem. (iii) The two HOCCF methods, i.e., RBPR and Ro-
ToR, are worse than the sequential recommendation methods,
which shows the importance of the sequential information.
We report the results of our TransRege and the baselines
in Table 4, from which we have the following observation-5.5.2
s: (i) Our TransRee+ achieves the best performance among

all the methods on all the datasets except on ML1M, which this section, we adjudt € {1, 2, 3, 4, 5} and study the im-
clearly showcases itdfectiveness. Nevertheless, on ML1M,pact of diferent values ot, i.e., the number of concerned
our TransRee+ is still very competitive in comparison with preceding items, to figure out how iffacts the recommenda-
the other methods. (ii) In comparison with TransRec, oution performance. The results are reported in Fig. 3, from
TransRee+ outperforms it significantly on all the dataset-which we can see that our TransRecachieves the best
s, which demonstrates that the designed high-order behavaverall results whe. = 2 for the datasets ML1M and T-
transition vectors and user-specific weights well address tmall and wherL = 5 for the dataset Recl15, which demon-
heterogeneity and correlation challenges in the studiddFSR strates the f@ectiveness of the proposed high-order behavior

5.5 Experimental Results

5.5.1 Main Results

Impact of the Number of Concerned Preceding Items
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ML1M Recl5 uB Tmall
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Fig.4 Topkrecommendation performance on the four datasets, whetdubdine and the red line represent the results of TransReéoar TransReg+,
respectively.

transition vectors. For the dataset UB, we find that our Tranr- - bleS  Statistics of the transition numbers

sRee-+ achieves the best performance whenr- 1, which | ML1M Reclb UB Tmall
means that we should choose an appropriate valuefof #(1)E2E| 500,685 409,165 397,319 676,749
different datasets. #(2)E2E| 494,561 372,035 377,609 662,361

#(3)E2E| 489,298 334,999 362,960 651,446
#(1)E2P| 124,400 37,168 60,408 141,807
#(2)E2P| 126,618 74,129 65,629 143,455

In this section, we study the tdprecommendation perfor- #(3)E2P| 127,936 110,976 65,410 141,742
#(1)P2E| 123,832 360 56,444 145,181

mance -Wlth. diferent value§ ok € {1,2,...,15}, which are #(2)P2E | 125567 608 50.161 148033
shown in Fig. 4. From Fig. 4, we can see that our Tran—#(3)P2E 126,456 760 57,013 146,225
sRee+ performs better than the closely related baseline#(l)pzp 86,345 122261 30,236 56,654
method TransRec in almost all cases, which again clearly#(2)P2P| 82,871 85,265 21,150 49,333
showcases theffectiveness of the introduced high-order be- #(3)P2P| 80,282 48,385 17,308 46,560
havior transition vectors in our TransRee.

5.5.3 Results of Tojx-Recommendation List

. . . which also explains that &increases, #)E2P also increas-
5.5.4 Analyses of the High-order Behavior Transition Re- . _ .
lationships es. Users in the R_ec15 dataset like to take consecutive pur-
chases, so #P2P is far more than #)E2P and #¢)P2E,
We count the numbers of tifeorder behavior transitions, de- and #()P2E is quite small. In the other datasets, users pre-
noted as #{)E2E, #(0)E2P, #({)P2E, #(()P2P, ¢ € {1,2,3}, fer to make a single purchase and then turn to examine other
in the training data of each dataset. We report the statistic items, so #()E2P and #{)P2E are close, and #{P2P is the
Table 5. smallest.

From Table 5, the examination-to-examination transition We then take the dataset Rec15 as an example to analyze
relationship dominate all the datasets, which results fiteen the relationships among the behavior transition vectoos. F
larger number of examination behaviors in the datasets. Anisualization, we use principal component analysis [23] to
we can see that as the value/oincreases, #JE2E drops, reduce the high-dimensionality behavior transition vexto
because users may tend to purchase after some examinati@isvectors. The averaged translation vectors of all thesuser
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Fig. 5 Visualization of the behavior transition vectors, inchuglithe averaged vectors of all users (left, top), the veatbrthe user with the longest
interaction sequence (right, top), the vectors of the ustr amedium length interaction sequence (left, bottom) #edvectors of the user with a short
length interaction sequence (right, bottom). Notice thatomit the subscript for simplicity.

and the translation vectors of the users with the longest imation feedback (denoted &suU &), respectively. We report
teraction sequence, a medium length sequence and a stibeir recommendation performance in Fig. 6.
length sequence are shown in Fig. 5. From Fig. 6, we can see that for all the three methods
From Fig. 5, we can have the following observations: (ifi.e., FPMC, Fossil and TransRec) and all the datasets ex-
The global translation vectdd,. that captures the users’ cept ML1M, the variant with? U & performs better than the
global preference is much longer than the behavior tramsiti corresponding variant wit#®, which is consistent with our
vectors, where the latter rectifies the former by exploithngy  intuition that examinations and purchases are usually com-
behavior transition information. (ii) The behavior traimi  plementary in learning users’ true preferences. Since ML1M
vectors of the same category (of E2E, E2P, P2E or P2P) asea simulated dataset from movie ratings rather than a re-
close to each other, which means that these vectors are af-dataset with examinations and purchases, the simulated
fective in capturing the users’ behavior transitions.) (ihe  examination feedback may have an adveifece on users’
behavior transition vectors of a lower order (efys 1) are preference learning.
usually longer than the ones of a higher order (€.¢=, 3),
meaning that a near item has a stronger impact on a tar%et ) ) )
item, which showcases th&ectiveness of consideririgpre- 5.6 Extension to Cases with More Types of Behaviors

ceding items in our TransRee-. In this section, we study the performance of our TransRec
when more than two types of behaviors are taken into con-
sideration. For the UB and Tmall datasets, apart from keep-
ing four types of behaviors, i.e., examination, purchadd; a
to-favorite and add-to-cart, we preprocess them in the same
For each sequential recommendation method, we have tw@y as that in Section 5.1. As we have discussed in Sec-
variants in which we exploit the purchase feedback only (deion 4.6, when the behaviors add-to-favorite and add-tb-ca
noted agP) and both the purchase feedback and the exanmase involved, we can generalize our TransRedy includ-

5.5.5 Analyses of Oferent Data Input for Sequential Rec-
ommendation Methods
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Fig. 6 Recommendation performance of sequential recommendaithods with purchases (i.€2) and both purchases and examinations (PeJ,E) on
the four datasets.

ing some additional behavior transition vectors. We repoktectors can be applied to deep learning methods, we inte-
the results of our TransRee with two types of behaviors grate the modeling of E2E, E2P, P2E and P2P into RIB and
(#bh = 2) and four types of behaviorst{l = 4) in Table 6, BINN. Specifically, we add the corresponding behavior tran-
where the best results are marked in bold. sition vector from the current behavior to the next behavior
at each time step in RIB and BINN. The results on HR@10

Table6 Performance of TransRee with more types of behaviors. are shown in Fig. 7, from which we can see that for all the

L #bh uB Tmall datasets, both the enhanced methods (i.e.+RIBnd BIN-
HR@10 NDCG@10 HR@10 NDCG@10 N++) clearly surpass the corresponding methods (i.e., RIB
1 2 | 0.0661 0.0413 | 0.0540 0.0387  and BINN) in most cases, which shows that the proposed be-
4 0.0729 0.0466 0.0546 0.0401 havior transition vectors are of good generality and heipfu
2 2 0.0647 0.0390 | 0.0593 0.0377 improving the two deep learning-based methods
4 | 0.0760 0.0451 0.0614 0.0385 '
3 2 0.0627 0.0355 | 0.0545 0.0324
4 | 0.0726 0.0429 0.0570 0.0337

From Table 6, we can see that our TransRe@chieves

6 Conclusionsand Future Work

In this paper, we study sequential recommendation with het-

better performance when more types of behaviors are consid-

ered, which showcases that our TransRecan deal with

multiple types of behaviorskectively.

5.5.7 Application to Deep Learning-Based Methods

erogeneous feedback (SRHF) and propose a novel and gener-
ic translation-based model, i.e., TransRe¢ which is the

first shallow learning-based method for the studied problem
as far as we know. Our model introduces a series of high-
order user behavior transition vectors to capture theioslat

In this section, we apply our behavior transition vectors tghips among the heterogeneous sequential feedback, and thu
two deep learning-based methods (i.e., RIB [27] and BINexploits the heterogeneous feedback and sequential iaform
N [8]). RIB and BINN use an RNN to model the relationship-tion in an intuitive and unified way, which empowers our

s between dferent behaviors implicitly, but do not explicitly TransRee+ with good interpretability. We conduct exten-
consider the behavior transitions betweefiedent types of sive experiments on four datasets, and show that our Tran-
behaviors. In order to verify whether the behavior transiti sRee-+ is able to outperform several state-of-the-art meth-



Front. Comput. Sci.

13
ML1M Recl5 UB Tmall
. 0.55 . 0.09 . -
0.18 HEEE origin N origin HEEE origin 0.11 N origin
' - origin++ 0.50 - origin++ - origin++ - origin++
' 0.08 0.10
b 3 0.45 P P
% % %0_07 %0.09
0.14 0.40 0.08
0.06 '
0.12 0.35 0.07
RIB BINN RIB BINN RIB BINN RIB BINN

Fig. 7 Recommendation performance of deep learning-based nwethed RIB and BINN, denoted by “origin”) and their enhada@rsions with behavior
transition vectors (i.e., RIB+ and BINN++, denoted by “origir+") on the four datasets.

ods significantly in most cases. Furthermore, we analyze the.

relationships among the translation vectors, includirgysis
global translation vectors and the transition vectors 6&di
ent orders and flierent kinds of behavior transitions, which
gives us more insights on TransRee We also study our
TransRee+ in recommendation problems with fourfidr-
ent types of behaviors, and apply the proposed behavior tran
sition vectors to two deep learning-based methods, both of7
which achieve very promising results showcasing the flexi-
bility and generality of our solution for SRHF.

For future works, we are interested in studying the ef-

fectiveness of the proposed behavior transition vectors ins.

more deep learning paradigms [25], and generalizing our
TransRee+ to include more information such as knowledge
graph [22] and review text [26]. Moreover, we are also inter-
ested in designing a federated version [11, 24] of our Tran-
sRee-+ for privacy protection when utilizing users’ hetero-
geneous sequential feedback.
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