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Abstract Sequential recommendation with heterogeneous

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 well

as their sequential information. There are some specific chal-

lenges in SRHF, including the heterogeneity challenge from

users’ different types of behaviors, the correlation challenge

from the coupling between the items and the behaviors, and

the interpretability challenge of the recommendation mech-

anism. As a response, we propose a novel translation-based

recommendation method called TransRec++ with a “one s-

tone, three birds” strategy (i.e., behavior transition vectors)

for the above three challenges. Specifically, we introduce

some behavior transition vectors to capture the dynamics of

users’ heterogeneous behaviors, which model the items and

the behaviors in a sequence in an intuitive and unified way,

and can be easily applied to deep learning-based algorithms.

Moreover, we take some latest preceding items into consider-

ation, and learn a weight for each of them automatically. We

then conduct extensive empirical studies on four real-world

datasets and find that the behavior transition vectors are very

effective in modeling heterogeneous sequential feedback, and

our TransRec++ outperforms the baselines significantly in

most cases. In addition, we analyze the behavior transition

numbers in different data and visualize the learned behav-

ior transition vectors, which provide us more insights of our

TransRec++.
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1 Introduction

Nowadays, because of the information overload problem

on the Internet, recommender systems are widely used

from video recommendation1) to product recommendation2).

There are a variety of feedback in recommender systems,

such as explicit feedback, implicit feedback, sequential feed-

back, etc. Among them, modeling of heterogeneous sequen-

tial feedback, which contains not only different types of feed-

back such as examinations and purchases but also the sequen-

tial information, is an emerging and important problem re-

ceiving more and more attention. Heterogeneous sequential

feedback is relatively easy to be collected in a deployed sys-

tem and is also able to provide more information than the

homogeneous feedback, which is thus expected to be helpful

in improving the recommendation accuracy.

Adaptive Bayesian personalized ranking (ABPR) [16] is

probably the first method modeling heterogeneous implicit

feedback, which incorporates two kinds of feedback into an

objective function, and assigns a weight that can be learned

automatically. Transfer via joint similarity learning (TJS-

L) [12] designs a new prediction rule which involves two

kinds of feedback based on FISM [6]. RBPR [18] and Ro-

ToR [15] handle such feedback from a new perspective, i.e.,

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

use both the two kinds of feedback to obtain a candidate list

of a user’s likely-to-purchase items, and then refine the list by

1) https://www.netflix.com/
2) https://www.amazon.com/
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exploiting the purchase feedback in the second stage. How-

ever, the aforementioned methods do not take the sequential

information into consideration, and therefore cannot model

the dynamics of the users’ preferences well.

Factorizing personalized Markov chains (FPMC) [20] is a

pioneer method for modeling homogenous sequential feed-

back. It is based on matrix factorization and uses the dot

product of (user, target item) and (previous item, target item)

to model the user’s long-term and short-term preferences, re-

spectively. Factorized sequential prediction with item simi-

larity models (Fossil) [5] makes an improvement on FPMC.

Specifically, it combines an item-similarity model (i.e., FIS-

M [6]) with high-order Markov chains, which achieves the

state-of-the-art performance. However, these methods only

make use of the homogeneous feedback and do not consider

the effects of different types of behaviors.

Recommendation with heterogeneous sequential feed-

back or sequential recommendation with heterogeneous feed-

back (SRHF) is a new recommendation problem and has

rarely been studied. Recommendation on micro behaviors

(RIB) [27] exploits an RNN layer and an attention layer to

handle the sequential information and heterogeneous feed-

back, respectively. Behavior-intensive neural network (BIN-

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 learn-

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

they model the users’ items and behaviors separately, rather

than treat them in a holistic manner.

In this paper, we design some novel behavior transition

vectors and propose a novel solution named TransRec++ for

SRHF. Specifically, our behavior transition vectors can mod-

el the dynamics of the users’ behaviors, one merit of which

is that it captures the users’ heterogeneous feedback and se-

quential information in an intuitive and unified way. We

then notice that a user’s behavior transition can be affected

by some latest preceding items, so we take a few preceding

items into consideration and assign a weight to each of them

which is learned automatically. We conduct extensive exper-

iments on four real-world datasets, and the results showcase

the effectiveness of our TransRec++.

We summarize our main contributions as follows: i) we s-

tudy an emerging and important problem (i.e., sequential rec-

ommendation with heterogeneous feedback, SRHF) from a

new perspective (i.e., preference transition between hetero-

geneous feedback); ii) we propose a novel translation-based

sequential recommendation method called TransRec++ that

captures four different types of transitions, including from

examination/purchase to examination/purchase, which is of

good interpretability; iii) we conduct extensive empirical s-

tudies to show the effectiveness of our TransRec++ over the

state-of-the-art translation-based and non-translation-based

methods; iv) we study the behavior transition numbers in

different data and visualize the learned behavior transition

vectors, and obtain more insights of our solution; and v) we

generalize our TransRec++ to problems with more than two

types of behaviors, and apply the behavior transition vectors

to some deep learning-based methods, which demonstrates

the flexibility and generality of our solution.

The rest of the paper is organized as follows. In Sec-

tion 2, we discuss some related work about recommendation

with homogenous and heterogeneous feedback. In Section

3, we define our studied problem, discuss the challenges and

present an overview of our solution. In Section 4, we describe

our solution in detail, and discuss the time complexity and

the generalization of our TransRec++ for cases with more

than two types of behaviors, as well as its application to deep

learning-based methods. In Section 5, we conduct extensive

experiments and analyze the results to show the effectiveness

and generality of our TransRec++. In Section 6, we conclude

our work with some interesting future directions.

2 Related Work

2.1 Recommendation with Homogeneous Feedback

2.1.1 Homogeneous explicit feedback

Recommendation algorithms handling homogeneous explicit

feedback exploit users’ numerical ratings on their interact-

ed items in order to predict their scores on the un-interacted

items. Generally, these algorithms can be classified into t-

wo categories, i.e., neighborhood-based methods and matrix

factorization-based methods. Neighborhood-based method-

s [21] first calculate the similarities between users (or items)

to obtain each user’s (or each item’s) neighbors, and then pre-

dict the ratings based on the information of the similar users

(or items). Matrix factorization-based methods [13, 17] rep-

resent a user’s numerical rating to an item as a dot product of

the user-specific vector and the item-specific vector, and then

learn the latent vectors by minimizing the error between the

predicted score and the true score.

2.1.2 Homogeneous implicit feedback

In real-world applications, implicit feedback such as purchas-

es are usually collected more abundantly than explicit feed-
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Table 1 Summary of some shallow learning-based methods in modelingdifferent 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], etc.TransRec++ (proposed in this paper)

back. Bayesian personalized ranking (BPR) [19] makes use

of a pairwise preference assumption where a user prefers an

interacted item to an un-interacted one. Factored item simi-

larity model (FISM) [6] is based on a pointwise preference

assumption where a user likes an interacted item and dis-

likes an un-interacted one or a pairwise preference assump-

tion similar to that of BPR, and learns the item-item similari-

ties in the prediction rule.

2.1.3 Homogeneous sequential feedback

Sequential recommendation algorithms utilize the sequen-

tial information in order to predict a user’s next likely-to-

interact item. Factorizing personalized Markov chains (F-

PMC) [20] combines Markov chains for users’ short-term

sequential preferences with a general matrix factorization

method for users’ long-term preferences. Factorized sequen-

tial prediction with item similarity models (Fossil) [5] fuses a

similarity model (i.e., FISM) with high-order Markov chains

so as to address the sparsity issue and capture the sequential

information in a unified framework. Translation-based rec-

ommendation (TransRec) [4] draws inspirations from knowl-

edge graph [22]. It embeds items into a transition space and

models users as translation vectors in order to capture the

users’ dynamics.

2.2 Recommendation with Heterogeneous Feedback

2.2.1 Heterogeneous explicit feedback

Heterogeneous explicit feedback refers to a combination oft-

wo different types of explicit feedback such as numerical rat-

ings and binary ratings. SVD++ [7] is a seminal work for

combining heterogeneous feedback such as explicit feedback

and implicit feedback in one single prediction rule. Follow-

ing SVD++, transfer by mixed factorization (TMF) [14] and

preference-aware transfer (PAT) [9] address such heteroge-

neous feedback from a transfer learning perspective, which

takes the numerical ratings as the target data and the binary

ratings as the auxiliary data, rather than simply leverage the

two kinds of ratings in an integrative manner only, so as to

well capture the feedback-dependent effect.

2.2.2 Heterogeneous implicit feedback

In heterogeneous implicit feedback, users’ two kinds of im-

plicit feedback such as examinations and purchases are giv-

en. Adaptive Bayesian personalized ranking (ABPR) [16]

designs a BPR-based objective function, and learns a con-

fidence on each examination adaptively, aiming to address

the uncertainty of the implicit feedback. Transfer via joint

similarity learning (TJSL) [12] designs a new prediction rule

which involves two kinds of feedback, and learns a similar-

ity between a target item and a purchased item as well as a

similarity between a target item and an identified likely-to-

prefer examined item. Role-based methods [15, 18] model

the heterogeneous feedback of a user via two roles, i.e., an

examiner and a purchaser, and predict the users’ preferences

via a two-stage preference learning approach.

2.2.3 Heterogeneous sequential feedback

There are very few works that model heterogeneous sequen-

tial feedback, and almost all of them are deep learning-based

methods. Recommendation on micro behaviors (RIB) [27]

includes an embedding layer to address the sparsity and high-

dimensionality issues, an RNN layer to handle the sequential

information, and an attention layer to capture the effects of

heterogeneous feedback. Behavior-intensive neural network

(BINN) [8] uses a modified item2vec [1] called w-item2vec

to obtain the item representations, and then feed the item em-

bedding, sequential information and heterogeneous feedback

into two LSTM-based modules. We can see that the recom-

mendation mechanisms in these methods are difficult to be

understood. Moreover, they model the items and the behav-

iors in a same sequence separately rather than treat them in a

unified way.

From the above discussions, we can see that most method-

s are based on shallow learning (i.e., factorization-basedor

translation-based methods), which is associated with the mer-

it of good interpretability. Interestingly, methods for model-

ing heterogeneous sequential feedback are all based on deep

learning, which motivates us to focus on shallow learning and

design a translation-based method for SRHF. We briefly sum-

marize the shallow learning-based methods for modeling dif-
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ferent types of feedback in Table 1.

3 Sequential Recommendation with Heteroge-
neous Feedback

3.1 Problem Definition

In sequential recommendation with heterogeneous feedback

(SRHF), we have a set of interaction sequencesSu =

{(i1u, b(i1u)), (i
2
u, b(i2u)), . . . , (i

|Su|
u , b(i |Su|

u ))} for every useru ∈

U, where itu represents thetth item in Su and b(itu) ∈

{examination, purchase} is the behavior of useru on item

itu. We illustrate the studied problem in Fig. 1. As shown in

Fig. 1, our goal is to predict the user’s next likely-to-purchase

item, i.e., (i |Su|+1
u , b(i |Su|+1

u ) = purchase), for each useru. We

list the notations and their corresponding explanations used

in the paper in Table 2.

Fig. 1 Illustration of sequential recommendation with heterogeneous feed-
back (SRHF), where a user’s interaction sequence of heterogeneous feed-
back (i.e., examinations and purchases) are exploited in order to recommend
a next likely-to-purchase item.

3.2 Challenges

In order to solve the SRHF problem effectively, we have to

address the following challenges. (i) Theheterogeneitychal-

lenge. Users’ preferences beneath different types of behav-

iors such as examinations and purchases are often differen-

t, for which a traditional recommendation method may fail

to capture such differences. (ii) Thecorrelation challenge.

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

teraction sequence, for which treating the sequence of items

and the sequence of behaviors of a same user separately in

existing works may not be sufficient. (iii) The interpretabil-

ity challenge. Users usually expect to understand the recom-

mendation mechanism from the perspective of human being,

for which existing deep learning-based methods are often too

complex.

3.3 Overall of Our Solution

We address the aforementioned three challenges by propos-

ing a novel solution with a series of behavior transition vec-

tors, including from examination to examination (E2E), from

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. Specifically,the

behavior transition vectors treat the items and their behav-

iors as a whole (“correlation”) and model the changes of the

users’ different types of behaviors (“heterogeneity”) in an in-

tuitive way via E2E, E2P, P2E and P2P (“interpretability”).

Technically, we integrate the high-order behavior transi-

tion vectors into a translation-based sequential recommenda-

tion model, i.e., TransRec [4], and propose a novel solution

called TransRec++ for the SRHF problem. Specifically, our

model first embeds items into a so-called transition space,

and then considers the behavior transitions between a target

item and itsL latest preceding items, which is illustrated in

Fig. 2. Compared with the existing methods, our model takes

users’ sequences of items and behaviors into considerationin

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

less computing resource than the counterparts, i.e., the deep

learning-based methods.

Fig. 2 Illustration of our TransRec++, which first embeds items into vec-
tors in a transition space and then learns user-specific behavior transition
vectors with different orders 1≤ ℓ ≤ L.

4 Our Solution

4.1 Translations

We tackle the heterogeneous feedback transition relationship-

s by introducing high-order behavior transition vectors for

each useru, i.e., U (ℓ)E2E
u· ,U (ℓ)E2P

u· ,U (ℓ)P2E
u· andU (ℓ)P2P

u· . They

represent a useru’s ℓ-order examination-to-examination,

examination-to-purchase, purchase-to-examination and

purchase-to-purchase transition vectors, respectively.For

instance, in Fig. 2, we can see that useru examines the
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Table 2 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, |I| = m the whole set of items
u ∈ {1, 2, . . . , n} user ID
j ∈ {1, 2, . . . ,m} item ID
b(itu) the behavior on itemitu, b(itu) ∈ {examination, purchase}
Su = {(itu, b(itu))} the sequence of (item, behavior) pairs with heterogeneous feedback of useru
itu thetth item inSu

R the whole set of observed (user, item, behavior) tuples
Vitu· ∈ R

1×d the embedding vector of itemitu
pi ∈ R the bias of itemi
Θ the set of model parameters
||x||22 = xTx the squaredL2 norm (i.e., the square of the length ofx)
γ the learning rate
αv, αu, βb, βη the regularization parameter
T the iteration number in the algorithm
Uu· ∈ R

1×d the global translation vector of useru
U (ℓ)E2E

u· ∈ R1×d theℓ-order examination-to-examination transition vector of useru
U (ℓ)E2P

u· ∈ R1×d theℓ-order examination-to-purchase transition vector of useru
U (ℓ)P2E

u· ∈ R1×d theℓ-order purchase-to-examination transition vector of useru
U (ℓ)P2P

u· ∈ R1×d theℓ-order purchase-to-purchase transition vector of useru

Ũ (ℓ)itu
u· the overall translation vector of useru within ℓ step(s) to the target itemitu

L the number of latest preceding items concerned
ηℓ ∈ R theℓ-order weight shared by all users
ηu
ℓ
∈ R theℓ-order weight of useru

black book 3 steps before she purchases the last book, so the

transition vector isU (3)E2P
u· as shown in purple in the right

part of the figure.

Furthermore, we introduce a vectorUu· in order to capture

a user’s global preference. Finally, the overall translation vec-

tor of useru within ℓ step(s) to the target itemitu, defined as

Ũ (ℓ)itu
u· , is formulated as follows,

Ũ (ℓ)itu
u· = Uu· + U (ℓ)b(it−ℓu )2b(itu)

u· , (1)

whereb(it−ℓu ) andb(itu) denote the types of feedback (i.e., be-

haviors) on itemit−ℓu and itemitu, respectively.

We aim to make the distance between our predicted item

and the true target item in the transition space as close as pos-

sible. In this way, an item in a user’s sequence can naturally

achieve a transition to a future item inℓ steps by adding the

user’s overall translation vector, which is formulated as fol-

lows,

Vit−ℓu ·
+ Ũ (ℓ)itu

u· ≈ Vitu·, ℓ = 1, 2, . . . , L, (2)

whereVit−ℓu ·
andVitu· are the embedding vectors of itemit−ℓu and

item itu, respectively.

4.2 Prediction Rule and Objective Function

According to Eq.(2), the preference ˆruitu for useru on itemitu
is defined as follows,

r̂uitu ∝ −

L∑

ℓ=1

||Vit−ℓu ·
+ Ũ (ℓ)itu

u· − Vitu·||
2
2. (3)

Moreover, we find that different users have different shop-

ping habits, so we assign a user-specific weightηu
ℓ

together

with a global weightηℓ to each distance term. We follow

TransRec [4] and introduce an item biaspitu to suppress pop-

ular items. Finally, the predicted preference ˆruitu for useru on

item itu is as follows,

r̂uitu = pitu −

L∑

ℓ=1

(ηℓ + ηu
ℓ )||Vit−ℓu ·

+ Ũ (ℓ)itu
u· − Vitu·||

2
2. (4)

From Eq.(4), we can see that useru’s preference on itemitu
is related to the item’sL latest preceding items and the user-

specific weight assigned to the corresponding distance.

Compared with TransRec [4], we extend its user trans-

lation vector to a user’s overall translation vector, whichis

composed of a global preference translation vector and a be-
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havior transition vector to capture the dynamics between d-

ifferent types of behaviors. Moreover, we take more preced-

ing items of a target item into consideration and assign some

user-specific weights to different terms of distances.

We follow previous works and adopt the S-BPR loss func-

tion [20]. Specifically, for a tuple (u, itu, j), j ∈ I\Su, we have

the following objective function to be maximized,

max
∑

(u,itu, j), j∈I\Su

lnσ(r̂uitu − r̂u j) − Reg(Θ), (5)

whereσ(·) is the sigmoid function,Θ is the set of model pa-

rameters to be updated, and Reg(Θ) is theL2 regularization

term w.r.t.Θ.

We adopt the stochastic gradient ascent (SGA) algorithm

for updating the model parameters. For each parameterθ ∈

Θ, we have the update rule

θ = θ + γ∇θ, (6)

whereγ > 0 is the learning rate.

4.3 Gradients

For θ ∈ Θ, the gradient is computed as follows,

∇θ = σ(r̂u j − r̂uitu)∇(r̂uitu − r̂u j) − βθθ. (7)

Therefore, we have the gradients,

∇pitu = σ(r̂u j − r̂uitu) − βppitu, (8)

∇p j = −σ(r̂u j − r̂uitu) − βpp j, (9)

∇Vitu· = σ(r̂u j − r̂uitu)[2
L∑

ℓ=1

(ηℓ + ηu
ℓ )(Vit−ℓu ·

+ Ũ (ℓ)itu
u· − Vitu·)]

−αvVitu·, (10)

∇Vit−ℓu ·
= σ(r̂u j − r̂uitu)[2(ηℓ + ηu

ℓ )((Vit−ℓu ·
+ Ũ (ℓ)itu

u· − V j·)

−(Vit−ℓu ·
+ Ũ (ℓ)itu

u· − Vitu·))]

−αvVit−ℓu ·
, ℓ = 1, ..., L, (11)

∇V j· = σ(r̂u j − r̂uitu)[−2
L∑

ℓ=1

(ηℓ + ηu
ℓ )(Vit−ℓu ·

+ Ũ (ℓ)itu
u· − V j·)]

−αvV j , (12)

∇Uu· = σ(r̂u j − r̂uitu)[2
L∑

ℓ=1

(ηℓ + ηu
ℓ )((Vit−ℓu ·

+ Ũ (ℓ)itu
u· − V j·)

−(Vit−ℓu ·
+ Ũ (ℓ)itu

u· − Vitu·))] − αuUu·, (13)

∇U (ℓ)b(it−ℓu )2b(itu)
u· = σ(r̂u j − r̂uitu)[2(ηℓ + ηu

ℓ )((Vit−ℓu ·
+ Ũ (ℓ)itu

u· − V j·)

−(Vit−ℓu ·
+ Ũ (ℓ)itu

u· − Vitu·))]

−αuU (ℓ)b(it−ℓu )2b(itu)
u· , ℓ = 1, ..., L, (14)

∇ηℓ = σ(r̂u j − r̂uitu)(||Vit−ℓu ·
+ Ũ (ℓ)itu

u· − V j ||
2
2

−||Vit−ℓu ·
+ Ũ (ℓ)itu

u· − Vitu·||
2
2)

−βηηℓ, ℓ = 1, ..., L, (15)

∇ηu
ℓ = σ(r̂u j − r̂uitu)(||Vit−ℓu ·

+ Ũ (ℓ)itu
u· − V j ||

2
2

−||Vit−ℓu ·
+ Ũ (ℓ)itu

u· − Vitu·||
2
2)

−βηη
u
ℓ , ℓ = 1, ..., L. (16)

From the perspective of update formulas, our model updates

L latest preceding items’ embedding vectors, i.e.,{Vit−ℓu ·
|ℓ =

1, . . . , L}, while TransRec only updates one, i.e.,Vit−1
u ·

. More-

over, our model updates different behavior transition vec-

tors according to the user’s behavior sequence and the user-

specific weights on different steps, which is again different

from that of TransRec.

4.4 The Learning Algorithm

We depict the SGA-based algorithm of our TransRec++ in

Alg. 1. Firstly, we initialize the model parametersΘ. The

outer loop ranging from 1 toT contains two parts: the inner

loop part samples a (user, item) pair,L preceding items and

a negative item to update the model parameters, before re-

normalizing the involved item embedding vectors to restrain

them in a unitL2 ball. Notice that when the HR@k perfor-

mance does not improve within 300 iterations, the training

will be stopped.
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Algorithm 1 The algorithm of TransRec++.
1: Initialize the model parametersΘ
2: for iter = 1, ...,T do
3: for iter2 = 1, ..., |R| do
4: Randomly pick up a pair (u, itu) ∈ R\{i

1
u, ..., i

L
u}

(ensureitu hasL preceding items)
5: TakeL latest preceding itemsit−L

u , ..., i
t−1
u

6: Randomly pick up a negative itemj ∈ I\Su

7: Calculate the gradients via Eqs.(8-16)
8: Update the model parameters via Eq.(6)
9: Re-normalize the item embedding vectorV∗,· =

V∗,·
max(1,||V∗,· ||)

for Vit−L
u ·

, ... Vit−1
u ·

, Vitu· andV j·

4.5 Time Complexity Analysis

In the training phase, the training time of our TransRec++ is

roughly 5L times as that of TransRec because of the gradient

calculation and parameter update of four kinds of behavior

transition vectors, i.e., (E2E, E2P, P2E and P2P)× L step-

s + L preceding item embedding vectors. In the test phase,

the test time is aboutL times as that of TransRec because of

the calculation of the distances w.r.t. the newly addedL − 1

preceding items’ embedding vectors. In empirical studies,

however, we find that a largerL usually leads to faster con-

vergence as it can capture the sequential information more

sufficiently, which means that the running time of our Tran-

sRec++ is actually shorter than the above analysis.

4.6 Discussions

When only purchases in the heterogeneous feedback are p-

reserved andL = 1, all the user-related vectors in our Tran-

sRec++ play the same role as the user translation vector in

TransRec [4]. Hence, our TransRec++ embodies TransRec

as a special case.

More importantly, our TransRec++ is quite flexible as it

can tackle complicated sequential recommendation problems

with more than two types of behaviors because we can simply

include more behavior transition vectors. For example, when

the users’ “add-to-cart” behaviors are involved, we can gen-

eralize our TransRec++ by including some additional behav-

ior transition vectors, i.e.,U (ℓ)E2A
u· , U (ℓ)P2A

u· , U (ℓ)A2E
u· , U (ℓ)A2P

u· ,

U (ℓ)A2A
u· , where “A” denotes the “add-to-cart” behavior. To

demonstrate this, we conduct experiments to generalize our

TransRec++ to solve sequential recommendation with four

types of behaviors in Section 5.5.6.

Our behavior transition vectors are also of good generality

as they can be easily extended to deep learning-based meth-

ods to achieve better recommendation accuracy. We also con-

firm this by including empirical studies in Section 5.5.7.

5 Experiments

5.1 Datasets

We conduct experiments on four public datasets, including

MovieLens 1M (ML1M), Rec15, User Behavior (UB) and

Tmall. The four datasets are all constituted by a series of (us-

er, item, behavior, timestamp) quadruples, which can be con-

sidered as users’ behavior-aware interaction sequences with

items.

ML1M. MovieLens 1M (ML1M) [3] is a pubic dataset col-

lected by the researchers from GroupLens. It contains about1

million five-point scale ratings given by 6,040 users to 3,952

items with timestamp information from April 2000 to Febru-

ary 2003. In order to simulate heterogenous feedback in S-

RHF, we follow a previous work [15], and take the users’

5-score ratings as purchases and the others as examinations.

Rec15. Rec15 is a real dataset provided by RecSys Chal-

lenge 20153), which includes six months of activities of a big

e-commerce business in Europe. It contains 36,917 users’

examinations and purchases on 52,739 items with the times-

tamp information.

UB. User Behavior (UB)4) is a real dataset collected by

Taobao.com. It contains 100,150,807 behavior-aware inter-

actions between 987,994 users and 4,162,024 items during

November 25 and December 03, 2017. We keep the exami-

nations and purchases in the experiments.

Tmall. Tmall5) contains 424,170 users’ shopping logs in the

past six months before and on the “Double 11” day on Tmal-

l.com in 2015. In order to avoid the users’ casual shopping

behaviors affected by the promotion activities, we remove al-

l the data on the “Double 11” day. Similar to UB, we keep

users’ examinations and purchases.

We preprocess the four datasets as follows: i) we discard

the cold-start items purchased fewer than 5 times in ML1M

and Rec15, 10 in UB, and 20 in Tmall; ii) we discard the

cold-start users whose number of purchases is smaller than

10 in Tmall and 5 in the others; iii) we keep the first (user,

item, behavior) triple and discard the others if it occurs more

than once; and iv) we delete some examinations at the end of

the interaction sequence of each useru to ensure that the last

3) https://recsys.acm.org/recsys15/challenge/
4) https://tianchi.aliyun.com/dataset/dataDetail?

dataId=649
5) https://tianchi.aliyun.com/dataset/dataDetail?

dataId=42
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two interactions are purchases.

For each dataset, we divide the interaction sequenceSu of

each useru into three parts, i.e., the last purchase interaction

(i |Su|
u , purchase) as the test set, the penultimate purchase in-

teraction (i |Su|−1
u , purchase) as the validation set, and all the

rest as the training set.

We put the statistics of the datasets used in the experiments

in Table 3.

Table 3 Statistics of the processed datasets used in the experiments.

Dataset #Users #Items #Examinations #Purchases
ML1M 5,645 2,357 628,892 223,305
Rec15 36,917 9,621 446,442 233,263
UB 20,858 30,793 470,731 136,250
Tmall 17,209 16,176 831,117 240,901

5.2 Evaluation Metrics

We adopt two commonly used ranking-oriented metrics, i.e.,

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

mance of the recommendation methods. HR@k represents

the ratio of correct predictions in a top-k recommendation

list, and NDCG@k is a position-aware metric that takes the

recommended items’ positions into consideration.

5.3 Baselines

RBPR [18]. RBPR is a role-based recommendation algorith-

m for the studied problem without using the sequential in-

formation. It models users’ different feedback from a new

perspective, where each user has two different roles, i.e.,

a browser and a purchaser, and then derives a two-stage

role-based algorithm based on Bayesian personalized rank-

ing (BPR) [19].

RoToR [15]. RoToR is a transfer learning-based recommen-

dation algorithm for modeling examinations and purchases.

We adopt one of its four variants, i.e., RoToR(pai., seq.), s-

ince this variant is found to perform the best in the real-world

dataset [15]. Notice that “seq.” means that the method is

composed of two consecutive phases where the first phase

employs a neighborhood-based algorithm (i.e., ICF [21]) to

generate a candidate list of items for each user and the second

phase employs a pairwise matrix factorization-based method

(i.e., BPR [19]) to re-rank the candidate list. In other words,

“seq.” does not mean “sequential” in sequential recommen-

dation.

FPMC [20]. FPMC is a classic sequential recommendation

algorithm that combines matrix factorization and Markov

chains. It applies the inner productsUu·VT
i· andPi·QT

i· to cap-

ture the (user, item) interaction and (item, item) interaction,

respectively.

Fossil [5]. Fossil is a well-known sequential recommendation

method. It combines a factored similarity method with high-

order Markov chains, which is found to be better than many

factorization-based sequential recommendation algorithms.

TransRec [4]. TransRec is a translation-based method for

sequential recommendation, which is the most closely related

work to ours. It embeds items into a “transition space” and

models users as translation vectors. We follow [4] and use

theL2 distance as the metric.

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-

quential information in SRHF.

5.4 Parameter Configurations

We setk = 10 to recommend a top-10 list of items for each

user and use HR@10 and NDCG@10 to evaluate the perfor-

mance of all the methods. We fix the dimensiond = 20 and

apply the same stochastic gradient ascent (SGA) or stochas-

tic gradient descent (SGD) algorithmic framework written in

Java for all the methods for fair comparison. Following the

original papers [15, 18], we set the size of the candidate list

of items as 3K = 30 for RBPR and RoToR, and the size of

neighborhood as 20 for RoToR.

For all the methods, we search the optimal parameter-

s via the HR@10 performance on the validation set. To

be specific, we choose the regularization parameterαv =

αu = βb = βη from {0.001, 0.01, 0.1}, the learning rateγ

from {0.01, 0.005, 0.002}, and the iteration numberT from

{1, 2, ..., 10, 20, . . . , 1990, 2000}, i.e., the step size is 1 and 10

before and afterT = 10, respectively. If the performance on

the validation data does not improve within 300 iterations,the

algorithms will quit in order to avoid over-fitting. For Fossil

and our TransRec++, we search the order of Markov chain

L from {1, 2, 3} in a similar way. Notice that the data, code

and scripts used in the experiments will be publicly available

for reproducibility and further extension once the paper isac-

cepted.
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Table 4 Recommendation performance of our TransRec++ and the five baselines on the four datasets.a,b

ML1M Rec15 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
TransRec++ 0.1088 0.0508 0.4064 0.2209 0.0661 0.0413 0.0593 0.0377

a) Notice that for the sequential recommendation methods (i.e., FPMC, Fossil, TransRec and our TransRec++), we
exploit both the examinations and purchases in the trainingphase 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 and bothbold and italic, respectively.
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Fig. 3 Recommendation performance of our TransRec++ with different values ofL on the four datasets.

5.5 Experimental Results

5.5.1 Main Results

We report the results of our TransRec++ and the baselines

in Table 4, from which we have the following observation-

s: (i) Our TransRec++ achieves the best performance among

all the methods on all the datasets except on ML1M, which

clearly showcases its effectiveness. Nevertheless, on ML1M,

our TransRec++ is still very competitive in comparison with

the other methods. (ii) In comparison with TransRec, our

TransRec++ outperforms it significantly on all the dataset-

s, which demonstrates that the designed high-order behavior

transition vectors and user-specific weights well address the

heterogeneity and correlation challenges in the studied SRHF

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.

5.5.2 Impact of the Number of Concerned Preceding Items

In this section, we adjustL ∈ {1, 2, 3, 4, 5} and study the im-

pact of different values ofL, i.e., the number of concerned

preceding items, to figure out how it affects the recommenda-

tion performance. The results are reported in Fig. 3, from

which we can see that our TransRec++ achieves the best

overall results whenL = 2 for the datasets ML1M and T-

mall and whenL = 5 for the dataset Rec15, which demon-

strates the effectiveness of the proposed high-order behavior
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Fig. 4 Top-k recommendation performance on the four datasets, where theblue line and the red line represent the results of TransRec and our TransRec++,
respectively.

transition vectors. For the dataset UB, we find that our Tran-

sRec++ achieves the best performance whenL = 1, which

means that we should choose an appropriate value ofL for

different datasets.

5.5.3 Results of Top-k Recommendation List

In this section, we study the top-k recommendation perfor-

mance with different values ofk ∈ {1, 2, ..., 15}, which are

shown in Fig. 4. From Fig. 4, we can see that our Tran-

sRec++ performs better than the closely related baseline

method TransRec in almost all cases, which again clearly

showcases the effectiveness of the introduced high-order be-

havior transition vectors in our TransRec++.

5.5.4 Analyses of the High-order Behavior Transition Re-

lationships

We count the numbers of theℓ-order behavior transitions, de-

noted as #(ℓ)E2E, #(ℓ)E2P, #(ℓ)P2E, #(ℓ)P2P, ℓ ∈ {1, 2, 3},

in the training data of each dataset. We report the statistics in

Table 5.

From Table 5, the examination-to-examination transition

relationship dominate all the datasets, which results fromthe

larger number of examination behaviors in the datasets. And

we can see that as the value ofℓ increases, #(ℓ)E2E drops,

because users may tend to purchase after some examinations,

Table 5 Statistics of the transition numbers.

ML1M Rec15 UB Tmall

#(1)E2E 500,685 409,165 397,319 676,749
#(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
#(3)E2P 127,936 110,976 65,410 141,742
#(1)P2E 123,832 360 56,444 145,181
#(2)P2E 125,567 608 59,161 148,033
#(3)P2E 126,456 760 57,013 146,225
#(1)P2P 86,345 122,261 30,236 56,654
#(2)P2P 82,871 85,265 21,150 49,333
#(3)P2P 80,282 48,385 17,308 46,560

which also explains that asℓ increases, #(ℓ)E2P also increas-

es. Users in the Rec15 dataset like to take consecutive pur-

chases, so #(ℓ)P2P is far more than #(ℓ)E2P and #(ℓ)P2E,

and #(ℓ)P2E is quite small. In the other datasets, users pre-

fer to make a single purchase and then turn to examine other

items, so #(ℓ)E2P and #(ℓ)P2E are close, and #(ℓ)P2P is the

smallest.

We then take the dataset Rec15 as an example to analyze

the relationships among the behavior transition vectors. For

visualization, we use principal component analysis [23] to

reduce the high-dimensionality behavior transition vectors to

2D vectors. The averaged translation vectors of all the users
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Fig. 5 Visualization of the behavior transition vectors, including the averaged vectors of all users (left, top), the vectorsof the user with the longest
interaction sequence (right, top), the vectors of the user with a medium length interaction sequence (left, bottom) andthe vectors of the user with a short
length interaction sequence (right, bottom). Notice that we omit the subscript for simplicity.

and the translation vectors of the users with the longest in-

teraction sequence, a medium length sequence and a short

length sequence are shown in Fig. 5.

From Fig. 5, we can have the following observations: (i)

The global translation vectorUu· that captures the users’

global preference is much longer than the behavior transition

vectors, where the latter rectifies the former by exploitingthe

behavior transition information. (ii) The behavior transition

vectors of the same category (of E2E, E2P, P2E or P2P) are

close to each other, which means that these vectors are ef-

fective in capturing the users’ behavior transitions. (iii) The

behavior transition vectors of a lower order (e.g.,ℓ = 1) are

usually longer than the ones of a higher order (e.g.,ℓ = 3),

meaning that a near item has a stronger impact on a target

item, which showcases the effectiveness of consideringL pre-

ceding items in our TransRec++.

5.5.5 Analyses of Different Data Input for Sequential Rec-

ommendation Methods

For each sequential recommendation method, we have two

variants in which we exploit the purchase feedback only (de-

noted asP) and both the purchase feedback and the exami-

nation feedback (denoted asP ∪ E), respectively. We report

their recommendation performance in Fig. 6.

From Fig. 6, we can see that for all the three methods

(i.e., FPMC, Fossil and TransRec) and all the datasets ex-

cept ML1M, the variant withP ∪ E performs better than the

corresponding variant withP, which is consistent with our

intuition that examinations and purchases are usually com-

plementary in learning users’ true preferences. Since ML1M

is a simulated dataset from movie ratings rather than a re-

al dataset with examinations and purchases, the simulated

examination feedback may have an adverse effect on users’

preference learning.

5.5.6 Extension to Cases with More Types of Behaviors

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, purchase, add-

to-favorite and add-to-cart, we preprocess them in the same

way as that in Section 5.1. As we have discussed in Sec-

tion 4.6, when the behaviors add-to-favorite and add-to-cart

are involved, we can generalize our TransRec++ by includ-
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Fig. 6 Recommendation performance of sequential recommendationmethods with purchases (i.e.,P) and both purchases and examinations (i.e.,P∪E) on
the four datasets.

ing some additional behavior transition vectors. We report

the results of our TransRec++ with two types of behaviors

(#bh = 2) and four types of behaviors (#bh = 4) in Table 6,

where the best results are marked in bold.

Table 6 Performance of TransRec++ with more types of behaviors.

L #bh
UB Tmall

HR@10 NDCG@10 HR@10 NDCG@10

1
2 0.0661 0.0413 0.0540 0.0387
4 0.0729 0.0466 0.0546 0.0401

2
2 0.0647 0.0390 0.0593 0.0377
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 TransRec++ achieves

better performance when more types of behaviors are consid-

ered, which showcases that our TransRec++ can deal with

multiple types of behaviors effectively.

5.5.7 Application to Deep Learning-Based Methods

In this section, we apply our behavior transition vectors to

two deep learning-based methods (i.e., RIB [27] and BIN-

N [8]). RIB and BINN use an RNN to model the relationship-

s between different behaviors implicitly, but do not explicitly

consider the behavior transitions between different types of

behaviors. In order to verify whether the behavior transition

vectors can be applied to deep learning methods, we inte-

grate the modeling of E2E, E2P, P2E and P2P into RIB and

BINN. Specifically, we add the corresponding behavior tran-

sition vector from the current behavior to the next behavior

at each time step in RIB and BINN. The results on HR@10

are shown in Fig. 7, from which we can see that for all the

datasets, both the enhanced methods (i.e., RIB++ and BIN-

N++) clearly surpass the corresponding methods (i.e., RIB

and BINN) in most cases, which shows that the proposed be-

havior transition vectors are of good generality and helpful in

improving the two deep learning-based methods.

6 Conclusions and Future Work

In this paper, we study sequential recommendation with het-

erogeneous feedback (SRHF) and propose a novel and gener-

ic translation-based model, i.e., TransRec++, 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 the relation-

ships among the heterogeneous sequential feedback, and thus

exploits the heterogeneous feedback and sequential informa-

tion in an intuitive and unified way, which empowers our

TransRec++ with good interpretability. We conduct exten-

sive experiments on four datasets, and show that our Tran-

sRec++ is able to outperform several state-of-the-art meth-
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Fig. 7 Recommendation performance of deep learning-based methods (i.e., RIB and BINN, denoted by “origin”) and their enhanced versions with behavior
transition vectors (i.e., RIB++ and BINN++, denoted by “origin++”) on the four datasets.

ods significantly in most cases. Furthermore, we analyze the

relationships among the translation vectors, including users’

global translation vectors and the transition vectors of differ-

ent orders and different kinds of behavior transitions, which

gives us more insights on TransRec++. We also study our

TransRec++ in recommendation problems with four differ-

ent types of behaviors, and apply the proposed behavior tran-

sition vectors to two deep learning-based methods, both of

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 in

more deep learning paradigms [25], and generalizing our

TransRec++ 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-

sRec++ for privacy protection when utilizing users’ hetero-

geneous sequential feedback.
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