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ABSTRACT
Sequential recommendation and information dissemination are
two traditional problems for sequential information retrieval. The
common goal of the two problems is to predict future user-item
interactions based on past observed interactions. The difference is
that the former deals with users’ histories of clicked items, while
the latter focuses on items’ histories of infected users. In this paper,
we take a fresh view and propose dual sequential prediction models
that unify these two thinking paradigms. One user-centered model
takes a user’s historical sequence of interactions as input, captures
the user’s dynamic states, and approximates the conditional proba-
bility of the next interaction for a given item based on the user’s
past clicking logs. By contrast, one item-centered model leverages
an item’s history, captures the item’s dynamic states, and approxi-
mates the conditional probability of the next interaction for a given
user based on the item’s past infection records. To take advantage of
the dual information, we design a new training mechanism which
lets the two models play a game with each other and use the pre-
dicted score from the opponent to design a feedback signal to guide
the training. We show that the dual models can better distinguish
false negative samples and true negative samples compared with
single sequential recommendation or information dissemination
models. Experiments on four real-world datasets demonstrate the
superiority of proposed model over some strong baselines as well as
the effectiveness of dual training mechanism between two models.
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1 INTRODUCTION
Sequential data that record the interactions between users and
items are ubiquitous in many real-life scenarios. One well-known
research problem in sequential information retrieval is to predict fu-
ture interactions based on observed observations. In recommender
systems, the platform may try to recommend items for each user
according to the user’s purchasing or browsing records. In social
network services, some user-generated items (e.g., tweets, pictures
or videos) may generate a huge number of shares or retweets, and
one would like to predict who will be influenced next based on the
item’s history of infected users (borrowing a term from epidemi-
ology given the analogy between information diffusion and viral
contagion). These two situations respectively correspond to two
classical sequential prediction problems: sequential recommenda-
tion [9, 16, 29, 40, 46] and information dissemination [28, 30, 34, 45].
The two problems share a dual structure, as depicted in Fig.1.

Prior studies take distinct views and develop different schools of
thinking to tackle these two prediction tasks, respectively. On the
one hand, for sequential recommendation (Fig. 1.a), previous works
tend to model the conditional probability that a user u would click
on (retweet or share depending on the domain) a next item i based
on user u’s history of clicked items Iu , i.e., P

(
click | (u, i),Iu

)
. For

instance, they adopt Markov chain [9, 29], time-aware SVD [23],
translation model [13, 14], recurrent model [16, 35, 44] as well as
self-attention mechanism [20, 46] to approximate this conditional
probability. On the other hand, for information dissemination (Fig.
1.b), prior researches generally consider the conditional probability
that a next user u would be infected by an item i based on item
i’s history of infected users Ui , i.e., P

(
click | (u, i),Ui

)
. The ap-

proaches include epidemic model [30, 33], stochastic point process
[2, 32, 45], regression model [25, 26] as well as recurrent neural
network [3, 6]. While the two schools of thinking possess respective
theoretical foundations and could capture the temporal dependen-
cies in user’s behaviors (resp. item’s influences), they assume an
item’s attributes (resp. user’s interests) to be static and thus ignore
the temporal dependencies of the other side. In fact, on the one
hand, for sequential recommendation, an item’s attributes tend to
vary dynamically when clicked by users from different communi-
ties, which may change an item’s attractiveness to users as time
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Figure 1: The dual structure between sequential recommen-
dation (left) v.s. information dissemination problems (right).
For sequential recommendation, with user u’s history of
clicked items i1 ∼ i5, the goal is to predict the next item that
she would possibly click on. For information dissemination,
with item i’s history of infected users u1 ∼ u5, the goal is to
predict the next user that would possibly be influenced by
such item.

goes by. On the other hand, for information dissemination, a user’s
interests incline to change while exposed to different items, which
enlightens us to consider distinct user preferences over time.

However, concurrently modeling the two-side temporal depen-
dencies and targeting the distribution P

(
click | (u, i),Iu ,Ui

)
would

pose a series of challenges. First, it introduces a higher computa-
tional cost, because: i) we need two sequential units to respectively
capture the temporal dynamics in two history sequences, and ii)
the elements in the two sequences may pairwise couple to form
O(n2) hidden states. Second, the model would be more likely to get
stuck in local optimum or gradient vanishing due to the complexity
of the objective function. Third, since we only have observed posi-
tive samples, we need to sample enough negative examples from
unobserved interactions for training. Such negative samples could
contain a number of false negative ones, which would give wrong
directions for training.

In this paper, we take a fresh view and propose DEEMS (for Dual
Sequential Prediction Models), which takes advantage of the dual
structure between sequential prediction and information dissemi-
nation problems to address the above-mentioned limitations and
challenges in an elegant way. DEEMS consists of dual sequential
prediction models, which can be specified by any time-dependent
units such as RNN or self-attention modules. One model, which is
user-centered, takes a user’s history of clicked items as input and
captures the hidden dynamic states in the user’s interest shifts. The
other model, which is item-centered, leverages an item’s history of
infected users as input to encode the dynamic patterns in the item’s
influence variation. The training for the two models is quite differ-
ent from previous methods: we let them play a game during which
each model alternately tries to match the prediction of the other
model. More specifically, during a round where the user-centered
model is trained, an observed interaction between a user u and an

item i is sampled, for which the model predicts a score representing
the probability that an interaction occurs based on the history of
user u, i.e., P

(
click | (u, i),Iu

)
. The same sample is fed to the item-

centered model, which provides the score, P
(
click | (u, i),Ui ). The

latter predicted score is treated as ‘label’ and used to compute the
discrepancy between the two scores (called hedge loss), which is
exploited as a feedback to train the user-centered model. Then, in
the next round, they interchange roles, and a similar process is
repeated to train the item-centered model. With this scheme, the
dual models compensate each other, and exchange the information
to reach a consensus.

DEEMS concurrently capture features expressing temporal dy-
namics of both users’ and item’ states in an efficient way, and the
hedge loss based training makes it possible to get out of their respec-
tive local optimums. More importantly, the feedback from the other
model can help one model to distinguish false negative samples and
true negative ones, which further improves prediction accuracy
and model robustness. To verify the approach, we conduct exten-
sive experiments over four real-world datasets from the Amazon
product platform, and compare with eight strong baselines for both
sequential recommendation and information dissemination. The
results show that, DEEMS achieves significant improvements of
precision and AUC compared with other existing methods. Also,
a series of ablation studies further demonstrate the superiority of
this dual mechanism as well as the training approach.

Our contributions can be summarized as follows:

• We propose to unify two schools of thinking for sequen-
tial information retrieval—sequential recommendation and
information dissemination—to take advantage of the dual
information to conduct prediction.
• We design a new training approach that lets two models play
a game with each other and use the output of the opponent
to define a hedge loss for training. Such mechanism could
help distinguish the false negative samples.
• We conduct extensive experiments over four practical datasets
and compare with eight strong competitors. The results show
that dual models are superior than the single counterpart,
and the proposed model achieves great improvement of pre-
diction accuracy under different settings.

2 PRELIMINARY
User-item interaction is classically represented as a matrix R =
{rui }M×N , whereM and N denote the numbers of users and items,
respectively. We focus on implicit feedback, which implies that
matrix R consists of 0 and 1, i.e., rui = 1 means that user u has
clicked item i , and rui = 0 otherwise. However, for sequential pre-
diction problems, each interaction corresponds to a timestamp t
that records when the interaction happened. Therefore, we adopt
a triplet (u, i, t) to denote one user-item interaction, and T =
{(u, i, t)} denotes all observed interactions. From T and for a given
time t , we define two history sequences as follows.

Definition 2.1. (History of Item Sequence): For user u, we call
the item sequence Itu = {i | (u, i, t ′) ∈ T , t ′ < t} = {i1, i2, · · · } as
user u’s history of item sequence or set of clicked items.
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Definition 2.2. (History of User Sequence): For item i , we define
the user sequence Ut

i = {u | (u, i, t
′) ∈ T , t ′ < t} = {u1,u2, · · · }

as item i’s history of user sequence or set of infected users.

We now proceed to formulate the general form of sequential
prediction problem.

Definition 2.3. (Sequential Prediction Problem): Given observed
user-item interactions in T , the sequential prediction problem con-
sists in predicting the unobserved potential interaction between a
user u and an item i at some time t .

The above general problem could be reduced to two specific
forms: sequential recommendation and information dissemination
problems. For sequential recommendation, we rely on the history of
item sequence Itu for each user, and aim at predicting the items that
will be clicked. In this situation, the model requires to estimate the
conditional probability P

(
click | (u, i),Itu

)
. For information dissem-

ination, we consider the history of user sequenceUt
i for each item,

and attempt to predict the potential users that would interact with
such item. Here, the model needs to estimate P

(
click | (u, i),Ut

i
)
.

Indeed, the two problems share the same goal, i.e., to predict future
interactions between users and items, but adopt distinct aspects to
tackle the prediction. In this paper, we propose to unify these two
schools of thinking and leverage the dual information for prediction
via a two-player game.

3 PROPOSED MODEL
In this section, we present our proposed model DEEMS (Dual Se-
quential Prediction Models), whose framework is shown in Fig. 2.
We first introduce the general model that takes advantage of the
dual structure between sequential recommendation and informa-
tion dissemination models. Then we detail the specifications of the
sequential prediction units in our model. Finally, we decompose
the efficacy of our model to help to understand how DEEMS works.

3.1 Dual Sequential Prediction Models
From interaction triplet set T , we can obtain the history of item
sequence Itu and the history of user sequenceUt

i for each (u, i, t).
As shown in Fig. 2, DEEMS contains two models: a user-centered
model and an item-centered model. The user-centered model takes
Itu as input to capture the dynamic pattern in the user’s interest
states, and estimates the conditional probability P

(
click | (u, i),Itu

)
that item i would be clicked by user u conditioned on her history
of item sequence.

By contrast, the item-centered sequential model takes Ut
i as

input to model the item’s time-variant influence, and approximates
the conditional probability P

(
click | (u, i),Ut

i
)
that user u would be

infected by item i conditioned on its history of user sequence.
Embedding Layer. To better encode user’s and item’s features,

we represent each user (resp. item) as one low-dimensional vector.
We first encode user u as a one-hot column vector tu ∈ RM , where
only the k-th value is 1 and the other values are zero if user u is
the k-th user, for k ∈ [M] (denoting [M] = {1, . . . ,M}). Similarly,
item i is encoded as a one-hot column vector ei ∈ RN . For users,
we define P ∈ Rd×M , where d is the embedding dimension, and
pu = Ptu denotes the embedding vector for user u reflecting the
user’s static preferences and interests. Similarly, for items, we define

matrix Q ∈ Rd×N and qi = Qei denotes the embedding vector for
item i , characterizing the item’s static attribute and influence. In
DEEMS, the user-centered model and the item-centered model are
two self-contained models, so we adopt independent embedding
parameters for them. Specifically, we use PU and QU (resp. PI and
QI ) for the embedding parameters of the user-centered (resp. item-
centered) model, and denote the corresponding embedding vectors
as pUu and qUi (resp. pIu and qIi ). The embedding parameters will be
learned together with the following sequential prediction layer in
order to achieve end-to-end training.

Sequential Prediction Layer. Then we proceed to capture the
temporal dependencies in user’s states and item’s states through
sequential prediction layers in the two models respectively. The
user-centered model takes the history of item sequence Itu as input
and output a hidden vector stu that reflects useru’s dynamic interest.
Concretely, we have

stu = SUU (I
t
u , p

U
u , q

U
i ;wU ), (1)

where SUU (·;wU ) denotes a sequential unit (implemented by a
Markov Chain, RNN or self-attention module, etc) parametrized
with wU . Similarly, the item-centered model takes the history of
user sequenceUt

i as input and compute lti that characterizes item
i’s dynamic influence. Specifically, we have

lti = SUI (U
t
i , p

I
u , q

I
i ;wI ), (2)

where SUI (·;wI ) denotes a sequential unit parametrized with wI .
Then we leverage user embedding pUu (resp. pIu ), item embedding

qUi (resp. qIi ) and user dynamic interest stu (resp. item dynamic
influence lti ) to predict the interaction probability. For the user-
centered model, the predicted score is defined by:

r̂Uui = PUU (pUu , q
U
i , s

t
u ; yU ), (3)

where PUU (·; yU ) denotes a general prediction unit parametrized
with yU . Also, for the item-centered model, the predicted score is
computed by:

r̂ Iui = PUI (pIu , q
I
i , l

t
i ; yI ). (4)

where PUI (·; yI ) is a general prediction unit parametrized with yI .
Wewill further discuss the specifications for SUU (·;wU ), SUI (·;wI ),
PUU (·; yU ), and PUI (·; yI ) in Section 3.2. To keep the notation clean,
we use θU and θI to denote all parameters in user-centered and
item-centered model, respectively, i.e., θU = [PU ,QU ,wU ,yU ], and
θI = [PU ,QI ,wI ,yI ].

Output Layer. The final predicted probability that user u will
interact with item i is the averaged scores, i.e., r̂ui =

r̂Uui+r̂
I
ui

2 .
Loss and Training. First, we hope that the output predicted

scores r̂Uui = PθU
(
click | (u, i),Itu

)
and r̂ Iui = PθI

(
click | (u, i),Ut

i
)

could approximate the true conditional probability P
(
click | (u, i),Itu

)
and P

(
click | (u, i),Ut

i
)
respectively. The cross-entropy loss can be

used to measure the discrepancy between the predicted scores r̂Uui
(or r̂ Iui ) and the ground-truth labels rui .

LUsv = −
∑

(u ,i ,t )∈T

rui · log r̂Uui + (1 − rui ) · log(1 − r̂
U
ui ). (5)

LI
sv = −

∑
(u ,i ,t )∈T

rui · log r̂ Iui + (1 − rui ) · log(1 − r̂
I
ui ). (6)
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Figure 2: The framework ofDEEMS that consists of two sub-models: user-centered (left) and item-centered (right)models. They
play a game with each other during training. First, the user-centered model takes a user u’s history of item sequence (i1 ∼ i5)
as input, and encodes each user and item into low-dimensional vectors through an embedding layer. Then the embedding
representations of users and items are fed into the sequential prediction layer (implemented as Markov Chain, RNN or self-
attention mechanism, etc.), which will outputs a conditional probability r̂Uui = PθU

(
click | (u, i),Itu

)
that item i would be clicked

by useru conditioned on her history of item sequence. On the other hand, the item-centeredmodel leverages an item i’s history
of user sequence (u1 ∼ u5) to estimate another conditional probability r̂ Iui = PθI

(
click | (u, i),Ut

i
)
that user u would be infected

by item i conditioned on its history of user sequence. Then the dissimilarity between the two probabilities d(r̂Uui , r̂
I
ui ) defines a

hedge loss as feedback for the user-centered model, which will be updated via the combination of supervised signal and the
hedge loss. Secondly, their roles interchange and the training process repeats until convergence.

Here, we call LUsv and LI
sv supervised losses for the user-centered

and item-centered models, respectively.
Second, in order to take advantage of the dual information and

make the two sequential models compensate each other, we let
them play a two-player game and treat the discrepancy from one’s
prediction to the prediction of the other model (denoted as d(r̂ , r̂ ′)
for two predictions r̂ , r̂ ′), as a feedback. Since both predictions are
probabilities, one natural candidate for the discrepancy measure
is the cross-entropy. Mathematically, for the user-centered model,
the discrepancy between r̂ Iui and r̂

U
ui would be

d(r̂ Iui , r̂
U
ui ) = −r̂

I
ui · log r̂

U
ui − (1 − r̂

I
ui ) · log(1 − r̂

U
ui ), (7)

For the item-centered model, we use the dual form:

d(r̂Uui , r̂
I
ui ) = −r̂

U
ui · log r̂

I
ui − (1 − r̂

U
ui ) · log(1 − r̂

I
ui ), (8)

to measure the discrepancy between r̂Uui and r̂
I
ui . We call (7) and (8)

hedge losses for the prediction given by the dual models. Interest-
ingly, other (possibly symmetric) distance metrics could be used,
like L1 distance d(x,y) = |x − y |, L2 distance d(x,y) = |x − y |2, lo-
gistic distance d(x,y) = 1

1+exp(−|x−y |) , Gaussian function d(x,y) =

exp(
|x−y |2

c ), etc. In the experiment part, we will discuss the model
performance under different distance metrics.

For one positive interaction (u, i, t), we sample K unobserved
interactions (uk , ik , tk ) (k = 1, · · · ,K) as negative samples. Then
the hedge losses for dual models can be specified as:

LUhd =
1
K

K∑
k=1
−r̂ Iuk ik · log r̂

U
uk ik − (1 − r̂

I
uk ik ) · log(1 − r̂

U
uk ik ), (9)

LI
hd =

1
K

K∑
k=1
−r̂Uuk ik · log r̂

I
uk ik − (1− r̂

U
uk ik ) · log(1− r̂

I
uk ik ), (10)

where LUhd and LI
hd are averaged hedge losses for user-centered

and item-centered models, respectively.
Then we linearly combine the supervised loss and hedge loss

together with a regularization term:

LU = LUsv + αL
U
hd +

λ

2 ∥θU ∥
2 , (11)

LI = LI
sv + αL

I
hd +

λ

2 ∥θI ∥
2 , (12)

where α is the hyper-parameter that controls the balance between
supervised learning and hedge loss based learning, and λ is the
hyper-parameter to balance the optimization and regularization.

The training for the dual sequential models can be conducted
alternately. First, the game begins with a sampled user u and gen-
erates a set of sampled items ik (k = 1, · · · ,K) from unobserved
items of user u. Then the user-centered model will compute the
predicted score r̂Uuik and generate the supervised gradient ∇θU L

U
sv .

Later on, we let the item-centered model output its predicted score
r̂ Iuik

, which is used as a ‘label’, and compute the hedging gradient
∇θU L

U
hd . Finally, we add them together and use the synthetic gra-

dient value ∇θU L
U to update the user-centered model. This ends

the first round of the game. In the 2nd round, the game will begin
with a sampled item i and the roles of two models will interchange.
Such process will repeat until convergence or after a number of
epochs. We present the algorithm in Alg. 1 (Appendix A).

3.2 Specifications of Sequential Units
In this subsection, we further specify the forms of the sequential
units and prediction units with two commonly-used sequential
modules: recurrent neural network and self-attention module. To
avoid repetition, we only present the specific forms for the user-
centered sequential unit SUU (·;wU ) and prediction unit PUU (·; yU ).
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Their counterparts for the item-centered model are presented in
Appendix B.

3.2.1 Recurrent Neural Network Model. Recurrent neural networks
(RNN) are widely used to model sequential patterns and temporal
dependencies. Assume hk to be the hidden states and qUk to be the
embedding vector for the k-th item in Itu (k = 1, · · · ,n). Then we
have:

hk = tanh(WI qUk +WH hk−1 + bI ), (13)
stu =WOhn + bO , (14)

whereWI ,WH ,WO areweightmatrices and bI , bO are bias vectors.
Here we use basic RNN units as an illustrative example, and one
can also adopt other sophisticated structures like LSTM or GRU to
capture complex temporal dependencies. We further concatenate
the user embedding pUu , item embedding qUi and dynamic state su ,
and use a fully-connected layer to give the predicted score:

r̂Uui = σ (WU · [pUu , q
U
i , s

t
u ] + bU ), (15)

where σ ,WU , bU denote activation function, weight matrix, and
bias vector respectively. We call this model DEEMS-RNN.

3.2.2 Self-Attention Model. The drawback of RNN model is that
it assumes each element in the history sequence has the same
importance. In fact, some elements in the sequence, like recently
clicked items or similar items, can have more importances. Inspired
by machine translation tasks [1], self-attention networks (SAN)
for sequential prediction are proposed to address this problem.
Specifically, the attention weights of candidate item i on a clicked
item j can be

ei j =
exp(WA[qUj , q

U
i ] + bA)

n∑
k=1

exp(WA[qUk , q
U
i ] + bA)

. (16)

Then we attentively add all historical clicked items as the dynamic
factor:

stu =
n∑
j=1

ei jqUj . (17)

Also, we leverage the fully-connect layer to give the final prediction:

r̂Uui = σ (WU · [pUu , q
U
i , s

t
u ] + bU ). (18)

Here, the self-attention model do not consider different positions
of clicked items in the sequence. To reserve this information, one
can encode the position as an embedding vector and add it to
corresponding item embedding, like the works in [20]. We call the
attention based model DEEMS-SAN.

Also, there are some other specifications for sequential prediction
layer, like Markov chain, translation model, or some other advanced
architecture, like memory network [4]. We leave it for future study.

3.3 Discussions
In this subsection, we discuss the motivations of the model design
and provide some explanations about the efficacy of DEEMS. If
we knew the true labels for all possible interactions and train the
dual models in a supervised manner, we could exactly fit the true
conditional probabilities P

(
click | (u, i),Itu

)
and P

(
click | (u, i),Ut

i
)
.

However, in fact, we only observed a few interactions whose labels
are 1, and a large number of possible interactions are unobserved,

Figure 3: Illustration of training for DEEMS with user-
centered (UC) model and item-centered (IC) model.

among which there exist both unobserved positive samples and
negative ones. Unobserved positive samples refer to interactions
that have not yet happened but are very likely to happen in the
future. This is because the user has not been exposed to the item yet.
By contrast, unobserved negative samples refer to interactions that
have not yet happened and would also not happen in the future. In
this situation, the user indeed dislikes the item. We have no prior
knowledge to distinguish such unobserved positive and negative
samples, since under most circumstances there is no auxiliary in-
formation that can help to unveil the true causal effects behind the
data. Therefore, the unobserved positive samples will be treated
as negative samples with label 0 and provide wrong supervised
signals.

Fortunately, in DEEMS, the above problem can be alleviated to
a certain degree. Compared with unobserved negative samples,
unobserved positive samples are more likely to have correlations
with observed positive samples. Such correlations can be further
divided in two ways: user-centered correlation and item-centered
correlation. For user-centered correlation, the candidate item is
similar to one or some of user’s clicked items. For item-centered
correlation, the target user is related to one or some of item’s
infected users. If there exists at least one-kind correlation for the
unobserved negative sample, it would be given a relatively high
predicted score by either the user-centered or item-centered model.
Then the hedging gradient would update the other model and push
it to give a higher score. Finally, the unobserved positive samples
would be ranked before the negative ones.

To make it easier to understand, let us illustrate it by an analogy
in Fig. 3. We consider a plane with two orthogonal axes which stand
for the predicted probabilities given by the user-centered and item-
centered models respectively. Three kinds of samples are denoted
by circles with different colors. First, the supervised signals from
dual models would push the observed positive samples upward and
rightward, and the unobserved samples downward and leftward.
Then consider two specific sampled interactions s1 = (u1, i1, t1) and
s2 = (u2, i2, t2). Assume that i1 has a strong correlation with one of
user u1’s clicked items, and then the user-centered model would
give a relatively high probability for s1. The feedback from user-
centered model would further let the item-centered model think
s1 as a ‘true’ positive sample and update the predicted probability
from low to high. Besides, for s2, assume that u2 is correlated with
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one of item i2’s infected users, and then the item-centered model
would give a relatively high probability. Later, the hedge loss from
item-centered model would guide the user-centered model to think
s2 as a ‘true’ positive sample and push the sample upward. Note that
s1 and s2 are common among all unobserved samples. Hence, once
dual models reach a consensus, the unobserved positive samples
would be more likely to be located at the right (or upper) side of
the decision boundary than the negative ones.

4 EXPERIMENTS
To comprehensively evaluate the proposed model DEEMS1, we
conduct experiments to answer the following research questions:
RQ1 How does DEEMS perform compare with state-of-the-art
methods for sequential prediction problems?
RQ2 Are the key components in DEEMS, such as dual models and
hedge loss based training, necessary for improving performance?
RQ3How do hyper-parameters in DEEMS impact the performance?

4.1 Experiment Setup
Datasets.We adopt the Amazon product data [15, 27] to construct
the experimental datasets. The data contains the temporal users’
purchasing behaviors ranging from the May 1996 to July 2014,
with 24 categories of different sizes. Each category is a large tuple
consisting of the information of user, item, rating and timestamp.
We choose four categories Clothing,Grocery, Baby andDigital Music
to conduct our experiments. We use two ways to split the training
set and test set, and the specific data preparation is presented in
Appendix C.

Comparative Methods. We use eight related methods pro-
posed by previous researchers as competitors for comparison with
our model: PMF [31][18], FPMC [29], TransRec [14][13], DREAM
[44], DIN [46], RMTP [7], TopoLSTM [38], RRN [41]. Here, PMF is a
basic matrix factorization based methods. FPMC combines Markov
chain andmatrix factorization, while TransRec leverages translation
based model. Besides, DREAM and DIN are two strong baselines
for sequential recommendation, using RNN and self-attention net-
work to predict next clicked item for users, respectively. RMTP and
TopoLSTM, as two strong baselines for information dissemination,
leverages RNN and LSTM to predict next infected user for items,
respectively. Finally, RRN is another strong baseline that takes both
user sequence and item sequence as input of two different recurrent
models. For each baseline, we set the hyper-parameters according
to their reports in the paper and do some tuning by ourselves to
achieve an optimal performance.

We also implement some variants and simplified versions of
DEEMS to validate the necessity of some key components as abla-
tion study, including Dual-RNN, Dual-SAN, User-RNN, Item-RNN,
User-SAN and Item-SAN, DEEMS-L1, DEEMS-L2, DEEMS-Log, and
DEEMS-Gauss. The details for implementation of proposed model
and the above variants are presented in Appendix D and E.

EvaluationProtocol.Weuse fourmetrics to evaluate themodel
performance: P@k, AUC, GP@k, and GAUC. Here P@k and AUC
are recommendation metrics, while GP@k and GAUC measure the
global accuracy. The details for computing each metric are shown
in Appendix F.
1The experiment codes are released at https://github.com/echo740/DEEMS-KDD-19.

4.2 Comparative Results: RQ1
We report experiment results of DEEMS and other comparative
methods in Table 1. As we can see, our model DEEMS-RNN and
DEEMS-SAN outperform other comparative methods and achieve
significant improvements for all evaluation metrics. Also, DEEMS-
SAN achieves better performance on recommendationmetrics (P@3
and AUC), while DEEMS-RNN performs better on global metrics
(GP@3 and GAUC). Besides, there are some findings in these com-
parative experiments. First, matrix factorization based method (i.e.,
PMF) gives the worst prediction accuracy since they fail to capture
any temporal dependencies among interactions. Second, Markov
model and translation based model perform better than matrix fac-
torization methods, but are still not good enough compared with
deep models. As for RNN based models and self-attention based
models, we find that DREAM performs better than DIN on global
metrics while the opposite is true on recommendation metrics. This
is possibly because self-attention modules help to select important
elements in history sequences for different users (resp. items), but
such importances are estimated over clicked items (resp. infected
users) for one user (resp. item) rather than all candidate items (reps.
users) among the dataset due to the softmax layer. Furthermore,
two user-centered models (DREAM, DIN) tend to perform slightly
better than the item-centered models (RMTP, TopoLSTM) on rec-
ommendation metrics , but their performances are not that different
on global metrics.

4.3 Ablation Study: RQ2
We conduct a series of ablation studies to investigate the necessities
of some key components in our model.

Effectiveness of Dual Models and Hedge Loss. Fig. 4 (resp.
Fig.5) shows the results of DEEMS-RNN (resp. DEEMS-SAN) and
its variants. As is depicted by the figures, the dual sequential pre-
diction models improve the prediction accuracy compared with the
single user-centered or item-centered model, and achieve averaged
0.6% improvement for AUC. The possible reason is because dual
models can take advantage of two-side information from two his-
tory sequences. Besides, the hedge loss based training contributes
to averagely 0.9% improvement for AUC over dual models with
no hedging gradient. Indeed, the hedge loss could merge two-side
information and adds enough random noise to the training process
which helps to get out of local optimums.

In Fig. 6, we present the learning curves of synthetic prediction
in DEEMS as well as the predictions given by a single user-centered
and item-centered model. As we can see, at the beginning of train-
ing, user-centered model performs the best. As the training epochs
increases, the performance of synthetic prediction becomes better
and outperforms those of other two predictions.

Different Distance Metrics. We compare the performances
under different distance metrics in Table 4. The results show that
the prediction performances of DEEMS are sensitive to distinct
distance metrics, among which the cross-entropy (i.e., what we
use in the paper) contributes to the best performance. Besides, the
logistic distance performs slightly worse than the cross-entropy,
but outperforms other metrics. The L1 and L2 distances give the
worst results. In fact, the distance metrics have a great impact on
the ways to reach the equilibrium while training.
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Table 1: Experiment results of DEEMS and competitors when we hold out the last two clicked items of each user for test. The
bold value marks the best one in one column, while the underlined value corresponds to the best one among all baselines.

Digital Baby Grocery Clothing
P@3 AUC GP@3 GAUC P@3 AUC GP@3 GAUC P@3 AUC GP@3 GAUC P@3 AUC GP@3 GAUC

PMF 0.511 0.752 0.691 0.830 0.523 0.765 0.631 0.765 0.518 0.754 0.615 0.753 0.481 0.738 0.639 0.775
FPMC 0.515 0.765 0.717 0.845 0.527 0.766 0.639 0.770 0.520 0.776 0.620 0.759 0.492 0.739 0.646 0.770

TransRec 0.518 0.776 0.691 0.842 0.531 0.787 0.617 0.771 0.521 0.765 0.605 0.754 0.495 0.746 0.624 0.771
DREAM 0.529 0.780 0.724 0.855 0.525 0.778 0.648 0.785 0.524 0.775 0.633 0.763 0.507 0.750 0.652 0.789
DIN 0.531 0.779 0.712 0.843 0.529 0.776 0.643 0.782 0.524 0.777 0.630 0.768 0.503 0.751 0.648 0.789
RMTP 0.528 0.771 0.722 0.861 0.521 0.781 0.646 0.784 0.523 0.776 0.634 0.767 0.493 0.745 0.656 0.791

TopoLSTM 0.523 0.777 0.716 0.845 0.524 0.784 0.648 0.782 0.523 0.778 0.634 0.768 0.497 0.747 0.652 0.782
RRN 0.524 0.775 0.716 0.859 0.531 0.789 0.653 0.781 0.521 0.775 0.638 0.775 0.495 0.751 0.660 0.790

DEEMS-RNN 0.564 0.827 0.726 0.867 0.533 0.791 0.659 0.793 0.529 0.783 0.640 0.781 0.530 0.789 0.667 0.800
DEEMS-SAN 0.524 0.793 0.716 0.867 0.553 0.809 0.655 0.792 0.521 0.762 0.644 0.780 0.516 0.780 0.663 0.799

Figure 4: Ablation studies of dual models and hedge loss based training for DEEMS-RNN.

Figure 5: Ablation studies of dual models and hedge loss based training for DEEMS-SAN.

4.4 Parameter Sensitivity: RQ3
We study the performance variation for our model w.r.t some hyper-
parameters and the comparative results are presented in Fig. 7.

Impact of Embedding Size.We let the embedding size varies
from 5 to 25 with step size 5, and the AUC value improves at first
and decays latter. The possible reason is that small embedding size
may deprive the model of enough expressiveness, and too large
embedding size would make the representation vector too sparse,
which leads to performance decline.

Impact of Regularization. We change the regularization coef-
ficient from 0.001 to 10, and the best performance is achieved when
it is set to 0.1. In fact, the regularization can help to limit the val-
ues of model parameters and avoid over-fitting. A proper trade-off
between regularization and accuracy optimization is needed. Too
small and too large λ could both break the balance.

Impact ofWeight for Hedge Loss.We let α change from 0.001
to 10 to study the performance variation under different weights
of hedge loss. The weight coefficient controls the balance between
supervised training and hedge loss based training. The figure shows
that α = 0.1 achieves the best trade-off.

Table 2: Performance comparison under different metrics
for hedge loss on Baby dataset.

P@3 AUC GP@3 GAUC

DEEMS - RNN - L1 0.5290 0.7841 0.6522 0.7807
DEEMS - RNN - L2 0.5312 0.7830 0.6529 0.7825
DEEMS - RNN - Log 0.5329 0.7934 0.6575 0.7902
DEEMS - RNN - Gauss 0.5301 0.7854 0.6510 0.7875
DEEMS - RNN 0.5332 0.7914 0.6595 0.7966

DEEMS - SAN - L1 0.5337 0.8014 0.6441 0.7850
DEEMS - SAN - L2 0.5356 0.8041 0.6414 0.7828
DEEMS - SAN - Log 0.5423 0.8097 0.6541 0.7892
DEEMS - SAN - Gauss 0.5375 0.8015 0.6508 0.7882
DEEMS - SAN 0.5531 0.8091 0.6556 0.7928

Impact of Truncation Length. We also study the impact of
truncation length for history sequences. When it changes from 5
to 25, the AUC values become larger. Such phenomenon is quite
normal since large truncation length contributes to more complete
information from temporal sequences. However, largem may lead
to heavy computational cost, so we setm = 20 in our experiments.
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Figure 6: Learning curves of AUC and GAUC for user-
centered, item-centered and dual models on Baby dataset.

Figure 7: Performance of DEEMS on Baby dataset w.r.t dif-
ferent hyper-parameters. The vertical dotted lines mark the
values set in this paper.

5 LINKS TO RELATEDWORKS
Sequential Recommendations. In a recommendation system,
the sequential behaviors of a user often expose one’s interest. Se-
quential recommendation aims at predicting user’s next clicked
item based on the historical clicking sequence. One method is by
Markov chain, modeling the local sequential patterns between ev-
ery adjacent pair of user’s clicked items [9]. Later on, [29] proposes
factorized personalized Markov chains which integrates Markov
chains and matrix factorization method. Furthermore, the hierar-
chical representation model (HRM) [40] takes transaction and user
representations into the prediction to model complicated interac-
tions among differenet factors. Different from the above works that
only consider the adjacent dependency between clicked items, [44]
proposes to use a dynamic recurrent model (DREAM) to capture
global sequential patterns by incoporating users’ current interests
and global sequential features based on reccurent neural network
(RNN). Moreover, TransRec [14] takes a different view and models
user’s dynamic interest as translation among different languages.
It embeds items into a transition space modeling a third-order rela-
tionship among a user, her previously visited item(s), and the next
item to consume. Recently, inspired by machine translation task
[1], works in [20, 46] leverage self-attention mechanism to model
different importances of past clicked items, and achieve accuracy
improvement. Nevertheless, the above-mentioned approaches limit
the scope in user-centered aspect, and they ignore the dynamic
item’s states hidden in different users who click on such item.

Information Dissemination. On many social platforms, in-
formation like news, events, pictures or some fashion elements
may disseminate in a predictable pattern. With some early-stage
observed information about one item, we can predict the future

evolution and potential impact [28][5]. Early studies use matrix fac-
torization to predict who will be influenced in the future [19] [18].
Later on, several time series and point process models are proposed
to address this problem by modelling the temporal dependencies
[45][8]. Recently, [6] proposes to use RNN to capture the hidden
dynamics in temporal evolution of item’s infection sequence. The
work in [39] extends this idea, using RNN to predict the next in-
fected user. Also, recent studies [3] and [17] adopt self-attention
mechanism to probe into different importances of historical infected
users. Information dissemination models take an item-centered as-
pect, and the majority of them ignore the dynamic user’s states that
will change with different exposed items.

Dual Mechanism. Dual phenomena are very common in real-
life situations. Based on this, many recent works propose to add
dual structures into previous model and achieve great performance
improvement. For example, [12] proposes a dual learning method
that allows two translation models to train by themselves through
the reward from the opponent. Later on, the work in [43] extends
such dual design to model level. Also, [47] designs dual Graph
Convolutional Networks (GCN) which could capture both global
and local consistencies in complicated graphs. Furthermore, dual-
attention mechanisms are widely used to handle scene segmenta-
tion [11], dialogue act classification [24] ,and question answering
[22]. Different from these works, DEEMS takes dual aspects to
unify sequential recommendation and information dissemination
models, and makes them communicate with each other to reach
a consensus. The two sequential prediction models take different
input sequences, output the predicted probability based on user-
centered (resp. item-centered) temporal dependencies, and use the
prediction by the other model as feedback for training.

Model Unification. Recently, there exist several researches that
attempt to unify different schools of thinking in one domain. The
work in [37] proposes a minimax game which unifies the discrimi-
native and generative models for information retrieval. Also, [42]
designs an adversarial framework to take advantage of both feature
driven and point process models for popularity prediction. Besides,
[21] proposes a dynamic meta-embedding methods for sentence
representation and combines a set of weak representation models.
[30] constructs a hybrid model that unites the epidemic model and
the Hawkes model for information prediction. Compared with ex-
isting approaches, DEEMS takes a different view and leverage the
dual structure to unify the sequential recommendation and informa-
tion dissemination models. First, in DEEMS, the user-centered and
item-centered models are two self-contained models that can both
give prediction, which differs from the case in [30] and [21] where
several models with the same goal are combined into a synthetic
one. Second, DEEMS makes dual models communicate with each
other through the hedge losses to achieve a common goal, which
differs from the case in [37] and [42] where two models struggle to
defeat each other in an adversarial manner.

6 CONCLUSION
In this paper, we propose dual sequential models DEEMS to unify
two schools of thinking (sequential recommendation and informa-
tion dissemination). Specifically, DEEMS contains two self-contained
models: user-centered model and item-centered model. The user-
centered model aims at capturing the dynamic patterns in user’s
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historical clicking behaviors, while the item-centered model at-
tempts to model the dynamic states from item’s historical infected
users. For model training, we let the two models play a game with
each other where one model will use the predicted score of the other
model as feedback to guide the training. Such mechanism enables
the framework to efficiently take advantage of dual information
and more competent in distinguishing the false negative samples.
Also, DEEMS is a general framework, it can be applied to arbitrary
sequential prediction models, like RNN unit, self-attention module,
Memory network, etc. Comprehensive experiments demonstrate
the superiority of DEEMS under different settings.

For future study, we believe that one can probe intro the social
network or item network relationship by using some graph rep-
resentation techniques to improve the current embedding layers,
if the graph topology information is known. More generally, one
could also consider more than one kind of interactions (like browse,
click, purchase, review, etc.) and capture more complicated user’s
behaviors and item’s diffusion patterns.
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A TRAINING ALGORITHM FOR DEEMS

Algorithm 1: Training for Dual Sequential Models
1 REQUIRE: interaction triple set T .
2 REQUIRE: θU , initial parameters for user-centered model.

θI , initial parameters for item-centered model. η = 0.1,
learning rate. λ = 0.01, regularization coefficient. B = 64,
batch size. K = 5, sample size. α = 0.1, weight for hedge
loss.

3 while not converged do
4 Sample B user-item interactions B = {(ub , ib , tb )}Bb=1

from T ;
5 LUsv ← 0, LUhd ← 0, LI

sv ← 0, LI
hd ← 0;

6 for each sampled interaction (u, i, t) ∈ B do
7 Generate K items ik uniformly among the

unobserved pairs (u, i ′) < T ;

8 LUsv&+ = − log r̂Uui −
1
K

K∑
k=1

log(1 − r̂Uuik );

9 LUhd+ =

− 1
K

K∑
k=1

r̂ Iuik
· log r̂Uuik + (1 − r̂

I
uik
) · log(1 − r̂Uuik );

10 θU ← θU − η
[
∇θU L

U
sv + α∇θU L

U
hd + λ ∥θU ∥

]
;

11 for each sampled interaction (u, i, t) ∈ B do
12 Generate K user uk uniformly among the

unobserved pairs (u ′, i) < T ;

13 LI
sv&+ = − log r̂ Iui −

1
K

K∑
k=1

log(1 − r̂ Iuk i );

14 LI
hd+ =

− 1
K

K∑
k=1

r̂Uuk i
· log r̂ Iuk i + (1 − r̂

U
uk i
) · log(1 − r̂ Iuk i );

15 θI ← θI − η
[
∇θIL

I
sv + α∇θIL

I
hd + λ ∥θI ∥

]
;

B SPECIFICATIONS FOR ITEM-CENTERED
SEQUENTIAL UNITS AND PREDICTION
UNITS

The sequential units and prediction units in item-centered model
possess the dual structures compared with those in user-centered
model.

B.1 Recurrent Neural Network Model
Assume hk to be the hidden states, pIk to be the embedding vector
for the k-th user inUt

i (k = 1, · · · ,m), and then we have,

hk = tanh(W′I p
I
k +W

′
H hk−1 + b

′
I ), (19)

lti =W′Ohm + b
′
O , (20)

whereW′I ,W
′
H ,W′O areweightmatrices and b′I , b

′
O are bias vectors.

We further concatenate the user embedding pIu , item embedding qIi
and dynamic item state li , and use a fully-connected layer to give

the predicted score:

r̂ Iui = σ (W′U · [p
I
u , q

I
i , l

t
i ] + b

′
U ), (21)

where σ ,W′U , b′U denote activation function, weight matrix, bias
vector, respectively.

B.2 Self-Attention Model
The attention weights of target user u on a past infected user v can
be

euv =
exp(W′A[p

I
v , pIu ] + b′A)

m∑
k=1

exp(W′A[p
I
w , pIu ] + b′A)

. (22)

Then we attentively add all historical clicked items as the dynamic
factor:

lti =
n∑

v=1
euvpIv . (23)

Also, we leverage the fully-connect layer to give the final prediction:

r̂ Iui = σ (W′U · [p
I
u , q

I
i , l

t
i ] + b

′
U ). (24)

C DATA PREPARATION
Since we focus on implicit feedback scenario, we consider all ex-
isting rating as observed positive interactions whose label is 1.
Followed by other related works [10, 14, 29, 36], we filter out users
and items with less than five interactions. For each dataset, similar
to related works [29, 44, 46], we use the last two clicked items of
each user for test, and the remaining interactions for training. The
statistics of each dataset is given in Table 3.

Table 3: Statistics of four datasets.

Datasets #Users #Items #Interactions Density

Clothing 184050 174484 1068972 0.003%
Grocery 32126 39264 275256 0.022%
Baby 27619 18749 216310 0.042%
Digital 20165 20356 132595 0.032%

D IMPLEMENTATION DETAILS FOR DEEMS
We use Tensorflow to implement our model and deploy it on GTX
1080 GPU with 8G memory. For parameter tuning, we adopt coordi-
nate descendant method to search for a sub-optimal settings. Some
hyper-parameter setting is provided in Alg. 1, and other parameters
are set as follows. The embedding size d = 10 for Digital, Baby,
Grocery, and d = 20 for Clothing. Since the history sequence for dif-
ferent users (resp. items) are quite different, we truncate the recent
n = 20 clicked items as user’s history item sequence andm = 20
infected users as item’s history user sequence. For optimization, we
adopt stochastic gradient descendant to conduct training and clip
the gradient within step size c = 20 to avoid gradient explosion.
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E IMPLEMENTATION DETAILS FOR
VARIANTS OF DEEMS

ForDual-RNN, we remove the hedge loss term from the loss function
in (11) and (12),

LU = LUsv +
λ

2 ∥θU ∥
2 , (25)

LI = LI
sv +

λ

2 ∥θU ∥
2 . (26)

For User-RNN and User-SAN, we directly use the prediction given
by user-centered model as the final prediction:

r̂ui = r
U
ui = σ (WU · [pUu , q

U
i , s

t
u ] + bU ). (27)

The difference is that in User-RNN the dynamic state stu is computed
by (13) and (14), and in User-SAN the dynamic state stu is given by
(16) and (17). Then for Item-RNN and Item-SAN, we directly use the
prediction given by item-centered model as the final prediction:

r̂ui = r
(2)
ui = σ (W′U · [p

(2)
u , q

(2)
i , l

t
i ] + b

′
U ). (28)

Also, for Item-RNN, the dynamic state lti will be given by (19) and
(20), while for Item-SAN, it will be given by (22) and (23).

We also probe into different discrepancy metrics to construct
the hedge loss. We list the metrics we adopt in Table 4.

Table 4: Different discrepancy metrics for hedge loss.

Method d(r Iui ,d
U
ui ) d(rUui ,d

I
ui )

DEEMS-L1 |r Iui − r
U
ui | |rUui − r

I
ui |

DEEMS-L2 |r Iui − r
U
ui |

2 |rUui − r
I
ui |

2

DEEMS-Log 1
1+exp(−|r Iui−r

U
ui |)

1
1+exp(−|rUui−r Iui |)

DEEMS-Gauss exp(|r Iui − r
U
ui |

2) exp(|rUui − r
I
ui |

2)

F EVALUATION METRICS
For each model, we define Eu = {r̂ui1 , r̂ui2 , ..., r̂uik } as user u’s top
k recommendation list, and r̂uix represents the predicted score at
the x-th position of the list Eu . Define Gu to be the set of user u’s
interacted items in the test set. Assume there are M users in our
system. Then two recommendation metrics can be calculated as
follows.
• Precision@k (P@k) counts the per-user average top k preci-
sion:

P@k =
1
M

∑
u

Pu@k =
1
M

∑
u

Eu ∩Gu

Êu
. (29)

• AUC counts the per-user average area under the curve:

AUC =

∑
i ∈I+u

∑
j ∈I−u δ (ŷu ,i , j > 0)
|I+u | |I

−
u |

, (30)

where I+u = {i |rui = 1} and I−u = {j |ruj = 0} denote
the sets of clicked items and not clicked items for user u
respectively. The counting function δ (r̂ui > r̂uj ) returns 1
when r̂ui > r̂uj and 0 otherwise.

Furthermore, we define E as the list of samples with top k%
predicted scores over all test samples, andG as the list of all positive
samples in test set. Then we define another two global metrics.
• GP@k counts the precision of top k% samples in test set:

GP@k =
E ∩G

Ê
. (31)

• GAUC counts the area under the curve over all test samples:

GAUC =

∑
(u ,i)∈S+

∑
(v , j)∈S− δ (r̂ui > r̂v j )

|S+ | |S− |
, (32)

where S+ = {(u, i)|rui = 1} and S− = {(v, j)|rv j = 0}
denote the sets of positive samples and negative samples in
test set, respectively.

G PARAMETER SEARCHING SPACE
We present the searching spaces for each hyper-parameter in our
model in Table 5.

Table 5: Parameter searching space.

Hyper-parameter Definition Search space

η learning rate [10, 1, 0.1, 0.01, 0.001]
B batch size [16, 32, 64, 128, 256]
λ regularization [1, 0.1, 0.01, 0.001]

m, n truncation length [30, 25, 20, 15, 10, 5]
d embedding size [25, 20, 15, 10, 5]
c gradient clipping [25, 20, 15, 10, 5]
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