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ABSTRACT

Personalized recommendation has been instrumental in many real ap-
plications. Despite the great progress, the underlying multi-scenario
characteristics (e.g., users may behave differently under different
scenarios) are largely ignored by existing recommender systems.
Intuitively, modeling different scenarios properly could significantly
improve the recommendation accuracy, and some existing work has
explored this direction. However, these work assumes the scenarios
are explicitly given, and thus becomes less effective when such infor-
mation is unavailable. To complicate things further, proper scenario
modeling from data is challenging and the recommendation models
may easily overfit to some scenarios. In this paper, we propose a
multi-scenario learning framework, MUSENET, for personalized
recommendation. The key idea of MUSENET is to learn multiple
implicit scenarios from the user behaviors, with a careful design
inspired by the causal interpretation of recommender systems to
avoid the overfitting issue. Additionally, since users’ repeat con-
sumptions account for a large part of the user behavior data on many
e-commerce platforms, a repeat-aware mechanism is integrated to
handle users’ repurchase intentions within each scenario. Compre-
hensive experimental results on both industrial and public datasets
demonstrate the effectiveness of the proposed approach compared
with the state-of-the-art methods.
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1 INTRODUCTION

Personalized recommendation has been increasingly instrumental
for connecting users with items that match users’ interests in various
real-world applications [15, 26, 32, 37, 41]. Despite the progress,
the underlying multi-scenario characteristics of users’ behaviors
(e.g., browse, click, purchase, etc.) have been largely ignored by
the vast majority of existing recommender systems. An illustrative
example of the multi-scenario characteristics of an online travel
platform (OTP) is shown in Fig. 1. We assume that there are two
different scenarios (i.e., business travel and leisure travel) for hotel
reservation, which can be summarized from the users’ hotel booking
data. Intuitively, users may have different preferences in different
scenarios. For example, company employees on business would
choose business hotels near downtown for convenience while tourists
may prefer enjoyable vacation hotels (e.g., seaside hotels as shown
in Fig. 1). Knowing the background scenarios and tailoring the
corresponding recommendation models properly could improve the
recommendation accuracy, and some recent work [17, 19, 25, 28]
has started initial explorations in this direction. However, existing
work assumes that the scenarios are explicitly given (e.g., different
recommendation scenes in homepage, add-to-cart page, etc.), and
thus becomes less effective when such information is unavailable
or unclear. Although we can manually define the scenarios, a sub-
optimal division might even hinder the downstream recommendation
tasks. Therefore, a natural solution is to jointly learn the implicit
scenarios from data along with the recommendation task.
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Figure 1: An illustrative example of multiple scenarios of an
online travel platform. Users may have different preferences
under different scenarios (e.g., business travel vs. leisure travel).
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However, learning meaningful scenarios from data for recommen-
dation is non-trivial, mainly due to the fact that neural networks are
prone to capturing unreliable correlations [8, 23, 38]. Such phenom-
enon becomes even worse in the multi-scenario learning case. To
understand this, we may view each scenario as a training sample, and
hence recommendation models may overfit to scenarios since there
are usually a limited number of scenarios and some scenarios may
be highly weighted (i.e., having many training samples). Consider
the following example related to Fig. 1. The model may easily learn
the correlation between A: “the user is a company employee” and B:
“the user tends to book a business hotel”, from the business travel
scenario. However, it is also possible for a company employee to
take a leisure trip, making the above correlation untenable in other
scenarios. In this work, we call such issue as scenario overfitting, in-
dicating that recommendation models may overfit to some scenarios
with unreliable correlations, and thus give wrong predictions on the
other scenarios.

In this paper, we propose a new recommendation framework,
MUSENET, which is able to learn multiple implicit scenarios from
the existing user behaviors. Specifically, MUSENET consists of
two key components, i.e., the scenario learning module and the
repeat intention modeling module. The scenario learning module
uncovers the latent scenarios of the data in a suitable metric sub-
space. To handle the scenario overfitting problem, we first explain it
from a causal view, and observe that the scenario exerts a confound-
ing effect on the prediction from the data samples to labels for a
straightforward solution. We then propose to mitigate the confound-
ing effect of scenarios by introducing the do-calculus [10], which
encourages the recommendation model to learn relatively generic
scenario-agnostic correlations in addition to the scenario-specific
correlations. To further show the benefit of scenario learning, we
integrate the repeat intention modeling module into MUSENET. This
module infers user’s intention to repeat a consumed item before or
to explore a novel item, which is motivated by the observation that
users’ repeat consumptions account for a large part of the user behav-
ior data on many e-commerce platforms [34]. Finally, we perform
extensive experiments to evaluate the effectiveness of MUSENET.
The quantitative results show that the proposed method outperforms
the competitors by up to 7.33% on average in terms of AUC, and
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Figure 2: Causal diagrams for recommendation methods. (a) Tra-
ditional methods that directly predict interaction Y depending
on data sample X. (b) Existing methods that construct scenarios
C (e.g., based on pre-defined rules) as the common cause for both
X and Y. (¢) Our method that learns the scenarios from data and
cuts off the confounding effect caused by C — X — Y.

the qualitative analysis indicates that the learned scenarios exhibit
well-formed cluster structure and bear nice interpretations.
The main contributions of this paper are summarized as follows:

o To the best of our knowledge, this is the first work to mine
and model the implicit scenarios in an industry-level recom-
mender system.

e We propose a recommendation framework that is able to
jointly learn multiple latent scenarios and alleviate the con-
founding effect from unobserved scenarios.

e We integrate user’s scenario-specific repeat intentions into
our model under a probabilistic framework.

o Comprehensive experiments on both industrial and public
datasets demonstrate the effectiveness of our proposed model.

2 MOTIVATION

2.1 Causal Interpretation of Recommendation

We adopt the structural causal model (SCM) [10], which is a di-
rected acyclic graph, to represent the data generation process of a
recommender system. Specifically, we draw the causal diagrams
for typical recommendation methods in Fig. 2, where each causal
diagram contains the causal relations among different variables in
the system. For simplicity, we consider the following three variables
during the data generation process of a recommender system:

e X represents the data samples (i.e., user-item pairs) in the
recommender system, and each data sample typically includes
user profile, user historical behaviors, item features, etc.;

e Y represents the interaction label for each data sample, indi-
cating whether the user has clicked or consumed the item;

e C represents the unobserved scenario or environment that
affects the user behaviors in the recommender system.

Fig. 2(a) shows the causal diagram of the traditional recommen-
dation methods that directly model P(Y|X) without considering the
scenario variable. Since users may have different preferences in
different scenarios, such traditional methods cannot enjoy the perfor-
mance gain provided by a proper scenario modeling, which is also
indicated by the existing work [17, 19, 28].

To include the scenario, existing work [17, 28] proposes to model
the scenario C as a cause variable for both X and Y. That is, both
data samples and the user-item interactions are generated given the
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current scenario. The corresponding causal diagram is shown in
Fig. 2(b). However, these methods still have limitations.

o First, existing recommendation methods assume that C is
manually given (e.g., some static division rules). However,
such static division rules may be unavailable in practice. Even
when they are available, it is usually undesired to simply apply
the rules since the given C may be sub-optimal and thus even
degenerate the performance of recommendation models.

e Second, the confounder C of X and Y may mislead the recom-
mendation model to mainly rely on scenario-specific correla-
tions between X and Y, and thus decrease the generalization
ability. Specifically, the causal path C — X — Y makes data
samples rely on scenarios, and thus recommendation models
tend to learn unreliable correlations that only hold in particu-
lar scenarios. On the contrary, our expectation is to uncover
some scenario-agnostic correlations between data samples
and labels in addition to scenario-specific correlations.

To address the above limitations, we propose a new recommenda-
tion framework whose causal diagram is shown in Fig. 2(c). First,
instead of dividing scenarios relying on the given knowledge pro-
vided by humans, we propose to learn the scenarios from datal. Such
scenario learning shares the same goal with the recommender system
to improve its overall performance. Second, we propose to eliminate
the causal relationship C — X as it may lead to degenerated gener-
alization performance. Consequently, only the causal path C — Y
exists for scenario-specific information, pushing the X — Y path to
learn some scenario-agnostic information.

2.2 Problem Definition

For user u € U, where U is the set of all users, we can observe
u’s past behaviors with the items from the item pool 7. For each
behavior, we have the user’s basic profile information p,, (e.g., user
id, gender, age, etc.), the item attributes b; (e.g., item id, category id,
etc.) for item ¢, and the context information o, (e.g., location, time,
etc.) when the recommendation happens. We can also extract the
user’s past behavior sequence 8, = {b7,b,...} ordered by time,
where b} indicates the attributes of the i-th item interacted by user u.
We define a data sample x as the tuple of [py, By, b, 0] for each
user behavior. Given the existing data samples, the recommendation
task is to predict the preference of a user towards a target item.

3 THE PROPOSED MUSENET
3.1 MUSENET Framework

Based on Fig. 2(c), a reasonable solution is to guide the model
to reveal both scenario-specific and scenario-agnostic correlations
behind data, which contribute to stable predictions across different
scenarios. As a result, we need to intervene X so that X can be free
from the effect of C — X. For example, randomized experiments
can ‘physically’ intervene X by recollecting data from a prohibitively
large quantity of random samples to remove the confounding bias.
However, the efficiency and feasibility of such solutions are low
because of the limited resources in practice.

Alternatively, we can use the do-calculus to cut off the connection
of X with its parents. Specifically, we formulate P(Y|do(X)) as the

'We do not draw it in the figure for brevity.
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objective function:

P(Y|do(X))= > P(Y|do(X), c)P(cldo(X))
:ZP(Y|X’ ¢)P(cldo(X)) 1)

= Z P(Y|X, c)P(c),

where the first equality is given by the law of total probability, and
the next two equalities are due to the rule of backdoor criterion [20],
since the only backdoor path X « C — Y has been blocked when
conditioning on node C by do(X). However, since {c} is unobserved
in most cases, the difficulty of optimizing the above equation lies in
how to endow {c} with meaningful semantics in data, thus obtaining
a tractable objective from Eq. (1).

In order to solve the problem, the variational distribution Q(C|X)
is introduced into Eq. (1), which is a variational approximation to
the prior P(C). By embodying Q(C|X) with semantics underlying
the data, we can optimize the network parameters with scenarios
uncovered in the observed data. Specifically, we have the lower
bound of Eq. (1) that we need to maximize as follows:

log Z P(Y)X, c)P(c)

P(c)
Q(clX) 2)
P(c)

> Z Q(c|X) log P(Y|X, c)m

=Eog(cix) log P(Y|X, C) — D [Q(CIX)[|P(C)],

where the second step of derivation uses the Jensen’s inequality. In
the above equation, the variational distribution Q(C|X) connects the
scenarios and observed data through the first predictive term, and the
divergence between Q(C|X) and P(C) is penalized with the second
Kullback-Leibler (KL) term.

=log > Q(clX)P(Y|X,c)

3.1.1 Scenario Learning. The remaining problem is to compute
the variational distribution Q(C|X) and we use a scenario learner to
approximate it in this work. Specifically, Q(C|X) can be considered
as a latent variable which identifies the scenario ¢ for each data
sample. We propose to learn Q(C|X) via prototypical clustering [16],
whose key step is to assign each data sample to a cluster/scenario
by computing the distance between the data sample and the scenario
prototype. We consider both soft version and hard version of the
scenario assignment for scenario learning.

o Soft version. In soft version, each data sample can be as-
signed to all the scenarios with certain probabilities. In this
case, the scenario learner produces a distribution Qg(c|x)
over various scenarios for each x based on a softmax over
distances (e.g., Euclidean distance) to the scenario prototypes
in the metric space w:

exp(—d(fw(x),0))
Lo exp(=d(fo (x),¢"))’
where d(-) is the distance function, c is the learnable vector
representing scenario prototypes, x is the embedding of data
sample x and function f;, () denotes the projection operation
with the transformation matrix w.

Qs(clx) = Pyp(clx) = 3
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Figure 3: Overall architecture of the proposed MUSENET model.

o Hard version. In hard version, each data sample is assigned
to one of the identified scenarios and we choose the scenario
whose prototype is closest to the data sample in the metric
space. That is, we can identify the scenarios as well as the
assignment of each data sample by

O3 (clx) = {l if ¢ = argmaxy Qs(c’|x), @

0 otherwise.

Remarks. Note that we measure the distance between the data sam-
ples and their respective scenario prototypes in the metric space
«. The reason for using this metric space is that different feature
dimensions should be weighted differently in determining the cluster
structure, which might be beneficial for the predictive task. This is
also in alignment with the work on joint factor analysis and latent
clustering [40].

3.1.2 Repeat-aware Mechanism. Next, we take the repeat in-
tention of users into consideration. We propose a new repeat-aware
mechanism, and assimilate it into Eq. (2). The repeat-aware mech-
anism first infers the user’s repeat intention, i.e., whether the user
desires to repeat a consumed item before or explore a new item
that might be of interest; it then predicts the user’s affinity to the
item conditioned on the inferred intention. Particularly, we transform
P(Y|X,C) as:

P(Y|X,C) =P(r|X,C)P(Y|r, X,C)

+ P(e|X,C)P(Y]e. X, C), ®

where r and e denote repeat mode and explore mode, respectively.
Then, absorbing Eq. (5) into Eq. (2), our objective function becomes:

Eo(c|x) log[P(r|X,C)P(Y|r, X, C)

+ P(e]X, OP(¥]e,X,0)] - Dx[o(C)P©@]. @

Note that we use the repeat-aware mechanism as an illustration
to show the benefit of scenario learning. Other scenario-specific
behavior patterns can also be similarly encoded in our framework
(e.g., users may prefer business hotels during business trips, users

may prefer a nearby hotel late at night, etc.), and we leave them as
future work.

3.2 Instantiation of MUSENET

Next, we present how we initialize the MUSENET framework with
a scenario learning module and a repeat intention modeling module.
The workflow of MUSENET is shown in Fig. 3.

Let A = {cy,ca, ..., cx} denote the learned prototype vectors of K
scenarios, and © denote the other parameters (i.e., the transformation
matrix o in the scenario learning module and network parameters ¢
in the repeat intention modeling module). The scenario assignment
for each data sample x is a categorical variable represented by a
K-dimensional vector a, and we use ay ; to indicate the k-th value
of vector a for the i-th data sample. We use X to denote the training
dataset, and use N = |X| to denote the number of training samples.

3.2.1 Scenario Learning Module. There are two learnable pa-
rameters related with the scenario learner: the transformation matrix
« and the scenario prototype A. Here, we consider w first. For the soft
version in Eq. (3), w can be directly updated by back-propagation
since the distribution Qs(C|X) is continuous. However, for the hard
version in Eq. (4), the assignment probability ay ; is discrete, which
cannot be back-propagated directly. To solve this issue, we adopt the
Gumbel-Softmax trick [14] and assume

exp((log 7g; + gx,i)/7)

ak’,- = 5 (7)
K _ exp((log s + gpr 1) /7)
where 7 ; = KCXP(_d(ﬁ"(xi)’ck) » 9k,i are i.i.d. samples drawn

=1 €Xp(—d(fo (xi).cx))
from distribution Gumbel(0, 1), and 7 is a temperature parameter to
control the discreteness of a;. As 7 approaches 0, a; becomes nearly
indistinguishable from a one-hot vector. We set 7 to 0.1 by default.

As for the scenario prototype A, given w, the objective is to
minimize the distance expectation from each data sample to the
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corresponding scenario prototypes as follows,

1 N K
LoA0) = 1 > > akd(fr (i), ). ®)

i=1 k=1

In other words, we aim to adjust the scenario prototype vectors to
minimize the above loss given the current assignment probability a.

3.2.2 Repeat Intention Modeling Module. This module consists
of three components: an intention inference layer that computes the
probability of the user’s repeat intentions, i.e., repeat or explore; a
repeat layer that outputs affinity score of the user towards the target
item conditioned on the repeat intention; and an exploration layer
that outputs affinity score under the explore intention. We use multi-
layer perceptrons (MLP) for these layers. For example, the output
from the intention inference layer is p, = o(MLP([py, Bu.ou])),
where o(-) is the sigmoid activation function, p, is the probability
that the user intends to repeat, and 1 — p, indicates the exploration
probability. Similarly, the output score s, from the repeat layer and
se from the explore layer are both from a MLP layer with four types
of input features (i.e., [py, Bu, bs, 0,]). The final output of x; from
the k-th repeat intention module is

zg,i = I[t € Bulprsr + (1 - 1[t € Bu])(1 - pr)se, )

where I[t € 8, ] is an indicator function that tells whether the target
item ¢ is in the user’s past behavior sequence or not. The score z ;
indicates the user’s preferences towards the target item considering
the user’s repeat intentions within the k-th scenario.

One issue about the repeat intention modeling is that, the ground-
truth label y only supervises the final preference prediction, which
might not be sufficient to supervise the inference of the user’s repeat
intentions. Therefore, we additionally propose an auxiliary loss
function to supervise such intention prediction p,, as follows,

1 N K
La(A©) =~ > (ri= > pFa)’, (10)

i=1 k=1

where r; is the auxiliary label indicating the fraction of items the user
consumed before. The auxiliary label characterizes the user’s actual
proportion of repeat behaviors. The second term in the parenthesis
is the predicted repeat propensity across all the scenarios where plf
is the repeat probability of the k-th scenario.

3.2.3 Final Prediction. The final predicted score of the user inter-
acting with the target item in the hard version is simply §; = o(zx ;)
if the data sample x; belongs to the k-th scenario. With the soft
version of the multi-scenario learning, the final score is the linear
combination of the output from each of the repeat intention module
weighted by the soft cluster membership, i.e., §; = J(Zle Ay izk i)

We collect training data X, which consists of users’ engagement
logs as triad (u, t, ), i.e., user u interacts with target item ¢ if label
y = 1. Our main goal is to accurately predict the interaction label y,
and thus we minimize the following loss function with cross-entropy
for this purpose:

LrA@) =-% D (ylogg+(1-y)log(i-i). (1)
(u,t,y)eX
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3.2.4 Training and Optimization. The final goal of model train-
ing is to maximize the objective in Eq. (6) given the cluster structure.
The first expectation term in Eq. (6) can be optimized by L1(A, ©),
which predicts label y. For the second KL term, we assume that
the prior P(C) obeys a uniform distribution (i.e., P(C) = 1/K), and
re-write the cost function of Dg [Q(C|X)||P(C)] as:

N K
~ 1 ki
Dk (AB) = — i log ——
KL( ) N ;;ak,l Og P(C)

1 N K
=N Z Z ay ;(log ay ; +log K).
i=1 k=1
Since MUSENET incorporates the repeat intention prediction as
an auxiliary task, we can jointly train both two tasks (i.e., Eq. (10)
and Eq. (11)) in a linear combination with a hyperparameter f.
Putting all together, we have the final optimization objective:

min £7(A, ©) + Dgr (A, ) + fLA(A, ©),
A©O

(12)

. 13)
st. A=arg m/{n Lc(A0).

This is a standard bi-level optimization problem and we have two
blocks of variables, namely, the outer variables © and the inner
variables A. Inspired by [6], we can apply the algorithm of alternating
optimization to minimize the above loss by performing the following
two steps iteratively.

Step 1: Update A by fixing ©. In this case, the prototypes of scenarios
can be updated in an online fashion as

Z‘41'5:1 A, iXi
1‘5:1 ki
where t in the superscript is the training steps, S is the batch size,
and « controls how much we should discount the prototypes from
the last step. Here, we fix « to 0.2 by default.
Step 2: Update © by fixing A. Given A, this step can be done directly
by back-propagation in both soft version and hard version of multi-
scenario learning.

t+1

g = (1—a)c,[c+a (14)

3.3 Analysis and Discussions

3.3.1 Scenario Learning as a Linear Model. Here, we present
a simple but useful analysis which can offer more insight into the
nature of the scenario learning. When we use Euclidean distance as
the measure of d(-), the model in Eq. (3) can be turned into a linear
model with a particular parameterization [18] as:

—lfoo (%) = il = = for (T fio (%) + 26 fir(0) — ¢} . (15)

Since the first term in the above equation is independent w.r.t. the
scenario cg, it does not affect the probabilities after softmax. Thus,
we can focus on the latter two terms and let

2¢] fi (%) — el e = W] fir (%) + by, (16)

where wy = 2¢g, by = —czck.

Now, we can observe that the scenario learning can be interpreted
as a linear model, which is a reasonable choice and commonly
adopted by existing deep clustering models [3, 4, 29]. The reason
is that the necessary non-linearity parts can be learned within the
previous embedding process.
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3.3.2 Comparison with Correlation P(Y|X). In the beginning,
we point out that traditional methods are designed to directly esti-
mate the correlation P(Y|X) and may suffer from the heterogeneity
of unknown scenarios. Here, we give a further analysis to offer more
insights into the difference between P(Y|X) and P(Y|do(X)).

We first rewrite P(Y|X) with the following steps:

P(Y|X):ZP(Y,C|X)
:ZP(Y|X,C)P(C|X) a7)
ocz P(Y|X, ¢)P(X|c)P(c),

where the first step is because of the definition of marginal distribu-
tion, and the latter two steps are the results of the Bayes’ theorem.

We can observe from the above equation that both conditional
probability terms P(Y|X, ¢) and P(X|c) are implicit, since scenario
¢ is unknown for recommender models. In this case, deep models
are expected to spontaneously build conditional probability formu-
las corresponding to scenarios, but this goal is difficult to achieve
because neural networks have trouble in fitting product relationships
without the explicit design [22].

Next, if recommendation models resolve to explicitly identify
scenarios, the only difference between P(Y|X) in Eq. (17) and
P(Y|do(X)) in Eq. (1) is that P(Y|X) has an additional term: P(X|C)
(i.e., the causal path C — X in Fig. 2(b)). Then, we can put it into
Eq. (2) and similarly obtain

logz P(Y|X, ¢)P(X|c)P(c)
0(CIX) (19
P(X|C)P(C)

From Eq. (18), we can see that the additional P(X|C) is introduced in
the second KL term, which fundamentally affects the model training.
For example, suppose C = c is a scenario and X = x is an input
sample deviating from the prototype of c, the value of the KL term
is close to negative infinity since P(x]|c) is a small value tending to
0. That is to say, the lower bound to maximize becomes not as tight
as before, which can hinder the training process.

2 Eg(cix) [log P(Y|X, C) - log 1.

4 EXPERIMENTS
4.1 Experimental Setup

Datasets. We conduct experiments on two datasets: one proprietary
dataset collected from an industrial level online travel platform’s
recommender system (OTP) and a public dataset? (ADS). OTP is
extracted from four weeks of users’ behavior logs where those im-
pressed and clicked samples are labeled as positive and those im-
pressed but not clicked are labeled as negative. The dataset is further
split into training (first 21 days) and testing (last 7 days) sets. ADS
is a public dataset released by Alimama for the purpose of click-
through rate (CTR) prediction of ads. We divide the data into seven
equal parts according to timestamps, and use the first six parts for
training and the rest part for testing. The statistics of the two datasets
are shown in Table 1.

Zhtps://tianchi.aliyun.com/dataset/dataDetail ?datald=56
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Table 1: Statistics of the datasets.

Datasets OTP ADS

# of users 2,532,809 1,141,729
# of items 357,696 846,811
# of samples 68,526,336 26,557,961
click-through rate 7.25% 5.14%
repeat rate 18.9% 2.62%

Evaluation Metrics. We use AUC, GAUC (Group AUC) [46], and
Logloss [35] to measure the performance of the models. GAUC
measures the average AUC per ranking result. Logloss measures
the distance between the predicted CTR and the ground truth. In
addition, for both AUC and GAUC, we use the Relalmpr metric as
defined in [39, 45], which has been widely used in industry to show
the relative improvement for the evaluated models.

Comparison Methods. Since we focus on the CTR prediction task,
we compare the proposed model with the following models.

e BaseModel. A baseline model with embedding & MLP archi-
tecture.

o Wide&Deep [7]. Wide&Deep is a widely used deep model for
CTR prediction in industrial applications. It consists of a wide
model for memorization and a deep model for generalization.

e NCF [13]. NCF proposes to use neural networks to substitute
the inner product used in collaborative filtering so as to better
learn the prediction function from user-item interactions.

e DIN [45]. DIN is a CTR prediction model that captures rela-
tionships between the target item and user’s historical behav-
ior sequence via the attention mechanism.

o RepeatNet [21]. RepeatNet incorporates repeat and explore
modes into models with an encoder-decoder structure.

e DCN-V2 [35]. DCN-V2 designs a special cross layer to achieve
element-wise and feature-wise feature interactions.

e PLE [31]. PLE is a multi-task recommendation model that
considers both shared components and specific components
among different tasks, and uses a progressive layered extrac-
tion mechanism to effectively transfer the knowledge.

e RevMan [17]. RevMan models multiple sale scenarios for in-
surance recommendation with interactions among scenarios.

The former six baselines are single-scenario models (correspond-
ing to Fig. 2(a)), i.e., they do not consider the scenarios behind the
data. The latter two baselines are multi-scenario models but extract
scenarios based on pre-defined rules (corresponding to Fig. 2(b)).
Since such explicit scenarios are unavailable in our datasets, we
manually segment the dataset into different scenarios. For OTP, we
setup four scenarios based on whether the data sample is a same-day
and/or same-city hotel booking. For ADS, we use the user’s shopping-
level attributes (i.e., high-frequency buyers, mid-frequency buyers,
or low-frequency buyers) in the dataset to define three scenarios.
Implementations. We implement all the methods in the Tensorflow
distributed training framework with 30 workers. The learning rate is
set to 0.001 with Adam optimizer. The hyperparameters K and f in
Eq. (8) and Eq. (13) are set to 4 and 0.5 by default, respectively. We
will empirically evaluate these two parameters.
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Table 2: Comparison results of different methods on OTP and ADS. The proposed MUSENET achieves the best results.

orTpP ADS
Model AUC  Relalmpr GAUC Relalmpr Logloss | AUC Relalmpr Logloss
BaseModel  0.7521  0.00%  0.7321  0.00% 0.2238 | 0.6171  0.00% 0.1963
Wide&Deep 0.7613  3.64%  0.7340  0.83% 0.2247 | 0.6190  1.71% 0.1957
NCF 0.7544 091% 0.7326  0.22% 0.2290 | 0.6208  3.16% 0.1952
DIN 0.7617  3.82%  0.7334  0.56% 0.2401 | 0.6206  3.05% 0.1953
RepeatNet 0.7614  3.68%  0.7343  0.94% 0.2235 | 0.6197  2.23% 0.1958
DCN-V2 0.7622  4.01% 0.7336  0.65% 0.2193 | 0.6201  2.58% 0.1957
PLE 0.7636  4.56%  0.7345 1.03% 0.2186 | 0.6187  1.38% 0.1960
RevMan 0.7627  422%  0.7341  0.85% 0.2191 | 0.6173  0.18% 0.1962
Hard Version 0.7690  6.73%  0.7386  2.81% 0.2169 | 0.6215  3.77% 0.1952
Soft Version  0.7706  7.33%  0.7392  3.06% 0.2171 | 0.6234  5.40% 0.1950

4.2 Experimental Results

4.2.1 Effectiveness Comparison. We first compare the overall
effectiveness of different methods and show the results in Table 2. On
OTP, the proposed MUSENET generally outperforms its competitors
on all the three evaluation metrics (i.e., AUC, GAUC, and Logloss).
The best competitor in single-scenario models (i.e., DCN-V2) and
the best one in multi-scenario models (i.e., PLE) achieve AUC gains
of 4.01% and 4.56%, respectively. This indicates that even using the
scenarios we manually defined, PLE is still better than the best single-
scenario competitor, demonstrating the benefit of modeling multiple
scenarios. Further, by learning implicit scenarios automatically and
modeling the repeat intentions for each scenario, MUSENET (soft)
is 2.77% better than PLE in terms of AUC, achieving 7.33% AUC
gains. We have similar observations for the other metrics.

On the public dataset ADS, MUSENET still outperforms its com-
petitors. Different from the results on OTP, the multi-scenario com-
petitors (i.e., PLE and RevMan) only perform comparably with the
single-scenario models. The possible reason is that the manually
defined scenarios are unsuitable for this dataset. This also shows the
difficulty and importance of identifying good scenarios. Our model,
on the other side, still achieves the best performance over all com-
petitors. This means that through multi-scenario learning, we can
discover implicit scenarios that are friendly to the recommendation
task. Note that the ranking results per request is unavailable on ADS,
and thus we do not report the GAUC results.

4.2.2 Ablation study. Next, we conduct an ablation study on the
two key components of the proposed model, i.e., the scenario learn-
ing module and the repeat intention modeling module. The results
are shown in Table 3 where we show the AUC and GAUC results on
OTP for brevity. In the table, ‘MUSENET on predefined scenarios’
means that we use the manually defined four scenarios as stated in
the experimental setup instead of learning them. We can observe
from the table that: (1) removing both modules achieves the worst
performance, which demonstrates the importance of these two mod-
ules; (2) replacing scenario learning with pre-defined scenarios also
brings drop on the performance, validating the superiority of auto-
matically identifying the scenario structure from the data; (3) repeat

Table 3: Results of the ablation study on scenario learning (M1)
and repeat intention modeling (M2). Both components are useful
for improving the performance.

Model | AUC  GAUC
MUSENET w/o M1&M2 0.7617 0.7334
MUSENET on predefined scenarios | 0.7650 0.7351
MUSENET (hard) w/o M2 0.7667 0.7363
MUSENET (soft) w/o M2 0.7678 0.7379
MUSENET (hard) 0.7691 0.7386
MUSENET (soft) 0.7706  0.7392

intention modeling also helps improve the AUC score, emphasizing
the benefit of modeling scenario-specific repeat intentions.

4.2.3 Parameter sensitivity. We next perform parameter sensitiv-
ity analysis on the two important hyperparameters of our model, i.e.,
K, the number of scenarios, and f3, which controls the importance of
the auxiliary loss function. The results are shown in Fig. 4 where we
show the AUC results on OTP for brevity. For the parameter K, AUC
increases with K and peaks at K = 4 and then decreases as shown in
Fig. 4(a). The possible reason is that larger K makes the data sparser
in each scenario, thus reducing the recommendation accuracy for
the hard version MUSENET. In contrast, MUSENET (soft) is less
sensitive to K as it may still make use of all the data samples. For
the parameter f, AUC is stable in a large range from 0.02 to 0.5.

4.2.4 Visualization. Finally, we randomly choose 100 data sam-
ples with softmax probability greater than 0.8 from each scenario
based on the results of MUSENET (soft), and plot their embeddings
in the Fig. 5(a) using t-SNE. We can see a clear cluster structure,
which shows the effectiveness of scenario learning at identifying the
data scenarios. In Fig. 5(b), we plot the average value of three most
important raw features for each of the scenario on the OTP dataset,
namely, the price for booking the hotel, the distance from the user to
the hotel, and the time gap between booking and check-in date. We
observe a clear distribution difference, where lower price, shorter
distance and time gap are present in scenarios s; and sp, in clear
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Figure 4: Parameter sensitivity analysis. Best result is achieved
when K = 4, and the results are relatively stable in a wide range
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Figure 5: Visualization Results on the learned scenarios. Differ-
ent scenarios exhibit significant differences w.r.t. the raw features
and repeat intention.

contrast with s3 and s4. This indicates that the first two scenarios
might describe a short to medium distance trip, with less time to
make plans; on the contrary, the latter two scenarios might charac-
terize a long-distance leisure or business trip in the future (having
sufficient time to make plans). The inferred repurchase intention is
also plotted. For the latter two scenarios, we observe that s4 has a
much higher repeat rate compared to s3, indicating that the repeat
intention might separate these two scenarios.

5 RELATED WORK

Personalized Recommendation. Two current focuses of personal-
ized recommendation are modeling feature interactions and mod-
eling users’ sequential behaviors. For the former, Wide&Deep [7]
combines the generalization and memorization features with MLP
networks; DeepFM [12] learns both low-order and high-order fea-
ture interactions; DCN-v2 [35] proposes the so-called cross network
structure to better capture second-order feature interactions. For the
latter, DIN [45] introduces the attention mechanism to learn users’
historical preferences; Atrank [44] considers various user behaviors
and projects different types of behaviors into latent semantic spaces;
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HIFN [27] devises a self-supervised framework to capture long-term
and short-term user interests in an adaptive manner.

Different from the above work, our focus is on the multi-scenario
aspect of recommender systems. In terms of multi-scenario in single
recommendation task, existing work mainly requires manual or ex-
plicit separation of scenarios. For example, RevMan [17] separates
insurance sales data into four partitions, and builds an expert net-
work for each partition; TreeMS [19] maintains a tree structure for
explicit scenarios, and adapts the mixture of experts model to make
recommendations; STAR [28] leverages the star topology among
known scenarios to make CTR predictions. Such methods become
less effective when the explicit scenarios and their relationships are
unavailable. In this work, we propose to automatically learn the
scenarios. Our work is also different from earlier work that clusters
either users or items [9, 11]. We cluster the behaviors between users
and items, and jointly optimize clustering and recommendation.
Causal Recommendation. Recently, causal inference has become a
hot research topic in recommender systems, as it reveals the nature
of data generation with the systems [24, 30, 36, 42, 43]. For example,
ERM [24] uses causal inference to reduce data selection bias in the
matrix factorization framework; MACR [36] and PDA [42] discuss
how to handle the item popularity bias properly from the view of data
generation; DICE [43] proposes a general framework of representa-
tion learning to decouple user preferences and hot items with causal
embedding; CountER [30] introduces the counterfactual reasoning
from causal inference to improve the explainability of recommender
systems. Different from the above work, our focus is to analyze the
scenarios underlying the data for better recommendation.
Repurchase Modeling. Repurchase modeling is studied in recom-
mendation settings where users may re-consume the items [1]. For
example, Chen et al. [5] propose fast algorithms to predict the short-
term repurchase intentions; MPG [2] models the repurchase probabil-
ity periodically for industry-level e-commerce data; RepeatNet [21]
proposes an encoder-decoder structure with a repeat recommen-
dation mechanism; Wang et al. [33] consider multiple influential
factors and design an adaptive method to model the factors. In this
paper, we connect repurchase modeling with scenario learning.

6 CONCLUSIONS AND FUTURE WORK

In this paper, we propose a MUSENET framework that jointly learns
the implicit scenarios from existing user behaviors and predicts the
user preferences to items. We explain scenario learning from a causal
view and propose to mitigate the confounding bias during scenario
learning. For each learned scenario, we also use a repeat-aware mech-
anism to model the probability of repetitively consuming an item or
exploring a new item. We conduct experiments on both industrial
and public datasets, and the results show the effectiveness of our
approach. In the future, we plan to explore how to automatically
adjust the number of scenarios in the training process.
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