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Abstract

Multi-task learning (MTL) is widely utilized across a va-
riety of real-world applications, including recommendation
systems. For instance, in the field of e-commerce, MTL is
commonly employed to simultaneously model click, conver-
sion, and user dwelling time. Among a various of MTL mod-
els, the Multi-gate Mixture-of-Experts (MMOoE) has gained
significant popularity. However, MMOE sufters from the po-
larization issue during training, where the weights of certain
experts tend to converge towards 0. To address this issue,
we propose a novel method called Bagging-Expert network
(BEnet) for multi-task learning. BEnet effectively mitigates
the problem of polarization and achieves excellent perfor-
mance in multi-task learning. It incorporates a bagging layer
and an attention mechanism to encourage experts focusing
on diverse knowledge domains. Simultaneously, polarization
is avoided as different experts execute respective duties and
specialize in distinct domains. Experimental results on real-
world datasets demonstrate that BEnet has strong robustness
and outperforms other state-of-the-art (SOTA) MTL methods.

Introduction

In recent years, multi-task learning (MTL) has gained sig-
nificant attention due to its potential to solve complex
and diverse real-world industrial problems. For instance, e-
commerce and mobile payment application developers often
promote to motivate customer retention and consumption by
allocating online coupons (Li et al. 2020a; Wetprasit, Cao,
and Seow 2022; Huan et al. 2022; Zhang and Yang 2022;
Fang et al. 2023). Typical model tasks for these coupon
recommendation systems involve estimating click-through
rate (CTR) and conversion rate (CVR) (Fang et al. 2024b,a;
Zhao et al. 2024). CTR and CVR tasks are directly linked to
the effectiveness of coupon recommendations, while there
are indirect application-related tasks, such as daily active
use (DAU) and user dwelling time on apps (TOA). These
tasks are different but interconnected. For example, users
who tend to click on certain coupons tend to redeem them
which in return makes them more active in apps. Employing
a multi-task model can learn commonalities among the tasks
to improve the efficiency and accuracy of the recommenda-
tion systems (Li et al. 2020b; Huangfu et al. 2022).
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Multi-gate Mixture-of-Experts (MMoE) (Ma et al. 2018a)
is a popular MTL model that has been widely used in various
applications. To derive the final output, the model employs
a gate mechanism that selectively combines the outputs of
these experts. This integration process enables MMOoE to ef-
fectively capture intricate patterns and dependencies within
the data. Despite its advantages, MMoE suffers from the po-
larization problem(Zhao et al. 2019), where the weights of
some experts tend to converge to O during the training pro-
cess.

Polarization in gate network has been discussed in prior
works (Ma et al. 2018a; Zhao et al. 2019; Ravaut, Joty, and
Chen 2022). In paper (Zhao et al. 2019), authors highlight
the polarization phenomenon in MMoE during distributed
training, occurring with a probability of 20%. This phe-
nomenon has the potential to negatively impact the perfor-
mance of the gate networks, and subsequently, the overall
performance of the model (Zhao et al. 2019). To address
this issue, the authors propose a solution by incorporating
drop-out into the gate networks. SummaReranker (Ravaut,
Joty, and Chen 2022) also employs a drop-out strategy for
the expert networks in MMoE model, with the dropout rate
for experts set at 50%.

Polarization also occurs in MoE (Mixture-of-Experts), of-
ten caused by load imbalance. In cases of load imbalance,
MoE-layers converge towards the state where only a few
experts are frequently used (Zhou et al. 2022). This could
cause both the redundancy of expert parameters and the un-
dermining of training efficiency. Regularization approaches
are proposed to encourage the experts to have balanced
weights and workload during the training process (Shazeer
et al. 2017; Nie et al. 2021; Dai et al. 2024). However, such
approaches can bring about drop in performance of MoE
models (Chen et al. 2024).

In this paper, we propose the Bagging-Expert network
(BEnet), a novel method to effectively tackle polarization
problem and enhance the performance of MMoE in MTL.
BEnet incorporates a bagging layer to enable experts and
gates to randomly generate differences and use attention
layer in experts to filter out irrelevant information. By lever-
aging diverse feature sets, experts can develop unique ar-
eas of expertise, thereby ensuring their individual value
and reducing the risk of polarization. Bootstrap aggregat-
ing(Breiman 1996) abbreviated as bagging, is an ensemble



learning method improves accuracy of classification. Ran-
dom forest (Leo 2001; Ho 1995; Kam 1998) is the most
well-known application of bagging. Building upon the con-
cept of features bagging in random forests, we introduce a
bagging layer by randomly selecting features for expert and
gate networks

Our motivation is that addressing the issue of polariza-
tion necessitates augmenting the diversity among multiple
experts. To achieve this objective, we introduce the tech-
nique of bagging, which effectively enhances such diversity.
In comparison to alternative methods like dropout that in-
troduce differentiation, our proposed method exhibits supe-
rior performance and more effectively mitigates polarization
phenomenon. This is further supported by the subsequent
experimental analysis in Section . The contribution of this
paper is threefold:

* We define the problem of polarization through mathemat-
ical representation and explain the reason of polarization
occurrence.

* We propose a novel BEnet model which effectively mit-
igates polarization problem and improves the model per-
formance. Through bagging layer, our model generates
different subgroups for experts and attention mechanism
capture features importance to removing unrelated data.

Finally, we conduct control experiments on real-world
datasets. The experiments demonstrate how polarization
affects training dynamics in multitask learning, how the
bagging affects model performance and how BEnet tack-
les polarization problem.

In this paper, we precisely define and comprehensively
describe the polarization phenomenon. Furthermore, we in-
troduce a novel application of the bagging method tradition-
ally used in decision trees, adapting it for neural networks
and applying it effectively in an industrial context. In the ex-
perimental section , we analyze the impact of bagging on
overall model performance and conduct a detailed sensitiv-
ity analysis of bagging hyperparameters.

The remainder of this paper is structured as follows. The
Method section introduces general MMOoE concepts, defines
polarization, and details the BEnet model. The Experiment
section presents offline experiment results and online A/B
test results to confirm the effectiveness of BEnet.

Related Work

One-gate Mixture-of-Experts (OMoE) model is proposed
with all tasks sharing one gate, while MMoE (Ma et al.
2018a) is multi-task model with multi-gate. Sub-Network
Routing (SNR) (Ma et al. 2019) controls connections be-
tween sub-networks by binary random variables and ap-
plies Neural Architecture Search (NAS) (Zoph and Le 2017)
to learn an optimal model structure for MTL. As an im-
provement over SNR, Progressive Layered Extraction (PLE)
(Tang et al. 2020) introduces a progressive routing approach,
separating task-sharing and task-specific parameters explic-
itly to avoid negative transfer and seesaw phenomenon in
MTL.

MMOoE (Ma et al. 2018a) mentions that the gate for satis-
faction subtask is focused on a single expert. Expert dropout
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is used to avoid polarization (Ravaut, Joty, and Chen 2022).
YouTube mentions the gate network stability and polariza-
tion issue of MMoE model (Zhao et al. 2019) . Authors miti-
gate polarization by applying a certain probability of setting
utilization of experts to 0 and re-normalizing the softmax
outputs.

Recently, the MoE architecture has been successfully
adapted for Large Language Models (LLMs), resulting in re-
markable performance enhancements. By leveraging MoE,
LLMs can be trained and deployed more efficiently, thereby
achieving significant improvements in computational re-
source utilization (Du et al. 2022; Reid et al. 2024; Raposo
et al. 2024). MoE models also suffer from polarization prob-
lems mainly due to load imbalance (Zhou et al. 2022). The
work in (Dai et al. 2024) highlights the load imbalance prob-
lem inherent in MoE, which entails two major drawbacks.
Firstly, routing collapse occurs when the model always se-
lects only a few experts, preventing other experts from suf-
ficient training. Secondly, when experts are trained in a dis-
tributed manner, this load imbalance exacerbates computa-
tional bottlenecks.

Regularization approaches have been proposed to miti-
gate the issue of load imbalance in LLMs. For instance, tun-
able Gaussian noise is added in gate networks and a new
term is introduce to the loss function. This regularization
term effectively weakens polarization and encourages the
experts to have more balanced weights across tasks, which
improves the overall performance of the model. In (Nie et al.
2021), authors propose the dense-to-sparse gate that can au-
tomatically adjust the number of active experts to balance
the load. Moreover, the balance loss is employed as a cru-
cial auxiliary training objective, thereby promoting a more
stable and effective learning process (Dai et al. 2024). Oc-
tavius (Chen et al. 2024) implements balance loss to mitigate
load imbalance for instance-based gate routing and observes
a drop in performance of the LoORA-MoE model they pro-
pose.

In summation, prior research has chiefly employed strate-
gies associated with dropout to mitigate polarization, with
limited success in improving generalization. Our empirical
evaluation, as detailed in the experimental section of this
work, reveals a notable disparity in performance, with bag-
ging demonstrating superior effectiveness when compared
to dropout.

Problem Formulation

In this section, mathematical formalization of the polariza-
tion phenomenon is presented and depolarization method
BEnet is introduced.

The input to MMOE is denoted as ¢ € R™*4 where m
is the number of samples, and d is the dimension of input
features. MMoE model has K tasks, each consisting of a
shared-bottom network represented by function f*, and a
task-specific tower network h*, where k € {1,2,.... K}.
The shared-bottom network is connected to the input layer
and the tower networks are built upon the output of the
shared-bottom. Let y;, as the label of task k, the correspond-
ing task-specific tower produces an individual output ¢, for
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Figure 1: Illustration for the BEnet model structure

each task. Thus, the model can be formulated as follows for
task k:

gk = h*(f*(x)). (1
For the f*(x), we have
(@) =) gf (@) fi(), k)
i=1
g*(x) = softmax (Wyx) 3)

where g (x) = [gf (), g5 (x), ..., gk (x)] is weight of n
experts for the kth task and Y"1, g¥(x) = 1. g*(x) repre-
sents the gate network output for the kth task, and f;(x) is
the ith expert output. The loss function for MMOoE is :

K
Larvor = oLy (Y, ), €

k=1

where ¢, = h¥(f*(x)) and o, denotes the weight of task k,
L. (yk, Ux) represents the loss function on task k. gy, is the
model output on task &, and y is the label of task k.

Subsequently, the polarization problem could be defined
as:

&)

where ¢ denotes iteration step, when the number of experts
is equal to 2, polarization problem is transformed into one
expert with weight 1 and the other expert with weight 0.
Here, we elaborate on the occurrence and detrimental ef-
fects of polarization in MMoE. During the initial stages of
training, all expert networks are updated in a random man-
ner, and the gate weights are initially distributed between

Coq. k _
Ve, 3i, tlgglo g;(x) =0.
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0 and 1. However, as training progresses, a few expert net-
works may gain a relative advantage, leading to a dispro-
portionate contribution towards the final estimated scores.
In order to expedite the minimization of loss, these advan-
taged networks may continue to gain further advantages, re-
sulting in faster learning rates and gate weights that become
increasingly pronounced. As a consequence, the parameter
updating become concentrated on these few networks, with
the gate weights of other experts rapidly declining until they
eventually collapse to 0.

As aresult of polarization problem, most of neurons in the
expert networks are no longer updated and the original inten-
tions of the multi-expert network mechanisms are invalid,
leading to a decline in model performance. Furthermore,
these invalid neuron parameters continue to occupy machine
memory, rendering the network redundant and leading to
machine resources wasting.

Bagging Expert Network

In this section, we introduce the Bagging Expert Network
(BEnet) designed to enhance recommendation system per-
formance. The following subsections will elaborate on how
our model processes contextual features and applies atten-
tion mechanisms within expert networks to improve its ef-
fectiveness.

Contextual Feature Processing

In real-world recommendation applications, the input fea-
tures of industry recommendation systems are typically cat-
egorized into user features, item features, and contextual
features. User and item features serve as the foundational
representations, while contextual features capture user or
item behaviors within specific sub-contexts. For example,



in a company’s coupon recommendation system, contextual
features might include user interactions and item statistical
data across various scenarios, such as online shopping, trans-
portation, takeaway services, and insurance. These contex-
tual features provide valuable insights from different per-
spectives. To better integrate these contextual features and
prevent polarization, we propose an enhanced model that
employs bagging and attention mechanisms.!

An intuition is that if different experts rely on distinct fea-
ture sets, this heterogeneity will yield a unique value propo-
sition for each expert, rendering them indispensable in their
respective domains, and mitigating the likelihood of polar-
ization. Inspired by bootstrap aggregating (Breiman 1996),
a bagging layer is proposed to randomly select a portion of
contextual features, making differences among experts and
studying diverse information of contextual features. Sup-
pose the input data = is d-dimensional vector drawn from
the training data samples:

T = {wu, wm7wc}7

(6

where " is a vector of user feature, ™ represent item
feature and x represents contextual feature vector, d =
|z*| 4+ |&™| + |x°|. Bagging layer randomly select a por-
tion of contextual features. Denote x after bagging as a?,
the feature sampling probability of bagging is p.

@’ = {z" 2" &}, @)
x¢ is a subgroup of €. The feed-forward operation could be
defined as : ,

re~B(ep),

¢ =squeeze(r® o ).

®)

Here o denotes an element-wise product. 7¢ € {0, 1}1%¢ is
a vector of independent Bernoulli random variables (1 with
probability p and O with 1 — p). In fact, we implement sub-
group sampling proportion to ensure that each expert has
an equal number of subgroups as input. ¢ is sampled and
multiplied element-wise with €, then we removing zero in
¢ o ¢ by squeeze operation. To maintain a stable network
structure during training, bagging is performed only once,
and the network structure is fixed afterward, similar to the
approach used in random forests.

The output ” is then used as input to the expert and gate
networks in MMoE, where different inputs :cf of the ith ex-
pert produced by different Bernoulli samplings. Gate inputs
are also generated from different bagging Bernoulli column
sampling. f;(x?) is the output of the ith expert network cor-
responding to . The x? tends to be different from each
other with the feature columns sample ratio.

We group contextual features into sub-groups, such as on-
line shopping, transportation, takeaway, and insurance. We
then apply bagging based on these sub-groups. This ap-
proach enhances the diversity of the contextual features pro-
vided to the experts in the MMoE model. Both item features
and user features are directly included in the expert features.

'Note that certain datasets do not include contextual features.
Nevertheless, BEnet consistently performs excellently on such gen-
eral cases which will be illustrated in the subsequent content.
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As shown in Figure 1, the model comprises three experts and
two task gates. Contextual feature groups are sampled into
three expert-specific bagging features and two gate-specific
bagging features. We then calculate an attention product be-
tween the fundamental (user and item) features and the bag-
ging contextual features. The gate networks output softmax
gates to assemble the experts with varying weights, enabling
different tasks to leverage the experts differently. The results
from the assembled experts are subsequently passed into the
task-specific tower networks.

Before entering experts, bagging subgroups need to mul-
tiply the attention weight which describes importance of
contextual features(Vaswani et al. 2017). This proposed ap-
proach aims to make experts focus more on specific domain
knowledge and filter out noise by attention to preserve im-
portant information.

It is important to note that while many industrial datasets
consist of user features, item features, and contextual fea-
tures, there are many recommendation datasets that do not
distinctly divide features into these categories. In such cases,
we apply bagging and attention mechanism across all fea-
tures without differentiating between categories. We show
that BEnet still demonstrates its effectiveness on public
datasets with general features in the subsequent experimen-
tal section.

Attention Mechanism in Expert

In order to learn different domain among various contex-
tual features better, we utilize fundamental features (user
and item features) to guide the attention mechanism towards
the contextual features in the expert networks. Before enter-
ing experts, bagging subgroups need to multiply the atten-
tion weight which describes importance of contextual fea-
tures(Vaswani et al. 2017). This proposed approach aims to
make experts focus more on specific domain knowledge and
filter out noise by attention to preserve important informa-
tion.

Followed by previous definition, let ", ™, ¢ represent
user features, item features, context features respectively. ¢
is divided into sub-groups ¢, where z© = x{ U --- U
where g is the number of sub-groups. We define £ as the set
of experts, for experts set £, the procedure of output is next:

» Bagging layers generate subgroups of the context fea-
tures ¢ = {U;cgx5} that are fed into the experts via
bagging operation.

» Target attention is applied to ¢ using (x*, ™) as the
input, then weights w; for ¢ € £ multiply &{ to get
weighted bagging context feature x°.

* Concat user features x“, item features ™, and weighted
bagging context feature U;cc ! as x’.

« Input 2 to fully connected layers and output the f;(x?).

Figure 2 illustrates an example that is used in practical
applications where the y-axis represents different type items,
while the x-axis represents the subgroups contextual features
entering the experts.

To provide a clear description, we select two experts of
them. This visualization displays the features of the sub-
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Figure 2: Items Attention to Bagging Sub-Groups

groups in different experts after bagging. The y-axis con-
cludes four items, which are quite different type coupons
in prior knowledge. Therefore, the model network needs to
learn in a targeted manner. Figure 2 shows that each item has
different dependency on subgroup features.

Our subgroup features consist of a total of five groups,
namely user features, Eleme features?, Fliggy features?,
Taobao features*, and Taopiao features®. Among these, user
features are used to compare the attention strength of our
subgroup features.

In the presented information, we can observe that expert
El and E2 have two shared subgroups of information (basic
information), namely Eleme features and Taopiao features.
It can be seen that the takeaway item exhibits a dominant fo-
cus on the Eleme subgroup, while online shopping concen-
trates on the Taobao subgroup. Similarly, transportation em-
phasizes the Fliggy subgroup, while movies primarily prior-
itize the Taopiao subgroup.

Furthermore, for the online shopping item, attention is
primarily focused on Taobao features. The first expert does
not possess any Taobao features, while the second expert
does, indicating that the second expert’s emphasis on learn-
ing Taobao features contributes significantly to the online
shopping item. The first expert has an exclusive subgroup of
features related to Fliggy, which implies that transportation-
related items will be learned more effectively, allowing for a
more focused and specialized approach in this domain.

In many recommendation tasks, users and items often
exhibit significant variations. BEnet effectively capture the
diverse characteristics of these multi-type items and learn
users’ multi-type interests in this situation. This is analogous
to the human brain in biology, which comprises language
modules and image modules for different cognitive tasks.
Our model handles multi-type item via different experts that
focus on the specific domain knowledge. This enables each
expert to specialize in its respective domain, thereby avoid-

2prominent online food delivery platform in China, connects
consumers with restaurants through a mobile application, offering
convenient ordering services

3popular Chinese online travel platform, provides comprehen-
sive travel services, including flight and hotel bookings

*leading Chinese online marketplace, offers a wide range of
products and services to consumers and businesses

3prominent online ticketing platform in China that allows users
to conveniently purchase tickets for various entertainment events,
such as movies and concerts
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ing the issue of expert homogeneity, which often leads to the
polarization phenomenon. Through extensive experiments
on real-world datasets later, we demonstrate the effective-
ness of our proposed depolarization model in terms of im-
proved recommendation performance and enhanced integra-
tion of diverse features.

Experiment

To demonstrate BEnet’s effectiveness, we conducted offline
experiments using public real-world datasets and a propri-
etary dataset from Company-A’s online environment. In ad-
dition to offline experiments, we also conduct A/B testing
online under the real-world app environment.

Datasets with Multiple Optimization Objective

We conduct offline experiments using three real datasets,
namely MultiMNIST, AliExpress and Company-A.

MultiMNIST The MultiMNIST dataset, introduced by
(Sabour, Frosst, and Hinton 2017), serves as an extended
multi-digit classification benchmark. The resulting dataset
encompasses a training set comprising 60 million instances
and a testing set containing 10 million instances.

AliExpress The AliExpress Searching System Dataset
comprises data collected from real-world traffic logs of the
search system in AliExpress, specifically in Spanish and
French (Li et al. 2020b). The Spanish subset includes a train-
ing set with 22 million instances and 1.4 million unique
users, alongside a test set presenting 9.3 million instances
and 0.6 million users. Conversely, the French subset is com-
prised of a training set with 18 million instances and 1.2
million users, and a test set containing 8.8 million instances
and 0.57 million users.

Company-A The Company-A dataset has been gathered
from Company-A’s promotion campaigns, which entail a se-
ries of extensive coupon distributions during major shop-
ping events such as double 11, double 12, Chinese New
Year’s WuFu Cards, etc. These campaigns attract participa-
tion from several hundreds of millions of individuals and
typically extend over multiple days. A randomized subset
of data was meticulously extracted from various intervals of
the online promotional campaigns. For the construction of
the training set, data amassed from the initial phases of the
promotional campaigns, amounting to 50 million instances,
has been employed. Conversely, the testing set comprising
5 million instances, which were collected on the concluding
day of the campaigns. The multi-task learning involves the
estimation of CTR, CVR and user dwelling TOA.

Experiment Setting

The Company-A dataset comprises user features, item fea-
tures, and contextual features. Following the methodology
described in the previous section, we perform bagging on the
contextual features. However, for MultiMNIST dataset and
AliExpress dataset, features do not significantly differenti-
ate into user features, item features and contextual features.
Therefore, all features on these public dataset are applied
bagging, and the attention mechanism shifts to self-attention
across all features. Additionally, for MultiMNIST, which is



MultiMNIST AliExpress-French AliExpress-Spain Company-A
Methods Mean  ACC-L  ACC-R | Mean AUC-CTR  AUC-CVR| Mean AUC-CTR  AUC-CVR| Mean AUC-CTR AUC-CVR AUC-TOA
PLE 0.9426 09514  0.9338 | 0.7981 0.7244 0.8717 | 0.8088 0.7280 0.8896 | 0.7819 0.7649  0.8776  0.7031
OMOoE 0.9351 09451  0.9251 | 0.8019 0.7281 0.8757 | 0.8126 0.7319 0.8933 | 0.7804 0.7633  0.8758  0.7022
MMOoE 0.9546 09614  0.9468 | 0.7977 0.7217 0.8736 | 0.8053 0.7236 0.8870 | 0.7821 0.7654  0.8779  0.7030
MMoE-dropout| 0.9584  0.9658  0.9511 | 0.7992 0.7219 0.8764 | 0.8108 0.7286 0.8931 | 0.7806 0.7636  0.8767  0.7015
ESMM 0.9370  0.9481  0.9260 | 0.8086 0.7313 0.8859 | 0.8085 0.7303 0.8866 | 0.7818 0.7652  0.8778  0.7025
BEnet [0.96297 0.96937 0.95667/0.81037 0.7343"  0.88647(0.81437 0.73397 0.8947" 0.784870.7682" 0.88097 0.7054"

Table 1: Offline results between BEnet and baselines on MultiMNIST, AliExpress, and Company-A datasets.
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Figure 3: Depolarization capabilities for differnent methods
on MultiMNIST dataset.

an image dataset, we randomly mask a portion of the image
as bagging action, and then input the rest of the image af-
ter bagging to the expert. We uniformly used a 64-core CPU
with 128GB of memory, totaling 20 workers for training.

Efficiency Comparison on Baselines

For the efficiency comparison, we select the SOTA MOE
network methods as baselines, including MMoE-dropout
(Ravaut, Joty, and Chen 2022; Zhao et al. 2019), OMoE(Dai
et al. 2024; Nie et al. 2021), and MMoE (Ma et al. 2018a;
Su et al. 2024), as well as two classic multi-task mod-
els, namely PLE (Tang et al. 2020) and ESMM (Ma et al.
2018b). Note that the ESMM approach estimates the click-
through conversion rate (CTCVR) by multiplying the CTR
and the CVR. However, for non-CTCVR tasks in our ex-
periments, such as the tasks in the MultiMNIST dataset and
the TOA task in the Company-A dataset, there is no multi-
plication step involved. For other baselines and BEnet, the
expert number of MultiMNIST is set 2, the expert numbers
of AliExpress and Company-A are set 8. We also conduct
experiments with other expert numbers and observed sim-
ilar experimental results. Here, we only post the results of
chosen parameters 2 and 8 in order to better observe the de-
polarization phenomenon. The bagging ratio of r. for fea-
ture selection are fixed during training. We randomly choose
90 percent of each dataset as training data and the oth-
ers as validation data. Besides, we use Area Under Curve
(AUC) as the evaluation metrics for both AliExpress dataset
and Company-A dataset since they are binary classification
ranking datasets. In the case of Company-A, we divide user
dwelling time into two labels {0, 1} based on a threshold
and simplify the task of Time-On-App (TOA) into binary
classification task. For the MultiMNIST dataset, we use Ac-
curacy (ACC) to measure the efficiency since it is a multi-
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Figure 4: Depolarization capabilities for differnent methods
on AliExpress dataset.

classification dataset. A higher AUC or ACC score means
that the method is more effective.

The effciency comparison results are shown in Table 1.
The best result is bolded and the best result of baselines is
underlined. We use ”{” to indicate that BEnet is significantly
different from the best baseline based on paired t-tests at the
significance of 0.01. ACC-L and ACC-R represent the two
tasks of overlaying digits of the MultiMNIST dataset. Mean
is the average of ACC-L and ACC-R. For AliExpress and
Company-A, Mean is the average of the multi tasks” AUC.
It can be found that BEnet achieves the best performance in
terms of ACC and AUC on these three datasets. The exper-
imental results demonstrate that BEnet effectively improves
the performance of multi-task learning.

Depolarization Comparison of Different Methods

In this section, we conduct experiments to compare the
depolarization capabilities for different methods. We com-
pare BEnet, MMoE-dropout (Zhao et al. 2019) and original
MMOoE without depolarization. The MultiMNIST results are
shown in Figure 3. The horizontal axis denotes the training
epoch of each method while the vertical axis denotes the gate
weights of the two experts. We calculate the average weights
of the two tasks and report the results. It can be found that,
across all methods, expert 1 obtains a greater weight than
expert 0. However, the difference in convergence weight be-
tween the two experts of BEnet is smaller compared to the
other methods.

Additionally, we present the depolarization of AliExpress.
Given the high number of experts in AliExpress, we did not
plot the convergence graphs of all 8 weights. Instead, we
report the weight convergence results in Figure 4. The ver-
tical axis denotes the weight convergence results of the 8
experts, arranged in ascending order based on the average
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Figure 5: The results demonstrate the effect of altering
the bagging ratios on the performance of the MultiMNIST
dataset.

value of the two tasks. The horizontal axis denotes the 8
experts. We can find that for AliExpress-French, BEnet ex-
hibits the smallest difference in convergence weight, while
for AliExpress-Spain, MMoE-dropout exhibits the small-
est difference. These results suggest that both bagging and
dropout can mitigate polarization, with their efficacy depen-
dent on the nature of the dataset. Nevertheless, in terms of
performance metrics such as ACC and AUC, BEnet achieves
the best results.

Ablation of Bagging

In this section, we executed a series of ablation studies to
evaluate the contributory efficacy of the bagging network
and to elucidate the beneficial role of depolarization. In
the previous section, we employ a Bernoulli (p) probabil-
ity distribution to modulate the bagging proportion, indica-
tive of the sampling fraction for the sub-groups. To under-
stand how different bagging ratios affect our model’s per-
formance, we execute a battery of experiments on the Mul-
tiMNIST dataset by varying the Bernoulli (p) parameter.
The accuracy (ACC) outcomes of these experiments are de-
picted in Figure 5. In the presented figure, the parameters in
the first column, labeled Expert Bagging Ratio, represent the
proportion of features discarded in the expert network. Con-
currently, the parameters in the second column, Gate Bag-
ging Ratio, indicate the proportion of features discarded in
the gating network. The third column elucidates the resultant
model accuracy (ACC) contingent upon the parameter con-
figurations specified in the preceding two columns. A con-
necting line is employed to visually associate the parame-
ter pairs from the first two columns with their corresponding
ACC outcome in the third column. It should be noted that the
scenario wherein both the Expert Bagging Ratio and Gate
Bagging Ratio are configured to O signifies a complete ab-
sence of bagging within the network topology, thereby per-
mitting the manifestation of polarization.

In our empirical analysis, performance improvements are
denoted by yellow lines while degraded performance out-
comes are depicted by purple lines. Pertinent to our find-
ings, the optimal range (yellow lines) for expert bagging ra-
tio is approximately 0.06, whereas for the gate bagging ra-
tio, it is proximate to 0.23. Scenarios characterized by the
absence of expert bagging (i.e., when Expert Bagging Ra-
tio equals 0 and Gate Bagging Ratio equals 0) yield poor
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Methods exposure count send count use count send rate  use rate

Online Baseline | 5,690,847 154,920 10,026 2.72% 6.47%

BEnet 5,689,901 168,022 11,931 2.95% 7.10%
(+8.5%) (+9.3%)

Table 2: Online results between BEnet and online running
baseline.

accuracy (ACC) metrics, as illustrated by the purple lines.
The empirical evidence suggests that the omission of bag-
ging strategies and the subsequent emergence of polarization
effects are detrimental to model efficacy. To achieve optimal
system performance, meticulous fine-tuning of the bagging
ratio parameters for both experts and gates is essential.

Online A/B Test

To evaluate the performance of BEnet in real-world envi-
ronment, we conducted an A/B test on the real double 11
Promotion Campaign. This promotional campaign involved
sending coupons to users, aiming to encourage them to use
the Company-A app. We allocated 10 percent of the real on-
line traffic flow to conduct the A/B test. After running the
test, we collected data on coupon exposure count, coupon
send count, and coupon use count for different experimental
groups. The exposure count represents the number of users
who were exposed to the coupons, while the send count rep-
resents the number of users who clicked on the coupons
and received them. The use count represents the number
of coupons that were actually used by users. Our objectives
were to increase both the send count and the use count. The
online comparison results are presented in Table 2. The use
rate is calculated by dividing the use count by the send count,
while the send rate is calculated by dividing the send count
by the exposure count. The results show that BEnet outper-
forms the online running baseline with a notable improve-
ment of +8.5% on the send rate and +9.3% on the use rate.
The online baseline model is ESMM, which was engineered
by pioneering researchers and is providing services to app
users. Our BEnet has successfully cleared the A/B testing
phase, demonstrably outperforming the benchmark and sub-
sequently superseding it in application.

Conclusion

This paper focuses on the significant multi-task learning
challenges in industrial applications, with a specific empha-
sis on addressing the polarization phenomena of MMoE. In
this study, we propose a novel depolarization method for
MMOoE that effectively mitigates polarization and enhances
model performance in complex industrial MTL scenarios.
Our proposed method, referred to as BEnet, facilitates bal-
anced weight distributions among experts by integrating a
bagging layer and an attention mechanism. Both the offline
experimental results and online A/B test results demonstrate
the effectiveness of BEnet. Moreover, our solution has been
successfully deployed in numerous industrial coupon rec-
ommendation scenarios at Company-A, further validating its
practical applicability and real-world effectiveness.
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