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Abstract: Deep learning-based artificial intelligence applications have driven transformation across multiple industries,
and recommendation systems based on deep learning have been widely adopted in the industry. For example, in clothing,
dining, and TV show recommendations, recommendation systems can utilize big data to suggest items that users might like
based on their behavioral data. They can also optimize the next recommendation results based on whether users accept or
reject the recommendations. Multi-task learning refers to handling multiple tasks simultaneously during the modeling
process, such as user clicks and user orders, or user likes and viewing duration. There are correlations among multiple
tasks, and compared to training on a single task only, multi-task learning can significantly improve the effectiveness of each
task. In this work, we propose a novel multi-task learning framework, the Independent Grouped Information Expert (IGIE)
model. The IGIE model consists of two identical Multi-gate Mixture-of-Experts (MMoE) structures, with independent
inputs for each part. The upper expert layer processes information based on different initialized embeddings, and after the
two independent MMoE structures complete their information processing, the results are concatenated and passed to
different task towers at the upper level.
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1. INTRODUCTION

Recommendation systems [1-3] have extensive applications on the Internet, and with the advancements in
artificial intelligence, they have made significant progress. Recommendation systems based on deep learning can
effectively utilize massive amounts of data on the internet [4]. By analyzing user behavior data on different items
in applications, such as viewing duration, likes, dislikes, and collections, they deeply explore user preferences for
different types of items [5]. This leads to longer user retention in applications, thereby improving various business
metrics of the platform [22-24]. In the past, modeling was often focused on a single metric, such as modeling user
likes or viewing duration separately, which was relatively simple but overlooked the correlation between these
user behaviors [25-27]. However, directly modeling multiple user behaviors with existing models can also pose
challenges. The richness of user behavior presents challenges for modeling. Multi-task learning is aimed at
addressing these issues [6]. Multi-task learning involves considering multiple tasks simultaneously during model
training, leveraging the inherent correlations between tasks to enhance the effectiveness of multiple tasks.
Especially for sparse behaviors such as sharing and collecting, transferring knowledge from behaviors with richer
data is beneficial. Training multiple tasks in parallel also improves the model's generalization ability and alleviates
overfitting. From a data perspective, multi-task learning is essentially a form of data augmentation. Different data
biases in various directions, and training with multiple data simultaneously makes the trained model more robust.

Existing multi-task models are based on the MMOE (Multi-gate Mixture-of-Experts) architecture [17], as shown
in Figure 1. The MMOE architecture shares the bottom input layer and then enters multiple expert networks, which
are feedforward neural networks. The outputs of the expert networks are assigned different weights by multiple
gating networks and then concatenated bitwise and sent to the top-level task tower. However, due to the sharing of
the bottom layer, the knowledge learned by different expert networks lacks independence, leading to a decrease in
recommendation performance. This may cause the model to be biased towards tasks with larger data volumes,
resulting in poor predictive performance on other tasks.

Previous work has overlooked the decrease in performance caused by the lack of independence in the expert layer
and the impact of independent decision-making and diversity of the expert layer on performance. Therefore, a new
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model is needed to address this issue.

In this work, we propose the Independent Grouped Information Expert (IGIE) model. The Independent Grouped
Information Expert (IGIE) model consists of two MMOE structures [17] with the same structure. The initialization
of the input embeddings at the bottom layer is different, ensuring the independence of the upper expert layers and
reducing interference caused by the circulation of information in the global domain. Meanwhile, multiple expert
results are aggregated at the top layer and entered into independent task layers.

Figure 1: The architecture of MMOE (Multi-gate Mixture-of-Experts)

2. RELATEDWORK

Amulti-task model [5] can learn the commonalities and differences between different tasks. Doing so can improve
the training efficiency and model performance of each task. There are several design architectures for multi-task
learning. The first is hard parameter sharing, as shown in Figure 2, which is relatively simple: the initial layers of
the deep neural network (DNN) are shared among all tasks, while subsequent layers are separated for each task. As
the model learns more tasks simultaneously, the shared layers need to learn a generic embedded representation to
perform well on each task.

Figure 2: Hard Parameter Sharing and Soft Parameter Sharing

The second approach is soft parameter sharing, as shown in Figure 2. In this method, each task has its own model
with its own parameters, but there are constraints on the parameters between different models. The parameters of
different models must be similar, described by a distance metric that measures the similarity between parameters.
This distance metric is incorporated as an additional task into the model's learning process, acting as a
regularization term.

The PLE model [7] addresses negative transfer while solving the see-saw phenomenon by stacking MMOE in a
certain way. The see-saw phenomenon occurs due to differences in learning effectiveness across different tasks,
resulting in some tasks performing well while others perform poorly. The PLE model [7] groups experts at the
lower levels but still shares a common input at the bottom. It consists of task-specific expert groups and shared
expert groups.
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Deep Relationship Networks [9] have multiple convolutional networks at the bottom and a parameter-sharing task
tower on top. The parameter-sharing tower learns common properties among different tasks, and each task is
learned independently through its own network.

Fully Adaptive Feature Sharing [10] is a bottom-layer hard-sharing multi-task learning architecture. The model
dynamically groups tasks during training. It employs a dynamic greedy grouping method to continuously refine the
model structure during training, preventing negative influences between different tasks. It dynamically adds
branches for each type of task, making the model resemble a tree structure.

Sluice networks [11] learn which layers and subspaces should be shared, and where the network learns the best
representation of input sequences. The DUPN model [12] has multiple shared networks at the bottom and various
task layers on top.

Weighting Losses with Uncertainty [13] is an image recognition model that combines three tasks in an image:
pixel regression, semantic segmentation, and entity segmentation. It starts with a shared encoding layer, followed
by task-specific forward networks. It then adjusts the weight of each task in the loss function using a
Gaussian-maximized multi-task loss function.

Cross-stitch Networks [8] are a soft-sharing multi-task architecture. They have two independently fully separated
task tower models but add a cross-stitch module in the middle to share knowledge between different tasks. The
cross-stitch module aggregates the hidden layer outputs of different tasks, which are then fed into subsequent
independent forward networks.

3. METHODOLOGY

In this section, we will introduce the Independent Grouped Information Expert (IGIE) model proposed by us, as
shown in Figure 3. The Independent Grouped Information Expert (IGIE) model consists of two identical MMOE
structures. The initialization of input embeddings at the bottom layer is different, meaning that the embeddings in
the two modules are not shared, reducing the interference caused by the circulation of information across the
domain. In each of the two modules, there are multiple sets of expert networks composed of forward networks. The
gate networks and expert networks in each set share the bottom-layer input. Depending on the task, the gate
network selects hidden layer information from different expert networks and aggregates it into vectors used by the
upper-layer task tower. The shared GATE between the two modules is used to filter the information entering the
task tower, and its structure is the same as the gate network in MMOE.

The formula for the network of the Independent Grouped Information Expert (IGIE) model is as follows:

Figure 3: The architecture of the Independent Grouped Information Expert (IGIE) model
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������ = �������(� ∙ �) (1)

� is an � ∗ � parameter matrix, where � is the number of experts in each independent group, and d is the
dimensionality of the vectors. � represents the input to the model. The result obtained by calculation corresponds
to the weights of the expert networks in the respective groups. During backpropagation, these parameters will be
optimized.

�� � = �=1
� �����

1� ∙ ��
1(�)� || �=1

� �����
2� ∙ ��

2(�)� (2)

Two sets of brackets represent two independent groups of experts. � represents the number of experts in each
group. � represents the �_�ℎ expert, and � represents the �_�ℎ task. ����1� represents the gate network for task � in
the first group. This corresponds to multiplying the weights of the corresponding gate network by the vector of the
corresponding expert network and adding them together. This process yields the vector output of the
corresponding expert network. Finally, concatenating these vectors results in the input �� � for the upper-layer
task.

�� = �� �� � (3)

Here, �� � represents the input vector for the �_�ℎ task, which is the concatenation of vectors from the
lower-level two-group experts. �� represents the upper-layer task tower for the �_�ℎ task, which computes the
final task result. This constitutes the model structure of the independent group expert network, where multiple
groups of expert networks feed their concatenated vectors as input to the upper-layer task tower.

ℒ �1, …, ��, �� = �=1
� ���� ��, �� + �||θ||2� (4)

ℒ is the ultimate loss function to be optimized, which is the weighted sum of loss functions for multiple tasks. Here,
�� represents the parameters of a specific task, �� is the parameters of the expert network,� is the number of tasks,
�� is the loss function for task �, �� is the loss weight for a specific task, and �||θ||2 is the L2 regularization term.

4. EXPERIMENTAL RESULTS AND ANALYSIS

4.1 Datasets

Experimental studies were conducted on three datasets (Table 1), with details as follows:
Ali-CCP [14]: This dataset is collected from the mobile client of a large online retail platform and consists of
recommendation system logs for the homepage "Guess You Like" feature. It includes data on clicks and
conversions. Clicks refer to users clicking on a product from those exposed to them to view the details page of that
product, while conversions refer to users purchasing the product.

AliExpress [16]: The data is sourced from real online search logs of AliExpress, a global e-commerce platform that
provides product search services in many countries. The dataset was collected from five countries: Russia, Spain,
France, the Netherlands, and the United States, and is used for multi-task learning with real-world large-scale data.

Criteo [15]: This dataset is used in a paper on bid attribution and is sourced from Criteo's online advertising data. It
consists of 30 days of real-time traffic data samples, where each row corresponds to a user's impression, along with
whether there was subsequent clicking and conversion.

Table 1: Datasets description
Dataset Exposure Click Conversion

Ali-CCP
Train 11M 0.1M 2892
Dev 1M 0.01M 309
Test 8M 0.07M 2204

AliExpress
Train 2M 0.01M 298
Dev 0.2M 1.9K 48
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Test 0.9M 7.4K 165

Criteo
Train 10M 0.11M 2742
Dev 2M 0.017M 589
Test 4.5M 0.02M 634

4.2 Competitors

This paper compares the proposed model IGIE with popular multitask models of the moment:

MMOE [17]: Bottom layer utilizes soft sharing, multiple expert layers in the middle, with gate networks filtering
expert network outputs to the upper layer.

PLE [7]: A multitask network achieved by stacking MMOEs, with shared bottom layers and intermediate expert
layers divided into shared expert networks and task-specific expert networks.

ESMM [14]: Dual-tower structure, one tower for estimating CTR task, the other for estimating CTCVR task,
utilizing multitask structure for bias reduction.

MTL-EIB [19]: Based on data interpolation, biases are mitigated between non-click events and click events to
predict unbiased CVR.

MTL-IPS [18]: Bottom layer consists of a shared embedding query table, each having independent forward
networks for handling click-through rate and conversion rate tasks, with bias reduction in the upper layer for
estimation.

ESCM2 [20]: Utilizes empirical risk minimization, counterfactual risk minimization, and overall network risk
minimization for conversion rate estimation.

Cross-stitch [8]: Cross-stitch modules aggregate hidden layer outputs of different tasks, which are then fed into
subsequent independent forward networks.

4.3 Training Protocol

For IGIE, this paper employs 128-dimensional word embeddings, sets the batch size to 16, and utilizes the Adam
optimizer with a learning rate of 0.001. The dropout rate is set to 0.4. For fairness, all models are trained iteratively
using the Adam [21] optimizer and the same set of hyperparameters to ensure comparability of results. The paper
runs all models five times and exports the best-performing model to evaluate its performance on the test set,
reporting the average results across the test dataset. Model ranking performance is assessed using AUC on three
datasets, and to better characterize the performance of each model, this paper also records the F1 score for each
model.

4.4 Evaluation Strategy

This paper utilizes AUC and F1 scores for evaluation.

F1 = 2 × precision×recall
precision+recall

(5)

AUC = insi∈pos rankinsi−
M(M+1)

2�

MN
(6)

4.5 Results Analysis

Table 2: Performance on the CVR estimation task

Model
Ali-CCP AliExpress Criteo

AUC F1 AUC F1 AUC F1

79



                                                                                                                                                                                                      
   
              
 
       
 2024 WWoorrlldd JJoouurrnnaall ooff IInnnnoovvaattiioonn aanndd MMoodderernn TTecechhnnoollooggy,y, VVooll..7, Issue 2 (Apr)

ISSN 2682-5910

MMOE 55.32 12.39 72.02 31.53 52.11 9.63
PLE 54.61 11.22 72.33 31.07 50.23 9.34

ESMM 62.97 17.49 72.92 32.93 50.09 10.11
MTL-EIB 54.09 11.57 73.64 31.13 51.63 7.53
MTL-IPS 61.38 11.42 73.69 32.36 53.37 11.25
ESCM2 61.14 12.31 73.85 32.33 54.19 11.32

cross-stitch 55.93 13.18 73.59 33.97 55.23 12.21
IGIE 62.26 15.49 74.24 36.82 58.39 13.83

Table 2 presents the AUC and F1 scores for the CVR estimation of the comparative model and the IGIE model
proposed in this paper on three datasets. The IGIE model exhibits highly competitive performance across all three
datasets. Specifically, on the Ali-CCP dataset, IGIE's performance is second only to ESMM. This might be
attributed to ESMM leveraging the advantages of mutual promotion between different tasks in multi-task learning,
as well as conducting deep exploration and optimization on the dataset. To address the exposure bias issue during
training on current e-commerce datasets, ESMM structurally debiases the CTR and CVR tasks. However, on the
AliExpress and Criteo datasets, IGIE achieves the best results. This is mainly because IGIE's grouped expert
networks can better capture factors that promote multiple task correlations while avoiding mutual interference
among different experts due to non-independent underlying embeddings. Although IGIE does not directly model
various causal relationships, its model structure implies debiasing capabilities, ensuring fairness in estimation on a
domain scope, thereby ensuring that the IGIE model can outperform existing state-of-the-art models on most tasks.

5. CONCLUSION

Recommendation systems have extensive applications in the industrial sector of the internet. Recommender
systems based on deep learning can effectively utilize massive data to deeply mine users' preferences for different
types of items based on their behavioral data, thereby improving various business metrics of platforms. Multi-task
learning refers to simultaneously handling multiple tasks during the modeling process [28-30], where these tasks
are related. Compared to training on a single task alone, multi-task learning significantly improves the
effectiveness of each task.

Existing multi-task models are based on a shared underlying multi-task architecture. This leads to the influence of
shared underlying embeddings on different expert networks, affecting their independence and resulting in the
model being biased towards tasks with larger sample sizes. This paper addresses the decrease in effectiveness
caused by the lack of independence among expert layers and proposes the Independent Grouped Information
Expert (IGIE) model. The IGIE model consists of two modules with separate underlying embeddings, ensuring the
independence of different expert networks and reducing interference caused by the circulation of information
across the entire domain.

In the experimental section, we conducted experiments on e-commerce datasets such as Ali-CCP, AliExpress, and
advertising dataset Criteo. The IGIE model achieved highly competitive results on all three datasets.
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