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ABSTRACT

How can we accurately capture users’ diverse interests? To accu-
rately capture users’ interests, recent advancements in recommen-
dation systems have led to multi-interest models that use multiple
interest vectors. However, practical implementations often rely
on a single, well-trained vector, limiting diversity in recommenda-
tions. In response, we propose BaM (Balanced Interest Learning for
Multi-interest Recommendation), an enhanced training scheme for
balanced and comprehensive learning across multiple interest vec-
tors. Unlike traditional methods that focus on the highest similarity
vector for loss computation, BaM uses a softer selection criterion,
considering multiple relevant vectors. Experiments with real-world
datasets show BaM improves accuracy by up to 15.01% in sequential
recommendation, achieving state-of-the-art performance.
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1 INTRODUCTION

How can we accurately capture users’ diverse interests? To accurately
capture users’ diverse interests, recommender systems have evolved
significantly with advancements in sequential modeling [6, 8, 9, 12,
14, 16-19, 21, 22, 24-26]. Within these frameworks, multi-interest
recommender systems have emerged to address the complex pref-
erences of users by learning and leveraging multiple interest vec-
tors [1-3, 13, 15, 16, 27] This approach allows for a more compre-
hensive understanding and prediction of user preferences across a
broad range of items.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

KDD °24, August 25-29, 2024, Barcelona, Spain

© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-Xxxx-X/YY/MM

https://doi.org/10.1145/nnnnnnn.nnnnnnn

Jeongin Yun
Seoul National University
Seoul, Republic of Korea
yji00828@snu.ac.kr

II/\ LI ; \H/ ‘\ ']kr AI\HNIIF I::
o N

User User
ComiRec ComiRec + BaM

Interest

Figure 1: The proportion of items from each interest when
the top-10 items are recommended to each user. Darker col-
ors indicate more recommendations from that interest. The
heat-map on the left, generated by the multi-interest model
ComiRec [1], shows a skewed distribution towards the third
and fourth interests. In contrast, applying BaM results in
a more balanced distribution among multiple interests, as
shown in the heat-map on the right. This approach captures
a more comprehensive profile of user preferences, improving
recommendation accuracy.

Despite their promise, existing multi-interest recommendation
approaches often overlook the importance of balanced training
schemes. These models typically prioritize learning a dominant
interest representation due to their loss calculation methods, which
select a single interest representation based on its similarity to a
ground-truth item vector. This bias limits the model’s ability to
discover and represent less obvious but relevant interests, resulting
in skewed recommendations toward dominant interests, as shown
in the left heat-map of Figure 1.

To overcome this limitation, we propose a novel training scheme,
BaM (Balanced Interest Learning for Multi-interest Recommenda-
tion), which employs a softer selection strategy during the training
phase. By broadening the scope of interest vectors considered, BaM
enhances the model’s ability to capture a comprehensive profile of
user preferences, leading to more accurate and diverse recommenda-
tions. Experimental results demonstrate that applying BaM to mod-
els significantly improves the diversity of recommended items, as
shown in the right heat-map of Figure 1. BaM achieves up to 15.01%
higher accuracy in sequential recommendation compared to the
best competitor, resulting in the state-of-the-art performance. The
code and dataset are available at https://github.com/jlunits2/BaM.

2 PROPOSED METHOD

In this section, we propose BaM (Balanced Interest Learning for

Multi-interest Recommendation), an optimized training approach

designed specifically for multi-interest learning models.

To achieve high performance in sequential recommendation with
multi-interest learning models, we address the issue of unbalanced
training of multi-interest representation. It is crucial that each inter-
est representation is adequately trained to capture the wide range
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Table 1: Summary of datasets.

Dataset Users Items Interactions Density
Movies & TV ! 22,747 17,848 841,607 0.20%
Electronics ! 64,142 31,142 1,475,538 0.07%

! https://amazon-reviews-2023.github.io

of users’ interests. How can we prevent the training from being
biased towards a single interest representation? The main idea of
BaM is to use soft selection of interest. By softly selecting the interest
representation, we aim to distribute training opportunities among
multiple interests.

Previous methods of multi-interest recommendation [1-4, 13]
offer various techniques to develop a network capable of extracting
multi-interest to represent them as matrices. They extract multi-
interest My, € RPN for each user given the user’s item interaction
history using various techniques, where d is the embedding di-
mension and N is the number of interests. In training stage, an
interest representation the most closest to the target item i* from
the multi-interest representation My, is selected:

v = arg max(m” ' e;+), 1)

1<n<N

where v is the index of selected interest representation, m]; € R? =
My, [, n] is the n-th interest representation of user u, and e;+ € RY is
the embedding of the target item i*. However, such hard-selection
results in unbalanced training of each interest in the multi-interest
representation, because the loss function of the model minimizes
the negative log-likelihood using only the selected interest m}:
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where D is the training dataset and (u, i*) is all positive pairs in it.
Instead, we probabilistically select interest vectors using a soft-
max function to ensure a more balanced training process across
multiple interest vectors. By softly selecting the interest represen-
tation, we aim to distribute the training opportunities between
multiple interests. The probability of user u’s n-th interest m}; be-
ing selected as the training representation is obtained by applying a
softmax function to the correlation score between the multi-interest
representation My, of user u and the ground-truth item i*:
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We calculate the probability for each interest m], in My, and select
one according to the probability. The selected interest m]; is used in
the loss function instead of m;,. This approach can be applied to var-
ious multi-interest learning methods without requiring architecture
modifications to boost their performance.

3 EXPERIMENTS

We evaluate the performance of BaM compared to competitors in
terms of recommendation accuracy.

3.1 Experimental Setup

We introduce our experimental setup including datasets, baselines,
and evaluation metrics.
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Table 2: Performance of BaM and competitors. BaM shows
the best performance in all datasets. n@K and R@K indicate
nDCG@K and Recall@K, respectively. The best is marked
bold and the second best is underlined.

Dataset Metric Method
SASRec ComiRec REMI BaM
n@10 0.0287 0.0201 0.0413 0.0475
Movies n@20 0.0364 0.0251 0.0492 0.0559
& TV R@10 0.0539 0.0372 0.0739 0.0819
R@20 0.0846 0.0572 0.1055 0.1153
n@10 0.0492 0.0639  0.0689 0.0758
n@20 0.0629 0.0749  0.0833 0.0894

Books

R@10 0.0961 0.1105 0.1230 0.1326
R@20 0.1505 0.1540 0.1804 0.1894

3.1.1 Datasets. We use two real-world datasets as summarized in
Table 1. These datasets are from Amazon, one of the world’s biggest
e-commerce platforms.

3.1.2  Baselines. We compare BaM with single and multi-interest
models for sequential recommendation:

o SASRec [10] is the state-of-the-art single interest model that
utilizes the Transformer [20] architecture’s self-attention.

e ComiRec [1] is the state-of-the-art multi-interest frame-
work that enables diversity control and incorporates multi-
head attention to represent multiple interests.

e REMI [23] enhances multi-interest models through an interest-
aware hard negative mining strategy and a routing regular-
ization. We apply REMI to ComiRec for the best performance.

3.1.3  Evaluation metrics. We employ leave-one-out protocol [5, 7,
11] where the last item in each user’s interactions is removed for
testing. Following the prior studies [1, 10, 23], we utilize Recall@K
and nDCG@K as metrics of accuracy. We set K to 10 and 20.

3.2 Performance

We compare the performance of BaM and competitors in Table 2.
Since BaM is a training scheme, we use ComiRec [1] as the backbone
for the best efficiency. We set the embedding dimension as 64 for all
models and the number of interests as 4 for all multi-interest models.
BaM achieves the best Recall@K and nDCG@K in all datasets
showing up to 15.01% improvement compared to the second best
method.

4 CONCLUSION

We introduce BaM (Balanced Interest Learning for Multi-interest
Recommendation), an advanced training scheme that promotes
balanced learning across all interest vectors. Utilizing a softer selec-
tion criterion, BaM takes into account a broader range of interest
vectors, each representing various aspects of user preferences. This
method not only offers a more thorough understanding of user
interests but also greatly improves recommendation accuracy. Ex-
tensive experiments on real-world datasets demonstrate that BaM
surpasses existing models by up to 15.01% in accuracy, achieving
state-of-the-art performance.
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