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Abstract

Recommender systems play a key role in addressing information overload issues in many

Web applications, such as e-commerce, social media platforms, and lifestyle apps. For

example, the Amazon shopping website lists items that a user might be interested in

at the top of the website. The core function of recommender systems is to predict how

likely a user will select an item (e.g., purchase, click). Typical recommender systems

leverage users’ historical selected items (i.e., user-item interactions) to infer users’ inter-

ests. For example, matrix factorization (MF), one of the most common recommendation

algorithms, learns user and item representations by factorizing the user-item interaction

matrix as the multiplication of a user matrix, and an item matrix. Besides user-item

interactions, studies show that features (e.g., user/item attributes, contexts), especially

feature interactions (e.g., the co-occurrences of features), are important side information

that can significantly enhance the recommendation accuracy.

Deep neural networks (DNNs) have achieved great success in many recent studies due to

their powerful information analysis ability. As a result, recent recommendation models

seek to leverage DNNs for better feature interaction modeling. However, they model

feature interactions implicitly (i.e., model all feature interactions together in a black-box

DNN model without knowing which interactions are modeled or how they are modeled).

Recent studies have shown that implicit interaction learning is less effective in extracting

useful information about feature interaction for accurate recommendations.

In this thesis, we explore how to effectively leverage feature interactions and improve the

performance of recommender systems. Specifically, we focus on modeling feature inter-

actions in an explicit manner. Unlike the implicit modeling methods, explicit methods

model each feature interaction individually, allowing to choose which feature interac-

tions to model, and decide how to model each feature interaction for more accurate

recommendations. Then, we focus on three challenging research questions in improving

recommender systems through explicit feature interaction modeling.

The first research question explores how to improve the performance of MF by enabling

it to explicitly model feature interactions. MF learns user and item representations from

user-item interactions, which has a drawback: it cannot consider feature interactions.

This limits MF’s potential to perform fine-grained analysis for more accurate predictions.

Meanwhile, MF may encounter the cold-start problem (i.e., an item has too few histori-

cal user-item interactions to conduct an effective analysis). Focusing on this drawback,

instead of factorizing the user-item interaction matrix, we propose to factorize multiple

user-attribute interaction matrices to learn attribute representations. The final predic-

tion is an aggregation of all the ratings predicted in the user-attribute matrices. Our
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proposed method achieves higher accuracy than MF-based methods, while resolving the

cold-start problem.

The second research question explores which feature interactions should be modeled in

recommender systems. Existing recommendation algorithms consider all feature inter-

actions to generate predictions. However, not all feature interactions are relevant to the

recommendation prediction, and capturing irrelevant feature interactions may introduce

noise and decrease the prediction accuracy. Therefore, we propose to detect a set of most

relevant feature interactions (we formally define them as beneficial feature interactions

in terms of prediction accuracy) and model only beneficial feature interactions for more

accurate recommendation. We propose novel frameworks that leverage the relational

reasoning ability of graph neural networks (GNNs) to achieve more effective explicit

feature interaction modeling. Under these frameworks, beneficial feature interaction de-

tection and recommendation prediction are achieved via an edge prediction task and a

graph classification task, respectively.

The third research question explores how to model different feature interactions in rec-

ommender systems. Existing recommendation algorithms model each feature interaction

equally, neglecting their different impacts while performing the prediction. We explore

how feature interactions can be categorized and modeled to fit their roles in recommen-

dation. More specifically, for user attributes and item attributes (e.g., user gender, item

color), we define two types of interactions: inner interactions for profile learning and

cross interactions for preference matching. We propose a neural graph matching method,

which is based on our proposed GNN-based interaction modeling framework, to model

the two types of interactions so that can better analyze their impacts on recommenda-

tion predictions. For context features (e.g., weather, time), inspired by psychology, we

leverage them to learn intrinsic factors and extrinsic factors that jointly influence users

selection. Contrastive learning and disentanglement learning algorithms are leveraged

to learn these factors.

In summary, this thesis has made several contributions to explicit feature interaction

modeling for improving recommender systems through: enabling feature interaction

modeling in matrix factorization, detecting beneficial feature interactions, and catego-

rizing and modeling different types of feature interactions to fit their roles in recommen-

dation. All works are supported by theoretical analysis and empirical results.
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Chapter 1

Introduction

Since the advance of the world wide web (WWW), the information available to people has

grown exponentially every day. In order to obtain useful information from the WWW,

recommender systems are invented. Recommender systems are used to filter a small set

of information that a user most needs and demonstrate the filtered information to the

user. For example, a user may want to watch a movie, but there are vast number of

movies available on the WWW. A recommender system infers the user’s interests (e.g.,

by creating user profiles) and filters the most relevant movies based on the interests.

Then, the filtered movies are demonstrated to the user.

Recommender systems provide personalized recommendation that can effectively im-

prove users’ experience in online surfing. Specifically, first, recommender systems can

provide personalized information to users based on their profiles. For example, to pass

the weekend, a user may want to watch a movie that meets her/his interest. A recom-

mender system may recommend different movies to two users—documentary movies for

an elderly user and action or adventure movies for a teenager. Second, recommender

systems can capture the user requirements that are not easy to describe. Sometimes,

a user only have a vague idea of which movie he/she wants to watch. These potential

requirements can be captured by recommender systems when inferring users’ interests.

Therefore, recommender systems may provide the results that fit such requirements.

Third, recommender systems can provide information to users even before they realize

their needs, or be aware of existing/new information. For example, for a user with a tight

working schedule, a recommender system can push a notification to him/her suggesting

a relaxing movie to regain strength after work. As a result, recommender systems have

attracted more attention in both academia and industry in recent years.

The goal of a recommender system is to predict whether a user will select an item (e.g.,

click, purchase). The historical selected items by users (i.e., user-item interactions)

1
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Figure 1.1: An illustration of features and feature interactions. User attributes,
item attributes, and contexts are all features that can be leveraged to improve the
performance of recommendation systems. Feature interactions are the features’ co-

occurrence in each data sample (a user-item pair).

are important information to predict new selections. For example, matrix factorization

(MF) [1] is one of the most popular recommendation algorithms. It factorizes a sparse

user-item (historical) interaction matrix into the multiplication of user and item latent

vectors. Then the potential new selections can be predicted by multiplying corresponding

user and item vectors.

Besides user-item interactions, features are essential side information to facilitate the

prediction [2]. Standard features contain user/item attributes (e.g., user gender, item

color) and context information (e.g., weather, time). Considering features in recom-

mender systems can effectively improve prediction accuracy by providing fine-grained

analysis and addressing the cold-start problem [3]. The cold-start problem can occur

when no or very few historical user-item interactions are available. With features, the

problem can be mitigated by matching items or users w.r.t. their features (e.g., the

users of similar ages may prefer similar genres of movies). While leveraging features in

recommender systems, considering the features’ co-occurrence (i.e., feature interactions)

has been proven essential in inferring useful information for more accurate predictions

[4, 5]. For example, in a movie recommendation system, the director Nolan is a master

of producing sci-fi movies. In this scenario, considering the feature interaction 〈Nolan,

sci-fi〉 is more effective than considering the two features separately. Figure 1.1 shows

examples of the standard features and feature interactions. While considering feature

interactions, the final prediction can be the aggregation of all the feature interaction

modeling results. Meanwhile, feature interactions inherently provide interpretability of

the recommendation predictions [6]. The interaction modeling results show how much

each feature interaction contributes to the prediction, which is widely accepted as an

interpretation in regression tasks [7, 8].
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However, with the development of deep neural networks (DNNs), recent methods model

all feature interactions in a DNN (called implicit feature interaction modeling) [9, 10].

For example, DeepFM [5] concatenates the vector representations of the features (i.e.,

feature embeddings) into a large vector. The large vector is then inputted into a DNN,

and the output of the DNN is the modeling results mixing the information of all feature

interactions. Due to the black-box nature of DNNs, these methods cannot control which

feature interactions to model and how to model each feature interaction. Meanwhile,

modeling all feature interactions in a DNN undermines the interpretability of feature

interactions. Therefore, this implicit way has recently considered to be not effective in

extracting useful information from feature interactions in recommender systems [11].

To realize the full potential of feature interaction modeling for recommendation, we

devote to performing explicit feature interaction modeling. The explicit way of modeling

analyzes each feature interaction individually and aggregates the modeling results as the

final prediction. Therefore, it provides flexibility in choosing which feature interactions

to model and the methods to model them. In this way, it gives potential to deliver better

feature interaction modeling and preserve the interpretability of feature interactions.

In this thesis, we explore novel techniques in explicit feature interaction modeling to

improve recommender systems. Specifically, we focus on three important research ques-

tions:

• RQ1. Matrix Factorization (MF) is one of the most popular traditional recommen-

dation algorithms. However, it does not consider feature interactions. How to enable

feature interaction modeling in matrix factorization?

• RQ2. There are vast possible feature interactions that can be considered to pro-

duce recommendation predictions. However, only part of them are relevant to the

predictions. How to detect these relevant feature interactions for recommendation

predictions?

• RQ3. Feature interactions serve as different roles in recommender systems. How

to categorize and model these feature interactions so they fits their roles for more

accurate recommendation predictions?

While investigating the second the and third research questions, we explore the possibil-

ity of using graph neural networks (GNNs) [12, 13], a recently proposed DNN framework

that is powerful in relational reasoning, for better explicit feature interaction modeling.

GNNs have proven effective in many research tasks but have not been explored to facil-

itate feature interaction modeling in recommender systems. We find that the procedure

of graph learning using GNNs is very similar to that of leveraging feature interactions
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for recommendation. Specifically, the message passing procedure of GNNs learns the

neighborhood information (node relations) for each node, which is similar to model-

ing feature interactions (a.k.a. feature relations); the node aggregation procedure of

GNNs learns graph representations based on the information gathered through message

passing, which is similar to aggregating the feature interactions modeling results for

prediction.

To effectively incorporate GNNs for feature interaction modeling, we propose a novel

way to represent feature interactions in a graph structure. Specifically, each feature

represents a node in a graph, and each feature interaction represents an edge that links

to the corresponding nodes. In this way, a data sample with feature information is

converted to a graph structure containing features and feature interactions. With the

graph structure, we effectively leverages the relational reasoning ability of GNNs for

explicit feature interaction modeling. The results show that it has great potential to

provide accurate and interpretable feature interaction modeling for recommendation.

In the following subsections, we introduce how we address each research question.

1.1 Considering Feature Interactions in Matrix Factoriza-

tion

Matrix factorization is one of the most popular algorithms in the design of recommen-

dation systems. It has been widely used by academia and industry. However, since MF

cannot consider feature interactions, it suffers from two drawbacks: lack of interpretabil-

ity, and the cold-start problem. The two drawbacks limit its reliability and practicability.

In Chapter 3, we investigate the first research question and explore how to enable ma-

trix factorization to consider feature interactions. We propose a recommendation model

called Multi-Matrix Factorization (MMF), which overcomes these two limitations and

achieves state-of-the-art prediction accuracy by exploiting the interactions between item

attributes and users. MMF provides more fine-grained analyses than MF in the follow-

ing ways: the final predictions are the weighted sum of interaction modeling results,

which indicate how much each attribute contributes to the recommendation and hence

provide interpretability; the common attributes can act as a link between the existing

and new items, which resolves the item cold-start problem.

The advantage of our work is that MMF simultaneously achieves the following goals:

• Interpretability: MMF analyzes the contribution of each user-attribute interaction to

the final predictions, such as which attribute in an item may attract a user most. We
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conduct comprehensive interpretability evaluations to show the effectiveness of the

interpretations.

• Resolving the cold-start problem: MMF provides reasonable predictions in item cold-

start cases. Items may share attributes. This connection allows the transfer of user-

attribute ratings from existing items to a new item.

• Better prediction accuracy: MMF provides a novel way to learn fine-grained differ-

ences between items through user-attribute interactions. As a result, MMF achieves

better prediction accuracy than state-of-the-art matrix factorization models and fea-

ture interaction-based recommendation models.

1.2 Detecting Beneficial Feature Interactions for Recom-

mendation

Many existing studies take into account all possible feature interactions. However, this

is suboptimal because some feature interactions may not be relevant to the recommen-

dation result (i.e., unbeneficial feature interactions), and taking them into account can

introduce noise that decreases accuracy and efficiency [14, 15]. For example, a user may

enjoy recently released movies or old movies, regardless of gender. Therefore, consider-

ing the interactions between gender features and movie-year features is unnecessary and

may cause less accurate recommendations.

In Chapter 4 and Chapter 5, we conduct two works to study the second research ques-

tion and explore how to detect beneficial feature interactions for recommendation. We

explore to detect beneficial feature interactions as a link prediction task in a graph

representation, then model and aggregate the detected feature interactions for recom-

mendation prediction as a graph classification task using GNNs.

We introduce the two works below.

1.2.1 Detecting Pairwise Beneficial Feature Interactions

To identify the most influential pairwise feature interactions, we propose a novel tech-

nique to automatically detect those pairwise feature interactions that are beneficial for

providing accurate predictions. Then, we propose a graph neural network method to

model the detected feature interactions for recommendation. The automatic feature

interaction detection is achieved via edge prediction with an L0 activation regulariza-

tion. Our proposed model has proven to be effective through the information bottleneck

principle and statistical interaction theory.
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We summarize the main contributions of this work as follows:

• This is the first work to formulate the concept of beneficial feature interactions, and

propose the problem of detecting beneficial feature interactions for recommender sys-

tems.

• We propose a model, L0-SIGN, to detect beneficial feature interactions via a graph

neural network approach and L0 regularization.

• We theoretically prove the effectiveness of L0-SIGN through the information bottle-

neck principle and statistical interaction theory.

• We have conducted extensive experimental studies. The results show that (i) L0-SIGN

outperforms existing baselines in terms of accuracy; (ii) L0-SIGN effectively identifies

beneficial feature interactions, which result in the superior prediction accuracy of our

model.

1.2.2 Detecting Arbitrary Order Beneficial Feature Interactions

Recent researches prove that more sophisticated forms of feature interactions (i.e., high-

order interactions) help achieve more accurate recommendation predictions [16, 17]. In

the previous work, our proposed L0-SIGN detects pairwise beneficial feature interac-

tions by examining all possible pairwise feature interactions. However, when it comes

to higher-order feature interactions, the time complexity of examining all the possible

higher-order feature interactions is prohibitive (exponentially growing with the order

increasing). In this work, we propose a HIRS model to directly generate beneficial fea-

ture interactions of arbitrary orders. It uses a hypergraph (an extension of a standard

graph that each edge, i.e., hyperedge, can link to any number of nodes) to represent the

generated beneficial feature interactions of arbitrary order. Then, HIRS makes recom-

mendation predictions via hypergraph classification. The complexity of HIRS is linear

to the number of beneficial interactions to be detected; this number may be specified to

be one that is much smaller than the number of all the possible interactions and hence

incurs a much lower time complexity. To achieve an effective algorithm, we exploit three

properties of beneficial feature interactions (sufficiency, low redundancy, and disentan-

glement). Then, we propose deep-infomax-based methods based on the three properties

to guide the interaction generation.

We summarize the main contributions of this work as follows:
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• We propose a hypergraph neural network-based model, HIRS, which directly gen-

erates a set of beneficial feature interactions of arbitrary orders, and then performs

recommendation prediction via hypergraph classification.

• We define three properties of beneficial feature interactions and propose s-Infomax and

Infomin methods for beneficial feature interaction generation. We further propose an

interaction-based hypergraph neural network (IHGNN), which effectively learns from

the generated interactions for recommendation.

• Experimental results show that HIRS outperforms state-of-the-art feature interaction-

based models for recommendation. Further evaluations are conducted to show our

model’s beneficial feature interaction generation ability.

1.3 Modeling Feature Interactions based on Their Roles

for Recommendation

In Chapter 6 and Chapter 7, we conduct two works to explore the third research question

of how to categorize feature interactions to enhance the recommendations. We focus on

two scenarios. In the first scenario (Chapter 6), we categorize user and item attributes

into two types: one is for learning user/item profiles, and the other is for matching

users’ preference to items. Then we propose a neural graph matching-based algorithm

to effectively model the two types of feature interactions for recommendation. In the

second scenario (Chapter 7), we focus on leveraging context features to distinguish two

kinds of factors that jointly impact users’ decision-making in recommendation: intrinsic

factor and extrinsic factor. We propose an intrinsic-extrinsic disentanglement method

that can effectively learn the two kinds of factors to infer users’ decisions more accurately.

We introduce the two works below.

1.3.1 Modeling User and Item Attribute Interactions for Profile Learn-

ing and Preference Matching

User and item attributes are essential features; capturing their interactions can signif-

icantly enhance prediction accuracy. However, existing models do not distinguish the

impacts of attribute interactions in a recommendation, which may not be the most

effective way to exploit the information carried by the interactions. To address this

drawback, we identify two types of attribute interactions, inner interactions and cross

interactions: inner interactions include interactions between only user attributes or

only item attributes; cross interactions include iterations between user attributes and
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item attributes. We propose a neural Graph Matching based Collaborative Filtering

(GMCF) model, that effectively captures these attribute interactions through model-

ing and aggregates attribute interactions in a graph matching structure. In our model,

the two essential recommendation procedures, profile learning and preference matching,

are explicitly conducted through graph learning (based on inner interactions) and node

matching (based on cross interactions), respectively.

We summarize the main contributions of this work as follows:

• We highlight the importance of distinguishing the impacts of attribute interactions

on recommendation predictions, and categorize them into inner interactions and cross

interactions. These interactions should be treated differently when they play different

roles in the final predictions.

• We propose a novel neural graph matching-based model, GMCF, that effectively lever-

ages inner interactions for user/item profile learning (through graph learning), and

exploits cross interactions for preference matching (through graph matching). To our

best knowledge, we are the first to represent each user and each item as an attribute

graph, and model and aggregate attribute interactions in a graph matching structure.

• We conduct extensive experiments. Experimental results show that (i) our model out-

performs the state-of-the-art baselines in terms of accuracy; (ii) GMCF can effectively

model the two types of attribute interactions and achieves accurate predictions.

1.3.2 Modeling Context Feature Interactions for Intrinsic and Extrin-

sic Factor Learning

Context features (e.g., time, weather) are also important in recommender systems, but

they are not considered in GMCF. In this work, we explore how to leverage context

features for more accurate recommendation.

Inspired by psychology, we find that context feature interactions are perfect in distin-

guishing intrinsic and extrinsic factors that mainly influence users’ decision-making.

Intrinsic factors reveal users’ real interest that is invariant in different contexts, whereas

extrinsic factors change within different contexts. Accordingly, we propose an Intrinsic-

Extrinsic Disentangled Recommendation (IEDR) model that explicitly learns intrin-

sic and extrinsic factors, and leverages them to provide recommendations. Similar to

GMCF, we leverage graph neural networks to conduct explicit feature interaction model-

ing for user, item, and context representation learning. Then, the intrinsic and extrinsic

factors are inferred based on the learned representations. Meanwhile, we propose two
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components—a context-invariant contrastive learning component, and a mutual infor-

mation minimization-based disentangling component—to ensure the success of the factor

inferring collaboratively.

We summarize the main contributions of this work as follows:

• To the best of our knowledge, this is the first work to define intrinsic and extrinsic

factors for recommender systems with respect to context. The two types of factors

are also generated from the perspectives of both users and items for accurate recom-

mendation.

• We propose IEDR to explicitly learn disentangled intrinsic and extrinsic factor rep-

resentations. A context-invariant contrastive learning component and a mutual in-

formation minimization-based disentangling component are proposed to ensure the

success of factor inferring.

• Experimental results show that IEDR significantly outperforms state-of-the-art meth-

ods in terms of recommendation accuracy through learning intrinsic and extrinsic

factor representations.

• We conduct theoretical analyses to demonstrate the connection of context-invariant

contrastive learning with information theory.

1.4 Thesis Outline

The thesis is organized as follows. In Chapter 2, we provide a literature review on re-

lated work. Our review includes different types of recommender systems, how existing

methods model feature interactions for recommendation, and graph neural networks with

their application in recommender systems. Additionally, we will review other techniques

that are related to our proposed works, including L0 regularization and mutual infor-

mation maximization. From Chapter 3 to Chapter 7, we detail our works, respectively.

Each chapter contains a detailed introduction to our corresponding work, a complete

description of the proposed method, and extensive experimental results to prove the ef-

fectiveness of our work. In Chapter 8, we provide a summary of the thesis. In addition,

we demonstrate some potential future work.



Chapter 2

Literature Review

This chapter reviews existing studies that are relevant to our work. We review these

studies in the order from broad recommendation strategies to our focused techniques.

Specifically, we first introduce three broad types of recommender systems, and show

that the feature interaction-based methods belong to one of them (hybrid recommender

systems). Then, we give a detailed discussion about modeling feature interactions in

recommender systems. We review both implicit and explicit feature interaction model-

ing methods. Focusing on the explicit feature interaction modeling, we discuss studies

on three promising strategies: factorization machine-based strategies, attention-based

strategies, and graph neural network-based strategies. Next, we review graph neural

networks in various domains such as neural language processing and chemical structure

search. We also review the recommender systems leveraging graph neural networks for

other purposes such as social graphs learning and knowledge graphs learning. Finally, we

discuss techniques we used for feature interaction detection, including L0 regularization

and mutual information maximization.

2.1 Recommender Systems

With the development of the World Wild Web, the available information to people has

grown exponentially. The excess of information available to a person, usually called the

information overload problem, results in difficulty for people to obtain useful informa-

tion for decision-making [18, 19]. Recommender systems, therefore, were proposed as a

critical solution to mitigate this challenge. A recommender system is a technique that

provides suggestions for information (usually are items) to be of use to a user [20–22]. A

good recommender system can save the effort of users from searching and filtering vast

10
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Figure 2.1: The technique structure chart from recommender systems to our focused
research techniques. We focus on improving explicit feature interaction modeling meth-
ods (the grey box) for recommender systems. Most of our works are focus on leveraging

GNN-based technique (in red) for feature interaction modeling.

amount of information from the whole Web. As a result, recommender systems have

gain increasing interest from both academia and industry.

There are various strategies to design a recommender system. Figure 2.1 illustrates the

technique structure chart of recommender systems. We focus on feature interaction-

based recommender systems (the dotted box). Specifically, we mainly try to leverage

graph neural network (GNN)-based techniques (in red) to learn feature interactions. In

the following sections, we will introduce related works based on the techniques in the

figure in order.

2.1.1 Content-based Recommender Systems

A content-based recommender system leverages feature information of an item (a user)

to construct the profile of the item (the user). Then, the system will recommend an

item to a user if this item has a similar profile to the items that have been rated high by

the user previously [23]. For example, in a movie recommendation task, there are two

movies, Interstellar and Inception, that may be considered similar in a content-based

recommender system (they are both adventure and sci-fi movies directed by Christopher

Nolan). If a user watched Interstellar, the system may also recommend Inception to this

user.

In recent studies on content-based recommender systems, the weight of features is con-

sidered to differentiate the feature’s importance in computing the similarities between

the profiles of items (users) [24, 25]. Content-based recommendation methods have

close relationships with information retrieval and information filtering research [26–29].

Therefore, the techniques of information retrieval and information filtering can be used to

improve recommendation accuracy, such as TF-IDF [30–33] and n-gram [34–36]. These

approaches are commonly used in various recommendation applications like web page

recommendation and book recommendation. For example, Fab system [37] and Syskill
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& Webert system [38] select a list of important keywords in web pages and construct

the profile of the web pages based on these keywords. Some studies combine the Se-

mantic Web with content-based recommendations and use the feature relationships in

the Semantic Web to provide users with recommendations [39, 40]. Other studies learn

the content in the news and propose content-based new recommender systems [41–43].

The content-based recommendation can be applied in many other applications as long

as the item or user features are available, such as the rhyme and mood in a piece of

music for music recommendation [44, 45], the genres, casts and directors of movies for

movie recommendation [25, 46], and the product categories and style in e-commerce

recommendation [47–49].

Content-based recommender systems learn users’ preferences effectively through consid-

ering features. However, these recommender systems do not capture the opinions of

other users on the same item. Also, if there is a feature that a user has never interacted

with before, the system does not know whether the user likes the feature or not.

2.1.2 Collaborative Filtering-based Recommender Systems

Unlike content-based recommender systems, collaborative filtering-based recommender

systems produce recommendations based on the assumption that similar users will have

shared preferences on similar items (i.e., collaborative signals), which has been proven

effective for generating accurate recommendations [26, 50]. In Figure 2.2 as an example,

two users have watched similar movies (the gray and blue ones). Thus, the two users

are considered similar users. Since the female user watched another movie (the orange

one), the system believes that the male user will also like that movie.

Figure 2.2: An example of collaborative filtering-based recommender systems on
movie recommendation.
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There are two categories of collaborative filtering frameworks: memory-based collab-

orative filtering and model-based collaborative filtering [51]. We discuss them in the

following subsections.

2.1.2.1 Memory-based Collaborative Filtering

Memory-based collaborative filtering methods leverage the historical collection of user-

item interactions (e.g., purchase history, ratings) to make predictions [50, 52]. New

items will be recommended to a user ui by aggregating the interactions of similar users

on this item. There are different methods perform the aggregation. The simplest way is

to average all the corresponding interactions [26]. However, this method supposes that

all similar users have the same weight on the final predictions. This is unreasonable

since some users may be more similar to user ui, which should be taken more weights

while performing the aggregation. A more reasonable aggregation method is to considers

user similarity as a weight and it has been proven can achieves better recommendation

performance [51]. Therefore, similarity measurements are vital for memory-based col-

laborative filtering methods as they are used for searching for similar users and used

for calculating the weights while performing the aggregation [53]. While calculating the

similarity, many measurements are applied in recommender systems, such as cosine sim-

ilarity [54–57], correlation-based similarity [58–62], and conditional probability-based

similarity [63, 64]. More recently, machine learning algorithms are shown to be effective,

and model-based collaborative filtering has become more popular than memory-based

collaborative filtering in recommender systems.

2.1.2.2 Model-based Collaborative Filtering

In contrast to memory-based methods, model-based collaborative filtering learns a model

based on a collection of ratings. Then the learned model can make recommendation

predictions. Different types of models can be learned to perform the recommendation

predictions.For example, Bayesian network-based collaborative filtering methods lever-

age the Bayesian rule to calculate the conditional probability of a user interacting with

an item given that they have already rated another item. [65–67]. Clustering-based

collaborative filtering methods leverage clustering algorithms to group similar users (or

items) so that the similarity of interests can be explored inside each cluster [68–70]. La-

tent semantic-based collaborative filtering methods such as principal component analysis

(PCA) based recommender systems reduce the dimension of the rating matrix to better

capture similarities between users (items) [56, 71], and singular value decomposition
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Figure 2.3: How matrix factorization algorithm learn user and item dense matrices
of dimension 2 from the sparse user-item interaction matrix.

(SVD) based recommender systems decompose the sparse rating matrix into the prod-

uct of several low-rank matrices so that unseen interactions in the user-item interaction

matrix can be restored [72–74].

Similar to SVD based methods, the matrix factorization (MF) model factorizes the

rating matrix into the product of a user matrix and an item matrix. Each user (item)

is represented as a latent vector in the matrix. Then, whether a user will interact with

an item can be predicted via performing a dot product between the user vector and

the item vector. Figure 2.3 visualizes the learning procedure of MF. This simple and

effective algorithm got the top performance on Netflix price competition in 2007 [1].

Since then, MF has attracted much attention from academia and industry, and is now

one of the most popular collaborative filtering algorithms.

Many extensions of MF have been proposed and achieved better performance. For

example, non-negative matrix factorization forces the values of user and item matrices

to be non-negative. As a result, the meaning of the vectors is easier to inspect, and

the recommendation performance is improved [75–77]. Mnih and Salakhutdinov [78]

propose probabilistic matrix factorization (PMF) that represents user and item matrices

by probabilistic models, which achieves great performance on the large, sparse, and

very imbalanced Netflix dataset. Salakhutdinov and Mnih [79] further improve the

recommendation performance by using a Bayesian PMF treatment that integrates all

model parameters and hyperparameters, which can be efficiently trained through Markov

chain Monte Carlo methods (MCMC). To avoid manually choosing the best dimension

of the user and item matrices, Srebro et al. [80] propose Maximum Margin Matrix

Factorization (MMMF) that can extend the matrices to infinite dimension through kernel

methods. Rennie and Srebro [81] analyze the property of the kernel method and propose

a Fast MMMF to improve the efficiency. MMMF-based methods have been successfully

applied in various recommender systems [82–84].



Chapter 2: Literature Review 15

Recently, with the development of neural networks, He et al. [85] propose neural collab-

orative filtering (NCF) that combines the results of a neural network and a general MF

modeling user and item interactions, respectively. Xue et al. [86] unified the MF model

and neural networks. They proposed a deep matrix factorization (DMF) that directly

uses the rating matrix as the input of a neural network and it outputs the latent repre-

sentations of users and items. Then DMF multiplies the user latent representations and

item latent representations to generate the predictions. He et al. [87] perform an outer

product between user and item matrices to generate an interaction map and leverage

convolutional neural networks to learn high-order correlations among the interaction

map to generate recommendation predictions. Liang et al. [88] perform matrix factor-

ization in a variational autoencoder (VAE), a non-linear probabilistic model, to enable

matrix factorization to perform non-linear modeling. Wang et al. [89] consider the data

distribution inconsistency issue in training and test dataset and propose a doubly robust

approach to obtain unbiased performance estimation. This approach performs well in

various matrix factorization-based models.

However, collaborative filtering-based recommendation algorithms only use the rating

matrix, which cannot leverage the feature information. Meanwhile, it may raise the

cold-start problem. The problem appears when a user rate few items or an item is rated

by few user. As a result, this user/item does not have enough collaborative signal to

be well trained. Therefore, the hybrid recommender systems are invented to effectively

incorporate the advantages of content-based methods and collaborative filtering-based

methods.

2.1.3 Hybrid Recommender Systems

Hybrid recommender systems seek to combine the content-based recommendation meth-

ods and collaborative filtering methods to leverage the advantages of both the content-

based methods (e.g., can handle the cold-start problem) and collaborative filtering meth-

ods (e.g., leverage the collective intelligence). We categorize the hybrid recommender

systems into two categories. The first is to combine them via separate modeling, and

the second via unified modeling.

2.1.3.1 Separate Modeling

The most intuitive approach to combining the two types of methods is to run recommen-

dation algorithms of different methods separately and then fuse their results as the final

prediction. For example, Miranda et al. [90] aggregate the scores returned by a content-

based recommender system and a collaborative filtering-based recommender systems.
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Billsus and Pazzani [91] perform a switch strategy that first use a content-based recom-

mender system to generate a prediction. If the prediction confidence is not high, it will

then use a collaborative filtering-based recommender system to generate the prediction.

Smyth and Cotter [92] recommend a list of items that is generated by mixing several set

of items predicted by different recommender systems. However, the separate modeling

is suboptimal since the predictions do not combine the advantages of the two types of

methods.

2.1.3.2 Unified Modeling

Another approach is to propose a unified model that contains the characteristics of both

content-based methods and collaborative filtering-based methods.

Some studies based on this approach can incorporate one method as the component of

another method. There are basically two strategies. The first strategy is to incorporate

content-based characteristics to collaborative filtering-based models. Pazzani [93] pro-

pose a “collaboration via content” approach that leverage the content information (e.g.,

user attributes) to calculate the similarity between users. Good et al. [94] design various

agents to perform content analysis additional participants in collaborative filtering mod-

els. The second strategy is to incorporate collaborative filtering-based characteristics to

content-based models. Soboroff and Nicholas [95] learn user latent vector representations

via leveraging the latent semantic indexing technique to create the collaborative views

of users. The learned representations are then leveraged to perform pure content-based

recommendations.

Other studies focus on designing a single model to combine both the two methods.

Basu et al. [96] propose a single rule-based classifier that can learn both content-based

and collaborative signals. Ansari et al. [97] and Condliff et al. [98] explore leverag-

ing Bayesian-based regression models to model content information for user and item

profile learning, and leveraging their interactions as the final recommendation predic-

tion. Schein et al. [99] use the probabilistic latent semantic analysis to combine the

characteristics of the two types of methods in a probabilistic model.

In recent research, feature interaction modeling has been proven to be a promising ap-

proach to combining the advantages of content-based recommendation and collaborative

filtering-based recommendation [2, 100]. This is because feature interaction modeling

learns the relations between features, which simultaneously captures the content infor-

mation and collaborative signals. Modeling feature interactions can somehow consider

as combining both the two methods into a single model. However, due to its unique-

ness in combining the content-based and collaborative filtering-based characteristics, we
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consider it a new category of unified modeling approaches. Feature interaction-based

recommender systems can be categorized in to two frameworks: implicit feature interac-

tion modeling [5, 10, 101, 102] and explicit feature interaction modeling [4, 11, 16, 103].

In the next section, we explain how feature interactions can be leveraged in recommender

systems.

2.2 Modeling Feature Interactions in Recommender Sys-

tems

As discussed in the last section, modeling feature interactions is a promising technique

for combining content-based and collaborative filtering methods. In this section, we

first give an introduction to feature interactions in recommender systems. Then, we

discuss two frameworks of modeling feature interactions: implicit modeling framework

and explicit modeling framework.

2.2.1 Features and Feature Interactions

Features. In machine learning, features are critical elements in many algorithms for

classification and regression tasks [104]. In recommender systems, standard features can

be categorized as: (1) user/item features such as user attributes (e.g., ages, genders)

and item attributes (e.g., genres or directors of movies), and (2) context features (e.g.,

weather, daytime). For example, to recommend a movie, a recommender system lever-

ages the user/item attributes, such as the movie’s popularity, to a certain age of users.

In addition, if the system requires to suggest a timing to watch the movie in a theater,

context features can help since fewer people would like to go to a theater on a rainy day

or workday.

Feature interactions. Feature interactions are the co-occurrence of features in a data

sample input that jointly influence the final output. Considering feature interactions is

proven more effective than considering features independently. In the above example,

people may not go to a theater only because it is a weekend or because the weather is

sunny. Therefore, considering the time feature weekend and the weather feature sunny

together can provide more useful information for the recommendation prediction.

The data to train recommender systems considering feature interactions have the input-

output format (X, y), where X = {xi}i=1:p (i.e., a data sample) is a set of features that

will be inputted into the system, p is the number of features in the input, and y is the

output (e.g., whether the user purchase the item).
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Considering feature interactions resolves the cold-start problem and sparsity problem in

recommender systems. The cold-start problem is resolved by linking the users/items.

For example, a feature interaction may appear in multiple items. Therefore, a recom-

mender system can capture the knowledge that these items may share some common

characteristics. As a result, the system can generate reasonable predictions based on

the knowledge even if one of the items has not been seen by any user (cold-start situa-

tion). The sparsity problem is that there may be millions of inputs in a dataset, while

a feature may only appear in a few inputs, let alone the feature interactions. It can be

resolved by modeling feature interactions via capturing the similarities between different

features. For example, a dataset contains features A,B,C,D. The feature interactions

〈A,C〉, 〈A,D〉 appear in two data samples, respectively, and the two data samples have

similar outputs. Then, after training, the features C and D will be considered similar.

Another combination, 〈B,C〉, also appears in the training set and is well trained. While

testing, even if the feature combination 〈B,D〉 has never been seen in the training set,

the model can produce well analysis: the feature interaction modeling result of 〈B,D〉
is similar to 〈B,C〉 since feature C is similar to D.

Another advantage of considering feature interactions is that it can produce potential

interpretability of the prediction results. Broadly speaking, a machine learning model is

interpretable if it can reveal relevant knowledge about domain relationships contained in

data [8, 105]. For example, linear models (e.g., linear regression) are widely accepted as

having interpretability [106, 107]. A linear regression model weightily aggregates features

to get the final prediction, and the weight of each feature is considered to indicate the

contributions of this feature to the prediction. The interpretability of feature interactions

in recommender systems follows the same idea as the linear regression models. If a

recommender system considering feature interactions can obtain the modeling result

(e.g., a scalar value) of each feature interaction, these modeling results can be regarded

as the contributions of these feature interactions.

In the following subsections, we introduce representative feature interaction-based rec-

ommender systems. There are two basic types of feature interaction modeling frame-

works: implicit feature interaction modeling and explicit feature interaction modeling.

In Table 2.1, we give a comparison of selective feature interaction modeling methods

(including our proposed five models in this thesis) w.r.t. different properties, including

(1) the interaction modeling frameworks, (2)detailed feature interaction modeling ap-

proaches, (3) order of feature interactions (higher-order or pairwise), and (4) types of

feature interaction modeling (explicit or implicit).

From Table 2.1, we can see that most existing studies model feature interactions based
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Mthods Framework Modeling Method Orders Explicit

DLRM [102] DNN MLP Arbitrary
DIN [10] DNN MLP Arbitrary
W&D [9] DNN MLP/linear model Arbitrary
DeepFM [5] DNN MLP/FM Arbitrary
FM [2] FM dot product Pairwise

√

AFM [4] FM dot product+attention Pairwise
√

NFM [108] FM Bi-linear+MLP Pairwise
xDeepFM [16] FM dot product/CrossNet Limited

√

AutoFIS [17] FM dot product+gate Limited
√

AFN [109] FM logarithmic transformation Limited
√

AutoInt [11] Attention self-attention Limited
√

Fi-GNN [103] GNN/Attention self-attention Pairwise
√

MMF (Chapter 3) MF dot product Pairwise
√

L0-SIGN (Chapter 4) GNN MLP Pairwise
√

HIRS (Chapter 5) HGNN MLP + Infomax Arbitrary
√

GMCF (Chapter 6) Graph Matching GNN Bi-linear/MLP Pairwise
√

IEDR (Chapter 7) GNN MLP Pairwise
√

Table 2.1: Comparison of selective feature interaction modeling methods in several
properties.

on the DNNs and factorization machine (FM, we will detail it in Section 2.2.3) frame-

works. Our works (except MMF) are based on the more effective GNN framework.

Meanwhile, existing works can only leverage DNNs to implicitly model arbitrary order

feature interactions (DLRM, DIN, DeepFM, etc.). In contrast, our HIRS model is the

first to model arbitrary order feature interactions explicitly. We discuss these methods

in the following subsections in whether they are implicit or explicit feature interaction

modeling.

2.2.2 Implicit Feature Interaction Modeling

With the development of deep neural networks (DNNs), there is an increasing demand to

leverage DNNs for feature interaction modeling. Implicit feature interaction modeling is

a straightforward framework that models feature interactions using DNNs. Figure 2.4 (a)

illustrates how implicit feature interaction modeling works. Specifically, a recommender

system modeling feature interactions implicitly first concatenates all the input features

together. For example, each categorical feature can be represented as a latent vector

of d dimensions (i.e., feature embedding). A numerical feature can be represented as a

scalar value. Then, all the feature representations are concatenated into a large vector

as the input of a DNN (e.g., a multilayer perceptron). The feature interaction modeling

will be conducted in the DNN and output a result (a scalar value or a vector) indicating

the modeling results of all the feature interactions [5]. It is called implicit modeling

because of the black-box nature of DNNs. We neither know which feature interactions

are modeled nor how they are modeled inside the DNN. In the following, we introduce

some implicit feature interaction modeling-based recommender systems.
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Figure 2.4: (a) The implicit feature interaction modeling framework models all feature
interactions directly in a DNN. (b) The explicit feature interaction modeling framework

model each feature interaction separately and aggregate the modeling results.

The Wide & Deep algorithm [9] is a hybrid framework that simultaneously considers

the linear relationships (wide) between features through a linear regression model and

the non-linear relationships (deep) between features through deep neural networks. It

combines the memorization ability of linear regression models and the generalization

ability of deep neural networks to achieve accurate recommendation predictions. Guo

et al. [5] propose DeepFM based on the finding that a multilayer perceptron (MLP) can

implicitly model any order feature interactions [110].

Implicit feature interaction modeling also attracts attention in the industry due to its

simplicity and effectiveness. These models have similar structures of modeling feature

interactions—concatenate feature information and input it into a multilayer perceptron

(MLP) to directly output the final prediction. The differences are the choice of features

and the methods to construct the MLP input. Covington et al. [101] propose a deep

candidate generation model to recommend videos to users on YouTube. The model

concatenates users’ historical features, such as historical watched videos and searched

histories, and user/item features, such as geographic information and user gender, and

inputs all the features into an MLP. Naumov et al. [102] propose DLRM for Facebook.

It concatenates features and pairwise feature interactions modeling results using the

FM as the input of an MLP. Zhou et al. [10] propose DIN for Taobao’s item prediction.

Besides the common features such as user attributes and item attributes, it proposes a

deep interest network to learn user behaviors as part of the input of MLP to capture

users’ interests. Following extensions of DIN such as DIEN [111] and BST [112] focus on

performing a better user behavior learning, while their frameworks of learning feature

interactions are the same.

Although the implicit feature interaction modeling achieves success in recommender

systems, the black-box nature of DNNs diminishes the interpretability and flexibility of

the feature interactions, limiting its potential for further improving the recommendation
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accuracy. Meanwhile, later researches have experimentally proved the ineffectiveness of

the implicit way in extracting useful information from feature interactions. [11, 16, 113,

114].

2.2.3 Explicit Feature Interaction Modeling

Unlike the implicit method, the explicit feature interaction modeling method analyzes

each feature interaction individually, then aggregates the results as the final predictions.

Figure 2.4 (b) illustrates how explicit feature interaction modeling works.

In this subsection, we introduce three types of promising explicit feature interaction

modeling frameworks in recommender systems: (1) factorization machine-based feature

interaction modeling, (2) attention-based feature interaction modeling, and (3) graph

neural network-based feature interaction modeling.

2.2.3.1 Factorization Machine-based Feature Interaction Modeling

Factorization machine (FM) [2] is one of the most popular algorithms for modeling

feature interactions for recommendation. FM regards each feature as a pair (a,w),

where a is the name of the feature and w is the corresponding feature value in each data

sample. Note that each feature may have different feature values in different inputs. For

example, the age of a user can be regarded as a continuous feature and is represented

as (age, 0.35), where 0.35 is the normalized age of that user. For categorical features,

FM regards them as having the value 1 to indicate that the feature appears in a data

sample. For example, a female user will have the gender feature “female” and can be

regarded as (female, 1). FM represents each feature as a feature embedding of latent

space (a vector of d dimensions) via an embedding function v = femb(a). Therefore, each

feature shares the same embedding in different data samples. This is crucial for FM to

effectively consider feature interactions in recommender systems where the features are

usually sparse.

FM models feature interactions through the dot product of corresponding features. Con-

sidering pairwise feature interactions as an example, FM models the interaction of fea-

ture i and feature j (i.e., 〈i, j〉) as uij = vi � vjwiwj , where � is the dot product of

two vectors and uij is the result of the feature interaction modeling. Then, the recom-

mendation predictions are generated via aggregating the modeling results of all possible

pairwise feature interactions and trainable bias values of all features in the data sample.

Equation (2.1) shows the prediction function of FM.
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y′ = θ0 +

p∑
i=1

θiwi +

p∑
i=1

p∑
j=i+1

vi � vjwiwj , (2.1)

where θ are parameters, p is the number of features in the input and y′ is the predicted

output.

With the success of FM, many recommender systems based on FM have been devel-

oped. Xiao et al. [4] investigate one of the main limitations of FM that assigns the

same weight to different features, while different feature interactions may have different

levels of contribution to the final predictions. Accordingly, they propose an attentional

factorization machine (AFM) that assigns each feature interaction a different weight,

which is calculated through an attention mechanism [115]. Another limitation of FM is

that the aggregation of interaction modeling results in a linear process, which limits the

potential of FM to learn complicated (non-linear) relations between feature interactions

in jointly determining the final predictions. To address this, He and Chua [108] pro-

pose a neural factorization machine (NFM) that replaces the linear aggregation method

(sum) of FM with a deep neural network (DNN). NFM combines FM and deep neural

networks, which achieves state-of-the-art recommendation accuracy. Chen et al. [116]

investigate the suboptimal nature of the negative sampling strategy, such as the bias

issue and the highly sensitive to the sampling distribution issue. They propose a non-

negative sampling-based FM algorithm that is more efficient and effective in modeling

feature interactions than FM. Yu et al. [117] study the impact of the same feature in

different situations (different data samples) and propose an input-aware neural network

upon a factorization machine model so that the same feature will have different impacts

in different data samples. Lu et al. [118] propose a dual input-aware neural network

that learns feature representations at bit-wise and vector-wise levels simultaneously for

fine-grained interaction analysis. Then the reweighted feature representations are used

for recommendation prediction by FM. Chen et al. [119] introduce two types of features:

static features that may not change with time (e.g., user genders), and dynamic features

that may change with time (e.g., user interacted items). They especially investigate

the effect of sequential dependencies between dynamic features to extend factorization

machines to sequential recommendation tasks.

Theoretically, FM can capture feature interactions higher than 2nd orders (i.e., high-

order feature interactions). However, its time complexity grows exponentially with the

order increase since it needs to model all possible feature interactions. Therefore, it is

prohibitive to model all the high-order feature interactions in FM. To address the prob-

lem, HOFM [120] combines FM and a ANOVA kernel [121] for efficiently computing

feature interactions in FM. HOFM can efficiently consider arbitrary-order feature inter-

actions while maintaining similar accuracy to FM. Liu et al. [17] calculate a gate for each
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high-order and low-order feature interaction to decide which feature interactions are im-

portant to be eligible for participating in the final prediction. Cheng et al. [109] propose

AFN that leverages a logarithmic transformation layer to perform adaptive learning on

arbitrary-order feature interactions. In the last section, we discussed the DeepFM model

that performs implicit feature interaction modeling for higher-order feature interaction.

To model these feature interactions explicitly, Lian et al. [16] extend the DeepFM model

by leveraging a cross network [113] to explicitly model bounded-order feature interac-

tions (e.g., up to 4-order) instead of a DNN in DeepFM. Thus, the cross network keeps

the benefit of DNNs, while it is more effective in learning the high-order feature inter-

actions of specific orders. Zhang et al. [122] consider filed information of features and

propose explicitly learning filed relations in the DeepFM framework for more accurate

recommendation.

FM-based models leverage the dot product as the interaction modeling function. How-

ever, feature interactions are inherently complicated. Attention-based methods explore

to leverage the attention mechanism (in the next section) to better capture feature

interaction information.

2.2.3.2 Attention-based Feature Interaction Modeling

Based on psychology, the attention mechanism is a behavioral and cognitive process

where people concentrate on some information while ignoring other perceivable infor-

mation [123]. This mechanism has been borrowed by the machine learning field and

indicates that a machine learning model gives more weight (pay more attention) to

some important parts of the input to perform predictions. It has been first proposed by

Bahdanau et al. [115] to improve the long short-term memory model (LSTM) in neural

language processing tasks and achieves surprisingly good performance. An attention

model has been proposed to capture the relative importance of input entities (tokens)

to the output entities. Due to the success of the attention mechanism, it has rapidly

been applied in various neural language processing tasks [124–128] and computer vision

tasks [129–132].

The attention model has great potential to learn feature interactions since the feature

interaction modeling also tries to analyze the relations between features. The gen-

eral framework of attention-based feature interaction modeling first learns the attention

weight between each pair of features. Then the weight will be normalized as the con-

tributions of each interaction to the final predictions. Equation (2.2) shows how the

attention model learn feature interactions.
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a
′
ij =fattn(vixi,vjxj),

aij =
exp(a

′
ij)∑

i 6=j exp(a
′
ij)
,

(2.2)

where fattn learns the unnormalized attention weight between each pair of features and

aij is the normalized attention value. The attention values are not used for feature

interaction modeling for the first attempt but are still used as weights while aggregating

the feature interaction modeling results. Xiao et al. [4], Guo et al. [133] leverage the

attention values as the weights of feature interactions in factorization machines. Zhang

et al. [122] propose a field attention algorithm for calculating the importance of the

same features in different data samples. Tao et al. [134] extend AFM by leveraging the

attention algorithm from calculating the weight of pairwise feature interactions to the

weight of high-order feature interactions.

With the progress of the Transformer algorithm [135], the self-attention mechanism

solely as the relational reasoning method achieves great success [136–139]. Yun et al.

[140] apply self-attention to model feature interactions and then use a vanilla attention

method to aggregate the feature interaction modeling results at the final step of the

prediction. Song et al. [11] leverage a multi-head self-attentive neural network [135] for

pairwise feature interaction modeling. They claim that high-order feature interactions

can be modeled by stacking the self-attentive neural network layers. Li et al. [103] also

leverage the multi-head self-attentive neural network for feature interaction modeling

but apply it in graphs that can also be regarded as edge modeling. Xie et al. [141] con-

sider both explicit/implicit positive/negative feedback and leverage multiple multi-head

self-attentive neural networks to model feature interactions in each kind of feedback,

respectively. Then all the modeling results are aggregated through vanilla attention

models. Xiao et al. [142] explore the multiple interests of users and propose DMIN that

contains two multi-head self-attentive neural networks. One self-attentive neural net-

work is used for feature interaction modeling, and another for extracting users’ multiple

interests. On top of the multi-head self-attentive neural networks, Li et al. [143] effi-

ciently model high-order feature interactions through a proposed attentional aggregation

strategy that simultaneously provides interpretability.

Compared to factorization machine-based feature interaction modeling methods that

model feature interactions via dot product, attention-based methods use more sophis-

ticated self-attention mechanisms to better capture the feature interaction information.

In practice, such sophisticated interaction modeling is proven more effective and has

achieved state-of-the-art performance in recent years.
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Figure 2.5: (a) A graph with nodes and edges. (b) How GNNs generate updated
node embeddings (nodes in green) by the message passing technique.

2.2.3.3 Graph Neural Network-based Feature Interaction Modeling

Graph neural networks (GNNs) facilitate learning about entities and their relations

[12, 13, 144, 145]. In this part, we give a brief introduction to how GNNs work and

focus on their applications in feature interaction modeling. In the next section, we give

a more detailed discussion of GNNs and their related applications.

A GNN is applied in the data form of a graph G〈V, E〉 consisting of a node set V and

an edge set E . Figure 2.5 (a) illustrates a graph representation. A node will first be

represented as a node embedding, which is a vector that each element is either the

attributes of the node or a randomly initialized parameter. The core of GNNs is the

message passing technique, which aggregates the neighbor information for each node

to update the node embedding. Figure 2.5 (b) illustrates how the message passing

technique works to update node embeddings. Specifically, for each node v ∈ V, a GNN

first aggregates the neighbor information:

bv = faggr({hu : u ∈ N (v)}), (2.3)

where N (v) are the neighbors of node v, hu is the node u’s embedding, faggr(·) is an

aggregation function (e.g., element-wise mean).

Then, the embedding of node v will be updated though a update function fupdate:

h
′
v = fupdate(hv, bv), (2.4)

where h
′
v is the updated embedding of node v.

Leveraging GNNs for feature interaction modeling is a new but promising research direc-

tion in recommender systems. Generally, GNN-based methods regard each data sample

with features as a graph: each feature being a node in the graph and each feature inter-

action being the edge between the corresponding nodes. Therefore, each data sample can
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be regarded as a graph (i.e., a feature graph). In this way, the advantages of GNNs can

be leveraged for feature interaction modeling by learning the feature graph, as discussed

below.

First, the graph is a flexible structure and does not constraint data representation. For

example, in neural language processing tasks, tokens are stored in vectors, e.g., each

sentence is a vector, with each token represented as an ID and takes one element of a

vector. On the other hand, in computer vision tasks, images are stored as a matrix,

where each element is a pixel. As a result, the fixed-size vector or matrix representation

can limit the flexibility of the data formatting. For instance, sentences may have differ-

ent lengths. To represent sentences of different lengths uniformly, researchers have to

predefine the largest length (e.g., 100) of tokens for each sentence. Then, the sentences

containing more than 100 tokens have to be truncated, and those containing less than

100 tokens have to be filled up with placeholder symbols. Images may also have different

sizes. The larger images may be truncated to a fixed size to be stored as matrices format

uniformly. Inevitably, this alteration will result in information loss or introduce some

noise.

A graph is a data structure in which each graph can contain different numbers of nodes

and edges. Therefore, even if the input data samples have a different format, they can

be easily represented in graph form, e.g., each image is a graph where each node is a

pixel, and neighbor pixels are linked by an edge. For recommender systems considering

feature and feature interactions, each data sample in recommender systems may contain

different numbers of features. For example, a movie may contain different numbers

of casts, genres, and directors. A graph, therefore, is a more suitable data format to

represent such data samples containing different numbers of features by representing

each feature as a node in a graph.

Second, the graph is a perfect data structure to explicitly represent features and feature

interactions. Previous data representation methods such as vectors can only represent

feature information. Feature interactions must be constructed in the recommender sys-

tems to model feature interactions. For example, FM-based models construct all the

feature interactions and then model them. Graphs provide a uniform structure to repre-

sent feature interactions explicitly. The feature interactions to be modeled are already

stored in a feature graph. Researchers can design new feature interaction-based recom-

mender systems by simply proposing their variations of GNNs without worrying about

feature interaction generation.

The third and most important advantage of using GNNs for feature interaction modeling

is that GNNs are powerful in modeling the relations between entities (nodes) [12, 13].
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This is the main reason behind the success and great adoption of GNNs in many prob-

lems, such as machine learning-based molecular property prediction [146, 147], and ob-

ject relation learning physical systems [148, 149]. Presenting feature interactions as edges

perfectly leverage the relational reasoning ability of GNNs for feature interaction mod-

eling and aggregation. Specifically, the message passing procedure in GNNs can be used

as the feature interaction modeling procedure. The updated node embeddings contain

the interaction modeling results and can be leveraged for recommendation prediction.

However, how to effectively leverage GNNs for feature interaction modeling is still an

open question. In existing studies, Li et al. [103] is the first work to leverage GNNs for

feature interaction modeling in recommender systems. They propose Fi-GNN, which

represents each feature as a node, and all pairwise feature interactions as edges. There-

fore, each data sample forms a complete graph. Then, they combine the GNNs and

the self-attention mechanism and modify the message passing function as a multi-head

attentive neural network. Fi-GNN achieves better recommendation performance than

existing competitive baselines. However, Fi-GNN has a drawback: they construct a

complete graph for each data sample. This is suboptimal solution because some fea-

ture interactions may not be relevant to the recommendation result, and taking them

into account may introduce noise and decrease the accuracy [150, 151]. We propose

L0-SIGN that leverages a link prediction technique with an L0 activation regularization

to detect beneficial feature interactions for recommendation. We demonstrate this work

in Chapter 4.

Li et al. [152] propose a feature interaction detection method under the graph neural

network framework as a link prediction. They first leverage a neural network to capture

the link information (the probability of having a link) between every pair of features in a

graph. Then, they propose a sampling strategy that samples the same number of edges

for each graph as a set of beneficial feature interactions based on the probabilities. Xie

et al. [153] propose an inductive feature interaction searching strategy to detect ben-

eficial high-order feature interactions. Their search strategy is based on the intuition

that useful high-order feature interactions come from useful low-order feature interac-

tions. Then they represent features as feature graphs, and perform the useful feature

interaction detection as an edge search task. To find useful high-order feature interac-

tions, they predict multiple edge adjacency matrix (i.e., adjacency tensor), with each

newly predicted adjacency matrix (higher-order feature interactions) detected based on

previously predicted adjacency matrices (lower-order feature interactions). Finally, the

detected feature interactions are modeled through a stacked GNN.

The above proposed GNN-based feature interaction modeling methods cannot capture
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high-order feature interactions, impose significant computational and memory complex-

ity (e.g., the detected adjacency tensor can be very sparse). In this thesis, we leverage

the hypergraph form representations (a generalized graph form representation that each

edge can link to more than two nodes) to represent high-order feature interactions more

efficiently and more straightforward. Then we propose a method to directly generate

high-order feature interactions, which is more time efficiency founded by using the deep

mutual information maximization [154] technique. We will detail this method in Chapter

5.

2.3 Graph Neural Networks

In the last section, we discuss studies that leverage graph neural networks for feature

interaction modeling in recommender systems. This section provides a more detailed

discussion about studies of graph neural networks, including different graph neural net-

work algorithms, and a brief introduction to their applications in other machine learning

domains. Then, we will talk about neural graph matching, a specific GNN application

domain that closely relates to our work in Chapter 6. After that, we will talk about

the applications of GNNs in recommender systems other than for feature interaction

modeling.

2.3.1 Graph Neural Networks

In recent years, graph neural networks (GNNs) are invented to model the rapid growth

of graph data, such as social networks, molecules, and traffic [155]. GNNs can be di-

vided into two categories: spectral models [12, 156] and spatial models [157–159]. Their

graph learning strategies are based on the same principle: each node in a graph ag-

gregates neighborhood information to capture the neighbor relations and leverage the

information to update the node representation. Specifically, each node will have a node

representation (e.g., node embedding). Then, each node aggregates the vector represen-

tations of its neighbors (e.g., element-wise mean) and updates the node representation

through a function considering the aggregated representation of the neighbors and the

node’s original representation. The updated node representations are called node patch

representations. This procedure can be stacked multiple times to catch distant neighbor

information. If the graph representation is required (e.g., in graph classification tasks),

the node patch representations will be further aggregated into a single vector as the

graph representation for further downstream tasks.
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GNNs have been successfully applied in many research domains. In chemistry, Duvenaud

et al. [146] generalize hand-crafted molecular features by operating directly on molecular

fingerprints using graph convolutional networks. Gilmer et al. [147] propose the Message

Passing Neural Networks (MPNNs), a general GNN-based molecule learning framework

for molecular property prediction. In physical system research, the numbers and posi-

tions of objects are flexible. Therefore, a physical system is suitable to be represented

as a graph. Chang et al. [148] represent a physical system as a graph and use GNNs

to learn object relations in dynamic physical systems. Battaglia et al. [149] propose an

interaction network that regards a physical system as a graph. In the graph, nodes are

objects, and edges represent their relations. The interaction network can model complex

systems interacting in dynamic situations.

In computer vision, an important task is to extract objects and their relations in images

(the extracted representation is a scene graph). Xu et al. [160] leverage the message

passing strategy to iteratively model the generated scene graphs. Yang et al. [161] detect

objects and their relations in an image through a proposed relational proposal network

and learn the related information through a proposed attentional GNN to generate

scene graphs. Li et al. [162] focus on the efficiency of scene graph generation. They first

generate a set of subgraphs through a bottom-up clustering method. Then, they propose

a spatial-weighted message passing method to efficiently model the relations within each

subgraph while maintaining their spatial relations in the entire scene graph. Action

recognition in videos is another computer vision task that can be effectively handled by

GNNs. Yan et al. [163] propose a spatial-temporal GNN, a general framework to learn

both the spatial and temporal patterns in video data for action recognition, which is more

expressive than traditional non-GNN methods. It does not rely on hand-craft parts or

traversal rules. Shi et al. [164] propose a two-stream adaptive GNN that automatically

learns the topology of the skeleton graph and can further capture the second-order

information (e.g., directions of bones) that has not been considered in previous methods.

In neural language processing, the most intuitive application is text classification. The

whole text dataset can be regarded as a graph. For example, in a citation network,

each text is a node, with the tokens in texts being node features, and their citation

relationships are edges [165]. Then, GNNs can be applied to perform text classification

as a graph node classification task [12, 157, 158]. An alternative option is to consider

each text as a graph. In the graph, nodes are tokens, and edges are their relations.

Then, the text classification predictions are the graph classification results. Marcheg-

giani and Titov [166] combine the syntactic dependency trees of texts and text graphs

that consider the dependency relations as edges. They propose a syntactic GNN to

model the text graph with syntactic dependency-based edges to get the latent text rep-

resentations. Bastings et al. [167] use a similar idea and apply syntactic GNN to the
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neural language translation task. Graph-to-sequence learning is to generate text through

graph structure semantic information (i.e., abstract meaning representation). Therefore,

it is also a promising neural language processing task to apply GNNs. Song et al. [168]

leverage GNNs to model the graph-structure abstract meaning representation to form a

GNN-LSTM framework for graph-to-sequence learning, which is more effective in cap-

turing the graph-based abstract meaning than the previous LSTM-LSTM framework.

Beck et al. [169] investigate the issue that semantic graphs always have long dependen-

cies between nodes. They levearege the Gated Graph Neural Network [170] to capture

longer distance semantic relations in graph-to-sequence learning. The above GNN-based

methods achieve state-of-the-art performance in their corresponding research domains,

proving that GNN is a promising framework for modeling various relations.

2.3.2 Neural Graph Matching

Graph matching aims to discover the similarity between two graph representations,

and it is a long-standing research topic in computer science, such as similarity search

in process model repositories [171] and chemical structure search [172]. We leverage

the neural graph matching technique in Chapter 6 for matching users and items in

recommender systems. In this section, we introduce studies related to neural graph

matching.

Traditional graph matching algorithms are based on heuristic rules, such as minimal

graph edit distance [173, 174], or graph kernel methods, such as random walks inside

graphs [175, 176] and graph sub-structures [177, 178].

With the development of GNNs, recent studies explore neural-based graph matching. Bai

et al. [179] leverage a GNN to model two graphs and generate graph-level embeddings,

respectively. Then, they devise a pairwise node comparison method to perform the

graph matching with fine-grained node-level information. Li et al. [180] capture node-

level information for graph matching, and simultaneously perform graph learning and

node-level graph matching in a fused model in a Siamese network framework. Bromley

et al. [181] model two graphs using the same GNN, and perform node-level matching at

the message passing stage of graph learning. In this way, the graph learning procedure

learns both the graph information, and the node-level matching information for the final

graph matching.

Recently, neural graph matching methods have been used for image matching in the

computer vision domain. Sarlin et al. [182] extract image features to construct a feature

graph. They propose SuperGlue to match two feature graphs by a two-stage procedure.
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In the first stage, SuperGlue maps graphs into graph vectors containing keypoint infor-

mation through an attentional graph neural network. In the second stage, it learns a

score matrix showing the feature matching results through multiple proposed optimal

matching layers. As a result, SuperGlue achieves end-to-end image feature matching

compared to traditional hand-designed heuristic matching methods. Jiang et al. [183]

focus on the problem that the smoothing-based graph convolutional layers in traditional

GNNs may lose discriminatory information of graph nodes. They propose a Laplacian

sharpening convolutional module and a constraint regularized loss for more discrimina-

tive node embedding learning for better image feature matching using GNNs.

However, the neural graph matching methods have not yet been fully explored in rec-

ommender systems. In this thesis, we find that the graph matching procedure perfectly

fits the preference matching procedure in recommender systems. Specifically, let’s con-

sider each user (or item) as a graph constructed by their corresponding attributes. The

preference matching procedure is exactly the matching procedure between a user graph

and an item graph. The difference is that the traditional procedure matches whether

two graphs have a similar topology structure, while the graph matching in our scenario

matches users’ interests in item attributes. Besides, the graph structure representations

of users and items enable better user/item profile learning by GNN models. We will

detail this work in Chapter 6. This is the first work to represent each user and item

in a graph form and leverage the framework of neural graph matching for preference

matching.

2.3.3 Other GNN Applications in Recommender Systems

In Recommender Systems, GNNs have been applied in many other graph analysis tasks

in addition to modeling feature interactions to facilitate recommendation predictions.

Here we focus on several common scenarios where existing works leverage GNNs in

recommender systems. In this section, we discuss how GNNs can be used for user-

item graph learning [184–188], social relation learning [189–193], and knowledge graph

learning [194–198, 198, 199].

User-item interactions are one of the most key relations in recommender systems. There-

fore, it is natural to consider leveraging the relational reasoning ability of GNNs to infer

the user-item interactions. One intuitive method is constructing a user-item bipartite

graph where an edge exists between a user and an item. van den Berg et al. [184] con-

struct a user-item bipartite graph where a user and an item are linked by an edge only if

the user interacted with the item. Therefore, the recommendation predictions are con-

ducted via link prediction. They propose a GNN-based auto-encoder framework to infer
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the link information. However, the bipartite graph only consists of direct interaction

information, but omits the remote interaction information (i.e., high-order connectivity

information). Therefore, one method is to construct a user-item bipartite graph, where

an edge exists between users and items. Wang et al. [185] use a similar graph construc-

tion strategy but regard the graph as a typical graph. By staking the message passing

procedure of GNNs, their proposed algorithm can capture a better collaborative signal

to achieve better prediction performance.

Wang et al. [186] focus on the different intents of user-item interactions (e.g., interests,

shop for others). They propose a disentangled graph collaborative filtering methods that

learn disentangled representations for different intents. As a result, interactions of differ-

ent types of intents will be treated differently, which yields more fine-grained user-item

interaction analysis. He et al. [187] pay attention to designing a GNN framework that

is more suitable for user-item interaction modeling for recommendation. They propose

LightGCN, which simplifies the typical GNN by removing the transformation and the

nonlinearity components. As a result, LightGCN is more efficient in learning user-item

graphs and achieves better recommendation prediction performance than traditional

GNNs. On top of LightGCN, Wu et al. [188] leverage self-supervised contrastive learn-

ing methods to achieve more robust predictions, further improving the recommendation

prediction accuracy.

Social networks reveal the relationships between users (e.g., friends, fans). In social

recommendation, social networks are crucial information for finding common preferences

of users for recommendation prediction [200, 201]. For example, we can assume users

have similar interests if they are friends. Then, in collaborative filtering, these users can

be considered similar users and perform recommendation predictions based on the user

similarity.

A common way to represent a social network is to represent it as a graph. Users in

the network are nodes, and their relationships are edges. If user side-information (e.g.,

age, gender) is known, initial user representation can be users’ features. Then, node

(user) patch representations can be learned through standard GNNs. Fan et al. [189]

consider the connection and the differences between users involved in the social net-

work graph and the user-item interaction graph, and propose a GNN-based framework,

GraphRec, for social recommendation that coherently models two graphs. Wu et al.

[190] explore the recursive diffusion process (close neighbors may influence each other,

and they will further diffuse this influence to other neighbors) in social networks and

propose a deep influence propagation model that captures the recursive social diffusion

process for social recommendation. Wu et al. [191] also jointly learn a social network

graph and a user-item graph, but focus on the different weights that different friends can
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influence and the dynamic pattern of social effects. They propose dual graph attention

networks to tackle these problems and achieve significant performance improvement in

social recommendation. Huang et al. [192] leverage GNNs to model an item-item graph

that involves inter-dependent knowledge across items to facilitate the item representa-

tion learning. Yu et al. [193] focus on the fact that user relations may not be pairwise.

They propose to leverage hypergraphs to represent the high-order user relations (e.g., a

group of people all have similar interests). Then, they integrate self-supervised mutual

information maximization methods into GNN learning to effectively learn the different

types of high-order relations.

Another graph-based information usually used in recommender systems is the knowledge

graph (KG). A knowledge graph is a general graph-based representation of different

attributes and relations of data. For example, a movie information knowledge graph

may contain a node set that each node is one of the attributes of movies (e.g., a kind of

genre, a director, a cast), and an edge set that each edge is a kind of relations between

the nodes (e.g., is the director of, is the gene of). By learning the knowledge graph,

useful attribute relation information among all movies can be extracted and stored in

the learned node patch representations and be used for recommendation prediction.

In existing KG-based recommender systems, Wang et al. [194] construct items and their

corresponding side-information as a knowledge graph. They propose RippleNet, an end-

to-end model that performs knowledge graph learning and recommendation prediction

simultaneously. The prediction is the multiplication of the representations (vectors)

of a user and an item. Wang et al. [195] explore whether the same relation in the

knowledge graph may have different importance to different users. Therefore, each user

is first assigned a real-valued weight to the relations through a function considering

user information. Then they learn the knowledge graph through a knowledge-aware

GNN. Wang et al. [196] construct the knowledge graph by considering users, items,

and item attributes as nodes. User-item interaction and the relationship between items

and item attributes are edges (the collaborative knowledge graph). Then the node em-

beddings are learned through a proposed GNN-based attentive embedding propagation

layer. Yang and Dong [197] propose hierarchical attention that captures high-order con-

nectivity between nodes in a heterogeneous knowledge graph. Chen et al. [198] propose

semi-supervised graph attention networks that incorporate rich unsupervised informa-

tion in the knowledge graph for node embedding learning. Cao et al. [199] focus on

the drawbacks of knowledge graphs that some relations may not always be correct (e.g.,

some relations and entities may be missing). They propose a unified model that jointly

performs knowledge graph completion and recommendation model learning to simulta-

neously achieve more accurate recommendation prediction and get in a better knowledge
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graph completion result. The knowledge graph merely contains attribute-attribute re-

lations so that all the knowledge graph-based recommender systems do not consider

feature interactions.

2.4 Techniques for Feature Interaction Detection

Our second research question explores detecting beneficial feature interactions for rec-

ommendation. In this section, we discuss the related techniques conducted in our works,

L0 regularization and mutual information maximization, for the detection. Note that

these techniques do not aim for feature interaction detection in other works. We perform

the detection by leveraging these techniques in novel ways.

2.4.1 L0 Regularization

L0 regularization is an essential technique in sparse approximations [202] that penalizes

non-zero parameters. Formally, the L0 regularization has the form ‖θ‖0 =
∑|θ|

j=1 I[θj 6=
0], where θ are the parameters. However, optimizing an objective function with an L0

regularization is considered an NP-hard optimization problem [203]. Various studies

explore to solve the problem. Greedy methods [204] are fast in performing the optimiza-

tion but have no guarantee of the optimizing results. Relaxation methods [205, 206]

have better performance but are more time-consuming. Iterative thresholding methods

[202, 207, 208] guarantee the convergence of the optimization procedure and achieve less

cost.

Due to the non-differentiable nature of L0 regularization, it does not attract atten-

tion previously in machine learning domains until Louizos et al. [151] solved the non-

differentiable problem. They leverage the reparameterization trick to represent each

parameter as the product of a real value (parameter value) and a binary value (a gate

value). Then, the L0 regularization is used to minimize the number of gates having a

value of 1. Finally, they propose a hard concrete distribution to approximate the discrete

binary gate values by continuous values that are differentiable and can be optimized us-

ing gradient descent algorithms. Based on this work, some studies have been proposed

to compress neural networks using L0 regularization.

Tsang et al. [7] apply L0 regularization on fully connected multilayer neural networks

to sparsify the connections between layers. In this way, the sparse neural networks are

more time and space efficient and provide the potential for interpretability. Shi et al.

[209] leverage L0 regularization to prune the dimension of the latent representation



Chapter 2: Literature Review 35

vectors of the variational autoencoders [210] to find the most suitable dimension of the

latent representation vectors. We utilize L0 regularization to detect beneficial feature

interactions and leverage only the beneficial feature interactions for recommendation.

Besides, we are the first work to theoretically prove the ability of the L0 regularization

to achieve feature interaction detection founded on the information bottleneck principle.

We will detail this work in Chapter 4.

It is worth noting that L1 regularization (or Lasso) is another regularization method that

is also able to sparsify models [104]. Unlike L0 regularization in recent machine learning

studies that minimizes the number of parameter gates, L1 regulation directly minimizes

parameters. Many studies leverage L1 regularization to achieve model sparsity [211–

214]. However, the direct parameter minimization makes a mix of parameter estimation

and parameter sparsifying [151]. This may result in a challenging situation for the model

to simultaneously achieve good parameter estimation and sparsifying during training.

For example, a parameter (or a feature) shows a strong correlation (important) to the

true output. This parameter should be significant in parameter estimation, while it

should be small in the point of view of parameter sparsifying by the L1 regularization.

L0 regularization solves this problem by achieving the sparsity goal by a gate parameter

for each learnable parameter.

2.4.2 Mutual Information Maximization

In information theory, mutual information (MI) is fundamental in measuring the re-

lations of two random variables. The estimation of mutual information is notorious

because of the high computational complexity in a continuously high-dimensional space.

Therefore, MI has not been widely adopted in deep learning until Belghazi et al. [215]

proposed a efficient mutual information neural estimation (MINE) method that lever-

ages a neural network to distinguish the joint distribution of two variables from their

marginal distribution. As a result, MI can be efficiently estimated through training a

neural network-based classifier (or discriminator).

Mutual information maximization (Infomax) [216, 217], which maximizes the MI be-

tween input and output, is one of the most critical techniques in unsupervised feature

representation learning. Infomax heavily relies on mutual information estimation, which

has not caught much attention in deep learning. With the proposal of MINE, Hjelm

et al. [154] successfully perform image representation learning using the Infomax tech-

nique by proposing Deep Infomax (DIM) based on MINE. Specifically, DIM maximizes

the mutual information (MI) between an image’s local and global representations. DIM

learns image representations in an unsupervised setting but gains similar (even better)
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performance in downstream tasks (e.g., image classification) compared to supervised

learning. After that, Veličković et al. [218] leverage DIM to perform unsupervised graph

representation learning and propose the deep graph Infomax method (DGI) to maximize

the MI between node representations and graph representations. In addition to node

representation, Sun et al. [219] perform graph representation learning that considers

substructure information from graphs (e.g., edges, triangles) for better representation

learning results. Li et al. [220] use DGI to learn graph information and summarize it

into a compact form (e.g., graph pooling) to achieve hierarchical graph representation

learning. They propose a vertex Infomax pooling method that is used for both rep-

resentation learning and important node searching. Pang et al. [145] focus on better

graph pooling performance, and propose a coarsened graph Infomax pooling method

to efficiently capture the global dependencies between graphs before and after pooling

(which previous methods are unable due to the high computational complexity).

Recommender systems also require representation learning (e.g., feature representation

learning, item/user representation learning). For the first time, we perform arbitrary

order beneficial feature interaction detection through Infomax algorithms for recommen-

dation. Our work achieves several unprecedented explorations. First, we are the first to

achieve feature interaction detection using Infomax algorithms. Second, we are the first

to perform Infomax on hypergraphs with more complex relationships between nodes and

different graph learning strategies. Third, since recommender systems usually contain

label information (e.g., explicit or implicit feedback), we perform Infomax in a super-

vised setting to leverage the label information to achieve better Infomax performance.

Forth, our proposed Infomax method is theoretically guided by our proposed properties

of beneficial arbitrary order feature interactions in information theory. We will detail

this work in Chapter 5.

Contrastive learning is a popular research direction recently that is close to DIM. The

procedure of contrastive learning can be regarded as maximizing the mutual information

between two views of the same variable (e.g., image) [221–223]. The view of the vari-

able is obtained via data augmentation algorithms (e.g., rotation, color-changing). By

doing so, the essential information that is invariant to the augmentation (usually being

regarded as beneficial for downstream tasks) will be captured in the learned representa-

tions, and other irrelevant information will be discarded. For example, given an image

of a cat, a person can recognize that it is a cat even if the image is rotated or the color

becomes black and white. There are some contrastive learning works that are close to

our fourth work (Chapter 5). Tian et al. [224] define the properties of good views in

contrastive learning. They hypothesize that each view contains all the information of

an input variable about the output. In Chapter 5, we define the properties of beneficial

feature interactions. However, the hypothesis in [224] is not suitable for our scenarios.
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Each beneficial feature interactions in recommender systems usually contain only a tiny

part of the output information, and the final predictions are made based on all the inter-

action information. Therefore, our proposed properties of beneficial feature interactions

are based on the hypothesis that each interaction only contains part of the information

about the output. Khosla et al. [225] extend contrastive learning to a supervised setting

that maximizes the mutual information between the views of the same variable and the

views of all the variables of the same label class. Our s-Infomax is similar to this work

but applies the supervised learning between local and global representations.

2.5 Summary

In this chapter, we review existing works along with the techniques from three broad

types of recommender systems to our focused feature interaction modeling-based recom-

mender systems. Then, we demonstrate how feature interactions can be leveraged for

recommendation. We discuss three techniques for explicit feature interaction modeling,

including our focused graph neural network-based feature interaction modeling. Next,

we talk about general graph neural network techniques and how they are leveraged in

recommender systems besides feature interaction modeling. Finally, we review existing

works about L0 regularization and mutual information maximization, which are essential

techniques in our works for beneficial feature interaction detection.



Chapter 3

Considering Feature Interactions

in Matrix Factorization

This chapter is based on the paper that has been published in the International Joint

Conference on Neural Networks (IJCNN) 2019: MMF: Attribute Interpretable Col-

laborative Filtering. Yixin Su, Sarah Erfani, Rui Zhang.

3.1 Introduction

In this chapter, we investigate the first research question of how to perform explicit

feature interaction modeling in matrix factorization (MF) to improve its performance

in the recommendation. As discussed in Chapter 2, MF is one of the most common

collaborative filtering techniques, whose main idea is to learn user latent vectors and

item latent vectors, so that the inner product of the two vectors can approximate the

original matrix with the minimal approximation error.

MF has advantages of simplicity and performing well in recommender systems [226, 227].

However, MF cannot consider feature interactions. As a result, it suffers from two

limitations. Firstly, its predictions do not provide interpretability, which is showed to

be crucial for recommendation systems because interpretations can significantly improve

users’ acceptance rate [6]. Secondly, if only few ratings are available for some items (a.k.a.

item cold-start problem), the prediction accuracy of MF is unsatisfactory [3].

There are other techniques such as knowledge graph-based recommender systems that

consider features and feature interactions naturally [196, 199]. However, these methods

require the knowledge graphs to be available. MF is a more general framework that can

be embedded in many recommendation techniques. For example, in sequence or session

38
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based recommender systems, the final user representations and item representations will

be modeled as a MF (or deep MF [85]) to get the final prediction [10, 111, 228]. Enabling

MF the ability to model feature interactions provides the potential for these models to

easily consider feature interactions by simply replacing MF in the final step with an MF

extension that can consider feature interactions (e.g., our proposed model).

Existing work on enhancing MF mainly focuses on a single aspect, such as improving

prediction accuracy or one of the limitations described above. For example, Fuzheng

[229] leveraged knowledge information in items to improve the prediction accuracy, but

neglect interpretability. Hong [230] utilized topic modeling methods to enable matrix

factorization interpretability, but the interpretations are limited and the prediction ac-

curacy improvement is not significant.

In order to overcome the two limitations and improve the prediction accuracy simulta-

neously, we propose a novel recommendation model called Multi-Matrix Factorization

(MMF). Our model aggregates the attribute ratings, where the attributes can be re-

garded as shared features or characters in items, into item ratings. Specifically, the

attribute ratings can be calculated by the inner product of the user latent vector and

the attribute latent vector learned through MMF. Further, we integrate two weights to

strengthen MMF’s performance on both the prediction accuracy and the interpretability,

which are the user’s preference weight on different attributes and the attribute perfor-

mance weight on different items.

Figure 3.1 illustrates the prediction procedure of MMF on a movie recommendation ex-

ample. We can see that after training, MMF generates several attribute rating matrices

that each matrix represents one type of attribute. Each value in the matrices is an

attribute rating a user may give to an attribute. In the prediction procedure, we extract

attributes from the movie and find the corresponding attribute ratings. Then, MMF

combines the attribute ratings with the user preference and the attribute performance

weight together to get the weighted attribute ratings. Finally, the movie rating can be

regarded as the sum of all weighted attribute ratings.

The contribution of MMF is that it simultaneously achieves the following goals:

• Interpretability: MMF analyzes the contribution of each user-attribute interaction to

the final predictions, such as which attribute in an item may attract a user most. We

conduct comprehensive interpretability evaluations to show the effectiveness of the

interpretations.

• Resolving the cold-start problem: MMF provides reasonable predictions in item cold-

start cases. Items may share attributes. This connection allows the transfer of user-

attribute ratings from existing items to a new item.
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MMF
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the user thinks the movie is good (overall
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Figure 3.1: An illustration of MMF’s prediction procedure on a movie recommenda-
tion example.

• Better prediction accuracy: MMF provides a novel way to learn fine-grained differ-

ences between items through user-attribute interactions. As a result, MMF achieves

better prediction accuracy than state-of-the-art matrix factorization models and fea-

ture interaction-based recommendation models.

3.2 Preliminaries

3.2.1 Matrix Factorization

Suppose there is a rating matrix Y ∈ Rnu×nv
, where nu is the number of users and

nv is the number of items, which stores the interaction history of uses and items. For

example, in movie recommendations, Yij = 5 if the user i rated 5 to the movie j. The

target of matrix factorization is to learn user latent vectors U ∈ Rnu×d, where d is the

dimension of each vector, and item latent vectors V ∈ Rnv×d, so that their inner product

can restore the values in Y through multiplying U and V .

Y
′

= UV >, (3.1)

where Y
′

is the restored (predicted) rating matrix.

In the empirical risk minimization function, we use the mean squared error (MSE) to

minimize the differences between the predicted rating matrix and the true rating matrix:

RMF = L(Y ,Y
′
) + λ(||U ||2F + ||V ||2F ), (3.2)

where ||·||2F is the second normal form regularization function, L is the MSE loss function,

and λ is the weight value of the regularization.
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Figure 3.2: The overall structure of the MMF model.

3.3 Our Proposed Method

We first illustrate the structure of MMF and the learning procedure. Then, we discuss

why MMF is superior to matrix factorization and factorization machine [2].

3.3.1 Multi-Matrix Factorization (MMF)

The main idea of MMF is to exploit the common attributes in items. Instead of linking

items by user-item interactions, we build fine grained connections between items using

attributes. The MMF model merges several matrix factorization models into a single

one. Each matrix factorization can model the interactions between users and one type

of attributes, indicating the personalized ratings of users on the attributes.

Figure 3.2 shows the overall structure of the MMF model. Specifically, MMF learns a

user latent matrix U and several item attribute latent vectors {Ak}k=1:n of n types of

item attributes (e.g., directors, genres), where Ak ∈ Rak×d and ak is the number of type

k’s attributes, through multiple matrix factorization models, with each model learns one

type of attribute latent vectors:

Rk = UA>k , (3.3)

where Rk is the attribute rating matrix, which stores the interaction modeling results

between uses and the type k’s attributes.

Next, because the same type of attributes is trained in a single matrix factorization

model in MMF, it is inevitable that the attributes with the same type will affect each

other, which is unfavourable for the prediction accuracy and the interpretation. For

example, if a user likes most genres of movies but strongly dislikes Thriller, MMF may

not give Thriller a very low attribute rating (which is expected), because the average

attribute ratings of all the genres are high. We address this issue by giving each user a
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preference weight ω on each attribute to show user’s preference on different attributes.

Higher ω value means higher user preference.

Finally, we cannot assume that one attribute performs equally in different items. To

better differentiate the quality of one attribute in different items, we assign different

weights θ, for attributes in different items, which means that one user may give different

ratings for an attribute in different items.

The predicted ratings can be calculated by combining all components discussed above

together. In addition, the ratings will be normalized by dividing with the number of

attributes in the item to balance inequality of attribute number. The calculation formula

is:

Y
′
ij =

1

|Mj |
∑

(k,m)∈Mj

ωikmθjkm(Rk)im, (3.4)

where Mj stores which attributes (the m’s attribute of k’s type) belong to the item j.

3.3.2 Empirical Risk Minimization Function

Although the MMF seems to be more complex than matrix factorization, the training

process is not difficult. Similar to MF, we use the MSE loss function to measure the

differences between predicted ratings and user’s ratings. The empirical risk minimization

function is:

RMMF = L(Y ,Y
′
) + λ(||U ||2F +

n∑
k=1

||A||2F ). (3.5)

3.4 Discussions

In this section, we discuss the relations of our MMF model with MF and factorization

machine (FM) [2].

3.4.1 Relation to Matrix Factorization

MMF improves over matrix factorization from three aspects: 1) provide interpretable

recommendation, 2) relief item cold-start problem, and 3) provide more accurate pre-

dictions.
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3.4.1.1 Personalized Interpretable Recommendation

MMF provides personalized interpretations from two aspects: (i) users’ judgment on

attributes (UA>), (ii) users’ personalized preference on each attribute (ω). As Figure

3.2 shown, the item latent vectors can be regarded as the weighted sum of attribute

latent vectors. Therefore, items can be divided into several components with explicit

meanings. Specifically, UA> can be interpreted as general ratings showing how a user

may like a type of attribute, which is similar to matrix factorization on items. ω will fur-

ther differentiate the preference of users between different types of attributes. Detailed

evaluation will be demonstrated in Section 3.5.5.

3.4.1.2 Item Cold-Start Problem

The main reason that matrix factorization method performs unsatisfactory on item

cold-start situation is that if there is no rating history (e.g., a newly added item), the

model cannot link it to previous items. MMF overcomes this defect efficiently. An item

in MMF is represented as the weighted sum of the attribute latent vectors, who may

appear in multiple items so that they can act as the connections. For example, when a

new item is added into the system, the item may already contain attributes that appear

in previous items. Attribute ratings that users give to previous items can be used as a

vital clue to perform personalized item rating predictions. Therefore, as long as the new

item contains attributes that have appeared in existing items, MMF is able to infer well

item rating.

3.4.1.3 Prediction Accuracy

In addition to the above advantages, attributes extracted from items show the ability

on improving prediction accuracy as well. Comparing to matrix factorization, the MMF

model analyzes items in a fine grained point of view. It learns the similarities between

the attributes rather than the items, which enables the model to learn more delicate

differences between items. This helps improve the prediction accuracy. In extreme

situations, if there is no common attribute between any two items, MMF is identical

to matrix factorization. From Equation (3.4), we can see that if there is no common

attribute, every item latent vector is composed by weights and attribute latent vectors

without overlap, which reduces MMF to matrix factorization.
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3.4.2 Relation to Factorization Machine

Factorization Machine [2] is a popular algorithm for feature interaction modeling. FM

analyzes attributes by performing inner product among attributes, and the final predic-

tions are the sum of all analysis results, which is similar to MMF. However, instead of

aggregating attribute interactions in equal weight, MMF gives attributes interpretable

weights (attribute performance weights and user preference weight) to improve both pre-

diction accuracy and interpretability because that the weights can both be parameters to

further differentiate attributes’ contribution, and can act as informative interpretations

(e.g., how attributes perform in different items). We experimentally prove it in Section

3.5.3.2. Meanwhile, MMF simultaneously learns item embeddings (weighted sum of all

corresponding latent attribute vectors) during training, while FM does not. This makes

MMF easy to further perform item level analysis directly, such as implementing neural

collaborative filtering on users and items [108].

3.5 Experiments

We conduct empirical analysis to evaluate MMF. Then, we demonstrate the inter-

pretability of MMF through a case study. Finally, performance of MMF on item cold-

start situation and the influence of hyper parameters are evaluated.

3.5.1 Data Description

We use movie recommendation as a representative application in our experimental study

due to two reasons. First, there are a few publicly available sources for movie data.

Second, movie recommendation has been the focus of previous studies on collaborative

filtering such as [231, 232]. We use MovieLens [233] and Netflix Prize [234] to evaluate

our model, which are commonly used in movie recommendation researches.

3.5.1.1 Datasets

We use two public datasets: (i) MovieLens 100k (100k), (ii) MovieLens latest-small

(20m Light). Meanwhile, we analyze the performance of MMF on different dataset

densities, including rating data density and attribute density (will be illustrated in Sec-

tion 3.5.1.3). Since the density in public datasets is uncontrollable, we further use three

subsets from MovieLens and Netflix Prize Data sources. They are (iii) top movies from

MovieLens 20m ranked by box-office (Boxoffice) with high rating data density, (iv)
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Netflix 500, and (v) Netflix 1000 datasets that randomly chose 500 and 1000 movies

from Netflix Prize data source respectively, which both have high attribute densities.

In addition, to evaluate our model in item cold-start situation, we randomly pick 10%

movies from all datasets, then regard ratings of the picked movies as test data and the

rest as training data, which simulates the item cold-start situation.

3.5.1.2 Attribute Extraction

Four types of attributes are chosen: directors, casts, plots and genres. All attributes

are extracted from IMDB website, which is already mapped into the MovieLens data

source. We also aggregate Netflix Prize data source to the IMDB database by matching

the name and year of the movies. In addition, we use topic modelling method, LDA

[235], to transform poorly structured plot attribute into well-structured form called

topics. Each movie contains one or several topics with the same structure as other

attributes.

3.5.1.3 Dataset Statistics

Table 3.1 shows the statistic information of all datasets. The Rate column demonstrates

the rating data density in datasets. The lower the rating data density, the less average

rating of users. It is calculated by:

Rate =
Nr

Np ×Nu
, (3.6)

where Nr is the number of ratings; Np is the number of movies and Nu is the number

of users.

Table 3.1: Datasets statistics.

Dataset Movies Users Ratings

Name Number Number Count Rate

100k 1683 944 100000 0.063
20m Light 8788 671 98688 0.017
Boxoffice 206 3550 99326 0.136

Netflix 500 539 5893 100181 0.031
Netflix 1000 1061 17185 308544 0.017
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Table 3.2: The attribute details of datasets.

Dataset Directors Casts Genres Dense Rate

100k 1138 1988 24 0.049
20m Light 3976 11632 25 0.083
Boxoffice 194 474 20 0.050

Netflix 500 28 1065 24 0.103
Netflix 1000 64 1837 27 0.094

Table 3.2 demonstrates the detailed attribute information of all datasets. Meanwhile, our

experiments generate 50 topics for all datasets. Evaluation on different topic numbers

will be demonstrated in Section 3.5.8.

Moreover, we present an attribute density (Dense Rate) to indicate the repetitive degree

of attributes in all items. The Dense Rate calculation formula is:

DenseRate =
1

n

∑
i∈{1..n}

Avei
Ni

, (3.7)

where n is the number of attribute types (in our datasets, n is 4); Avei is the average

number of ith types of attribute that appear in one item; Ni is the total number of ith

types of attribute in datasets.

The dense rate is capable of representing the probability that each attribute appears in

different items. The higher the attribute dense rate, the higher probability of two items

in the dataset share common attributes.

3.5.2 Baseline Methods

Matrix factorization models and State-of-the-art attribute based factorization models

are compared, including:

MF The matrix factorization model that has been discussed before.

PMF [78]: It uses probabilistic method to describe latent vectors. PMF is one of the

most popular variations and usually get better result than MF on large, sparse and

imbalance datasets.

BPMF [79]: It uses Bayesian treatment to train PMF with the help of Markov Chain

Monte Carlo methods.

FM [2]: The factorization machine model that we have described in Section 2.2.3.1.
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DeepCrossing [236]: It leverages residual deep neural network that automatically com-

bines attributes. We implement this model that stacks three residual units with hidden

dimensions 128, 128, 64, respectively.

3.5.3 Model Performance

We evaluate the perforamnce of our model using the root mean square error (RMSE).

Note that the lower the RMSE value, the better the performance. In our experiments,

the proportion of training set and test set are 8:2 for all datasets.

3.5.3.1 Comparing with Matrix Factorization Methods

Firstly, MMF are compared with MF and its variations, which are all developed from

MF model. The results are shown in Table 3.3. The best result for each dataset is

highlighted in boldface.

Table 3.3: The performance comparing with MF and variations.

Dataset MF PMF BPMF MMF

100k 0.953 0.948 0.949 0.927
20m Light 0.939 0.937 1.001 0.876
Boxoffice 0.761 0.760 0.794 0.740

Netflix 500 0.971 0.967 1.043 0.904
Netflix 1000 1.061 0.986 1.008 0.919

From the table, we observe that:

• MMF consistently achieves the best performance over all the datasets. This result sug-

gests that the structure of MMF provides a better way to utilize attribute information

and differentiate similar users and items.

• We can see that in 20m Light and two Netflix datasets, MMF has more significant

accuracy increment than other datasets. According to Table 3.2, we find that 20m

Light and two Netflix datasets have higher attribute density than others. It further

indicates that attributes have helped the MMF model to learn fine grained differences

between items.

• 20m Light and two Netflix datasets have lower rating density than other two datasets

according to Table 3.1, but the accuracy is not influenced by the sparsity of data,

which shows that MMF is capable of performing well in sparse datasets.
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3.5.3.2 Comparing with Feature Interaction-Based Baselines

We now compare MMF with the attribute-based methods FM and DeepCrossing.

Table 3.4: The performance comparing with attribute-based methods.

Dataset FM DeepCrossing MMF

100k 0.938 0.935 0.927
20m Light 0.889 0.880 0.876
Boxoffice 0.749 0.743 0.740

Netflix 500 0.909 0.908 0.904
Netflix 1000 0.925 0.921 0.919

Table 3.4 shows the RMSE for MMF and baseline methods. From the table, we can

see that our MMF model is superior in prediction accuracy comparing to the FM and

DeepCrossing on all datasets. It shows the ability of MMF in leveraging user-attribute

interactions for accurate predictions.

3.5.4 Different Weight Combinations

In this subsection, we will analyze how the two weights in MMF (the user preference

weight ω, and the item performance weight θ) influence the prediction accuracy. We

evaluate 4 combinations: base UA>, adding ω only, adding θ only, and adding both ω

and θ (the proposed MMF model).

Table 3.5: The RMSE of different weight combinations in MMF.

Dataset Base Base+ω Base+θ Base+ω+θ(MMF)

100k 0.944 0.932 0.947 0.927
20m Light 0.960 0.924 0.881 0.876
Boxoffice 0.759 0.757 0.747 0.740

Netflix 500 0.912 0.914 0.904 0.904
Netflix 1000 0.928 0.928 0.920 0.919

The prediction results of four combinations are shown in Table 3.5. We can see that:

• The proposed MMF model performs best among all combinations, which shows that

the ω and the θ together have positive influence on improving accuracy.
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• In some situations, such as in 100k and two Netflix datasets, adding one weight cannot

guarantee to improve prediction accuracy. This demonstrates that the three compo-

nents do not work individually in the model, but work together to get the best results.

3.5.5 Interpretability Case Study

It is necessary to exam the interpretability of MMF model. In this subsection, we give

a case study to validate it in two steps. First, we demonstrate that the MMF model

can capture semantic dependencies between attributes. Then, we give an example to

show how MMF can provide interpretable recommendations and analyze whether the

interpretations are consistent with users’ personal interests.

Specifically, we choose the movie “Guardians of the Galaxy” from Boxoffice dataset,

which containing 8 attributes: 1 director, 1 topic, 3 casts and 3 genres. The topic is

the 7th topic generated by LDA, which contains the following keywords that indicate

the elements in the movie: superhero, orb, galaxy, musketeer, etc.. The latent vectors

for the 8 attributes will be visualized to show their semantic dependencies, and we will

analyze the preference of the 2 users on this movie.

3.5.5.1 Semantic Dependency

In this part, we visualize the learned attribute latent vectors in the movie “Guardians

of the Galaxy”. To draw the latent vectors, we utilize the t-SNE technique [237] to

reduce the high dimension latent vectors into 3 dimensions while preserving the spatial

relationship. Figure 3.3 shows the latent attribute vectors belonging to the movie in

a 3-dimension form. Specifically, the attributes are “James Gunn” (Director), “Topic

7”, “Chris Pratt” (Cast1), “Zoe Saldana” (Cast2), “Dave Bautista” (Cast3), “Action”

(Genre1). “Adventure” (Genre2) and “Sci-Fi” (Genre3).

From the figure, we can see that the attribute latent vectors learned by MMF show

strong links between spatial and semantic relationship. For example, attributes “Ac-

tion” (Genre1) and “Adventure” (Genre2) are very close to each other in spatial. Se-

mantically, movies belonging to the genres of both action and adventure account for

23% of all movies, which is much higher than other genre combinations. Meanwhile,

“Topic 7” is closer to “Sci-Fi” (Genre3) than another two genres. Intuitively, elements

like “superhero”, “orb”, “galaxy” appears often in movies of genre “Sci-Fi” than those

of genre “action” and “adventure”, which is constant with our claims.
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Figure 3.3: A visualization of attribute latent vectors in one movie (The latent vectors
have been compressed into 3 dimensions using t-SNE).

3.5.5.2 Interests Consistency

In the previous section, we have stated that the MMF model have the ability to rec-

ommend items to users with predicted personal attribute preference. It is crucial to

show whether the preference predictions are consistent with users’ real interests. In this

part, we first demonstrate how our model can recommend the movie “Guardians of the

Galaxy” to two users with different reasons, and then analyze whether the predictions

show the two users’ real preferences about this movie based on their rating histories.

In our example, the MMF model predicts that user A and user B will give similar ratings

to the movie. In addition, it also predicts that the attribute preference of the two users

are different. Figure 3.4 shows the percentage of ratings that compose the overall rating

of the movie. The inner loop of the pie chart belongs to user A and the outer loop

belongs to user B. We can see that although two users may give similar ratings, the

reasons are different.

From the pie chart, we can see that the rating composition of the two users are different.

For example, for user A, the cast Dave Bautista (17%) may be the most important

motivation to watch the movie, while for user B, the cast Zoe Saldana (19%) and the

genre Adventure (18%) are the attractions. Therefore, MMF can recommend the movie

to different users with personalized reasons based on the attribute proportion.

However, our interpretations will be convincing only if they truly capture users’ interests.

We evaluate it based on an assumption about users’ interests: a user will give higher

ratings to movies that contain the attributes the user loves. This assumption is quantified

by calculating an attribute aware rating difference (AAD) on each attribute for users.

Then we explore whether they are constant with our predictions.
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Figure 3.4: The preference of user A (inner loop) and user B (outer loop).

To calculate the AAD of an attribute for a user, we first extract k attributes (in our

case study, k = 5) that are most similar (shortest Euclidean distance) to that attribute,

then Bk is a set containing all movies that contain these k + 1 attribute (including the

original one) and are also rated by the user. Then the AAD is:

AAD =
1

|Bk|
∑
j∈Bk

rj −
1

|Bn|
∑
i∈Bn

ri, (3.8)

where Bn is a set contains all movies that the user has rated.

We can see that the first term of Equation (3.8) is the average rating of movies that

a user has rated on an attribute (and similar attributes), and the second term is the

average ratings of all movies the user has rated. According to the assumption above,

if a user really likes an attribute, the AAD of this attribute will be positive, and vise

versa. In addition, if a user loves attribute a1 more than attribute a2, the AAD of a1 is

supposed to be greater than a2 for this user. Although AAD may not always be accurate

due to that a user only rates a small amount of movies, the trend should roughly hold,

which means that AAD can reflect users’ interests to a certain extent.

Figure 3.5 shows the relationship between AAD and the predicted proportion. We find a

strong positive correlation between them, which shows that the predicted proportions are

consistent with users’ interests. Therefore, we can conclude that our recommendations

can capture users’ interests and the interpretations of the MMF model are convincing.
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Figure 3.5: The correlation between predicted attribute proportion and AAD.

3.5.6 Item Cold-Start Problem

To explore the ability of the MMF model in item cold-start situations, we test the MMF

model and MF model on the datasets that simulate item cold-start situation. We use

RMSE to measure the performance as well.
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Figure 3.6: The prediction results on item cold-start situation.

Figure 3.6 shows the RMSE results of two models on item cold-start situation. We can

see that the MMF model has significant improvement on accuracy comparing to the

MF model. It indicates that the MMF model successfully leverages attributes in items

and gives accurate recommendation predictions on the movies without rating history.

The MF model, however, provides nearly random predictions. Since the item cold-start

problem happens frequently in practice, the MMF model shows greater value on practical

applications.
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3.5.7 Evaluation on Different Latent Vector Lengths

In this subsection, we evaluate the performance of state-of-the-art matrix factorization

models and MMF on different latent vector length. We test 4 different latent vector

length (5, 10 ,15, 20) in this experiment.
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Figure 3.7: The test results of different latent vector length on MMF and baseline
methods.

Figure 3.7 shows the test results. From the figure, we can see that for all datasets, MMF

has better RMSE in all length of latent vectors. Moreover, the performance of MMF

is more consistent than other methods when vector length changes. This indicates that

our has more robust performance in different lengths of latent vectors.

3.5.8 Evaluation on Different Topic Numbers

In previous experiments, we fix the topic number to 50 for all datasets. In this part, we

evaluate our model’s prediction accuracy on different topic numbers. We set 5 different

topic numbers for all datasets, they are 0 (ignore topic attribute), 10, 20, 50 and 100.

The results are shown in Table 3.6.

Table 3.6: The performance of different topic numbers.

Dataset 0 10 20 50 100

100k 0.942 0.938 0.938 0.936 0.935
20m light 0.889 0.877 0.880 0.876 0.875
Boxoffice 0.757 0.751 0.753 0.750 0.751

Netflix 500 0.908 0.903 0.904 0.902 0.903
Netflix 1000 0.923 0.921 0.919 0.919 0.920

From the table, we find that considering topic attribute (topic number is larger than 0)

improves the performance than ignoring it. It demonstrate that the topic information
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is beneficial to the MMF model’s performance improvement. However, among the last

four columns, there are not much difference on the performance when topic number

changes. That may because that the topic attribute are generated from LDA model,

which may not be accurate. Adding topic number may not provide with more useful

information. Moreover, it also proves that MMF is robust: even the attributes are not

accurate enough, the MMF model still performs firm and steady.

3.6 Summary

In this chapter, we investigate how to enable MF the ability to consider feature inter-

actions. To this end, we propose a novel attribute interpretable collaborative filtering

model called Multi-Matrix Factorization (MMF). It offers great attribute-level inter-

pretability in explaining how each attribute contributes to the overall predicted rating.

At the same time, it solves the item cold-start problem, a critical limitation of the matrix

factorization model. Experimental results show that MMF outperforms state-of-the-art

baselines in terms of accuracy.

In the next chapter, we will discuss the second research question we focus on: how to

detect beneficial feature interactions for recommendation. Also, from the next chapter,

all of our works are based on the graph neural network-based explicit feature interaction

modeling.



Chapter 4

Detecting Pairwise Beneficial

Feature Interactions for

Recommender Systems

This chapter is based on the paper that has been published in the Conference on Ar-

tificial Intelligence (AAAI) 2021: Detecting Beneficial Feature Interactions for

Recommender Systems. Yixin Su, Rui Zhang, Sarah Erfani and Zhenghua Xu.

4.1 Introduction

In this chapter, we start to investigate the second research question of detecting beneficial

feature interactions to improve the recommendation performance. In recent years, many

research efforts have been put in modeling the feature interactions [11, 16, 108]. Our

motivation of this research question is that these models take into account the interaction

between every pair of features. However, in practice, not all feature interactions are

relevant to the recommendation result [14, 15]. Modeling the feature interactions that

provide little useful information may introduce noise and cause overfitting, and hence

decrease the prediction accuracy [150, 151]. For example, a user may use Gmail on

a workday no matter what weather it is. However, if the interaction of workday and

specific weather is taking into account in the model and due to the bias in the training

set (e.g., the weather of the days when the Gmail usage data are collected happens to

be cloudy), the interaction < Monday,Cloudy > might be picked up by the model and

make less accurate recommendations on Gmail usage.

55
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The most intuitive method to find the useful feature interactions is to rely on the ex-

pert knowledge, i,e., invite domain experts to identify which feature interactions are

important. However, this method has some clear drawbacks. First, the quality of the

identified feature interactions heavily depends on the experts. If the experts are not fully

qualified, the performance of the final prediction may be decreased. Second, there are a

vast number of feature interactions. Identifying the usefulness of each feature interaction

manually is time and cost consuming. Third, experts are domain specific and the expert

knowledge is hard to adapt to different recommendation tasks. That is to say, we need

to find related experts to do the interaction identification for each recommendation task.

Recent years, with the development of machine learning techniques, data driven methods

to identify useful feature interactions emerge [4, 238]. For example, some work considers

each feature interaction’s importance through the attention mechanism [4, 11]. However,

these methods still take all feature interactions into account. Moreover, they capture

each individual feature interaction’s contribution to the recommendation prediction,

failing to capture the holistic contribution of a set of feature interactions together.

In this work, we focus on identifying the set of feature interactions that together produce

the best recommendation performance. To formulate this idea, we propose the novel

problem of detecting beneficial feature interactions, which is defined as identifying the

set of feature interactions that contribute most to the recommendation accuracy (see

Definition 4.1 for details). Then, we propose a novel graph neural network (GNN)-based

recommendation model, L0-SIGN, that detects the most beneficial feature interactions

and utilizes only the beneficial feature interactions for recommendation, where each

data sample is treated as a graph, features as nodes and feature interactions as edges.

Specifically, our model consists of two components. One component is an L0 edge

prediction model, which detects the most beneficial feature interactions by predicting the

existence of edges between nodes. To ensure the success of the detection, an L0 activation

regularization is proposed to encourage unbeneficial edges (i.e. feature interactions) to

have the value of 0, which means that edge does not exist. Another component is a graph

classification model, called Statistical Interaction Graph neural Network (SIGN). SIGN

takes nodes (i.e., features) and detected edges (i.e., beneficial feature interactions) as

the input graph, and outputs recommendation predictions by effectively modeling and

aggregating the node pairs that are linked by an edge.

Theoretical analyses are further conducted to verify the effectiveness of our model. First,

the most beneficial feature interactions are guaranteed to be detected in L0-SIGN. This

is proved by showing that the empirical risk minimization procedure of L0-SIGN is a

variational approximation of the Information Bottleneck (IB) principle, which is a golden



Chapter 4: Introduction 57

criterion to find the most relevant information correlating to target outcomes from in-

puts [239]. Specifically, only the most beneficial feature interactions will be retained

in L0-SIGN. It is because, in the training stage, our model simultaneously minimizes

the number of detected feature interactions by the L0 activation regularization, and

maximizes the recommendation accuracy with the detected feature interactions. Sec-

ond, we further show that the modeling of the detected feature interactions in SIGN is

very effective. By accurately leveraging the relational reasoning ability of GNN, iff a

feature interaction is detected to be beneficial in the L0 edge prediction component, it

will be modeled in SIGN as a statistical interaction (an interaction is called statistical

interaction if the joint effects of variables are modeled correctly).

We summarize our contributions as follows:

• This is the first work to formulate the concept of beneficial feature interactions, and

propose the problem of detecting beneficial feature interactions for recommender sys-

tems.

• We propose a model, L0-SIGN, to detect beneficial feature interactions via a graph

neural network approach and L0 regularization.

• We theoretically prove the effectiveness of L0-SIGN through the information bottle-

neck principle and statistical interaction theory.

• We have conducted extensive experimental studies. The results show that (i) L0-SIGN

outperforms existing baselines in terms of accuracy; (ii) L0-SIGN effectively identifies

beneficial feature interactions, which result in the superior prediction accuracy of our

model.

4.2 Preliminaries

4.2.1 L0 Regularization

L0 regularization encourages the regularized parameters θ to be exactly zero by setting

an L0 term:

‖θ‖0 =

|θ|∑
j=1

I[θj 6= 0], (4.1)

where I is 1 if θj 6= 0, and 0 otherwise.

For a dataset D, an empirical risk minimization procedure is used with L0 regulariza-

tion on the parameters θ of a hypothesis H(·;θ), which can be any objective function



Chapter 4: Problem Statement 58

involving parameters, such as neural networks. Then, using reparameterization of θ , we

set θj = θ̃jzj , where θ̃j 6= 0 and zj is a binary gate with Bernoulli distribution Bern(πj)

[151]. The procedure is represented as:

R(θ̃,π) = Ep(z|π)
1

N
(
N∑
n=1

L(H(xn; θ̃ � z), yn)) + λ

|θ|∑
j=1

πj ,

θ̃∗,π∗ = arg min
θ̃,π

R(θ̃,π),

(4.2)

where p(zj |πj) = Bern(πj), N is the number of samples in D, � is element-wise pro-

duction, L(·) is a loss function and λ is the weighting factor of the L0 regularization.

4.2.2 Graph Neural Networks

Consider a graph G = 〈V, E〉, where V = {i}1≤i≤k is the set of k nodes, each of which is

represented by a vector representation vi, and E is the set of edges which indicate the

neighborhood information between nodes: two nodes are neighbors if they are linked by

an edge. A graph neural network (GNN) learns the vector representation of each node

by message passing, a procedure of aggregating neighborhood information. Specifically,

the message passing procedure for node i first aggregates the vector representations of

all its neighbors. Then, it gets the fused representation of node i by fusing vi and the

aggregated vector representation. Formally, the fused vector representation of node i,

v′i, through the graph modeling is:

v′i = ffuse(vi,AGGREGATEv({vj}j∈N(i))), (4.3)

where ffuse is the fusing function, AGGREGATEv(·) is an aggregation function that

aggregates the neighborhood embeddings into a fixed dimension representation (e.g.,

element-wise sum) and N(i) is the set of all the neighbors of node i.

If it is necessary, the graph representation can be computed as the aggregation of the vec-

tor embeddings of all the nodes: vG = AGGREGATEG({v′i}i∈V), where vG is the graph

representation and AGGREGATEG(·) is a node aggregation function that is similar to

the one for aggregating nodes’ neighbors.

4.3 Problem Statement

Denote by J the universe of features. A feature-value pair is a name-value pair, denoted

by (a,w), where a is the name of the feature and w is the value of this feature. For
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example, (Male, 1) and (Female, 1) mean the categorical features of Male and Female,

respectively, where Male ∈ J and Female ∈ J are considered as two different features.

Let D : X × Y be an input-output domain and D = {(xn, yn)}Ni=1 is a set of N input-

output training pairs sampled from D.

• xn = {(a,w)}a∈Jn is called a data sample consisting of a set of features, with respect

to a set of features Jn ⊆ J .

• yn ∈ {0, 1} is the implicit feedback (e.g., purchased, clicked) of the user on the item.

Our goal is to design a model F (xn) that detects the most beneficial pairwise1 feature

interactions and utilizes only the detected feature interactions to predict the true output

yn.

4.4 Definitions

4.4.1 Pairwise Beneficial Feature Interactions

Inspired by the definition of relevant feature by usefulness [14, 240], we formally define

the beneficial feature interactions in Definition 4.1.

Definition 4.1. (Beneficial Feature Interactions) Given a data sample x = {xi}1≤i≤k
of k features whose corresponding full pairwise feature interaction set is I = {(xi, xj)}1≤i,j≤k,
a set of pairwise feature interactions I1 ⊆ I is more beneficial than another set of pairwise

feature interactions I2 ⊆ I to a model with x as input if the accuracy of the predictions

that the model produces using I1 is higher than the accuracy achieved using I2.

The above definition formalizes our detection goal: find and retain only a part of feature

interactions that together produce the highest prediction accuracy by our model.

4.4.2 Statistical Interaction

Statistical interaction, or non-additive interaction, ensures a joint influence of several

variables on an output variable is not additive [7]. Sorokina et al. [238] formally define

the pairwise statistical interaction:

1We focus on pairwise feature interactions in this work, and we leave high-order feature interactions
in Chapter 5.



Chapter 4: Our Proposed Method 60

Definition 4.2. (Pairwise Statistical Interaction) Function F (x), where x = {xi}1≤i≤k
has k variables, shows no pairwise statistical interaction between variables xi and xj

if F (x) can be expressed as the sum of two functions f\i and f\j , where f\i does not

depend on xi and f\j does not depend on xj :

F (x) =f\i(x1, ..., xi−1, xi+1, ..., xk)

+ f\j(x1, ..., xj−1, xj+1, ..., xk).
(4.4)

More generally, if using vi ∈ Rd to describe the i-th variable with d factors [2], e.g.,

variable embedding, each variable can be described in a vector form ui = xivi. Then,

we define the pairwise statistical interaction in variable factor form by changing the

Equation (4.4) into:

F (x) =f\i(u1, ...,ui−1,ui+1, ...,uk)

+ f\j(u1, ...,uj−1,uj+1, ...,uk).
(4.5)

The definition indicates that the interaction information of variables (features) xi and xj

will not be captured by F (x) if it can be expressed as the above equations. Therefore, to

correctly capture the interaction information, our model should not be expressed as the

above equations. In this work, we theoretically prove that the interaction modeling in

our model strictly follow the definition of pairwise statistical interaction, which ensures

our model to correctly capture interaction information.

4.5 Our Proposed Method

In this section, we formally describe L0-SIGN’s overview structure and the two compo-

nents in detail. Then, we provide theoretical analyses of our model.

4.5.1 L0-SIGN

4.5.1.1 Model Overview

Each input of L0-SIGN is represented as a graph (without edge information), where

its features are nodes and their interactions are edges. More specifically, the n’s data

sample is represented as a graph Gn〈Vn, En〉, where Vn = xn and En = {(en)ij}i,j∈xn is a

set of edge/interaction values 2, where (en)ij ∈ {1, 0} , 1 indicates that there is an edge

2In this work, nodes and features are used interchangeably, and the same as edges and feature
interactions.
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Figure 4.1: An overview of L0-SIGN.

(beneficial feature interaction) between nodes i and j, and 0 otherwise. Since we do not

know which feature interactions are beneficial at the before training, En = ∅

While predicting, the L0 edge prediction component, Fep(xn;ω), analyzes the existence

of edges on each pair of nodes, where ω are parameters of Fep, and outputs the predicted

edge set E ′n. Then, the graph classification component, SIGN, performs predictions

based on G〈Vn, E ′n〉. Specifically, SIGN firstly conducts interaction modeling on each

pair of initial node representation that are linked by an edge. Then, each node is

updated via aggregating all of the corresponding modeling results. Finally, all updated

node representations are aggregated to get the final prediction. The general form of

SIGN prediction function is y′n = fS(Gn〈Vn, E ′n〉;θ), where θ is SIGN’s parameters and

the predicted outcome y′n is the graph classification result. Therefore, the L0-SIGN

prediction function fLS is:

fLS(Gn〈Vn, ∅〉;θ,ω) = fS(Gn〈Vn, Fep(xn;ω)〉;θ). (4.6)

Figure 4.1 shows the structure of L0-SIGN. Next, we will show the two components in

detail. When describing the two components, we focus on one input-output pair, so we

omit the index “n” for simplicity.

4.5.1.2 L0 Edge Prediction Model

A (neural) matrix factorization (MF) based model is used for edge prediction. MF is

effective in modeling relations between node pairs by factorizing the adjacency matrix

of a graph into node dense embeddings [241]. In L0-SIGN, since we do not have the

ground truth adjacency matrix, the gradients for optimizing this component come from

the errors between the outputs of SIGN and the target outcomes.

Specifically, the edge value, e′ij ∈ E ′, is predicted by an edge prediction function fep(v
e
i ,v

e
j ) :

R2×b → {0, 1}, which takes a pair of node embeddings for edge prediction with dimension

b as input, and output a binary value, indicating whether the two nodes are connected
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by an edge. The embedding of node i for the edge prediction (vei ) is generated via

vei = embe(i), where emb(·) maps the node i into an embedding of d dimension. To

ensure that the detection results are identical to the same pair of nodes, fep should be

invariant to the order of its input, i.e., fep(v
e
i ,v

e
j ) = fep(v

e
j ,v

e
i ). For example, in our

experiments, we use an multilayer neural network (MLP) with the input as the element-

wise product result of vei and vej (details are in the section of experiments). Note that

e′ii = 1 can be regarded as the feature i being beneficial.

While training, an L0 activation regularization is performed on E ′ to minimize the num-

ber of detected edges, which will be described later in the section about the empirical

risk minimization function of L0-SIGN.

4.5.1.3 SIGN

In SIGN, each node i is first mapped into an initial node embedding vi of d dimensions

for interaction modeling via a mapping function emb(·). Note that each node has node

embeddings vei and vi for edge prediction and interaction modeling, respectively, to

ensure the best performance of respective tasks. Then, the interaction modeling is

performed on each node pair (i, j) that e′ij = 1, by a non-additive function h(ui,uj) :

R2×d → Rd (e.g., an MLP), where ui = wivi. The output of h(ui,uj) is denoted as zij .

Similar to fep, h should also be invariant to the order of its input. The above procedure

can be reformulated as sij = e′ijzij , where sij ∈ Rd is called the statistical interaction

analysis result of (i, j).

Next, each node is updated by aggregating all of the analysis results between the node

and its neighbors using a linear aggregation function ψ: v′i = ψ(ςi), where v′i ∈ Rd is

the updated embedding of node i, ςi is a set of statistical interaction analysis results

between node i and its neighbors. Note that ψ should be invariant to input permuta-

tions, and be able to take inputs with variant number of elements (e.g., element-wise

summation/mean).

Finally, each updated node embedding will be transformed into a scalar value by a linear

function g : Rd → R, and all scalar values are linearly aggregated as the output of SIGN.

That is: y′ = φ(ν), where ν = {g(u′i) | i ∈ x}, u′i = xiv
′
i and φ : R|ν|×1 → R is an

aggregation function having similar properties to ψ. Therefore, the prediction function

of SIGN is:

fS(G;θ) = φ({g(ψ({e′ijh(ui,uj)}j∈x))}i∈x). (4.7)
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In summary, we formulate the L0-SIGN prediction function of Equation (4.6) with the

two components in detail:

fLS(G;ω,θ) = φ({g(ψ({fep(vei ,vej )h(ui,uj)}j∈x))}i∈x). (4.8)

We formulate the pseudocodes of the SIGN and L0-SIGN prediction functions:

Algorithm 1 SIGN prediction function fS

Input: data G〈V, E〉
for each pair of feature (i, j) do

if eij = 1 then

zij = h(wivi, wjvj)

sij = zij

else

sij = 0

end if

end for

for each feature i do

v′i = ψ(ςi)

u′i = wiv
′
i

νi = g(u′i)

end for

y′ = φ(ν)

Return: y′

Algorithm 2 L0-SIGN prediction function fLS

Input: data G〈V, ∅〉
for each pair of feature (i, j) do

e′ij = HardConcrete(fep(v
e
i ,v

e
j ))

zij = h(wivi, wjvj)

sij = e′ijzij

end for

for each feature i do

v′i = ψ(ςi)

u′i = xiv
′
i

νi = g(u′i)

end for

y′ = φ(ν)

Return: y′
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4.5.2 Empirical Risk Minimization Function

The empirical risk minimization function of L0-SIGN minimizes a loss function, a repa-

rameterized L0 activation regularization on E ′n, and an L2 activation regularization on

zn. Instead of regularizing parameters, activation regularization regularizes the output

of models [242]. We leverage activation regularization to link our model with the IB

principle to ensures the success of the interaction detection, which will be discussed in

the theoretical analyses.

Formally, the function is:

R(θ,ω) =
1

N

N∑
n=1

(L(FLS(Gn;ω,θ), yn)

+λ1
∑
i,j∈xn

(πn)ij + λ2 ‖zn‖2),

θ∗,ω∗ = arg min
θ,ω

R(θ,ω),

(4.9)

where (πn)ij is the probability of (e′n)ij being 1 (i.e., (e′n)ij = Bern((πn)ij)), Gn =

Gn〈Vn, ∅〉, λ1 and λ2 are weight factors for the regularizations, L(·) corresponds to a

loss function and θ∗, ω∗ are final parameters.

A practical difficulty of performing L0 regularization is that it is non-differentiable.

Inspired by [151], we smooth the L0 activation regularization by approximating the

Bernoulli distribution with a hard concrete distribution so that e′ij is differentiable.

Specifically, let fep now output continuous values. Then

u ∼ U(0, 1),

s = Sigmoid((log u− log(1− u) + log(αij))/β),

s̄ = s(δ − γ) + γ,

e′ij = min(1,max(0, s̄)),

(4.10)

where u ∼ U(0, 1) is a uniform distribution, αij ∈ R+ is the output of fep(v
e
i ,v

e
j ), β is

the temperature and (γ, δ) is an interval with γ < 0, δ > 0.

Therefore, the L0 activation regularization is changed to:

∑
i,j∈xn

(πn)ij =
∑
i,j∈xn

Sigmoid(logαij − β log
−γ
δ

). (4.11)
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As a result, e′ij follows a hard concrete distribution through the above approximation,

which is differentiable and approximates a binary distribution. Following the recommen-

dations from [243], we set γ = −0.1, δ = 1.1 and β = 2/3 throughout our experiments.

We refer interested readers to [151] for details about hard concrete distributions.

We formulate the pseudocodes of the training procedures of SIGN and L0-SIGN:

Algorithm 3 Training procedure of SIGN

Randomly initialize θ

repeat

for each input-output pair (Gn〈Vn, En〉, yn) do

Get y′n,v
′
n from fS(Gn;θ)

vn = v′n

end for

R(θ) = 1
N

∑N
n=1(L(FLS(y′n, yn))

Update θ (exclude v) by minR(θ)

until reach the stop conditions

Algorithm 4 Training procedure of L0-SIGN

Randomly initialize θ,ω

repeat

for each input-output pair (Gn〈Vn, ∅), yn) do

Get y′n,v
′
n from fLS(Gn;θ,ω)

vn = v′n

end for

Calculate R(θ,ω) through Equation (4.9)

Update ω,θ(exclude v) by minR(θ,ω)

until reach the stop conditions

4.6 Theoretical Analysis

We conduct theoretical analyses to verify our model’s effectiveness, including how L0-

SIGN satisfies the IB principle to guarantee the success of beneficial interaction detec-

tion, the relation of the statistical interaction analysis results with the spike-and-slab

distribution (the golden standard in sparsity), and how SIGN and L0-SIGN strictly

follow the statistical interaction theory for effective interaction modeling.
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Figure 4.2: The interaction analysis results s from L0-SIGN are like the relevant part
(bottleneck) in the IB principle.

4.6.1 Satisfaction of Information Bottleneck (IB) Principle

IB principle [239] aims to extract the most relevant information that input random

variables X contains about output variables Y by considering a trade-off between the

accuracy and complexity of the process. The relevant part of X over Y denotes S. The

IB principle can be mathematically represented as:

min (I(X;S)− ιI(S;Y )), (4.12)

where I(·) denotes mutual information between two variables and ι > 0 is a weight

factor.

The empirical risk minimization function of L0-SIGN in Equation (4.9) can be approxi-

mately derived from Equation (4.12):

minR(θ,ω) ≈ min(I(X;S)− ιI(S;Y )). (4.13)

Intuitively, the L0 regularization in Equation (4.9) minimizes a Kullback–Leibler diver-

gence between every e′ij and a Bernoulli distribution Bern(0), and the L2 regularization

minimizes a Kullback–Leibler divergence between every zij and a multivariate standard

distribution N (0, I). As illustrated in Figure 4.2, the statistical interaction analysis

results, s, can be approximated as the relevant part S in Equation (4.12).

Then, we give a detailed derivation from IB to L0-SIGN:

Deep variational information bottleneck method [244] performs a variational approxima-

tion to the Information Bottleneck principle (Equation (4.12)). Specifically, the function

can be approximated by maximizing a lower bound L:

L ≈ 1

N

N∑
n=1

[

∫
ds̃n p(s̃n | x̃n) log q(ỹn | s̃n)

− ιp(s̃n | x̃n) log
p(s̃n | x̃n)

r(s̃n)
],

(4.14)
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where x̃n, ỹn, s̃n are input, output and the middle state respectively, r(s̃n) is the varia-

tional approximation to the marginal p(s̃n).

Then, maximizing the lower bound L equals to minimizing the JIB:

JIB =
1

N

N∑
n=1

(Es̃n∼p(s̃n|x̃n)[− log q(ỹn | s̃n)]

+ ιKL[p(s̃n | x̃n), r(s̃n)]),

(4.15)

where KL[p(s̃n | x̃n), r(s̃n)] is the Kullback–Leibler divergence between p(s̃n | x̃n) and

r(s̃n).

In L0-SIGN, the middle state part between input and output is the statistical interaction

analysis result sn, which is the multiplication of predicted edge values e′n (the vector

form of E ′n) and interaction modeling results zn. (e′n)ij = Bern((πn)ij) so that e′n

is a multivariate Bernoulli distribution, denoted as p(e′n | xn). Similarly, (zn)ij is

a multivariate normal distribution N ((zn)ij ,Σij) so that zn is a multivariate normal

distribution, denoted as p(zn | xn). Therefore, the distribution of sn (denoted as p(sn |
xn)) is represented as:

p(sn | xn) = p(e′n | xn)p(zn | xn)

= ‖i,j∈xn [Bern(πij)N ((zn)ij ,Σij)],
(4.16)

where Σij is a covariance matrix and ‖ is concatenation.

Meanwhile, we set the variational approximation of the sn being a concatenated mul-

tiplication of normal distributions with mean of 0 and variance of 1, and Bernoulli

distributions that the probability of being 0 is 1. Then, the variational approximation

in the vector form is:

r(sn) = Bern(0)N (0, I), (4.17)

where I is an identity matrix.

Combining Equation (4.16) and Equation (4.17) into Equation (4.15), the minimization

function correlating to L0-SIGN becomes:

JIB =
1

N

N∑
n=1

(Esn∼p(sn|xn)[− log q(yn | sn)]

+ ιKL[p(sn | xn), r(sn)]).

(4.18)

Next, we use the forward Kullback–Leibler divergence KL[r(sn), p(sn | xn)] to ap-

proximate the reverse Kullback–Leibler divergence in Equation (4.18) to ensure the
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Kullback–Leibler divergence can be properly derived into the L0 and L2 activation reg-

ularization (will be illustrated in Equation (4.21) and Equation (4.22)). We can perform

this approximation because when the variational approximation r(z̃n) only contains one

mode (e.g., Bernoulli distribution, normal distribution), both forward and reverse Kull-

back–Leibler divergence force p(z̃n | x̃n) to cover the only mode and will have the same

effect [245]. Then Equation (4.18) becomes:

JIB

≈ 1

N

N∑
n=1

(Esn∼p(sn|xn)[− log q(yn | sn)]

+ ιKL[r(sn), p(sn | xn)])

=
1

N

N∑
n=1

(Esn∼p(sn|xn)[− log q(yn | sn)]

+ ιKL[Bern(0)N (0, I), p(e′n | xn)p(zn | xn)])

=
1

N

N∑
n=1

(Esn∼p(sn|xn)[− log q(yn | sn)]

+ ι(dKL[Bern(0), p(e′n | xn)]

+KL[N (0, I), p(zn | xn)])),

(4.19)

where d is the dimention of each vector (zn)ij .

Minimizing Esn∼p(sn|xn)[− log q(yn | sn)] in Equation (4.19) is equivalent to minimizing

L(fLS(Gn;ω,θ), yn) in Equation (4.9): its the negative log likelihood of the prediction

as the loss function of L0-SIGN, with p(sn | xn) being the edge prediction procedure and

interaction modeling procedure, and q(yn | sn) being the aggregation procedure from

the statistical interaction analysis result to the outcome yn.

For the part KL[Bern(0), p(e′n | xn)] in Equation (4.19), p(e′n | xn) = Bern(πn) is a

multivariate Bernoulli distribution, so the KL divergence is:

KL[Bern(0), p(e′n | xn)] = KL[Bern(0), Bern(πn)]

=
∑
i,j∈xn

(0 log
0

(πn)ij
+ (1− 0) log

1− 0

1− (πn)ij
)

=
∑
i,j∈xn

log
1

1− (πn)ij
.

(4.20)

Next, we use a linear function γ(πn)ij to approximate log 1
1−(πn)ij in Equation (4.20),

where γ > 0 is a scalar constant. Figure 4.3 shows the values (penalization) of the

Bernoulli KL divergence and its linear approximation on different π values. It can be seen
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Figure 4.3: Linear Approximation vs. Bernoulli KL Divergence on different π values.

that both Bernoulli KL divergence and its approximations are monotonically increasing.

In the empirical risk minimization procedure, they will have similar effects on penalizing

those π > 0. In addition, the approximation is more suitable for our model because: (i)

it penalizes more than the Bernoulli KL divergence when π is approaching 0 (take more

effort on removing unbeneficial feature interactions); and (ii) it gives reasonable (finite)

penalization when π is approaching 1 (retrain beneficial feature interactions), while the

Bernoulli KL divergence produces infinite penalization when π = 1.

Then the KL divergence of the multivariate Bernoulli distribution can be approximately

calculated by:

KL[Bern(0), p(e′n | xn)] =
∑
i,j∈xn

log
1

1− (πn)ij

≈
∑
i,j∈xn

γ(πn)ij .
(4.21)

For the part KL[N (0, I), p(zn | xn)], the distribution p(zn | xn) is a multivariate

normal distribution and is denoted as N (zn,Σ). If we assume all normal distributions

in p(zn | xn) are i.i.d, and have the same variance (i.e., Σ = diag(σ2, σ2, . . . , σ2) where
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σ is a constant), we can reformulate the KL divergence:

KL[N (0, I), p(zn | xn)] = KL[N (0, I),N (zn,Σn)]

=
1

2
(Tr(Σ−1n I) + (zn − 0)TΣ−11 (zn − 0) + ln

det Σn

det I
− d|xn|)

=
1

2

∑
i,j∈xn

d∑
k=1

(
1

σ2
+

(zn)2ijk
σ2

+ lnσ2 − 1)

=
1

2σ2

∑
i,j∈xn

d∑
k=1

((zn)2ijk + C2)

∝ 1

2σ2

∑
i,j∈xn

d∑
k=1

(zn)2ijk,

(4.22)

where C2 = 1 + σ2 lnσ2 − σ2 is a constant and (zn)ijk is the kth dimension of (zn)ij .

Relating to Equation (4.9), Equation (4.21) is exactly the L0 activation regularization

part and Equation (4.22) is the L2 activation regularization part in the empirical risk

minimization procedure of L0-SIGN, with λ1 = dιγ and λ2 = ι
2σ2 . Therefore, the empir-

ical risk minimization procedure of L0-SIGN is proved to be a variational approximation

of minimizing the object function of IB (JIB):

minR(θ,ω) ≈ min JIB. (4.23)

Therefore, through training L0-SIGN, s is the most compact (beneficial) representation

of the interactions for recommendation prediciton. This provides a theoretical guarantee

that the most beneficial feature interactions will be detected.

4.6.2 Relation to Spike-and-slab Distribution

The spike-and-slab distribution [246] is the golden standard in sparsity. It is defined as

a mixture of a delta spike at zero and a continuous distribution over the real line (e.g.,

a standard normal):

p(a) = Bern(π), p(θ | a = 0) = δ(θ),

p(θ | a = 1) = N (θ | 0, 1).
(4.24)

We can regard the spike-and-slab distribution as the product of a continuous distribution

and a Bernoulli distribution. In L0-SIGN, the predicted edge value vector e′ (the vector

form of E ′) is a multivariate Bernoulli distribution and can be regarded as p(a). The

interaction modeling result z is a multivariate normal distribution and can be regarded

as p(θ). Therefore, L0-SIGN’s statistical interaction analysis results, s, is a multivariate
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spike-and-slab distribution that performs edge sparsification by discarding unbeneficial

feature interactions. The retained edges in the spike-and-slab distribution are sufficient

for L0-SIGN to provide accurate predictions.

4.6.3 Statistical Interaction in SIGN

The feature interaction modeling in SIGN strictly follows the definition of statistical

interaction, which is formally described in Theorem 4.3 (Appendix A gives the proof):

Theorem 4.3. (Statistical Interaction in SIGN) Consider a graph G〈V, E〉, where

V is the node set and E = {eij}i,j∈V is the edge set that eij ∈ {0, 1}, eij = eji. Let

G〈V, E〉 be the input of SIGN function fS(G) in Equation (4.7), then the function flags

pairwise statistical interaction between node i and node j if and only if they are linked

by an edge in G〈V, E〉, i.e., eij = 1.

Theorem 4.3 guarantees that SIGN will capture the interaction information from node

pairs iff they are linked by an edge. This ensures SIGN to accurately leverage the de-

tected beneficial feature interactions for both inferring the target outcome and meanwhile

providing useful feedback to the L0 edge prediction component for better detection.

4.6.4 Statistical Interaction in L0-SIGN

L0-SIGN provides the same feature interaction modeling ability as SIGN, since we can

simply extend Theorem 4.3 to Corollary 4.4 (Section B of Appendix gives the proof):

Corollary 4.4. (Statistical Interaction in L0-SIGN) Consider a graph G that the

edge set is unknown. Let G be the input of L0-SIGN function FLS(G) in Equation (4.8),

the function flags pairwise statistical interaction between node i and node j if and only

if they are predicted to be linked by an edge in G by L0-SIGN, i.e., e′ij = 1.

4.6.5 Time Complexity Analysis

Our model performs interaction detection on each feature interactions. Then, the de-

tected beneficial interactions are modeled. The time complexity is O(q2(M e + Mh)),

where q = |xn|, O(M e) and O(Mh) are the complexities of interaction detection and

interaction modeling on one feature interaction, respectively. The two aggregation pro-

cedures φ and ψ can be regarded together as summing up all statistical interaction

analysis results two times. The complexity is O(2dq2). Finally, there is an aggregation

procedure g on each node. The complexity is O(qd). Therefore, the complexity of our

model is O(q2(M e +Mh + 2d) + qd).



Chapter 4: Experiments 72

Dataset #Features #Graphs #Nodes/Graph

Frappe 5,382 288,609 10
MovieLens 90,445 2,006,859 3
Twitter 1,323 144,033 4.03
DBLP 41,324 19,456 10.48

Table 4.1: Dataset statistics. All datasets are denoted in graph form. Twitter and
DBLP datasets are used for question (ii).

4.7 Experiments

We focuses on answering three questions: (i) how L0-SIGN performs compared to base-

lines and whether SIGN helps detect more beneficial interactions for better performance?

(ii) How is the detection ability of L0-SIGN? (iii) Can the statistical interaction analysis

results provide potential explanations for the recommendations predictions?

4.7.1 Experimental Protocol

4.7.1.1 Datasets

We study two real-world datasets for recommender systems to evaluate our model:

Frappe [247] is a context-aware recommendation dataset that records app usage logs

from different users with eight types of contexts (e,g, weather). Each log is a graph

(without edges), and nodes are user ID, app ID, or the contexts.

MovieLens-tag [108] focuses on the movie tag recommendation (e.g., “must-see”).

Each data instance is a graph, with nodes as user ID, movie ID, and a tag that the user

gives to the movie.

To evaluate the question (ii), we further study two datasets for graph classification,

which will be discussed later. We demonstrate the statistics of the datasets in Table 4.1.

4.7.1.2 Baselines

We compare our model with recommender system baselines that model all feature in-

teractions. Including FM [74] and the following methods:

AFM [4]: Addition to FM, it calculates an attention value for each feature interaction.

NFM [108]: It replaces the dot product procedure of FM by an MLP.
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DeepFM [5]: It leverages MLP to perform implicit higher-order feature interaction

modeling and FM to perform pairwise feature interaction modeling, respectively.

xDeepFM [16]: It is an extension of DeepFM that models feature interactions in an

explicit way.

AutoInt [11]: It explicitly models all feature interactions using a multi-head self-

attentive neural network.

We use the same MLP settings in all baselines (if use) as our interaction modeling

function h in SIGN for fair comparison.

4.7.1.3 Experimental Set-up

In the experiments, we use element-wise mean as both linear aggregation functions ψ(·)
and φ(·). The linear function g(·) is a weighted sum function (i.e., g(u′

i) = wT
g u

′
i,

where wg ∈ Rd×1 are the weight parameters). For the interaction modeling function

h(·), we use a MLP with one hidden layer after element-wise product: h(ui,uj) =

W h
2 σ(W h

1 (ui�uj)+bh1)+bh2 , where W h
1 ,W

h
2 , b

h
1 , b

h
2 are parameters of MLP and σ(·) is

a Relu activation function. We implement the edge prediction model based on the neural

collaborative filtering framework [85], which has a similar form to h(·): fep(vei ,vej ) =

W e
2 σ(W e

1 (vei �vej )+be1)+be2. We set node embedding sizes for both interaction modeling

and edge prediction to 8 (i.e., b, d = 8) and the sizes of hidden layer for both h and fep

to 32. We choose the weighting factors λ1 and λ2 from [1× 10−5, 1× 10−1] that produce

the best performance in each dataset.

Each dataset is randomly split into training, validation, and test datasets with a pro-

portion of 70%, 15%, and 15%. We choose the model parameters that produce the

best results in validation set when the number of predicted edges being steady. We use

accuracy (ACC) and the area under a curve with Riemann sums (AUC) as evaluation

metrics.

4.7.2 Overall Performance

Table 4.2 shows the results of comparing our model with recommendation baselines,

with the best results for each dataset in bold. The results of SIGN are using all feature

interactions as input, i.e., the input is a complete graph.

Through the table, we observe that:
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Frappe MovieLens

auc acc auc acc

FM 0.9263 0.8729 0.9190 0.8694
AFM 0.9361 0.8882 0.9205 0.8711
NFM 0.9413 0.8928 0.9342 0.8903
DeepFM 0.9422 0.8931 0.9339 0.8895
xDeepFM 0.9435 0.8950 0.9347 0.8906
AutoInt 0.9432 0.8947 0.9351 0.8912

SIGN 0.9448 0.8974 0.9354 0.8921
L0-SIGN 0.9580 0.9174 0.9407 0.8970

Table 4.2: Summary of results in comparison with baselines.

• L0-SIGN outperforms all baselines. It shows L0-SIGN’s ability in providing accurate

recommendations. Meanwhile, SIGN solely gains comparable results to competitive

baselines, which shows the effectiveness of SIGN in modeling feature interactions for

recommendation.

• L0-SIGN gains significant improvement from SIGN. It shows that more accurate pre-

dictions can be delivered by retaining only beneficial feature interactions and effec-

tively modeling them.

• FM and AFM (purely based on dot product to model interactions) gain lower accuracy

than other models, which shows the necessity of using sophisticated methods (e.g.,

MLP) to model feature interactions for better predictions.

• The models that explicitly model feature interactions (xDeepFM, AutoInt, and L0-

SIGN) outperform those that implicitly model feature interactions (NFM, DeepFM).

It shows that explicit feature interaction analysis is promising in delivering accurate

predictions.

4.7.3 Comparing SIGN with Other GNNs in Our Model

To evaluate whether our L0 edge prediction technique can be used on other GNNs and

whether SIGN is more suitable than other GNNs in our model, we replace SIGN with

existing GNNs: GCN [12], Chebyshev filter based GCN (Cheby) [248] and GIN [13]. We

run on two datasets for graph classification since they contain heuristic edges (used to

compare with the predicted edges):

Twitter [249] is extracted from twitter sentiment classification. Each tweet is a graph

with nodes being word tokens and edges being the co-occurrence between two tokens in

each tweet.
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Twitter DBLP

auc acc auc acc

GCN 0.7049 0.6537 0.9719 0.9289
L0-GCN 0.7053 0.6543 0.9731 0.9301

CHEBY 0.7076 0.6522 0.9717 0.9291
L0-CHEBY 0.7079 0.6519 0.9719 0.9297

GIN 0.7149 0.6559 0.9764 0.9319
L0-GIN 0.7159 0.6572 0.9787 0.9328

SIGN 0.7201 0.6615 0.9761 0.9316
L0-SIGN 0.7231 0.6670 0.9836 0.9427

Table 4.3: The results in comparison with existing GNNs. The model names without
“L0-” use heuristic edges, and those with “L0-” automatically detect edges via our L0

edge prediction technique.

GCN CHEBY GIN SIGN

0

0.5

1

Im
p
.

(%
)

Twitter AUC Twitter ACC

DBLP AUC DBLP ACC

Figure 4.4: The comparison of improvement via the L0 edge prediction technique to
using heuristic edges in Table 4.3.

DBLP [250] consists of papers with labels indicating either they are from DBDM or

CVPR field. Each paper is a graph with nodes being paper ID or keywords and edges

being the citation relationship or keyword relations.

Table 4.3 shows the accuracies of each GNN that runs both on using the given (heuristic)

edges (without “L0” in name) and on predicting edges with our L0 edge prediction model

(with “L0” in name). We can see that:

• For all GNNs, L0-GNNs gain competitive results comparing to corresponding GNNs.

It shows that our model framework lifts the requirement of domain knowledge in

defining edges in order to use GNNs in some situations.

• L0-SIGN outperforms other GNNs and L0-GNNs, which shows L0-SIGN’s ability in

detecting beneficial feature interactions and leveraging them to perform accurate pre-

dictions.
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Figure 4.4 shows each GNN’s improvement from the results from “GNN” to “L0-GNN”

in Table 4.3. It shows that among all the different GNN based models, SIGN gains the

largest improvement from the L0 edge prediction technique v.s. SIGN without L0 edge

prediction. It proves that SIGN can help the L0 edge prediction model to better detect

beneficial feature interactions for more accurate predictions.

4.7.4 Evaluation of Interaction Detection

We then evaluate the effectiveness of beneficial feature interaction detection in L0-SIGN.

4.7.4.1 Prediction Accuracy vs. Numbers of Edges

Figure 4.5 shows the changes in prediction accuracy and the number of edges included

while training. The accuracy first increases while the number of included edges decreases

dramatically. Then, the number of edges becomes steady, and the accuracy reaches a

peak at similar epochs. It shows that our model can recognize unbeneficial feature

interactions and remove them for better prediction accuracy.
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Figure 4.5: The changes in prediction accuracy and number of edges (in percentage)
while training.
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Figure 4.6: Evaluating different number of edges. “Pred” is the predicted edges and
“Rev” is the reversed edges.

4.7.4.2 Predicted Edges vs. Reversed Edges

We evaluate how predicted edges and reversed edges (the excluded edges) influence the

performance. We generate 5 edge sets with a different number of edges by randomly

selecting from 20% predicted edges (ratio 0.2) to 100% predicted edges (ratio 1.0). We

generate another 5 edge sets similarly from reversed edges. Then, we run SIGN on each

edge set for 5 times, and show the averaged results in Figure 4.6. It shows that using pre-

dicted edges always gets higher accuracy than using reversed edges. The accuracy stops

increasing when using reversed edges since the ratio 0.6, while it continually improves

when using more predicted edges. According to Definition 4.1, the detected edges are

proved beneficial since considering more of them can provide further performance gain

and the performance is the best when using all predicted edges, while considering the

reversed edges cannot. Note that the increment of reversed edges from 0.2 to 0.6 may

come from covering more nodes since features solely can provide some useful information

for prediction.

4.7.5 Case Study

Another advantage of interaction detection is to automatically discover potential ex-

planations about recommendation predictions. We conduct case studies on the Frappe
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Prediction:  0.636 + 0.3626 + 0.3161 … – 0.1013 – 0.1159 = 1.313 > 0
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Figure 4.7: (a) The highest interaction values with Gmail. The numbers are city
indexes (e.g., 1014). (b) The prediction that the user u349 will use Gmail as the

prediction value is 1.313 > 0. Darker edges are higher interaction values.

dataset to show how L0-SIGN provides the explanations.

We first show the beneficial interactions that have the highest interaction values with

Gmail in Figure 4.7a. We can see that Workday has a high positive value, while Home

has a high negative value. It may show that Gmail is very likely to be used in workdays

since people need to use Gmail while working, whereas Gmail is not likely to be used

at home since people may not want to dealing with email while resting. We then show

how L0-SIGN provides potential explanations for the prediction on each data sample.

Figure 4.7b visualizes a prediction result that a user (u349 ) may use Gmail. The graph

shows useful information for explanations. Despite the beneficial interactions such as <

Gmail,Workday > that have discussed above, we can also see that Cloudy and Morning

have no beneficial interaction, meaning that whether it is a cloudy morning does not

contribute to decide the user’s will of using Gmail.
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4.8 Summary

In this chapter, we investigate the second research question of how to detect benefi-

cial feature interactions to improve recommender systems. We are the first to propose

and formulate the problem of detecting beneficial feature interactions for recommender

systems. We propose L0-SIGN to detect the beneficial feature interactions via a graph

neural network approach and L0 regularization. Theoretical analyses and extensive ex-

periments show the ability of L0-SIGN to detect and model beneficial feature interactions

for accurate recommendations.

However, L0-SIGN can only detect pairwise beneficial feature interactions. It is intuitive

that beneficial feature interactions are not always in pairwise forms, but also may exist

in more sophisticated forms (i.e., higher-order feature interactions). In the next chapter,

we continue the second research question to explore detecting arbitrary order beneficial

feature interactions in recommender systems.
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Detecting Arbitrary Order

Beneficial Feature Interactions for

Recommender Systems

This chapter is based on the paper that has been accepted in the Conference on Knowledge

Discovery and Data Mining (SIGKDD) 2022: Detecting Arbitrary Order Beneficial

Feature Interactions for Recommender Systems. Yixin Su, Yunxiang Zhao, Sarah

Erfani, Junhao Gan, Rui Zhang.

5.1 Introduction

In the last chapter, we propose L0-SIGN that can detect beneficial pairwise feature inter-

actions for recommender systems. Recently, researchers found that more sophisticated

forms of feature interactions (i.e., high-order interactions) help achieve more accurate

recommendation predictions. [16, 17]. For example, if we observe that male teenagers

like Nolan’s sci-fi movies, the interactions (order-4) between user gender, user age, movie

director, and movie genre provide useful information for recommendation that pairwise

feature interactions cannot. In this chapter, we explore to effectively and efficiently

detect arbitrary order beneficial feature interactions.

Existing interaction detecting methods (including L0-SIGN) have to examine all the

possible feature interactions to find the most beneficial feature interactions [17]. How-

ever, the number of all the possible feature interactions grows exponentially as the order

increases. This leaves the complexity issue unsolved and they resort to detecting only

limited order (e.g., combinations of up to four features) beneficial feature interactions

80
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Figure 5.1: Left : existing studies detect beneficial feature interactions of limited
orders by examining all the possible feature interactions. Right : we detect arbitrary
order beneficial feature interactions by directly generating them with our deep-infomax-

based methods (s-Infomax and Infomin).

(Figure 5.1 left). Hence, it is still an urgent yet challenging problem to efficiently detect

arbitrary order beneficial feature interactions.

In this work, we propose a method that can efficiently detect beneficial feature interac-

tions of arbitrary orders. Our method learns a neural network that directly generates

the beneficial feature interactions, with the time complexity being linear to the number

of beneficial interactions to be detected (Figure 5.1 right). This number may be speci-

fied to be one that is much smaller than the number of all the possible interactions and

hence incurs a much lower time complexity. Then we achieve recommendation predic-

tions based on the generated feature interactions. Specifically, we propose a hypergraph

neural network based model called Hypergraph Infomax Recommender System (HIRS).

Our model learns a hypergraph representation for each data sample, with each feature

in the data represented as a node and each beneficial feature interaction represented

as a hyperedge. The beneficial feature interaction generation is conducted via hyper-

edge matrix prediction, and the recommendation prediction is conducted via hypergraph

classification.

To achieve an effective beneficial feature interaction generation, we exploit three prop-

erties of beneficial feature interactions based on information theory:

• Sufficiency : all beneficial feature interactions together contain as much relevant in-

formation about the true output as possible.

• Low redundancy : each beneficial feature interaction contains as less irrelevant infor-

mation about the true output as possible.

• Disentanglement : any two beneficial feature interactions contain as less duplicated

relevant information about the true output as possible.
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Based on the three properties, we leverage Deep Infomax [154] and propose supervised

mutual information maximization (s-Infomax) and mutual information minimization (In-

fomin) methods, together with an L0 activation regularization, to guide the interaction

generation.

To effectively learn from the generated beneficial feature interactions for recommenda-

tion, we leverage the arbitrary-order correlation reasoning ability of hypergraph neural

networks [156]. We propose an interaction-based hypergraph neural network (IHGNN)

to perform recommendation prediction based on the generated interactions via hyper-

graph classification.

We summarize our contributions as follows:

• We propose a hypergraph neural network-based model, HIRS, which directly gen-

erates a set of beneficial feature interactions of arbitrary orders, and then performs

recommendation prediction via hypergraph classification.

• We define three properties of beneficial feature interactions and propose s-Infomax and

Infomin methods for beneficial feature interaction generation. We further propose an

interaction-based hypergraph neural network (IHGNN), which effectively learns from

the generated interactions for recommendation.

• Experimental results show that HIRS outperforms state-of-the-art feature interaction-

based models for recommendation. Further evaluations are conducted to show our

model’s beneficial feature interaction generation ability.

5.2 Preliminaries

In this section, we give the preliminaries about Hypergraph Neural Networks and Deep

Infomax.

5.2.1 Hypergraph Neural Networks

Different from a simple graph, each edge in a hypergraph (i.e., hyperedge) can link to an

arbitrary number of nodes. A hypergraph GH = 〈V, E〉 contains a node set V = {i}mi=1,

where m is the number of nodes. Each node i is represented as a vector vi ∈ Rd of d

dimensions (e.g., node embeddings). The hyperedge set E = {ej}kj=1 contains k edges.

eji ∈ {0, 1}, where eji = 1 if the jth edge links to node i, and 0 otherwise. We represent

all the node vectors in a graph as an node representation matrix V ∈ Rm×d and the

edge set as an incidence matrix E ∈ {0, 1}m×k.
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In general, Hypergraph Neural Network (HGNN, Feng et al. [156]) first generates an

edge representation hj for each edge j by aggregating the linked node vectors. Then,

each node vector is updated by aggregating the edge representations linked to the node

(called node patch representation). The procedure is:

hj = φ({Vi|Eij = 1}i∈V),v
′
i = ψ({hj |Eij = 1}ej∈E), (5.1)

where φ(·) and ψ(·) are aggregation functions (e.g., element-wise mean), and v
′
i is the

patch representation of the node i.

A graph representation c ∈ Rd can be generated by further aggregating the node patch

representations:

c = η({v′
i}i∈V), (5.2)

where η is an aggregation function similar to φ and ψ.

5.2.2 Deep Infomax

To perform mutual information maximization (Infomax), we need to first estimate the

mutual inforamtion. Given two random variables A and B, MINE [215] performs the

mutual information estimation via training a classifier to distinguish their joint distribu-

tion J from their marginal distribution M. Specifically, MINE uses Donsker-Varadhan

representation [251] of KL-divergence as the lower bound to the mutual information:

I(A;B) = DKL(J||M) > ÎDVω (A;B)

= EJ[Tω(a, b)]− logEM [eTω(a,b)],
(5.3)

where a are the samples of A, b are the samples of B, and Tω is a classifier with

parameters ω.

In Deep Infomax [154] that aims to maximize a mutual information, the exact mutual in-

formation value is not important. Therefore, ÎDVω (A;B) can be conveniently maximized

by optimizing a GAN-like objective function [218, 220]:

L = EJ[log Tω(a, b)] + EM [log(1− Tω(a, b))]. (5.4)

This objective function can be optimized by training the discriminator Tω through a

Binary Cross Entropy (BCE) loss [218].
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5.3 Problem Statement

The data format of this work is the same as last work (Section 4.3). The difference

is that in this work, we consider arbitrary order feature interactions. Given (xn, yn),

a recommendation model that explicitly considers arbitrary order feature interactions

first selects (either predefined or detected) kn feature interactions In = {qi}kni=1, where

qi ⊆ Jn indicates an interaction between the features in qi. Then, a predictive model

F (xn, In) = y
′
n is designed which has a middle state H = {hi}kni=1, where hi ∈ Rd is the

high-level representation of qi, and y
′
n is the prediction of yn.

5.4 Our Proposed Method

In this section, we first give an overview of our proposed method. Then, we demonstrate

HIRS in detail. Finally, we show the empirical risk minimization function of HIRS.

5.4.1 Model Overview

We first introduce data representation with hypergraphs. Then we show the overall

structure of HIRS.

5.4.1.1 Data Representation with Hypergraphs

We focus on one input-output pair considering k arbitrary order feature interactions.

Existing GNN-based models can only represent pairwise feature interactions [103]. We

propose a hypergraph form data representation that is more general in representing arbi-

trary order feature interactions. A hypergraph is an extension of a standard graph that

each edge, i.e., hyperedge, can link to an arbitrary number of nodes. We treat each data

sample as a hypergraph, with each node being a feature that occurred in the data sam-

ple. Each hyperedge represents an interaction between all the linked nodes. Formally,

for the feature set of each data sample input x = {(ai, wi)}mi=1, it can be represented

as a hypergraph GH〈V, E〉. The node set V = x. The hyperedge set E consists of k

beneficial feature interactions and can be represented as a hyperedge incidence matrix

E ∈ {0, 1}m×k.
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Figure 5.2: An Overview of HIRS. The part above the red dotted line is the recom-
mendation prediction component. The part below the red dotted line is the s-Infomax
and Infomin component and the L0 activation regularization, which is only conducted

during training.

5.4.1.2 The Overall Structure of HIRS

HIRS contains two components: the first component performs recommendations pre-

dictions, and the second component performs s-Infomax and Infomin methods based on

the three properties of beneficial feature interactions. The recommendation prediction

component of HIRS contains two modules: one is a hyperedge prediction module that

performs interaction generation, the other is the IHGNN module that performs interac-

tion learning. The recommendation prediction component takes a hypergraph without

hyperedge as input, i.e., GH〈V, ∅〉. A hyperedge prediction function fgen(V) leverages

the node information to generate k beneficial feature interactions as the edge set E ′
.

Then, IHGNN models the hypergraph with the generated edge set GH〈V, E
′〉 and out-

puts the recommendation prediction y
′
. The function combining the two modules is

fr(V;ρ) = fIHGNN (GH〈V, fgen(V)〉), where ρ are all parameters in fgen and fIHGNN .

While training, the other component containing s-Infomax and Infomin is conducted on

the hyperedge representations (h) and the graph representation (c) in fr, together with

an L0 activation regularization on the predicted hyperedges, to ensure the effectiveness

of the interaction generation. Figure 5.2 demonstrates an overview of HIRS. In the

following subsections, we describe the two components in detail.

5.4.2 The Recommendation Prediction Component

The recommendation prediction component of HIRS performs beneficial feature interac-

tion generation via hyperedge prediction and then leverages the generated interactions

for recommendation via IHGNN.
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5.4.2.1 Hyperedge Prediction

The hyperedge prediction module fgen(V) generates hyperedges E ′
as beneficial feature

interactions in an incidence matrix format E
′
. First, each node is mapped into a node

vector of d dimensions for hyperedge prediction: V e
i = embe(ai) · wi, where embe(·)

maps a feature into a d-dimensional embedding1. Then, for each node, we concatenate

the vector containing the information of the node itself, and the vector summarizing the

information of all other nodes in the hypergraph. The concatenated vector will be sent

to an MLP to obtain a k-dimensional vector.

Finally, we need to map the values in the k-dimensional vector in to binary values as

the hyperedge values of the node in the k edges. However, directly representing the

hyperedge matrix by binary values results in a non-differentiable problem while training

with gradient descent methods [209]. Therefore, we use the hard concrete distribution

[243] as the hyperedge value to approximate the binary value. Specifically, for node

i, its middle state value αi outputted by the MLP in ggen will be transferred into the

hyperedge values of hard concrete distribution that are the same as that in L0-SIGN

(Section 4.5.2):

u ∼ U(0, 1),

sij = Sigmoid((log u− log(1− u) + log(αij))/β),

s̄ij = sij(δ − γ) + γ,

E
′
ij = min(1,max(0, s̄ij)),

(5.5)

where u is a uniform distribution, β is a temperature value and (γ, δ) is an interval with

γ < 0, δ > 0.

The hard concrete distribution approximates binary values with continuous values so

that the generated hyperedge values are differentiable.

In summary, the fgen(V) is:

E
′
i = HardCon(MLP ([V e

i ,
∑

j 6=i
V e
j ])), (5.6)

where E
′
i ∈ Rk is the hyperedge value vector of node i, [·] is the concatenation operator

and HardCon(·) maps the output of the MLP into a hard concrete distribution.

The predicted incidence matrix E
′ ∈ Rm×k is the concatenation of E

′
i of all the m nodes.

1embe ensures a feature has the same embedding in different hypergraphs, and the embedding will
be updated while training.
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5.4.2.2 IHGNN

With the generated edge set E ′
(E

′
in incidence matrix form), we propose an interaction-

based hypergraph neural network (IHGNN) to learn GH〈V, E
′〉.

First, we map each node in V into a node vector for IHGNN: V g
i = embg(ai) ·wi. Then,

different from Hypergraph Neural Network [156] that models each hyperedge by linearly

aggregating the node vectors, we use an MLP (a non-linear method) to model each

hyperedge:

hj = fE(sum({V g
i |E

′
ij = 1}i∈V)) (5.7)

where fE is an MLP, sum(·) is an element-wise sum and hj ∈ Rd is the high-level

representation of edge j.

We use an MLP because feature interactions are inherently complex. The non-linearly

modeling ensures IHGNN correctly and effectively models the generated interactions

founded by statistical interactions defined in Section 4.4.2. This is discussed in detail in

Section 5.5.1.

Then, each node representation is updated via aggregating the representations of the

corresponding (linked) hyperedges by a function ψ (e.g., element-wise mean). The hy-

pergraph representation c is obtained via further aggregating all the updated node rep-

resentations by a function φ that is similar to ψ. Finally, we use a readout function g

to map c to a scalar value as the hypergraph classification result. The IHGNN function

fIHGNN is:

fIHGNN (GH〈V, E
′〉) = g(φ({ψ({hj |E

′
ij = 1}j∈E)}i∈V)). (5.8)

We leverage an L0 activation regularization like in L0-SIGN to sparsify the generated

hyperedge matrix E
′
. However, the L0 activation regularization solely may not lead

to a successful interaction detection of arbitrary orders. For example, it may lead to

the generated incidence matrix containing only one edge that links to all nodes and the

other k − 1 edges being empty. As a result, all interaction information assembles in

one hyperedge, which is not a beneficial feature interaction. Therefore, we exploit three

properties of beneficial feature interactions in the next section to guide the beneficial

feature interaction generation.

5.4.3 The s-Infomax and Infomin Component

We first formally define three properties of beneficial feature interactions. Then we

describe how we achieve the three properties by s-Infomax and Infomin methods.
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5.4.3.1 Three Properties of Beneficial Feature Interactions

Sufficiency: The representations of all beneficial feature interactions together contain

as much information of the input about the true output as possible. In information

theory, ideally, we aim to reach:

I((h1,h2, ...,hk); y) = I(x; y), (5.9)

where I(·) is the mutual information.

Low Redundancy: Each beneficial feature interaction representation should contain

as less irrelevant information about the true output as possible. Ideally, we aim to reach:

∑k

i=1
H(hi|y) = 0, (5.10)

where H(hi|y) is the entropy of hi conditioned on y.

Disentanglement: The representations of any two beneficial feature interactions con-

tain as less duplicated information about the true output as possible. Ideally, we aim to

reach: ∑
i 6=j
I(hi;hj ; y) = 0. (5.11)

Figure 5.3 shows the relations between feature interactions and the true output according

to the three properties.

In HIRS, all the hyperedge representations {h1,h2, ...,hk} are generated by a function

with features x as the input, and the output y is generated through the hyperedge

representations, which forms a Markov chain x → {h1,h2, ...,hk} → y. Therefore,

I(x; y) > I((h1,h2, ...,hk); y). To achieve the sufficiency property, we just need to

maximize I((h1,h2, ...,hk); y) to approach the optimal situation.

To achieve the low redundancy and the disentanglement properties, due to the non-

negativity of entropy and mutual information,
∑k

i=1H(hi|y) > 0 and
∑

i 6=j I(hi;hj ; y) >

0. Therefore, we minimize
∑k

i=1H(hi|y) and
∑

i 6=j I(hi;hj ; y).

In summary, to achieve the three properties, we just combine all the above goals together

and get the objective function in Equation (5.12):

max I((h1,h2, ...,hk); y)− ι1
k∑
i=1

H(hi|y)− ι2
∑
i 6=j
I(hi;hj ; y), (5.12)

where ι1 and ι2 are scalar weights balancing the three properties.
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Figure 5.3: The Venn diagram of the three properties. The green part is the infor-
mation that our generated interactions to retain, and the gray part is to discard.

5.4.3.2 s-Infomax and Infomin

Due to the difficulty of directly optimizing Equation (5.12) [154], we propose supervised

mutual information maximization (s-Infomax) and mutual information minimization (In-

fomin) methods based on Deep Infomax (DIM, Hjelm et al. [154]) as the approximation

of Equation (5.12). The s-Infomax method maximizes the mutual information between

each edge representation and the label representation, i.e., max I(hi; y). The Infomin

method minimizes the mutual information between every pair of edge representations in

a hypergraph, i.e., min I(hi;hj). The approximation of Equation (5.12) is:

max
∑k

i=1
I(hi; y)− σ

∑
i 6=j
I(hi;hj), (5.13)

where σ is a scalar weight.

We prove that Equation (5.12) reaches the optimal value when Equation (5.13) reaches

the optimal value in Proposition 5.1. We detail the proof in Appendix C.

Proposition 5.1. Consider an input-output pair (x, y), where x is a set of features, a

function maps x to y in a Markov form x→ {h1,h2, ...,hk} → y, where {h1,h2, ...,hk}
is a set of middle states mapped from x, if the {h1,h2, ...,hk} makes Equation (5.13)

reach the optimal value, it also makes Equation (5.12) reach the optimal value..

Proposition 5.1 ensures that by optimizing Equation (5.13), we approximately optimize

Equation (5.12) so that generate feature interactions that fit the three properties.

5.4.3.3 The Implementation

One difficulty of applying s-Infomax is that the label space only has two states, i.e., 0

and 1, which are discrete and are too small to provide enough output information [225].

Hence, we use the hypergraph representations to represent the label space, extending

the two states into a continuous high-dimensional space. Following DIM, we sample the

joint distribution of I(hi; y) as the pair of hi and a random hypergraph representation

c+ from training samples having the same y label. Then, we sample the marginal
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distribution as hi and a random hypergraph representation c− from training samples

having the opposite y label. We use a GAN-based objective function for s-Infomax:

max
∑

i
I(hi; y) = max

1

k

∑
i
(logDθ(hi, c

+)

+ (1− logDθ(hi, c
−))),

(5.14)

where Dθ ∈ R2×d → R is a discriminator that distinguishes the joint distribution and

the marginal distribution.

In Infomin, we minimize the MI between different hyperedge representations in a hyper-

graph. We set the sampled joint distribution as (hi,hj) that i 6= j, and the marginal

distribution as (hi,hi). To avoid the overfitting issue that the discriminator in Infomin

may trivially compare whether two input vectors are the same, inspired by Gao et al.

[252], we use a dropout function fa to prevent each pair of input vectors from being the

same. To ensure efficiency, we get one sample from the joint distribution and one sample

from the marginal distribution for each node. The objective function for Infomin is also

a GAN-based objective function but swaps the joint and marginal distributions:

min
∑
i 6=j
I(hi;hj) = max

1

k

∑
i

(logDω(fa(hi)fa(hi))

+(1− logDω(fa(hi), fa(hj)))).

(5.15)

Equation (5.14) and Equation (5.15) can be efficiently optimized by training the dis-

criminators Dθ and Dω through Binary Cross-entropy (BCE) loss [218].

Note that the main difference between s-Infomax and Infomin in implementation is the

choice of the joint distribution and marginal distribution that a discriminator to distin-

guish. The distributions chosen in Infomin are intuitive: we want any two hyperedge

representations in a hypergraph to be as different as possible (have less MI).

5.4.4 The Empirical Risk Minimization Function

The empirical risk minimization function of HIRS contains the loss function of rec-

ommendation predictions, an L0 activation regularization, the loss functions of the s-

Infomax discriminator and the Infomin discriminator:

R(θ,ω,ρ) =
1

N

N∑
n=1

(L(fr((GH)n;ρ), yn) + λ1

∥∥∥E′
n

∥∥∥
0

+ λ2LD(Dθ) + λ3LD(Dω)),

ρ∗,θ∗,ω∗ = arg min
θ,ω,ρ

R(θ,ω,ρ),

(5.16)
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where (GH)n = (GH〈V, ∅〉)n, λ1, λ2 and λ3 are weight factors, L(·) and LD(·) are both

BCE loss, and ρ∗, θ∗, ω∗ are final parameters.

5.5 Discussions

In this section, we first show that IHGNN satisfies the statistical interaction principle so

that can perform effective feature interaction modeling. Then we show that IHGNN is

a general framework for modeling and aggregating arbitrary order feature interactions.

Finally, we give a time complexity analysis to show that HIRS is inherently more efficient

than existing studies for beneficial feature interaction detection.

5.5.1 IHGNN Satisfying the Statistical Interaction Principle

We first give the definition of arbitrary order statistical interaction following our pairwise

statistical interaction definition (Definition 4.2).

Definition 5.2. (Arbitrary Order Statistical Interaction) Consider a function f(·)
with input variables x = {x1, x2, ..., xm}. Then, a set of variables q̂ ⊆ x is a statistical

interaction of function f(·) if and only if there does not exist a set of functions f\i(·),
where xi ∈ q̂ and f\i(·) is not a function of xi, such that

f(x) =
∑
xi∈q̂

f\i(x1, xi−1, xi+1, ..., xm) (5.17)

We prove that IGHNN models a set of features as a statistical interaction if they form

a hyperedge in the input hypergraph in Proposition 5.3. The proof of Proposition 5.3 is

in Appendix D.

Proposition 5.3. Consider an input-output pair (x, y). Let G〈V, ∅〉 be the input of

HIRS, where V = x, the IHGNN function (Equation (5.8)) flags a statistical interaction

among all the features in q ⊆ V if q = {ai|E
′
ik = 1}i∈V , where E

′
k is a hyperedge predicted

by fgen (Equation (5.6)).

Note that according to the definition of statistical interaction, if fIHGNN flags a sta-

tistical interaction on all features in q, fIHGNN flags a statistical interaction on any

qs ⊆ q. This is the reason that we use Infomin to force each hyperedge to contain dif-

ferent feature interactions and prevent multiple feature interactions from merging into

one hyperedges.
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5.5.2 IHGNN Generalizes Existing Methods

We show that some existing methods can be represented as an IHGNN in specific set-

tings.

5.5.2.1 L0-SIGN as IHGNN

A hypergraph is an extension of a standard graph. Therefore, GNN-based recommender

systems such as L0-SIGN and Fi-GNN [103] can be easily applied by IHGNN by changing

the edge matrix into the incidence matrix form and replacing with the corresponding

feature interaction modeling functions, e.g., dot product by an MLP for L0-SIGN.

5.5.2.2 FM as IHGNN

FM models every pairwise feature interaction by dot product and sums up all the mod-

eling results. We can regard each pairwise feature interaction in FM as a hyperedge

linking to two nodes, which forms the EFM that contains all pairwise node combina-

tions, including all self-loops as the point-wise terms in FM.

Formally, we can write FM as:

fFM (GH〈V, EFM 〉) =
1

2
(φ({ψ({Vi � Vj |EFM

ik = EFM
jk = 1}k∈E)})), (5.18)

where � is dot product and φ, ψ are sum operations.

In addition, FM-based extensions can also be achieved based on the above derivation.

For example, NFM [108] can be achieved by replacing the dot product and the φ by an

element-wise production and an MLP, respectively.

5.5.2.3 DeepFM as IHGNN

DeepFM [5] merges the prediction of FM and the prediction of an MLP modeling all the

features. We can regard DeepFM as IHGNN by adding a hyperedge linking to all nodes

in addition to EFM . Since DeepFM uses different interaction modeling functions in FM

and the MLP, the hyperedges are modeled differently according to the edge degree.
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5.5.3 Interaction Generation Cost Analysis

HIRS generates k beneficial feature interactions through the hyperedge prediction mod-

ule fgen, which has the time complexity of O(mkd) for a data sample of m features,

with each feature being a d-dimensional vector. The s-Infomax and the Infomin meth-

ods help the interaction generation and both have the complexity of O(kd). In addition,

the IHGNN module models the generated feature interactions for recommendation with

a O(mkd+md) complexity. Therefore, the time complexity of HIRS is O(mkd). Exist-

ing studies model or examine all the possible interactions by enumerating them O(2md)

[17] or stacking pairwise interaction modeling layers O(m3d) [11, 253] when considering

arbitrary orders. Since k can be set to be a much smaller number (e.g., 40) than m2

(e.g., 196 when m = 14), HIRS achieves a more efficient interaction modeling. We do

not include the complexity of the neural network modules in HIRS and the baselines

as they are all linear to d. The running time of HIRS and the baselines are detailed in

Section 5.7.

5.6 Experiments

In this section, we evaluate the following aspects of our proposed model: (i) the recom-

mendation prediction accuracy of HIRS; (ii) the beneficial feature interactions generation

ability of HIRS; (iii) the impact of different components and hyperparameters of HIRS.

5.6.1 Experimental Protocol

5.6.1.1 Datasets

We evaluate HIRS on three real-world datasets in recommender systems: MovieLens

1M [254], Book-crossing [255], and MovieLens 25M [254]:

MovieLens 1M [254] contains users’ ratings on movies. Each data sample contains

a user and a movie with their corresponding attributes as features. We further collect

movies’ other features, such as directors and casts from IMDB to enrich the datasets.

Book-crossing [255] contains users’ implicit and explicit ratings of books. Each data

sample contains a user and a book with their corresponding features. The reprocessed

words in the book titles are also regarded as features of the book.

MovieLens 25M [254] contains movie attribute information and the tags (e.g., gun-

fight, dragon) that users gave to the movies. We regard the attributes genres, years,

and the 10 most relevant tags for movie as features.



Chapter 5: Experiments 94

Dataset #Data #Users #Items #Features

MovieLens 1,149,238 5,950 3,514 6,974
Book-Crossing 1,050,834 4,873 53,168 43,244
MovieLens 25M 31,147,118 162,541 62,423 226,122

Table 5.1: Dataset statistics.

We transfer the explicit ratings to implicit feedback. We regard the ratings greater than

3 as positive ratings for MovieLens 1M and MovieLens 25M, and regard all rated explicit

ratings as positive ratings for Book-crossing due to its sparsity. Then, we randomly select

the same number of negative samples equal to the number of positive samples for each

user.

We summarize the statistics of the datasets in Table 5.1. Note that although MovieLens

1M and MovieLens 25M are both movie recommendation datasets, they are actually

deployed with different features, e.g., MovieLens 25M contains the tag features, while

MovieLens 1M does not. In this way, we can evaluate the effectiveness and the robustness

of our model when different kinds of features are available in similar scenarios.

5.6.1.2 Baselines

We compare HIRS with state-of-the-art models considering feature interactions for rec-

ommendation: The baselines are based on: 1) whether they consider pairwise or high-

order feature interactions; 2) whether they perform beneficial feature interaction detec-

tion. Table 5.2 summaries this information.

We compare HIRS to various baseline models, including FM [74], AFM [4], NFM

[108], AutoInt [11], DeepFM [5], xDeepFM [16], our L0-SIGN model (Chapter 4),

and the following models:

Fi-GNN [103] represents each data sample as a feature graph and models all pairwise

interactions in a GNN by the multi-head self-attention method.

DCNv2 [253] leverages deep and cross network to implicitly and explicitly model feature

interactions.

AutoFIS [17]: detects limited high-order beneficial feature interactions by setting a

gate for each feature interaction. We set the highest order of 3 following the original

paper.

AFN [109] leverages logarithmic neural network to learn high-order feature interactions

adaptively from data. We set the highest order of 3 following the original paper.
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Mthods High-Order Beneficial Detection

FM
AFM
NFM

Fi-GNN
L0-SIGN

√

AutoInt
√

DeepFM
√

xDeepFM
√

DCNv2
√

AutoFIS
√ √

AFN
√ √

HIRS
√ √

Table 5.2: Summaries of whether the model can consider high-order feature interac-
tions and perform beneficial feature interaction detection.

For all baselines, we use the same MLP settings in all baselines (if use) as our interaction

modeling function in HIRS for a fair comparison.

5.6.1.3 Experimental Setup

In the experiments, we use element-wise mean as the linear aggregation function for both

ψ(·) and φ(·). g(·) is a linear regression function. The MLPs for fgen(·) and fE consist of

a fully connected layer of size 64 with a ReLU activation. Both Dθ and Dω are Bilinear

models. The dropout probability of fa is 0.1. The node embedding size for interaction

modeling and edge prediction is 64. The hyperedge number k is 40. We set λ1 = 0.02,

λ2 = 1, λ3 = 0.1, and Adam [256] as the optimization algorithm. We randomly split

each dataset into training, validation, and test sets with a proportion of 70%, 15%, and

15%, respectively. We evaluate the performance of HIRS and the baseline models using

the popular ranking metrics Recall@10, Recall@20, NDCG@10, and NDCG@20.

5.6.2 Overall Performance

Table 5.3, Table 5.4, and Table 5.5 show the results of our model and the baseline

models on the MovieLens 1M dataset, the Book-Crossing dataset and the MovieLens

25M dataset, respectively. The results are the average of 10 times run. The best results

for each dataset are in bold, and the best baseline results are underlined. The rows

Improv (standing for Improvements) and p-value show the improvement and statistical

significance test results (through Wilcoxon signed-rank test) of HIRS to the best baseline

results, respectively.
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We observe that:

• Our model outperforms all the baselines on the three datasets (up to 5.49%), and the

significance test results are all lower than the threshold of 5%, which show that the

improvements are significant.

• For the models that only consider pairwise feature interactions, GNN-based models

(e.g., Fi-GNN and L0-SIGN) perform better than other baselines (e.g., NFM). This

shows the ability of GNNs in interaction modeling.

• Models considering higher-order feature interactions (e.g., xDeepFM and AFN) per-

form better than those only consider pairwise interactions (e.g., NFM and Fi-GNN).

Thus, considering high-order feature interactions is beneficial for providing better

prediction accuracy.

• Detecting beneficial feature interactions is vital in removing noise interactions and

improving prediction accuracy (e.g., L0-SIGN v.s. Fi-GNN).

• Our model combines GNN-based interaction modeling, higher-order interaction mod-

eling, and beneficial feature interaction detection, and achieves the best performance.

MovieLens 1M
R@10 R@20 N@10 N@20

FM 0.8527 0.8996 0.8521 0.8845
AFM 0.8738 0.9176 0.8734 0.8994
NFM 0.8979 0.9318 0.8925 0.9084

Fi-GNN 0.9060 0.9341 0.9091 0.9226
L0-SIGN 0.9092 0.9386 0.9176 0.9268

AutoInt 0.8991 0.9318 0.9077 0.9118
DeepFM 0.8975 0.9308 0.9074 0.9128
xDeepFM 0.9049 0.9342 0.9134 0.9114
AutoFIS 0.9028 0.9317 0.9096 0.9208
DCNv2 0.9014 0.9311 0.9079 0.9104
AFN 0.9032 0.9333 0.9112 0.9232

HIRS 0.9545 0.9663 0.9464 0.9500

Improv. 4.98% 2.95% 3.13% 2.50%
p-value 0.5% 0.5% 0.5% 0.5%

Table 5.3: Comparing the prediction performance of HIRS with the baselines in the
MovieLens 1M dataset.
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Book-Crossing
R@10 R@20 N@10 N@20

FM 0.7802 0.8834 0.8123 0.8539
AFM 0.8084 0.8892 0.8473 0.8779
NFM 0.8625 0.9174 0.8492 0.8843

Fi-GNN 0.8818 0.9262 0.8689 0.8861
L0-SIGN 0.8817 0.9266 0.8723 0.8914

AutoInt 0.8739 0.9263 0.8636 0.8894
DeepFM 0.8765 0.9245 0.8648 0.8800
xDeepFM 0.8791 0.9249 0.8692 0.8826
AutoFIS 0.8804 0.9227 0.8706 0.8887
DCNv2 0.8773 0.9234 0.8671 0.8858
AFN 0.8821 0.9285 0.8710 0.8917

HIRS 0.9279 0.9584 0.9081 0.9211

Improv. 5.19% 3.22% 4.10% 3.30%
p-value 0.5% 0.5% 0.5% 0.5%

Table 5.4: Comparing the prediction performance of HIRS with the baselines in the
Book-Crossing dataset.

5.6.3 Effectiveness of the Beneficial Properties

To ensure our model can detect beneficial feature interactions that fit the beneficial

properties (sufficiency, low-redundancy, and disentanglement), we propose the s-Infomax

and Infomin module and the L0 activation regularization. This section, we evaluate

the influence of them on the beneficial feature interaction detection and the prediction

accuracy.

We run two variants of HIRS: (i) without s-Infomax and Infomin (woMI ), and (ii)

without the L0 activation regularization (woL0). Figure 5.4 shows the distribution of

the generated feature interactions on three settings (the full model and the two variants).

We observe that when using the variant woMI, most of the generated hyperedges are

empty (order 0), and a few hyperedges connect to most features (order 12-14). It

proves the importance of the three properties on arbitrary order beneficial interaction

generation. When using the variant woL0, most of the generated interactions have

relative higher orders than using our full model. This proves that L0 regularization

helps ease the issue of mixed interaction in each hyperedge. Next, we show the prediction

accuracies of the two variants and the full model in Figure 5.5. We show the results

of Recall@10 and NDCG@10. Similar conclusions can be drawn from Recall@20 and

NDCG@20 (the same as the remaining experiments). We can see that both woMI

and woL0 reduce the prediction accuracy. This proves that our full model successfully
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MovieLens 25M
R@10 R@20 N@10 N@20

FM 0.8331 0.8972 0.9535 0.8791
AFM 0.8484 0.9082 0.8618 0.8845
NFM 0.8604 0.9170 0.8620 0.8903

Fi-GNN 0.8692 0.9124 0.8667 0.8905
L0-SIGN 0.8729 0.9261 0.8704 0.8915

AutoInt 0.8707 0.9233 0.8692 0.8899
DeepFM 0.8667 0.9213 0.8650 0.8883
xDeepFM 0.8673 0.9226 0.8696 0.8902
AutoFIS 0.8702 0.9228 0.8712 0.8922
DCNv2 0.8678 0.9214 0.8667 0.8890
AFN 0.8743 0.9271 0.8737 0.8938

HIRS 0.9223 0.9545 0.8846 0.9011

Improv. 5.49% 2.96% 1.26% 0.81%
p-value 0.5% 0.5% 1.4% 3.7%

Table 5.5: Comparing the prediction performance of HIRS with the baselines in the
MovieLens 25M dataset.

generates more beneficial feature interactions than the two variants and hence gains the

best performance.

5.6.4 Ablation Study on RPC Modules

We evaluate the impact of two key functions, the hyperedge detection function fgen and

the non-linear interaction modeling function fE , in the two modules (the hyperedge pre-

diction module and the IHGNN module) of the recommendation prediction component

(RPC), respectively. To evaluate the impact of fgen, we remove fgen and use a fully

connected matrix as the hyperedge matrix, i.e., E′ = 1. We name this variant as woHP.

To evaluate fE in HIRS, we replace fE by a linear function, which simply remove the

ReLU activation in fE . We name this variant as woNM.

We summarize the results in Figure 5.6. The variant woHP achieves an inferior per-

formance. In this situation, the hyperedge does not indicate a feature interaction, but

all the features. Therefore, the interaction modeling function does not model beneficial

feature interactions but the mix of all the feature information, which inevitably contains

the noise information that decreases the prediction accuracy. The variant woNM also

achieves an inferior performance. This is because the non-linear interaction modeling

helps correctly model the generated feature interactions and hence improves the accu-

racy. This is consistent with our claim in Chapter 4. We also show the results of the

variant with both modifications (woBoth). The worst performance it achieves is not
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Figure 5.4: The distribution of the generated feature interaction orders from HIRS,
HIRS without MI, and HIRS without L0 regularization.

surprising since the whole model under this setting can be regarded as a linear mapping

from feature embeddings to the final prediction.

5.7 Running Time Analysis

We have theoretically analyzed the efficiency advantage of HIRS over other baselines that

explicitly consider high-order feature interactions. In this section, we experimentally

evaluate the running time of HIRS and these baselines. Specifically, we run HIRS and

baselines on the MovieLens 1M dataset and record the time consuming they used in each

epoch while training. For the baselines, we record the running time of setting different

order limitations. We then compare with HIRS that consider arbitrary order feature

interactions. Table 5.6 demonstrates the time consuming results. Note that since the

running environment of our model and baseline models are not exact the same, the time
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Figure 5.5: Comparing the performance of HIRS, HIRS without s-Infomax and In-
fomin, and HIRS without L0 regularization.
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Figure 5.6: The recommendation performance of HIRS, HIRS without hyperedge
prediction, HIRS without non-linear interaction modeling, and HIRS without both.

comparison results reported are not completely accurate. For example, some baseline

models directly call packages for compiling, which is more time efficient. However, we

can still gain useful information from the results.

From the table, we can see that the running time of our model approximately equals

to baseline models modeling low order feature interactions, which is consistent with our

theoretical analysis in Section 5.5.3. Meanwhile, the running time for baseline models

increase with the highest order increasing, while HIRS has constant running time. The

results proves the efficiency of our model in modeling arbitrary order feature interactions,

while baseline models have much higher running time when considering up to arbitrary

orders (order 14). In addition, when we detect fewer feature interactions for each data

sample, e.g., k = 20, the running time is further decreased comparing to that of k = 40.

5.7.1 Parameter Study

We evaluate the impact of the number of feature interactions (k), the weight values for

L0 activation regularization (λ1), s-Infomax (λ2), and Infomin (λ3) in Equation (5.16)

on the prediction accuracy. Figure 5.7 shows the performance of HIRS using different

numbers of edges (k). The prediction accuracy increases when the k increases from 5

to 40, but flattens over 40. This is because that when the edge number is small, some
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Method Order
2 3 4 5 ... 13 14

AutoInt 5.48 6.26 10.96 12.59 ... 23.34 24.27
DCNv2 9.40 14.09 18.79 22.71 ... 46.19 50.11
xDeepFM 18.79 39.93 59.51 78.30 ... 229.42 248.21

HIRS (k=40) 15.16
HIRS (k=20) 11.38

Table 5.6: Comparing the time (in seconds) of different models for one epoch on the
MovieLens 1M dataset. All the models are run on the same machine equipped with a

CPU: Intel(R) Core(TM) i7-9700K @ 3.60GHz, and a GPU: GeForce RTX 2080Ti.
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Figure 5.7: The recommendation performance of HIRS with different hyperedge num-
bers.

of the beneficial feature interactions are discarded or mixed in one hyperedge. How-

ever, the number of edge slots is enough to contain beneficial feature interactions when

k > 40. Next, we evaluate different λ1, λ2, λ3 values in Equation (5.16) on the Movie-

Lens 1m dataset. As shown in Figure 5.8, every weight has a sweat point that leads

to the best performance. For the L0 regularization weight (λ1), it balances the sparsity

and the useful information retraining of the beneficial feature interactions. s-Infomax

and Infomin balance the three properties. The sufficiency and the low redundancy are

achieved by s-Infomax, and the disentanglement is achieved by Infomin. For example, a

high s-Infomax weight ensures sufficiency and low redundancy, but may harm the disen-

tanglement. Only when the three properties achieve simultaneously we can successfully

generate beneficial feature interactions, and leverage them for accurate recommenda-

tions.

5.7.2 Case Study on the Detected Interactions

We do a case study to visualize the detected feature interactions. Figure 5.9 shows the

detected feature interactions (in an incidence matrix) of a data sample in the Movie-

Lens 1M dataset, where empty ones were removed. Each column is a feature interaction

with corresponding features colored. We sort the feature interactions by order and set

them with different colors based on their order, e.g., dark blue for second order feature
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Figure 5.8: The performance of different weight values of L0 activation regularization,
s-Infomax, and Infomin.

Figure 5.9: The detected feature interactions (in an incidence matrix) of a data
sample in the MovieLens 1M dataset. Feature interactions are sorted by their orders

and columns with the same color represent the interactions of the same order.

interactions and purple for 13 order feature interactions (the number of colored cells in

each column indicates the order of the corresponding interaction). From the figure, we

observe that: (i) Feature interactions provide potential explanations for the recommen-

dation prediction results. For example, interaction 13 shows the interaction between age

and comedy genre, which indicates that users aged 25-35 may prefer comedy movies.

(ii) Features such as gender and age participate in many feature interactions, which
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shows the importance of these features in the prediction. (iii) User id (e.g., User 212 )

and movie id (e.g., Naked Gun) usually appears in high order feature interactions (e.g.,

interaction 30-34). This indicates that the id features can be used to infer complex

preferences or properties. (iv) There are a few duplicated feature interactions, e.g., in-

teractions 13 and 17. It means that these interactions are important. Having them

duplicated adds the weights of these interactions in recommendation predictions.

5.8 Summary

In this chapter, we investigate how to detect arbitrary order beneficial feature interac-

tions for recommendation. We represent each data sample as a hypergraph and use a hy-

pergraph neural network-based model named HIRS for recommendation. HIRS achieves

superior results by directly generating beneficial feature interactions via hyperedge pre-

diction and performing recommendation predictions via hypergraph classification. We

define three properties of beneficial feature interactions, and propose s-Infomax and

Infomin methods for effective interaction generation.

In the next chapter, we investigate the third research question of how to categorize and

model feature interactions to fit their roles for more accurate recommendation.



Chapter 6

Modeling User and Item

Attribute Interactions for Profile

Learning and Preference

Matching

This chapter is based on the paper that has been published in the International Con-

ference on Research and Development in Information Retrieval (SIGIR) 2021: Neural

Graph Matching based Collaborative Filtering. Yixin Su, Rui Zhang, Sarah Er-

fani, Junhao Gan.

6.1 Introduction

In this chapter, we explore to categorize and model the interactions between user/item

attributes so that fit their roles for recommendation. The motivation is that existing

feature interaction-based models simply treat all the attribute interactions equally, and

hence, model and aggregate them in the same way. For example, factorization machine

[2] models each attribute interaction as a dot product of two embedded vectors and

aggregates all the modeling results linearly. GNN-based interaction modeling such as

our L0-SIGN (Chapter 4) models feature interactions equally in a GNN to generate the

final predictions.

However, different attribute interactions should have different impacts on the final pre-

diction. Specifically, when the attribute interactions are exploited to perform joint

decisions, they could play different roles for recommendation. For example, without loss
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Figure 6.1: An illustration of the differences between GMCF (left) and existing work
(right). GMCF treats attribute interactions differently in a structure of graph matching,

while existing work treats all attribute interactions equally.

of generality, the goal of movie recommendation is to predict the preference of a user

(represented by the user’s attributes) on a movie (represented by the item’s attributes).

Therefore, the attribute interactions are naturally divided into two categories based on

their roles for recommendation. First, the interactions between user attributes only

(or between item attributes only), e.g., <male, 18-24>, <Nolan, sci-fi>, serve as user

(item) profile learning. These interactions are called inner interactions. Second, the

interactions between user attributes and item attributes, e.g., <18-24, sci-fi>, serve as

preference matching, such as “whether users in 18-24 years old like sci-fi movies”. These

interactions are called cross interactions. Existing work do not distinguish these two

types of interactions. Such unawareness of attribute interaction types inevitably limits

the capability of the existing work of leveraging attribute interactions for producing

satisfactory joint decisions.

In this work, we explicitly model and aggregate inner interactions and cross interactions

in different ways in a graph matching structure. Specifically, we use a graph composed

of a user’s (an item’s) attributes to represent the user (the item). Each attribute is a

node, and each pairwise attribute interaction is an edge. Then, we propose a neural

Graph Matching based Collaborative Filtering model, called GMCF. Our GMCF uses a

GNN to model a user attribute graph and an item attribute graph based on their inner

interactions, respectively. Meanwhile, it matches the two attribute graphs at node level

based on cross interactions, and makes the final prediction result. Figure 6.1 illustrates

the differences between GMCF and existing work (GNN-based work as an example) in

modeling and aggregating attribute interactions. As a result, GMCF consider attribute

interactions in a way that fits what a recommender system aims to do: learn user and

item characteristics (through graph learning), and match users’ preference to items based

on their characteristics (through graph matching).
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We summarize the main contributions of our work as follows:

• We highlight the importance of distinguishing the impacts of attribute interactions

on recommendation predictions, and categorize them into inner interactions and cross

interactions. These interactions should be treated differently when they play different

roles in the final predictions.

• We propose a novel neural graph matching-based model, GMCF, that effectively lever-

ages inner interactions for user/item profile learning (through graph learning), and

exploits cross interactions for preference matching (through graph matching). To our

best knowledge, we are the first to represent each user and each item as an attribute

graph, and model and aggregate attribute interactions in a graph matching structure.

• We conduct extensive experiments. Experimental results show that (i) our model out-

performs the state-of-the-art baselines in terms of accuracy; (ii) GMCF can effectively

model the two types of attribute interactions and achieves accurate predictions.

6.2 Problem Statement

In this section, we introduce the problem definition and the representations of attribute

interactions.

6.2.1 Problem Statement

Since this work aims to categorize user attributes and item attributes, the problem

statement has some differences to previous chapters. Here, we show the new problem

statement for this work. Denote by J U the universe of the user attributes and by

J I the universe of the item attributes. An attribute-value pair is a name-value pair,

denoted by (a,w), where a is the name of the attribute and w is the value on this

attribute. For example, (Male, 1) and (Female, 1) mean the user’s gender is Male and

Female, respectively, where Male ∈ J U and Female ∈ J U are considered as two user

attributes. Let D be a set of N training data pairs, denoted by D = {(xn, yn)}1≤n≤N .

In each training data (xn, yn) ∈ D,

• xn is a data sample, which consists of:

– a user attribute set {cU = (a,w)}a∈JU
n

of attribute-value pairs with respect to a set

of user attributes JUn ⊆ J U , and
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Figure 6.2: An overview of the GMCF model.

– an item attribute set {cI = (a,w)}a∈JI
n

of attribute-value pairs with respect to a

set of item attributes JIn ⊆ J I .

• yn ∈ R is the implicit feedback of the user on the item.

It should be noted that the number of attribute-value pairs in each data sample may be

different, as the information of some attributes may be missing, or may contain multiple

attributes of the same type, e.g., a movie may belong to multiple genres.

Our Solution. In this work, we propose a Neural Graph Matching based Collaborative

Filtering (GMCF) model FGMCF (xn). Our GMCF models the user and the item char-

acteristics as two graphs, respectively, and leverages these user and item graph repre-

sentations to predict yn by graph matching techniques.

6.3 Our Proposed Method

In this section, we first describe our model in detail. First, we give an overview of our

GMCF model. Next, we unveil the details of each part of the model. Finally, we discuss

the relations of our model to existing work and applicable situations.

6.3.1 GMCF Overview

Our proposed model GMCF mainly consists of three modules: (i) User and Item Graph

Construction Module, (ii) Node Matching based GNN Module, and (iii) Graph Rep-

resentation Matching Module. Figure 6.2 shows an overview of the GMCF model. In

particular, for an input data sample x = {cUi = (a,w)}1≤i≤p ∪ {cIj = (a,w)}1≤j≤q, each

module works as follows.
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The User and Item Graph Construction Module. GMCF constructs a user attribute graph

and an item attribute graph respectively based on the user and item characteristic spec-

ified in the data sample x. More specifically, the user attribute graph (resp., item

attribute graph) is a complete graph, where each node corresponds to an attribute-value

pair (a,w) in the user (resp., item) characteristic and is represented by the representa-

tion u = wv of the pair, where v = emb(a) is the d-dimensional vector representation

of attribute a.

The Node Matching based GNN Module. For each node i with representation ui in the

user (resp., item) attribute graph, this module first computes the message passing in-

formation zi and the node matching information si with the item (resp., user) attribute

graph. It then fuses ui, zi and si to obtain a fused node representation u′i for the

node i. Finally, a graph representation vG is obtained by aggregating the fused node

representation u′i for all nodes.

The Graph Representation Matching Module. Our GMCF performs a graph matching

between the user and item attribute graph representations. The final prediction is

obtained from matching result.

Next, we introduce the details of the three modules.

6.3.2 User & Item Graph Construction

We represent each user and each item as an attribute graph, with their attributes as

nodes and their inner interactions as edges. Specifically, for each data sample x, the

user attributes are the nodes of the user attribute graph. Each node i that represents an

attribute takes the attribute representation uUi as the node representation. Therefore,

we represent the node set of the user attribute graph as VU = {uUi }i∈JU . Then, pairwise

inner interactions are represented as edges in the graph. In summary, each user attribute

graph is represented as GU = 〈VU , EU 〉, where EU is the edge set that contains all edges

in the graph. Note that since we consider all pairwise attribute interactions, the user

attribute graph is a complete graph. We perform the same transformation for item

attributes and get the item graph GI = 〈VI , EI〉. In practice, we perform the graph

construction by simply dividing attribute interactions as edges and matching pairs for

different modules, which does not take additional effort than other explicit pairwise

interaction modeling methods (e.g., AutoInt, Fi-GNN).
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6.3.3 Node Matching based GNN

We propose a node matching based GNN, fG that considers both inner interactions

through message passing and cross interactions through node matching. In this section,

we describe how fG outputs the graph representation through modeling the two types of

interactions. Note that since the modeling on user attribute graphs and item attribute

graphs are symmetric, the notations for fG in the following subsections is generic (i.e.,

we omit the superscript U and I) that can apply to both user and item attribute graphs.

6.3.3.1 Neural Interaction based Message Passing

In our model, the message passing method models the inner interactions for profile

learning. We use our proposed SIGN model (Section 4.5.1.3) to perform the graph

learning. Specifically, an MLP function fneural ∈ R2×d → Rd, takes the embeddings of

the two nodes as input and output the interaction modeling results:

zij = fneural(ui,uj), (6.1)

where zij is the interaction modeling results of the node pair (i, j).

Then, all the interaction modeling results corresponding to each node will be aggregated

as the message passing information. In GMCF, we use the element-wise sum to aggregate

the interaction modeling results zi =
∑

j∈Ni
zij , where zi ∈ Rd is the message passing

results of node i and Ni is a set of node i’s neighbors.

fneural explicitly models the interaction information between two attributes, which effec-

tively unifies the interaction modeling for recommendation and the message passing in

graph learning. In addition, inner interactions are used for capturing user (item) char-

acteristics and are inherently complex. A high inner interaction result does not mean

that the two attributes should be similar when determining the characteristics of a user

(an item), which are different from cross interaction model results that reveal similarity

(will be discussed in the next section). Therefore, a neural method (e.g., MLP) that

non-linearly models the two attributes are desired.

6.3.3.2 Bi-Interaction based Node Matching

GMCF conducts node matching between two graphs through modeling cross interac-

tions. Intuitively, we expect that an attribute cUi will have a high matching score with

an attribute cIj if cUi shows a high preference on cIj . For example, if male users pre-

fer sci-fi movies, the node matching score of the node pairs <male, sci-fi> should be
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high. In collaborative filtering, if a user attribute has a high preference for an item

attribute, their embeddings should be similar after training. To achieve this, we use the

Bi-interaction [108] for node matching, which keeps the monotonically increasing corre-

lation between interaction modeling results and the attribute similarities. As a result,

if a user attribute has a high matching score on an item attribute, they have similar

attribute representations. Specifically, the Bi-interaction algorithm models the attribute

interactions as:

sij = ui � ûj , (6.2)

where ui is the embedding of node i in one graph, ûj is the embedding of node j in the

other graph, sij is the node matching result of two nodes from different graphs, and �
is the element-wise product.

Similar to the message passing, we use an element-wise sum to aggregate the node

matching result between a node in one graph and all nodes in the other graph. The

aggregated node matching result is si =
∑

j∈V̂ sij , where V̂ is the node set of the other

attribute graph and si is the aggregated node matching result of node i.

6.3.3.3 Information Fusing

Besides message passing results, GMCF further considers the node matching results to

capture the node-level matching information while generating the fused node represen-

tations. Specifically, the node fusing function ffuse ∈ R3×d → Rd takes the initial node

representation ui, the message passing results zi and the node matching results si as

input, and get the fused node representation. Formally, we have u′i = ffuse(ui, zi, si),

where u′i is the fused node representation of node i.

We can use any method for ffuse, e.g., element-wise addition or recurrent neural network.

Through testing, we find that the recurrent neural networks perform the best. We use

GRU, an effective recurrent neural network model, as the function ffuse. Therefore,

ffuse considers [ui, zi, si] as the input sequence and the final output hidden layer of

GRU is the fused node representation.

6.3.3.4 Node Representation Aggregation

The fused node representations of each graph are aggregated as the graph representation.

We use the element-wise sum to aggregate the node representations. In summary, the

fG in GMCF is:

fG(G, V̂) =
∑
i∈V

u′i, (6.3)
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6.3.4 Graph Matching

While performing graph matching, we get the vector representations of the user attribute

graph and the item attribute graph through fG, respectively:

vUG = fG(GU ,VI), vIG = fG(GI ,VU ). (6.4)

We match the two graphs by using dot product as fmatch on the two graph representa-

tions to get the predicted output y′ = vUG
>
vIG.

6.3.5 Model Training

While training, we use the L2 norm to regularize all the parameters of GMCF. Therefore,

the empirical risk minimization function of GMCF minimizes a loss function and an L2

norm:

R(θ) =
1

N

N∑
n=1

L(FGMCF (xn;θ), yn) + λ(‖θ‖2),

θ∗ = arg min
θ

R(θ),

(6.5)

where FGMCF is the prediction function of GMCF that outputs y′, L(·) corresponds to

a loss function (e.g., binary cross-entropy loss), θ are all parameters in GMCF, and θ∗

are the final parameters.

6.4 Discussions

6.4.1 Relation to Existing Work and Discussion

Our model has close relations to attribute graph-based recommender systems and FM.

In this section, we discuss the relations to the two types of recommender systems. Then,

we show that our model can apply to situations when the user or item attributes are

not available, which happens in practice.

6.4.1.1 Relation to L0-SIGN

Our L0-SIGN model are two attribute graph-based models that treat all attribute in-

teractions equally in one graph. GMCF can be considered an extension of this frame-

work. Specifically, if GMCF considers all interactions equally, e.g., all are modeled as
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cross interactions, and puts the match function fmatch linear, e.g., fmatch(vUG,v
I
G) =

sum(vUG) + sum(vIG), where sum(·) sums up all the elements of the input vector. As a

result, GMCF has a similar framework to L0-SIGN.

6.4.1.2 Relation to FM

Different from graph-based models, FM aggregates all interaction modeling results lin-

early (i.e., sum up). GMCF can also be regarded as an extension of FM. Besides the

modifications that reduce to the framework of Fi-GNN and L0-SIGN (every interac-

tion is modeled by element-wise product), if the fusing function ffuse is linear, e.g.,

ffuse(ui, zi, si) = ui + 1
2

∑
j∈V a/{i} sij , where Va = VU ∪ VI , sij = ui � uj , the predic-

tion function becomes:

y′ = sum(
∑
i∈VU

(ui +
1

2

∑
j∈Va/{i}

sij)) + sum(
∑
i∈VI

(ui +
1

2

∑
j∈Va/{i}

sij))

=
∑
i∈Va

sum(vi) · wi +
∑
i∈Va

∑
j∈Va,j>i

v>i vj · wi · wj .
(6.6)

Equation (6.6) is similar to the prediction function of FM in its original paper (Equation

1 in [2]) with the weight parameter ωi of each attribute i being sum(vi) and the bias

term ω0 being omitted (Note that sum(ui � uj) = v>i vj · wi · wj).

6.4.1.3 When the User or Item Attributes are Unavailable

In some situations, the user or item attributes are not available. GMCF is also appli-

cable in these situations. Specifically, if one type of attribute is unavailable, e.g., user

attributes, the user attribute graph becomes a single node (user ID). Then, no inner

interaction modeling is in the user attribute graph, i.e., vUG = u′u = ffuse(uu, su), where

uu is the node representation of user ID. If both user and item attributes are unavailable,

both the two attribute graphs are represented by a single node. Then, there is no inner

interaction modeling but only the cross interaction modeling between user ID and item

ID. We will evaluate our model in these scenarios in Section 6.5.3.3.

6.4.2 Time Complexity Analyses

Although GMCF contains graph construction operations, it does not take additional

effort than other explicit pairwise interaction modeling methods (e.g., AutoInt, Fi-GNN)

since we just need to regard feature pairs as edges and matching pairs. In GMCF, for
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a data sample of p user attributes and q item attributes, for each node uUi in the user

graph, the message passing complexity (neural interaction modeling and aggregation) is

O(p(M1 + d)), where O(M1) is the complexity of fneural; the node matching complexity

(Bi-interaction modeling and aggregation) is O(q(d+d)). Therefore, the node will result

in a fused node representation with the complexity of O(p(M1 + d) + 2qd+M2), where

O(M2) is the complexity of ffuse. The complexity of a node in the item graph has

the similar form O(q(M1 + d) + 2pd+M2). The total complexity (with graph matching

procedure) is O((p2+q2)(M1+d)+2pqd+(p+q)(M2+d)) (the node matching procedures

in the two graphs are shared). Except for the differences between interaction modeling

methods, we performs interaction modeling on every pair of attributes, which is the

same as the methods like AutoInt and Fi-GNN. Therefore, our models’ complexity is at

the same magnitude as these models as long as O(M1) is not too high.

6.5 Experiments

In this section, we conduct experiments to evaluate GMCF. We focus on three questions:

(i) what is the ability of GMCF in providing accurate recommendations comparing

to other baselines that can consider user attributes and item attributes; (ii) what is

the effectiveness of each component in GMCF on providing accurate predictions; (iii)

whether the learned attribute embeddings reveal collaborative relations and semantic

meaning in their latent space.

6.5.1 Experimental Protocol

We first describe the datasets and the baselines used in our experiments. Then, we

illustrate the experimental set-up in detail.

6.5.1.1 Datasets

We run GMCF and baselines on three datasets, that contain both user and item at-

tributes. Table 6.1 shows their statistic information. Below are the descriptions of the

datasets. We compare with

MovieLens 1M [254] contains users’ ratings on movies. Each data sample contains a

user and a movie with their corresponding attributes. We further collect movies’ other

attributes, such as directors and casts from IMDB to enrich the datasets.
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Table 6.1: Dataset statistics. The attr. refers to ”attributes”.

Dataset #Data #User #Item
#User #Item

attr. attr.

MovieLens 1M 1,149,238 5,950 3,514 30 6,944
Book-Crossing 1,050,834 4,873 53,168 87 43,157
Taobao 2,599,463 4,532 371,760 36 434,254

Book-crossing [255] contains users’ implicit and explicit ratings of books. Each data

sample contains a user and a book with their corresponding attributes. The reprocessed

words in the book titles are also regarded as attributes of the book.

Taobao [10] is a dataset that collects the log of click on display advertisement displayed

on the website of Taobao. Each log contains a user with corresponding attributes such

as gender and age level, a displayed advertisement with attributes such as category and

brand of the advertised item.

MovieLens 1M and Book-crossing have the same data prepossessing procedure as that in

Section 5.6.1.1: First, we transfer the explicit ratings to implicit feedback. We regard the

ratings greater than 3 as positive ratings for MovieLens 1M and regard all rated explicit

ratings as positive ratings for Book-crossing due to its sparsity. Then, we randomly

select the same number of negative samples equal to the number of positive samples for

each user. To ensure the datasets’ quality, we select the users with more than 10 positive

ratings for MovieLens 1M and have more than 20 positive ratings for Book-crossing and

Taobao.

6.5.1.2 Baselines

We compare our model with competitive baselines that can take user attributes and item

attributes into account, including FM [2], AFM [4], NFM [108], W&D [9], DeepFM

[5], AutoInt [11] and L0-SIGN.

For all baselines, we set the MLP structure (if used) for interaction modeling to be the

same as the MLP for inner interaction modeling in our model for a fair comparison.

6.5.1.3 Experimental Set-Up

We randomly split each dataset into training, validation, and test set for each user with

a ratio of 6:2:2. The validation set is only used to decide the best parameter setting,

and the test set is only used to evaluate the models. Unless otherwise specified, we
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use the following hyper-parameter settings: the node representation dimension is 64

(i.e., d = 64); the number of hidden layers for MLP is 1 and the number of units for

the hidden layer is 4d; the learning rate is 1 × 10−3; the λ for the regularization is

1 × 10−5. We use the binary cross entropy as the loss function and use Adam [256]

as the optimization algorithm. We use the area under the curve (AUC), Logloss, and

NDCG@k as evaluation metrics to evaluate the performance of our model and baseline

models. AUC and Logloss are frequently used in the tasks with implicit feedback and

NDCG@k is a frequently used metric to evaluate the top-k recommendation. We set

k to 5 and 10. All the experiments are repeated 5 times and the average results are

recorded.

6.5.2 Overall Performance

We compare the performance of GMCF with the baselines. Table 6.2, Table 6.3, and

Table 6.4 show the prediction performance of each model on the MovieLens 1M dataset,

the Book-Crossing dataset and the Taobao dataset, respectively. The best results for

each dataset are in bold, and the best baseline results are in underline. The rows Im-

prov and p-value show the improvement and statistical significance test results (through

Wilcoxon signed-rank test) of GMCF and the best baseline results, respectively. From

these tables, we observe that:

• GMCF outperforms all the baselines significantly, with the p-value of all metrics

rejecting the null hypothesis with a level of significance of α = 5%. These results

prove the ability of GMCF in effectively analyzing the structural information of user

and item attributes for accurate predictions.

• The models that explicitly model attribute interactions (GMCF, AutoInt, Fi-GNN,

L0-SIGN) gain better prediction accuracy than other models. This indicates that the

explicit interaction modeling is promising to extract useful information from attributes

and attribute interactions for accurate predictions.

• FM and AFM perform worse than the other models. This is because FM and AFM do

not use neural methods, but solely rely on the dot product to extract information from

attribute interactions. Hence, to model more complicated interactions, sophisticated

methods (e.g., MLP) are required. Accordingly, our model leverages MLP to model

the inner interactions inside the user attribute graph and the item attribute graph,

which provides powerful interaction modeling ability for accurate predictions.

• The GNN-based models (GMCF, Fi-GNN, L0-SIGN) gain better prediction accuracies

than other models. It shows the ability of GNNs in modeling attribute interactions for
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recommendation. GMCF further models attribute interactions in a structure of graph

matching, which is more suitable for recommendation and gains better performance

than Fi-GNN and L0-SIGN.

MovieLens 1M
AUC Logloss NDCG@5 NDCG@10

FM 0.8761 0.4409 0.8143 0.8431
AFM 0.8837 0.4323 0.8270 0.8676
NFM 0.8985 0.3996 0.8486 0.8832
W&D 0.9043 0.3878 0.8538 0.8869
DeepFM 0.9049 0.3856 0.8510 0.8848
AutoInt 0.9034 0.3883 0.8619 0.8931

Fi-GNN 0.9063 0.3871 0.8705 0.9029
L0-SIGN 0.9072 0.3846 0.8849 0.9094

GMCF 0.9127 0.3789 0.9374 0.9436

Improv 0.61% 1.48% 5.91% 4.28%
p-value 1.09% 0.25% 0.25% 0.25%

Table 6.2: Summary of the performance in comparison with baselines on the Movie-
Lens 1M dataset.

Book-Crossing
AUC Logloss NDCG@5 NDCG@10

FM 0.7417 0.5771 0.7616 0.8029
AFM 0.7541 0.5686 0.7820 0.8258
NFM 0.7988 0.5432 0.7989 0.8326
W&D 0.8105 0.5366 0.8048 0.8381
DeepFM 0.8127 0.5379 0.8088 0.8400
AutoInt 0.8130 0.5355 0.8127 0.8472

Fi-GNN 0.8136 0.5338 0.8094 0.8522
L0-SIGN 0.8163 0.5274 0.8148 0.8629

GMCF 0.8228 0.5233 0.8671 0.8951

Improv 0.80% 0.78% 6.42% 3.73%
p-value 0.46% 0.25% 0.25% 0.25%

Table 6.3: Summary of the performance in comparison with baselines on the Book-
Crossing dataset.

6.5.3 Study of Neural Graph Matching

In this section, We evaluate the neural graph matching of GMCF. We focus on (i) the

effectiveness of modeling inner and cross interactions using different methods; (ii) the
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Taobao
AUC Logloss NDCG@5 NDCG@10

FM 0.6171 0.2375 0.0812 0.1120
AFM 0.6282 0.2205 0.0872 0.1240
NFM 0.6550 0.2122 0.0997 0.1251
W&D 0.6531 0.2124 0.0959 0.1242
DeepFM 0.6550 0.2115 0.0974 0.1243
AutoInt 0.6434 0.2146 0.0924 0.1206

Fi-GNN 0.6462 0.2131 0.0986 0.1241
L0-SIGN 0.6547 0.2124 0.1006 0.1259

GMCF 0.6679 0.1960 0.1112 0.1467

Improv 1.96% 7.32% 10.53% 16.52%
p-value 0.25% 0.25% 0.25% 0.25%

Table 6.4: Summary of the performance in comparison with baselines on the Taobao
dataset.

comparison of using different algorithms as the fusing function; (iii) the performance

of GMCF when the user and item attributes are not available. We omit the results of

Logloss and NDCG@5, which show similar trends with AUC and NDCG@10, respec-

tively.

6.5.3.1 Evaluation of Inner and Cross Interaction modeling

We evaluate the inner and cross interaction modeling methods. Specifically, we focus on

three questions: 1) what is the effectiveness of node-level graph matching (i.e., modeling

cross interactions)? 2) whether we should use different methods to model the two types

of interactions? 3) whether sophisticated nonlinear algorithms are always suitable for

modeling the two types of interactions?

We run GMCF with different interaction modeling methods. For clear demonstration,

we use the pair 〈inner interaction model, cross interaction model〉 to indicate the method

combinations in each variation. For example, we represent the original GMCF as 〈MLP,

Bi〉 to indicate an MLP-based message passing and a Bi-interaction-based node match-

ing.

We run GMCF using the combination 〈MLP, None〉, where None indicates that we do

not perform node-level matching (i.e., no cross interaction modeling). Then, we run two

variations that use the same method to model all interactions: 〈Bi, Bi〉, 〈MLP, MLP〉.
Note that the second variation uses the same MLP (i.e., the same neural architecture
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with shared parameters). Finally, we further run two variations that use different meth-

ods: 〈MLP1, MLP2 〉 (the same architecture with different parameters) and 〈Bi, MLP〉.
Note that MLP1 and MLP2 have the same architecture but are trained on inner and

cross interactions, respectively. Figure 6.3 shows the results of using different variations.

Book-crossing shows similar trend with MovieLens 1M (the same as the remaining fig-

ures).

From the figures, we can answer the above three questions:

• For question 1), 〈MLP, None〉 gains the worst performance. The reason is that the

attribute graphs are inherently complex. Fusing this information only in the last step

makes it difficult to match users’ preferences on items through attributes. The node

matching method provides the explicit attribute communication through the cross

interactions between the two graphs, which results in a fine-grained analysis for a

more accurate preference matching.

• For question 2), the combinations (〈Bi, Bi〉 and 〈MLP, MLP〉) gain relatively worse

results than the original setting (〈MLP, Bi〉). This is because the inner interactions

and cross interactions are inherently different that should be modeled differently that

fit their roles. The inner interactions are used for profile learning and do not in-

dicate the similarity information (i.e., two attributes having strong interaction does

not mean that they are similar). Meanwhile, in collaborative filtering, two attributes

are expected to show similarity information if their cross interaction is strong (high

preference). The Bi-interaction algorithm fits for the requirement of cross interactions.

• For question 3), even using different methods, 〈MLP1, MLP2 〉 and 〈Bi, MLP〉 still

gain worse results than the original GMCF. Although an MLP seems more powerful

than the Bi-interaction algorithm, MLP cannot to effectively learn the measurement

for the cross interactions. The results show that sophisticated algorithms such as MLP

are expected to model the inner interactions, and similarity measurements such as the

Bi-interaction algorithm are expected to model the cross interactions. Therefore, it is

not surprising that the reversed version of GMCF (〈Bi, MLP〉) gains the worst results

among all variations.

6.5.3.2 Evaluation of the Fusing Method

The fusing method in GMCF aggregates the message passing results and the node

matching results to get the fused node representation. We evaluate the effectiveness

of using different algorithms as the fusing algorithm. Except the GRU, we further use
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Figure 6.3: The comparison of using different inner interaction and cross interaction
modeling combinations.

Table 6.5: The performance of using different fusing algorithms.

MovieLens 1M Book-Crossing Taobao

AUC NDCG@10 AUC NDCG@10 AUC NDCG@10

SUM 0.9042 0.9404 0.8190 0.8904 0.6583 0.1383
MLP 0.9022 0.9389 0.8156 0.8920 0.6636 0.1421
GRU 0.9127 0.9436 0.8228 0.8951 0.6679 0.1467

the element-wise sum on the three vectors as the fused node representation (SUM) and

the MLP that concatenates the vectors as input and outputs the fused node represen-

tation (MLP). We use the MLP that has one hidden layer, with the number of neurons

being 4d.

Table 6.5 shows the experimental results of using the three algorithms as the fusing

method. From the table, we can see that using GRU results in the best performance on

all datasets. It shows the ability of GRU to effectively aggregate the message passing

information and the node matching information into the fused node representation for

accurate predictions. Summing up the results (SUM ) gains the worst results in most

situations, which indicates that the message passing and node matching information are

complex. Powerful algorithms are required to fuse them.
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Figure 6.4: The comparison when using different attributes.

6.5.3.3 Evaluation of the User and Item Attributes

In some situations, user or item attributes are not available. We evaluate how GMCF

performs in these situations. GMCF is a flexible framework that is applicable when the

user or item attributes are not available. In these situations, the user (or item) graphs

are reduced into a single node indicating user (or the item) ID. We run GMCF and the

best baseline L0-SIGN on the situations that user or item attributes are not available.

Figure 6.4 shows the results. Specifically, in the x-axis, “None” indicates neither user or

item attributes are available, “User” indicates only user attributes are available, “Item”

indicates only item attributes are available, and “Both” indicates both user and item

attributes are available.

From the figure, we observe that:

• Both models perform better when user and item attributes become available (from left

to right). It shows that both user and item attributes are useful for performance gain.

Although the performance gain from user attributes (User) seems not that significant
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compared to item attributes (Item), the user attributes provide useful information

for potential explanations of the prediction results, which will be discussed in Section

6.5.5.

• The two models have similar performance when no attributes are available (None).

However, GMCF performs much better when user and item attributes are available.

The performance gain compared to L0-SIGN when the user and item attributes are

available resulted from the generated graph matching structure, which captures more

useful structural information for accurate predictions.
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Figure 6.5: The performance of GMCF and selected baselines in different node (at-
tribute) embedding dimensions.

6.5.4 Parameter study

In this section, we evaluate GMCF with different hyper-parameter settings. Specifically,

we evaluate the node representations’ dimension and the depth of the MLP used in our

model.
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Table 6.6: The performance of GMCF on using different MLP depths.

MovieLens 1M Book-Crossing Taobao

AUC NDCG@10 AUC NDCG@10 AUC NDCG@10

GMCF-0 0.9025 0.9354 0.8051 0.8869 0.6608 0.1341
GMCF-1 0.9127 0.9436 0.8228 0.8951 0.6679 0.1467
GMCF-2 0.9109 0.9429 0.8182 0.8924 0.6662 0.1429
GMCF-3 0.9080 0.9411 0.8178 0.8905 0.6645 0.1395
GMCF-4 0.9071 0.9377 0.8153 0.8907 0.6650 0.1393

Figure 6.5 shows the results of our model and best-performed baselines on different node

representation dimensions (d). From the figure, we observe that GMCF constantly out-

performs baselines on different node representation dimensions, which shows the robust-

ness of our model in delivering superior prediction accuracy. Then, when the dimension

is 64, our model and most of the baselines gain the best performance. This indicates

that a highger dimension does not necessarily result in better prediction accuracy. This

is because that a larger dimension means more parameters to fit, and thus is prone to

cause the overfitting problem.

Then, we evaluate how the different number of hidden layers in the MLP affects our

model’s performance. In our model, we use an MLP with 1 hidden layer to analyze

the inner interactions while message passing. Now we evaluate our model with different

number of layers. Specifically, we run our model with 0, 1, 2, 3, 4 hidden layers respec-

tively (GMCF-0,...,GMCF-4). Note that GMCF-0 means that the MLP only performs a

linear transformation from the node representations to the interaction modeling results.

We use the same number of units (4d) for each hidden layer.

Table 6.6 shows the results of using different MLP layers in GMCF. We can see that

using the MLP with 0 hidden layer (GMCF-0) gains much worse results than other

settings. It shows that a powerful non-linear algorithm helps extract useful information

from inner interactions than a linear transformation. This result is consistent with the

results in section 6.5.3.1. When the number of the hidden layer is 1, GMCF gains the

best performance. This illustrates that deeper MLP does not necessarily increase the

performance due to the overfitting [5, 108], and one hidden layer is enough in our models

to analyze the inner interactions.
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6.5.5 Case Study

In this section, we conduct case studies to evaluate whether our model learns collabora-

tive information between attributes and whether the attributes show semantic meaning

that provide potential explanations of the predictions. Specifically, we use the learned

attribute embeddings from the MovieLens 1M dataset. We first calculate the embed-

dings’ cosine similarities between user age groups (e.g., 1-18, 19-24) and between movie

genres. Then, we calculate the node matching results between the the two types of at-

tributes. Figure 6.6 shows the similarity results and Figure 6.7 shows the node matching

results. Note that the darker the color, the higher the similarity or the node matching

value. The age labels indicate the age groups (e.g., age 18 means age 18-24).

ag
e_

1

ag
e_

18

ag
e_

25

ag
e_

35

ag
e_

45

ag
e_

50

ag
e_

56

Age

age_1

age_18

age_25

age_35

age_45

age_50

age_56

 A
ge

Fan
ta

sy

Sci
-F

i

M
ys

te
ry

Act
io
n

C
rim

e

H
or

ro
r

Thr
ille

r

D
ra

m
a

M
us

ic
al

D
oc

Genre

Fantasy

Sci-Fi

Mystery

Action

Crime

Horror

Thriller

Drama

Musical

Doc

G
e
n
re

Figure 6.6: The case studies on the MovieLens 1M dataset: Left : the embedding
similarities between user age groups. Right : the embedding similarities between movie
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Figure 6.7: The case studies on the MovieLens 1M dataset: the node matching
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From Figure 6.6, we can see that similar user attributes and similar item attributes

have similar embeddings after training. For example, in the left figure, the age group

attributes are clearly divided into two groups at the age of 45, which means that the

similar age attributes are grouped. It indicates that the same age group users may

have a similar preference for movies in terms of age. In the right figure, Fantasy, Sci-fi,
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and Mystery have similar embeddings in the latent space. Semantically, these genres are

similar. Similar results are also shown for Crime, Horror, and Thriller. The above obser-

vations show that similar attributes are successfully learned to have similar embeddings

in GMCF.

Figure 6.7 shows the node matching between age groups and genres. We observe that

different age groups have different preferences for movie genres. For example, younger

users (under 45) have higher node matching values (preference) on fantasy, sci-fi, and

mystery movies more than older users (over 45). In comparison, the older users seem to

like musical and Documentary (Doc) movies more. These observations show our model’s

ability to provide potential explanations about the prediction results at attribute level,

e.g., we recommend Interstellar (a sci-fi movie) to a 16-year-old user because younger

people have a high chance to prefer a sci-fi movie.

6.6 Summary

User and item attribute interactions provide useful information in recommender systems

for accurate predictions. Existing studies treat all the attribute interactions equally. In

this chapter, we identify two types of attribute interactions: inner and cross interac-

tions. We propose a neural Graph Matching based Collaborative Filtering (GMCF)

model. The GMCF model exploits the two types of interactions for different purposes

in a graph matching structure. Specifically, GMCF explicitly performs user and item

profile learning with the inner interactions, and performs preference matching for recom-

mendation based on the cross interactions. Experimental results show that our GMCF

model is effective and outperforms all state-of-the-art baselines in terms of accuracy on

three widely used datasets.

However, another type of feature is widely explored in recommender systems: context

feature. We believe that context features are informative in inferring intrinsic and ex-

trinsic factors, which are two important factors that jointly influence users’ decisions

to interact with items. In the next chapter, we explore how we to context features

to effectively learn intrinsic and extrinsic factors for more accurate recommendation

predictions.
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Modeling Context Feature

Interactions for Intrinsic and

Extrinsic Factor Learning

This chapter is based on the paper that has been submitted to the Conference on Neural

Information Processing Systems (NeurIPS) 2022: Intrinsic-Extrinsic Disentangled

Recommendation with Context-aware Contrastive Learning. Yixin Su, Wei

Jiang, Fangquan Lin, Cheng Yang, Sarah Monazam Erfani, Junhao Gan.

7.1 Introduction

In this chapter, we explore how to better leverage context feature interactions for more

accurate recommendations. Specifically, we aim to learn the factors that jointly affect

users’ decisions. For example, in the scenario of app recommendation, a user’s decision

to take Uber (a taxi calling app) to work can be motivated by the heavy rain on that

day. On the other hand, Uber is chosen over other taxi calling apps as the user might

find this app’s user interface more convenient.

Psychological research has revealed two basic types of intents (i.e., factors influencing

the user’s perspective) for an individual’s decision making: intrinsic intent and extrinsic

intent [257–259]. Intrinsic intent is an internal factor for inherent satisfaction, which is

often stable for an individual (e.g., choosing Uber over other apps). On the contrary,

extrinsic intent is a contextual factor motivated by the environment, which is often varied

in different contexts [257] (e.g., taking a taxi to work due to heavy rain). From the user’s

perspective, learning intrinsic and extrinsic intents (i.e., factors) can be beneficial to

125
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recommendation tasks. Meanwhile, users and items are usually learned symmetrically

in recommender systems [260, 261]. Therefore, we also consider intrinsic and extrinsic

factors from the item’s perspective. The four factors jointly affect users’ decision making.

However, the full potential of these factors has been rarely explored by the existing work

in recommender systems. Some studies neglect the various factors of users and items.

The final prediction mainly relies on learning unified representations of the users and

the items [101, 262, 263]. With the intrinsic and extrinsic factors entangled behind each

decision, the real factors that drive the decision may be incorrectly inferred, resulting in

a suboptimal recommendation. Other studies learn several disentangled representations

and treat each representation as a factor [186, 264]. However, the factors are learned

implicitly in a purely data-driven way with no theoretical guarantee. Therefore, it is

still a challenge to effectively learn and incorporate intrinsic and extrinsic factors for

recommender systems.

In this work, in order to tackle this challenge, we first formally define intrinsic and extrin-

sic factors for recommendation tasks. Then, following these definitions, we propose an

Intrinsic-Extrinsic Disentangled Recommendation (IEDR) model containing two mod-

ules, a recommendation prediction (RP) module, and a contrastive intrinsic-extrinsic

disentangling (CIED) module. IEDR takes the information of a user and an item as

input, and combines them with context information, to generate intrinsic and extrin-

sic factor representations for both the user and the item. CIED module ensures the

success of the factor learning. It contains two components: a contrastive learning com-

ponent that helps learn a context-invariant intrinsic representation, and a mutual in-

formation minimization-based component that disentangles the intrinsic and extrinsic

representations. The two components jointly help learn intrinsic and extrinsic factors

that correspond to the factor definitions.

In this work, we made the following contributions:

• To the best of our knowledge, this is the first work to define intrinsic and extrinsic

factors for recommender systems with respect to context. The two types of factors

are also generated from the perspectives of both users and items for accurate recom-

mendation.

• We propose IEDR to explicitly learn disentangled intrinsic and extrinsic factor rep-

resentations. A context-invariant contrastive learning component and a mutual in-

formation minimization-based disentangling component are proposed to ensure the

success of factor inferring.
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• Experimental results show that IEDR significantly outperforms state-of-the-art meth-

ods in terms of recommendation accuracy through learning intrinsic and extrinsic

factor representations.

• We conduct theoretical analyses to demonstrate the connection of context-invariant

contrastive learning with information theory.

7.2 Preliminaries

7.2.1 Variational Contrastive Log-ratio Upper Bound (vCLUB) of Mu-

tual Information

Suppose we aim to learn an intrinsic representation ouin and an extrinsic representation

ouex, where their mutual information is minimized. In the vCLUB method [265], a

variational distribution qu1 (ouex|ouin;θu1 ) of parameter θu1 (e.g., an MLP) is proposed to

predict the extrinsic factor given the intrinsic factor. Then, the vCLUB-based mutual

information upper bound can be derived as:

IvCLUB(ouin;ouex) := Ep(ou
in,o

u
ex)

[log qu1 (ouex|ouin)]− Ep(ou
in)p(o

u
ex)

[log qu1 (ouex|ouin)], (7.1)

where p(ouin,o
u
ex) is the joint distribution and p(ouin)p(ouex) are is the marginal distribu-

tion.

vCLUB performs mutual information estimation and minimization in two steps itera-

tively. In the first step, to ensure Equation (7.1) holds as the upper bound, θu1 is trained

to make the log-likelihood function Lappr(u, c) := 1
N

∑N
i=1 log qu1 ((ouex)i|(ouin)i) maxi-

mized (Theorem 3.2 of [265]). In the second step, θu1 is frozen, and other parameters

(e.g., the parameters to generate ouin and ouex) are trained to minimize IvCLUB(ouin;ouex)

so that the mutual information is minimized.

7.2.2 Related Work

In this section, we briefly discuss existing works related to two techniques we used in

this work, contrastive learning and factor disentanglement for recommender systems,

and discuss the relations between our work and these works.

7.2.2.1 Contrastive Learning

Contrastive learning has achieved great success in computer vision [222, 224, 225, 266,

267] and neural language processing [252, 268–270]. Recently, contrastive learning has
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attracted attention in recommender systems. Yao et al. [271] conduct contrastive learn-

ing on users and items, respectively, on a two-tower framework to learn robust user and

item representations. In addition, Wu et al. [188] propose a contrastive learning frame-

work on a user-item bipartite graph to capture robust high-degree relationships between

users and items. Lin et al. [272] and Jiang et al. [273] leverage contrastive learning

to eliminate popularity bias. We propose the first method that learns intrinsic factor

representations that are invariant to context through a contrastive learning approach.

7.2.2.2 Factor Disentanglement for Recommender Systems

Recent studies prove that, in a prediction task, disentangling factors that affect the final

prediction will result in superior performance [274–277]. For recommender systems, Ma

et al. [264] learn latent factors that affect users’ decisions by learning a set of prototypes;

and each prototype representation is regarded as one latent factor. Wang et al. [186]

learn disentangled user-item interaction representation with a user-item bipartite graph.

Each representation is a combination of latent factor representations. However, these

models only ensure that the learned factor representations are disentangled, but can-

not guarantee whether they really refer to important factors. Our IEDR model learns

disentangled intrinsic and extrinsic factors that are inspired by their definitions in psy-

chology, and empirical experiments demonstrate that learning these factors can produce

more accurate recommendations.

7.3 Problem Statement and Definitions

In this work, we can consider user, item and context features. Let U , V and C denote

the user set, item set and context set, respectively. Similar to that in Section 6.2.1,

each user u ∈ U consists of p user features-value pair u = {(ai, wi)}1≤i≤p (e.g., user ID,

gender). Each item v ∈ V is represented by q item features v = {(ai, wi)}1≤i≤q (e.g.,

branch, color). Each context c ∈ C consists of m context features c = {(ai, wi)}1≤i≤m to

describe the context state when a user select an item (e.g., weather, daytime).

Let a dataset D contains N instances of (u, v, c) with a corresponding label y ∈ {1, 0},
indicating whether the user u select the item v in the context c. The recommendation

task can be formulated as predicting the probability y′ = p(u, v, c) of the selection. In our

proposed IEDR model, the intrinsic factor oin and the extrinsic factor oex are explicitly

inferred for both users and items, and jointly leveraged to perform the prediction.

Next, we formally define intrinsic and extrinsic factors from the users’ perspective. Sim-

ilar definition can be drawn from the items’ perspective.
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Definition 7.1. (Intrinsic Factor and Extrinsic Factor) Consider a user u and

a set C of contexts; an intrinsic factor of user u is a factor that is invariant to the

contexts in C, i.e., fin(u, c) = fin(u, c′), where fin is a function to learn intrinsic factor

representations, and c and c′ are two arbitrary different contexts in C. On the other

hand, an extrinsic factor of user u is a factor that changes w.r.t. C, i.e., there exist

contexts c and c′ in C such that fex(u, c) 6= fex(u, c′), where fex learns extrinsic factor

representations.

7.4 Our Proposed Method

The overview of our IEDR model is visualized in Figure 7.1. More specifically, our

proposed IEDR model consists of the following modules:

• A recommendation prediction (RP) module that takes a user and an item as input, and

combines them with contexts, to generate intrinsic and extrinsic factor representations

for both the user and the item. The predicted probability y′ is then generated jointly

by these representations.

• A contrastive intrinsic-extrinsic disentangled (CIED) module that is applied both the

user and item sides to support the intrinsic and extrinsic factor learning. The module

contains two components: a context-invariant contrastive learning component, and a

disentangling component. Together, the two components ensure the learned factors

satisfy Definition 7.1.

7.4.1 Recommendation Prediction Module

The recommendation prediction (RP) module is a symmetric structure that generates

user intrinsic and extrinsic factor representations (ouin,o
u
ex) from the user side, and gen-

erates item intrinsic and extrinsic factor representations (ovin,o
v
ex) from the item side.

On the user side, we first generate a user representation and a context representation

based on user features and context features, respectively. Here we construct a user graph

leveraging the inner interactions of users (Chapter 6). In the same way, we construct a

context graph. We use two statistical interaction graph network (SIGN) models (Section

4.5.1.3) to learn the user graph and the context graph to generate the the user (graph)

representation u ∈ Rd and the context (graph) representation c ∈ Rd, respectively.

Then, a factor generation function fuie(u, c) : R2×d → R2×d (e.g., a neural network)

takes the user representation and the context representation as input, and simultane-

ously generates a user intrinsic representation ouin and a user extrinsic representations
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Figure 7.1: An Overview of IEDR. It is a symmetric structure on the user side and the
item side. The middle part (the black arrows) is the recommendation prediction (RP)
module (Section 7.4.1). It generates factor representations (oin and oex) for producing
the recommendation prediction y′. The side parts are two contrastive intrinsic-extrinsic
disentanglement (CIED) modules. Each CIED includes a context-invariant contrastive
learning component (the red arrows, Section 7.4.2.1), and a disentangling component
(the blue arrows, Section 7.4.2.2) to ensure the success of the factor learning. The
losses generated through the modules (LRP ,LCICL,Lbi-appr,LDis) will be optimized as

a two-step multi-task training (Section 7.4.3).

ouex. Here, the output is a 2d-dimensional vector, with the first d-dimensional terms as

ouin and the rest as ouex. Also, the same model structure is adopted on the item side.

We use a different SIGN function to generate the item (graph) representation v ∈ Rd,
while using the same context representation as that on the user side. A factor generation

function for an item fvie(v, c) obtains the item’s intrinsic factor representation ovin and

extrinsic factor representation ovex.

Finally, we leverage the four factor representations to jointly perform the prediction: y′ =

fpred(o
u
in,o

u
ex,o

v
in,o

v
ex). We linearly combine the intrinsic and extrinsic representations

and use the dot product as the prediction function: fpred(o
u
in,o

u
ex,o

v
in,o

v
ex) = (ouin +

ouex)>(ovin + ovex). A cross-entropy loss function is adopted to minimize the prediction

error: LRP(u, v, c) := −y log(y′) + (1− y) log(1− y′).

7.4.2 Contrastive Intrinsic-Extrinsic Disentangling Module

While the RP module can generate factor representations, solely using this module

cannot correctly distinguish intrinsic representations from extrinsic ones. To address

this, we propose a contrastive intrinsic-extrinsic disentangled (CIED) module. It is

conducted on both the user and the item sides. In the following, we describe the CIED

on the user side only. The module on the item side has the same structure, only with

different parameters related to items. CIED consists of a context-invariant contrastive

learning component and a disentangling component. The contrastive learning component

learns intrinsic representations that are invariant in different contexts. The disentangling

component leverages a mutual information minimization task to disentangle the intrinsic
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and extrinsic representations. In the following, we describe these two components in

detail.

7.4.2.1 Context-Invariant Contrastive Learning Component

We propose a context-invariant contrastive learning component to learn the intrinsic

representations. More specifically, we maximize the agreement between the intrinsic rep-

resentation pairs generated from the same user with different contexts (positive pairs),

and at the same time minimize the agreement between the intrinsic representation pairs

generated from the same context with different users (negative pairs). For ease of un-

derstanding, we represent the intrinsic representations with the subscript (ouin)ij if it

is generated through user ui and context cj , i.e., (ouin)ij = fuie(ui, cj). For each data

sample (ui, vi, ci) ∈ D, we calculate an objective function based on InfoNCE [268]:

LuCICL(ui, ci) := − log
exp (sim((ouin)ii, (o

u
in)ij)/τ)∑

u`∈U exp (sim((ouin)ii, (ouin)`i)/τ)
, (7.2)

where cj is an arbitrary context, sim(·) is cosine similarity, and τ is a temperature value.

The objective function is intuitive: one user should have the same intrinsic factor in

different contexts, while different users can have their individual interests (different

intrinsic factors).

Implementation. To optimize Equation (7.2), we need to generate cj (ci 6= cj). We

adopt a simple method to perform random sampling from the contexts in the same batch.

Alternatively, we propose a dropout-based method inspired by [252], which justifies

that a vector with a large dropout rate can be considered a new vector. Therefore,

we can apply dropout with a relatively large rate (e.g., 0.5) to generate a new context

representation. In practice, we integrate the two context generating methods to generate

cj for each ci. Meanwhile, we need to iterate over all users to generate (ouin)`i (the

intrinsic representations generated from an arbitrary user u` and context ci), which is

prohibitive when the user number is large. Here we randomly sample L users from

the same batch to generate the negative intrinsic representations (ouin)`i, where ` =

1, 2, · · · , L. We use the categorical cross-entropy to optimize Equation (7.2) following

[268].

7.4.2.2 Disentangling Component

We then perform an intrinsic-extrinsic factor disentangling via minimizing the mutual

information between the ouin and ouex generated from fuie(u, c). Inspired by the vCLUB
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method [265], we minimize their mutual information via estimating a vCLUB-based up-

per bound. According to our observations in Section 7.6.5.2, the asymmetric property

of the vCLUB may lead to a less robust and inferior intrinsic-extrinsic disentangling.

Further discussions on this drawback of vCLUB can be found in Section 7.5.3. There-

fore, we propose a simple yet effective bidirectional extension of vCLUB for symmetry,

which is more robust and achieves better disentanglement. In the bidirectional vCLUB,

two variational distributions (e.g., approximated via neural networks) qu1 (ouex|ouin;θu1 )

and qu2 (ouin|ouex;θu2 ) are proposed with parameters θu1 and θu2 , to predict the two types

of factors, respectively. Then a bidirectional vCLUB-based mutual information upper

bound can be obtained as:1

Ibi-vCLUB(ouin;ouex) :=
1

2

(
Ep(ou

in,o
u
ex)

[log qu1 (ouex|ouin)]− Ep(ou
in)p(o

u
ex)

[log qu1 (ouex|ouin)]

+ Ep(ou
in,o

u
ex)

[log qu2 (ouin|ouex)]− Ep(ou
ex)p(o

u
in)

[log qu2 (ouin|ouex)]
)
.

(7.3)

Therefore, by minimizing the bidirectional upper bound Ibi-vCLUB(ouin;ouex) as above, we

minimize the mutual information between ouin and ouex.

Implementation. The optimization of the disentangling component is conducted in

two steps iteratively. In the first step, we estimate the upper bound via training θu1

and θu2 to minimize the loss function Lubi-appr(ui, ci) := −1
2

(
log qu1

(
(ouex)ii|(ouin)ii

)
+

log qu2
(
(ouin)ii|(ouex)ii

))
. Following [265], we use the mean squared error to evaluate

qu1 and qu2 . In the second step, we freeze θu1 and θu2 , and minimize the mutual in-

formation by training other parameters to minimize the upper bound LuDis(ui, ci) =

Ibi-vCLUB

(
(ouin)ii; (ouex)ii

)
.

7.4.3 Multi-task Training

We perform a two-step multi-task training to minimize the empirical risk of IEDR. The

two steps run alternatively until convergence. In the first step, we freeze all parameters

except for θu1 ,θ
u
2 ,θ

v
1 , and θv2 , where θv1 ,θ

v
2 are the parameters of qv1(ovex|ovin;θv1) and

qv2(ovin|ovex;θv2) of the disentangling component on the item side. Then, we minimize

R(θu1 ,θ
u
2 ,θ

v
1 ,θ

v
2) = 1

N

∑N
i=1

(
Lubi-appr(ui, ci) + Lvbi-appr(vi, ci)

)
. In the second step, we

freeze θu1 ,θ
u
2 ,θ

v
1 , and θv2 , and minimize the following function:

arg minR(ω) =
1

N

N∑
i=1

(
LRP(ui, vi, ci)+λ1

(
LuCICL(ci, ui) + LvCICL(ci, vi)

)
+λ2

(
LuDis(ui, ci) + LvDis(vi, ci)

))
,

(7.4)

1Ibi-vCLUB(ou
in;ou

ex) is the average of two vCLUB-based upper bounds of different directions. There-
fore, it is obvious that Ibi-vCLUB(ou

in;ou
ex) is still an upper bound of I(ou

in;ou
ex).
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where Lvbi-appr, LvCICL, and LvDis are the losses on the item side, λ1 and λ2 are weight

factors, and ω are all the trainable parameters except for θu1 ,θ
u
2 ,θ

v
1 , and θv2 .

7.5 Discussions

This section provides theoretical analyses of our model, including the connection of

the context-invariant contrastive learning component with information theory, and the

guarantee to exclude a trivial solution in intrinsic-extrinsic disentangling.

7.5.1 Context-invariant Contrastive Learning in Information Theory

In this section, we analyze the context-invariant contrastive learning from the perspective

of information theory. As formally defined in Theorem 7.2, optimizing Equation (7.2)

is equivalent to perform mutual information maximization between the intrinsic and

user representations and simultaneously perform the mutual information minimization

between the intrinsic and context representations. The theorem for the item side can be

derived in the same fashion. The proof can be found in Appendix E.

Theorem 7.2 (Equivalence of contrastive loss LuCICL). Optimizing the contrastive loss

is equivalent to:

arg min

N∑
i=1

LuCICL(ui, ci) = arg max
(
I(ouin,u)− I(ouin, c)

)
. (7.5)

7.5.2 Preventing a Trivial Solution in CIED

The two components in the CIED module jointly ensure the success of the intrinsic and

extrinsic factor representation learning. However, CIED may fall into a trivial solution:

fuie(u, c) maps u to ouin without considering c, and maps c to ouex without considering

u. Although this trivial solution minimizes LCICL(u, c) and LDis(u, c), ouin (resp. ouex)

does not really the intrinsic (resp. extrinsic) factor, but it is just a mapping of the user

information (resp. context information).

We prove that this trivial solution can be avoided by setting fuie(u, c) as a non-linear

function, leading u and c statistically interacted (the definition of statistical interaction

can be found in Definition 5.2). Specifically, based on Definition 5.2, we can express the

trivial solution as that fuie(u, c) learns no statistical interaction between u and c:

fuie(u, c) = ι1f1(u) + ι2f2(c), (7.6)
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where f1 outputs ouin, f2 outputs ouex, and ι are weight scalars.

However, if u and c are modeled as a statistical interaction in fuie(u, c), the trivial

solution can be prevented. Since fuie(u, c) only takes u and c as inputs, we just need fuie

to be a non-additive model. That is, fuie(u, c) should contain a third term f3(u, c):

fuie(u, c) = ι1f1(u) + ι2f2(c) + ι3f3(u, c), (7.7)

where f3 is a non-additive model and ι3 6= 0.

Therefore, in the optimized situation, ouin = ι1f1(u) learns part of the information from

users that do not interact with context information. ouex = ι2f2(c)+ι3f3(u, c) learns the

context information (f2(c)) and the information that changes given different contexts

(f3(u, c)).

7.5.3 Potential Problems of the Asymmetric vCLUB Method

The vCLUB-based mutual information minimization method proposed in [265] is an

asymmetric method. Section 7.2.1 gives an introduction about how vCLUB method

performs mutual information minimization. In this section we explain the possible reason

that vCLUB is less robust and perform worse than our proposed bidirectional vCLUB

method (BiDis).

If we directly apply vCLUB to our disentangling component, the parameter θu1 of a

variational distribution qu1 (ouex|ouin;θu1 ) will be trained to approach the vCLUB-based

upper bound in Equation (7.1) (Step 1). Then, θu1 is frozen, and ouex,o
u
in are trained to

minimize I(ouin;ouex) via minimizing the upper bound IvCLUB(ouin;ouex) (Step 2). How-

ever, this way of minimizing mutual information may result in an unexpected outcome:

the mutual information may be minimized via making ouin contain as less information as

possible. To better illustrate the possible outcome, we design qu1 as a linear function and

is well trained in Step 1 to ensure Equation (7.1) is an upper bound of I(ouin;ouex). Fig-

ure 7.2 shows how the unexpected result may occur. In Step 2, ouex,o
u
in will be trained

to minimize Equation (7.1). To achieve this goal, it ensures qu1 cannot predict ouex given

the corresponding ouin from the joint distribution (the first term of Equation (7.1)), and

at the same time ensures the output of qu1 is similar to the other ouex’s from the marginal

distribution (the second term of Equation (7.1)).

From ouin perspective (blue circles), the goal can be achieved by pushing the ouin to move

from its original position (optimizing the first term of Equation (7.1)), and move towards

the mean of the other ouin’s (optimizing the second term of Equation (7.1)). From ouex

perspective (red circles), the goal can be achieved by pushing the ouex away from its
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Figure 7.2: An illustrative example demonstrating the potential problem of the asym-
metric learning in vCLUB. The blue circles are intrinsic representations and the red
circles are extrinsic representations. The dotted arrows are the directions that vCLUB

will push ouin and ouex to move toward in their space.

original position (optimizing the first term of Equation (7.1)) and the the mean of the

other ouex’s (optimizing the second term of Equation (7.1)).

This clusters all the ouin’s together, making ouin’s contain less information, while all the

ouex’s try to split away from each other, making ouex’s contain more information. The

mutual information minimization procedure is like “transfering” the information from

ouin’s to ouex’s, which is not what we expect. BiDis, however, is a symmetric disentangling

method on ouin’s and ouex’s so that will not result in this issue. This may be the reason that

vCLUB performs worse and less robust than our proposed symmetrical disentangling

component.

7.6 Experiments

We conduct empirical analysis to demonstrate the effectiveness of our model. In this

section, we focus on 1) the recommendation performance of IEDR compared to the

state-of-the-art methods; 2) the effectiveness of each component in IEDR; and 3) the

ability of disentangling intrinsic and extrinsic factors of IEDR.

7.6.1 Experimental Protocol

Datasets. We evaluate our models in two scenarios: a mobile app recommendation and

a restaurant recommendation. In the mobile app recommendation, we use the Frappe

[247] dataset that records mobile app usage logs. Each data sample logs users’ app usage

in a certain context (e.g., weather, time, location). In addition, some relevant properties

of the apps are also captured (e.g., category, developer). In the restaurant recommenda-

tion, we use the Yelp dataset [278]. It records users’ reviews on local restaurants. Due

to the fact that a user usually goes to restaurants in the same city, geographic isolation

appears in the dataset. Therefore, we select the records in New York City. We regard
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each record as a data sample that the user has been to the restaurant. We leverage the

user/item features and context features (e.g., day of the week) to predict whether a user

will go to a given restaurant in a specific context.

For each dataset, only users that have more than 5 records (data samples) are chosen.

We choose the last record of each user for testing, and the second last record of each

user for validation. The rest of the records are used for training. Each of these data

sample is considered as a positive sample (y = 1). In addition, for each positive data

sample in the training set, we randomly choose 2 items (but keep the user and contexts)

as negative samples (y = 0), meaning the user did not select the 2 items in that context.

For each test/validation data sample, we randomly choose 99 items as negative samples

to ensure a more robust evaluation. The statistics of the datasets are shown in Table

7.1.

Datasets Data Samples User Item Context

Train Valid Test Count Features Count Features Features

Frappe 282,426 69,500 69,500 695 0 4,082 2,892 318
Yelp 518,208 633,600 633,600 6,336 24 12,902 66 13,034

Table 7.1: Dataset statistics. “Count” refers to the number of users/items, “Fea-
tures” represent the number of different features (for “User” and “Item”, the number

of features excludes the user/item ids).

Baseline methods. IEDR models the feature interactions of users, items, and contexts.

Therefore, we compare our model with competitive feature interaction-based recommen-

dation methods. The methods include AFM [4], NFM [108], AutoInt [11], DeepFM [5],

WDL [9], DCN [113], IFM [117], and our SIGN model proposed in Chapter 4. The

above methods model all the factors in a unified representation without considering the

factors that affect users’ decisions. Meanwhile, we compare IEDR with the methods

that learn implicit factors. They are disentangled variational auto-encoder for recom-

mendation (DisRec) [264] and disentangled graph collaborative filtering (DGCF) [186].

We implement these methods based on their released code. Note that since DisRec and

DGCF models do not consider any feature, their task is to simply predict whether a user

will select an item. IERD and other baseline models, however, consider the user-item

interactions in specific contexts (a user’s decision to select an item may be different

in different contexts). For DisRec and DGCF, to prevent the test data samples from

appearing in the training set, we remove the data samples from the training set that

appear in the test set (with different contexts in other models). For a fair comparison,

we set the factor number to 4 for DisRec and DGCF. We use the same MLP structure

for feature interaction modeling and the same embedding size for features as our IEDR

model.
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Implementation details. In IEDR, all the MLPs have the same hidden structure:

one hidden layer of 128 dimensions and a ReLU activation after that. The input and

output sizes of MLPs varies based on their needs. We set the embedding dimension

to 32 for all the features. fie is an MLP that outputs a 64-dimension vector, with the

first 32 dimensions are the intrinsic factor representation and the last 32 dimensions

are the extrinsic factor representation. For the second (dropout-based) negative context

generating method in the context-invariant contrastive learning component, the dropout

rate is set to 0.5. The number of negative pairs for contrastive learning is 40 for each

data sample (note that the actual negative pairs will be doubled since both (ouin)ii

and (ouin)ij will generate 40 negative pairs). The temperature τ is set to 0.5. In the

disentangling component, q1 and q2 are MLPs that output vectors that have the same

dimension of intrinsic/extrinsic factor representations. The number of negative samples

of the bidirectional vCLUB-based method is 5 for each direction. We set λ1 to 0.1 for

the Frappe dataset and 0.01 for the Yelp dataset, and set λ2 to 0.1 for both datasets. We

run all the experiments on a machine equipped with a CPU: Intel(R) Xeon(R) Platinum

8163 CPU @ 2.50GHz, and a GPU: Nvidia Tesla v100 GPU.

7.6.2 Overall Performance

We compare the recommendation performance of our model with various baselines. We

use three common evaluation metrics for recommender systems: AUC, NDCG@k and

HR@k with k being 5 and 10. The performance results are reported in Table 7.2. Each

result is the average of 10 times run. For each metric, the best results are in bold, and

the best baseline results are underlined. The rows Improv (standing for Improvements)

and p-value show the improvement and statistical significance (through the Wilcoxon

signed-rank test [279]) of IEDR over the best baseline results, respectively. From Table

7.2, we can see that our model significantly outperforms all baselines on all evaluation

metrics, and the p-values are all less than the 5% threshold, indicating the significance

of the improvements. The improvements can come from IEDR’s ability to infer the real

reasons for users’ decisions via learning intrinsic and extrinsic factors. The baselines

considering factor disentanglement (DisRec and DGCF) perform inferior to our model.

One reason is that the implicit factor disentanglement is not the best way to infer these

factors. In Section 7.6.3, we empirically verify that replacing the disentanglement mod-

ule in IEDR with an implicit approach (as in DisRec and DGCF) leads to a decrease

in recommendation accuracy. Another reason is that DisRec and DGCF disentangling

factors are purely based on user-item interactions, and do not consider feature informa-

tion. This may lead to critical information loss for recommendation. Meanwhile, our

model outperforms all the feature interaction-based baselines, which neglect the factor
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Frappe

AUC N@5 N@10 H@5 H@10

AFM 93.18 63.52 67.44 77.84 84.71
NFM 95.86 68.30 70.73 83.00 90.40
AutoInt 95.83 69.45 71.41 84.04 90.10
DeepFM 96.09 69.20 71.28 82.70 89.50
WDL 95.96 68.02 70.33 81.70 88.90
DCN 95.48 68.78 71.20 82.59 90.07
IFM 95.32 66.91 69.13 80.90 87.60
SIGN 95.92 69.38 71.49 83.91 90.37
DisRec 85.51 56.81 60.07 67.42 76.29
DGCF 86.13 58.40 61.44 69.05 77.53

IEDR 96.34 72.40 74.11 85.94 91.25

Improv 0.26% 4.24% 3.66% 2.26% 0.94%
p-value 3.72% 0.25% 0.25% 0.25% 0.83%

Yelp

AFM 91.96 42.79 47.17 58.69 72.21
NFM 93.32 45.99 50.33 61.90 75.27
AutoInt 93.82 46.61 50.80 63.72 76.55
DeepFM 93.26 44.20 48.50 60.26 73.55
WDL 93.41 45.47 49.71 61.90 74.89
DCN 93.40 43.91 48.31 60.20 73.77
IFM 93.83 46.74 50.86 63.04 75.69
SIGN 93.67 46.80 50.94 63.68 76.41
DisRec 84.01 34.82 37.90 48.29 63.17
DGCF 85.29 36.35 39.06 50.05 64.62

IEDR 94.22 48.68 53.05 65.23 78.29

Improv 0.42% 4.01% 4.14% 2.38% 2.28%
p-value 2.34% 0.25% 0.25% 0.25% 0.25%

Table 7.2: Comparing the prediction performance (in percentage) with the baselines.
The Improv and p-value rows show the relative improvements and the statistical signifi-
cance of IEDR over the best performed baselines, respectively. N@k refers to NDCG@k

and H@k refers to HR@k.

learning. Our model explores how context features can be leveraged to learn disentan-

gled intrinsic and extrinsic factors for recommendation, and hence it achieves better

prediction accuracy.

7.6.3 Effectiveness of Model Components

Our model has several components. This section evaluates these components in detail,

and we demonstrate only the results in NDCG@10 due to the space limit. Other metrics

show similar trends.
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Figure 7.3: Ablation studies with different component(s) removed.

7.6.3.1 Ablation Study of Contrastive Intrinsic-Extrinsic Disentangling Mod-

ule

The contrastive intrinsic-extrinsic disentangling (CIED) module contains a context-

invariant contrastive learning component, and a disentangling component. In this sec-

tion, we conduct an ablation study to show the impact of these components. We run

our model in three variations: 1) without the contrastive learning component (noCL); 2)

without the disentangling component (noDis); 3) without both components (noCIED),

where the CIED module is not applied. Figure 7.3 compares our IEDR model with

these variations. Comparing our model with the CIED module (IEDR) to noCIED, the

significant performance gain shows the importance of learning intrinsic and extrinsic

factors for accurate recommendation prediction. (noCL) can be regarded as performing

implicit factor learning. We can see that (noCL) performs inferior than IEDR. This

indicates that explicit intrinsic and extrinsic factor learning is superior to implicit factor

learning methods (as in the factor disentangling baselines) in inferring the real reason for

users’ decisions. Employing both components achieves better performance than learn-

ing with only one. This is because either component cannot individually learn intrinsic

and extrinsic factors successfully, highlighting the importance of learning intrinsic and

extrinsic factors for an accurate recommendation.

7.6.4 Different Negative Context Generation Methods

We propose two negative context generating methods in the contrastive learning com-

ponent: 1) sample other contexts; 2) use a large dropout rate on the original context.

We evaluate the two methods in this section. Table 7.3 shows the results of our model

when using only NegGens1, only NegGens2, and NegGen1&2. We can see that NegGen1

results in a better performance than using NegGen2. This is because NegGen1 uses the
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Frappe Yelp

NegGen1 73.01 52.49
NegGen2 71.50 51.82
NegGen1&2 74.11 53.05

Table 7.3: Comparing the performance of IEDR using different negative context
generating methods (for the contrastive learning component).
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Figure 7.4: The performance of different dropout rates for the method 2 (NegGen2 ).

true context representations, which are consistent with what may appear in the test

samples. Meanwhile, we see that NegGen1&2 results in the best performance. This is

because NegGen2 provides more unseen (randomly generated) context representations,

which strengthens the generalization ability of our model. Next, we evaluate NegGen2

with different dropout rates. In Figure 7.4. The best performance can be achieved when

the dropout rates range from 0.5 to 0.7. This is consistent with our claim in Section

7.4.2.1. The reason is that a small dropout rate (e.g., 0.1) pushes the generated context

representation too close to the original one; hence it cannot be considered as a different

context. However, a relatively large dropout rate (e.g., 0.9) loses too much information;

hence, it is no longer a valid context representation. In addition, for NegGen1&2 of all

the dropout rates, the results consistently outperform those that only use NegGen2.

7.6.5 Falling Into Trivial Solutions

As discussed in Section 7.5.2, our model may fall into a trivial solution if fuie(u, c) is

a linear mapping method. To evaluate how the trivial solution influences our model

in learning the factors, we run our model with fie being linear. Specifically, we con-

catenate u and c and feed them into an MLP without a hidden layer or activation

(a linear mapping), making it easy to fall into the trivial solution. We call this vari-

ation Linear. Then, we avoid this by simply adding a nonlinear activation function

(ReLU) activation after the linear mapping. We call this variation Nonlinear. Figure

7.5 shows the weight values of fie of the two variations. The color shows the weights
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Figure 7.5: Visualizations of fie weights for the Linear and Nonlinear models.
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Figure 7.6: Comparing the performance of the Linear and Nonlinear models on
different datasets.

mapping from user/context representations to intrinsic/extrinsic representations. The

darker the color, the larger the weight (more information of user/context is mapped into

intrinsic/extrinsic representations). The figure shows that in the Linear variation, user

information is largely mapped into intrinsic representation (user-intrinsic block) but not

extrinsic representation (user-extrinsic block). Context information is largely mapped

into extrinsic representation (context-extrinsic block) but not intrinsic representation

(context-intrinsic block). This means that the Linear variation falls into the trivial so-

lution. On the contrary, in the Nonlinear variation, user information is mapped into

extrinsic representation (user-extrinsic block), showing that the extrinsic representation

contains both user and context information. Figure 7.6 shows the performance of the

two variations. We can see that Linear model performs worse than Nonlinear model. It

proves that learning intrinsic and extrinsic factors results in a better performance than

simply mapping user and context information into two representations, respectively (the

trivial solution).

7.6.5.1 Other Feature Modeling Methods

In the RP module, although we use a SIGN-based method to learn user, item, and

context features, the module can use any feature modeling method. Here, we use other

methods to evaluate whether our model still performs well. Specifically, we run our

model with the other three variations using different feature modeling methods: 1) av-

eraging feature embeddings (MEAN ); 2) adding an MLP on top of the averaged feature
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Figure 7.7: The model performance when equipped with different feature modeling
methods.
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Figure 7.8: The performance and variance statistics of vCLUB and BiDis.

embedding (MLP); and 3) modeling and aggregating feature interactions through a Bi-

interaction layer proposed in [108] (BI ). The results are shown in Figure 7.7. We report

the results of each variation with and without the CIED module. From the figure, we can

see that when equipped with the CIED module, all feature modeling methods perform

better than those without the module. It shows that our proposed CIED module can

learn intrinsic and extrinsic factors for more accurate recommendation when different

feature modeling methods are applied. Meanwhile, we can see that the feature modeling

methods can impact the performance. MEAN is just a linear aggregation of features,

resulting in the worst performance. Both MLP and BI have better feature modeling

ability and hence have better performance than MEAN. The SIGN-based feature mod-

eling (SIGN ) is the state-of-the-art feature interaction modeling method and performs

the best.

7.6.5.2 Disentangling Component Evaluation

We propose a bidirectional vCLUB-based disentangling method (BiDis) that disentan-

gles the intrinsic and extrinsic factors. In this section, we compare our BiDis method
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with the original vCLUB method (vCLUB). From Figure 7.8, we can see that our BiDis

demonstrates a better performance than vCLUB, and its variance is much smaller than

vCLUB. This indicates that BiDis generates more robust predictions, which is consis-

tent with our analysis in Section 7.4.2.2. In addition, we visualize the intrinsic and

extrinsic representations learned by the two disentanglement methods with t-SNE in

Section 7.6.6.1, and observe that using BiDis results in a better intrinsic-extrinsic dis-

entanglement. This is the reason why BiDis can deliver a better performance than

vCLUB.

7.6.6 Disentanglement Verification

This section verifies the intrinsic and extrinsic factor disentangling ability of IEDR,

including a visualization of the learned intrinsic and extrinsic representations and a case

study to show the differences of these factors in users’ decision making.

7.6.6.1 Visualization of Intrinsic and Extrinsic Representations

This section provides intrinsic and extrinsic representation visualizations in three vari-

ations: 1) the contrastive learning component is removed (noCL); 2) the disentan-

gling component is removed (noDis); and 3) the asymmetric disentanglement method

(vCLUB) is used. Figure 7.12 compares these results. We include our main observations

below:

• The intrinsic and extrinsic factors are perfectly disentangled with our CIED module

(IEDR).

• Without the disentangling component (noDis), the intrinsic and extrinsic disentan-

gling procedure may not succeed. This is because there is no restriction on extrinsic

representations. Therefore, the extrinsic representations can contain any information,

including the information of the intrinsic factor.

• noCL has worse disentangling performance than IEDR, either. This is because the

factors disentangled in noCL are implicit. The implicit factors only ensure the disen-

tanglement between the factors of the same data sample, but not between the factors

of other data samples. For example, some context information may be stored in the

intrinsic representation in data sample 1 but be stored in the extrinsic representation

in data sample 2.

• noCIED performs worst among all variations, which is reasonable since it does not

distinguish the intrinsic and extrinsic representations.
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• vCLUB performs disentanglement, but is not very stable in some situations. This is

consistent with our analysis in Section 7.4.2.2.

7.6.6.2 Case Study
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Figure 7.9: Comparing of a user’s top 100 intrinsic and extrinsic scores in two different
contexts.

Rank User1 User2 User3

1 Phtography Cards & Casino Finance
2 Sports Productivity Health & Fitness
3 Health & Fitness Cards & Casino Lifestype
4 Tools Sports Games Communication
5 Health & Fitness Brain & Puzzle Communication
6 Personalization Communication Lifestyle
7 Personalization Tools Lifestyle
8 Communication Sports Communication
9 Personalization Arcade & Action Communication
10 Health & Fitness Tools Health & Fitness

Table 7.4: The items (in category) of the highest intrinsic scores for different users.

We conducted a case study to analyze the differences between the learned intrinsic and

extrinsic factors. We randomly choose a user from the Frappe dataset and generate the

intrinsic matching scores (the dot product of the user’s intrinsic representation and the

items’ (apps) intrinsic representations) in two different contexts (Weekday and Week-

end). The same for the extrinsic matching scores. We sort the matching scores for the

intrinsic and extrinsic factors, respectively, and list the top 100 items. The results are

demonstrated in Figure 7.9. Note that for the same x-axis value, intrinsic scores are for

the same item, and extrinsic scores may be for another item. We can see that intrinsic

scores are much more consistent in different contexts. This shows that the learned in-

trinsic factors are consistent in different contexts. Meanwhile, the extrinsic scores vary
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Frappe Yelp

IEDRsp, p=0.1 70.68 52.03
IEDRsp, p=0.5 68.25 51.49
IEDRsp, p=0.1, noDis 70.56 52.02
IEDRsp, p=0.1, noCL 70.31 51.62
IEDRsp, p=0.1, noCIED 70.16 51.10

IEDR 74.11 53.05

Table 7.5: Comparing the performance of IEDRsp with different dropout rates (for
NegGen2 ).

a lot in different contexts. It means that in different contexts, the user has different

extrinsic factors.

Then, we evaluate how users may have individual intrinsic factors (real interests). Table

7.4 lists the categories of the items with 10 highest intrinsic scores for three users,

respectively. From the table, we can see that different users have different intrinsic

interests, e.g., User1 prefers sports and fitness apps while User2 prefers gaming apps.

Besides, it is intuitive that these apps may more likely be used in personal time instead of

during working time. The intrinsic factors show users’ real interests instead of just giving

high scores to the often-used apps (e.g., productivity apps like Gmail and Chrome).

7.6.7 Comparing the Impact of Different Contrastive Learning Varia-

tions

To learn the intrinsic factor, we propose a context-invariant contrastive learning method.

However, directly generating intrinsic factor representations through only user informa-

tion seems to be a more direct way, i.e., ouin = fuie(u). We argue that the intrinsic

representations learned this way cannot guarantee the representations be intrinsic fac-

tors. This is because the information in the learned intrinsic factor representations can

vary with different contexts, since these factors have never been modeled w.r.t. the

contexts.

In this section, we empirically show that this approach to learn intrinsic factors is inferior

to our context-invariant contrastive learning method in producing accurate recommen-

dation. To do so, we design a variation (IEDRsp) by splitting the intrinsic-extrinsic

factor generation into two functions: ouin = fuin(u), and ouex = fuex(u, c). Both fin and

fex have the same structure as fie, with the output dimension being a half to ensure the

consistency of the factor representation dimension. The contrastive learning component

does not consider context information but uses a standard InfoNCE-based contrastive
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Figure 7.10: Hyperparameter study: different embedding dimensions d.

learning for learning robust user/item representations following [271]. Table 7.5 illus-

trates the results of IEDRsp compared to our model with IEDRsp using different dropout

rates (p = 0.1 and p = 0.5) in the contrastive learning component, and different compo-

nent combinations (noDis, noCL, noCIED). We can see that our model outperforms the

variation in recommendation accuracy. It proves that IEDRsp cannot ensure a successful

intrinsic factor learning and hence incur a worse recommendation accuracy. Different

from IEDR, IEDRsp gains better performance when with the lower dropout rate. This

is because, in IEDRsp, the dropout generates views that represent the same user instead

of different users. This is consistent with the conclusion in [252].

7.6.8 Effectiveness of Model Hyperparameters

We evaluate our model with different hyperparameter settings, including embedding

dimensions, number of negative samples, and loss weight values. Below we summaries

our observations.

7.6.8.1 Embedding Dimension

We run our model with different feature embedding dimensions. We show the results of

running our model using different embeddings in Figure 7.10. Choosing the embedding

dimension is a trade off between the expression ability and efficiency. From the figure,

we can see that larger dimensions result in better prediction accuracy. However, the

improvement is not significant when the dimension is larger than 32. A larger dimension

may even reduce the performance due to the overfitting problem (e.g., dimension 256

for the Frappe dataset).
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Figure 7.11: The performance of different numbers of negative samples and the loss
weights in the risk minimization function for the contrastive learning component (left)

and the disentangling component (right), respectively.

7.6.8.2 The Number of Negative sample and Loss Weight

Both the contrastive learning component and the disentangling component are contrastive-

based methods that require negative sampling. In this section, we evaluate how the

number of negative samples influences the performance. We also compare the influence

of different loss weights of the two components. We run our model with different nega-

tive sample numbers and loss weights for the two components, respectively. From Figure

7.11, we can see that a large loss weight, or a large number of negative samples does

not necessarily result in a better performance. There is the best combination of the loss

weight and the number of negative samples for both components. A large or small loss

weight may make the multi-task training unbalanced, harming the final performance.

For the number of negative samples, a small number will make the training insufficient,

while a large number may cause an overfitting problem.

7.7 Summary

In this chapter, we explore to leverage context feature interactions for more accurate

recommendation predictions. Inspired by psychology, we define intrinsic and extrinsic

factors that affect users’ decisions in recommender systems. Following these definitions,

we propose an intrinsic-extrinsic disentangled recommendation (IEDR) model to perform

recommendations via learning disentangled intrinsic and extrinsic factors from the per-

spectives of both users and items. A context-invariant contrastive learning component

and a mutual information minimization-based disentangling component are proposed

to ensure the success of factor learning. Extensive experiments prove our model’s abil-

ity to learn intrinsic and extrinsic factors and leverage the learned factors for accurate

recommendation prediction.
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Figure 7.12: The complete intrinsic-extrinsic disentanglement visualizations in t-SNE.
The blue dots are intrinsic representations, and the red dots are extrinsic representa-

tions.



Chapter 8

Conclusion and Future Works

Feature interaction modeling is an essential research topic in recommender systems.

This thesis explored various directions to improve recommender systems’ performance

via explicit feature interaction modeling. Specifically, first, we extended the matrix fac-

torization algorithm so that it can consider feature interactions for recommendation.

Second, we studied to detect beneficial feature interactions and leverage the beneficial

ones for more accurate and efficient recommendations. Third, we investigated novel

ways to categorize and model feature interactions, so they fit their roles in the recom-

mendation. In the following, we conclude each work in this thesis and discuss potential

future research directions.

8.1 Conclusion

In Chapter 3, in order to lift the limitation that matrix factorization cannot consider

feature interactions, we proposed a recommendation model called multi-matrix factor-

ization (MMF). Our model can consider feature interactions for more accurate and

interpretable recommendations under the framework of matrix factorization. Specif-

ically, MMF learns an attribute rating matrix for each type of item attributes using

the matrix factorization algorithm, which analyzes the interactions between user and

the type of attributes. Then, the ratings from different attribute matrices are aggre-

gated as the final prediction. We conducted extensive experiments to evaluate our MMF

model. Experimental results show that our model significantly outperforms MF and its

variations. Meanwhile, by considering feature interactions, MMF provides reasonable

interpretations to the predictions and relieves the item cold-start problem.

In Chapter 4, we investigated the problem that unbeneficial feature interactions may

introduce noises and decrease the prediction accuracy in recommender systems. We

149
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proposed L0-SIGN, a graph neural network-based approach that detects pairwise bene-

ficial feature interactions and explicitly models these beneficial feature interactions for

recommendation. Specifically, we designed a novel graph representation that consid-

ers features as nodes and pairwise beneficial feature interactions as edges. Then, the

beneficial interaction detection is achieved via edge prediction, and the recommendation

prediction is achieved via graph classification through our proposed statistical interaction

graph neural network (SIGN). Meanwhile, we proposed an L0 activation regularization

approach to ensure the most beneficial feature interactions are detected. This is proved

theoretically by showing that the empirical risk minimization procedure of L0-SIGN

is a variational approximation of the information bottleneck principle. Experimental

results prove the effectiveness of our model in detecting pairwise beneficial feature in-

teractions, and leveraging beneficial feature interactions for accurate predictions via our

SIGN model.

In Chapter 5, we continued studying how to detect beneficial feature interactions and

explored extending the interaction detection to arbitrary orders. In this work, we rep-

resented each arbitrary order beneficial feature interaction as a hyperedge in a hyper-

graph. Then, we proposed an interaction-based hypergraph neural network that models

these beneficial interactions in a hypergraph for recommendation. To efficiently detect

arbitrary order beneficial feature interactions, we explored generating a set of benefi-

cial feature interactions directly instead of examining every possible one. Meanwhile,

three properties of beneficial feature interactions (sufficiency, low redundancy, and dis-

entanglement) were defined as the guidance for the generation. Mutual information

maximization-based approaches (s-Infomax and Infomin) were proposed to ensure the

detected feature interactions fit the three properties. Experimental results show that our

model significantly outperforms baseline algorithms in recommendation accuracy. Fur-

ther studies prove the effectiveness of our proposed s-Infomax and Infomin approaches

in helping generate arbitrary order beneficial feature interactions.

In Chapter 6, we investigated modeling user/item attribute interactions that fit their

roles in recommendations. We defined two types of attribute interactions: inner inter-

actions for profile learning and cross interactions for preference matching. Then, we

proposed a neural graph matching-based framework to model the two types of interac-

tions for more accurate predictions. Specifically, the inner interactions were leveraged

to construct user graphs and item graphs. The profile learning procedure is conducted

via learning these graphs through graph neural networks. The cross interactions were

leveraged to match a user graph and an item graph as the preference matching pro-

cedure. The matching result is the final prediction. Experimental results show that

modeling the two types of interactions differently significantly outperforms the baselines
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that model them equally. Further experiments prove that not only the modeling struc-

ture (i.e., the graph matching structure), but suitable modeling methods for different

types of interactions are essential to fulfill their roles in recommendation.

In Chapter 7, we investigated leveraging another type of feature interaction, context

feature interactions, to improve the performance of recommender systems. Inspired by

psychology, we explored leveraging context feature interactions to infer two types of most

important factors that influence users’ decision-making: intrinsic factor and extrinsic fac-

tor, and model the two types of factors to jointly generate the predictions. Specifically,

we proposed the intrinsic-extrinsic disentangled recommendation model, which contains

a context-invariant contrastive learning component to learn intrinsic factors, and a mu-

tual information minimization-based disentangling component to distinguish intrinsic

factor and extrinsic factor. The two components together ensure the effectiveness of the

factor learning. Extensive experiments were conducted to evaluate our proposed model.

Experimental results show that our proposed two components are the key to the success

of the factor learning. Meanwhile, our model performs predictions based on the learned

factors and outperforms state-of-the-art baselines in terms of prediction accuracy.

8.2 Future Works

In the following, we outline several potential future research directions for each research

question we studied in the thesis.

For the first research question of enabling matrix factorization to model feature interac-

tions, the potential future research directions include:

• Our proposed MMF model aggregates multiple matrix factorization results (use-

attribute interactions) on different types of item attributes. However, this procedure

does not conduct nonlinear modeling (e.g., DNNs), limiting its potential to learn

more sophisticated relations inside feature interactions. One potential future research

direction is to leverage DNN-based matrix factorization methods such as neural col-

laborative filtering [85] to conduct powerful feature interaction modeling. Also, we

can explore applying GNN-based models, such as SIGN, in MMF.

• MMF only models the interactions between users and item attributes. However, there

are other feature interactions, such as those containing user attributes. Considering

more abundant types of feature interactions can further improve the prediction accu-

racy. It is promising to extend the model structure from performing user-attribute

matrix factorization to attribute-attribute matrix factorization. In this way, the in-

teractions between user attributes and item attributes can be considered.
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For the second research question of detecting beneficial feature interactions for recom-

mendation, the potential future research directions include:

• In chapter 4, L0-SIGN leverages an L0 activation regularization to ensure the effec-

tiveness of the beneficial feature interaction detection. However, to ensure the success

of the detection, we need to choose an appropriate weight value for the L0 activation

regularization. A too-small value may result in an insufficient unbeneficial interaction

discarding. In contrast, a too-large value may cause too many feature interactions to

be discarded and lose the training signal. Therefore, investigating how to dynamically

balance the weight value is an interesting research direction to further improve the

robustness of L0-SIGN.

• Our proposed statistical interaction graph neural network (SIGN) aggregates the fea-

ture interaction modeling results linearly to keep SIGN satisfying the definition of

statistical interaction. However, recent researches related to GNNs proposed more

sophisticated and more powerful aggregation approaches [12, 13]. It is a promising

research direction to explore more sophisticated aggregation methods for SIGN while

keeping the statistical interaction property.

• A feature graph is a flexible structure to represent feature interactions. However, it

is still an open question how to efficiently store the graphs for model training. For

L0-SIGN (the same for our other GNN-based models), a large number of graphs (e.g.,

millions) need to be stored for training. Therefore, it is a challenging but promising

research direction to seek a more efficient way to store graphs for training.

• In chapter 5, the HIRS model requires predefining a fixed number of feature interac-

tions to be detected. However, different data samples may have different numbers of

beneficial feature interactions. Therefore, one potential future research direction is to

automatically determine an optimal number of beneficial feature interactions for each

data sample.

• Currently, the interaction detection in HIRS is a procedure that cannot be intervened

manually (e.g., determine which interactions can/cannot be detected). It is an inter-

esting and promising potential research direction to enable the manual intervention

for the feature interaction detection, which can prevent some ethical problems (e.g.,

to decrease the probability of juvenile violent crime, we can manually prevent the

interaction between the user age teenager and the movie genre violence from being

detected).

• Our proposed information theory-driven feature interaction detection methods (the

information bottleneck guarantee in L0-SIGN and the three properties in HIRS) are
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frameworks that can be applied to more interesting research questions. For example, in

multimodal learning, we can incorporate any available information without manually

considering whether the information is relevant to the targets. Then, we can use our

proposed methods to detect and retain the most useful information automatically.

For the third research question of categorizing and modeling feature interactions that

fit their roles in recommender systems, the potential future research directions include:

• Both our proposed GMCF model in Chapter 6 and IEDR model in Chapter 7 con-

sider pairwise feature interactions. We have proven in Chapter 5 that considering

higher-order feature interactions can further improve the prediction accuracy. There-

fore, one possible future research direction is to extend the two models to consider

higher-order feature interactions. While considering higher-order feature interactions,

corresponding changes may be required, such as a more efficient node-matching strat-

egy in GMCF.

• In chapter 7, IEDR learns intrinsic and extrinsic factors and leverages the factors

to jointly perform prediction. This is based on the assumption that the two types of

factors mainly drive users’ decisions. However, there may be other factor classification

methods. Therefore, one potential future research direction is to incorporate other

factor classification methods in IEDR to further improve the prediction accuracy.

• IEDR uses a latent vector to represent intrinsic (and extrinsic) factor. However, users

may have multiple intrinsic (extrinsic) factors, and some may mainly drive a decision.

For example, a user who decides to watch a comedy movie may largely be influenced

by an intrinsic factor for relaxation. At the same time, the user may also want to

watch an action movie that is influenced by another intrinsic factor for excitement.

Therefore, future researches can perform more fine-grained factor learning to achieve

more accurate predictions.

• Our proposed GMCF and IEDR model a user (or an item) as a graph, leading to a

promising research direction to learn an entity holistically using the powerful GNNs.

Moreover, it enlightens a way to construct complex entities through graphs in a hi-

erarchical way (each entity may be constructed by a set of smaller entities). This is

consistent with how the world is constructed (e.g., a set of atoms forms a molecule, a

set of molecules forms a bigger entity, and so on).

Finally, our works for the last two research questions (L0-SIGN, HIRS, GMCF, and

IEDR) are all under the framework of GNN-based explicit feature interaction modeling.

Each work improves the framework from different aspects. As a result, these works may
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have the potential to be unified into a large recommender system.1 For example, we can

leverage the beneficial feature interaction generation method (with s-Infomax & Infomin)

proposed in HIRS to detect arbitrary order beneficial feature interactions. Then, we

leverage the detected feature interactions to construct user, item, and context graphs

based on the inner interactions defined in GMCF. Next, we can leverage the IHGNN

model proposed in HIRS to learn these graphs to generate user, item, and context

representations. At the same time, node matching can be conducted through cross

interactions defined in GMCF. The representations can be leveraged to generate intrinsic

and extrinsic factors (with the contrastive learning component and the disentangling

component) proposed in IEDR, and the final prediction can be generated through these

factors. If these works are properly unified, the large recommender system may have

the potential to combine the advantages of all these works.

1Note that HIRS contains all the key techniques proposed in L0-SIGN.
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Proof of Theorem 4.3

Theorem 4.3. (Statistical Interaction in SIGN) Consider a graph G〈V, E〉, where

V is the node set and E = {eij}i,j∈V is the edge set that eij ∈ {0, 1}, eij = eji. Let

G〈V, E〉 be the input of SIGN function fS(G) in Equation 4.7, then the function flags

pairwise statistical interaction between node i and node j if and only if they are linked

by an edge in G〈V, E〉, i.e., eij = 1.

Proof. We prove Theorem 4.3 by proving two lemmas:

Lemma A.1. Under the condition of Theorem 4.3, for a graph G〈V, E〉, if fS(G) shows

pairwise statistical interaction between node i and node j, where i, j ∈ V, then the two

nodes are linked by an edge in G〈V, E〉, i.e., eij = 1.

Proof. We prove this lemma by contradiction. Assume that the SIGN function fS with

G〈V, E\eij 〉 as input shows pairwise statistical interaction between node i and node j,

where G〈V, E\eij 〉 is a graph with E\eij being a set of edges that eij = 0.

Recall that the SIGN function in Equation 4.7. Without losing generality, we set both

the aggregation functions φ and ψ being element-wise average. That is:

fS(G) =
1

|V|
∑
i∈V

(
1

ρ(i)

∑
j∈V

(eijh(ui,uj))), (A.1)

where ρ(i) is the degree of node i.

From Equation A.1, we know that the SIGN function can be regarded as the linear

aggregation of non-additive statistical interaction modeling procedures h(uk,um) for all

nodes pairs (k, m) that k,m ∈ V and ekm = 1. Since E\eij does not contain an edge

between i and j (i.e., eij = 0), the SIGN function does not perform interaction modeling

between the two nodes into final predictions.
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According to Definition 4.2, since i and j have statistical interaction, we cannot find a

replacement form of SIGN function like:

fS(G) =ĥ\i(u1, ...,ui−1,ui+1, ...,u|V|)

+ ĥ\j(u1, ...,uj−1,uj+1, ...,u|V|),
(A.2)

where ĥ\i and ĥ\j are functions without node i and node j as input, respectively.

However, from our assumption, since there is no edge between node i and node j, there

is no interaction modeling function that performs between them in fS(G). Therefore,

we can easily find many such ĥ\i and ĥ\j that satisfy Equation A.2. For example:

ĥ\i(u1, ...,ui−1,ui+1, ...,u|V|) =

1

|V|
∑

k∈V\{i}

(
1

ρ(k)

∑
m∈V\{i}

(ekmh(uk,um))),
(A.3)

and

ĥ\j(u1,...,uj−1,uj+1, ...,u|V|) =

1

|V|
∑

m∈V\{j}

(
1

ρ(i)
eimh(ui,um))

+
1

|V|
∑

k∈V\{j}

(
1

ρ(k)
ekih(uk,ui)).

(A.4)

Therefore, it contradicts our assumption. Lemma A.1 is proved.

Lemma A.2. Under the condition of Theorem 4.3, for a graph G〈V, E〉, if an edge links

node i and node j in G (i.e., i, j ∈ V and eij = 1), then fS(G) shows pairwise statistical

interaction between node i and node j.

Proof. We prove this lemma by contradiction as well. Assume there is a graph G〈V, E〉
with a pair of nodes (i, j) that eij = 1, but shows no pairwise statistical interaction

between this node pair in fS(G).

Since eij = 1, we can rewrite SIGN function as:

fS(G) =
1

|V|
∑
k∈V

(
1

ρ(k)

∑
m∈V

(ekmh(uk,um)))

+
ρ(i) + ρ(j)

|V|ρ(i)ρ(j)
(h(ui,uj)),

(A.5)

where (k,m) /∈ {(i, j), (j, i)}.
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In our assumption, fS(G) shows no pairwise statistical interaction between node i and

node j. That is, we can write fS(G) in the form of Equation A.2 according to Definition

4.2. For the first component in the RHS of Equation A.5, we can easily construct func-

tions ĥ\i and ĥ\j in a similar way of Equation A.3 and Equation A.4 respectively. How-

ever, for the second component in the RHS of Equation A.5, the non-additive function

h(ui,uj) operates on node i and node j. Through the definition of non-additive function,

we cannot represent a non-additive function h as a form like h(ui,uj) = f1(ui)+f2(uj),

where f1 and f2 are functions. That is to say, we cannot merge the second component

in the RHS into either ĥ\i or ĥ\j .

Therefore, Equation A.5 cannot be represented as the form of Equation A.2, and the

node pair (i, j) shows pairwise statistical interaction in fS(G), which contradicts our

assumption. Lemma A.2 is proved.

Combing Lemma A.1 and Lemma A.2, Theorem 4.3 is proved.
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Proof of Corollary 4.4

Corollary 4.4. (Statistical Interaction in L0-SIGN) Consider a graph G that the

edge set is unknown. Let G be the input of L0-SIGN function FLS(G) in Equation 4.8,

the function flags pairwise statistical interaction between node i and node j if and only

if they are predicted to be linked by an edge in G by L0-SIGN, i.e., e
′
ij = 1.

Proof. In Equation 4.8, we can perform the prediction procedure by first predicting edge

values on all potential node pairs. Then we perform node pair modeling and aggregating

the results to get the predictions (as illustrated in Figure 4.1). Specifically, we can

regard the edge prediction procedure in L0-SIGN as being prior to the following SIGN

procedure. The edge values in an input graph G〈V, ∅〉 can be first predicted by function

Fep. Then, we have the graph G〈V, E ′〉, where E
′

is a predicted edge set. Therefore, the

following procedure is the same as the SIGN model with G〈V, E ′〉 as the input graph,

which satisfies Theorem 4.3.
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Proof of Proposition 5.1

Proposition 5.1. Consider an input-output pair (x, y), where x is a set of features, a

function maps x to y in a Markov form x→ {h1,h2, ...,hk} → y, where {h1,h2, ...,hk}
is a set of middle states mapped from x, if the {h1,h2, ...,hk} makes Equation (5.13)

reach the optimal value, it also makes Equation (5.12) reach the optimal value.

Proof. Due to the non-negativity of mutual information, I(hi;hj) > 0.
∑

i 6=j I(hi;hj)

reaches the smallest value when I(hi;hj) = 0 for all i 6= j. That is, each pair of

hyperedge representations are independent. Therefore, we have

I((h1,h2, ...,hk); y) =

k∑
i=1

I(hi; y). (C.1)

It means that in the situation that
∑

i 6=j I(hi;hj) reaches the smallest value, maximizing∑k
i=1 I(hi; y) equals to maximizing I((h1,h2, ...,hk); y). Next, since

0 6 I(hi;hj ; y) 6 I(hi;hj), (C.2)∑
i 6=j I(hi;hj ; y) = 0 when

∑
i 6=j I(hi;hj) = 0.

Finally, since I(hi; y) = H(hi) −H(hi|y), maximizing I(hi; y) tries to reduce H(hi|y)

and in the optimal situation, H(hi|y) = 0.

In summary, when the formulation in Equation (5.13) reaches the optimal situation, we

have maximized I((h1,h2, ...,hk); y), and have I(hi;hj ; y) = 0 and H(hi|y) = 0, which

make Equation (5.12) reach the optimal situation.

159



Appendix D

Proof of Proposition 5.3

Proposition 5.3. (Statistical Interaction in IHGNN) Consider an input-output

pair (x, y). Let G〈V, ∅〉 be the input of HIRS, where V = x, the IHGNN function

(Equation (5.8)) flags a statistical interaction among all the features in q ⊆ V if q =

{ai|E
′
ik = 1}i∈V , where E

′
k is a hyperedge predicted by fgen (Equation (5.6)).

Proof. We prove by contradiction: assume there is a q = {ai|E
′
ik = 1}i∈V but the

IHGNN function does not flag a statistical interaction on all the features in q.

In HIRS, the edge modeling function fE is a neural network, which is a non-linear

function. Without losing generality, we set both the aggregation function φ and ψ as

the element-wise mean function and g is a linear regression function. Therefore, we can

regard fIGHNN as:

fIHGNN (GH〈V, E
′
〉) =

∑
j∈E′

αjfE(sum({V g
i |E

′

ij = 1}i∈V)), (D.1)

where αj are some scalar values.

According to Definition 5.2, if fIHGNN does not flag a statistical interaction on all the

features in q, we can rewrite Equation (D.1) as a linear combination of a set of functions

that each function does not rely on at least one of the features in q. That is:

fIHGNN (GH〈V, E
′
〉) =

∑
i∈q

f\i({V g
j }j∈V\{i}), (D.2)

However, since all features in q form a hyperedge in E ′
, Equation (D.1) contains a

component fE(sum({V g
i |i ∈ q}i∈V)), which non-linearly models all features in q. This

component does not belong to any part of the right hand side of Equation (D.2). There-

fore, Equation (D.2) does not hold, which is a contradiction of the assumption.
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Proof of Theorem 7.2

Theorem 7.2. (Equivalence of contrastive loss LuCICL) Optimizing the contrastive

loss is equivalent to:

arg min

N∑
i=1

LuCICL(ui, ci) = arg max
(
I(ouin,u)− I(ouin, c)

)
.

Proof. Since the mutual information is not explicitly intractable, we approximate the

right side of Equation (7.5) with a lower bound (i.e., MINE [280]) and an upper bound

(i.e., CLUB [265]) of mutual information, respectively. More formally,

I(ouin,u) ≥ IMINE(ouin,u) := Ep(ouin,u) [log p(ouin,u)]− logEp(ouin)p(u) [p(ouin,u)] ; (E.1)

I(ouin, c) ≤ ICLUB(ouin, c) := Ep(ouin,c) [log p(ouin|c)]− Ep(ouin)p(c) [log p(ouin|c)] . (E.2)

With the approximated terms above, proving Equation. (7.5) turns to verify:

arg min
N∑
i=1

LCICL(ui, ci) = arg max
(
IMINE(ouin,u)− ICLUB(ouin, c)

)
. (E.3)

By minimizing LCICL, we aim to make (ouin)ii similar to (ouin)ij . This procedure can be

interpreted in probability as: increasing the probability of fuie(ui, cj) to predict (ouin)ii.

Therefore, maximizing the exp(sim((ouin)ii, (o
u
in)ij)/τ) in Equation (7.2) is equivalent

to maximizing p((ouin)ii|ui, cj) (exp(·) is monotone increasing so that does not influ-

ence the conclusion). Similarly, minimizing exp(sim((ouin)ii, (o
u
in)`i)/τ) is equivalent to
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minimizing p((ouin)ii|u`, ci). Therefore, we have

−
N∑
i=1

LCICL(ui, ci)

=

N∑
i=1

log
exp(sim((ouin)ii, (o

u
in)ij)/τ)∑

u`∈U exp(sim((ouin)ii, (ouin)`i)/τ)

=

N∑
i=1

log[exp(sim((ouin)ii, (o
u
in)ij)/τ)]−

N∑
i=1

log[
∑
u`∈U

exp(sim((ouin)ii, (o
u
in)`i)/τ)]

=

N∑
i=1

log[p((ouin)ii|ui, cj)]−
N∑
i=1

log[
∑
u`∈U

p((ouin)ii|u`, ci)].

Equation (7.2) only samples one context cj for each data point. However, during the

training, all contexts in C are expected to be sampled. If we count all contexts, we have

N∑
i=1

log[p((ouin)ii|ui, cj)]−
N∑
i=1

log[
∑
u`∈U

p((ouin)ii|u`, ci)]

=

N∑
i=1

∑
cj∈C

log[p((ouin)ii|ui, cj)]−
N∑
i=1

log[
∑
u`∈U

p((ouin)ii|u`, ci)]

=Ep(ou
in,u)p(c)[log p(ouin|u, c)]− Ep(ou

in,c)
logEp(u)[p(o

u
in|u, c)]

(E.4)

Equation (E.4) is the probability form of the objective function of the context-invariant

counteractive learning component (Equation (7.2)). Equation (E.4) maximizes the like-

lihood p(ouin|u, c) given the joint distribution of users and intrinsic factors, with the

marginal distribution of contexts. Meanwhile, it minimizes the likelihood p(ouin|u, c)
given the joint distribution of contexts and intrinsic factors, with the marginal distribu-

tion of user.1

From Equation (E.4), we further have:

1Note that only if fu
ie(u, c) is a many-to-one (or one-to-one) mapping then Equation (E.4) and

Equation (7.2) will be equivalent. Otherwise, given a sample pair (u, c), fu
ie(u, c) may have different ou

in

outputs (i.e., one-to-many). In this situation, the first term of Equation (E.4) cannot guarantee that the
same user with different context will have the same intrinsic factor (i.e., they may have various intrinsic
factor representations while still meet the objective of the first term of Equation (E.4)). We use an
MLP as fu

ie(u, c), which is a many-to-one mapping function. Therefore, we can ensure the equivalence
between Equation (E.4) and Equation (7.2).
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Ep(ou
in,u)p(c)[log p(ouin|u, c)]− Ep(ou

in,c)
logEp(u)[p(o

u
in|u, c)]

(a)
= Ep(ou

in,u)p(c)[log p(ouin|u, c)]− Ep(ou
in,c)p(u)[log p(ouin|u, c)]

=Ep(ou
in,u)p(c)[log p(ouin|u, c)]− Ep(ou

in,c)p(u)[log p(ouin|u, c)] +
(
Ep(u)[log p(u)]− Ep(u)[log p(u)]

)
=Ep(ou

in,u)p(c)[log p(ouin|u, c)p(u)]− Ep(ou
in,c)p(u)[log p(ouin|u, c)]− Ep(u)[log p(u)]

=Ep(ou
in,u)p(c)[log p(ouin,u|c)]− Ep(ou

in,c)p(u)[log p(ouin|u, c)]− Ep(u)[log p(u)]

=Ep(ou
in,u)p(c)[log p(ouin,u|c)]− Ep(ou

in,c)p(u)[log p(ouin|u, c)]− Ep(u)[log p(u)]

+
(
Ep(ou

in)p(u)p(c)[log p(ouin|u, c)]− Ep(ou
in)p(u)p(c)[log p(ouin|u, c)]

)
=Ep(ou

in,u)p(c)[log p(ouin,u|c)]− Ep(ou
in)p(u)p(c)[log p(ouin|u, c)]− Ep(u)[log p(u)]

− Ep(ou
in,c)p(u)[log p(ouin|u, c)] + Ep(ou

in)p(u)p(c)[log p(ouin|u, c)]

=Ep(ou
in,u)p(c)[log p(ouin,u|c)]− Ep(ou

in)p(u)p(c)[log p(ouin,u|c)]

−
(
Ep(ou

in,c)p(u)[log p(ouin|u, c)]− Ep(ou
in)p(u)p(c)[log p(ouin|u, c)]

)
=Ep(c)

(
Ep(ou

in,u)[log p(ouin,u|c)]− Ep(ou
in)p(u)[log p(ouin,u|c)]

)
− Ep(u)

(
Ep(ou

in,c)
[log p(ouin|u, c)]− Ep(ou

in)p(c)
[log p(ouin|u, c)]

)
.

(E.5)

(a): In the second term, pushing the log inside the expectation dose not change the

minimizer.

Equation (E.1) and the first term of Equation (E.5) both maximize the expected log-ratio

of the joint distribution over the marginal distributions [154]. Therefore, maximizing this

term in Equation (E.5) will have the same effect to maximizing Equation (E.1). We can

interpret the first term of Equation (E.5) as maximizing the mutual information between

users and the corresponding intrinsic factor, conditioned on a given context. Similarly,

maximizing the negative of the second term of Equation (E.5) will have the same effect

of minimizing Equation (E.2), which can be interpreted as minimizing the mutual infor-

mation between contexts and the corresponding intrinsic factors, conditioned on a given

users.

Therefore, we can conclude that:

arg min
N∑
i=1

LuCICL(ui, ci) = arg max
(
I(ouin,u)− I(ouin, c)

)
.
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