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Abstract

Deep learning-based recommendation systems have achieved tremendous success. How-
ever, training a deep neural network from scratch requires a large amount of labeled
data. This issue needs to be addressed in recommendation systems, as there will always
be new users with little or no interaction history, as well as new items that are rarely or
never rated. Meta-learning methods are proposed and have been widely employed in
tasks without densely labeled data. Recently, deep meta-learning-based recommenda-
tion systems have been proposed to fine-tune deep neural networks with a set of items
rated by the user, referred to as a support set. However, how to construct an effective
support set is less explored for meta-learning-based recommendation. Specifically,
an effective support set should be small, so the user is not bothered, yet informative
enough for the recommender to quickly capture the user’s preferences. Therefore, in
this thesis, we focus on enhancing the informativeness of the support set, thereby sig-
nificantly improving recommendation effectiveness without increasing the size of the
support set. To enhance the informativeness of the support set, we employ two meth-
ods: (i) actively selecting informative items to construct the support set (Chapters 3
and 4), and (ii) increasing the informativeness of items in the support set (Chapter 5).

In Chapter 3, we propose Information Gain-Driven Cold-Start Recommendation
(InfoRec), which actively queries informative items to estimate user preferences. Specif-
ically, InfoRec quantifies item informativeness by reducing uncertainty about user
preferences for items unseen by the user. Theoretically, we model the active support set
construction as a submodular optimization problem. Based on this modeling and sub-
modular theory, we prove that greedily selecting the item with the largest information
gain would achieve a sufficiently good solution for the optimization problem. In the
experiments, we compare the cold-start recommendation performance of our method
with two groups of baseline methods: (i) traditional methods widely used for recom-
mendation, and (ii) meta-learning-based methods designed to solve the cold-start prob-
lem using meta-learning algorithms. These methods are tested on two standard public
recommendation datasets, namely MovieLens-1M and BookCrossing. Experiments
demonstrate that InfoRec outperforms baseline methods on two benchmark datasets in
different cold-start scenarios.

Dealing with millions of items makes it impractical to iterate through all of them
to calculate their information gain and select the most informative item each time a
recommendation is generated. Therefore, in Chapter 4, we formulate the sequential
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recommendation task as a Markov decision process (MDP). Specifically, we model
the recommendation process as a multi-step interaction process. In other words, the
recommendation model takes feedback from the last time step as input and outputs a
new item, as an action, to query the user’s preference. Human feedback is then con-
sidered the observation of the recommender at the next recommendation time step.
Based on the formulated MDP, we develop an imitation learning framework in which
a deep neural network mimics the optimal item selection policy during the training
phase and performs informative item sampling with a single feedforward process. The
optimal item selection policy is derived from InfoRec, which has been theoretically
and empirically proven to be near-optimal for cold-start recommendation. Although
InfoRec requires iterating over all items during each recommendation step, this is only
necessary during the training phase. As a result, it does not impact real-time perfor-
mance during the test phase when interacting with humans. In the experiments, we
adhere to the experimental setting of the previous work, and we empirically prove that
our approach can quickly and effectively learn the preferences of new users and items
without iterating through all items at each recommendation step.

In addition to actively selecting informative items, we also augment the item with
information from the internet. Meta-learning based recommendation methods often
have embedding process and use categorical features, e.g., user/item id, to model the
user/item representation. Therefore, the performance of these methods is limited to
the information contained in the user and item features. Unfortunately, the information
pertaining to categorical features is insufficient, as the model would lack awareness of
the distinctive characteristics associated with each category. In Chapter 5, we propose
LLM-MetaRec to enhance cold-start recommendation quality using two types of prior
knowledge: recommendation specific prior knowledge learned from meta-learning,
and general prior knowledge from the LLMs. Our approach involves encoding both
item and user information using the LLMs, allowing the downstream recommender
neural network to leverage LLMs embeddings and effectively incorporate general prior
knowledge. Furthermore, we train the recommendation neural network with meta-
learning to enable the recommender to acquire recommendation-specific prior knowl-
edge from previous tasks. In experiments, we present evidence of LLM-MetaRec’s
superiority over baseline techniques under different cold-start scenarios.
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Chapter 1

Introduction

1.1 Background and Motivation

The digital economy, propelled by cutting-edge technologies such as the Internet,

big data, cloud computing, and artificial intelligence, is undergoing rapid develop-

ment [29, 37, 59]. It is increasingly intertwining with various stages of economic

and social progress and is pivotal in restructuring global resource components, re-

shaping the worldwide economic framework, and altering the global competitive land-

scape [28,35,41]. In the digital economy, where vast amounts of data are generated and

processed, Recommendation Systems (RSs) have become indispensable for various

fields such as e-commerce, streaming services, social media, etc [12,23,27,31,47,52].

They not only facilitate personalized content delivery but also drive customer engage-

ment and satisfaction. By recommending relevant products, services, or content, busi-

nesses can increase user retention, drive sales, and create a more personalized and

efficient digital experience [61]. Moreover, recommendation systems assist businesses

in making data-driven decisions, improving operational efficiency, and staying com-

petitive in the rapidly evolving digital landscape [3].
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The evolution of data-driven machine learning algorithms [5, 6, 11, 22, 60, 69, 75,

77], has driven substantial advancements in both academic and industrial research.

These advancements have significantly enhanced the performance of recommendation

systems, improving aspects such as accuracy, diversity, and interpretability [15, 40,

78]. Particularly, due to expressive representation learning abilities to discover hidden

dependencies from sufficient data, deep learning based methods have been introduced

in contemporary recommendation models [15, 78]. By leveraging numerous training

instances with diverse data structures, e.g., graphs [40], recommendation models with

deep neural architectures are typically designed to effectively capture nonlinear and

nontrivial user/item relationships. Deep learning-based models are typically trained

from scratch using a labeled dataset [32]. In the recommendation scenario, the labeled

dataset consists of item-rating pairs, where the rating is provided by users. This labeled

dataset is usually referred to as “interactions,” since the recommender queries the rating

of an item, and the user responds with a rating for the item. The challenge lies in

the fact that the performance of deep learning-based recommendation systems heavily

depends on the availability of a substantial number of interactions. However, for new

users/items, the number of interactions is limited, which is commonly referred to as

the cold-start problem [46]. Consequently, the recommender is required to quickly

capture (i) the preferences of the new user for items on the online platform; and (ii)

the preferences of previous users for the new item. In a word, data insufficiency issue

bottleneck deep learning based recommendation models.

Meta-learning algorithms are proposed for few-shot learning tasks, wherein a deep

neural network is trained to solve multiple tasks, each of which contains only a few la-

beled data points [24]. Here, these tasks are sampled from the same domain, e.g., a task

is recommending movies to a user. The key idea of meta-learning is to acquire prior

knowledge, referred to as meta-knowledge, from previous tasks, and then fine-tune this
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prior knowledge with a small set of labeled examples, referred to as the support set,

from a new task. Since the learned prior knowledge accurately describes the domain

features, the algorithms require a few labeled data points for fine-tuning on a new task

from the same domain as the previous tasks. Several works introduce meta-learning,

especially the well-known Model-Agnostic Meta-Learning (MAML) [13], into recom-

mendation systems to alleviate the cold-start problem [9, 33]. These works learn prior

knowledge from previous recommendation tasks and utilize the prior knowledge to

facilitate the learning of a new user preference by observing a few interactions, i.e.,

users’ support set. An efficient support set can quickly identify the preference of a new

user and thus should be carefully selected.

The construction of an effective support set is less explored in meta-learning-based

recommendation. Previous meta-learning methods either adopt all the interaction his-

tory or randomly sample items for the support set. The support set may contain unin-

formative items, leading to two problems: (i) Recommendation systems may suggest

highly irrelevant items to new users, resulting in a poor user experience during the

support set construction phase; and (ii) a low-quality support set may fail to capture

the personality of new users, jeopardizing long-term recommendation quality. There-

fore, a strategy for constructing an effective support set is essential. Specifically, the

meta-learning-based recommender should be fine-tuned with a small support set, en-

suring that the user is not overwhelmed, while still being informative enough for the

recommender to quickly capture the user’s preferences.
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1.2 Contributions of This Thesis

1.2.1 Information Gain based Dynamic Support Set Construction

In practice, not all items are equally informative. If the recommendation model is very

confident about the value of currently unobserved items, then acquiring them would be

redundant. On the other hand, there is no point to acquire uninformative items that do

not help the model prediction. We propose Information gain driven cold-start Recom-

mendation (InfoRec), which actively acquires informative items for estimating the user

preference. Specifically, our InfoRec quantifies item informativeness with the reduc-

tion of uncertainty about the user preference for other items. Experiments demonstrate

that (i) InfoRec outperforms baseline methods when dealing with new users/items; (ii)

InfoRec consistently improves its performance along with the increasing of the support

set size; (iii) InfoRec improves the long-term performance in a time-sensitive cold-start

recommendation task.

1.2.2 Support Set Construction by Imitation Learning

In a recommendation system, there could be millions of items. It is not practical to

iterate through all items to calculate their information gain and select the most infor-

mative item each time a recommendation is generated. Therefore, we formulate the

sequential recommendation task as a Markov decision process (MDP). Based on the

formulated MDP, we develop an imitation learning framework in which a deep neu-

ral network mimics the optimal item selection policy during the training phase and

performs informative item sampling with a single feedforward process. Experiments

demonstrate that our method achieves comparable performance without evaluating the

information gain of each item during the test phase.
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1.2.3 Integrating Prior Knowledge from Large Language Models

In addition to actively selecting informative items, we also enhance the item with in-

formation from the internet. Specifically, the large language model is pre-trained with

internet data, containing a wealth of information about the human world. By embed-

ding the item and user descriptions using both the large language model and the deep

neural network trained for the recommendation task, the downstream recommender,

which takes the concatenated embeddings as input, can learn to develop efficient rec-

ommendation strategies based on general knowledge from the language model and

specific knowledge from the recommendation task. Experiments demonstrate that,

without additional training, general prior knowledge from pre-trained LLMs improves

the performance of off-the-shelf recommender in cold-start recommendation tasks.

1.3 Thesis Organization

The rest of this thesis is organized as follows. In Chapter 2, we start with a discussion

of the research works related to ours and introduce the preliminary. Chapter 3 discusses

our work for information gain based dynamic support set construction. Chapter 4

describes our algorithm for support set construction by imitation learning. In Chapter

5, we develop an approach which combines meta-learning and LLMs together in order

to improve the prediction accuracy. Chapter 6 gives the conclusion and the future

directions. Fig.1.1 illustrates the organization of the thesis.
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Chapter 1: Introduction

• Background and Motivation
• Contributions of This Thesis
• Thesis Organization

Chapter 2: Literature Review and Preliminaries

• A Brief Review of Meta-Learning
• Model-Agnostic Meta-Learning (MAML)
• MAML for Cold-Start Recommendation

Chapter 3: Contribution 1

• Idea: Quantifying Item Informa-
tiveness and Actively Querying In-
formative Items for Estimating User
Preferences
• Analysis of Experimental Results

Chapter 4: Contribution 2

• Idea: Formulating the Recommen-
dation Task as an MDP and Devel-
oping an Imitation Learning Frame-
work, Where a DNNMimics the Op-
timal Item Selection Policy.
• Analysis of Experimental Results

Chapter 5: Contribution 3

• Idea: Tackling the
Cold-Start Problem with
Dual Prior Knowledge: 1)
Recommendation-Specific
Knowledge, 2) General
Knowledge.
• Analysis of Experimen-
tal Results

Chapter 6: Conclusions and Future Work

• Summary and Conclusions
• Suggestions for Further Research

Figure 1.1: The diagram of the thesis organization.
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Chapter 2

Literature Review and Preliminaries

This chapter introduces related work of research topics in this thesis. It starts with the

introduction of Meta-learning and Model-Agnostic Meta-learning model. After that, it

reviews the development of Meta-learning in recommendation system and the efforts

to alleviate the cold-start problem. For the related work, this chapter discusses the

shortcomings of current methods.

2.1 A Brief Review of Meta-Learning

Traditional Machine Learning (ML) and Deep Learning (DL) models train a specific

task from scratch through: (a) the training phase in which a model is initiated randomly

and then updated, and (b) the test phase in which the model is evaluated. While ML

and DL have achieved remarkable success in a wide range of applications, they are

notorious for requiring a huge number of samples to generalize [1]. In many real-

world scenarios, gathering amounts of data is costly, time-consuming, and may even

be impractical due to physical system constraints [13].

Humans possess the extraordinary capability of learning a new concept even after
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minimal observation. For instance, consider the task described in Fig. 2.1, where the

objective is to identify the artist to whom a given test painting on the right belongs.

In this scenario, the training data consists of paintings from two different artists, each

with only two samples. Despite this limited training data, we can still make accurate

predictions regarding the attribution of the paintings in the test dataset. Humans have

an extraordinary ability to acquire new concepts with minimal training data and adapt

rapidly to new tasks. To do so, they build upon their prior experience, reusing concepts

and abstractions they have built up over time to adapt from only small amounts of new

data efficiently. In other words, humans often rely on their prior knowledge rather than

starting from scratch when solving new tasks.

Figure 2.1: An example of accurate predictions with minimal training data.

Motivated by humans’ intelligence, meta-learning was introduced with the goal of

formulating prior knowledge as a common initialization across tasks, which is then

used to quickly adapt to new tasks from small amounts of task-specific data [54].

Driven by the goal to scale AI to a real-world setting and approaches to the human
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intelligence paradigm, meta-learning has recently regained significant interest in few-

shot problems using deep learning. Currently, a number of meta-learning methods

have been proposed. These can generally be grouped into distinct subtypes, includ-

ing Metric-based meta-learning, Model-based meta-learning, and Optimization-based

meta-learning. Optimization-based methods, which rely on stochastic gradient de-

scent, have recently attracted significant attention. Therefore, in this work, we focus

on optimization-based methods, and in particular the Model-Agnostic Meta-Learning

(MAML) [13].

x

l2 loss of task 2

Modal Parametersmall l1 (θ1)

small l2 (θ2)

l1 loss of task 1

θ1

ϕ θ2

Figure 2.2: An illustration of rapid convergence to local optimum using meta parameter

ϕ.

Intuitively, the MAML algorithm posits a meta parameter ϕ, enabling the model

to quickly approach a local optimum when faced with new tasks. Fig. 2.2 illustrates

the existence of a meta parameter ϕ that enables each task model to approach a local

optimum rapidly. The horizontal axis represents the model parameter, simplified to

a single parameter, while the vertical axis denotes the loss. The meta parameter ϕ,

positioned in the center, is used to initialize the model parameter for tasks 1 and 2.

After training, the models for both tasks quickly converge toward a local optimum. In
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other words, the model parameters for tasks 1 and 2 rapidly reach θ1 and θ2, where

they achieve lower loss values. In the next section, we will introduce in detail how to

obtain the meta parameter.

2.2 Meta-Learning Task Construction for Recommen-

dation

MAML aims to learn prior knowledge, i.e., meta parameter by incorporating additional

meta training data Dmeta-train = {D1, . . . ,Dn} from previous n recommendation tasks

in recommendation systems. Note that the previous recommendation task refers to

the historical recommendation for non-cold users with non-cold items and interaction

history is a sequence of ratings for the recommended items. The prior knowledge

facilitates the learning of a new user preference by observing a small number of user-

item interactions, i.e., the meta testing data [13]. MAML includes two stages, namely,

meta-training and meta-testing.

Meta-testing: Firstly, in the meta-testing phase, assuming we already have good

initial meta parameter ϕ. Then, when a new task arises, assigning the parameter ϕ

of the meta-network to the network specific to task T j to obtain θ j. Next, using the

training dataset of the new task T j, denoted as S j, to fine-tune or adapt θ j to θ⋆j . Finally,

we test the fine-tuned θ⋆j on the test dataset of the new task T j. Note that, to differentiate

between these two forms of training and testing sets, the latter training and testing sets

are termed “Support set” and “Query set,” respectively. More formally, meta-testing

10



for new task T j can be formalized as

θ j ← ϕ ,

Loss: l j

(
θ j−α∇θ j l j

(
θ j, S j

)
,Q j

)
= l j

(
θ
⋆
j , Q j

)
.

(2.1)

Parameter of Task Model j

Meta Parameter

Loss Function Support Set

Update Parameters

Query Set

After updating the support set for task T j, the task-specific parameter θ∗j will be

employed to generate personalized recommendations for task T j. The meta-testing

phase resembles deep learning, involving the training on a dataset followed by testing

on separate testing data. The key distinction lies in the initial parameter: meta-testing

employs meta parameter, whereas deep learning relies on random initialization. Now,

let’s explore how to obtain the meta parameter in the following section.

Meta-training: The training procedure of MAML follows a simple machine learn-

ing principle: test and train conditions must match [65]. Therefore, each additional

meta training data Di is split into training set Si and testing set Qi, i.e., Di = ⟨Si,Qi⟩.
Let x ∈ X and y ∈ Y denote inputs and outputs, where X and Y are the sets of inputs

and outputs, respectively. The datasets take the form Si =

{(
xiS

k ,y
iS
k

)}K

k=1
, and simi-

larly for Qi. Meta-training can be formalized as bi-level optimization. More formally,

Let us denote the recommendation model as fϕ with initial meta parameter ϕ. During

meta-training, MAML first samples several tasks Ti ∼ p(T), where p(T) is the distri-

bution over tasks. Then, the recommendation model will update its parameter through

inner-loop (or local) update with support set Si and outer-loop (or global) update with

the query set Qi.

Inner-loop update process: First, we have a randomly initialized meta parameter
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Figure 2.3: An illustration that showcases the training and testing process of MAML.
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ϕ. Assigning the parameter ϕ of the meta-network to the network specific to task Ti

to obtain θi. MAML locally updates parameter θi to θ∗i by gradient ∇θlTi ( fθ,Si) for

each tasks Ti, which means each task Ti has an optimal parameters θ∗i . The parameter

update with gradient descent on the support task Si can be expressed as follows:

θi ← ϕ ,

θ
∗
i ← θi− α ∇θ l i

(
f θi, Si

)
,

(2.2)

Parameter of Task Model i Randomly Initialized Meta Parameter

Updated Parameter

Learning Rate Loss Function

Task Model

Support Set of Task i

where α is a local update learning rate, θi is the model parameter towards task Ti

and lTi

(
fθi,Si

)
denotes the loss on the support set Si for task Ti.

Outer-loop update process: After inner-loop update, MAML globally updates

meta parameter ϕ based on the sum of gradients ∇ϕ ∑Ti∼p(T) lTi

(
fθi,Qi

)
as Fig. 2.2 (a).

The update equation for the meta parameter ϕ can be expressed as follows:

L(ϕ) = ∑
Ti∼p(T)

lTi

(
fθ∗i , Qi

)
= l1

(
fθ∗1,Q1

)
+ l2

(
fθ∗2,Q2

)
+ · · · ,

ϕ ←ϕ− β ∇ϕL(ϕ),

(2.3)

Loss Function

Updated Parameter

Learning Rate

Query Set of Task i

where β is a global update learning rate, and lTi

(
fθi,Qi

)
denotes the loss on the

query set Qi for task Ti.

A meta-learner model trains in an “Episodic” mode. In each episode, a meta-

learner model takes several Si to learn task specific parameter θi, then applies on the
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corresponding Qi to make predictions and learn meta parameter ϕ. The meta-learner

updates based on the prediction error over episodes as shown in Fig. 2.4. Over a series

of episodes, the meta-learner learns to learn from the small dataset. This phase is called

meta-learning.

φφφ

θ1θ1θ1 θ2θ2θ2

θ∗1θ
∗
1θ
∗
1 θ∗2θ

∗
2θ
∗
2

l
θ∗
1

1l
θ∗
1

1l
θ∗
1

1 l
θ∗
2

2l
θ∗
2

2l
θ∗
2

2

L(φ)L(φ)L(φ)

Step 1: Sample

Step 2: Training in Support Set

Step 3: Training in Query Set

Step 4: Aggregate Loss

Step 5: Update φ = φ− β · ∂L(φ)
∂φ

θi = φ

θ∗i = θi − αi ·
∂li

(
XiS ,Y iS ;θi

)

∂θi

li
(
θ∗i

)
= li

(
XiQ, Y iQ; θ∗i

)

L(φ) = 1
n

∑
li
(
θ∗i

)

Figure 2.4: A simple flowchart illustrating the training process of MAML.

In summary, the meta parameter in MAML serves as a starting point for the op-

timization process when adapting to new tasks. They capture the prior information

learned during the meta-training phase about how the model should adapt its weights

quickly and effectively for new tasks. When confronted with the necessity of adapting

the model to a novel task, the learned meta parameter are employed as the initial con-

figuration of the model’s weights. Subsequently, the model is subjected to a fine-tuning

process on the new task using a small amount of task-specific data. This fine-tuning

process should be much quicker and require fewer iterations than training from random

initialization.
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2.3 Cold-Start Recommendation

Augmenting item/user attribution with auxiliary information is a popular approach for

cold-start recommendation [14, 16, 20, 38, 50, 76]. Another common method involves

learning user/item latent representations that capture user-item relationships [14, 62].

Additionally, some studies have designed model training mechanisms specifically for

the cold-start problem [66, 82]. For example, the dropout strategy has been employed

to simulate the missing data scenario in the cold-start setting [66, 82].

Graphs, as structured data, have been widely utilized to address the cold-start prob-

lem, incorporating various types such as knowledge graphs [67,70–72], heterogeneous

information networks [58,73,80], and social networks [34,39,55]. For instance, social

networks are employed in collaborative filtering methods [55].

Cross-domain methods transfer knowledge from other domains to facilitate learn-

ing in the target domain [4, 25, 36, 79]. For instance, CATN [79] learns review-based

associations across domains. However, a drawback of this method is that there may be

no users with interaction histories in multiple domains.

However, the above methods are mostly designed to utilize side information, which

is not always available. In this work, we propose to enhance cold-start recommendation

performance using only user-item interactions.

2.4 Meta-Learning for Cold-Start Recommendation

Recommendation systems play a pivotal role in contemporary digital environments,

facilitating users’ access to personalized content, products, and services. The chal-

lenge of making relevant recommendations becomes particularly pronounced in the

cold-start scenario, where a recommendation system has limited or no historical data
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about a user or item. Meta-learning, which incorporates additional data to extract task-

related information, aims to train a model that can rapidly adapt to a new task with a

few samples [13]. Several researchers cast the cold-start task as a meta-learning task

and utilized the meta-learning technique to alleviate the cold-start recommendation

problem. For example, Vartak et al. propose two distinct deep neural network ar-

chitectures based on a meta-learning strategy to condition the recommendation model

on the task [63]. s2 Meta applied a feedforward neural network as the recommenda-

tion model and updated it via meta-optimization approaches [10]. MeLU proposes

a user preference estimator, which integrates user and item attribute information for

user preference estimation based on MAML algorithm and learns global parameter

initialization of preference estimator as prior knowledge [33]. Similarly, MAMO also

utilizes user and item attribute information and uses two memory matrices that can

store task-specific memories, which are used to guide the model fast predicting user

preference, and feature-specific memories, which are used to guide the model with per-

sonalized parameter initialization [9]. However, all these meta-learning based methods

did not pay attention to how the support set is constructed when adapting to new tasks,

which could greatly influence user engagement with the recommendation system.
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Chapter 3

Information Gain based Dynamic

Support Set Construction for

Cold-Start Recommendation

3.1 Overview

Inspired by few-shot learning, several works introduce meta-learning, especially the

well-known Model-Agnostic Meta-Learning (MAML) [13], into recommendation sys-

tems to alleviate the cold-start problem. The main idea of MAML is to learn prior

knowledge from previous recommendation tasks and utilize the prior knowledge to

facilitate the learning of a new user preference by observing a small number of interac-

tions, i.e., the user’s support set. During training, the interaction history of a non-cold

user consists of a sequence of ratings for non-cold items, which is then randomly di-

vided into a support set and a query set. During test phase, the interaction history of a

user, either cold or non-cold, is a sequence of ratings for items that are either cold or
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non-cold. The support set can be randomly sampled or collected by another module.

MAML is a prediction model that does not assume any specific characteristics of the

support set. However, an efficient support set can quickly identify the preference of a

new user and thus should be carefully selected.

This Chapter proposes Information gain driven cold-start Recommendation (In-

foRec) to mitigate the cold-start problem by selecting informative items as the support

set for meta-learning. In practice, not all items are equally informative. If the recom-

mendation model is very confident about the value of currently unobserved items, then

acquiring them would be redundant. On the other hand, there is no point to acquire

uninformative items that do not help the model prediction. This leads us to investi-

gate the question: how to acquire informative items? This Chapter is motivated by

the insight that the rating of an informative item can help the recommendation model

quickly identify the user’s preferences for other items and improve the model predic-

tion performance. As a motivating example, suppose that a user who likes the movie

Harry Potter tends to like Pirates of the Caribbean, and vice versa. As long as we

know the user’s preference of Harry Potter, we can get a relatively certain rating pre-

diction for Pirates of the Caribbean, which means that knowing the user preference

of Harry Potter significantly reduces the uncertainty about user preference for Pirates

of the Caribbean. Therefore, we determine and acquire items with high information

gain as a support set so that it can quickly reduce the uncertainty of the user prefer-

ence. Compared to the random selection method, our method can quickly decrease

the mean absolute error between the true value and prediction of each item as shown

in Fig. 3.1. Concretely, InfoRec consists of two key components: (1) modeling and

approximating the information gain of each item, and (2) constructing the support set

by sampling items with high information gain and adapting a user preference estimator

on the support set.
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(a) The diagram depicts the interaction be-

tween a user and a recommendation system. At
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sents a specific moment of interaction between

the user and the recommendation system.

0 5 10 15 20 25 30 35
item id

0

5

10

15

20

25

tim
e 

st
ep

0.0

0.2

0.4

0.6

0.8

1.0

in
fo

rm
at

io
n 

ga
in

(b) The colormap represents the normalized

item information gain at each time step. Items

with high information gain are located in the

yellow area while items with low information

gain are in the purple area.
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(c) The colormap represents the normalized

mean absolute error with random selection

method at each time step.
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(d) The colormap represents the normalized

mean absolute error with our method at each

time step.

Figure 3.1: A running example of our method.
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The contribution of this Chapter is to show the effectiveness of active support set

construction for meta-learning-based recommendation and propose a method InfoRec,

which constructs the support set via dynamically selecting items with high informa-

tion gain for improving recommendation performance. The previous method focused

on selecting items for rating and used the (item, rating) pairs as the inputs of traditional

recommendation techniques, such as matrix factorization [17] and decision-tree-based

recommendation algorithm [56]. We focus on selecting a support set used for fine-

tuning a neural network recommendation method, which is specific to meta-learning.

Our work is motivated by the understanding that the cold-start performance of meta-

learning based method is heavily influenced by the interplay between the meta-learner

and the support set. By focusing on this relationship and optimizing the meta-learner

and support set, we improve the cold-start recommendation performance. In experi-

ments, we demonstrate that InfoRec outperforms baseline methods on two benchmark

datasets in both non-cold-start and cold-start scenarios.

3.2 Related Works

Previous studies have demonstrated the importance of incorporating active learning

techniques to identify informative items [81]. To enhance the accuracy of recommen-

dations, the recommendation system can utilize active learning techniques to identify

informative data and gain a better understanding of user preferences. This approach is

especially beneficial in cold-start scenarios, where there is limited user-item interac-

tion.

Several active learning methods have been proposed for recommendation systems,

including popularity-based approaches, which select frequently rated items [17], and

coverage-based approaches, which aim to increase recommendation diversity by se-
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lecting items that have a large Euclidean distance between their feature vectors [56].

However, these approaches tend to select the same set of items for different users,

which fails to capture the personal preference [81]. Other methods for determining

user preferences involve gathering information through user rating of uncertain items,

with uncertainty typically measured using entropy [49] and variance [44]. However,

selecting an item based only on the uncertainty of this item could result in reducing

uncertainty in a local manner. For example, an item targeting a specific or specialized

group of users will have high uncertainty. Picking this item will reduce the uncertainty

of only a few other items which are related to this item.

In order to reduce uncertainty in a global manner, influence-based strategies se-

lect items that minimize the rating prediction uncertainty for all the items [2, 19, 51].

Specifically, these methods propose to select items that are influential. The influence

of an item is measured by the changes in the predicted ratings of other unrated items,

knowing the rating of this item. In this work, we suppose that the cold-start recom-

mendation performance is determined by the interplay between the support set and the

predictor, e.g., MAML. Based on this motivation, we adapt influence-based method

support selection to meta-learning which is capable of capturing the features of a spe-

cific user with a handful of interactions.

3.3 Preliminaries and Problem Definition

In this section, we first list the notations used in this Chapter. Then we portray the

MAML and its limitations for recommendation systems, as we combine our support set

selection method with a MAML based recommendation method. Finally, this section

introduces some of the basic concepts of information theory.
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Table 3.1: Summary of Notation
Notations Descriptions

⊕ vector concatenation

ui user i

v j item j

U a set of users

V a set of items

v∗ item with the highest information gain

cu user attribute

cv item attribute

eu user embedding

ev item embedding

[eu⊕ ev] the concatenation of the user embedding and the item embedding

rv
u rating of item given by user

r̂v
u rating prediction of item given by user

Iu interaction sequence for user

Ti i-th recommendation task

Si support set of a task Ti

Qi query set of a task Ti

fθ recommendation model/function parameterized with meta-parameters θ

θ meta-knowledge obtained with the recommendation model

Fθr fully connected neural network parameterized with θr

θ′ fine-tuned parameters of the recommendation model

θi task-specific parameters of a personalized model for Ti

α local update learning rate in the optimization-based meta-learning

β global update learning rate in the optimization-based meta-learning

L( fθ,∗) loss function of the recommendation model fθ over a given dataset

H(X) entropy of a discrete random variable X

IG(X ;Y ) the information gain of X obtained from a random variable Y

DKL(p∥q) KL divergence between two probability distributions p(x) and q(x)
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3.3.1 Basic Concepts in Information Theory

In this part, we will give a brief introduction to basic information theoretic concepts

that we will apply in this Chapter.

Entropy The concept of entropy measures the uncertainty of a discrete random

variable [57]. More precisely, entropy H(X) of a discrete random variable X with

probability distribution p(x) is defined as follows:

H(X) =− ∑
xi∈X

p(xi) log p(xi) , (3.1)

where xi denotes a specific value of random variable X . Note that the larger the entropy,

the more unpredictable the variable is.

Conditional entropy The conditional entropy of X given another discrete random

variable Y is:

H(X | Y ) =− ∑
y j∈Y

p
(
y j
)

∑
xi∈X

p
(
xi | y j

)
log

(
p
(
xi | y j

))
, (3.2)

where p(yi) is the prior probability of yi, while p
(
xi | y j

)
is the conditional probability

of xi given y j. It shows the uncertainty of X given Y .

Information gain Information gain or mutual information between X and Y is used

to measure the amount of information shared by X and Y together. More precisely,

information gain I(X ;Y ) with joint probability p
(
xi,y j

)
of xi and y j is defined as

I(X ;Y ) = H(X)−H(X | Y ) = ∑
xi∈X

∑
y j∈Y

p
(
xi,y j

)
log

p
(
xi,y j

)

p(xi) p
(
y j
) , (3.3)

The higher the information gain is, the more entropy is removed and variable X is more

predictable. In recommendation systems, to reduce the uncertainty of user preference,
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we select informative items, i.e., items with high information gain by maximizing in-

formation gain.

Kullback–Leibler divergence The Kullback–Leibler divergence (KL divergence)

of q(X) from p(X), denoted DKL(p(X)∥q(X)), is a measure of the information lost

when q(X) is used to approximate p(X). DKL(p(X)∥q(X)) is defined in Equation 3.4.

DKL(p(X)∥q(X)) = ∑
xi∈X

p(xi) log
p(xi)

q(xi)
(3.4)

Where p(X) and q(X) are two probability distributions of a discrete random variable

X . Note that DKL is also called the ‘KL distance’, but it is not strictly a distance: in

general DKL(p∥q) ̸= DKL(q∥p).

3.3.2 Problem Formulation

This work considers learning the preferences of different users as different tasks. As-

sume that we have a set of users and items, denoted by U=
{

u1,u2,u3, · · · ,u|U|
}

and

V=
{

v1,v2,v3, · · · ,v|V|
}

, respectively. Given user u with attribute cu and his/her inter-

action Iu =

{(
v j,r

v j
u

)
| j = 1,2,3...m

}
, where each item v is associated with attributes

cv and corresponding rating rv
u. During the meta-training phase, the interaction is ran-

domly divided into support set Su and query set Qu. During the meta-testing phase, our

method actively constructs the support set and considers the rest of the items in user

interaction as the query set.

3.4 Our Method: InfoRec

In this section, we describe the details of InfoRec. Section 3.4.1 presents a recommen-

dation model. In Section 3.4.2, we model and approximate the information gain of
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each item. In Section 3.4.3, we construct the support set by sampling items with high

information gain and adapting neural network in the support set to identify the user’s

preference. The overview of InfoRec is illustrated in Fig.3.2.

      Prediction

      

Adaption

r̂vj
ui

=fθ′ (ui, vj) ,

vj ∈ {v0, v1, v3}

θ′ ← θ′ +∇L
(
fθ′ (ui, v2) , r

v2
ui

)

v∗ = v2suppose

Actively Support Set Selection

v∗ =argmax
vj

InformationGain,

vj ∈ query set

support set { }

Initialization

copy
θ′θ

{ }support set v2

item set

v0 v1 v2 v3

query set { }v1 v2v0 v3 { }query set v0 v1 v3

ui

Figure 3.2: Overview of InfoRec.

3.4.1 Architecture of Our Method InfoRec

The recommendation model fθ includes an embedding module that encodes user in-

formation and item information, and a recommendation module which takes an em-

bedding as an input and outputs a rating prediction.

Embedding module The embedding module learns embeddings of users and items.

As attributes of users and items have different categorical values, we provide two dif-

ferent strategies to learn the user and item embeddings. Taking item v for example,

when item attributes have a single categorical value, such as rate, each attribute is rep-

resented with a randomly initialized embedding vector. Then we concatenate them

together to obtain the initial item embedding. Suppose m item attributes c1
v ,c

2
v , ...,c

m
v ,

the item embedding procedure is defined as: e1
v =

[
E1c1

v⊕E1c1
v⊕ . . . ,⊕Emcm

v

]
, where

[· ⊕ ·] is the concatenation operation, and Em represents the embedding matrix. For
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attributes with multiple categories, such as genre, each attribute is first converted to

multi-hot representation and then transformed into a low dimension representation by

a single layer feed-forward network as: e2
v = (Wei +b) , where W denotes weight

matrix, b denotes bias vector, and ei is the multi-hot representation of ci
v. The final

item embedding ev is concatenation of [e1
v ⊕ e2

v ]. Notice that user embeddings eu are

obtained by following a similar embedding process.

Recommendation module Given the user embedding eu, and a list of item em-

bedding ev, the user and item embeddings are concatenated and then mapped by two

hidden layers to a low dimension representation. The last layer of recommendation

module can compute the preference rating r̂v
u for each item by: r̂v

u = Fθr

(
[eu⊕ ev]

)
,

where F denotes the fully connected neural network with the parameters θr.

3.4.2 Item Information Gain

In information theory, the information gain after observing a random variable is the av-

erage level of uncertainty reduction for target random variables. From the information

gain perspective, this work considers the user preference for an item as a random vari-

able and the user preference of other items as target variables. Therefore, recommend-

ing an informative item can be formalized as maximizing the expected uncertainty

reduction, i.e., information gain.

Specifically, we consider random variable fθ(u,v′) as a prediction of user rating

for item v′ and random variable rv
u as an observed rating of item v given by a user u.

The entropy of random variable fθ(u,v′) given the fact that rv
u is known can be written

as H
(

fθ(u,v′) | rv
u
)
. Since we aim to find the item which can help the recommen-

dation model to predict user preferences for all other items, we evaluate the average
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information gain of an item over all unrated items, i.e.,

I( fθ(u,v′);rv
u) = Ep(v′)

[
H
(

fθ(u,v′)
)
−H

(
fθ(u,v′) | rv

u
)]

, (3.5)

where Ep(v′)(·) is the expectation over the distribution of item v′, u ∈ U,v′ ̸= v and

v,v′ ∈ V. Calculating information gain exactly is difficult since the entropy estimation

of high dimensional variables could be difficult [43]. Besides, the neural network

tends to be overconfident in its prediction, i.e., only one class has a high probability,

even for unseen inputs, which leads to the low quality probability distribution [18].

Fortunately, the information gain can be converted to KL divergence. The information

gain of a random variable X obtained from an observation of a random variable Y is

defined as:

I(X ;Y ) = H(X)−H(X | Y )

= H(X)+H(Y )−H(X ,Y )

= ∑
x

p(x) log
1

p(x)
+∑

y
p(y) log

1
p(y)
−∑

x,y
p(x,y) log

1
p(x,y)

= ∑
x,y

p(x,y) log
p(x,y)

p(x)p(y)

= DKL(p(X ,Y )||p(X)p(Y )).

(3.6)

Therefore, the information gain can also be calculated with the KL divergence

between the joint distribution of X and Y and the product of the marginal distribution
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of X and Y . Then Eq. (3.5) can be rewritten as:

I( fθ(u,v′);rv
u) = DKL

[
p(rv

u, fθ(u,v′))∥p(rv
u)p

(
fθ(u,v′)

)]

= Ep(v′) log
p( fθ(u,v′) | rv

u)

p
(

fθ(u,v′)
)

= Ep(v′)
[
log p( fθ(u,v′) | rv

u)− log p( fθ(u,v′))
]

∝ Ep(v′)|| fθ′(u,v
′)− fθ(u,v′)||22

(3.7)

where θ is fine-tuned on the tuple
[
v,rv

u
]

and we derive θ′. Notation ∝ represents the

proportional relationship. As introduced before, the uncertainty estimation of neural

networks tends to be deterministic. Thus, in the last two lines of the Eq. (3.7), we use

the predicted outputs as an alternative way to approximate probability distribution over

outputs. Now, we can use Eq. (3.7) to help us calculate the information gain of items

rather than calculate the entropy directly.

3.4.3 Cold-Start Recommendation via Meta-Learning with Actively

Selected Support Set

In this part, we construct an informative support set based on the information gain de-

fined in Section 3.4.2 for new users and fine-tune the prediction model on the selected

support set.

In standard meta-learning, there are two stages, i.e., meta-training and meta-testing.

Recommendation model fθ is trained in meta-training to quickly adapt to new users

with a few interactions. The meta-training stage is the same as in MAML in which the

support set is randomly sampled. In this part, we assume that we have a fully-trained

model fθ via meta-training and focus on the meta-testing stage.

During meta-testing, to adapt to a specific user, model parameters θ are updated
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by a few gradient steps on the user’s support set, deriving θ′. However, for a new

user u, the initial support set Su is empty. Therefore, we dynamically select support

items based on the item information gain proposed in Section 3.4.2 and adapt fθ in the

support set to identify new user’s preferences. In our method, the model adaption is

along with the support set construction process as following steps.

1) Initialization. Initialize Su = /0 and θ′ = θ.

2) Estimate item information gain. For each item v /∈ Su, we estimate its infor-

mation gain over other items v′ /∈ Su with Eq. (3.7). Note that Eq. (3.7) requires rv
u

which is not available at this stage. Therefore, we replace rv
u with r̂v

u = fθ′(u,v) which

is an estimation of rv
u.

3) Sample support set item. We assign a probability q(v) to each item v according

to their estimation of information gain,

q(v) ∝ I
(
r̂v

u; fθ′(u,v
′)
)
, v′ ∈ V, v′ ̸= v. (3.8)

Intuitively, items with high information gain would be more likely to be recommended

to new users, i.e., v∼ q(v). The user will assign a rating to the item, i.e., we receive rv
u.

4) Fine-tune θ′ on the current support set. After adding labeled pair
(
v,rv

u
)

into

support set Su, we perform adaption on fθ′ by calculating the gradient of following loss

function.

min
θ′

L=− ∑
v∈Su

[
rv

u log
(
r̂v

u
)
+(1− rv

u) log
(
1− r̂v

u
)]

(3.9)

s.t. r̂v
u = fθ′(u,v). (3.10)

We then take one/several gradient step(s) to update θ′. Specifically, in the experiment,

we take 5 gradient steps. If the size of the support set equals N, then the support
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set construction stage is stopped; otherwise, go back to step 2). The adapted fθ′ is

then used for recommendation. The entire training procedure of our proposed method

InfoRec is shown in Algorithm 1.

Algorithm 1: InfoRec (meta-testing phase)
Input : learning rate for inner loop α, recommendation model fθ

parameterized by θ, item set V, support set size N

Output: recommendation model fθ′ fine-tuned on the selected support set

1 Initialize θ′ with θ

2 Support set Su = /0

3 while size of Su < N do

4 for item v ∈ V\Su do

5 predict user preference for item v, r̂v
u = fθ′(v)

6 calculate item information gain, q(v) ∝ I
(
r̂v

u; fθ′(u,v′)
)
, v′ ∈ V, v′ ̸= v

7 end

8 add item v∗, i.e., item having the highest information gain, into Su,

Su = Su∪{v∗}
9 Compute adapted parameters using Su, θ′← θ′−α∇θ′L( fθ′,Su)

10 end

3.4.4 Theoretical Analysis

We intuitively and theoretically analyze the reason that significant performance im-

provement is expected with our method.

Intuitively, querying the user preference for a new item would introduce new infor-

mation to the user, which helps the recommendation method makes better recommen-
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dation subsequentially. However, different items introduce different amounts of new

information which depends on the user and the current interaction history. Our method

estimates the information gain of each item conditioned on current interaction history

and selects the item with the largest estimated information gain. If the information

gain estimation is accurate, the recommendation method would quickly identify the

user preferences for other items with less interaction.

Theoretically, we model the active support set construction as a submodular op-

timization problem and show the reasonability of our method. Specifically, in the

following, we assume that the negative prediction loss function is proportional to the

information contained in the support set and is a monotone and submodular function.

Consequently, the support set construction can be considered as a submodular opti-

mization problem. Then, we give Theorem 1 which shows that, for a submodular

optimization problem, greedily selecting the item with the largest information gain

would achieve a good enough solution.

We first give a definition of monotone and submodular function.

Definition 1 (Submodular function). Let X be a finite set. Function f : 2X → R is a

submodular function if for subset S⊆ T ⊆ X and x ∈ X\T ,

f (S∪{x})− f (S)≥ f (T ∪{x})− f (T ). (3.11)

Definition 2 (Monotone set function). A set function f is monotone if for all A⊆B⊆N

the constraint f (A)≤ f (B) holds.

The submodularity can be understood intuitively as a diminishing return property.

That is, if f measures “benefit”, then the marginal benefit of adding x to S is at least as

high as the marginal benefit of adding it to a larger set T . In other words, since T is a

superset of S and already contains more information, adding x will not help as much.

31



We make the following assumption.

Assumption 1. Given the loss function defined in Eq.(3.9), if the utility function f (S)=

−Lφ (S) ∝ H(S), then f is monotone and submodular.

Intuitively, we assume that adding a new item to a larger support set would in-

troduce less new information than adding a new item to a smaller support set. Note

that we quantify the information contained in the support set as H(S). This assump-

tion is reasonable since, for a new item, there would be a similar item in the support

set when the support set is large. And then, the new item would introduce less new

information. Besides, the larger support set provides more information for the recom-

mendation method and thus the recommendation method can achieve higher negative

prediction loss.

We greedily select the item which introduces the largest information gain to H(S).

In Theorem 1, we show that if the function is monotone and submodular, using a

greedy algorithm to optimize the function gives a lower-bound performance guarantee

of a factor of 1−1/e of the optimum [18], and in practice, these greedy solutions are

often within a factor of 0.98 of the optimal [43]. More formally,

Theorem 1. [57] Let f be a monotone, submodular, non-negative function on X.

The greedy algorithm, which starts with S as the empty set and at every step picks an

element x which maximizes the marginal benefit f (S∪{x})− f (S), provides a set S

that achieves a (1−1/e)-approximation of the optimum.

The above Theorem justifies the reasonability of our method.

3.5 Experiments on Cold-Start Recommendation

In this section, experiments are conducted in order to answer the following questions:

32



• Q1. Does InfoRec improve the cold-start recommendation performance com-

pared to baseline methods?

• Q2. Does InfoRec consistently achieve superior performances with varying sizes

of support sets?

• Q3. Does InfoRec improve long-term recommendation performance in cold-

start scenarios?

3.5.1 Experimental Settings

We verify our method in four different non-cold/cold settings: a) recommendation on

existing items for existing users; b) recommendation on existing items for cold users;

c) recommendation on cold items for existing users; and d) recommendation on cold

items for cold users. As a recommendation system, it is essential to perform well in

both cold scenarios, i.e., setting a, and non-cold scenarios, i.e., setting b, c, and d.

Although the focus of this Chapter is on the cold-start problem, reporting the results

on the non-cold scenario can also be useful. The inputs and meta-parameters used in

the non-cold scenario are precisely the same as those in the cold-start scenario. The

only difference is that the training data contains non-cold users or items.

Dataset description The experiments are carried out on MovieLens-1M1 dataset

and Bookcrossing2 dataset which contain explicit feedback information as well as the

basic user and item attribute information. Table 3.2 gives a summary of the statistics

of these three datasets.

Baseline methods To validate the effectiveness of InfoRec, we choose two kinds

of baselines: (1) Traditional methods, including PPR [47] and Wide & Deep [6], which

1https://grouplens.org/datasets/movielens
2http://www2.informatik.uni-freiburg.de/ cziegler/BX
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Table 3.2: Basic statistics of the MovieLens-1M, Bookcrossing, and Netflix.
MovieLens-1M Bookcrossing Netflix

Users 6,040 278,858 480,189

Items 3952 271,379 17,770

Interactions 1,000,209 1,149,780 100,480,507

Density 4.190% 0.0015% 1.178%

User attributes
Gender, Age, Age,

Occupation, Zip code Location -

Item attributes
Publication year, Publication year, Genres, Directors,

Rate, Genre, Author, Publisher Actors, Descriptions

Rating scale 1∼ 5 1∼ 10 1∼ 5

are classic and widely used for recommendation; (2) Meta-learning based methods, in-

cluding s2 Meta ( [10]), MeLU ( [33]) and MAMO [9], which are designed for solving

the cold-start problem by meta-learning algorithms. We describe the baseline methods

as follows.

• PPR: constructed joint representation of user/item pairs based on their individual

feature and built a predictive feature-based regression model which is optimized

by minimizing pairwise user preference.

• Wide & Deep: built a wide linear model with feature transformations and a deep

neural network with dense embeddings. By jointly training the wide and deep

components simultaneously, it can obtain both memorization and generalization.

• MeLU: proposed a user preference estimator based on MAML, which integrates

both user and item attribute information for user preference estimation, and

learned global parameter initialization of preference estimator as prior knowl-

edge. According to the number of local updates, MeLU has two versions, i.e.,

MeLU-1 and MeLU-5.
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• s2 Meta: applied a feedforward neural network as the recommendation model

and updated it via meta-optimization approach. Specifically, s2 Meta introduced

an update strategy and early-stop controller which can automatically control the

learning process to converge to a good solution.

• MAMO: used two memory matrices that can store task-specific memories, which

are used to guide the model fast predicting user preference, and feature-specific

memories, which are used to guide the model with personalized parameter ini-

tialization.

• InfoRec: quantified the information gain of an item with the reduction of un-

certainty about the user preferences for the rest of items, which are not in the

support set, and dynamically selects the item with the highest information gain

at each timestep.

Evaluation metrics We evaluate the performance of recommendation methods

based on the prediction accuracy and correctness of ranking. Therefore, the perfor-

mance indicators used in this work are the Mean Absolute Error (MAE), and Normal-

ized Discounted Cumulative Gain (nDCG).

• MAE: Given a set of users in the test data U ′, the MAE is the average of the

absolute values of the individual prediction errors on all samples in the test set.

Each prediction error is the difference between the true value rv
u and the predicted

value r̂v
u. MAE is calculated by

MAE =
1
|U ′| ∑

u∈U ′

1
|Qu| ∑

v∈Qu

|rv
u− r̂u

v |,

• nDCG@N: nDCG is a measure of ranking quality. We first introduce cumulative

gain (CG) and discounted cumulative gain (DCG) which are the basics of nDCG.

35



CG is the sum of the top-N actual rating values sorted by predicted rating values.

DCG improves it by taking the ordering of the items into account. Given a list

of top-N recommendations, CG@N and DCG@N are calculated by

CG@N =
N

∑
n=1

Ru,n,DCG@N =
N

∑
n=1

2Ru,n−1
log2(i+1)

,

where Ru,n is the rating given by user for item at rank position n. As DCG

is not normalized so it may vary for different users, researchers propose the

ideal discounted cumulative gain (IDCG) as the normalization constant, which

calculates the top-N sorted actual rating values. This is an ideal list and it has

the largest DCG value. The nDCG@N is computed as

nDCG@N =
1
|U ′| ∑

u∈U ′

DCG@N
IDCG@N

.

MAE evaluates the accuracy of rating prediction, where a lower value indicates

better model performance. nDCG@N considers the preference ordering performance

on observed query sets, where a higher value indicates a better performance. In this

work, we utilize the nDCG with N = 3 as in MAMO ( [9]).

3.5.2 Dataset Preprocessing

We preprocess MovieLens-1M and Bookcrossing datasets as follows:

• MovieLens-1M: MovieLens-1M has a more even distribution with an average

interaction value. And thus, we followed the methodology outlined in refer-

ence [33], where 80% of the users were randomly selected as training users

(existing users) and the remaining as test users (cold users). We then performed

5-fold cross-validation on this dataset. According to the order of release time,
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we consider the top 80 percent of movies as existing items and the remaining 20

percent as cold items.

• Bookcrossing: The original Bookcrossing data has several obviously misleading

values. For instance, the original user age ranges from 0 to 237, which does not

correspond to the actual situation. Therefore, we restrict the user age range to

5 to 90. We followed the methodology outlined in reference [9], where 90%

of the users were randomly selected as training users (existing users) and the

remaining as test users (cold users). We then performed 10-fold cross-validation

on this dataset. For the item, we regard items with more than 5 ratings as warm

items, and the others as cold items.

It is important to note that in order to ensure a fair comparison with the baseline

method [33] and [9], we have followed the same dataset preprocessing methodology

for different datasets. This has been done to maintain consistency and achieve compa-

rable results.

3.5.3 Result and Analysis

To answer Q1, in part Cold-start performance comparison (Q1), we actively con-

struct the support set of the same size as baseline methods. To answer Q2, in part

Impact of support set size (Q2), we progressively add new items to the support set

which is initialized as an empty set and evaluate the change of performance of our

method and baseline methods.

Cold-start performance comparison (Q1)

In this experiment, we compare the overall performance of all methods on Movielens-

1M and Bookcrossing datasets in both non-cold-start and three cold-start scenarios de-

fined above. To enable a fair comparison, we adopt the same support set size as the
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Table 3.3: Comparison of the performance of various recommendation methods.

MovieLens-1M Bookcrossing

Type Method MAE nDCG@3 MAE nDCG@3

PPR 0.1820 0.9831 3.8092 0.8494

Wide & Deep 0.9047 0.9117 1.6206 0.9172

s2 Meta 0.7567 0.8870 1.5147 0.8781

Recommendation on existing MeLU-1 0.7661 0.8904 0.7799 0.9572

items for existing users MeLU-5 0.7567 0.8919 0.7955 0.9552

MAMO 0.8725 0.8866 1.4879 0.8879

InfoRec 0.6869 0.9174 0.3715 0.9930

PPR 1.0748 0.8468 3.8430 0.8434

Wide & Deep 1.0694 0.8639 2.0457 0.8515

s2 Meta 0.8443 0.8401 1.8738 0.8490

Recommendation on existing MeLU-1 0.7884 0.8810 1.8701 0.8527

items for cold users MeLU-5 0.7854 0.8812 1.8767 0.8532

MAMO 0.8967 0.8799 1.6217 0.8565

InfoRec 0.7300 0.9036 1.4499 0.9258

PPR 1.2441 0.7632 3.6821 0.8367

Wide & Deep 1.2655 0.7721 2.2648 0.8437

s2 Meta 0.8860 0.8323 1.9767 0.8463

Recommendation on cold MeLU-1 0.9361 0.7990 2.1047 0.8441

items for existing users MeLU-5 0.9275 0.8005 2.1236 0.8440

MAMO 0.9306 0.8315 1.7379 0.8402

InfoRec 0.8943 0.8094 1.5290 0.9126

PPR 1.2596 0.7634 3.7046 0.8381

Wide & Deep 1.3114 0.7874 2.3088 0.8405

s2 Meta 0.9130 0.8148 2.0921 0.8422

Recommendation on cold MeLU-1 0.9299 0.8011 2.1475 0.8410

items for cold users MeLU-5 0.9235 0.7752 2.1721 0.8422

MAMO 0.8894 0.8709 1.8188 0.8384

InfoRec 0.8922 0.8127 1.5555 0.9150
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official open-source implementation1 of MeLU.

The performance of InfoRec depends on two factors: 1) the informativeness of the

constructed support set; 2) the performance of the predictor, e.g., MeLU, of predicting

user preference with a given support set. Ideally, the two factors benefit each other.

The mean results are presented in Table 3.3.

Specifically, Table 3.3 presents the evaluation of the baseline methods for four

types of recommendations on MovieLens-1M and Bookcrossing datasets. The average

value is shown in each cell. The method with the highest performance is highlighted in

bold and the second-best method is denoted by an underline. Note that the recommen-

dation of non cold-start scenario represents the performance on the training dataset.

The other three cold-start scenarios indicate the test performance. From the results, we

have the following findings:

• In non cold-start scenario, PPR demonstrates superior recommendation perfor-

mance and shows the best MAE and nDCG@3. The recommendation of non

cold-start scenario represents the performance on the training dataset. PPR per-

forms the best on the training dataset, but this can be attributed to overfitting. On

the other hand, when tested on the three cold-start scenarios, both the PPR and

the Wide & Deep methods performed poorly while InfoRec achieves comparable

performance on the training dataset, and consistently surpasses other methods in

three cold-start test settings.

• Among baselines, meta-learning based methods, i.e., s2 Meta, MAMO, InfoRec,

and MeLU, outperform the other methods in cold scenarios, which validates the

advantage of the meta-learning in alleviating the cold-start issue. The reason is

that the cold-start setting matches the training setting of meta-learning. In the

1https://github.com/hoyeoplee/MeLU.git
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training phase, the predictor is required to achieve high prediction accuracy by

fine-tuning the deep neural network with a small support set. Because of the fine-

tuning process, the meta-learning method can utilize the prior knowledge learned

from the training data set and adapt to new users or items with few interactions.

• In the cold-start setting, combining InfoRec consistently improves the perfor-

mance of the original meta-learning method, i.e., MeLU. The reason is that In-

foRec provides a support set containing sufficient information about the user.

And the predictor fine-tuned on the support set gets a personalized model which

captures the user preference for a large number of items outside the support set.

Impact of support set size (Q2)

We evaluate our method against other baseline item selection methods using MAE

and nDCG@3 metrics, considering various support set sizes. For a fair comparison, we

need to combine the different methods with one meta-learning method, e.g., MeLU.

Otherwise, we cannot conclude whether the performance gains are from the meta-

learning method or the item selection methods.

To show that our method makes meaningful item selection, we compare our method

with random item selection. The random selection strategy randomly chooses items as

a support set. As shown in Fig. 3.3 and Fig. 3.4, InfoRec significantly outperforms the

random selection strategy.

To show the superiority of our method, we compare it with existing item selection,

i.e., popularity-based method [17], uncertainty-based method [49], and coverage-based

method [56]. In the popularity-based method, the system ranks items based on their

popularity and recommends the most popular items to the user. The uncertainty-based

method aims to recommend items that have diverse ratings among users, i.e., there are

users who both like and dislike the item. Coverage-based methods are aimed at recom-
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Figure 3.3: MAE and nDCG@3 in MovieLens-1M dataset were achieved after obtain-

ing user preferences for items in the support sets with various sizes.
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Figure 3.4: MAE and nDCG@3 in Bookcrossing dataset were achieved after obtaining

user preferences for items in the support sets with various sizes.
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mending a variety of items to users, rather than just the most popular or relevant ones,

which works by measuring the diversity of the items recommended to users. As shown

in Fig. 3.3 and Fig. 3.4, InfoRec consistently outperforms baseline methods for all

datasets in terms of MAE and nDCG@3. Specifically, the uncertainty-based method

selects items that have large rating entropy. This method fails when selecting items

with fewer ratings and irrelevant to a large number of items. Coverage-based methods

select items that increase the diversity of the support set. The diversity of a support

set can be quantified by calculating the average Euclidean distance between the feature

vectors of the items in the set. However, a support set containing diverse items may

not completely capture user preference. Because an item that is very different from

many items tends to provide less new information for predicting user preferences. In-

foRec achieves superior performance since it selects items that maximize information

gain for predicting user preferences of all other items, which helps meta-learning based

predictors quickly adapt their model for specific users.

3.6 Experiments on Time-Sensitive Cold-Start Recom-

mendation

3.6.1 Experimental Settings

For time-sensitive cold-start recommendations, a dataset is divided into multiple time

periods and each time period contains three months. When evaluating the recommen-

dation performance of a model in a time period, a recurrent module utilizes historical

interactions up to t− 1 period to make predictions for the upcoming period t. And, a

meta-learning module leverages a small number of recent interactions from a current

period t as a support set. Specifically, to evaluate the performance of a meta-learning
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model in a period, the meta-learning model employs five interactions from the first

month of the current period t as the support set, while the remaining interactions from

the subsequent two months serve as the query set.

Dataset description The experiments are carried out on Netflix1. The Netflix

dataset is a large collection of movie rating data collected by the online movie rental

company Netflix. The dataset contains explicit feedback information as well as a basic

user and item attribute information. The detailed information of the Netflix dataset is

shown in Table 3.2.

Baseline methods We compared the proposed method with two models: MeLU [33],

which have been introduced above, and a time-sensitive meta-learning-based method [45].

As the original paper [45] did not provide a meaningful shorthand name and instead

referred to their method as “Ours”, we have chosen to give the method a more de-

scriptive name for clarity and brevity: DynamicMeta. DynamicMeta is designed to

capture the time-evolving factors from all of a user’s historical interactions while also

quickly learning time-specific factors based on a small number of current interactions.

To achieve this, DynamicMeta uses a module that can quickly adapt to each time pe-

riod, even when there are only a few interactions available. This module is learned

using the MAML framework, which helps it adapt to changes over time.

Evaluation metric To compare with the original results reported by the above

baseline methods, we employ the Rooted Mean Square Error (RMSE) as evaluation

metrics. RMSE squares the prediction error before summing it up, it tends to castigate

the large errors more heavily and it could be calculated as

RMSE =

√
1
|U ′| ∑

u∈U ′

1
|Qu| ∑

v∈Qu

(rv
u− r̂u

v)
2.

1www.netflix.com
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3.6.2 Dataset Preprocessing

To compare with the state-of-the-art results, we preprocessed the Netflix dataset as

the open-source official implementation1 of DynamicMeta [45]. Specifically, we keep

user-item interactions from January 2002 to December 2005. The dataset was split into

16 distinct periods by dividing it over a three-month interval. The users are partitioned

into meta-train and meta-test sets using a random allocation with a ratio of approxi-

mately 8:2 (700:144). For baselines that use meta-learning modules, the support set is

randomly sampled from the interactions of the first month, while the query set consists

of interactions from the remaining months during evaluation in a time period. The

support set size is fixed to 5 interactions.

3.6.3 Result and Analysis

To answer Q3, we provide comprehensive results for each prediction period to illus-

trate the progression of predictions over time.

Time-sensitive cold start performance comparison

In this section, we construct a support set for time-sensitive cold-start recommen-

dations. For Netflix, the recommendation method queries the user preferences for five

items, i.e., constructing a support set, in each time period.

We combine our method with the time-sensitive meta-learning based method [45],

DynamicMeta. We found that the official implementations of MeLU and Dynam-

icMeta can achieve better performance with optimized hyperparameter settings. To

ensure a fair comparison between our method and the baseline methods, we report the

results of both the official and our unofficial implementations, labeled as MeLU+ and

1https://github.com/ritmininglab/A-Dynamic-Meta-Learning-Model-for-Time-Sensitive-Cold-
Start-Recommendations.git
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DynamicMeta+. The only difference between our unofficial implementations and the

official ones is the use of improved hyperparameter settings to achieve better perfor-

mance. This approach allows us to compare the effectiveness of the algorithms under

the same conditions.

To evaluate the long-term performance of our method, we visualize the RMSE of

different methods in different time periods. Note that we only report the RMSE results

because of the availability of the published results of this metric. As shown in Fig. 3.5,

our method achieves the best performance in all time periods. The reason for the

superior performance is that InfoRec chooses items that are relevant to as many items

as possible. And, items that are relevant to items in the constructed support set would

be recommended to the user in some time period.
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Figure 3.5: Netflix Periodic RMSE Results.

Impact of support set size In this part, we evaluate the long-term performance of

our method and the other two meta-learning-based methods, i.e., MeLU and Dynam-
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icMeta, with larger support set sizes.

According to Section 3.6.1, the fixed support set size is 5. Ideally, an efficient

recommendation method should improve its performance with a larger support set,

since the model has more user-specific information. To evaluate the performance of the

MeLU, DynamicMeta, and InfoRec methods with larger support set sizes, we compare

their performances with a support set size of 10, denoted as MeLU+
10, DynamicMeta+10,

and InfoRec10. The subscript 10 indicates that these methods are evaluated with a

support set size of 10, whereas the methods with a support set size of 5 are denoted

without the subscript.

As in the previous part, we evaluate the RMSE of all methods across 16 periods,

where each period contains user interactions for a period of three months. We calculate

and report the RMSE of all methods in each period. For a period, we fine-tune the

models using the support set (with size 5 or 10) sampled from the user interactions in

the first month of each period and calculate the RMSE based on the interactions in the

following two months.

Fig. 3.5 shows the comparison between MeLU+, DynamicMeta+ and InfoRec with

their versions that have larger support sets, MeLU+
10, DynamicMeta+10, and InfoRec10.

The results indicate that adding an additional 5 items to the support set has a negligible

impact on the performance of MeLU and DynamicMeta. This could be due to two

reasons: Firstly, the models are trained on a fixed support set size of 5, which leads

to overfitting of the model to this specific support set size. Secondly, the additional

items may not provide any informative features to the model. On the other hand, for

InfoRec, the inclusion of new items in the support set leads to further improvement

in performance across all time periods. This suggests that InfoRec can benefit from a

larger support set for long-term recommendation purposes.
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3.7 Summary

In this Chapter, we proposed Information gain driven cold-start Recommendation (In-

foRec). Rather than selecting random items as a support set, this Chapter selected

informative items that can quickly reduce the uncertainty about the user’s preferences.

Experiments demonstrated that InfoRec outperforms baseline methods in three types

of cold-start settings and a long-term time-sensitive cold-start recommendation setting.

We also empirically prove that InfoRec can consistently improve recommendation per-

formance when selecting new items to the support set. However, InfoRec needs to

evaluate the information gain from each item in the item set, which is inefficient in a

real-time system. A promising direction is to generate a small set of items that have

a high probability of including the most informative item, and thus the model selects

high-value items with less evaluation.
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Chapter 4

Support Set Construction of

Meta-Learning for Cold-Start

Recommendation by Imitation

Learning

4.1 Overview

In the age of the information explosion, recommendation systems have demonstrated

their utility in addressing the issue of information overload within the e-commerce do-

main and have become an integral aspect of our daily experiences [26,65]. Specifically,

recommendation systems have the potential to yield mutually beneficial outcomes for

both consumers and businesses. From the consumer perspective, these systems facili-

tate time-efficient, personalized product and service recommendations that are tailored

to align with individual preferences and interests. This can enhance consumer satis-
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faction and foster brand loyalty, ultimately resulting in increased sales for businesses.

Additionally, from the business perspective, recommendation systems can improve

sales performance by matching consumers with products or services that they are more

likely to purchase, allowing for the identification of consumer trends and preferences

that can inform future marketing and product development efforts. Furthermore, these

systems can assist businesses in optimizing their pricing strategies by identifying con-

sumer willingness to pay for various products or services.

Recommendation systems can be broadly classified into three main categories: col-

laborative filter-based, content-based, and hybrid systems. Collaborative filter-based

systems employ predictions of user-item ratings based on the ratings of other users

with similar preferences, and recommendations are generated based on these predicted

ratings. However, such systems rely heavily on a significant amount of user-item inter-

actions and may struggle with new users or items [53]. Content-based systems make

recommendations by incorporating additional information such as item descriptions

and user profiles into the recommendation process [68]. However, these systems may

have the limitation of suggesting the same items to users with similar interests, regard-

less of their previous ratings. Hybrid systems, which combine both collaborative and

content information to improve recommendation quality, are widely used in various

applications [6]. However, these systems may not be suitable for recommendations

when user-item interaction data are sparse. As such, a critical challenge in the field of

recommendation systems is how to efficiently capture users’ preferences with a lim-

ited amount of user-item interactions, which is commonly referred to as the cold-start

problem [74].

In order to quickly and accurately identify the preferences of new users with min-

imal interactions, several recent approaches have introduced the concept of meta-

learning [9,10,13,33], into recommendation systems to address the cold-start problem.
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The fundamental idea behind this approach is to leverage prior knowledge acquired

from previous recommendation tasks to improve the efficiency of learning a new user’s

preferences by observing only a few interactions, referred to as the support set. Care-

ful selection of the support set is crucial for providing personalized recommendations.

However, previous methods commonly rely on random selection strategies for choos-

ing the support set, which can result in two main issues. Firstly, recommendation

systems may suggest irrelevant items to new users, leading to a poor user experience

during the support set construction phase [84]. Secondly, a poorly-constructed sup-

port set may fail to accurately capture the unique characteristics of new users, thus

jeopardizing recommendation quality [42].

This Chapter proposes a meta-learning-based support set selection method for cold-

start recommendations, by treating the selection process as a sequence of interac-

tions between users and the recommendation agent and modeling this process using

a Markov Decision Process (MDP) framework. By formulating the problem in this

way, we leverage Imitation Learning (IL) [21] to learn optimal support set selection

strategies. The IL approach involves constructing an expert policy using a training

dataset, and then having the recommendation agent imitate the expert’s actions. This

allows the recommendation agent to actively select an informative support set that en-

ables the recommendation system to quickly and effectively learn the preferences of

new users. This Chapter makes several key contributions to the field of recommenda-

tion systems. Firstly, we propose the use of Imitation Learning to address the cold-start

problem in recommendation systems within the meta-learning framework. Secondly,

through extensive experimentation, we demonstrate the effectiveness of our proposed

approach in solving the cold-start problem in recommendation systems.
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4.2 Preliminary

Imitation Learning (IL) is a methodology for acquiring a behavior policy through the

observation and imitation of expert demonstrations, which are typically presented in

the form of state-action trajectories. This framework is commonly defined in the con-

text of a Markov Decision Process (MDP) without an explicitly-defined reward func-

tion. The objective of IL is for an agent to learn an optimal policy, denoted as π : S→A,

by observing and mimicking expert demonstrations, represented as {τ1,τ2, . . .}, where

each τ is a sequence of state-action pairs,
{
(s0,a0),(s1,a1), . . . ,(sN ,aN)

}
.

A specific approach to IL is Behavioral Cloning (BC) [21], in which the agent

policy, denoted as π, is estimated directly from expert demonstrations, denoted as πE.

More formally, given demonstrations generated by an expert policy πE, supervised

learning is employed to optimize the agent policy πθ in order to recover the expert

policy πE by minimizing the difference between the agent’s generated actions and the

expert’s actions.

π
∗ = argmin

πθ∈Π

Es∼dπE

[
L
(
πθ(s),πE(s)

)]
, (4.1)

where Π denotes the set of all possible policies, dπE is the state distribution encountered

by the expert, and loss function L measures the distance between two action vectors in

the action space.

4.3 Our Method

We employ the technique of imitation learning to learn the optimal support set selection

strategy for recommendation systems. The objective of imitation learning methods is

to learn an imitation policy that reproduces the behavior of an expert policy, which is

able to select an optimal support set. To accomplish this, we construct expert demon-
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strations in Section 4.3.1 and learn the imitation policy in Section 4.3.2.

4.3.1 Expert Datasets Construction of Imitation Learning

In this section, we construct the expert demonstration of a set of pairs of user-item

embedding and its corresponding ground truth score, which precisely evaluates the

optimality of action.

Definition 3 (Score). A score quantifies the usefulness of the item for helping the rec-

ommendation model identify user preference for all items. We have ri =−1/M ∑Lφ (S),

where L is the loss function, φi is the encoder fine-tuned on item i, Q is the query set

without item i which have M items. Specifically, the loss function is defined as

Lφ(S) =−1/M ∑
(v,y)∈Q

|h(φ(x))− y|22, (4.2)

where Q=H \S, h is the predictor network, and φ is fine-tuned on support set S.

Intuitively speaking, the score of an item refers to negative mean query loss, which

is obtained by supposing the item is a temporary support set while the rest item of the

interaction is a query set, updating the encoder φ on the temporary support set, and

calculating the loss on the query set.

For example, suppose a user with his/her interaction
{
(1,2),(2,1),(3,5)

}
, where

the first element is the item and the second is the corresponding rating. In order to

get the score of item 1, suppose item 1 is the current temporary support set while item

2 and 3 is the query set. Then update the encoder φ on the temporary support set as

follows

φ1← φ−α∇φLφ(S), (4.3)
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where L is the loss function to calculate the difference between the rating and the

prediction rating, S is the temporary support set, i.e. S =
{
(1,2)

}
. The score r1 of

item 1 is calculated by the following equation

r1 =−Lφ1(S), (4.4)

where Q is the query set, i.e. Q=
{
(2,1),(3,5)

}
and M is the length of query set. This

is the same for obtaining the score of items 2 and 3.

Figure 4.1: Expert datasets construction

We construct the expert dataset Ddemo with the following steps.

• Step 1: Initialization. For user u, his/her support set S = /0 and query set Q =

H \S, where \ denotes set difference, at the beginning.

• Step 2: Calculate ground truth score for an item. For each item vi ∈ Q, we

first calculate the user-item embedding with the pair (vi,u). We fine-tune the
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encoder φ on the current support set and derive φ′. The fine-tuned encoder φ′

takes the pair (vi,u) as input and outputs its embedding ei.

Then, we calculate the score ri for (vi,u). We suppose item vi is the temporary

support set Stem =
{
(vi,yi)

}
, fine-tune φ′ on Stem and derive φtem. With φtem, we

calculate the query loss of the rest of the items in Q. We consider the score ri

as the negative mean of the query loss. Intuitively, if item vi is informative for

recognizing the user preference of other items, then the score ri would be high,

otherwise, it will be low.

Finally, we add pair (ei,ri) to expert dataset Ddemo .

• Step 3: Update support set. After calculating all items’ scores, we select

the item v∗ ∈ Q with the highest score value and add it to support set S =

S∪
{
(v∗,y∗)

}
while deleting the item from the query set Q = Q \

{
(v∗,y∗)

}
.

Go back to Step 2 until the size of the support set equals a given hyperparameter

N.

4.3.2 Imitation Learning Process

With the expert demonstrations, an imitation policy is trained that can map the user-

item embedding to a score, effectively reproducing the expert’s policy. This learning

problem can be formulated as a supervised learning problem. This approach requires

an imitation policy, represented by πθ, and an objective function, L, that quantifies the

similarity between the demonstrated behaviors and the imitation policy.

Imitation policy πθ is a Multilayer Perceptron (MLP), which takes user-item em-

bedding e as input and outputs prediction score value r̂. To calculate the error of the

model during the optimization process, we chose L2 loss functions which is the squared
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Figure 4.2: Imitation policy learning with the expert demonstrations.

difference between ground truth score r recorded in expert demonstration and predic-

tion score r̂, i.e., L = ∥r− r̂∥2
2. We find optimal imitation policy πθ∗ by minimizing

loss L.

4.3.3 Inference Process

With the learned imitation policy πθ∗ , we select the support set for a new user.

• Step 1: The user’s initial support set S= /0.

• Step 2: We fine-tune encoder φ with support set S and derive φ′. We embed user

information and each candidate item with φ′ and get user-item embedding e.

• Step 3: The imitation policy πθ∗ takes e as input and predicts the score of each

item. We query the rating y of the item v∗ with the highest score value and add

it to the support set S = S∪
{
(v∗,y∗)

}
and delete the item from the query set

Q=Q\
{
(v∗,y∗)

}
. Go back to step 2 until the support set size reaches the given

number N.
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Figure 4.3: Inference process

4.4 Experiments

4.4.1 Experimental Settings

Dataset description. This study conducts experiments MovieLens-1M [83], which

is commonly used in the recommendation systems literature. MovieLens-1M contains

explicit feedback information as well as user and item attribute information, which

provides valuable information for building and evaluating recommendation systems.

A summary of this dataset can be found in Table 4.1.

Table 4.1: Summary of the MovieLens-1M dataset.

Dataset MovieLens-1M

Number of users 6,040

Number of items 3,952

Number of ratings 1,000,209

Density 4.19%

User attributes Gender, Age, Occupation, etc.

Item attributes Director, Rate, Genre, etc.

Rating Scale 1∼ 5,5 discrete values
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Cold-start scenarios. In order to demonstrate the applicability of our approach in

different cold-start scenarios, this study evaluates the recommendation performance in

four distinct settings: (a) recommendations for existing users on existing items, (b)

recommendations for new users on existing items, c) recommendations for existing

users on new items, and d) recommendations for new users on new items. In order to

conduct the experiments in these scenarios, this Chapter preprocesses the datasets as

follows: this study randomly selects 80 percent of the users as existing users, while

the remaining 20 percent as cold users. Additionally, in order to reflect the movie

release time, this study considers the top 80 percent of movies as existing items and

the remaining 20 percent as cold items, by ordering them by the movie release time.

Baseline methods. In order to establish the validity of our proposed approach, this

Chapter employs two types of baselines for comparison: (a) Traditional methods, in-

cluding PPR [47] and Wide & Deep [6], which are well-established and widely utilized

in the field of recommendation systems; (b) Meta-learning based methods, comprising

of s2 Meta [10], MeLU [33], and MAMO [9], which address the cold-start problem

through the utilization of meta-learning algorithms.

Evaluation metrics. In this study, the performance of the recommendation approaches

is evaluated based on prediction accuracy and ranking correctness. To this end, two

performance indicators, Mean Absolute Error (MAE) and Normalized Discounted Cu-

mulative Gain (nDCG), are used. MAE evaluates the accuracy of rating prediction,

with lower values indicating better model performance, while nDCG takes into account

the preference ordering performance on observed query sets, where higher values in-

dicate better performance. In particular, we use nDCG@3, as proposed in MAMO [9].
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4.4.2 Results and Analysis

Table 4.2: Performance comparison of different recommendation methods.

MovieLens-1M

Type Method MAE nDCG@3

PPR 0.1820 0.9831

Wide & Deep 0.9047 0.9117

Recommendation on existing items s2 Meta 0.7567 0.8870

for existing users MeLU-1 0.7661 0.8904

MeLU-5 0.7567 0.8919

our method 0.6982 0.9060

PPR 1.0748 0.8468

Wide & Deep 1.0694 0.8639

Recommendation on existing items s2 Meta 0.8443 0.8401

for cold users MeLU-1 0.7884 0.8810

MeLU-5 0.7854 0.8812

our method 0.7583 0.8892

PPR 1.2441 0.7632

Wide & Deep 1.2655 0.7721

Recommendation on cold items s2 Meta 0.8860 0.8323

for existing users MeLU-1 0.9361 0.7990

MeLU-5 0.9275 0.8005

our method 0.9093 0.7944

PPR 1.2596 0.7634

Wide & Deep 1.3114 0.7874

Recommendation on cold items s2 Meta 0.9130 0.8148

for cold users MeLU-1 0.9299 0.8011

MeLU-5 0.9235 0.7752

our method 0.9042 0.7942
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In order to establish the validity of our proposed method, an analysis of the overall

performance of various approaches was conducted, i.e., recommending existing items

to cold users, recommending cold items to existing users, and recommending cold

items to cold users. Specifically, our experiments are performed on a Linux (Ubuntu

18.04) PC with CPU (Intel(R) i9-9900X, 10 cores, 20 threads, 3.5GHz) and GPU

(Nvidia RTX 3090 24G). We employ Python 3.8 (PyTorch framework) as our pro-

gramming language. The results of the comparison are depicted in Table 4.2, with

the highest performance represented in bold font. From the results, we have the fol-

lowing findings: (1) In the scenario of existing items & users, traditional method,

PPR displayed superior performance compared to meta-learning based methods on the

MovieLens-1M dataset. However, this method exhibited suboptimal performance in

the three cold-start scenarios evaluated; (2) In an examination of the baseline methods,

it was determined that the meta-learning based methods, specifically s2 Meta, MAMO,

our method, and MeLU, demonstrated superior performance in cold-start scenarios.

This observation supports the effectiveness of meta-learning in addressing the issue of

the cold-start problem; (3) Evaluation of our proposed method in comparison to MeLU

revealed that it consistently exhibited superior performance. This validates the signifi-

cance of the dynamic support set construction strategy incorporated in our method.

4.5 Summary

In this Chapter, we present an alternative approach for support set selection in rec-

ommendation systems by treating the selection process as a sequence of interactions

between users and the recommendation agent and modeling it using a Markov Decision

Process framework. We leverage Imitation Learning to learn optimal support set selec-

tion strategies by constructing an expert policy using a training dataset and having the
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recommendation agent imitate the expert’s actions. This allows the recommendation

agent to actively select an informative support set, which enables the recommendation

system to quickly and effectively learn the preferences of new users.
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Chapter 5

Integrating Prior Knowledge from

Meta-Learning and Large Language

Models for Cold-Start

Recommendation

5.1 Overview

To tackle the cold-start issue in recommendation systems, researchers have drawn in-

spiration from few-shot learning and integrated meta-learning, notably Model-Agnostic

Meta-Learning (MAML) [13]. MAML’s core concept involves acquiring knowledge

from past recommendation tasks and leveraging it to expedite the learning of a new

user’s preferences through minimal interactions. Meta-learning based methods have

shown promise in improving cold-start recommendation quality by utilizing prior knowl-

edge from previous tasks. As an illustration, Lee et al. propose a MAML-based rec-
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ommendation system which learns a neural network via MAML for quickly adapt its

parameter for a new user or a new item with few interaction histories. Moreover,

they acquired a universal parameter initialization for the preference estimator as prior

knowledge [33]. Dong et al. design two types of memories: i.e., task-specific mem-

ory and feature-specific memory which further facilitate the cold-start recommenda-

tion [9]. These methods often have embedding process and use categorical features,

e.g., user/item id, to model the user/item representation. Therefore, the performance

of these methods is limited to the information contained in the user and item features.

Unfortunately, the information pertaining to categorical features is insufficient, as

the model would lack awareness of the distinctive characteristics associated with each

category. Taking the example of movie attributes, such as the director, only the direc-

tor’s name is provided without additional details. Considering two movies: i) ”Spirited

Away,” directed by Hayao Miyazaki, and ii) ”Your Name,” directed by Makoto Shinkai.

If only the director’s name is utilized as input information, the recommendation model

would not know the differences in their respective directing styles. Consequently, it

becomes necessary to incorporate more descriptive information about these directors,

which is widely prevalent on the internet. To enhance the recommendation quality

even further, we propose incorporating general knowledge learned from internet data.

Recently, advanced Natural Language Processing (NLP) techniques, such as Large

Language Models (LLMs), have demonstrated remarkable achievements in NLP do-

main because of their formidable ability to model text [7, 8, 64]. Unlike conventional

models, which are trained directly on labeled data for particular tasks, LLMs undergo

pre-training on extensive volumes of textual data from various sources like articles,

books, websites, and publicly accessible written materials [7]. Consequently, LLMs

provides a prior knowledge which is general for different down-stream tasks [30, 48].

Moreover, since LLMs learns from a large amount of text data, LLMs have greater
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potential in modeling complicated contextual information.

In this Chapter, we propose LLM-MetaRec to enhance cold-start recommendation

quality using two types of prior knowledge: recommendation-specific prior knowl-

edge learned from meta-learning, and general prior knowledge from the LLMs. Our

approach involves encoding both item and user information using the LLMs, allow-

ing the downstream recommender neural network to leverage LLMs embeddings and

effectively incorporate general prior knowledge. Furthermore, we train the recom-

mendation neural network with meta-learning to enable the recommender to acquire

recommendation-specific prior knowledge from previous tasks. By combining these

two sources of prior knowledge, the recommender can infer user preferences even

with limited item ratings. In experiments, we present evidence of LLM-MetaRec’s

superiority over baseline techniques on two benchmark datasets under three distinct

cold-start scenarios, i.e., recommending existing items for cold users, recommending

cold items for existing users, and recommending cold items for cold users.

5.2 Our Method: LLM-MetaRec

In this section, we introduce the details of LLM-empowered meta-learning based rec-

ommendation method (LLM-MetaRec). Firstly, we present the general user preference

estimator. Following this, we elaborate on integrating LLMs into the estimator, aiming

to enhance recommendations by leveraging general prior knowledge from the LLMs.

Finally, the estimator is trained with meta-learning to attain recommendation-specific

prior knowledge.
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5.2.1 General User Preference Estimator

The general framework of the user preference estimator, employed in numerous con-

temporary methods [33], is illustrated in Fig. 5.1. This framework comprises two

fundamental components: an embedding module, designed to acquire embeddings of

items from their textual information, and a rating prediction module, which is imple-

mented to compute personalized rating scores for item ranking.

Figure 5.1: A General user preference estimator (left) and LLM-empowered user pref-

erence estimator (right).

Embedding module. The embedding module plays a critical role in learning rep-

resentations of users and items within the context of recommendation systems. Since

the attributes associated with users and items often possess distinct categorical values,

it is imperative to employ two distinct strategies for learning embeddings of user and

item. To illustrate the process for item embedding, let’s consider the specific item as an

example. When the attribute is categorical, e..g, rating, the corresponding embedding

is randomly initialized. Subsequently, these attribute-specific embeddings are concate-

nated together to generate the initial item embedding. Formally, assuming there are
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m attributes for each item, and the procedure for item embedding can be described as

follows:

e1
v =

[
E1c1

v⊕E2c2
v⊕ . . . ,⊕Emcm

v

]
, (5.1)

where is the symbolic representation of the concatenation operation, and is the

symbolic embedding matrix. When the attributes could have multiple possible cat-

egories, such as actor, the attributes are initially transformed into a multi-hot repre-

sentation, where multiple elements are set to ’1’ to indicate the presence of various

categories and ’0’ otherwise. Following this, a low-dimensional representation of the

multi-hot vector is generated using a feed-forward network with a single layer as be-

low:

e2
v = (Wei +b) , (5.2)

where denotes weight matrix, represents the multi-hot representation of and de-

notes bias vector. Therefore, we concatenate the all the embeddings to get , i.e., .

Recommendation module. We concatenate and , and then feed the concatenated em-

bedding to the downstream neural network to generate a lower-dimensional represen-

tation. The final layer of the recommendation module is responsible for computing the

preference rating , which can be expressed as follows:

r̂v
u = Fθr

(
[eu⊕ ev]

)
, (5.3)

where the neural network denoted by F is equipped with fully connected compo-

nents and corresponding parameters .
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5.2.2 LLM Empowered User Preference Estimator

In this section, we present the LLM-MetaRec framework, illustrated in Fig. 5.2. The

embedding module is instantiated using general prior knowledge from pre-trained large

language models (LLMs). This allows us to capture contexts within user attributes,

such as age and occupation, and item attributes, including genre, writers, directors,

actors, and publication year. To prepare the data for the LLMs input, we start by con-

verting all attributes into a textual format. For example, “The title of the movie is

row[’title’]. This movie is released at row[’released’]. The genre are row[’genre’].

The director of this movie is row[’director’]. The writer of this movie is row[’writer’].

The actors of this movie are row[’actors’], ...”. The LLMs takes the user and item tex-

tual descriptions and converts them into embeddings. We concatenate the user and item

embeddings to form a unified representation. By leveraging this combined embedding,

the downstream neural network, which consists of multiple layers, can effectively in-

corporate prior knowledge from the internet dataset for recommendation purposes. The

reason is that the LLM will generate item embeddings that group items with implicit

relationships. For instance, if two movies are directed by two directors who share sim-

ilar styles, these two movies will likely be grouped closely together in the embedding

space.

5.2.3 Model Training

Following [33], we employ meta-learning to learn a recommendation specific prior

knowledge from a labeled training dataset. With the learned prior knowledge, a model

can quickly recognize the preference of a new user with a few interactions with this

user. Specifically, we utilize the MAML (Model-Agnostic Meta-Learning) method, a

popular meta-learning approach. MAML is designed to learn effective initial neural
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Figure 5.2: The diagram of MAML and LLM based approach for cold-start recom-

mendation.

network weights that can be fine-tuned with only a few labeled data points. With

MAML, the recommendation specific prior knowledge is stored in the initial neural

network weights. MAML employs an inner- and outer-loop learning strategy. For the

training, we divide a labeled training dataset into a support set and a query set. In

the inner-loop, the neural network (with its initial weights) is fine-tuned using a small

support set containing a few labeled data points. In the outer-loop, the initial weights

are updated based on the test loss calculated with the fine-tuned model on a query set.

This learning strategy encourages the model to learn effective initial weights, which

can then be fine-tuned with a small support set, resulting in minimal loss on the query

set—data points without labels during the test phase. Fig. 2 visualizes the learning

strategy, which includes an example support set and an example query set. In the

context of recommendation tasks, we use an L1-norm loss for prediction since the

model is tasked with predicting user ratings (ranging from 1 to 5) for recommended

items. The parameters of the LLM are frozen to prevent forgetting prior knowledge
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gained from internet datasets when exposed to learning signals from a specific task.

5.3 Experiments

5.3.1 Experimental Settings

The proposed method undergoes validation across four distinct scenarios involving

both non-cold and cold settings: a) recommending warm item to warm user; b) rec-

ommending warm item to new user; c) recommending new item to warm user; and d)

recommending new item to new user.

Dataset description. This Chapter conducts experiments on two distinct datasets:

MovieLens-1M and BookCrossing. Both datasets are well-established sources in the

field of recommendation systems research, encompassing explicit feedback data, as

well as fundamental user and item attribute information.

Baseline methods. To validate the effectiveness of LLM-MetaRec, we have se-

lected two distinct categories of baseline approaches for comparison purposes. (1)

Traditional recommendation methods: Specifically, we include the widely recognized

and extensively utilized PPR [47] and Wide & Deep [6]. These conventional meth-

ods have been extensively employed in the field of recommendation systems and serve

as established benchmarks for performance evaluation. (2) Meta-learning based rec-

ommendation methods: This category encompasses innovative approaches such as s2

Meta [10], MeLU [33], and MAMO [9], which leverage meta-learning algorithms to

address the intricate cold-start problem.

Evaluation metrics. The evaluation of recommendation methods hinges upon two

key performance metrics: prediction accuracy and ranking correctness. To quantify

these aspects rigorously, we adopt two metric. Mean Absolute Error (MAE) evaluates
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the accuracy of rating prediction, and a lower MAE value indicates that the model’s

predictions are closer to the actual ratings provided by users, signifying better overall

performance in predicting user preferences. Normalized Discounted Cumulative Gain

@N (nDCG@N) evaluates the preference ordering performance on observed query

sets. In simple terms, it assesses how well the model ranks and prioritizes the recom-

mended items based on user preferences. A higher nDCG@N value indicates better

performance in suggesting items that align with users’ interests, leading to more rele-

vant and satisfying recommendations. In this Chapter, we utilize the nDCG with N=3

as in MAMO [9].

5.3.2 Dataset Preprocessing

We conduct preprocessing on the MovieLens-1M and BookCrossing datasets in the

subsequent manner:

MovieLens-1M: This dataset exhibits a well-balanced distribution of interactions,

i.e., the dataset have an average number of interactions. To conduct experiments, we

adopted the methodology described in [33]. Specifically, we randomly selected 80%

of the users from the dataset to serve as training users, representing existing users

with prior interactions. The remaining 20% of users were designated as test users,

representing cold users with limited or no interaction history. To ensure rigorous eval-

uation, A 5-fold cross-validation is performed on the partitioned dataset. Additionally,

in order to create a clear demarcation between existing and cold items, we ordered the

movies based on their release time and identified the top 80% as existing items, while

the bottom 20% were categorized as cold items.

BookCrossing: The presence of evidently misleading values is evident in this

dataset. For instance, the user age field exhibited unrealistic values, ranging from 0
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to 237, which clearly don’t align with real-world scenarios. To address this issue, we

took a practical approach and restricted the user age range to a more reasonable span

of 5 to 90 years. Following the guidelines presented in [9], we partitioned the dataset

for training and testing purposes. Specifically, the warm/cold user split is 9/1, repre-

senting cold users who have limited or no previous interactions in the system. This

division allowed us to evaluate the performance of our approach effectively. To assess

the robustness and generalization capabilities of our method, we employed 10-fold

cross-validation on the refined dataset. The 10-fold cross-validation extract 10 subsets

from the original dataset and performs training and test on the 10 subsets. We average

the results over the results from the 10 subsets. Regarding the items, we categorized

them into warm and cold items based on their popularity. Items with five or more

ratings were considered warm items, indicating that they had received a substantial

level of user engagement. On the other hand, items with fewer than five ratings were

categorized as cold items, signifying their limited exposure in the system.

5.3.3 Result and Analysis

In this experiment, we comprehensively evaluate the performance of all methods on

two widely used datasets across four distinct recommendation settings. These set-

tings include recommending existing items for existing users, recommending existing

items for cold users, recommending cold items for existing users, and recommend-

ing cold items for cold users. Specifically, our experiments are performed on a Linux

(Ubuntu 18.04) PC with CPU (Intel(R) i9-9900X, 10 cores, 20 threads, 3.5GHz) and

GPU (Nvidia RTX 3090 24G). We employ Python 3.8 (PyTorch framework) as our

programming language. Table 5.1 shows the test results of of all the baseline meth-

ods on the 2 datasets under various cold-start setting. We emphasize the best results
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with bold fonts and the second-best results with underlining. This analysis provides

a comprehensive comparison of the various approaches, allowing us to gain insights

into their effectiveness in addressing different cold-start scenarios. From Table 5.1, we

have following observations:

• In the non-cold-start scenario, the method named PPR achieves the best results,

attaining top-notch scores in MAE and nDCG@3. Since this is the non-cold start

scenario, the result reflects that PPR may overfit to the warm users and items.

In contrast, PPR and Wide & Deep methods exhibited poor performance under

the other three cold-start scenarios, indicating their unsuitability for cold-start

recommendations. On the other hand, LLM-MetaRec method consistently out-

performs other baseline methods in all three cold-start settings while achieving

comparable performance levels. This indicates that LLM-MetaRec effectively

addresses the cold-start problem and provides promising results even in situa-

tions with limited interaction data for new users/items. The findings highlight

the significance of incorporating meta-learning and leveraging general knowl-

edge from Large Language Models to enhance recommendation quality, partic-

ularly in challenging cold-start scenarios.

• Meta-learning based methods, namely Meta, MAMO, LLM-MetaRec, and MeLU,

consistently demonstrate superior performance in cold scenarios compared to

other approaches. The good performance results in the learning strategy of meta-

learning. Specifically, in the cold-start recommendation, the model is allowed

to access to a few interactions of a user, and meta-learning force the model to

learn the user preference from a small support set during training phase. The

alignment between the test setting and training setting significantly improve the

performance of meta-learning based methods.
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Table 5.1: Comparison of the performance of various recommendation methods.

MovieLens-1M BookCrossing

Type Method MAE nDCG@3 MAE nDCG@3

PPR 0.1820 0.9831 3.8092 0.8494

Wide & Deep 0.9047 0.9117 1.6206 0.9172

s2 Meta 0.7567 0.8870 1.5147 0.8781

Recommendation on existing MeLU-1 0.7661 0.8904 0.7799 0.9572

items for existing users MeLU-5 0.7567 0.8919 0.7955 0.9552

MAMO 0.8725 0.8866 1.4879 0.8879

LLM-MetaRec 0.7362 0.8814 1.2535 0.8638

PPR 1.0748 0.8468 3.8430 0.8434

Wide & Deep 1.0694 0.8639 2.0457 0.8515

s2 Meta 0.8443 0.8401 1.8738 0.8490

Recommendation on existing MeLU-1 0.7884 0.8810 1.8701 0.8527

items for cold users MeLU-5 0.7854 0.8812 1.8767 0.8532

MAMO 0.8967 0.8799 1.6217 0.8565

LLM-MetaRec 0.7548 0.8823 1.2394 0.8602

PPR 1.2441 0.7632 3.6821 0.8367

Wide & Deep 1.2655 0.7721 2.2648 0.8437

s2 Meta 0.8860 0.8323 1.9767 0.8463

Recommendation on cold MeLU-1 0.9361 0.7990 2.1047 0.8441

items for existing users MeLU-5 0.9275 0.8005 2.1236 0.8440

MAMO 0.9306 0.8315 1.7379 0.8402

LLM-MetaRec 0.8901 0.8248 1.2584 0.8571

PPR 1.2596 0.7634 3.7046 0.8381

Wide & Deep 1.3114 0.7874 2.3088 0.8405

s2 Meta 0.9130 0.8148 2.0921 0.8422

Recommendation on cold MeLU-1 0.9299 0.8011 2.1475 0.8410

items for cold users MeLU-5 0.9235 0.7752 2.1721 0.8422

MAMO 0.8894 0.8709 1.8188 0.8384

LLM-MetaRec 0.8832 0.8311 1.2703 0.8511
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• In the cold-start setting, the combination of LLM-MetaRec consistently enhances

the cold-start recommendation performance of the vanilla meta-learning based

recommendation method, MeLU. This improvement is attributed to LLM-MetaRec’s

ability to leverage the general prior knowledge provided by LLMs, which offer a

wealth of pre-trained information derived from extensive textual data. By effec-

tively incorporating this knowledge, LLM-MetaRec overcomes the limitations

of MeLU and achieves superior results in various cold-start scenarios.

5.4 Summary

In this Chapter, LLM-MetaRec significantly improve the cold-start recommendation

performance of a meta-learning based recommendation based method. By leverag-

ing both recommendation-specific and general prior knowledge, we bridge the gap

between new users/items and personalized recommendations, thereby improving the

overall user experience in various online application domains. We demonstrate the

performance of LLM-MetaRec with two datasets, i.e., MoveiLens-1M and Bookcross-

ing. The experiment results show that LLM-MetaRec outperforms baseline methods

in various cold-start settings.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

In this thesis, we alleviate the cold-start problem in the recommendation system. Our

approach is built upon meta-learning based methods for cold-start recommendation.

Specifically, we focus on enhancing the informativeness of the support set, thereby

significantly improving recommendation effectiveness without increasing the size of

the support set. To enhance the informativeness of the support set, we employ two

methods: i) actively selecting informative items to construct the support set (Chapter 3

and 4), and ii) increasing the informativeness of items in the support set (Chapter 5).

Chapter 3 introduces Information Gain driven Cold-Start Recommendation (In-

foRec). InfoRec actively selects items to query users based on their informativeness,

measured by the reduction of uncertainty regarding user preferences for unseen items.

Theoretically, we prove the optimality the item selection strategy based on submodu-

lar theory. Empirically, we prove that InfoRec improves both short-term and long-term

cold-start recommendation performance with the limited size of the support set.

Since it is impractical to iterate through millions of items for information gain cal-
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culation at each recommendation step, in Chapter 4, we learn a neural item selection

policy with imitation learning. Specifically, we formulate the sequential recommen-

dation task as a Markov Decision Process (MDP). Leveraging this formulation, we

develop an imitation learning framework where a DNN mimics the optimal item se-

lection policy from Chapter 3, facilitating informative item sampling through a single

feedforward process.

Chapter 5 extends our approach beyond the active selection of informative items by

incorporating additional information from the internet. We leverage a large language

model pre-trained on internet data, offering a wealth of general knowledge. By embed-

ding item and user descriptions using both the language model and the DNN trained

for recommendation tasks, our downstream predictor can efficiently develop strategies

based on general knowledge from the language model and specific insights from the

recommendation task. Therefore, we further improve the cold-start recommendation

performance.

6.2 Future Work

We classify future work into two directions: i) recommending items to a new user with-

out interaction history, i.e., zero-shot recommendation; and ii) recommending items

with attributes unknown to the LLM.

For the first direction, zero-shot recommendation means that we need to recom-

mend informative items to users who have no interaction with the system before.

However, these users provide no information for the recommendation models or the

informative item selection policy. Therefore, we will conduct research on constructing

a common item set that contains diverse items and is capable of quickly capturing user

preferences. The challenge is to ensure that the common item set will help the recom-
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mendation models to capture the preferences of users with different features, such as

gender, age, and job, even though without interaction data with these users.

In the second direction, as information is generated rapidly, the LLM would always

be trained on outdated information. For example, new directors release new movies

every day, and the LLM would not have information about these directors. We need

an automated mechanism that can find the most relevant information on the internet

based on specific items. This information should not only be related to the item but

also help us establish connections between these items and previous items, i.e., items

with a significant amount of interaction data with users.
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