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ABSTRACT OF THE DISSERTATION

Learning from Sparse and Deficient Data and its Applications

by

Ruirui Li
Doctor of Philosophy in Computer Science

University of California, Los Angeles, 2019
Professor Wei Wang, Chair

Deep learning models have been attracting substantial attention in the last few years as they
successfully demonstrated remarkable performance on different tasks (e.g., classification and
ranking) in various fields. The success of most deep learning models significantly depends
on massive training data as these models inherently work by memorizing or distinguishing
massive training instances in the data. However, such a huge amount of training data may
not be available or accessible all the time due to privacy issues, user experience concerns, or
corporation constraints, etc. This leads to the data deficiency issue, which corresponds to
the scenarios where we have just a few training instances to accomplish a task. Even though
sufficient training data could be acquired, sometimes the data could be very sparse due to the
large base of elements (e.g. users and items) in the dataset. This results in the data sparsity
issue, which corresponds to the scenarios where we have very limited training instances to
pinpoint the characteristics of each element in the data. Both the data deficiency and data
sparsity issues limit the expressiveness of strong model capacities of the deep learning models

and generally lead to inferior performances on a variety of tasks.

In this dissertation, we propose several deep learning frameworks to compensate for the
data deficiency and data sparsity in the context of three concrete applications, i.e., cus-
tomer recommendation in location-based social networks, query recommendation in search

engines, and automatic speaker recognition. The methodologies presented in these frame-
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works span different research areas, including geographical influence modeling on location
data, automatic data augmentation via adversarial training, comprehensive instance utiliza-
tion through metric-learning-based few-shot learning, and knowledge transfer via gradient-
based meta-learning. As a result, these methodologies not only tackle specific challenges in

the applications mentioned above but also shed light on other relevant applications.
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CHAPTER 1

Introduction

The advances of deep learning technologies have a revolutionary impact on a variety of fields,
as these deep learning technologies, born with strong modeling capacity, have compelling
power in accomplishing various tasks. The expressiveness of their compelling modeling power
largely depends on the support of massive training data. However, such massive data may
not be available or accessible all the time due to data deficiency and data sparsity issues in
practice. The data deficiency issue corresponds to the scenarios when there is a shortage of
labeled training data. For example, this generally happens when we are serving new users
in recommendation or speaker recognition tasks, as a large portion of new users usually
has a very limited number of training instances. The data deficiency issue is also known
as few-shot learning. The data sparsity refers to the scenarios where the density of the
interactions between elements in the data is low, as the base of the elements could be very
large. Therefore, there are very few interactions available to mine the characteristics of each
element, which may degrade the performance of downstream applications. Dealing with the
deficient and sparse data is often considered a daunting task as there is a limited number of
related data records/interactions we can utilize to conduct modeling and analysis. In this
dissertation, we study three different research problems in mining deficient and sparse data.
The first two problems focus on leveraging auxiliary features, and adversarial training to solve
recommendation tasks. The third problem focuses on analyzing acoustic characteristics of
speakers and achieving effective speaker identification from limited data. For each problem,
we discuss the limitations of existing approaches and propose new methods to address these

challenges.



1.1 Scope of the Research

Recommendation has attracted substantial attention from researchers and has revolutionized
the e-commerce industry. Various recommender systems have been developed to facilitate
the matching between users with appropriate items (e.g., products, services or businesses).
Two recommendation problems, prospective new user recommendation in location-based
social networks and query suggestion on search engines, are summarized below. For the
third research problem, we discuss the challenges and potential of recognizing speakers from

limited training data.

e Prospective new user recommendation in location-based social networks.
The proliferation of GPS-enabled devices, such as smartphones, establishes the prosper-
ity of location-based social networks (LBSNs), which results in a tremendous amount of
user check-ins. These user check-ins bring in great opportunities to understand users’
preferences and facilitate matching between users and local businesses. However, the
user check-ins are extremely sparse due to the huge user and business bases, which
makes matching a daunting task. To make accurate recommendations in LBSNs, it is
critical to have effective methods that can embrace relevant auxiliary information as
extra guidance and adopt appropriate techniques to fully utilize the sparse check-in

data.

¢ Query suggestion on search engines. Search engine users always endeavor to for-
mulate proper search queries during online search. To help users accurately express
their information need during search, search engines are equipped with query sug-
gestions to refine users’ follow-up search queries. The success of a query suggestion
system significantly relies on whether we can understand and model user search intent
accurately [1,2]. However, user search queries are generally very short, typically with
only one or two key keywords each [3]. Short queries lead to two issues. First, they
are often ambiguous. Ambiguity weakens the expressiveness of queries because the

search engine may not get the users’ hidden search intents. This causes poor retrieval



results. The second issue is that short queries are often not specific enough. Although
there is no ambiguity in the meaning of a search query, it is too general a query for
the search engine to pinpoint the specific information in which the user is interested.
In order to model the search intent accurately, existing query suggestion approaches
usually mine search sessions and extract search query sequences as context information
to aid recommendations [4-6]. However, very few take the user feedback, i.e., user click
information, into account. Therefore, a user feedback-aware query suggestion system
is needed. It is also essential to have an approach that can generalize well to all search
queries, as many queries are tail queries, which only occur a few times in the search

log.

e Automatic speaker recognition. Automatic speaker recognition (ASR) is a stepping-
stone technology towards semantic multimedia understanding, and benefits versa-
tile downstream applications. Most existing neural network-based ASR methods can
achieve excellent recognition performance with the support of sufficient training data [7—
11]. However, such sufficient training data may not be available or accessible for every
user, especially for new users. In practice, a large portion of users usually has a very
limited number of training instances and such data deficiency generally leads to infe-
rior recognition performance, especially when serving new users. As a consequence,
the lack of training data prevents ASR systems from accurately learning users’ acous-
tic biometrics, jeopardizes the downstream applications, and eventually impairs user
experience. Evidently, an efficient mechanism is needed to capture the complicated
acoustic characteristics of users and distinguish them as accurately as possible even

when facing the shortage of training data.

1.2 Contributions

In this dissertation, we emphasize the importance of the research problems mentioned above,

and identify the specific challenges falling within each research problem. We propose a series



of deep learning methods to tackle these challenges.

The first research issue comes from recommending potential new users for local busi-
nesses in location-based social networks based on user check-ins. The user check-ins are
highly sparse due to the large bases of users and businesses, which poses the major chal-
lenge for learning users’ preferences and businesses’ characteristics. To alleviate the data
sparsity, we propose two approaches, i.e., CORALS and SEATLE. In CORALS, we strive
to incorporate auxiliary features, which can provide extra guidance in addition to the user
check-in records. More specifically, we propose a unified approach to learn the matching
between users and businesses, which not only considers users’ preferences but also incorpo-
rates geographical influence and reputation influence when making recommendations. The
geographical influence quantifies how easily a user can check in at a local business based
on the user’s historical check-in trajectory and the location of the target business, while the
reputation influence gauges the impact of the online reviews regarding the target business to-
wards the user. In SEATLE, we further decompose geographical influence into geographical
convenience and geographical dependency. Geographical convenience measures the relative
transportation effort of a check-in from a user to a business while geographical dependency
models the geographical influence among businesses, which makes the proposed approach
neighborhood-aware. Moreover, metric-learning-based few-shot learning is applied to fully
utilize the sparse check-in data. Results show that CORALS and SEATLE are able to rec-
ommend customers for local businesses more accurately, especially for tail businesses, that

have very few user check-ins.

The second research problem addresses the caveats of offering query suggestions on search
engines. User search queries are generally very short. Short queries are usually ambiguous
and too general. To gather more information and model users’ search intent more accurately,
we propose a novel framework, CFAN, modeling both a user’ search query sequence and click
sequence to learn to represent his/her search intent. Search query sequence modeling allows
us to capture a user’s previous search queries in addition to the last search query while click

sequence modeling endows our approach with the capability of being feedback-aware. In ad-



dition, adversarial examples are dynamically constructed to help build a robust recommender
system, which is resistant to nuisance perturbations and achieves out-of-distribution gener-
alization. Experiments, conducted on the search log collected from a real-world commercial

search engine (i,e., Yahoo), show that CFAN can provide more favorable suggestions.

The third work focuses on modeling users’ acoustic prints to achieve automatic speaker
identification. We present two deep learning approaches, i.e., AFFASI and MDNML.
AFFASI utilizes metric-learning-based few-shot learning and adversarial training to con-
duct speaker identification with limited training data. MDNML applies mixture density
networks to construct users’ acoustic profiles and relies on gradient-based few-shot learning
to perform speaker identification with the focus of serving new users. Results demonstrate
that AFEASI and MDNML can achieve superior recognition performances when facing a

shortage of labeled training data.

1.3 Overview

The rest of the dissertation is organized as follows: Chapter 2 summarizes the relevant
works for each research problem. Chapters 3 and 4 describe our methods on customer
recommendation for local businesses in location-based social networks. Chapter 5 presents
our work on query recommendation on search engines. Chapters 6 and 7 discuss the two of
our works on automatic speaker recognition. Chapter 8 summarizes all the datasets used
in different projects. Chapter 9 shows the experimental results of different projects in this
dissertation. Chapter 10 concludes this dissertation with a summary of our work and the

plan of future extensions.



CHAPTER 2

Related Work

2.1 Recommendation in LBSNs

To address the check-in sparsity issue, various ancillary information is incorporated when
building recommendation models, such as POI popularity, social influence, temporal pat-
terns, textual and visual contents [12-22]. In this part, we focus on geographical influence-

oriented works.

To leverage geographical influence to improve recommendation performances, [23] first
detect multiple centers for each customer based on their check-in histories. Recommendations
are made by referring to the distance between the location of the business and the nearest
customer center. In [13], geographical influence is modeled by a power-law distribution be-
tween the check-in probability and the pair-wise distance of two check-ins. [24,25] utilize the
kernel density estimation to study customers’ check-ins and avoid employing a specific dis-
tribution. [26] exploits geographical neighborhood information by assuming that customers
have similar preferences on neighboring POIs, and POIs in the same region may share sim-
ilar user preferences. PACE [27] explores the use of deep neural networks to learn location
embeddings and user preferences over POIs. In particular, a context graph is used to model
the heterogeneous and complex feature information to address the data sparsity issue. SAE-
NAD [28] applies stacked auto-encoders to provide POI recommendations. The employed
auto-encoder aims to capture the non-linear and non-trivial relationships between users and
POIs, and enables more complex data representations in the latent space. APOIR [29] learns
the underlying check-in distribution in an adversarial manner by simultaneously training two

synergistic components, i.e. a recommender and a discriminator. These two components are



co-trained alternatively to make POI recommendations.

2.2 Query Recommendation

The greatest challenge in query suggestion is to accurately understand users’ underlying
search intent and formulate follow-up queries which can better articulate their information
needs. To tackle the challenge, various studies tap into the “wisdom of crowds” by mining

search sessions.

Follow-up queries in the same search sessions tend to be semantically relevant and more
expressive; therefore, they can be adopted as suggestions to help users pinpoint their infor-
mation needs. The rationale behind it is that web users usually won'’t shift their information
needs dramatically within a short period of time. Based on this assumption, various ap-
proaches are proposed. [30] models the session information into a Query Flow Graph (QFG).
QFG connects queries based on their co-occurrences in search sessions. Query recommenda-
tions are generated by conducting a random walk with restarts on QFG. The Term Query
Graph enriches the QFG by incorporating query term nodes. The connections between query
term nodes and query nodes smooth the query flow and enhance query suggestion for tail
queries [31].

The semantic relatedness between queries can also be mined by comparing their follow-up
clicks. Follow-up clicks provide extra information to understand users’ actual information
needs in addition to the submitted queries. To utilize the click information, a Query-Click
bipartite graph is widely constructed [32]. Queries are represented as vertices in the Query-
Click bipartite graph and an edge connecting two queries is weighted by a transition proba-
bility, which is related to the similarity of the two queries. A hitting time algorithm, which
performs a random walk, is then executed on the graph. The hitting time is the expected
number of steps it takes to reach a query vertex from a starting query vertex. In [33], given

an input query, queries with the smallest hitting times are recommended.

To model user search intents accurately, context-aware query suggestion methods are



proposed [34-37]. In context-aware query suggestion, the whole search query sequence is
utilized to generate suggested queries instead of the very last query. [34] constructs a suffix
tree on query concept levels to capture contexts and make query suggestions. The con-
text, represented by query transitions, is modeled by a mixture variable memory Markov
model in [35]. [36] models syntactic reformulations based on predefined reformulation strate-
gies. A well-established ontology can also be leveraged to learn semantic reformulations in
context [37]. Context-aware query suggestion considers more user searches in the session;

therefore, it models users’ information needs more accurately.

Deep neural networks have also been applied to query suggestion and demonstrated ex-
cellent performances [4-6,38]. HRED [5], as the first study, employs a hierarchical encoder-
decoder model to achieve context-aware query suggestion. The encoder first encodes query
terms into query-level embeddings and query-level embeddings are further utilized to con-
struct session-level embeddings. The decoder takes the session-level embeddings as inputs
and generates suggested queries. [6] introduces the copy mechanism in addition to employing
the encoder-decoder framework to generate suggested queries. The copy mechanism allows
copying terms from user input queries rather than completely relying on the decoder to
generate suggested queries. [38] employs a feedback memory network to model titles of user
clicked URLs. The suggestions are made based on the titles of clicked URLs together with
the search query. Reformulation inference network (RIN), proposed in [4], explicitly incor-
porates query reformulations during training. In addition, multi-task learning is applied to

learn both discriminative and generative query suggestions.

Unfortunately, most existing works do not consider user-clicked suggestions when mod-
eling user search intent. Especially for the state-of-the-art RNN-based methods [4-6,38], all
of them do not incorporate any types of clicks except [38]. The method, CFAN proposed in
the thesis, differs from these works in that previously-clicked suggestions are explicitly incor-
porated as feedback. In addition, adversarial examples are dynamically constructed during
the training of CFAN, which not only significantly improve the robustness of the model but

also dramatically enhance the generic ranking performance.



2.3 Automatic Speaker Recognition

Most state-of-the-art solutions are based on the i-vector representation of speech segments [39],
which contributed to significant improvements over the Gaussian Mixture Model-Universal
Background Models (GMM-UBMs) [40]. Deep learning has shown remarkable success in
speaker identification tasks recently. Deep speaker [10] takes filter bank coefficients as in-
puts, utilizes residual networks to extract audio embeddings, and employs triplet loss as the
loss function to optimize the neural network. VGGVox [11] takes spectrograms as inputs.
CNN based residual network is designed to extract audio embeddings. Contrastive loss is
employed to optimize the training pairs in the network with pre-training using softmax clas-
sification. However, the number of training pairs can grow quadratically with the size of
the dataset and elaborate pair selection heuristics are needed to make the training on large
datasets feasible. Another Resnet-based model uses additive margin softmax [41] classifica-
tion loss to improve the recognition accuracy in [7] and [8]. TristouNet [42] applies triplet
loss [43] to learn speaker recognition. SincNet [9] utilizes convoluational neural networks to
learn speaker recognition from raw audios. [44] proposes a generalized end-to-end (GE2E)
loss and works on text-dependent speaker verification. The GE2E loss function updates the
network in a way that emphasizes training instances that are difficult to verify at each step
of the training process. [45] is the most relevant work, which leverages a prototypical network

to conduct speaker recognition from limited training data.

The proposed method in this thesis, AFFEASI, differs from the above work by focusing on
speaker identification by learning from limited instances. AFFEASI leverages metric-learning
few-shot learning to achieve competitive performance with limited training instances. In
addition, adversarial training is adopted to improve the generalization and robustness of the

identification model.



2.4 Adversarial Examples and Learning

Training with adversarial examples has attracted significant attention in past few years be-
cause it not only improves the robustness but also the performance of the model. Adversarial
examples are examples that are created by making small perturbations to the model input,
designed to significantly increase the loss incurred by a machine learning model [46,47]. Most
existing machine learning models are highly vulnerable to such adversarial examples [48].
Generic regularization strategies such as dropout, pretraining, and model averaging do not
confer a significant reduction in such vulnerability [47]. In order to train robust models,
adversarial training is proposed to train models that can correctly classify both unmodified
examples and adversarial examples in classification tasks. Adversarial training not only im-
proves the robustness to adversarial examples, but also enhances generalization performance

for original examples.

Adversarial training is a novel technique for training models to improve robustness to
small, approximately worst case perturbations. The adversarial training process can be
viewed as minimizing the worst case error when the training instances are perturbed by
an adversary. It can be interpreted as learning to play an adversarial game, trying to
minimize an upper bound on the expected loss over noisy instances. Adversarial training
can also be viewed as a form of active learning, where the model actively requests labels
on new instances. In the case of adversarial training, the new instances are constructed by
introducing perturbations to existing instances. In addition, the human labelers are replaced

with a heuristic labeler that copies labels from nearby instances.

In this work, we focus on recent adversarial example works in natural language processing.
Adversarial examples are generated directly by manipulating the input text in [49-51]. [49]
investigates adversarial examples in the task of reading comprehension. To generate adver-
sarial examples, distracting sentences are added to the end of paragraphs. The distracting
sentences are either grammatical sentences, which are both similar to the questions and
consistent to the correct answer, or a sentence with arbitrary English words. It shows that

the subtle but critical difference in the paragraphs significantly confuse sixteen deep learning
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models. [50] aims to fool a deep learning-based model by removing a minimum subset of words
in the task of sentiment classification. [51] generates natural language adversarial examples
via word replacements based on nearby contexts. Works [50] and [51] are not applicable to
search queries, since queries are too short to remove terms from them or replace terms based
on nearby terms. Besides these works, [52-55] construct adversarial examples by directly
manipulating input embeddings. Random noise are added to input and hidden layers to in-
troduce perturbations during training in [54]. Local distributional smoothness is proposed
to promote model smoothness and help determine the adversarial direction in [52]. [52] also
shows that training with adversarial perturbations outperforms the methods with random
perturbations. [53] applies adversarial training in sequence models on text classification tasks
and demonstrates that adversarial training improves not only the classification performance,

but also the quality of word embeddings.

2.5 Few-shot Learning

Recent deep learning-based few-shot learning approaches fall into three main categories:
(1) metric-based approaches [56-59], which try to learn a generalized distance metric. (2)
model-based approaches [60], which use recurrent network with internal or external memory.
(3) optimization-based approaches [61], which optimize model parameters explicitly for fast

learning.

A siamese neural network is utilized to conduct one-shot image classification in [56].
The siamese neural network is composed of two twin networks and their outputs are jointly
trained on top of a similarity function to learn the relationship between pairs of data points.
The Matching Network [57] makes classification predictions by comparing the input samples
with a small labeled support set. The relation network [59] is similar to the Siamese network,
but differs by choosing a CNN to capture the relationship rather than a simple L1 distance.
The prototypical network [58] defines a prototype vector to represent each class. The proto-
type prototype vector is calculated as the mean vector of the support data samples in each

class, without any differential weighting mechanisms. A Gaussian prototypical network [62]
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extends the prototypical network. Its maps an instance into an embedding vector, and an
estimate of the instance quality. Together with the embedding vector, a confidence region
around it is predicted, characterized by a Gaussian co-variance matrix. [63] learns edge-
learnable graph neural networks to perform few-shot learning. The graph neural network
formulation of few-shot learning generalizes a number of recent few-shot learning models,

including siamese networks, Matching networks, and prototypical networks.

Previous few-shot learning research mainly focuses on vision learning [64], text classifica-
tion tasks [65], or entity predictions on knowledge graphs [66]. To the best of our knowledge,
this work proposed in this dissertation is the first research utilizing self-attentive few-shot

learning in a location-based recommendation system.
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CHAPTER 3

Customer Recommendation in Location-based Social

Networks

3.1 Background

Recommender system has attracted substantial attention from researchers since the last
decade and has revolutionized the e-commerce industry. Various recommender systems have
been developed to facilitate the matching between customers with appropriate products or
services, such as movies on Netflix, music on Last.fm, and merchandises on Amazon. For
customers, recommendations improve user experience by providing helpful suggestions to
explore and discover relevant products or services. For providers, these recommendations

increase the propensity of purchases from customers.

Over the past few years, the prevalence of GPS-enabled devices, such as smart phones,
establish the prosperity of location-based social networks (LBSN), such as Foursquare, Yelp,
and Facebook Local. LBSN attracts millions of users to share their social friendship and
their locations via check-ins. For example, an average of 142 million users check in at local
businesses via Yelp every month [67]. Foursquare has 55 million monthly active users and
8 million daily check-ins on the Swarm application [68]. Facebook Local, powered by 70
million businesses [69], facilitates the discovery of local events and places for over one billion
active daily users [70]. The check-ins, which contain abundant hints of user preferences on

locations, allow us to identify potential new customers for local businesses.

To identify potential new customers, the most crucial thing is to understand a customer’s

decision-making process. However, it is a complex process, and can be influenced by multi-
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ple factors. Most investigated factors are personal preferences and geographical convenience.
Personal preferences are learned from customers’ historical check-ins by applying collabo-
rative filtering or matrix factorization techniques. The learned preferences, in return, help
us find out new businesses which customers are interested in. In addition, check-in loca-
tions provide an ancillary resource to interpret customers’ decisions from the perspective
of geographical convenience. According to the Tobler’s first law of geography and the law
of demand, the propensity of a customer for a local business is inversely proportional to
the distance between the customer and the business, which is similar to the probability of

purchasing an item being inversely proportional to the cost.

There are also studies which show that customers prefer learning from local experts
who know the neighborhood well and have firsthand experience [71]. This is because online
reviews are becoming more and more influential in establishing and promoting the reputation
of local businesses than ever before. The emergence of numerous review sites has created an
unprecedented and ongoing online conversation about local businesses. Therefore, a business’

¢

reputation is more public and more accessible. Customers are able to see over the “wall” of
corporate messaging at what lies behind. They can get a sense of a business’ true essence
through the shared experiences of other customers. These changes in marketing lead to a
change in customers’ habits. Customers are becoming more and more review-dependent.
This is consistent with the study conducted by BrightLocal [72]. Compared with the trend
in 2010, the number of people who search for local businesses before consumption doubled
in 2015 and 2016. Moreover, among all the participants in the study, 92% of the customers
regularly or occasionally read online reviews, which help them judge whether a local business
provides good services or not. Therefore, the impact of online reviews is non-negligible and
growing.

Although identifying potential new customers is crucial for local businesses, it is still a

very challenging task due to the following three reasons.

e Data Sparsity. To know and comment on a local business, a customer has to phys-

ically visit that business. Thus, the cost is higher than that of rating a movie or a
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Table 3.1: Statistics and densities of six datasets.

Dataset #(Users) | #(Items/businesses) | #(Ratings/check-ins) Density
Netflix 48,189 17,770 100,480,507 | 1.17 x107!
MovieLens 20M | 138,000 927,000 20,000,000 | 5.37 x10~3
last.fm 1,892 17,632 92,834 | 2.78 x1073
Yahoo! Music | 1,000,990 624,961 262,810,175 | 4.20 x10~*
Yelp 1,029,432 144,072 5,099,750 | 6.94 x10~6
Foursquare 1,219,322 422,030 693,798 | 1.35 x1076

song online. Even if a customer makes the effort to visit the business, he/she often
does not check in due to privacy or safety concerns [73], let alone writing a review.
Therefore, customers’ check-in data is much sparser than other rating data for movies
and music. Table 3.1 shows the statistics and the densities of four well-known movie
and music rating datasets, together with two LBSN datasets, i.e., the Yelp challenge
dataset and the Foursquare dataset. Here the density of a dataset is calculated by
the number of ratings/check-ins divided by the product of the number of users and
the number of items/businesses. The densities of Yelp and Foursquare datasets are
much lower than the ones of Netflix, MovieLens, Last.fm, and Yahoo! music datasets.
The extremely sparse check-in data makes it challenging for us to accurately model

customers’ preferences.

Geographical Influence. The first law of geography states that everything is related
to everything else, but near things are more related than distant things [74]. Many
studies show that people tend to visit nearby local businesses or explore businesses
near the ones that they have visited before [13]. Therefore, a challenge is how to
estimate customers’ activity trajectories or zones based on the sparse check-in data.
Beyond this estimation, a more challenging fact is that the geographical influence is
both customer-dependent and business-dependent. If a customer owns a car, he can

visit a faraway business with less effort than ones who cannot drive and rely on public
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transits. On the other hand, the geographical factor has different impacts on different
types of businesses. For example, customers tend to visit nearby fast-food businesses
for convenience. However, they may be willing to travel farther to visit other types of
businesses, such as museums, where they are more closely connected with cultures and

get inspirations, or salons where they can have their hair cut and styled by professionals.

e Reputation Influence. Nowadays, more and more customers rely on online reviews
to get a sense of the reputation of local businesses. These reviews implicitly influ-
ence customers’ decisions towards visiting a business. The influence of reviews is also
both customer-dependent and business-dependent. Different customers have different
opinions on the same review. Moreover, similar reviews may have different impacts on
different types of businesses. For example, a review such as “A bit of long wait” to a
fast-food business may give other customers a very negative impression. However, the
impact may be milder if the same comment is made on theme parks, such as Universal

Studios.

In addition to the three challenges above, given the heterogeneous information on check-in,
location, online reviews, current works also lack an integrated analysis of personal prefer-
ences, geographical influence, and business reputation when modeling customers’ decisions.
To the best of our knowledge, this work is the first one considering all these factors under
the scenario of recommending customers for local businesses. To be more specific, the main

contributions of this work are as follows:

e We propose a customer recommendation model, CORALS, which, based on historical
check-in information, integrates customers’ personal preferences, geographical influ-
ence, and business reputation. In addition, the model is also capable of incorporating
other factors such as expenses. Moreover, the model offers high interpretability by pro-
viding the quantitative importance of incorporated factors for different types of local

businesses.

e We present a comprehensive empirical evaluation of our approach against 12 recom-
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mendation methods on two real-world datasets. The results show that our approach,
CORALS, outperforms all baseline methods in suggesting potential new customers for

local businesses in different cities.

The key to addressing the recommendation problem in LBSNs is to accurately understand
customers’ decision-making processes. In this work, we decompose it into three main factors:
a customer ¢’s personal preference ¢,; over a business b, the geographical convenience g ; of
business b for customer ¢, and customer ¢’s reliance 73, ; on business b’s reputation. In addition,
the contributions of g,; and r,; are given by wj and wy, respectively. Formally, the tendency

of a customer ¢’s visiting a business b is given by:
thi + W gpi + WyT - (3.1)

Higher tendency indicates higher check-in likelihood.

Given an observed check-in from customer ¢ on business b, denoted by (b, i), applying
the idea of pair-wise comparisons, we sample another customer j who has not checked in
at business b. Now, for a business b, we have an observed check-in (b, i) and a sampled
unobserved check-in (b, j). It is logical to hypothesize that compared with customer j,
customer ¢ is more likely to visit business b. We construct the model by maximizing a
posteriori over all observed and sampled check-ins:

C = 1] »i >y jl©)p(©), (3.2)
(b3),
where © is a set of parameters, which define the model. p(i >, j|©) gives the probability
that a customer ¢ prefers a business b more than another customer 5 does under the model.
Formally,
p(i >y j10) = 6[(ty; — to3) + wy(goi — go3) + wh(res — 4)]; (3.3)

where d(x) is the sigmoid function:

i(z) = . (3.4)
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In addition, the personal preference of customer ¢ on business b is given by:

tvi = Dy - Qi, (3.5)

where p, and g; are business and customer vector representations in the preference hidden
space, respectively. Similarly, the reputation reliance of a customer ¢ on a business b is given
by:

T = Up - d, (3.6)

where u, and d; are business and customer vector representations in the reputation hidden

space, respectively. Using Gaussian priors © ~ N (0, \gI) to model the parameters, we have

p(©) = L o(NOFy, (3.7

2mo 202

Substituting Equations 3.3, 3.4, 3.5, 3.6, 3.7 into the objective Equation 3.2, we can derive

maximizing a posteriori as follows:

Cocln [ pli >s 51©)p(©)
(b,1).4

= > d[(ts; — toz) + wi(gss — goy) + wh(res — 165)] + Inp(O)

(bsi),J

= > nd[(ts; — toz) + wi(gss — goy) + wh(res — 165)] — MO
(bs1),J

= > {nd[(po- @i — po- ;) + Wi (gbi — gb) + wh (wp - di—
(bsi),J

up - dj)] — MO},

where )\ is a set of regularization parameters for ©. Here, the businesses’ geographical
convenience, gp;, and businesses’ reputations, u,, are inputs. These two factors will be

discussed in Sections 3.2 and 3.3, respectively.

To optimize top ranked customers in the recommendation list, we apply the weighted
approximate ranking strategy proposed in [75] to optimize precision@k. Algorithm 1 sum-

marizes the optimization process. First, the parameters © are initialized using Normal
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Algorithm 1: Parameter optimization with AdaGrad

10

11

12

13

14

15

16

17

18

19

20

21

22

Input: learning rate 7, max iteration iter,,q., regularization weights A, max number of
samples Spqz;

Output: ©

Initialization: initialize © with Normal distribution N(0,0.01), iter = 0, Oy = O, erryy
= erryqli;

repeat

foreach observed check-in (b,i) do

Counter ent = Spaz;

while ent > 0 do

Randomly generate an unobserved customer j;

if (tb; — to,) + wy(9bi — 9b,j) + wp(rei — 76,5) > 0 then

cnt- -;

else
foreach involved 6 do

aJ
V@ts = W’

nig T = nls + (V05)2;

0ts+1 — gts _ n vets;

\/nbi+e

break;

if errya < errop: then

ETTopt = €TTyalis

B @opt = 0;
else

B 0= @opt;
iter + +;

until iter > iter,qq;

Return ©,,;
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distributions. The optimization process is iterative. In each iteration, it goes through each
observed check-in in the training set. For each observed check-in (b, %), we sample a random
customer j who has not visited business b. If the preference order between ¢ and j on business
b is correctly predicted using the current ©, we randomly sample another customer to find a
violation. This process repeats at most S, times until we find such a violation. Once we
find a violation, we update the corresponding parameter 0, 0 € ©. After iterating through
each check-in in the training set, we evaluate the performance using the validation set. If the
performance increases, we accept the updates on ©. Otherwise, we reject the updates. This
step helps us avoid adopting over-fitting parameters on the training data. The optimization

terminates when iter reaches the maximum number of iterations.

As we mentioned, since many businesses and customers have limited numbers of check-
ins, the check-in data is extremely sparse. However, the parameters of these businesses and
customers can be immensely useful and informative to the problem we want to optimize.
To effectively leverage the sparse data, AdaGrad [76] is proposed to give a higher learning
rate to the parameters that are more sparse in the data. We adopt this concept to adjust
the learning rate adaptively for each individual parameter @, which is shown in lines 10-
13 of Algorithm 1. AdaGrad modifies the general learning rate n at each time step ts for
every parameter ¢ based on the past gradients that have been computed for 6. n?“ records
the sum of the squares of the gradients with respect to 6 up to the ts'* time step!. e is
a smoothing term that avoids division by zero. In this way, AdaGrad makes it such that

parameters that are more sparse in the data have a higher learning rate which translates

into a larger update for that parameter.

3.2 Geographical Convenience Inference

In this section, we discuss how to infer the geographical convenience of a business b for a

user ¢, i.e., gp;, based on customer ¢’s historical check-ins.

'In one iteration, the same parameter may be optimized multiple times. Each optimization counts 1 time
step.
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We apply a Gaussian mixture model (GMM) [77] to make the inference. A Gaussian

mixture model is a weighted sum of M component Gaussian densities:

p(l|®) = Zamg U, X)), (3.8)

where [ is a 2-dimensional location vector (i.e. latitude and longitude), a,, m = 1,..., M,
are the mixture weights, and ¢(l|gm, X,) are the component Gaussian densities. Each

component density is a 2-variate Gaussian function of the form,

1 1 ry—1
[{FTHS S ep———— 1 R N G

with mean location vector p,, and covariance matrix >,. The complete Gaussian mix-
ture model is parameterized by the mean location vectors, covariance matrices and mixture
weights from all component densities. These parameters are further collectively notated by
®. For a particular customer, given a sequence of his N check-in locations, represented by
N location vectors L = {ly, .., I}, the GMM likelihood, assuming conditional independence

between the location vectors, can be written as:

p(L]®) = [ p(ta|®).

We use the Expectation-Maximization (EM) [78] algorithm to estimate the parameters. The
EM algorithm begins with an initial model ®, to estimate a new model ®, such that p(L|®) >
p(L|®). The new model then becomes the initial model for the next iteration and the process
is repeated until convergence. In each EM iteration, re-estimation Equations 3.9, 3.10,
and 3.11 are used to guarantee a monotonic increase in the model’s likelihood value in the
E-step.

N
: : _ 1
Mixture weights: a,, = N g p(mll,, @), (3.9)

Zn:l p<m|ln7 q)) . ln
S p(m|l,, @)

Zg:1p(m|lm(b> ’ lEL —2
= ~ — [, (3.11)
> nm1 P(M|L,, @)

Location means: fi,, =

(3.10)

Variances: &2,
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In the M-step, the posteriori probability for component m is given by

amg(ln|ﬂma 2m)
Z%ﬂ U g (Un | s X))

p(m|lna QJ) =

To determine the number of Gaussian components M, we apply affinity propagation [79]
to cluster each customer’s check-ins. The number of clusters yields the number of Gaussian

components.

After the GMM construction for a customer ¢, given the geographical location [, of a
business b, as shown in Equation 3.8, p(lp|®) gives the geographical convenience gp; of the

business b for each customer 1.

3.3 Business Reputation Inference

In this section, we discuss how to model the business reputation, u,, based on the reviews

commented on the local businesses.

There are two main challenges. First, reviews differ in their lengths. Some reviews are
informative and have more words while others are not. This challenge makes it difficult to
model the business’s reputation u, in a fixed-length vector. Second, for a particular business,
some reviews are older while others are more recent. They may have different influences on

the reputation of the business.

To solve the first challenge, we apply a distributed memory model proposed in [80].
Figure 3.1 shows the framework for the vector learning task, which is to predict a word given
other words in a context. Formally, given a sequence of training words oy, 09, 03, ..., 0, the

objective of the model is to maximize the average log probability

T
By

1
— l ke .
I7i . 09p(0h|0h k> aOh—&-k)

>
Il

The prediction task is performed via a multiclass classifier, i.e., softmax. Then, we have:

eYon
p(0h|0h—k:a ---70h+k) = Z ovo
o
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Figure 3.1: The framework for learning review vector

Each y,, is the un-normalized log probability for each output word oy, calculated as:
Yo, = % + VZ(Oh—k7 -+y Oh4-k,) U)7

where V5 and V' are the softmax parameters. z is constructed by a concatenation of a review
vector and word vectors from O. Both review and word vectors are trained using stochastic
gradient descent (SGD) and the gradient is obtained via back propagation. At each step of
SGD, we sample a fixed-length context from a random review, compute the error gradient
and update the parameters in the model. Once the parameters get converged, we obtain
the dense representation of each review. In order to address the impact of the chronological
order of the reviews, we use the vector of the most recent review as the reputation vector of

the business, u,.
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CHAPTER 4

Customer Recommendation with Few-shot Learning

4.1 Background

As an increasingly popular application of location-based services, location-based social net-
works (LBSNs), such as Yelp, Foursquare, and Instagram, attract millions of users to share
their locations, resulting in a huge amount of user check-ins [67,68]. The availability of such
unprecedented user check-ins brings in great opportunities to understand users’ preferences
and help businesses identify potential new customers. However, new customer predictions in
LBSNs suffer severely from data sparsity. To know a business, a customer has to physically
visit that business. Even if a customer makes the effort to visit the business, he/she often
does not check in due to privacy or safety concerns [73]. This results in extremely sparse
check-in data. Understanding customer preferences and making accurate predictions from

the severely sparse data remain a daunting task.

% 5 miles

U o o

5 miles

Figure 4.1: Geographical convenience influence

To compensate for the check-in sparsity, various ancillary information, such as geograph-
ical influence, social correlations, temporal patterns, textual and visual contents, has been
leveraged to improve recommendation performances in different manners [16,17,22,27,28 81,

82]. For LBSNs, the geographical coordinates, i.e., the latitude and longitude, of businesses
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Figure 4.2: Geographical dependency influence

are the most accessible ancillary information and they are also the ones that make location-
based recommendations unique compared to other recommendation tasks. However, most
existing works only investigate the relationship between customers and businesses by mea-
suring the distance of a visit from users to businesses. This leads to two limitations. First,
distance may not be an accurate indicator to distinguish the transportation convenience for
different users for a check-in. Second, the inter-dependencies among nearby businesses are

not modeled when making recommendations.

In this work, we highlight that geographical convenience and dependency should be both
incorporated to comprehensively leverage the geographical influence. Figure 4.1 and Fig-
ure 4.2 show two motivating examples for geographical convenience and dependency, respec-
tively. In Figure 4.1, the two users are both 5 miles away from business A. Therefore, the
distance indicator does not offer too much disciminative power to tell who is more likely to
visit from the geographical perspective. But if we know user 1 tends to drive while user 2
relies on walking, we could gauge the actual transportation efforts more accurately based
on the convenience rather than the raw distance. In Figure 4.2, two businesses A and B
provide the same service and they are reachable for user u with equal transportation efforts.
Without considering the neighborhood information of the two businesses, the recommenda-
tion system can barely distinguish one from the other regarding u’s preference. In real-world

scenarios, the neighborhood services of two businesses are never the same. In this example,
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A is surrounded by a cafe, a candy shop, a market, and a restaurant, while B is near a
gym, a stadium, and a gas station. If such neighborhood information is modeled when mak-
ing recommendations, it can provide extra guidance to understand users’ decision-making
processes more comprehensively and thus make more accurate recommendations. To incor-
porate geographical convenience, we leverage Gaussian mixture models (GMM) [77], where
each user is maintained with a profile described by a mixture of geographical activity func-
tions. Given a business, the user profile could yield the relative transportation efforts. To
incorporate geographical dependency, we utilize graph convolutional networks [83], which
allow geographical features propagate among neighborhood. Therefore, the representation

of a business can not only capture its own service and quality, but also those of its neighbors.

Beyond embracing geographical influence to address the sparsity issue, we also strive to
seek more suitable techniques to improve the recommendations. Few-shot learning, as a
contemporary approach, decomposes the training into a set of similar tasks, where transfer-
able knowledge is learned and shared among tasks. It allows learning in sparse data much
faster than otherwise possible [84]. In this work, we propose a metric-learning-based few-shot
learning framework. In particular, we construct support instances and query instances, with
each instance composed of one customer and one business. Support instances are labeled
instances and serve as references. Query instances rely on the references to conduct rea-
soning. The model evolves by iterative comparisons between support and query instances.
In this way, the matching between a customer and a business is optimized with explicit
attention to multiple other related check-in behaviors. Therefore, the limited check-ins are

comprehensively utilized to address the sparsity issue.

In addition, different from previous works, which treat historical user check-ins at a busi-
ness equally, we adaptively differentiate each user check-in by modeling the check-in reason
as a mixture of hidden factors, which is achieved by leveraging attention mechanisms. In a
nutshell, few-shot learning allows us thoroughly utilize the sparse check-in data. Differen-
tiation of user check-ins with attention mechanisms helps us model and understand users’

decision-making processes more comprehensively.
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In this work, we study the problem of potential new customer recommendation with
few-shot learning. In essence, we solve three challenges: (1) how to incorporate geographical
convenience and dependencies when making recommendations; (2) how to utilize few-shot
learning to model a recommendation task; and (3) how to differentiate user check-in behaviors

on the same business. To be more specific, the main contributions of this work are as follows:

e We decompose the geographical influence into geographical convenience and geograph-
ical dependency. The geographical convenience models the relative transportation
efforts of a check-in, while the geographical dependency modeling makes our model

neighborhood-aware.

e We are the first to apply meta-learning to location-based recommendation tasks and

formulate the problem as few-shot learning.

e To distinguish user check-in behaviours on the same business, we introduce multiple

self-attention mechanisms to explain each check-in against a set of reference check-ins.

e We present a comprehensive empirical evaluation of our approach against 13 recom-
mendation methods on two real-world datasets. The results show that our approach,
SEATLE, outperforms all baseline methods in suggesting potential new customers for

businesses in different cities.

In this work, user check-ins are represented as a collection of tuples {(b,u)} C B x
U, where B and U are the business set and user set, respectively. The task of new user
recommendation is to rank users given a business. The goal is to rank the true new users
higher than other candidates. The candidates here are all users who have not checked in

this business.

4.2 Few-Shot Learning Settings

This section describes the training of our method formulated as few-shot learning.
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Following the standard few-shot learning settings [57, 58, 85], we assume access to a
set of training tasks. In our problem, each training task T corresponds to the new user
predictions regarding a business b. During training, it learns to learn a generalized similarity
metric to compare a set of user-business tuples against some references for each task, with
each one designed to simulate the few-shot setting. Tasks are optimized one after another
multiple times. For each task, each time k observed check-in tuples are randomly sampled
as references, denoted as R. An observed check-in tuple refers to a business-user pair (b, u)
where the user u did check in business v in the dataset. In addition, two query sets, i.e., a
positive query set QT and a negative query set (Q~, are constructed, with each set made up
of ¢ tuples. Each query in Q" is also an observed check-in tuple regarding b, but distinct
from the ones in R. Each query in ()~ is a fake check-in tuple, where the user in the tuple
did not check in b. The model thus can be optimized by comparing two similarities, one
between a positive query and references, and the other one between a negative query and
reference for each business. Ranking loss is applied to conduct the model optimizations,
where the ranking loss measures how well the model distinguishes a positive query from a
negative query regarding a set of references. The optimizations run for multiple iterations
and each business is optimized more than one times. Note that for each optimization of
a business, we may select different observed check-ins as references and positive queries.
Similarly, we may construct different fake check-ins are negative queries. Once trained, the
embeddings of all observed check-ins regarding the same business are expected close to each
other in the hidden space, while the embedding of a fake check-in is expected faraway from

the embeddings of observed check-ins.

4.3 Overall Framework Utilizing Few-shot Learning

In this section, we explain how to model the recommendation task as few-shot learning, how

to incorporate geographical influence, and how to distinguish user check-ins in detail.

The proposed approach decomposes the recommendation problem into a set of tasks and

each task involves the user recommendations with respect to only one business. Figure 4.3
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Figure 4.3: Few-shot learning framework

shows the few-shot learning framework for each task. On the left side, a reference set R and
two query sets, a positive query set Q* and a negative query set (Q~, are constructed for a
business b. The reference set is composed of k random observed check-ins, where £k = 4 in
this example. The positive query set is made up of another random selection of ¢ observed
check-ins. But the check-ins in Q@ are mutually exclusive alternatives from the ones in R.
For illustration simplicity, c is set to 1 in the example. The negative query set is constructed
by building ¢ user-business tuples, such that each user in the tuple does not check in business
b. The reference set functions as the supports in the setting of few-shot learning. The two

query sets, based on the reference set, jointly conduct reasoning and inference.

The framework has two modules, an embedding module and a relation module. The
embedding module learns the representations of references and queries, while the relation
module compares the learnt representations and optimize them in such a manner that rep-
resentations of positive queries are similar to the ones of references, while representations
of negative queries are dissimilar to the ones of references. In the embedding module, F(-)
is a layer which learns the initial embeddings of reference, positive query, and negative
query tuples. By going through F', each reference/positive/negative tuple is represented by
a fixed-length vector. Attention is a layer which utilizes the attention mechanism to learn

the representative of the references. Self Attention is another attention layer, which takes
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both initial query and reference embeddings as inputs to generate the relative embeddings
for queries. The relative embedding of a query learns to use references to explain the user
check-in behavior encoded in the query. In the relation module, based on the learnt embed-
dings, we match each query in the query set to the reference representative by calculating
the similarity between them, denoted as sim(R, ¢). Then, we compare the score sim(R, g*)
of a positive query ¢t with the score sim(R,¢~) of a negative query ¢~. Ranking loss is
generated if a negative query is more similar to the reference representative than a positive

query is. The model gets optimized by minimizing such ranking loss.

In the following paragraphs, we first talk about what features we use to encode a user-

business tuple. Then, we explain the embedding module and the relation module.

Given a tuple (b,u), F(-) encodes four types of features: (1) business features, which
represent its service, quality, and other business self-related factors; (2) user features, which
represent his/her preference; (3) features indicating the geographical convenience of b for
user u; and (4) features indicating the geographical dependencies of b, i.e., the neighborhood
information of b. These four types of features collectively express how likely the user u will

check in the business b.
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Figure 4.4: Feature constructions

Figure 4.4 illustrates the initial embedding construction for a user-business tuple. Given
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a tuple, two vectors, a user embedding vector and a business embedding vector, are utilized
to encode user preferences and business self-related features, respectively. A geographical
convenience vector is constructed by considering the geographical location of the business and
the historical check-in locations of the user. A geographical dependency vector is constructed
to encode the neighborhood information of the business. These four types of information are
concatenated together and then fed into a fully-connected neural network to derive the initial
embedding of a user-business tuple. In Sections 4.4 and 4.5, we will present the geographical

convenience modeling and geographical dependency modeling in detail, respectively.

4.4 Geographical Convenience Modeling

In this section, we discuss how to model the geographical convenience of a business b for a

user u based on wu’s historical check-ins.

We apply the Gaussian mixture model [77] to make the inference. A Gaussian mixture

model is a weighted sum of M component Gaussian densities:

p(l|®) = Zamg U o ), (4.1)

where [ is a 2-dimensional location vector (i.e. latitude and longitude), ay,, m = 1,..., M,
are the mixture weights, and g(I|p,,>2,,) are the component Gaussian densities. Each

component density is a 2-variate Gaussian function of the form,

1 o~ 3 (1—p1m) S5 (1—pm)

Upm, Xm) = s 173 :

with mean location vector p,, and covariance matrix >,,. The complete Gaussian mix-
ture model is parameterized by the mean location vectors, covariance matrices and mixture
weights from all component densities. These parameters are further collectively notated by
®. For a particular customer, given a sequence of his 7 check-in locations, represented by

T location vectors L = {ly, ..,l7}, the GMM likelihood is written as:
p(L|®) = H p(l,|®).
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We use the Expectation-Maximization algorithm [78] to estimate the parameters. Due to

the space limit, we skip the detailed optimizations here.

To determine the number of Gaussian components M, we apply affinity propagation [79]
to cluster each customer’s check-ins. The number of clusters yields the number of Gaussian
components. After the GMM construction for a customer u, given the geographical location
Iy, of a business b, as shown in Equation 4.1, p(l,|®) gives the geographical convenience of

the business b for each user w.

We highlight that the geographical convenience, modeled by GMM, is superior to con-
ventional distance-based metrics, since it captures the relative geographical efforts of a visit,
which is capable of distinguishing customers with different traveling flexibility more accu-

rately.

4.5 Geographical Dependency Modeling

In this section, we show how to encode geographical neighborhood information using graphs
and how to model the dependence relationship among businesses using graph convolutional

networks [83].

The geographical correlations among businesses are modeled with a graph G = (V| E),
which encodes the geographical proximity. Each vertex v € V' represents a business and an
edge e € F with weight e~ %) connects every two vertices v; and vj, where A\(v;,v;) gives
the geographical distance between v; and v;. Formally, an adjacency matrix A is used to

represent G with A; ; = e Vi),

Graph convolutional network (GCN) is defined over the proximity graph, which allows
us to extract and aggregate neighborhood information for each vertex. A graph convolution
is defined as:

H®) = Sigmoid(D 2 AD : HOW®), (4.2)

with A = A + I, where I is the Identify matrix, which is added to capture business’ own

features during feature propagations. D is the diagonal node degree matrix of A. W®) is
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the weight matrix for the S-th layer in GCN, and H? is the output for the 3-th layer. In

particular, H® = X and H®) = Z, where X is the initial vertex feature matrix, Z is the
final outputs of GCN, with 3 indicating the number of layers in GCN.

For example, H} represents the initial features of business i. By going through GCN,
the information of i’s neighbors gets propagated to Hf . Therefore, HZB not only represents
the information of business ¢, but also that of its nearby neighbors. There are multiple
ways to construct the feature matrix X for businesses in the graph. In this work, we utilize
the business service types to achieve that. The service type of a business tells whether the
business is a museum, or a supermarket, etc. X, is constructed by its corresponding service

embedding.

4.6 Embedding and Relation Module

Algorithm 2 summarizes the training process. For each training epoch, we go through
the tasks one by one. For each task, we aim to distinguish positive queries from negative
queries regarding references. For a business b, we first sample a set of k£ observed check-ins
as the reference set, R = {(b,u}), ..., (b,u},)}. Then, we sample another set of ¢ exclusive
observed check-ins as the positive query set, QT = {(b,u]), ..., (b,ul)}. We also construct a
third set of ¢ fake check-ins as the negative query set, @~ = {(b,uy), ..., (b,u_)}. After the
constructions of references, positive and negative queries, we calculate the similarity between
each query in Q* U @~ and the references. We expect that positive queries are closer to
references, while negative queries are faraway from references in the hidden space. The
representations of queries and references are learnt through two attention mechanisms. The
closeness/similarity between a query and a set of references is calculated by comparing the
query embedding with the embedding of the reference representative. For each optimization
of a business, we randomly pair up positive queries with negative queries. Ranking loss
is adopted if a negative query is closer to the references than a positive query is. In the
following paragraphs, we discuss the representation learning of both queries and references,

the query-reference similarity calculation, and the ranking loss function in detail sequentially.
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Algorithm 2: Few-shot Training

Input: Meta-learning task set;

Output: A set of model parameters O;

=

Initialization: initialize © with Normal distributions;

2 foreach epoch = 1:N do

3 Shuffle the tasks in the task set;

4 foreach T, in the task set do

5 Sample a set R of observed user check-ins as references;

6 Sample a set QT of observed user check-ins as positive queries;

7 Construct a set ()~ of fake user check-ins as negative queries;

8 Learn reference and query representations;

9 Calculate the representative of the references with attention;
10 Calculate the similarities between references and the queries in Q" and Q~;
11 Calculate ranking loss £=3_ .

12 Update © based on gradients g o V.L;
13 Return ©;
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Query embedding: the query embedding is constructed by incorporating two types of
information. One encodes the user business interaction behavior itself and the other one
encodes the representation with attention to the references. In other words, we attempt
to use references to explain the user business interaction behavior in the query. F(-) in
Figure 4.3 yields the first part, while the second part is achieved by introducing a self-

attention mechanism. The scaled dot-product attention [86] is defined as:

Attention(Q, K, V') = softmax( W, (4.3)

Vg

where Q, K , and 1% represent the queries, keys, and values in the attention mechanism,
respectively. The attention operation calculates a weighted sum of all values, where the
weight between query ¢ and value j relates to the interaction between query ¢ and key j.
The scale factor \/% is used to avoid overly large values of the inner product, where dg is
the feature dimension of both Q and K.

In our case, the self-attention operation takes the query embeddings @ € R®*¢ and the
reference embeddings R € R**? as inputs, converts them to three matrices through linear

projections, and feeds them into an attention layer:
Q" = Attention(QW<, RWX RWV), (4.4)

where the projection matrices W, WX and WV € R%?  The self-attention result Q*
learns the embedding of a query by comparing the closeness between the query and all
references. Q! is a weighted sum of reference embeddings, where each weight gauges the
behavior similarity between the query and a reference. In this way, Q® encodes the user-

business behavior of the query explained by references.

We employ residual shortcut connection [87] to derive the final representations for queries

(), denoted as <™, as follows:

Qcom — QR + Q (45)

The representation Q™ is composed of two parts, i.e., Q¥ and Q. QF reflects the relation

between the query and references, while @ represents the check-in behavior itself of the
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query. In particular, Q' captures the scenario when the check-in behavior of a query can be
well explained by references. The self-attention mechanism allows Q focus on relevant ref-
erences. Most positive queries can benefit the representation learning from the self-attention
mechanism. However, it may not work all the time. For example, the sampled references
may not cover the reason of a check-in for a positive query. Or for negative queries, the
references are not designed to explain the fake interactions at all. When the references fail
to explain, Q' encodes the information of Q. In such cases, we learn from the query itself,
encoded in Q. The residual shortcut connection as shown in Equation 4.5 well captures the

different scenarios without introducing extra parameters.

Reference embedding: for the references, we calculate the reference representative
R as a weighted sum of each reference, where the weights can be derived from a second

attention mechanism.
o; = softmax(c(WaR; +by) V7). (4.6)
R=> wR, (4.7)
i
Equations 4.6 and 4.7 summarize the representative calculation. Each reference R; is first
fed into a one-layer neural network, the outputs of which, together with the context vector
Ve, are further used to generate the importance weight «; for each reference R; through a

softmax function. The representative R is calculated as a weighted sum of the references

based on the derived weights.

Similarity and loss function: Given a set of references R and a query ¢, the similarity

sim(R, q) between R and ¢ is defined as the dot product between R and g*™. Formally,
sim(R,q) = R - q“™. (4.8)

We apply hinge loss to gauge the ranking error defined on references R, a positive query ¢*,

and a negative query ¢ :
¢ = max{0, sim(R,q") —sim(R,q") + 7}, (4.9)

where v is the margin. Losses are generated only when the negative query is closer to the

references than the positive query regarding a margin ~.
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As shown in Figure 4.3, users in the reference set choose to check in a business due
to various factors, such as the cost, the cuisine type, the convenience to get there, and
the neighborhood services etc. Similarly, a user in the positive query set decides to check
in the same business due to only one or a mixture of the above factors. The attention
mechanism in the query embedding constructions learns to assign importance weights to the
seen references. This enhances the reasoning between queries and references, which is key
in few-shot learning. The attention mechanism in the reference representative constructions
are shared among all tasks and it adaptively analyzes and memorizes the key factors that
result in users’ check-ins. The memorized knowledge are generalized and transferable among
different tasks. Therefore, the knowledge gained from businesses with rich check-ins can
benefit the parameter learning for businesses which provide similar services, but have fewer

check-ins.
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CHAPTER 5

Click Feedback-Aware Query Recommendation Using

Adversarial Examples

5.1 Background

The effectiveness of keyword-based search engines, such as Google, Bing, and Yahoo, depends
largely on the ability of a user to formulate expressive search queries. FExpressive search
queries clearly and unambiguously describe users’ search intents and bring users directly
to the desired information, which make search engines powerful tools for tapping into the
wealth of knowledge accessible through the world-wide-web. In practice, translating human
thoughts into concise sets of keywords to form queries is never straightforward [88]. This is
particularly true for search engine users, who are mostly untrained casual users. In many
cases, casual users have very limited background knowledge about the information they are
searching for. To assist users in formulating queries, modern search engines are equipped
with query suggestions [1,5,33,34]. Given a user query, a query suggestion system deduces
the search intent of the user by recommending a set of queries that are more expressive
than the original user input. Our goal is to investigate the key concerns of existing query

suggestion systems and to propose a novel approach to improve the suggestion performance.

Web search queries are usually very short, typically with only one or two keywords
each [3,89]. Short queries lead to the ambiguity issue. For example, the query “apple price”
can refer to Apple stock price, the price of various Apple electronic products, or the price of
an apple as a kind of fruit. Up to 23.6% of web search queries are reported to be ambiguous

in [90]. The ambiguity weakens the expressiveness of queries because the search engine may
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not understand the users’ hidden search intents. This results in poor rankings of retrieval

results and jeopardizes user experiences consequently.

A successful query suggestion system depends on understanding and modeling user search
intents accurately. The user search intents lie in interactions, i.e., searches and clicks, between
users and search engines. These interactions are generally partitioned into groups to form
search sessions based on the time when they happened. Each search session is driven by
consecutive related search queries and clicks of search engine users. In a search session, a
user refines his/her original query and submits a sequence of follow-up queries to pinpoint
his/her information need. Between two issued queries, the user may also click suggested
queries to explore. The issued queries, together with the clicks, jointly allow us to accurately
understand users’ hidden search intents and come up with appropriate queries as suggestions.
Unfortunately, most existing works merely consider clicked suggestions as feedback when

modeling user search intents.

To conduct feedback-aware query suggestions, we mine search logs. A search log con-
tains historical records, each of which registers the details of a web search conducted by a
user. Table 5.1 shows some sample records extracted from the search log of a real search
engine. Each record includes a query string, an anonymous user ID by whom the query
was formulated, query submission time, the query suggestion subsequently clicked by the
user (if done), and the suggested queries shown on the search page with the clicked ones
highlighted in bold. The sample records show two search sessions. In the first session, user
A first submitted query “apple” to the search engine, and then clicked the second query
suggestion “apple stock” in the suggestion list. After that, the user issued the second query
“apple price”, and clicked the suggestion “apple price per share”. The second search session
involved a different user, B. S/he started searching with the query “disney”, and then clicked
“disney cartoons” in the suggestion list. He/she continued the search with the query “disney
shows” and clicked “disney channel cartoons” subsequently. From the first search session,
we can see that the clicked suggestion “apple stock”, as feedback of the user, compensates

for the ambiguity of the second issued query “apple price”. It provides us with extra infor-

39



mation to infer the underlying search intent of the user, which is to know the stock price
of Apple instead of the price of Apple electronic products, such Apple iPhone. The clicked
suggestion “disney cartoons” in the second search session also implicitly indicates that the
user was interested in disney cartoons shows when the user search for “disney shows”. These
observations motivate us to include user feedback when modeling the search intents of search

engine users.

Various research works have been carried out to tackle the task of query suggestion.
Among them, neural network based models have made impressive progress over the past few
years [5,6,38]. Deep neural network models mimic the learning process of human brains.
Training these neural network models generally requires a large amount of training data to
achieve excellent performance. However, for search related tasks, search queries involved
are very sparse, and generally follow a long-tail distribution. Thus, those tail queries, with
low probabilities in the data distribution, lack abundant training supports. In addition, the
suggested queries are highly relevant to each other in most cases because they are all related
to the search query in semantics. Distinguishing suggestions to be clicked from the ones
that won’t be clicked and ranking them take extreme efforts. Therefore, there tends to be a
great performance gap between training and test. The trained model can be very sensitive to
unseen perturbed queries. This is because queries are very short and a subtle perturbation
on a query can lead to different or even the opposite search intent. For example, considering
two queries “Obama son” and “son Obama”, the first query is asking who is the son of
Obama, while the second one, with the two terms order exchanged, is more likely to inquire
who is the father of Obama. Other perturbations include adding/deleting characters/terms
from queries, typos in the query, and perturbations that are too small to be expressed
on text levels but significant enough to cause the suggestion system to rank improperly. In
general, human perception and cognition are robust to a vast range of nuisance perturbations.
However, neural networks are currently far from achieving the same level of tolerance of such
perturbations [46]. This motivates us to investigate the robustness property of modern query

suggestion systems and propose an appropriate method to achieve high tolerance.
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Before we proceed to describe the details of the proposed approach, we enumerate the

key properties that a good query suggestion system should observe:

e [Context-Awareness| The recommender should be aware of the sequential search
queries issued by the user. These sequential queries implicitly inform the search intent

of the user.

e [Feedback-Awareness] The recommender should also be aware of user clicks. User
clicks, as an additional information source, can potentially reduce query ambiguities

and allow us to understand user search intent comprehensively and more accurately.

e [Robustness] The recommender should increase the generalization of the original
training data and improve the resistance to nuisance perturbations to the extent as
extreme as possible. This reduces the performance gap between training and test, and

provides favorable rankings of suggestions robustly.

A search sequence S, represented as a sequence of search queries < Q7, Q3 ..., Q}S\}l >,
is submitted successively by a single user within a time interval. Each query in the search
query is associated with corresponding click-through information (if happens), which is a set
of clicked suggestions for that query. A clicked suggestion sequence C, < Q¢, QY ..., 62]\042 >,
is formed by ordering the clicked suggestions increasingly by the time the clicks happens.
The goal of this paper is: Given a set of candidate queries Q..,, we would like to generate a
ranking of candidates, with each candidate Qcan € Qcan, s0 that the ones to be clicked rank

as high as possible.

Take the first search session in Table 5.1 as an illustrative example. Given the search
query sequence () = <“apple”, “apple price” >, the clicked suggestion sequence C' = < “apple
stock” >, and a set of suggestion candidates Q.., composed of “apple price targets”, “iphone
apple price”, “apple price per share”, “apple”, “apple fruit price”, “apple stock price”, “does
apple price match”, and “apple price today”, we would like to generate a ranking of the
queries in Q.., such that the clicked suggestion “apple price per share” ranks in the first

place.
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Table 5.1: Sample search log records

UserID | Query String | Time Clicked Suggestion Suggested Queries

apple store, apple stock, apple.com, apple iphone xs max

A apple 2018-07-01 09:10:01 | apple stock
apple id, itunes, icloud, google maps

apple price targets, iphone apple price, apple price per share, apple

A apple price 2018-07-01 09:11:03 | apple price per share
apple fruit price, apple stock price, does apple price match, apple price today

walt disney world, disney world tickets, disney world, disney experience

B disney 2018-07-03 12:12:02 | disney cartoons
disney orlando, disney cartoons, disney store, disney junior

disney shows list, disney xd shows, disney tv shows, popular disney shows

B disney shows | 2018-07-03 12:22:20 | disney channel cartoons

disney channel cartoons, list of disney tv series, 2018 disney channel shows

Candidate generation

Candidate source 1: Candidate source k:
Search query sequence  Current search query
S . |:l[> - . :D apple stock price apple price per share
Q'y: apple Q’2: apple price apple juice price | - apple price target
iphone price apple price match

Clicked suggestion

’ Q¢;: apple stock ‘

Candidate ranking

1. apple stock price
2. iphone price

7. apple juice price
8. apple price match

Figure 5.1: Query suggestion pipeline

In the following sections, we discuss how to make query suggestions based on the search
and click interactions between users and search engines. To achieve effective and efficient
query suggestions, we decompose the task into two components. First, based on the search
query, we generate a set of relevant queries as suggestion candidates. These suggestion can-
didates are informative to cover different interpretations and aspects of the search query.
Second, we rank the suggestion candidates based user’s entire search query sequence and
clicked feedback. Only the top ones are selected and shown to the user as query sugges-

tions. Figure 5.1 shows the framework of CFAN using the search sequence < “apple”, “apple
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price” > as an example. After a user first searched “apple” and clicked a suggestion “apple
stock”, the user issued a second query “apple price” as the current search query. To make
suggestions for “apple price”, we first generate suggestion candidates from multiple sources.
These suggestion candidates are further ranked based on entire search sequence and the

clicked suggestion “apple stock”.

5.2 Candidate Generation

Given a search query @, the candidate generation component is responsible for construct-
ing an informative set of expressive queries Q.., as suggestion candidates. An expressive
suggestion candidate clearly and unambiguously describes the search intent of the user. An
informative set of suggestion candidates are queries, that are diversified to cover different

interpretations and aspects of the search query.

To generate such diversified informative and expressive suggestion candidates, multiple
sources can be incorporated, such as search sessions and contextual information in search
logs, related keywords from trending news, etc. in this work, we incorporate two main sources
based on the search log. The first key source generates suggestion candidates based on query
dependencies in search sessions. Given a search query, the follow-up search queries in the
same search session tend to be more expressive and informative. Therefore they are adopted
as suggestion candidates. As shown in Table 5.1, “apple price” is searched after “apple” in
the first search session. Therefore “apple price” qualifies as a suggestion candidate for query
“apple”. Another key source for candidate generation is based on prefix matching between
the search query and historical search queries in the search log. For example, “apple stock”
qualifies as a suggestion candidate for query “apple” since the search query “apple” is a valid

prefix of “apple stock”.

After generating suggestion candidates, the candidates are further ranked based on a
combination of statistical features, i.e., the total number of submissions within last week,

last month, and last year. Only top suggestion candidates are kept for further ranking in the
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Table 5.2: Training instances constructed after user A searched “apple”, “apple price” and

clicked “apple stock”.

type | issued queries ) | clicked queries C' | suggestion candidate Qcan
Ins™ | apple, apple price | apple stock apple price per share
Ins™ | apple, apple price | apple stock apple price targets

Ins™ | apple, apple price | apple stock iphone apple price

Ins™ | apple, apple price | apple stock does apple price match
Ins™ | apple, apple price | apple stock apple fruit price

Ins™ | apple, apple price | apple stock apple stock price

Ins™ | apple, apple price | apple stock apple

Ins™ | apple, apple price | apple stock apple price today

candidate ranking component (see Section 5.3), while others are filtered out. The purpose
of filtering out these less frequent suggestion candidates is to not only generate popular and
fresh candidates, but also guarantee that recommendation services respond in real time. In
a nutshell, given an input query ), the candidate generation component will return a set of

relevant queries as suggestion candidates.

5.3 Candidate Ranking

In this section, we will discuss how we rank the suggestion candidates by mining the historical
interactions between users and search engines. To better explain the ranking process, we
first discuss the construction of training instances. Then, we go into details on how to utilize

these instances to train CFAN.

Training instances are constructed from the historical search logs. Each instance contains
a sequence of user issued queries S, a sequence of user clicked queries C, and a candidate
suggested query Qean. Two types of instances are constructed, i.e., positive instances and
negative instances, denoted as Ins™ and Ins™, respectively. A positive instance is constructed

if S and C' jointly lead to the click of () subsequently, while a negative instance is constructed
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if a query Q is not clicked after S and C. In particular, to generate strong negative instances,
only query (), shown together with Q after searching the last query in S, is considered as
a candidate query in the construction of negative instances. Positive instances Ins™ and
negative instances Ins™ jointly define the overall matching and ranking performance among a
search query sequence S, a clicked suggestion sequence C', and a set of suggestion candidates
Qcan. We further define such a set of Ins™ and Ins™ as a training view, denoted as V.
Table 5.2 shows the training instances of a training view constructed after user A searched
queries “apple”, “apple price”, and clicked “apple stock” based on the search log shown
in Table 5.1. In this training view, eight instances are constructed. There is only one
positive instance, since the user clicked only one suggestion “apple price per share” from
the suggestion list, leaving the other seven suggestions unclicked. Each of the unclicked

suggestions forms a negative instance.

Note that given a sequence of search queries S and a sequence of clicked suggestions
C, only if at least one suggested queries are clicked after the submission of the last query
in S, a training view V will be constructed. Positive instance Ins™ and negative instance
Ins™ in V are constructed based on whether the corresponding suggestion is clicked or not,

respectively.

The clicks in the constructed training views allow us to tap into the wisdom of the crowds
and provide a more favorable ranking of suggestions when running into the same or similar
search and click scenarios. Given such scenarios, we expect the previously clicked suggestions
rank ahead of those unclicked ones. To achieve this goal, Equation 5.1 shows the ranking
loss function in CFAN over one training view V.

5" gel(ins™)

insteV
Lossranking(©) = —log(1 + - < — ), 5.1
k g( ) ( Z g@(lns+) + Z g@(lns ) ) ( )

insteV insTeV

where © is a set of parameters defining the ranking model, and gg(ins) is a scoring function,
which gives the ranking score of an instance. We use ins/ins™ /ins™ to represent the embed-
ding of a general /positive/negative instance, respectively. By minimizing Equation 5.1 over
)

all training views, geo(ins™) is trained to have a high ranking score for clicked suggestions,
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while for unclicked suggestions, ge(ins™) is trained to have a low score.

In the following paragraphs, we will discuss how to represent an training instance Ins
using searched queries S, and clicked queries C, and a target suggestion (). After that, we

will discuss how to model the ranking function gg(ins), and the training and optimization

of CFAN.

5.3.1 Search Intent Encoder

As we mentioned in the introduction, a user’s search queries and clicked queries jointly help
pinpoint his/her information need. A good search intent encoder is expected to incorporate
both of them when modeling search intents. Note that both user search queries and clicked
queries are inherently a sequence of queries; therefore, we first discuss how to model a single
query through a query encoder. Then, we move on to the discussion of sequential query

modeling through a query sequence encoder.
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Figure 5.2: Query encoder with perturbed embeddings.

[Query Encoder.] Generally, queries contain different numbers of terms. In addition,

different terms in a query contribute unequally to the meaning of the query. For example,
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to search for the height of Barack Obama, users may formulate queries such as “how tall is
Barack Obama”, “height of Barack Obama”, or even “Obama height”. These three queries
contain five, four, and two terms, respectively. Consider term importance in the first query,
“tall”, “Barack”, and “Obama”, these three terms, contribute more to understand the search
intent of the query than the other terms, i.e., “how” and “is”, which are generally less
informative. In this work, we apply bidirectional GRU [91] and attention mechanism [86] to

derive embeddings for a query Q.

Figure 5.2 shows the architecture of the query encoder. Given a query @);, composed of a
sequence of terms < T}y, ..., Ty, ..., Tipr >, where M is the number of terms in );, we first
embed each term Tj,, to an vector t;,, through an embedding matrix as shown in Equation 5.2.
To train robust models, adversarial examples are introduced by adding perturbed embeddings
r into t (See more details in Section 5.3.2). We then use a bidirectional GRU to get the
query embedding by summarizing information from both directions for terms in a query.
The bidirectional GRU contains a forward GRU 7 which reads query Q; from Tj; to Tjy
and a backward GRU 7 which reads from T}, to Tj;:

tim = Emb(T,,,), m € [1, M]. (5.2)
F i = GRU (ti),m € [1, M]. (5.3)
?Z-m = (Wf(tim),m e [M,1]. (5.4)

We obtain a representation h;,, for each term 7;, in query @); by concatenating the for-

— “— —
ward hidden state h ;, and backward hidden state h ;,, i.e., by, = [ R in; %Zm], which

summarizes the information of the whole query but centered around term Tj,,.
Since not all terms in a query contribute equally to the search intent embedded in the
search query, attention mechanism is applied to extract such informative contributing terms

and aggregate the embeddings of these terms to construct a query vector.

Uim = tanh(Whi, + by,). (5.5)

exp (ul )

> exXp (Ul ) (5.6)

Qym, =
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Equations 5.5, 5.6, and 5.7 show the attention process on the query term level. The term
embedding h;,, is first fed into a one-layer MLP to get w;,. Then, wu;,, is further used to
derive the normalized importance weight «;,, through a softmax function. Finally, the query

vector q; is computed as a weighted sum of the term embeddings based on the weights.

[Query Sequence Encoder.] A query sequence is composed of a sequence of queries
< Q1, ....Qi, ..., Qn >, where N is the number of queries in the sequence. Both user
search queries and clicked queries are essentially query sequences. Given a query sequence
< Q1, ...,Q;, ..., Qn >, the query sequence encoder is expected to encode the hidden search
intent in it. Similar to the structure of query encoder, the query sequence encoder contains a
bidirectional GRU layer and an attention layer. The differences are two-fold. First, the query
sequence encoder takes query embeddings as inputs. Second, there are no perturbations in
query sequence encoder. Formally, a bidirectional GRU is first applied to encode the query

sequence:

71’ = m(qi%i € [LN]? (5'8)
¥ =GRU(q).i € [N, 1], (5.9)

The representation of a query @); in the sequence is constructed by concatenating ?Z and
—
?i, i.e., h; =[h;; h;]. h; summarizes the neighbor queries around query @; but still focus

on the meaning of query Q);.

To reward queries that pinpoint the search intent of the user, query level attention mech-
anism is applied.
u; = tanh(Wih; + by). (5.10)

exp (ufuy)
= =12
> exp (u] us)

s=> ah, (5.12)

(5.11)

Equations 5.10, 5.11, and 5.12 summarizes the attention process on query level. Finally, s

gives the query sequence embedding that captures the search intent embedded in sequential
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queries < @1, ...,Q;, ..., @n >. In a nutshell, given a query sequence, we first use query
encoder to derive the embedding for each query in the sequence. Then, we use query sequence

encoder to further construct the embedding of the query sequence.

Q, in issued queries S

ins

Qy in issued queries S .-

Q in clicked queries C

Figure 5.3: Training instance construction based on search sequence S, clicked sequence C,

and suggestion candidate Qcan.

Given a training instance Ins, which is composed of a search query sequence S, a clicked
query sequence C', and a suggestion candidate (.., we use the same query sequence encoder
to derive the embeddings for S and C, denoted as s and ¢, respectively, and we use a
query encoder to encode the candidate ()can, with its embedding denoted as gq. We use the
concatenation of s, ¢, and g, i.e., [s; ¢; q] to get the embedding ins to represent the instance

Ins. Figure 5.3 summarizes the process.

5.3.1.1 Matching query sequences and suggestion query

Given a sequence of issued queries S, a sequence of clicked queries C'; and a suggestion

candidate Qc.,, we aim to explicitly derive the matching among S, C', and Q... We follow
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approaches [92] and [93]. We define the matching score among s, ¢, and q as follows:
Sim(S, C, Qean) = (5 + €)' Wing, (5.13)

where W, € RI#I¥l9l is a similarity matrix. In this module, s + ¢ explicitly combines the
search intent embedded in search queries S and clicked suggestions C. We seek a trans-
formation of the candidate query Q... that is the closest to s + ¢. The similarity matrix
Wi is a parameter of the network and is optimized during training. Sim(S, C, Qcan) is then

explicitly appended to ins as a feature.

5.3.2 Learning and Optimization

Adversarial training is a novel technique for training models to improve robustness to small,
approximately worst case perturbations. The adversarial training process can be viewed as
minimizing the worst case error when the training instances are perturbed by an adversary.
It can be interpreted as learning to play an adversarial game, trying to minimize an upper
bound on the expected loss over noisy instances. Adversarial training can also be viewed as
a form of active learning, where the model actively requests labels on new instances. In the
case of adversarial training, the new instances are constructed by introducing perturbations
to existing instances. In addition, the human labelers are replaced with a heuristic labeler
that copies labels from nearby instances. In the following paragraphs, we will discuss how

we construct adversarial instances and apply adversarial training on CFAN.

When learning CFAN without adversarial examples, CFAN is optimized by learning only
the ranker, formulated as finding a set of parameters ©, that minimize an empirical ranking
loss as shown in Equation 5.1 for a given set of training views. In adversarial training, we
construct adversarial perturbations on training instances in order to cause a misbehavior of
CFAN on a training view V. The misbehavior refers to the event that CFAN ranks unclicked
suggestions ahead of clicked suggestions. To construct such adversarial perturbations, we
introduce a binary classifier, which learns the labels of training instances in V. For each

instance, the loss function Lossqs(©) of the classifier focuses on reducing the binary cross-
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Figure 5.4: The training framework of CFAN.

entropy [94] between the predicted probabilistic score §2_ and the gold standard yi,s as

follows:
Losscis(©) = —[yins 10g(Jins) + (1 = Yins) 10g(1 — Fins)], (5.14)
where 42 = go(ins).
To increase the classification difficulty, we aim to identify a bounded perturbation 7,4, for

each ins such that the classification loss on ins+ 7,4, is as large as possible. The adversarial

loss of the classifier becomes:

Losscis adv(®) = _[yins log(@i(?ls+radv) + (1 - yins) log(l - gi?‘ls—&-radv)]a (515)
where
Tadv = argrﬁi\&e[yins IOg(gigns—i-r) + (1 - yins) log(l - gi?ls—i—r)]‘ (516)

© is the set of current parameters defining the classifier, r is a perturbation on the input
ins, gi(?ls 4 gives the predicted score of the perturbed instance based on the current set of

parameters, and € is a parameter to bound the perturbations.

Calculating the exact value of r,qy is not feasible, because exact minimization of Equa-

tion 5.16 with respect to r is intractable. To derive dynamic perturbations efficiently, we
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apply fast gradient sign method [47] to approximate the perturbation r,q,. We linearize
the cost function 5.16 around the current value of ©, and obtain an optimal max-norm

constrained perturbation of

Tadv = _El/HlH27 (517)

where

l = VinsLosscls(é)). (5.18)

Based on Equations 5.17 and 5.18, the perturbation for each instance can be calculated
efficiently via back-propagation. Adversarial instances can be constructed by adding the

derived perturbations 7,4, to the corresponding instance embeddings ins.

To train a robust suggestion system with good ranking performance, the objective of

CFAN combines the loss functions of both adversarial classification and ranking as follows:

loss(©) = Z 10SScls adv (©) + 10SSranking (©). (5.19)

inseV

The classification component and the ranking component share the same set of parameters.
The classification component dynamically generates adversarial instances, while the ranking
component generates favorable rankings of query suggestions, pushing clicked suggestions to
top positions and pulling unclicked suggestions to bottom positions in ranking lists. Fig-
ure 5.4 shows the training framework of CFAN. At each step of training, we first identify the
worst case perturbations r,q, for each training instance against the current model as shown
in Equation 5.16. Then, perturbed instances are constructed by adding the perturbations to
the corresponding instances. At last, we optimize the classifier and the ranker simultaneously

on the perturbed instances through minimizing Equation 5.19 with respect to ©.

As shown in Equations 5.17 and 5.18, easy classified instances with small classification
losses tend to get large perturbations while difficult classified instances with large classifi-
cation losses tend to get small perturbations. When training the classifier and the ranker
simultaneously as a multi-task job in Equation 5.19, perturbed instances not only increase
the difficulty for the classifier to make accurate predictions, but also drive the ranker to

make improper behaviors, i.e., ranking unclicked suggestions ahead of clicked ones. These
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adversarial perturbed instances regularize CFAN to be insensitive to changes in the inputs
(i.e., ins) with perturbations smaller than the bound e. More precisely, optimizing these ad-
versarial perturbed instances allows CFAN to be aware of ranking tough instances. This is
particularly important for modern suggestion systems since suggestion candidates are highly
semantically relevant to the search query in most cases. Training with adversarial examples
equip CFAN with the power to distinguish such tangled suggestion candidates, which, in

return, yields a robust model with good ranking performance.
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CHAPTER 6

Automatic Speaker Recognition with Metric

Learning-based Few-shot Learning

6.1 Background

Within the last couple of years, voice has become one of the most ever-growing media through
which people interact with their devices. For instance, over 47 million people in the United
States own a smart home device while 23% of the Britons have a voice-controllable digital
assistant at home in 2018 [95,96]. To ignite the interactions between smart devices and
their owners, automatic speaker recognition (ASR) plays an important role to determine the
speaker identity based on a short piece of audio. Moreover, the capability of ASR comes
with a wide range of applications, such as biometric authentication [97], forensics [98], and
personalized services in electronics [99]. In particular, the text-independent ASR with only
acoustic information is the most general and non-trial task, which can be used in everyday
situations. In text-independent ASR, an arbitrary utterance from one of the known speakers
in training set will be given and the system needs to identify which speaker the utterance

belongs to.

Deep learning-based ASR methods are gaining popularity due to strong model capacities
and superior performance [7,8,10,11]. Most incremental improvements in existing deep
learning methods rely on the use of deeper and more complex models with massive training
data. More specifically, there are two inherent limitations for existing approaches. First,
increasing model complexity is not always desirable in practice because of the greater costs

of computation and storage. It thus becomes expensive to get such methods deployed in
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smart devices to provide offline services. Second, acquiring sufficient labeled training data
for all speakers is impractical [100] while the lack of training supports can lead to worse
generalization and high vulnerability to tiny perturbations for existing deep learning-based
ASR methods [101,102]. Hence, developing effective techniques for ASR with limited training

data remains a daunting task.

To achieve remarkable performance with limited training data, meta-learning is one of
the most promising approaches to comprehensively utilize the limited training instances.
More specifically, meta-learning systematically observes how machine learning approaches
perform on a wide range of similar learning tasks, and then learns to learn new tasks more
efficiently [84]. In particular, few-shot learning is a contemporary meta-learning approach
that introduces an auxiliary meta-learning phase to generalize and share transferable knowl-
edge across tasks. To learn from extremely limited data, one type of few-shot learning,
based on metric learning, looks to light-parametric models, which learn a distance metric
among training instances rather than myriad model parameters [57]. More precisely, the
essential knowledge can be learned and memorized by reasoning the distance metric between
instances in a support module and a query module. Instances in the support module are
labeled instances, thereby serving as references. Based on the reference instances, the query
instances are then able to conduct reasoning. Finally, metric-learning-based few-shot learn-
ing models can be optimized by iterative comparisons between support and query instances
such that instances from the same speaker are embedded as close to each other as possible

in the hidden space and as far as possible from instances of the other speakers.

To comprehensively exploit the training instances, an alternative way is to generate aug-
mented data based on the training set. Different from conventional methods that separately
augment data apart from the training process, we construct augmented data automatically
by leveraging adversarial training. In particular, we construct dynamic perturbations at the
embedding level to form adversarial examples. These adversarial examples are formed by
applying small but intentional perturbations to inputs from the dataset. Specifically, these

adversarial examples can be treated as ultimate data augmentation as specific perturba-
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tions are created to best fool the model. Accordingly, the model trained in an adversarial
manner can not only learn from the original static training data but also improve based on
the dynamically constructed perturbed data. As a result, adversarial training significantly
improves the robustness of ASR models and achieves out-of-instance generalization while
the robustness is crucial for the security-sensitive ASR task. In a nutshell, data augmen-
tation through adversarial training provides another effective solution to thoroughly utilize
the training instances and train models resistant of nuisance perturbations to achieve high

generalizations in both training and test.

In this work, we study the problem of speaker identification with a shortage of training
data. In essence, we address the data deficiency issue by applying few-shot learning and

adversarial training. To be more specific, the main contributions of this work are as follows:

e Different from conventional neural network-based methods, which rely on the availabil-
ity of a sufficient amount of training data to achieve high identification performance,

we model it as a few-shot learning problem to conquer the data deficiency.

e To further improve the generalization of the model, we employ adversarial training.
Adversarial examples serve as dynamic augmented data, the optimization of which

results in a more generalized and robust speaker recognition system.

e We present a comprehensive empirical evaluation of our approach on a real-world
dataset. The experimental results show that our approach, AFFEASI significantly

outperforms 11 conventional baseline methods in speaker recognition.

Given a short piece of audio x and its mel frequency cepstral coefficients (MFCCs) m,
as features, the goal of this paper is to recognize the speaker identity y among a set of
known speakers. In particular, in this work we focus on text-independent automatic speaker
identification by leaning from limited pieces of training audios. To achieve this goal, we strive
to thoroughly utilize the limited instances during training by leveraging few-shot learning

and adversarial training.
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6.2 Framework Overview

In this paper, a metric-learning-based few-shot learning pipeline is applied to perform N-shot
learning for previously rare speakers. More precisely, the model is capable of recognizing a

previously rare speaker after having examined only N examples, where N is a small number.
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Figure 6.1: The overall framework of AFEASI.

Figure 6.1 shows the framework of AFEASI that performs speaker identification by con-
ducting N-shot, K-way classification tasks with a support set of K different speakers and
N training audio instances for each speaker in the support set. In addition, a set of query
audio instances is given for prediction. Note that although Figure 6.1 shows only one query
instance for illustration simplicity, AFEASI can cope with multiple query audio instances.
For each audio instance x, AFEASI first extracts the mel frequency cepstral coefficients
(MFCCs) [103] as acoustic features m, , thereby deriving a fixed-length vector as the audio
embedding F, with an embedding layer. Based on the embeddings of audio instances, an
aggregated embedding is constructed as the representative for each speaker in the support
module. AFFEASI then optimizes the distances between the embeddings of the query in-
stances and the representatives of the corresponding speakers so that the representatives

can be applied to recognize the speaker identity. The process of the optimization can be
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summarized as finding a distance metric into a space in which instances of the same speaker
are embedded as close to each other as possible and as far as possible from instances of the
other speakers. To further comprehensively utilize the training data, we introduce dynamic
adversarial perturbations on the query instances to enhance the generalization of AFEASI
through improving its robustness against unseen instances. To better visualize this part,

adversarial learning is highlighted in red in the framework.

6.3 Embedding Representation Learning

In this section, we discuss how to construct an embedding given a piece of audio x;.

We first convert the audio signal into frequency domains by constructing the mel fre-
quency cepstral coefficients (MFCCs) [103] as acoustic features, which is denoted as m,,. A
2D-convolutional layer is first utilized to extract informative features from the raw MFCC.
Then the resulting feature maps are fed into an activation layer to introduce non-linearity.
We further employ residual shortcut connection [87] to derive the representations for the

audio MFCC. Equation 6.1 summarizes the key operations as follows:
C, = Relu(Relu(Convy(m,,)) + m,,), (6.1)

where Relu(-) and Convy(-) are the activation layer and the 2D-convolutional layer, respec-
tively. To comprehensively distill the local features, we repeat the above residual-based

covolutional operations for H times as:
C;, = Relu(Relu(Convy(Cp-1)) + Cp—1), h > 1, (6.2)

where C}, is the feature maps at the h-th convolutional layer. Finally, the embedding E,, can
be constructed by flattening the feature maps C'y at the H-th convolutional layer, thereby

serving as the representation of the input audio x;.

o8



6.4 Representative Embedding Construction

As shown in the support module of the framework, for each speaker, we aim to derive a rep-
resentative embedding, which summarizes the acoustic biometric of the speaker. We develop
an aggregation attention layer to learn the importance weights across each audio embedding
of a particular speaker. Formally, the aggregation attention layer can be represented as
follows:

a; = softmax(c - tanh(W - E,. + b)), (6.3)

Ep=)Y oFE,, (6.4)

where W and b are the parameters for computing the attention weights ;. Each audio
embedding F,, is first fed into a one-layer neural network. Its output, together with the
context vector ¢, are further utilized to generate the importance weight «; for each audio
embedding F,. through a softmax function. The aggregated embedding Ef is calculated as

a weighted sum of the audio embeddings based on the learned importance weights.

6.5 Few-Shot Learning

In this section, we discuss how to model the speaker identification task as a few-shot learning
problem. A metric learning-based few-shot learning framework is employed in this work,
which is composed of two modules, i.e., a support module and a query module. As shown in
Figure 6.1, we first randomly sample a set of speakers from the training set as the start to
construct the support module. For each speaker in the support module, we further randomly
sample k pieces of his audio instances and derive the corresponding MFCCs. These MFCCs
are further fed into an embedding layer so we can use a fixed length vector to represent each
audio instance. To comprehensively represent the acoustic feature of a speaker, we utilize
the attention mechanism to aggregate his acoustic embeddings. In the query module, we

randomly select a piece of audio from a speaker, which is one of the speakers in the support
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module. We feed it into the embedding layer to derive the audio embedding. We then
compare the distances between the query embedding and all the representative embeddings
in the support module. The distances then are utilized to measure the relegation distribution
over all speakers int support module. Model is optimized by such iterative comparisons and

reasoning between the support and query modules.

In the comparisons and reasoning, we seek to separate audio embeddings in such a way
that embeddings from different speakers are far from each other and embeddings from the
same speaker are as close as possible in the hidden space. We achieve this by leveraging
metric learning. In particular, the predicted probability of query g belonging to speaker k is
given by:

exp(—d(q, Ry.))

p<yk|Q) = Zk/ exp(—d(q, Rk/»’ (65)

where d(q, Ry) is the euclidean distance between the embedding E, of query ¢ and the

representative embedding Er, of speaker k.

The loss function is then defined as the cross entropy between the predictions and the

ground truth.
L(©) == g(ylg)log p(yxlg. S.©), (6.6)
k

where g(yx|q) is probability that ¢ goes to speaker k, which can be derived from the ground

truth, and S denotes a set of audio representatives in the support module.

6.6 Adversarial Training

The goal of employing adversarial training is to allow the identification system not only get
optimized by the instances in the training data, but also be robust to unseen adversarial
perturbations. To enhance the robustness, we enforce the model to perform consistently
well even when the adversarial perturbations are presented. To achieve this goal, we fur-

ther optimize the model to minimize the objective function with the perturbed parameters.
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Formally, we define the objective function with adversarial examples incorporated as:

Ladv(saqy@) :L(Saqy@)+)\L<SaQ+Aadv’@)a ( )
6.7

where Ay, = arg max L(S,q+ A|O),
d gA,||A||§e (S q ©)

where A denotes the perturbations on the query instances, ¢ > 0 controls the magnitude of
the perturbations, and © denotes the model parameters. In this formulation, the adversarial
term L(S, ¢+2A.a|©) can be treated as a model regularizer, which stabilizes the identification
performance. We use A\ to control the strength of the adversarial regularizer, where the
intermediate variable A maximizes the objective function to be minimized by ©. The training

process can be expressed as playing a minimax game:

Oopt; Aopt = arg min AmT;L(S, q|©) + AL(S,q + Al©), (6.8)

where the learning algorithm for model parameters © is the minimizing player, and the
procedure to derive perturbations A acts as the maximizing player, which aims to identify
the worst-case perturbations against the current model. The two players alternately play

the game until convergence.

Constructing Adversarial Perturbations. Given a support set S and a query ¢, the

problem of constructing adversarial perturbations A,q, is formulated as maximizing
Caa(S,a1) = g(uilq) log plyilg + A, 5, ©), (6.9)

where O denotes a set of current model parameters. As it is difficult to get the exact optimal
solutions of A,4,, we employ the fast gradient method proposed in [47], a common choice in
adversarial training [104, 105], to estimate A,q,. The idea is to approximate the objective
function around A as a linear function. To maximize the approximated linear function, we
need to move towards the gradient direction of the objective function with respect to A.

With the max-norm constraint ||A|| < e, we approximate A,q, as:

agadv(sa q‘A>

A (6.10)

Apaw = ei, where 7 =
7]l
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Learning Model Parameters. We now consider how to learn model parameters ©. The

local objective function to minimize for a query ¢ given a support set S is as follows:

laao(S,410) = g(uilg) log p(yilg, S, ©)

A g(wilg) log pyilg + Awav, S, ©),

(6.11)

where A,q4, is obtained from Equation 6.10. We can obtain the SGD update rule for ©:

agadv(sa Q|®)

O=0-n1—""55"

where 77 denotes the learning rate.

(6.12)

Algorithm 3: Parameter optimizations

10

11

12

13

Input: Training instances D, max iteration iteryay;

Output: Model parameters ©

Initialization: initialize © with Normal distribution N(0,0.01), iter = 0, O, = O,
Lopt = Lvali;

repeat

1

foreach support and query S, q do

// Constructing adversarial perturbations;
Aqaw — Equation 6.10;

// Updating model parameters;

© <« Equation 6.12;

if Lyqi < Lop: then

Lopt - Lvali;
@opt = ®a
ter + +;

until tter > iter,,q.;

Return O,,;

Algorithm 3 summarizes the training process. In each training step, we randomly con-

struct support set S and a query g. We then construct adversarial perturbations and optimize
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model parameters in a sequential order. The training involves multiple training steps and
stops until reaching a certain number of training epochs. The parameters achieving the best

performance on the validation dataset are utilized for evaluations.
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CHAPTER 7

Automatic Speaker Recognition with Gradient-based

Few-shot Learning

7.1 Background

A recent report! in 2018 shows that smart speakers have gained an installed user base of
nearly one in every four U.S. adults or 50+ million users. These smart speakers equipped
with voice recognition technology, also known as speaker identification, which answers the
fundamental question “Who is speaking?” The answer to the question enables various down-

stream applications to provide a personalized experience.

Our work presumes new users always have very limited labeled voice data, as Google As-
sistant and Amazon Alexa only require a new user to repeat two to four prompts for learning
his/her voice. Unlike the aforementioned research where existing users and new users are
treated equally, we develop a meta-learning approach targeting to expedite the learning pro-
cess for recognizing new users with limited training data. We foresee the need of expediting
the learning for new users as (1) smart speakers are gaining in popularity where the report
also shows that 30% of users are new in 2018 and (2) the previous research [106] displayed
that the length of voice history of a user is positively correlated to his/her identification

accuracy.

Our proposed solution expedites the learning by transferring the knowledge learned from

the existing user base with a gradient-based meta-learning tactic. We use Mixture Density

Thttps://voicebot.ai/wp-content /uploads/2018/11 /voice-assistant-consumer-adoption-report-2018-
voicebot.pdf
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Networks (MDNs) [107] to construct acoustic user profiles in that MDNs are gradient-friendly
and can model voice utterances with arbitrary lengths so that we can then apply Model-
Agnostic Meta-Learning (MAML) [108] technique to achieve expeditious learning. Our ex-
periments demonstrate that our proposed solution, MDNML, when having only four seconds

of voice data from new users, its accuracy outperforms the best/worst baseline methods by

3.2%/5.8%.

7.2 Bridging Mixture Density Networks with Gradient-based Meta-

learning

We formulate the objective of our work as the following. Suppose the system has a set of
existing users with registered voice utterances as background training data. Given a set of
new users, with a short registered voice utterance for each user as enrollment, and another
short testing voice utterance of a user within the new user set, the goal of this study is to
recognize the speaker identity behind the testing voice utterance. For simplicity, we compare
model performance based on text-independent tasks and presume that new users have very

limited training data [45,106,109], for example, one to four seconds.

To better explain how to construct users’ acoustic profiles and how to transfer profiling
knowledge from existing users to new users, we illustrate the framework of MDNML in

Fig. 7.1.

7.2.1 Mixture Density Networks

Mixture density networks (MDNs) are based on a mixture density model that combines
neural networks [107]. MDNs are chosen in this work to construct acoustic profiles for users
as they are inherently flexible in sense that it can model voice utterances with arbitrary
lengths. Moreover, assuming the voice print of a user can be sufficiently expressed by a short
period of time, each tiny time frame can contribute to one training instance for the user,

leading to a relatively adequate amount of training data for new users. In addition, MDNs
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Figure 7.1: The framework of MDNML. During training, we learn a set of well-initialized
model parameters W by training acoustic profiles of all existing users. To serve new users,

we construct their acoustic profiles by adapting from W.

based on neural networks are gradient-friendly so that the gradient-based knowledge transfer
techniques are applicable.

In this work, we utilize mel-frequency cepstral coefficients (MFCCs) [103] to represent
the voice characteristics of users because MFCCs are capable of approximating the human
aural systems and widely applied in various voice recognition tasks, such as speaker recog-
nition [109-112] and speech synthesis [113-116]. More specifically, we utilize a Gaussian
mixture model (GMM)-based MDN. An MDN maps a set of input MFCC features = to the
parameters of a GMM (i.e., mixture weights 7,,, mean j,,, and variance ¢2,), which in turn
give a full probability density function of a MFCC feature y, conditioned on the input x and
the learned model M, p(y | x, M), Formally,

y | €T, M Z 7Tm y /Lm( ) ; (l‘)), (71)

where M is the number of mixture components and 7,,,(), pim(x), and o2 (x) correspond

to the mixture weight, mean, and variance of the m-th component conditioned on .

To derive the parameters in a GMM-based MDN, MDN first converts the input z using
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a multi-layer perceptron (MLP) and obtains output z as:

z = fo(x), (7.2)

where fp(-) corresponds to a set of transformations in the MLP network. The total number of
network outputs, i.e., the dimension of z, is (2¢+1) x M where ¢ corresponds to the dimension
of the MFCC features. M corresponds to the number of mixture components in the MDN.
Then, z is partitioned into three subsets z,(ﬁr ), zq(# ), and z,(ﬁ ), which correspond to the outputs

used to calculate the GMM weights, means, and standard derivations, respectively.

z = [zgﬂ), ey ZJ(\Z), z§“), ey Z(Mu), z%a), cery z](\(;[)}. (7.3)

After the partition, each subset is passed through a set of specific transformations for
conversion to the GMM weights, means, and standard derivations as:

(W))

exp(zm

T (¥) = m, (7.4)
fim () = tanh(zM), (7.5)
om(z) = exp(2\D). (7.6)

The use of the softmax function in Equation 7.4 constrains the mixture weights to be
positive and sum up to 1. Analogously, Equation 7.6 constrains the standard deviations to
be positive.

During training, these density parameters are passed to a log likelihood calculator to

compute the log likelihood of an MFCC feature y, which is further utilized to define the loss
function for the MDN as follows:

N M
L==>) log{ ) mm(x) ®(y; pm(x), 00, (2))}, (7.7)
n=1 m=1

where N is the number of MFCC vectors for a user. The parameters of MDN only lie in the
MLP network and these parameters are optimized in such a way that the overall negative

log likelihood in Equation 7.7 is minimized.
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7.2.2 Knowledge Transfer via Gradient-based Meta-learning

The effective training of MDNs relies on sufficient training data, which are usually unavailable
for new users. To compensate for the data deficiency, we develop a gradient-based knowledge
transfer module to leverage identification knowledge grained from recognizing existing users.
More precisely, we learn a set of well-initialized model parameters over many similar tasks

so that it would be easier to reach the global optimal when training a new task.

Each task corresponds to the training process of creating an acoustic profile of a user,
where a profile is expressed by an MDN. We optimize a set of parameters ¥ such that when
a gradient step is taken with respect to particular task t;, the parameters 6;, derived from
U, are close to the optimal parameters for task ¢;, where 6; = {m, u, o} denotes the model
parameters learned based on task t;. Let {(6;) denote the loss of task t; based on the test set

of t;. The entire loss over multiple tasks is given by:
L(T) =" 1(6)). (7.8)
i=1
To update the initialization parameters ¥, we have:
U+ U —aVyL(VP). (7.9)
To optimize each individual task t;, we have:
0; < U — BV, 1(V), (7.10)

where « is the meta-learning rate, and [ is the learning rate for each individual task, i.e., the
training of a mixture density model. Algorithm 4 shows the detailed training and adaption

processes of MDNML.

7.2.3 Speaker Identification in a Household

We now discuss how to utilize the constructed users’ acoustic profiles to conduct speaker
identification given a short voice utterance of a user in a household. Following GMM-

UBM [40], in addition to training an acoustic profile M, for each user i in the household,
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Algorithm 4: Acoustic profile training and adaption

1 Input: learning rate «, meta-learning rate #, maximal number of iterations itr,,..,
inner update size Tj,q;, in training, inner update size T}44,¢ in adaption
1: /* Training on the existing users */
2: for itr < itr,,.. do
3:  Sample a batch of existing users as U

4:  for user ¢ in U do

5: Sample a piece of audio of user ¢
6: 00 = w

7 fort < T4 do

s: o =1 avegt_mL(ef‘”)
9 U=U—pVyY., L")
10:

11: /* Adaption on new users by fine-tuning*/
12: for new user j in Ugqp do

132 00 =0

14:  fort < T4y do

15 0 =0""Y —av, oL )
J

we also train a household-level background acoustic profile My, using the mixtures of all

training utterances of the users in the household.

Given a user’s short voice utterance z;, we feed it into the universal background profile
and each individual acoustic profile, with each profile yielding a vector of fitness scores.
Each vector of scores indicates how well the voice utterance fit the corresponding acoustic
profile. More specifically, we use p(z; | Mpup,) and p(z; | M;) to denote the scores for the
household-level profile and the profile of user 7 in the household, respectively. Formally, the

speaker identify is given by:

argmax f(Lso(p(z; | Mi) — p(z; | Mism))), (7.11)

(2
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where 15¢(+) is the vector-level indicator function and f(-) is a counter, which calculates
the number of 1’s in its input. By introducing the household-level background profile, it
allows us to achieve speaker identification based on background-proof voice frames, which

potentially offers stronger discriminative power.
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CHAPTER 8

Datasets

We provide a detailed descriptions of the datasets used in different experiments.

8.1 Location-based Recommendation Datasets

8.1.1 Yelp Challenge Dataset

The Yelp dataset, which is publicly available!, contains interactions between customers and
businesses, with 4.1M reviews and 947K tips by 1M users for 144K businesses. For the Yelp

dataset, we investigate the recommendation tasks in seven large cities.

8.1.2 Foursquare Dataset

The Foursquare dataset? contains interactions between customers and businesses in Los

Angeles and New York.

Table 8.1 shows the statistics for the nine cities in the two datasets. For each business,
its check-ins are sorted in a chronological order based on the timestamps. The first 50% of
the check-ins are used as the training data. The following 20% are used for validation and

the remaining 30% are used as the test data for evaluation.

"https://www.yelp.com/dataset_challenge

2https://www.dropbox.com/s/4nwb7zpsj25ibyh/check-indata.zip

71



Table 8.1: The statistics of business and customer in Yelp and Foursquare datasets.

Dataset Yelp Foursquare

City Charlotte ‘ Cleveland | Las Vegas ‘ Madison ‘ Phoenix | Pittsburgh ‘ Toronto || Los Angeles | New York

# of Customers 69,005 5,578 432,399 26,083 | 314,610 51,422 58,377 501,940 717,382

4 of Businesses | 10,652 9,960 282,204 | 3,895 | 43,482 8,037 20,849 215,614 206,416

8.2 Query Recommendation Dataset

8.2.1 Yahoo! Search Log Dataset

We use a search log collected from Yahoo!, which is one of the largest search engines in
the world. We pre-processed the data by eliminating non-alphanumeric characters, spelling
error correction, and lower-casing. Then we segmented the search log into sessions, using a
standard segmentation heuristic, where intervals of at least 30 minutes idle time denote a
session boundary [117]. The pre-processing process in this paper is consistent with previous
studies [36,37,118]. To partition search sessions into training and test sets, the first 90%
data are utilized for training while the remaining sessions are the test data. Among the
training data, 10% of sessions are randomly sampled as the validation set for parameter
tuning. Finally, there are 3,684,008 training queries within 493,864 sessions and 406,063
test queries within 55,141 sessions. Furthermore, to evaluate the performance using different
context lengths, the test set is partitioned into three subsets, including Short Context (1
query), Medium Context (2 to 3 queries), and Long Context (4 or more queries). Here the
context length refers to the number of search queries in a search session. Table 8.2 shows

the statistics of queries with different context lengths in the training and test datasets.
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Table 8.2: The statistics of queries with different context lengths in the Yahoo! dataset.

Context Length

Dataset Short Medium Long

(1 query) | (2-3 queries) | (4+ queries)

Training | 284,273 105,647 103,944
Test 31,577 11,998 11,566

Table 8.3: The statistics of the LibriSpeech dataset.

Per-speaker Minutes

Datasets H #(Female Speakers) ‘ #(Male Speakers) ‘ #(Total Speakers) ‘ Total Hours

LibriSpeech H 125 ‘ 126 ‘ 251 ‘ ~100 hours ‘ ~25 minutes

8.3 Automatic Speaker Recognition Dataset

8.3.1 LibriSpeech Dataset

The ASR experiments are conducted on the LibriSpeech dataset, which is publicly available?.

The audio data is derived from reading audio books from the LibriVox project. Table 8.3

shows the statistics of the dataset.

We follow [45] to extract acoustic features from the raw audios. We convert all audio to

streams at a 22 kHz sampling rate for consistency. The spectrograms are then generated by

a sliding window protocol with a hamming window. The width of the hamming window is

25 ms with step size 10 ms. To remove the duplicated spectrograms coefficients, we further

conduct discrete cosine transform. As a convention, 20 coefficients are kept at each time step

as the acoustic features for the following speaker identification. The mel frequency cepstral

coefficients (MFCCs) are constructed from the raw audio input without any pre-processing

such as silence removal etc.

3LibriSpeech: http://www.openslr.org/12
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CHAPTER 9

Experiments and Results

9.1 Customer Recommendation in LBSNs

In this section, we conduct extensive experiments on two real-world datasets, the Yelp chal-

lenge dataset and Fothe ursquare dataset, to evaluate the performance of CORALS.

9.1.1 Baselines

To compare our approach with others, the following 12 methods are adopted as baselines.

e Weighted Regularized MF (WRMF). WRMF [119] minimizes the square error loss by
assigning both observed and unobserved check-ins with different weights based on matrix

factorization.

e Maximum Margin MF (MMMF). MMMF [120] minimizes the hinge loss based on

matrix factorization.

e Bayesian Personalized Ranking MF (BPRMF). BPRMF [121] optimizes Area Under

the Curve (AUC) based on pairs of observed check-ins and sampled unobserved check-ins.

e CofiRank. CofiRank [122] optimizes the estimation of a ranking loss based on Normalized
Discounted Cumulative Gain (NDCG).

e CLiMF. CLiMF [123] optimizes a different ranking-oriented loss, i.e., Mean Reciprocal
Rank (MRR) loss.

74



e WARP. In [75], Weighted Approximate-Rank Pairwise loss is proposed to optimize precision@¥k.
WARP loss differs from AUC loss in updating parameters. WARP keeps drawing negative

samples until getting a disordered prediction or reaching a cutoff value.

e £OS. k—Order Statistic loss is proposed in [124] and provides a variant that optimizes

precision@k.

e USG. USG [13] is a collaborative filtering method. It utilizes social and geographical

information to improve recommendations.
e GeoMF. GeoMF [125] is a geographically weighted matrix factorization model.

e Rank-GeoFM. Rank-GeoFM [126] incorporates geographical and temporal information

to provide recommendations.

e ASMF. ASMF [16] utilizes geographical information, social information, and attributes

of businesses to enhance the accuracy of recommendations.

e ARMF. ARMF [16] extends ASMF by applying ranking losses.

Among these 12 baseline methods, WRMF is a point-wise matrix factorization method
while MMMF and BPRMF are pair-wise based. CofiRank, CLIMF, WARP, k£OS focus on
optimizing top ranked positions. USG, GeoMF, Rank-GeoFM, ASMF, and ARMF utilize
additional information, such as check-in locations, social relationship, businesses’ attributes,
and temporal information to improve the accuracy of recommendations. All parameters in

baselines are tuned based on their guidelines.

In addition to the above baselines, we also implement CORALS ! with two other gradient-
based parameter optimization strategies, i.e. SGD and RMSprop [127].

¢ CORALS-SGD. CORALS-SGD applies SGD to conduct optimizations. All parameters

share the same learning rate.

1To distinguish the parameter learning algorithms used in CORALS and its variants, we also call CORALS
CORALS-AdaGrad.
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e CORALS-RMSprop. RMSprop [127] is applied to optimize learning rates adaptively.

It addresses the issue of radically diminishing learning rates in AdaGrad.

9.1.2 Recommendation Performance

In this section, we evaluate the performances of CORALS and its variants against the 12
baseline methods. Mean Average Precision (MAP) is adopted as the evaluation metric.
Given a ranked list 7l of potential new customers, the average precision for a business b is:

i
Z precision(pos) x rel(pos) (9.1)

pos=1

1
apy = o
where w is the number of new customers who visit a business b in the test set, pos denotes the
position in the ranked list 7 and |rl| gives the total number of potential new customers in rl.
Customers are ranked decreasingly based on how likely they will come in rl. precision(pos)
is the precision of a cut-off rank list from 1 to pos, and rel(pos) is an indicator function
that equals to 1 if the customer visits b in the test set, 0 otherwise. For example, three new
customers visit a business b (i.e., w = 3) in the test set and they are ranked at position 2, 4,
and 7 in rl, respectively. Therefore, ap, = %(% + % + %) The mean average precision is the
average of the average precision of all businesses.

|B]
MAP =" ap,/|B| (9.2)

b=1
MAP ranges from 0 to 1, and a higher value indicates a better performance in recommen-

dation.

Table 9.1 shows the recommendation performances of different methods on the nine cities
from the two datasets. The top seven rows show the performances based on the cities in the
Yelp dataset, while the bottom two rows show the performances based on the cities in the
Foursquare dataset. In addition, we further show the average recommendation performances

for the top (10%) and tail (10%) businesses® in each city to demonstrate how each method

2Businesses are sorted based on their check-in numbers. Top businesses are the ones that have more
check-ins; while tail businesses are the ones that have fewer check-ins.
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Table 9.1: Recommendation performance (MAP). The upper table shows the performances of
methods using only check-in information, and the lower table demonstrates the performances
of methods using both check-in and heterogeneous information. Mean represents the average
performance on all businesses in a city. Top represents the average performance on the top
10% businesses that have more check-ins, and Tail represents the average performance on

the tail 10% businesses with fewer check-ins.

Method WRMF MMMF BPRMF CofiRank CLiMF WARP kOS

City Mean | Top | Tail | Mean | Top | Tail | Mean | Top | Tail | Mean | Top | Tail | Mean | Top | Tail | Mean | Top | Tail Mean | Top | Tail

Charlotte 0.026 | 0.058 | 0.014 | 0.028 | 0.049 | 0.028 | 0.029 | 0.049 | 0.029 | 0.031 | 0.052 | 0.024 | 0.034 | 0.058 | 0.024 | 0.044 | 0.060 | 0.036 | 0.038 | 0.057 | 0.024

Cleveland 0.041 | 0.086 | 0.029 | 0.039 | 0.072 | 0.025 | 0.040 | 0.073 | 0.030 | 0.043 | 0.078 | 0.042 | 0.050 | 0.081 | 0.043 | 0.055 | 0.077 | 0.046 | 0.053 | 0.085 | 0.041
Las Vegas 0.004 | 0.012 | 0.001 | 0.009 | 0.016 | 0.004 | 0.009 | 0.016 | 0.005 | 0.013 | 0.024 | 0.009 | 0.013 | 0.022 | 0.008 | 0.017 | 0.025 | 0.015 | 0.014 | 0.023 | 0.010

Madison 0.067 | 0.136 | 0.043 | 0.066 | 0.134 | 0.042 | 0.058 | 0.122 | 0.034 | 0.063 | 0.129 | 0.037 | 0.054 | 0.107 | 0.031 | 0.061 | 0.115 | 0.039 | 0.058 | 0.115 | 0.038

Phoenix 0.004 | 0.010 | 0.002 | 0.008 | 0.015 | 0.006 | 0.008 | 0.015 | 0.006 | 0.011 | 0.020 | 0.008 | 0.011 | 0.020 | 0.009 | 0.020 | 0.026 | 0.015 | 0.015 | 0.022 | 0.013

Pittsburgh | 0.028 | 0.067 | 0.015 | 0.027 | 0.053 | 0.014 | 0.027 | 0.054 | 0.013 | 0.031 | 0.065 | 0.017 | 0.037 | 0.073 | 0.020 | 0.044 | 0.071 | 0.033 | 0.040 | 0.069 | 0.027

Toronto 0.009 | 0.019 | 0.005 | 0.011 | 0.018 | 0.009 | 0.011 | 0.017 | 0.009 | 0.014 | 0.025 | 0.011 | 0.014 | 0.022 | 0.011 | 0.021 | 0.031 | 0.019 | 0.019 | 0.029 | 0.015

Los Angeles | 0.005 | 0.007 | 0.003 | 0.005 | 0.006 | 0.004 | 0.009 | 0.009 | 0.011 | 0.010 | 0.008 | 0.006 | 0.008 | 0.013 | 0.004 | 0.011 | 0.019 | 0.006 | 0.009 | 0.012 | 0.004

New York | 0.002 | 0.003 | 0.001 | 0.003 | 0.004 | 0.001 | 0.005 | 0.005 | 0.007 | 0.004 | 0.004 | 0.006 | 0.005 | 0.005 | 0.006 | 0.005 | 0.007 | 0.005 | 0.004 | 0.005 | 0.003

Method UsG GeoMF Rank-GeoFM ASMF ARMF CORALS-AdaGrad CORALS-RMSprop CORALS-SGD

City Mean | Top | Tail | Mean | Top | Tail | Mean | Top | Tail | Mean | Top Tail | Mean | Top | Tail | Mean | Top Tail Mean | Top Tail Mean | Top Tail

Charlotte 0.029 | 0.039 | 0.021 | 0.035 | 0.058 | 0.024 | 0.035 | 0.041 | 0.027 | 0.027 | 0.049 | 0.021 | 0.037 | 0.084 | 0.021 | 0.056 | 0.087 | 0.050 | 0.055 | 0.087 | 0.046 | 0.056 | 0.087 | 0.048

Cleveland 0.048 | 0.075 | 0.031 | 0.044 | 0.089 | 0.029 | 0.043 | 0.068 | 0.038 | 0.047 | 0.081 | 0.034 | 0.056 | 0.110 | 0.051 | 0.091 | 0.169 | 0.059 | 0.090 | 0.171 | 0.053 | 0.085 | 0.164 | 0.044

Las Vegas 0.008 | 0.019 | 0.004 | 0.017 | 0.024 | 0.012 | 0.011 | 0.018 | 0.010 | 0.018 | 0.029 | 0.011 | 0.010 | 0.016 | 0.005 | 0.014 | 0.026 | 0.010 | 0.014 | 0.026 | 0.010 | 0.014 | 0.026 | 0.010

Madison 0.063 | 0.104 | 0.047 | 0.077 | 0.148 | 0.038 | 0.063 | 0.112 | 0.044 | 0.072 | 0.151 | 0.048 | 0.089 | 0.184 | 0.043 | 0.116 | 0.192 | 0.091 | 0.121 | 0.210 | 0.095 | 0.118 | 0.212 | 0.105

Phoenix 0.010 | 0.017 | 0.006 | 0.020 | 0.023 | 0.017 | 0.014 | 0.016 | 0.011 | 0.017 | 0.023 | 0.012 | 0.016 | 0.019 | 0.011 | 0.021 | 0.029 | 0.018 | 0.020 | 0.030 | 0.016 | 0.020 | 0.029 | 0.018

Pittsburgh | 0.030 | 0.055 | 0.023 | 0.038 | 0.069 | 0.032 | 0.042 | 0.047 | 0.030 | 0.047 | 0.071 | 0.030 | 0.041 | 0.090 | 0.033 | 0.057 | 0.115 | 0.035 | 0.057 | 0.116 | 0.034 | 0.055 | 0.115 | 0.033

Toronto 0.014 | 0.026 | 0.010 | 0.022 | 0.030 | 0.021 | 0.016 | 0.020 | 0.013 | 0.018 | 0.025 | 0.014 | 0.012 | 0.037 | 0.004 | 0.027 | 0.038 | 0.025 | 0.026 | 0.040 | 0.022 | 0.026 | 0.038 | 0.024

Los Angeles | 0.020 | 0.025 | 0.017 | 0.021 | 0.021 | 0.017 | 0.008 | 0.011 | 0.006 | 0.009 | 0.010 | 0.007 | 0.008 | 0.011 | 0.004 | 0.021 | 0.028 | 0.023 | 0.022 | 0.025 | 0.023 | 0.019 | 0.024 | 0.019

New York 0.005 | 0.003 | 0.006 | 0.010 | 0.008 | 0.008 | 0.003 | 0.004 | 0.002 | 0.006 | 0.009 | 0.005 | 0.003 | 0.003 | 0.003 | 0.012 | 0.008 | 0.012 | 0.011 | 0.008 | 0.010 | 0.012 | 0.009 | 0.011

performs when there is a relatively rich or poor amount of check-ins, respectively. For
example, WRMF achieves 0.026 on average for all businesses in Charlotte. It achieves 0.058
and 0.014 on average for the top and tail businesses in Charlotte, respectively. We observe
that the more check-ins we have for businesses, the more accurate recommendations we can
achieve. This observation applies to businesses in almost all nine cities under the 15 methods.
This is because the more check-ins we have for businesses, the more accurately we can infer

the style, the geographical influence, and the reputation of the businesses.

MMMEF, BPRMF, CofiRank, CLIMF, WARP, and kOS achieve better recommendation
performances than WRMF' in general. This verifies that methods achieving low predic-

tion errors do not necessarily have high recommendation accuracies. In other words, di-
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rectly optimizing the predicted check-ins may not always provide the best recommendation
lists to businesses. CofiRank, CLiIMF, WARP, and kOS further outperform MMMF and
BPRMF due to their optimizing strategies. They optimize NDCG, MRR, precision@Fk, and
precision@k, respectively, which all focus on better optimizing the top-ranked customers on
the list. BPRMF, which optimizes AUC, focuses on optimizing the entire list of customers.
CofiRank, CLIMF, WARP, and kOS outperform USG, which shows the advantage of the
learning-to-rank recommendation methods. Even without utilizing location and social infor-
mation, they can accurately infer customer preferences and achieve good recommendation
performances. In general, WARP achieves the best recommendation performance among the
7 methods in the upper table, where only check-in information is utilized to infer customer

preference.

GeoMF, Rank-GeoFM, ASMF, and ARMF outperform WRMF, MMF, BPRMF, Cofi-
Rank, CLiMF, and £OS in general. It shows that incorporating ancillary information com-
pensate for the sparsity issue in location-based recommendation tasks. The performance of
Rank-GeoFM is not as good as the one of GeoMF. This is because Rank-GeoFM, which
incorporates temporal information, intends to predict the next point of interest (POI) to
visit, while the task in this work is to predict new customers for POIs. GeoMF achieves
better MAP than ASMF and ARMF. This might be because ASMF and ARMF focus on
utilizing social information, while learning geographical influence might be a better way to

improve recommendation performances in location-based tasks.

CORALS-AdaGrad or its variants outperform all 12 baseline methods with few excep-
tions, which demonstrates the effectiveness of CORALS-AdaGrad. In particular, CORALS-
AdaGrad increases the mean MAP by 51% and 33% against WARP and GeoMF, respectively.
Bold numbers in Table 9.1 indicate the winners for the same city and the same group of the
business. In summary, CORALS-AdaGrad or its variants win in all scenarios except in Las

Vegas where WARP and ASMF score slightly better.
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Figure 9.1: Customer heat maps for three local businesses in Phoenix

9.1.3 Geographical Preference Inference

In this section, we will use examples to verify that the geographical influence is both business-

dependent and customer-dependent.

We first use three case examples to show the geographical influence on different types of
local businesses. We select three local businesses in Phoenix, i.e. the Phoenix Art Museum,
a branch of McDonald’s, and Alo Cafe. Figures 9.1a, 9.1b, 9.1¢ show the locations of the
three businesses, represented by a blue mark each, together with the heat maps of their
visitors. The location of a visitor is estimated by the average of all locations he/she has
visited. There are two interesting observations. First, Phoenix Art Museum has more check-
ins than McDonald’s and Alo Cafe do. Second, the majority of the check-ins of McDonald’s
and Alo Cafe come from their nearby regions while the visitors of Phoenix Art Museum are
scattered all over Phoenix. In addition, the number of museums in Phoenix is much fewer
than the numbers of fast-food businesses and cafes. The rationale behind the observations is
that people tend to get services from nearby businesses if the services are available since it
takes less effort. However, for some businesses that are only available in a remote location,
the customers may be more tolerant of traveling a long distance. Therefore, businesses such
as fast-food and cafes get influenced more by the geographical convenience than businesses

like museums. In CORALS, parameter wj is used to model the geographical influence on a
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business b. Higher values of wy indicate greater influences on the geographical convenience.

In Section 9.1.5, we show a detailed analysis of wy on various types of businesses.

Then, we study the geographical influence on individual customers. We randomly sample
two customers from Las Vegas and plot their check-ins in Figures 9.3a and 9.3b, respectively.
We observe that the two customers have their own exploration preferences. User 1 tends to
explore the main street in Las Vegas, while user 2 not only explores the main street but also
checks in at the northwestern region of Las Vegas. Given a local business b, represented by the
black marker, GMM tells gy ., < gpu,, Which indicates that business b is more geographically
convenient for user 2. The geographical convenience information, embedded in the GMM,
helps CORALS better understand customers’ decision-making processes from the perspective

of the convenience of the local businesses.

Note that for each customer, we group his/her check-ins by affinity propagation to derive

the number of components in the GMM. Figure 9.2 shows the customer percentage distri-
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Figure 9.3: Explorations of two customers in Las Vegas

butions over the number of exploration centers in different cities. We observe that most
customers have only one or two exploration centers. The rationale behind it is that most
customers explore around their workplaces or/and residences, which is consistent with the

findings in the previous study [128].

9.1.4 Reputation Influence Analysis

In this section, we investigate how the MAP performance of CORALS changes with the
number of reviews considered when constructing businesses’ reputation vectors. First, we do
not incorporate any reviews, notated as 0 reviews. Then, we use 1, 3, 5, 7, 9, and 11 most
recent reviews to construct the reputation vectors of businesses, respectively. Figure 9.4
shows the performance of CORALS (measured by MAP) on the nine cities. In particular,
the performance on the Yelp dataset is plotted in solid lines, while the performance on the
Foursquare dataset is plotted in dashed lines. When we ignore review information in the
model, the performance is relatively poor. As long as we incorporate the information of
the most recent review, the performance improves. For example, the performance increases
from 0.081 to 0.097 for Madison. However, when we incorporate more reviews to construct
reputation vectors, the performance gain is marginal. This is mainly due to the fact that

customers only read a few latest reviews to perceive the reputation of the local business.
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Figure 9.4: MAP performance over number of recent reviews

9.1.5 Analysis on Geographical Convenience and Reputation Reliance

In this section, we analyze to what extent the geographical convenience and online reviews

affect customers’ decisions in visiting various types of local businesses.

We look into five types of local businesses, i.e. fast-food, bar, cafe, salon, and museum in
the two largest cities, i.e., Phoenix and Las Vegas, in terms of the number of customers and
businesses. The type of the business is inferred from the name of the business. For each type
of businesses, we look into their geographical influence weights w? and reputation influence
weights w”, and calculate the type-wise median of the influence weights. Table 9.2 shows the
analysis based on the businesses in Phoenix. There are 144 fast-food restaurants, 302 bars,
394 cafes, 144 salons, and 8 museums. The geographical influences of fast-food restaurants,
bars, and cafes are all around 0.316. For salons, the low geographical influence weight, 0.306,
indicates that customers are willing to travel a little bit farther for better haircare services.
For museums, which are fewer in quantity, customers have to travel farther compared with

other types of businesses. The geographical influence decreases to 0.248. Moreover, the
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Table 9.2: Influential factors study for businesses in Phoenix

Phoenix Fast-food | Bar | Cafe | Salon | Museum

Number of businesses 144 302 394 28 8

Geographical influence 0.316 0.313 | 0.321 | 0.306 0.248

Review influence 0.101 0.127 | 0.133 | 0.241 0.234

Table 9.3: Influential factors study for businesses in Las Vegas

Las Vegas Fast-food | Bar | Cafe | Salon | Museum

Number of businesses 112 280 350 27 9

Geographical influence 0.302 0.29 | 0.298 | 0.297 | 0.232

Review influence 0.070 0.073 | 0.088 | 0.203 0.149

reputation also has distinct influences on different types of businesses. The reviews on fast-
food restaurants, bars, and cafes have a relatively small influence on customers’ decisions
since customers care more about the convenience of these types of local businesses. For
museums and salons, where customers care more about the experiences, reviews have a
stronger influence. Table 9.3 shows the same analysis based on the businesses in Las Vegas,
which is consistent with most discoveries in Phoenix. There is one interesting discovery
about the geographical influence on bars in Las Vegas, which indicates that customers in
Las Vegas are willing to take more effort in visiting faraway bars compared with fast-food
restaurants, cafes, and even salons. A possible rationale behind it is that there are many

attractive shows and events in Las Vegas bars.

9.2 Customer Recommendation in LBSNs with Few-shot Learn-

ing

In this section, we conduct extensive experiments on two real-world datasets to evaluate the

performance of SEATLE.
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9.2.1 Baselines

To compare our approach with others, the following 13 methods are adopted as baselines.

Recommendation methods without considering geographical influence:

e WRMF, weighted regularized matrix factorization [119] minimizes the square error loss

by assigning both observed and fake check-ins with different weights.

e MMMF, maximum margin matrix factorization [120] minimizes the hinge loss based on

matrix factorization.

e BPRMF, bayesian personalized ranking matrix factorization [121] optimizes pairwise bpr

losses of observed check-ins and sampled fake check-ins.

e CofiRank, [122] optimizes the estimation of a ranking loss based on normalized dis-

counted cumulative gain.

e CLiMF, [123] optimizes a different ranking-oriented mean reciprocal rank loss.
Conventional methods with geographical influence involved:

e USG, [13] is a collaborative filtering method. It utilizes distances between users and

businesses as extra guidance to make recommendations.

e GeoMF, [125] explicitly learns user activity areas (distance-based) and business influ-

ences areas via matrix factorization.

e Rank-GeoFM, ranking-based geographical factorization [126] incorporates business neigh-

borhood information via matrix factorization.
e ASMF, [16] mainly leverages social network information to improve recommendations.
e ARMF, [16] extends ASMF by further optimizing ranking losses.

e CORALS, [129] models geographical convenience and business reputation to improve

recommendations.
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Deep learning-based methods with geographical influence involved:

e SAE-NAD, self-attentive encoder and neighbor-aware decoder [28] applies auto-encoders

to make recommendations.

e PACE, preference and context embedding [27], a deep neural architecture that jointly

learns the embeddings of users and businesses by building a context graph.

Among these 13 baseline methods, WRMF is a point-wise matrix factorization method, while
MMMEF and BPRMF are pair-wise based. CofiRank, CLiMF focus on optimizing top ranked
positions. These 5 methods do not utilize any ancillary information. USG, GeoMF, Rank-
GeoFM, ASMF, ARMF, and CORALS utilize additional information, such as geographical
distances, social networks, and online reviews to improve recommendation performance in
LBSNs. SAE-NAD utilizes auto-encoders, with business neighborhood information consid-
ered, to make recommendations. PACE models geographical influence by a user-user and
business-business context graph. All parameters in baselines are best tuned based on their

guidelines.

To achieve best performances on different cities, the optimal parameters vary on differ-
ent cities. Table 9.4 shows the main parameters and their default values to tune in the

experiments.

Table 9.4: Main Parameters

Parameters Value | Parameters Value
Learning rate 0.001 | Number of epochs N 30
Number of references k 4 Number of queries ¢ 8
Margin ~ 0.1 | Tuple feature dimension 10
User feature dimension 10 | Business feature dimension 10

9.2.2 Recommendation Performance

In this section, we evaluate the performances of SEATLE against the 13 baseline methods.

Mean Average Precision (MAP) is adopted as the evaluation metric, which is also used
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in [16,129]. Given a ranked list 7l of potential new customers, the average precision for a

business b is:

Irl|
1
- | .
apy, = — g precision(pos) * rel(pos) (9.3)

pos=1

where w is the number of new customers who visit a business b in the test set, pos denotes the
position in the ranked list 7 and |rl| gives the total number of potential new customers in rl.
Customers are ranked decreasingly based on how likely they will come in rl. precision(pos)
is the precision of a cut-off rank list from 1 to pos, and rel(pos) is an indicator function that
equals to 1 if the customer visits b in the test set, 0 otherwise. The mean average precision

is the average of the average precision of all businesses.

|B|
MAP = "ap,/|B| (9.4)
b=1

Figure 9.5 shows the recommendation performances of different methods on the nine cities
from the two datasets. Figures from 9.5a to 9.5g show the performances based on the seven
cities in the Yelp dataset, while the last two Figures 9.5h and 9.5i show the performances

based on the two cities in the Foursquare dataset.

Among methods which do not consider geographical influence, MMMF, BPRMF, Cofi-
Rank, and CLiMF achieve better recommendation performances than WRMF in general.
This demonstrates that point-wise methods, such as WRMF, which achieve low prediction
errors, do not necessarily have high recommendation accuracy. In other words, directly opti-

mizing the predicted check-ins may not provide the best recommendation lists to businesses.

After leveraging geographical influence, Rank-GeoMF, ASMF, ARMF, GeoMF, CORALS,
SAE-NAD, and PACE outperform the five above methods, which do not incorporate any
ancillary features. It verifies that modeling ancillary information can offer extra guidance
and compensate for the sparsity issue in location-based recommendation tasks. USG, with
geographical influence modeled, does not perform as well as expected in some cities, such
as Charlotte, Las Vegas, etc. This is due to its oversimplified model design, which is a
straightforward linear combination of user preference and geographical distance scores with-

out proper optimizations. The performances of ASMF and ARMF on the foursquare dataset
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Figure 9.5: MAP performances of different methods over nine cities

are not as good as it usually achieves on the Yelp dataset. ASMF and ARMF mainly focus
on leveraging social network information. This demonstrates that social network information
may not always be reliable, while comprehensively utilizing geographical influence might be
a better choice to improve performances in location-based recommendation tasks. In general,
CORALS outperforms Rank-GeoMF, GeoMF, SAE-NAD, and PACE. This mainly results

from the geographical convenience incorporated in CORALS rather than distance-based

metrics employed in other models.

Among the deep learning-based methods, SEATLE achieves the best performance. The
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reasons could be explained as follows. PACE models the geographical influence by a context
graph, which does not explicitly model the user reachability to businesses. SAE-NAD cap-
tures the geographical dependency through a neighbor-aware auto-encoder, but it fails to
incorporate geographical convenience. In general, SEATLE outperforms all baseline methods
in the nine cities over the two datasets. SEATLE models both geographical convenience and
dependency, which jointly and comprehensively express the power of geographical influence.
Moreover, SEATLE adopts few-shot learning, designed for learning with limited data, as the
framework to cope with data sparsity. These appropriate designs make SEATLE a good fit

for new user recommendations in LBSNs.

9.2.3 Geographical Influence Analysis

In this section, we investigate the effectiveness of geographical convenience and dependency
modelings. We develop SEATLE,,,,— and SEATLE.,_ by removing the convenience and de-
pendency feature from SEATLE, respectively. To compare convenience-based and distance-
based influence, we further develop SEATLEy, by replacing the convenience feature by a
distance-based kernel metric, adopted from SAE-NAD. More precisely, the metric is given
by exp(y|l; —I;|), where I; and I; are the location coordinates of two locations, and v is a

hyper-parameter to control the correlation level of the two locations.

Figure 9.6 shows the MAP performances of SEATLE,,—, SEATLE,_, SEATLE;s,
and SEATLE. We observe that when the geographical convenience and dependency fea-
ture is removed from SEATLE, MAP performance drops correspondingly. The performance
decrease more when eliminating geographical convenience as compared to eliminating geo-
graphical dependency. This observation applies to all nine cities. Therefore, we can safely
conclude that incorporating geographical convenience and dependency helps improve the
recommendation performance and the geographical convenience contributes more. We fur-
ther compare SEATLEy; and SEATLE. SEATLE4,; models distance-based geographical
features, while SEATLE incorporates convenience-based geographical features. We notice

that SEATLE outperforms SEATLEy;; on all nine cities. This demonstrates the advan-
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tage of convenience-based geographical modeling since it gauge users’ actual transportation

efforts more accurately.

9.2.4 Few-shot Analysis

The goal of metric-learning-based few-shot learning is to distinguish positive queries from
negative queries regarding some references with limited training instances. In this part,

we investigate the effectiveness of few-shot learning in SEATLE by visualizing its learnt

embeddings.
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Figure 9.7: Embedding visualizations for references, positive and negative queries regarding

two businesses

After training SEATLE, we randomly select two businesses. We project the reference,
positive, and negative query embeddings into two dimensional space via t-SNE for visual-
izations. Figure 9.7 shows the embeddings regarding the two businesses. The references,
positive, and negative queries are colored in purple, blue, and red, respectively. Figure 9.7a
shows that four references lie on the left bottom area. Most positive queries are located in
the same area near the references. A few hard-to-distinguish negative queries are located

in the middle, while most negative queries are located in the right upper area, which are
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relatively faraway from the references. We have similar embedding proximity observations
for the second business in Figure 9.7b. These two figures demonstrate how SEATLE dis-
tinguishes observed (i.e. reference and positive) check-ins from fake check-ins by leveraging

few-shot learning, which in this case makes a distinction based on only 4 reference check-ins.

9.3 Click Feedback-aware Query Recommendation

9.3.1 Evaluation Metrics

We employ Mean Reciprocal Rank (MRR) score [130] as the evaluation metric. Given a
search query @, let Y'(Q) be a ranked list of recommended queries determined by a suggestion

method. We use rank; (Y'(Q)) to denote the rank of the first clicked query in Y'(Q). Formally,

1
MRR = o (9.5)

Essentially, the MRR score summarizes the ranks of the first clicked queries in the recom-
mendation list Y'(Q) - A larger score indicates that the first clicked queries are ranked higher
in the list.

9.3.2 Baselines

In our evaluations, we evaluate the MRR performance of CFAN against the following state-

of-the-art methods.

e [Query-based Variable Markov Model (QVMM)] [35] makes query suggestions
by learning the probability of query transitions over search sessions with the variable

memory Markov model implemented by a suffix tree.

e [Feature Based Suggestion (FBS)] [131] counts on statistical features to make
suggestions. Suggestion candidates are generated based on 1) term matching between

search queries and candidates and 2) query co-occurrences in search sessions. Query
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suggestions are made by ranking candidates based on a combination of statistical fea-

tures.

¢ [Reformulation-based Completion (RC)] [36] is a non-deep learning based method
exploiting query suggestions. 43 reformulation based features are proposed to capture

user reformulation behaviors over search sessions with LambdaMART [132].

e [Most Popular Suggestion (MPS)] [5,6] is a maximum likelihood method, which
relies on “wisdom of the crowd”. It ranks queries by the co-occurrence to the last

query in the search sequence.

e [Hybrid Suggestion (Hybrid)] [133] considers both the context information and
the popularity by ranking candidate queries based on a linear combination between

the popularity and the similarity to recent search queries.

e [Hierarchical Recurrent Encoder-Decoder (HRED)] [5] is a deep learning based
query suggestion method. HRED constructs a hierarchical encoder-decoder structure
to model the sequential and hierarchical dependencies across terms and queries to make

query suggestions.

¢ [Reformulation inference network (RIN)] [4] is the most state-of-the-art query
suggestion method. Query reformulations between consecutive queries in search ses-

sions are explicitly modeled in RIN to make suggestions.

9.3.3 Parameter Settings

We summarize the parameter settings of CFAN in our experiments in Table 9.5. We imple-
mented CFAN based on TensorFlow [134] and chose Adam [135] as our optimizer to learn
the model parameters. The hyperparameter settings were optimized with the grid search
strategy [136]. In addition, we also optimized the parameter settings of all baselines using

grid search strategy and report their best performance.
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Table 9.5: Parameter Settings

Parameter Value | Parameter Value

Learning Rate 0.001 | Embedding Size 50
Dropout Keep Ratio 0.8 | Number of Epochs 10

Perturbation Bound ¢ 10

9.3.4 Experimental Results

Table 9.6: The MRR performance of different methods in the test sets with different context

lengths for the task of query suggestion.

Dataset QVMM [35] FBS [131] RC [36] MPS [5,6] Hybrid [133] | HRED [5] RIN [4] | CFAN

Overall Context 0.441 0.458 0.466 0.478 0.473 0.556 0.573 | 0.650

Short Context (1 query) 0.446 0.473 0.460 0.476 0.473 0.548 0.563 | 0.639
Medium Context (2 to 3 queries) 0.430 0.438 0.477 0.483 0.473 0.564 0.591 | 0.661
Long Context (4 and more queries) 0.431 0.440 0.469 0.474 0.475 0.574 0.593 | 0.682

Table 9.6 shows the MRR performance of different methods over various context lengths.
Note that MRR ranges from zero to one and a higher MRR score indicates better ranking

performance on query suggestions.

QVMM, a variable-memory Markov model, achieves the worst MRR performance among
all the query suggestion methods. QVMM counts on query dependencies in search sessions
to make query suggestions. The sparsity of search sessions leads to the poor ranking per-
formance of QVMM. Feature based method (FBS) first selects candidate queries based on
prefix matching and query dependencies. Then, candidate queries are ranked based on sta-
tistical popularity features. Compared with QVMM, FBS improves the overall MRR from
0.441 to 0.458. The reformulation-based completion method (RC) outperforms both QVMM
and FBS. Its overall MRR score reaches 0.466. RC relies on generalized query dependency
rules to make query suggestions. The improvements against QVMM and FBS demonstrate
that generalized reformulation rules are more informative and powerful than simple query
dependencies in search sessions. The popularity-based baseline method (MPS) slightly out-
performs RC. The overall MRR score further increases from 0.466 to 0.478. It indicates that
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the query popularity plays an important role in driving users to click the suggestions. This is
mainly because when query suggestions are highly related to the search query, users tend to
click popular and trending ones as follow-up search queries to explore. The hybrid suggestion
method (Hybrid) performs slightly worse than MPS. The overall MRR score decreases from
0.478 to 0.473. This can be explained by the fact that the term-level similarities between
suggestion candidates and search queries in Hybrid are not capable of capturing the their
relationship in semantics, and thus fail to rank suggestion candidates properly when most

suggestion candidates are similar to search queries in term levels.

Neural network based methods HRED, RIN, and CFAN outperform non-deep learning
based methods by a large margin in general. HRED achieves MRR. scores of 0.556, 0.548,
0.564, and 0.574 on overall, short, medium, and long contexts, respectively. RIN achieves
MRR score of 0.573 on average. Among all the methods, CFAN achieves the best MRR per-
formance. The MRR scores reach 0.650, 0.639, 0.661, and 0.682 on overall, short, medium,
and long search contexts, respectively. In particular, CFAN achieves excellent ranking per-
formance when the context information is rich. Rich context contains more user search
queries and click feedback, which help reduce the query ambiguity and thus contribute to

the ranking performance.

To discuss the performance of CFAN with different context lengths, we investigate the
improvements of all neutral network based methods over QVMM. Figure 9.8 shows the
improvements of HRED, RIN, and CFAN over QVMM with different context lengths. All
these three methods apply hierarchical recurrent neural networks to encode search query
sequences. The overall MRR improvement of HRED is about 26%. RIN adds an extra
query reformulation layer to the encoder and further improves the MRR by 30% on average.
Among all three neutral network based methods, CFAN achieves the most significant MRR
improvements against QVMM. In general, CFAN improves MRR by 50% on overall scenarios.
In particular, when the context information is rich, i.e. medium and long contexts, the

improvements reach over 55%.

In the following paragraphs, we analyze the effectiveness of CFAN with and without
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incorporating user clicks and applying adversarial training sequentially.

Effectiveness of incorporating click feedback. We first investigated the effectiveness
of incorporating user click feedback in CFAN. As a leave-one-out analysis, we train CFAN
without user click information, denoted as CFAN yr. To remove the click information from
CFAN, training instances are constructed by concatenating only the embedding s of the
search sequence S, the embedding g of the candidate query Qcan, and the similarity Sim(S, Q)
between them, where Sim(S,Q) = s?Wy,q. Figure 9.9 shows the MRR performance of
CFAN yr and CFAN. When the context is short, there is only one query in the search
sequence and there are no clicked suggestions as feedback. The MRR scores of CFAN yr and
CFAN are roughly the same. When rich contexts are given, i.e., medium and long contexts,
clicked suggestions become available. The MRR scores of CFAN improves significantly
against CFAN yp. The improvements on medium and long contexts also enhance the overall
ranking performance of CFAN by increasing the MRR score from 0.63 to 0.65 compared

with CFAN yr. These improvements validate the necessity to incorporate user clicks when
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Figure 9.9: The MRR performance of CFAN with and without click feedback information.

modeling user search intent.

Adversarial training vs. normal training. In addition to investigating the effec-
tiveness of incorporating user clicks, we also want to show the advantage of CFAN with
adversarial training. We denote CFAN without adversarial training as CFAN y4. CFAN y4
only optimizes the ranking performance of the original training data with loss function de-
fined by Equation 5.1. Figure 9.10 shows the MRR performance of CFAN y4 and CFAN. We
can see CFAN consistently outperforms CFAN y 4 in all suggestion scenarios, even when the
context is short. It clearly owes to the adoption of adversarial training. Adversarial training
generates unseen tough classification and ranking training instances and successfully shrink
the performance gap between training and test by optimizing the constructed adversarial

examples.
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Figure 9.10: The MRR performance of CFAN with and without adversarial examples.

9.3.5 Parameter Sensitivity Studies

CFAN, as a neural network based method, involves the tuning of several general training
parameters (i.e., learning rate, dropout ratio, embedding size, and number of training epochs
etc.). The perturbation bound e, special in the proposed model, comes as an extra tuning
parameter. To investigate the sensitivity of CFAN, we examine how different choices of the
parameters affect the performance of CFAN. Except for the parameter being tested, we set

other parameters to the default values (see Table 9.5).

Due to space limit, we selectively show the results of parameters that are more relevant
to our proposed model in Figure 9.11. Figures 9.11a and 9.11b show the MRR performance
of CFAN as we change the perturbation bound e and dropout keep ratio, respectively. By
tracing out different values of €, we can see that the MRR performances are consistently stable
over a large range of €. This eases our selection of the perturbation bound. Theoretically,
the ranking performance decreases significantly as we increase € large enough. As shown in

Equation 5.18, choosing extreme large € pollutes training instances and move into the regime
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Figure 9.11: The MRR performance of CFAN over different settings of parameters.
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of rubbish inputs. We test it by setting € to 1 x 10*, the losses on both training and validation
data fluctuate with no signs to increase. Dropout [137] is a common regularization method to
avoid overfitting. CFAN is insensitive to the changes of it as the overall MMR performance
stays around 0.64 with different settings of dropout keep ratio. It can be explained by the
adoption of adversarial training. Adversarial training also functions as a regularizer. It
manages the inevitable gap between the training error and the test error by optimizing the
constructed adversarial examples. This makes CFAN insensitive to the change of dropout
keep ratio. In addition, we also investigate the influences of different settings of embedding
size and training epoch number. The MRR scores increase and peak at certain values of
these two parameters as we increase them from small numbers. The MRR scores decrease
as we further increase them because of the overfitting issue. Due to space limit, we do not

show the corresponding figures.

9.4 Automatic Speaker Identification with Metric learning-based

Few-shot Learning

In this section, we conduct extensive experiments on a real-world dataset to evaluate the

performance of AFEASI.

9.4.1 Baselines

To evaluate the performance of AFFEASI, the following eleven methods are adopted as base-
lines, including seven conventional neural network-based methods, one few-shot learning-

based method, one waveform-based method, and two variants of AFEASI.

Conventional neural network-based methods:

e 1D-CNN. Multiple layers of 1D-CNN are utilized to construct audio embeddings from
MFCCs, where the convolution is conducted along the time dimension. Global aver-

age pooling [138] is employed for aggregation before feeding into an output layer, where
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neutrons are equal to the total speakers for identification.

e 2D-CNN. Different from 1D-CNN, 2D-CNN [139] is utilized to extract acoustic features
from MFCCs.

e LSTM applies recurrent neural networks to investigate the acoustic frequency dependen-
cies along all time steps. In the experiments, a bidirectional LSTM [91] is utilized to

model such frequency dynamics along the time dimension and build audio embeddings.

e Attentive-LSTM (A-LSTM) differs from the LSTM method by introducing an atten-
tion layer [140] on top of the bidirectional LSTM to extract important acoustic signals at

different time steps.

o Attentive-CRNN (A-CRNN) first utilizes a layer of 1D-CNN to extract local features
at each time step and further builds an attentive LSTM model on top of such features to

construct audio embeddings.

e Self-attention (SA) also seeks to extract audio embeddings by studying the frequency
dynamics along the time dimension. More precisely, the self-attention technique [86] is
utilized, where the same MFCC is considered as the input, query, and value matrices.
Finally, the average of the fused vectors via self-attention operations serves as the audio

embedding.

e Attentive self-attention (A-SA) first utilizes the self-attention technique [86] to fuse
the acoustic vectors at different time steps. A weighted sum of the fused vectors over all

time steps serves as the audio embedding.

Few-shot learning-based method:

e Prototypical network (PN) [45] adopts 2D-CNN as the building block to construct

audio embeddings and applies prototypical loss [122] to learn from limited training data.

Raw waveform-based method:
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e Sincnet (SC) [9] identifies speakers by directly training on the raw waveform of audios.
AFEASI variants:

e AFFEASI, differs from AFFEASI in the choice of perturbation injections and only injects

noises into audio instances in the support module.

e AFEASI, injects noises into audio instances in both support and query modules.

Among the eleven baseline methods, the 1D-CNN, 2D-CNN, LSTM, A-LSTM, A-CRNN,
SA, and A-SA differ in how to construct the audio embedding representation from the
MFCCs. The CNN based methods employ convolutional operations to extract the local
informative and discriminative features from MFCCs. The LSTM, A-LSTM, SA, and A-
SA methods depend on investigating the dependencies of MFCC intensities at different
time steps to construct audio embedding representations. The A-RCNN method utilizes
both CNN and RNN to extract acoustic features and form audio embeddings. For these
seven methods mentioned above, the constructed audio embeddings are further fed into the
prediction blocks to yield speaker recognition. We include these seven methods as baselines
to investigate which one of them is the most effective in extracting discriminative acoustic
features from MFCCs in the context of ASR. PN utilizes 2D-CNN as the building block
to construct audio embedding representations. It differs from the first seven baselines in
how to conduct predictions. It utilizes metric learning to boost ASR performance. Sincnet
differs from all baselines in the sense that it learns from the raw waveform of audios rather
than from MFCCs. AFEASI; and AFEASI are variants of AFFEASI They differ in where
adversarial noises are injected. All parameters in these baselines are best tuned utilizing grid

search.

9.4.2 Identification Performance

In this section, we evaluate the performances of AFEASI against different baseline methods.

We adopt accuracy as the evaluation metric. Given a set of test audio instances, the accuracy
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Table 9.7: Accuracy on test set over different audio embedding construction methods

Method 1s 3s 5s 7s 9s

1D-CNN || 0.9021 | 0.9702 | 0.9853 | 0.9927 | 0.9931
2D-CNN | 0.9038 | 0.9686 | 0.9780 | 0.9823 | 0.9879

LSTM 0.8650 | 0.9551 | 0.9607 | 0.9823 | 0.9888

A-LSTM | 0.8848 | 0.9698 | 0.9819 | 0.9905 | 0.9922

A-CRNN |/ 0.9198 | 0.9594 | 0.9720 | 0.9767 | 0.9810
SA 0.7537 | 0.8736 | 0.9107 | 0.9383 | 0.9405
A-SA 0.7886 | 0.9159 | 0.9435 | 0.9594 | 0.9642

SC 0.8147 | 0.8773 | 0.8806 | 0.8913 | 0.8991

acc 1s:
correctly identified test instances

acc = . . (9.6)
total test instances

In this section, we investigate which technique is more effective on extracting informative
acoustic biometric features from MFCCs. In particular, we compare 3 types of different
methods, i.e., CNN, LSTM, and self-attention-based methods. Moreover, we also investi-
gate the effectiveness of attention mechanisms on acoustic feature constructions. To further
investigate how effective to directly identify speakers based on raw waveform of audios, we
further include SC into the comparisons. To comprehensively compare these techniques on
speaker identification, we vary the length of the audio instances from 1 second to 9 seconds
with 2 seconds as the step size. Table 9.7 shows the corresponding performances on Lib-
riSpeech. While the top seven rows show the performances of methods based on MFCCs,

last row shows the performance of SC, which is waveform-oriented.

For MFCC-oriented methods, we have five observations. First, the longer the instance,
the higher accuracy each method can achieve. It applies to all seven methods with different
embedding construction strategies. It makes sense because the longer each audio instance,
the richer acoustic information we have collected from each instance. Training, supported

by rich acoustic information, contributes to high accuracy. The second observation is that
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the SA method achieves the worst accuracy performance on all different duration settings.
The SA method depends on feature fusions to learn inter-dependent feature representations.
However, a piece of audio, especially a short one, could contain a notable portion of silence
which do not contain any distinguishing information. Feature fusions with such uninforma-
tive and misleading features lead to defective accuracy performance. The third observation
is that all methods, except SA, work well when instances are 3 seconds long or longer than
that. It demonstrates that audios with at least 3 seconds might be informative enough to
construct a speaker’s acoustic biometric. Moreover, by comparing LSTM with A-LSTM and
A-CRNN, we also notice that it benefits the accuracy performance by adding an attention
layer, especially when the audio instance is relatively short. When each instance is only 1
second long, the accuracy of the LSTM method is only 0.8650. By distinguishing important
information at different time steps, A-LSTM and A-CRNN improve the accuracy to 0.8848
and 0.9198, respectively. Analogously, we find similar performance improvement when com-
paring SA with A-SA. The last observation is that the accuracy performance of LSTM,
A-LSTM, SA, and A-SA are more sensitive to short audios than CNN-based methods. For
example, when each instance is only 1 second long, the accuracy of these methods are only
0.8650, 0.8848, 0.7537, and 0.7886, respectively. It can be explained by the silence in the
audio instances. When the audio instance is very short, each instance contains limited in-
formative acoustic features. Therefore, short audio instances are more vulnerable to noises
such as silence. In such scenarios, the frequency dynamics over time captured by LSTM
and self-attention-based methods are less reliable and robust than the local features cap-
tured by CNN-based methods. The raw waveform-based method, SC, does not work very
well generally compared with MFCC-based methods. SC skips the construction of MFCC,
which involves fast Fourier transform and other hard-to-learn procedures, to learn speaker
identification. It is still a daunting task since raw waveform-based methods are deemed to

require a huge amount of training data in order to achieve success.
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Figure 9.12: The accuracy of each method with different total training data per speaker on

LibriSpeech.

9.4.3 Performance with Limited Training Data

In this section, we investigate the performance of all methods when facing a shortage of data
for training. In order to make instant identification response, we fix the length of each audio
instance to 3 seconds. We vary the total number of training instances per speaker from 20
to 60. If the total training instances per speaker is only 20 and each instance is 3 seconds
long, there are only 60 seconds audios used for training for each speaker. When we relax the
number of training instances per speaker to 40 and 60, 120 seconds and 180 seconds long
cumulative audios will be used for training per speaker, respectively. Figure 9.12 shows the

accuracy performance for all methods on different settings.

We observe that the fewer training instances we have for a speaker, the lower accuracy
we achieve for all methods. For example, when we have 180 seconds long training instances
for a speaker, the accuracy of 1D-CNN can reach as high as about 0.9493. However, when
the training instances are reduced to 120 and 60 seconds per speaker, the accuracy is only
0.9398 and 0.8645, respectively. We observe a similar performance drop for 2D-CNN, LSTM,
A-LSTM, SA, A-SA, and SC. These observations demonstrate that the strong discriminative
power of deep learning models significantly depends on the availability of a sufficient amount
of training data. When only limited instances are provided for training, the performance

might be far from expectations. Without applying few-shot learning mechanisms, 1D-CNN
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achieves the best accuracy performance on the three settings. This results from its simple
network structure design, which is light-parameter dependent. The prototypical network, a
metric-learning-based few-shot leaning method, achieves slightly higher accuracy. Its accu-
racy reaches about 0.93 as 60 seconds training instances are present for training per speaker.
The high accuracy performance demonstrates the advantage of adopting few-shot learning,
which fully utilizes the limited instances during training. Among all methods, AFEASI and
its variants achieve the highest accuracy on all three settings, especially when the training
instances are limited. Its accuracy is as high as about 0.95 for the setting of 60 seconds
per speaker. This demonstrates the effectiveness of adopting attentive few-shot learning and

adversarial learning when training from limited data.

9.4.4 Perturbation Injection Choice

In this section, we investigate and compare the effectiveness of different choices for inject-
ing adversarial perturbations. AFFEASI only injects perturbations into query instances.
AFFEASI ; only injects perturbations into support instances, while A FEASI, injects dynamic

perturbations into both query and support instances.

The last three groups of Figure 9.12 show the accuracy performance of AFEASI and its
two variants on different settings. We observe that injecting adversarial perturbations into
query instances only is effective enough to enhance identifications. For example, as training
instances are as limited as 60 seconds per speaker. The accuracy of AFEASI, AFEASI,, and
AFFEASI  are all as high as and close to 0.955. While injecting perturbations into only query
instances allows us to quickly generate adversarial examples during training, as compared
to generating noises in support instances or both query and support instances. Therefore,
in this work we choose to inject perturbations into only query instances in consideration of

computational efficiency.
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Table 9.8: Accuracy on test set by injecting Gaussian noise

Methods AFEASqussian AFEASI | AFEASI
T le-6 le-5 le-4 le-3 le-2 N/A N/A

60s 0.9432 | 0.9498 | 0.9481 | 0.9376 | 0.9317 | 0.9555 0.9411

120s 0.9522 | 0.9556 | 0.9532 | 0.9491 | 0.9487 | 0.9644 0.9512

180s 0.9587 | 0.9630 | 0.9620 | 0.9553 | 0.9531 | 0.9663 0.9563

9.4.5 Effectiveness of Adversarial Training

In this section, we compare the effectiveness of data augmentation between conducting ad-

versarial training and applying conventional audio augmentation methods.

To conduct conventional data augmentation, we inject random Gaussian noises to raw
audios with different parameters 7 that controls the intensity of injected noises. Formally,
the augmented audio piece ,, can be represented as ,, = x + 7Ny, where x and N, are the
original audio and the Gaussian noise, respectively. Finally, AFEASI qs5i0n denotes the con-
ventional approach by replace the adversarial training with the participation of augmented
data injected by Gaussian noises. In addition, we use AFFASI_ to indicate the method
simply removing adversarial training from AFFEASI and evaluate the impact of adversarial
training.

Table 9.8 shows the performance comparisons among AFFASI_, AFEASI qyssian, and
AFFEASI. We observe that data augmentations by injecting Gaussian noises help address the
data shortage issue. For example, the accuracy of AFFASI  is 0.9411 for the 60-seconds
setting. When setting 7 to le — 5 and le — 4, the accuracy of AFEASIqyssian improves
to 0.9498 and 0.9841, respectively. However, the effectiveness of such data synthesis is
sensitive to the setting of the weighting factor 7. For example, when 7 is set to le — 3 and
1 — €2, heavier noises are injected into the raw audios. The injected noises obscure the raw
informative signals and lead to worse accuracy performance. This could make it challenging
to select a good 7 in practice since it only helps with a narrow range of effective settings.

In addition, we notice that AFFASI still achieves the highest accuracy performance over
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all three settings. This demonstrates that intentional adversarial noises are more helpful in

improving identification performance.

9.4.6 Sensitivity Study

Table 9.9: Main parameters of AFEASI in the experiments after fine-tuning.

Parameters Value | Parameters Value

Learning rate n 0.01 | Number of epochs 20
Regularizer weight A 1 Perturbation bound ¢ | 0.01

Way number K 150 | Shot Number N 10

In this section, we examine how different choices of parameters influence the performance
of AFEASI. Except for the parameter being tested, we set other parameters at the default
values (see in Table 9.9). Figure 9.13 shows the evaluation results as a function of one
selected parameter when fixing others. Overall, we observe that AFEASI is not strictly

sensitive to most parameters, which demonstrates the robustness of AFFEASI.

Figure 9.13a shows the accuracy performances of AFEASI when we change the learning
rate. It may get stuck to local optimal and lead to sub-optimal performance when the
learning rate is either too small or too large. In this work, we set it as 0.01 with the
consideration of the performance. Figure 9.13b shows the effect of varying e, which controls
the magnitude of the perturbations. AFEASI in general is not sensitive to the setting of
e and it achieves high accuracy performance with a wide range of € from 0.0001 to 0.1.
Figure 9.13c shows the performance of AFEASI when choosing different number of speakers
in a training episode. We observe that AFFASI is not strictly sensitive to this parameter
and it always achieves accuracy performance as high as around 0.95 for all settings with
the parameter is larger than 25. Figure 9.13d shows the performance change via choosing
different number of instances per speaker as references in the support module. We observe
that the more instances we select to generate the speaker’s acoustic biometric embedding as

references, the higher accuracy we can achieve during the test in general. We also notice that
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Figure 9.13: Parameter sensitivity studies on LibriSpeech

shot number might only provide limited and repeated information.

9.4.7

One notable application of ASR is to enable personalized services at different households. In
such scenarios, audio-enabled devices, such as Echo Dot and Google Home, only need to serve

several peoples in a household. Therefore, we may not have to include all the speakers as

Household Deployment
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identification candidates. This could not only reduce the computation cost during inference
and respond more quickly, but also significantly improve the identification accuracy. All
these benefits depend on the flexibility of the identification model to accommodate only a
portion of users as speaker candidates. All conventional deep learning methods mentioned
in the baseline section fail to achieve this, since the output layer of these models is fixed with
the number of neurons equal to the number of total speakers. AFEASI solves the issue by
learning distance metric among different speaker candidates. The speaker with the smallest
distance to the query instance in the hidden space among all candidates yields the prediction.
In this way, AFEASI can enable fast and efficient speaker identification by considering only

a small set of candidate speakers.

9.5 Automatic Speaker Identification with Gradient-based Few-

shot Learning

We conduct experiments on LibriSpeech data set to evaluate the performance of MDNML

against four popular algorithms.

9.5.1 Experimental Settings

The experiments are conducted on the LibriSpeech dataset, which is publicly available®. For
the dataset, 75% of speakers are treated as existing users and the remaining 25% of speakers
are treated as new users for the purpose of evaluation. We follow the previous work [45]
to extract acoustic features from the raw audios. The first 20 MFCCs are extracted from
speech after an energy-based voice activity detection. A 44 kHz sampling rate and a 25 ms

hamming window with a 10 ms frame shift are used during the MFCC construction.

3LibriSpeech: http://www.openslr.org/12
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9.5.2 Baselines

To evaluate the performance of MDNML, the following four methods are adopted as baselines.

MDN [107] trains acoustic profiles for each new user from scratch without any knowledge

gained from existing users.

PN [45] utilizes the CNN-based prototypical network, a metric-learning-based few-shot

technique, to conduct speaker identification.
PNL [109] relies on Bi-LSTM-based prototypical network to perform speaker identification.

AFEASTI [106] applies adversarial training on prototypical network to achieve speaker iden-

tification.

9.5.3 Identification Performance

In this section, we evaluate the performances of MDNML against different baseline methods
on the LibriSpeech dataset. We adopt household-level accuracy as the evaluation metric.
The household-level accuracy first calculates the identification accuracy in each household
and then averages the identification accuracy in each household by treating the importance

of them equally.

Table 9.10: Accuracy with 2 seconds voice enrollment.

Utterance duration in test 1s 2s 3s 4s
MDN 80.0% | 83.4% | 86.2% | 87.8%
PN 85.8% | 86.0% | 88.0% | 89.4%
PNL 82.8% | 86.4% | 85.8% | 85.0%
AFEASI 86.6% | 86.6% | 89.4% | 90.2%
MDNML 88.6% | 88.6% | 90.2% | 91.4%

To imitate the scenarios of serving new users, we set the duration of each enrollment

utterance, which is used for profile adaptions for the new users, to small values, varying
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Table 9.11: Accuracy with 4 seconds voice enrollment.

Utterance duration in test 1s 2s 3s 4s
MDN 85.8% | 86.4% | 88.2% | 89.0%
PN 88.0% | 87.6% | 88.8% | 89.2%
PNL 84.8% | 86.0% | 86.8% | 87.2%
AFEASI 88.6% | 89.0% | 89.2% | 89.8%
MDNML 89.6% | 90.4% | 92.2% | 93.0%

from 2 to 4 seconds. Moreover, in order to offer instant identification response, we vary the
duration of each test voice utterance from 1 second to 4 seconds. Tables 9.10 and 9.11 show

the performance of different methods on the LibriSpeech dataset.

We have four observations from the results on the LibriSpeech dataset. First, the longer
the duration of a voice utterance for identification in test, the higher accuracy each method
can achieve. For example, when we have 2 seconds long voice utterance as the enrollment for
profile adaption and 1 second long voice utterance to identify the speakers with testing data,
MDN can reach only 80% accuracy; however, the accuracy increases to 83.4%, 86.2%, and
87.8% when the test voice utterance becomes to 2, 3, and 4 seconds, respectively. Note that
this observation generally applies to all methods. The performance gain stems from the fact
that the acoustic signals embedded in long voice utterances are more consistent and reliable.
These consistent and reliable acoustic signals further yield confident speaker identifications,
which are more accurate. Second, the longer the voice enrollment we have for a new user
during the adaption process, the higher accuracy each method can achieve. It makes sense
because the longer the voice enrollment for a user, the richer signals we can use to construct
his/her acoustic profile by analyzing the enrolled utterance. Profile constructions, supported
by rich acoustic information, contribute to the high accuracy. Third, we observe that PN,
PNL, AFEASI, and MDNML generally outperform MDN. This shows the advantages of
utilizing few-shot learning, which allows effective learning even with limited data. Fourth,

MDNML consistently achieves the highest accuracy comparing with the four baselines in
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all settings. It demonstrates the effectiveness of MDNML, which leverages knowledge learnt

from existing users.
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CHAPTER 10

Conclusion

In this thesis, we investigate how to mine patterns and knowledge from sparse and deficient
data. More specifically, we dive into three concrete applications, i.e., location-based customer
recommendation in social networks, query recommendation on search engines, and automatic

speaker recognition.

For customer recommendation in location-based social networks, we propose two meth-
ods, i.e., CORALS and SEATLE. CORALS utilizes auxiliary information (i.e., geographical
coordinates of businesses and online reviews) as extra guidance to make recommendations,
while SEATLE focuses on incorporating not only geographical convenience (between cus-
tomers and businesses) but also geographical dependency (among businesses) to make recom-
mendations. Moreover, metric-learning-based few-shot learning is further adopted to improve
recommendation performance from the limited training data. For query recommendation on
search engines, we propose a context-aware method CFAN, which is capable of modeling
both users’ search query sequence and click sequence, to make query suggestions. Both
users’ formulated search queries and their clicks are incorporated to model their information
need and collectively modeling these two factors allows us to understand users’ search intent
more accurately. In addition, adversarial training is introduced to improve the robustness
and generalization of the recommendation model in the query suggestion model. For au-
tomatic speaker recognition, we investigate two types of few-shot learning strategies, i.e.,
metric-learning-based and gradient-based ones, and propose AFFEASI and MDNML, respec-
tively. AFEASI applies metric-learning-based few-shot learning to fully utilize the limited
voice utterances and further relies on adversarial training, as a data augmentation technique,

to achieve robust and well-generalized speaker identification. MDNML is proposed to achieve
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automatic speaker identification with the goal of serving new users. It depends on mixture
density networks, which are gradient-friendly and can model voice utterances with arbitrary
lengths, to construct users’ acoustic profiles. To leverage the identification knowledge learnt
from existing users, model-agnostic meta-learning, a gradient-based meta-learning technique,
is adopted, which can help us learn a set of well-initialized model parameters. Therefore, the
acoustic profiles of new users could be constructed much faster based on the learnt model

parameters.
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