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Abstract
Efficient Machine Teaching Frameworks for Natural Language Processing

Giannis Karamanolakis

The past decade has seen tremendous growth in potential applications of language tech-
nologies in our daily lives due to increasing data, computational resources, and user inter-
faces. An important step to support emerging applications is the development of algorithms
for processing the rich variety of human-generated text and extracting relevant information.

Machine learning, especially deep learning, has seen increasing success on various text
benchmarks. However, while standard benchmarks have static tasks with expensive human-
labeled data, real-world applications are characterized by dynamic task specifications and
limited resources for data labeling, thus making it challenging to transfer the success of
supervised machine learning to the real world. To deploy language technologies at scale, it
is crucial to develop alternative techniques for teaching machines beyond data labeling.

In this dissertation, we address this data labeling bottleneck by studying and present-
ing resource-efficient frameworks for teaching machine learning models to solve language
tasks across diverse domains and languages. Our goal is to (i) support emerging real-world
problems without the expensive requirement of large-scale manual data labeling; and (ii)
assist humans in teaching machines via more flexible types of interaction. Towards this goal,
we describe our collaborations with experts across domains (including public health, earth

sciences, news, and e-commerce) to integrate weakly-supervised neural networks into opera-



tional systems, and we present efficient machine teaching frameworks that leverage flexible
forms of declarative knowledge as supervision: coarse labels, large hierarchical taxonomies,
seed words, bilingual word translations, and general labeling rules.

First, we present two neural network architectures that we designed to leverage weak
supervision in the form of coarse labels and hierarchical taxonomies, respectively, and high-
light their successful integration into operational systems. Our Hierarchical Sigmoid Atten-
tion Network (HSAN) learns to highlight important sentences of potentially long documents
without sentence-level supervision by, instead, using coarse-grained supervision at the doc-
ument level. HSAN improves over previous weakly-supervised learning approaches across
sentiment classification benchmarks and has been deployed to help inspections in health
departments for the discovery of foodborne illness outbreaks. We also present TXtract, a
neural network that extracts attributes for e-commerce products from thousands of diverse
categories without using manually labeled data for each category, by instead considering
category relationships in a hierarchical taxonomy. TXtract is a core component of Amazon’s
AutoKnow, a system that collects knowledge facts for over 10K product categories, and
serves such information to Amazon search and product detail pages.

Second, we present architecture-agnostic machine teaching frameworks that we applied
across domains, languages, and tasks. Our weakly-supervised co-training framework can
train any type of text classifier using just a small number of class-indicative seed words and
unlabeled data. In contrast to previous work that use seed words to initialize embedding
layers, our iterative seed word distillation (ISWD) method leverages the predictive power
of seed words as supervision signals and shows strong performance improvements for aspect
detection in reviews across domains and languages. We further demonstrate the cross-lingual
transfer abilities of our co-training approach via cross-lingual teacher-student (CLTS), a
method for training document classifiers across diverse languages using labeled documents
only in English and a limited budget for bilingual translations. Not all classification tasks,

however, can be effectively addressed using human supervision in the form of seed words.



To capture a broader variety of tasks, we present weakly-supervised self-training (ASTRA),
a weakly-supervised learning framework for training a classifier using more general labeling
rules in addition to labeled and unlabeled data. As a complete set of accurate rules may
be hard to obtain all in one shot, we further present an interactive framework that assists
human annotators by automatically suggesting candidate labeling rules.

In conclusion, this thesis demonstrates the benefits of teaching machines with different
types of interaction than the standard data labeling paradigm and shows promising results
for new applications across domains and languages. To facilitate future research, we pub-
lish our code implementations and design new challenging benchmarks with various types of
supervision. We believe that our proposed frameworks and experimental findings will influ-
ence research and will enable new applications of language technologies without the costly

requirement of large manually labeled datasets.
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Chapter 1. Introduction

In this dissertation, we study and present resource-e cient machine teaching frameworks
with the purpose to (i) support emerging real-world problems without the expensive require-
ment of large-scale manual data labeling; and (ii) assist humans in teaching machines via
more exible types of interaction.

The past decade has seen tremendous growth in potential applications of language tech-
nologies in our daily lives due to the proliferation of online data (e.g., news articles, social
media comments, and product reviews), the increasing availability of computational re-
sources, and new user interfaces. For example, health departments nationwide have started
to analyze social media content with the goal to detect (possibly rare) incidents related to
public health. As another example, companies are investing in automatic tools for the anal-
ysis of positive and negative opinions mentioned in customer reviews about their products.
As time progresses, having access to increasing amounts of unstructured data from diverse
populations creates the opportunity for language technologies to have an impact in the real
world.

An important step to support emerging problems in new areas of technology is the de-
velopment of e cient Natural Language Processing (NLP) algorithms that can extract rel-
evant information from the rich variety of text across domains and languages. Machine
learning, especially supervised deep learning, has seen increasing success on various NLP
benchmarks[Sang and De Meulder, 2003; Socher et al., 2013; Wang et al., 2018; Wang
et al., 2019. Recent progress in representation learning algorithni#likolov et al., 2013a;
Peters et al., 2018; Devlin et al., 2019n conjunction with the development of neural ar-
chitectures [Kim, 2014; Wieting and Gimpel, 2017; Yang et al., 2016; Vaswani et al., 2017,

Radford et al., 2018 have led to important performance gains compared to rule-based and



traditional learning techniques.

Given the success of supervised machine learning in standard NLP benchmarks, these
techniques are promising to address emerging tasks. Training machine learning algorithms for
a new task requires three main components: the model to train, the hardware to train on, and
the data to train with. In the past years, there has been increasing availability of open-source
frameworks for developing machine learning modédBaszke et al., 2017; Abadi et al., 2015;
Wolf et al., 2019 and of pre-trained state-of-the-art models in online hub¥?3 At the same
time, there has been tremendous progress in the availability of hardware, for example via
cloud computing, which provides access to GPUs for training deep neural networks with
a typical cost of less than a dollar per hout®® While model architectures and hardware
are usually available, signi cant e ort is often required to collect the data for training the
models, which presents the main bottleneck in deploying supervised machine learning into
the real world, as described next.

Supervised machine learning models require large, hand-labeled training datasets, which
are both expensive and time-consuming to obtain for every new task. For example the
SST benchmark[Socher et al., 201Bused for sentiment classi cation comes with 200,000
labeled sentences and the CoNLL benchmaf8ang and De Meulder, 2043or named-entity-
recognition comes with 3 million labeled words. While existing benchmarks include already-
labeled data, it is prohibitively expensive to obtain large-scale labeled data for every new
application, especially for applications that require domain expertise. Also, benchmark
datasets are static, while emerging applications are characterized by dynamic task speci ca-

tions. For example, changing the task de nition from sentence- to phrase-level classi cation

Ihttps://www.tensorflow.org/hub
2https://pytorch.org/hub
Shttps://huggingface.co/models
4https://aws.amazon.com/pricing/
Shttps://azure.microsoft.com/en-us/pricing/

Shttps://cloud.google.com/pricing/



in SST would require collecting new phrase-level labels from scratch. Dynamic task speci -
cation make it challenging to transfer the success of supervised machine learning to the real
world.

Unsupervised learning approaches, such as clustering and topic modeling, aim to learn the
structure of the dataset without expensive labeled data by instead using unlabeled data that
is plentiful in most applications at no cost[Lloyd, 1982; MacQueen, 1967; Blei et al., 2003;
Gri ths et al., 2003; He et al., 2017]. While there exist optimal algorithms for unsupervised
learning, an important issue is that the structure discovered by these algorithms is not
necessarily aligned with the user's needs. For example, the topics learned by unsupervised
neural topic models are not perfectly aligned with the classes of interest for the target
problem, so substantial human e ort is required for interpreting and mapping the learned
topics to meaningful aspects. At least minimum human supervision is required to guide the
learning algorithm to address the target problem.

There have been several minimally-supervised learning approaches that attempt to reduce
the amount of labeled training examples by considering unlabeled data, auxiliary domains,
and tasks. Semi-supervised learning approaches leverage unlabeled data that are usually
abundant (in contrast to labeled data) with additional statistical assumptions about how
unlabeled data can be useful for the modéBlum and Mitchell, 1998; Joachims et al., 1999;
Nigam et al., 2000; Nigam and Ghani, 2000; Zhu et al., 2003; Seeger, 2006; Zhou and Li, 2005;
Raghavan et al., 2006; Raghavan and Allan, 2007; Small et al., 2011; Clark et al., 2018;
Ruder and Plank, 2018; Berthelot et al., 2019 Transfer learning approaches use labeled
datasets from similar domains (domain adaptation) or tasks (multi-task learning) by assum-
ing that such datasets can provide useful training signals for the target tagkaruana, 1997;
Daumeé Ill, 2007; Pan and Yang, 2009; Wan, 2009; Artetxe and Schwenk, 2019; Zhang and
Yang, 2021. Unsupervised pre-training approaches follow a sequential transfer learning
paradigm by rst pre-training models in vast amounts of already-available unlabeled texts

(e.g., Wikipedia articles) with unsupervised training objectives (e.g., language modeling) and



then adapting the pre-trained models for the target task with the hope that the representa-
tions learned in the pre-training step are useful for the second stéplikolov et al., 2013a;
Pennington et al., 2014; Howard and Ruder, 2018; Peters et al., 2018; Devlin et al., 2019;
Radford et al., 2018. The above minimally-supervised learning approaches have achieved
better performance across diverse NLP tasks with fewer labeled examples than supervised
learning approachegWang et al., 2018; Wang et al., 2019; Hedderich et al., 2031a

While there has been signi cant progress in addressing the labeled data bottleneck by
reducing the amount of labeled data, another way to expand the neck of the bottle is to
expand the types of interaction for humans to teach machines. The vast majority of the above
minimally-supervised learning approaches support just a single type of interaction, that is to
label individual instances, one at a time, with task labels. To understand why data labeling
is not a scalable approach, consider the (binary) classi cation task of detecting rare diseases
discussed in online documents. While health experts might already know speci ¢ symptoms
of each disease, by following the dominant data labeling paradigm they would have to label
many documents with a disease label to teach a model to associate the right symptoms with
the right diseases. On the other hand, supporting richer types of supervision in a declarative
form indicating the experts' intents about the model's behavior (e.g., a rule indicating how
to address texts mentioning speci ¢ symptoms) could improve the e ciency of the teaching
process. While a binary label covers a single text instance, such high-level predicates can
cover multiple instances and as a result provide more powerful training signal.

Expanding the types of interaction for humans to teach machine learning models is a chal-
lenging and under-explored area with limited evidence of success. Existing approaches use
speci ¢ types of declarative expert knowledge (e.g., keywords, regular expressions) in simple
classes of models (e.g., probabilistic topic model)ruck et al., 2008; Melville et al., 2009;
Ganchev et al., 2010; Mann and McCallum, 2010; Lu et al., 2011; Settles, 2011; Jagarlamudi
et al., 2012; Augenstein et al., 2016; Poulis and Dasgupta, 2017; Dasgupta et al., 2018

However, most of these approaches cannot be directly combined with recent state-of-the-art



techniques for representation learning as it is not clear how to integrate declarative knowl-
edge with the black-box neural network architectures, the backbone of modern representation
learning. Additionally, most of these techniques are evaluated for just a small number of
benchmarks in the English language, thus there is insu cient evidence of whether existing
approaches can be applied at scale, across diverse domains, languages, and tasks. There-
fore, to address the above limitations and transfer the success of deep neural networks from
NLP benchmarks to the real world, it is important to develop new techniques for teaching
machines with exible types of interaction.

Motivated by the demand for resource-e cient frameworks for training accurate models,
in this dissertation we investigate the design of frameworks for teaching machines with alter-
native types of human supervision. Our goal is to (i) support new applications across domains
and languages without the expensive need of manually labeled data; and (ii) support more
exible types of interaction for humans to teach machines. Towards this goal, we summarize
our collaborations with experts across domains (including public health and e-commerce) to
integrate weakly-supervised neural networks into operational systems, and present e cient
machine teaching frameworks that leverage exible forms of declarative knowledge as super-
vision: coarse labels, large hierarchical taxonomies, seed words, bilingual word translations,
and general labeling rules.

First, we present two neural network architectures that we designed to leverage weak
supervision in the form of coarse labels and hierarchical taxonomies, respectively, and high-
light their successful integration into operational systems. Our Hierarchical Sigmoid Atten-
tion Network (HSAN) learns to highlight important sentences of potentially long documents
without sentence-level supervision by instead using coarse-grained supervision at the doc-
ument level. HSAN improves over previous weakly-supervised learning approaches across
sentiment classi cation benchmarks and has been deployed to help inspections in health de-
partments for the discovery of foodborne illness outbreaks. We also developed TXtract, a

neural network that extracts attributes for e-commerce products from thousands of diverse



product categories without using manually labeled data for each category, by instead con-
sidering category relationships in a hierarchical taxonomy. TXtract is a core component of
Amazon's AutoKnow, a system that collects knowledge facts for over 10K product categories,
and serves such information to Amazon search and product detail pages.

Second, we present architecture-agnostic machine teaching frameworks that we applied
across domains, languages, and tasks. Our weakly-supervised co-training framework can
train any type of text classi er using just a small number of class-indicative seed words and
unlabeled data. In contrast to previous work that use seed words to initialize embedding
layers, our iterative seed word distillation method, ISWD, leverages the predictive power
of seed words as supervision signals and shows strong performance improvements for aspect
detection in reviews across domains and languages. We further demonstrate the cross-lingual
transfer abilities of our co-training approach via our cross-lingual teacher-student method,
CLTS, which trains document classi ers across diverse languages using labeled documents
only in English and a limited budget for bilingual translations. Not all classi cation tasks,
however, can be e ectively addressed using human supervision in the form of seed words. To
capture a broader variety of tasks, we present weakly-supervised self-training, or ASTRA, a
framework for training any type of classi er using general labeling rules, few labeled data,
and unlabeled data. As a complete set of accurate rules may be hard to obtain at once,
we further present an interactive framework that assists human annotators by automatically
suggesting candidate labeling rules.

Speci cally, this dissertation presents the following key contributions:

Fine-grained classi cation with coarse-grained labels: In Chapter 3, we address
the problem of phrase- and sentence-level classi cation using only coarse-grained super-
vision at the document level. We present a novel neural network for ne-grained clas-
si cation using coarse-grained labels through a sigmoid attention mechanism, demon-
strate its advantages across multiple benchmarks, and deploy it for daily inspections

in health departments. Our Hierarchical Sigmoid Attention Network (HSAN) uses the
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sigmoid attention mechanism as the aggregation function for Multiple Instance Learn-
ing (MIL), and improves over previous MiL-based approachelKotzias et al., 2015;
Angelidis and Lapata, 20185 HSAN has been deployed to help inspections in health

departments for the discovery of foodborne illness outbreaks.

Knowledge extraction with hierarchical taxonomies of product categories:

In Chapter 4, we address the problem of extraction of product attributes from online
product descriptions from thousands of product categories. We present a novel neural
network that jointly extracts attribute values across all product categories by lever-
aging their relationships in a hierarchical taxonomy, and demonstrate its advantages
over 4,000 product categories at Amazon.com. While previous work focuses on a single
product category[Zheng et al., 2018; Xu et al., 2019 our TXtract network leverages
Amazon's taxonomy with thousands of diverse categories and e ectively extracts at-
tribute values without manually labeled data. We further demonstrate the integration

of TXtract into Amazon's AutoKnow, a system that collects knowledge facts for over
10K product categories and serves such information to Amazon search and product

detail pages.

Weakly-supervised text classi cation with seed words: In Chapter 5, we ad-
dress the problem of text classi cation using just a small number of class-indicative
seed words. We present iterative seed word distillation, ISWD, a method for training
any type of classi er using just seed words and unlabeled data. While previous work
uses seed words to initialize neural networ&und et al., 2017; Angelidis and Lapata,
20184, ISWD leverages the predictive power of seed wordsiring training through a
teacher-student co-training approach. We evaluate ISWD on ne-grained aspect de-
tection in product and restaurant reviews and demonstrate its potential for more text

classi cation applications.

Cross-lingual transfer of weak supervision with minimal resources: In Chap-



ter 6, we address the problem of training document classi ers across diverse languages
using labeled data only in English. We present a novel method that transfers weak
supervision across languages using minimal cross-lingual resources, evaluate its per-
formance on four tasks and eighteen languages, and suggest further improvements
using richer resources. Our cross-lingual teacher-student (CLTS) approach extracts
and transfers seed words across languages. With as few as twenty word translations,
CLTS outperforms approaches with similar and sometimes more expensive cross-lingual
resources, such as parallel corpora, machine translation, or pre-trained multilingual

models [Prettenhofer and Stein, 2010: Rasooli et al., 2018; Eisenschlos et al., 4019

Self-training with labeling rules: In Chapter 7, we address the problem of training
text classi ers using more general labeling rules, few labeled data, and many unlabeled
data. In contrast to previous work on weak supervision that ignores data that are not
captured by existing labeling ruledRatner et al., 2017, we propose weakly-supervised
self-training, ASTRA, a framework that leverages all unlabeled data through a self-
training mechanism that integrates human rules and a deep neural network with con-
textualized representationgDevlin et al., 2019. We evaluate ASTRA across six text
classi cation benchmarks and demonstrate its e ectiveness over settings with high rule

sparsity.

Interactive rule suggestion:  In Chapter 8, we present an interactive framework that
can assist humans in teaching machines by suggesting labeling rules for weak supervi-
sion. We perform an extensive analysis of existing datasets with human-provided rules
and identify prevalent patterns across datasets that could inform guidelines for rule cre-
ation. We also describe a human-in-the-loop machine teaching framework that queries
a human on both instances and rules with high-level predicates that are automati-
cally extracted without the need for large labeled datasets. We evaluate our approach

across six text classi cation benchmarks and show that by soliciting feedback on both



instances and candidate rules, it performs better than both non-interactive methods
and active learning methods with instance-level queries. To facilitate future research,
we further present new benchmarks for machine teaching with with di erent types of

interaction.

The remainder of this dissertation is organized as follows. In Chapter 2, we start with
basic de nitions and notation used across chapters, as well as the necessary background on
supervised machine learning for NLP. Then, Chapters 3 through 8 describe our work on
teaching machines with coarse labels, large taxonomies, seed words, bilingual word transla-

tions, and labeling rules. Finally, we present our conclusions in Chapter 9.



Chapter 2: Preliminaries

In this chapter, we provide the necessary de nitions and notation (Section 2.1) and

provide background on supervised machine learning for NLP (Section 2.2).

2.1 Mathematical Notation and De nitions

Sets: We denote withN = f1;2;:::g the set of natural numbers and withR the set of real

numbers. We denote the empty set as.

Tensors: We denote scalars in lowercase italics (e.y), vectors in lowercase boldface (e.g.,
v), and tensors in uppercase boldface (e.g/,). For x 2 N, we denote withR* the set of all
x-dimensional vectors of real numbers. We denote theth element of a vectorv asv; and

the concatenation of two vectorsy 2 R™, u 2 R" as[v;u]2 R™*"

Variable Description
S=(X1;:5XT) text segment

Xj j -th token

h segment embedding
hj | -th token embedding
y2Y =f1,2:::;Kg hard label

h; = ENC(sj) segment encoder

p; =(pt::;p¢) =CLF( hj) segment classi er

Table 2.1: Notation.
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Text de nitions: Text is a sequence of characters. A token is a sequence of contiguous
characters in a speci c text segment (e.g., document, sentence, phrase). Tokenization is the
process of splitting a sequence of characters into one or more tokens. A token type is the
class of all tokens that have the same sequence of characters. A vocabulary is a list of all
token types.

Table 2.1 summarizes the notation used throughout this dissertation. We denote a text
segments as a sequence of ordered tokenss = ( X1;:::;XT), wWherex; is the index of the

j -th token type in a vocabularyV. Text segments may have a variable number of tokens.

2.2 Supervised Machine Learning for NLP

Throughout this section, we consider a simpli ed view of supervised machine learning
that is tailored to the NLP application scenarios considered in this thesis. For a thorough
background on machine learning for NLP, sefSoldberg, 201§ for an introduction on ma-
chine learning and deep learning in general, we refer fdlurphy, 2012; LeCun et al., 2015;
Goodfellow et al., 2016; Murphy, 2022

Supervised machine learning methods for text classi cation use embedding techniques

followed by a classi cation model.

Segment encoding. During segment encoding, a segmers; = ( Xj1;Xi2;:::;XiN;) COM-
posed ofN; tokens is encoded as a xed-size real vectdr; 2 RY. We refer to the whole
segment encoding procedure as:

h; = ENC(s): (2.1)

Throughout this thesis, we use the terms segment encoding and segment embedding
interchangeably to describe the procedure of segment encoding.

De ning the encoder ENC is the main goal of representation learning in NLP. There
are various types of transformations used in the literature, such as bag-of-words represen-

tations [Harris, 1954; Ko, 2012 word embeddings such as word2vdMikolov et al., 20134
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and GloVe [Pennington et al., 2014 (when each segment is a single word), the average
of word embeddinggdWieting et al., 2015; Arora et al., 201§ Recurrent Neural Networks
(RNNSs) [Wieting and Gimpel, 2017; Yang et al., 2016; Bahdanau et al., 201®r Convolu-
tional Neural Networks (CNNs)[Kim, 2014]. For a detailed description of these architectures,
we refer to[Goldberg, 201§ and [Goodfellow et al., 2016

The parameters ofENC can optionally be initialized with pre-trained parameters that are
learned using general-domain unlabeled data and self-supervised learning objecfivékolov
et al., 2013a; Pennington et al., 2014; Peters et al., 2018; Devlin et al., 2019; Radford et al.,
2014, which we refer to as pre-training. In this case, we refer to the encoddENC as a
pre-trained model.

One pre-trained model used commonly in this work for English documents is BERDe-
vlin et al., 2019. BERT uses a neural network architecture called transformers; sféaswani
et al., 20171. BERT is pre-trained on a Wikipedia dump and the Books Corpu$zhu et al.,
2014 using two objectives called Masked Language Modeling and Next Sentence Pre-
diction. We refer to [Devlin et al., 2019 for a description of the BERT architecture and
training details. There are two variants of BERT, namely, the base model, with 110M pa-
rameters, and the large model, with 336M parameters. Across this thesis, we explicitly state
which BERT variant we use. Another pre-trained model used in our work for multilingual
settings is multilingual BERT (mBERT or MultiBERT) 1, which is a BERT variant that was

pre-trained on concatenated Wikipedia data from 104 languages.

Segment classi cation. During segment classi cation, the segmery; is assigned to one of

over the K classes, the segment encodirg is fed to a classi cation model:

pi = CLF(hj) (2.2)

https://github.com/google-research/bert/tree/a9ba4b8d7704c1lae18d1b28c56c0430d41407ebl
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Throughout this thesis, we use the terms segment classi cation, softmax classi er, and
classi cation layer interchangeably to describe the procedure of segment classi cation.
Usually in deep learning, and in this work unless otherwise stated, the classi cation layer is
a hidden layer followed by the softmax functionp; = softmax(Wh ; + b), wherew 2 RK dis
the weight matrix, b2 RX is the weight bias vector of the classi er, andoftmax(x;) = Vi'ey]ﬁ

is the softmax function for multi-class classi cation. |

We denote the machine learning model g3, which consists of the segment embedding

and classi cation layer and predicts probabilities for a segmery; as:
pi = p (yjsi) = CLF(ENC( si)); (2.3)

where is the set of all trainable parameters corresponding to the embedding and classi -

cation layer.

The dominant machine teaching paradigm. To teach a machine learning model to
solve a task, the dominant teaching paradigm requires the creation of a dataset with ground
truth labeled segments:D_ = (si;yi)N; .

Within this supervised learning setting, optimization techniques are employed to learn
the parameters of the machine learning model using the labeled ddda as supervision. The

training objective is formulated as a loss functior. to be minimized:
X
L= L( ;sisyi): (2.4)
(siyi)2Dy

A common loss function used in this scenario is the cross-entropy loss:

L( ;sisyi)= logp (Y] si)y: (2.5)

In the case where the modgb is a neural network and we are given an initial set of mode
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parameters , labeled dataD, , and a loss functionL, the most common approach to train
the model is via gradient descent; s€&oodfellow et al., 2016 In cases wher&NC is a pre-
trained model, we interchangeably use training and ne-tuning to denote the training
process for the target classi cation task.

As its title suggests, the main focus of this thesis is to develop alternative, resource-
e cient machine teaching frameworks to address the need of large ground-truth labeled
datasetsD, via alternative types of supervision. In the next chapter, we present a method

for training ne-grained segment classi ers with coarse-grained labels.
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Chapter 3: Fine-Grained Classi cation with Coarse-Grained

Supervision

In this chapter, we show how to train neural networks for segment classi cation using
coarse labels, which is one type of supervision among all types discussed in Chapter 1. First,
we provide an overview and motivation for ne-grained segment classi cation with coarse
labels (Section 3.1). Second, we provide the necessary background and de ne our problem
of focus (Section 3.2). Third, we de ne a class of non-hierarchical baselines to address our
problem (Section 3.3) and present our Hierarchical Sigmoid Attention Network, or HSAN
(Section 3.4). Then, we present our experimental evaluation across several benchmarks (Sec-
tions 3.5 and 3.6) and describe the deployment of HSAN for health departments (Section 3.7).

Finally, we summarize the contributions of this chapter (Section 3.8).

3.1 Overview and Motivation

Many applications of text review classi cation, such as sentiment analysis, can benet
from a ne-grained understanding of the reviews. Consider the Yelp restaurant review in Fig-
ure 3.1. Some segments (here sentences or clauses) of the review express positive sentiment
towards some of the items consumed, service, and ambience, but other segments express a
negative sentiment towards the price and food. To capture the nuances expressed in such
reviews, analyzing the reviews at the segment level is desirable.

We focus on segment classi cation when only review labels but not segment labels
are available. The lack of segment labels prevents the use of supervised learning approaches.
While review labels, such as user-provided ratings, are often available, they are not directly

relevant for segment classi cation, thus presenting a challenge for supervised learning.
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Figure 3.1: A Yelp review discussing both positive and negative aspects of a restaurant, as
well as food poisoning.

Existing weakly supervised learning frameworks have been proposed for training mod-
els such as support vector machind#\ndrews et al., 2003; Yessenalina et al., 2010; Gart-
ner et al., 2002, logistic regression[Kotzias et al., 201%, and hidden conditional random
elds [Tackstrom and McDonald, 201} The most recent state-of-the-art approaches em-
ploy the Multiple Instance Learning (MIL) framework in hierarchical neural networkgPap-
pas and Popescu-Belis, 2014; Kotzias et al., 2015; Angelidis and Lapata, 2018a; Pappas and
Popescu-Belis, 2017; llse et al., 20lL8MIL-based hierarchical networks combine the (un-
known) segment labels through an aggregation function to form a single review label. This
enables the use of ground-truth review labels as a weak form of supervision for training
segment-level classi ers. However, it remains unanswered whether performance gains in cur-
rent models stem from the hierarchical structure of the models or from the representational
power of their deep learning components. Also, as we will see, the current modeling choices
for the MIL aggregation function might be problematic for some applications and, in turn,
might hurt the performance of the resulting classi ers.

Our work presents the following contributions:

1. We show that non-hierarchical, deep learning approaches for segment-level sentiment
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classi cation with only review-level labels are strong, and they equal or exceed

in performance hierarchical networks with various MIL aggregation functions.

. We substantially improve previous hierarchical approaches for segment-level sentiment

classi cation and propose the use of a new MIL aggregation function based on the
sigmoid attention mechanism to jointly model the relative importance of each segment
as a product of Bernoulli distributions. This modeling choice allows multiple segments
to contribute with di erent weights to the review label, which is desirable in many

applications, including segment-level sentiment classi cation.

. We experiment beyond sentiment classi cation and apply our approach to the discovery

of foodborne illness incidents in online restaurant reviews. We experimentally show
that our MIL-based network e ectively detects segments discussing food poisoning and
has a higher chance than all previous models to identify unknown foodborne outbreaks.
By identifying which review segments discuss food poisoning, epidemiologists can focus

on the relevant portions of the review and safely ignore the rest.

We start with a review of the relevant background for multiple-instance learning and de ne

our problem of focus (see Section 3.2). We continue as follows:

N

We explore non-hierarchical baselines (Section 3.3).

We develop HSAN, a neural network that uses the sigmoid attention mechanism to

classify segments using review labels only as supervision (Section 3.4).

We evaluate our ideas by conducting an experimental evaluation on sentiment classi -

cation (Sections 3.5 and 3.6).

We evaluate our approach for foodborne iliness detection and demonstrate its deploy-

ment for health departments (Section 3.7).

Finally, we discuss the implications of our work (Section 3.8). The material described in this

chapter appears inf[Karamanolakis et al., 2019k

17



3.2 Background and Problem De nition

In this section, we summarize relevant work on weakly supervised models for segment

classi cation (Section 3.2.1) and de ne our problem of focus (Section 3.2.2).

3.2.1 Multiple Instance Learning for Classi cation with Coarse Labels.

As discussed in Section 2.2, supervised approaches rst use a segment encBdie to
encode a segmers into a vector hj = ENC(s;) and then use a segment classi e€LF to
classifyh; to one of C prede ned classegY]:= f1;2;:::;Kg: p; = CLF( h;j). In contrast to
traditional supervised learning, wheresegment labelare required to train segment classi ers,
MIL-based models can be trained usingeview labelsas a weak source of supervision, as we
describe next.

State-of-the-art weakly supervised approaches for segment and review classi cation em-
ploy the Multiple Instance Learning (MIL) framework [Zhou et al., 2009; Pappas and Popescu-
Belis, 2014; Kotzias et al., 2015; Pappas and Popescu-Belis, 2017; Angelidis and Lapata,

20184. MIL is employed for problems where data are arranged in groups (bags) of in-

(Figure 3.2) work in three main steps: (1) encode the review segments into xed-size vectors

h; = ENC(sj), (2) provide segment predictiong; = CLF( h;), and (3) aggregate the predic-

training is provided in the form of review labels.

Di erent modeling choices have been taken for each part of the MIL hierarchical architec-
ture. [Kotzias et al., 201% encoded sentences as the internal representations of a hierarchical
CNN that was pre-trained for document-level sentiment classi catiofDenil et al., 2014, and

used the uniform average for the aggregation function[Pappas and Popescu-Belis, 2014;
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Figure 3.2: MIL-based hierarchical models.

Pappas and Popescu-Belis, 20lgmployed Multiple Instance Regression, evaluated various
models for segment encoding, including feed forward neural networks and Gated Recurrent
Units (GRUs) [Bahdanau et al., 201 and used the weighted average for the aggregation
function, where the weights were computed by linear regression or a one-layer neural net-
work. [Angelidis and Lapata, 2018hproposed an end-to-end Multiple Instance Learning
Network (MILNET), which outperformed previous models for sentiment classi cation using
CNNs for segment encoding, a softmax layer for segment classi cation, and GRUs with at-
tention [Bahdanau et al., 201bto aggregate segment predictions as a weighted average. Our
proposed model (Section 3.4) also follows the MIL hierarchical structure of Figure 3.2 for

both sentiment classi cation and our important public health application (Section 3.7).

3.2.2 Problem De nition

ments may have a variable number of words and dierent reviews may have a dierent

number of segments. A discrete labgt 2 [K ] is provided for each review but the individual
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segment labels are not provided. Our goal is to train a segment-level classi er that, given

aggregates the segment labels to infer the review labgl2 [K ] for rt.

3.3 Non-Hierarchical Baselines

We can address the problem described in Section 3.2.2 without using hierarchical ap-
proaches such as MIL. In fact, the hierarchical structure of Figure 3.2 for the MIL-based
deep networks adds a level of complexity that has not been empirically justi ed, giving rise
to the following question: do performance gains in current MIL-based models stem from
their hierarchical structure or just from the representational power of their deep learning
components?

We explore this question by evaluating a class of simpler non-hierarchical baselines: deep
neural networks trained at the review level(without encoding and classifying individual
segments) and applied at thesegment leveby treating each test segment as if it were a short
review. While the distribution of input length is di erent during training and testing,
we will show that this class of non-hierarchical models is quite competitive and sometime

outperforms MIL-based networks with inappropriate modeling choices.

3.4 Hierarchical Sigmoid Attention Network (HSAN)

We now describe the details of our MIL-based hierarchical approach, which we call Hier-
archical Sigmoid Attention Network (HSAN). HSAN works in three steps to process a review,
following the general architecture in Figure 3.2: (1) each segmesjtin the review is encoded
as a xed-size vector using word embeddings and CNNKim, 2014]: h; =CNN(s{) 2 R ; (2)
each segment encodinig; is classi ed using a softmax classi er with parameter§/ 2 R and

b2 R: p; = softmax(Wh; + b); and (3) a review predictionp is computed as an aggregation

of our work is the motivation, de nition, and evaluation of a suitable aggregation function
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for HSAN, a critical design issue for MIL-based models.

The choice of aggregation function has a substantial impact on the performance of MIL-
based models and should depend on the speci ¢ assumptions about the relationship between
bags and instance§Carbonneau et al., 201B Importantly, the performance of MIL algo-
rithms depends on the witness rate (WR), which is de ned as the proportion of positive
instances in positive bags. For example, when WR is very low (which is the case in our pub-
lic health application of Section 3.7), using the uniform average as an aggregation function
in MIL is not an appropriate modeling choice, because the contribution of the few positive
instances to the bag label is outweighed by that of the negative instances.

The choice of the uniform average of segment predictiofi€otzias et al., 20153 is also
problematic because particular segments of reviews might be more informative than other
segments for the task at hand and thus should contribute with higher weights to the com-
putation of the review label. For this reason, we opt for the weighted averagBappas and

Popescu-Belis, 2014; Angelidis and Lapata, 2018a

P v

p= 5 (3.2)
i=1

The weights ; 2 [0;1] de ne the relative contribution of the corresponding segments; to
the review label. To estimate the segment weights, we adopt the attention mechani$Bah-
danau et al., 201% In contrast to MILNET [Angelidis and Lapata, 2018k which uses the
traditional softmax attention, we propose to use the sigmoid attention. Sigmoid attention is
both functionally and semantically di erent from softmax attention and is more suitable for
our problem, as we show next.

The probabilistic interpretation of softmax attention is that of a categorical latent vari-

21



segmentdKim et al., 2017. The attention probability distribution is:

p(z=ij(en::em))= MeXp(e') ; (3.2)
i=1 exp(e)
where:
e = u] tanh(W 3hP+ by); (3.3)

where hio are context-dependent segment vectors computed using bi-directional GRUs (Bi-
GRUs), W52 R™ " and by 2 R" are the attention model's weight and bias parameter,
respectively, anduy 2 R™ is the attention query" vector parameter. The probabilistic
interpretation of Equation 3.2 suggests that, when using the softmax attention, exactly one
segment should be considered important under the constraint that the weights of all segments
sum to one. This property of the softmax attention to prioritize one instance explains the
successful application of the mechanism for problems such as machine translaf®ahdanau
et al., 2019, where the role of attention is to align each target word to (usually) one of thigl
words from the source language. However, softmax attention is not well suited for estimating
the aggregation function weights for our problem, where multiple segments usually a ect the
review-level prediction.

We hence propose using the sigmoid attention mechanism to compute the weighis:::; w .

In particular, we replace softmax in Equation (3.2) with the sigmoid (logistic) function:

1

m: (3.4)

i = (ei):

With sigmoid attention, the computation of the attention weight ; does not depend on

scoresg for j 6 i. Indeed, the probabilistic interpretation of sigmoid attention is a vector

words, the relative importance of each segment is modeled as a Bernoulli distribution. The
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Figure 3.3: Our Hierarchical Sigmoid Attention Network.

sigmoid attention probability distribution is:

p(zi=1j(ey::em))= (&): (3.5)

be selected. This property of sigmoid attention explains why it is more appropriate for our

problem. Also, as we will see in the next sections, using the sigmoid attention is the key
modeling change needed in MIL-based hierarchical networks to outperform non-hierarchical
baselines for segment-level classi cation. Attention mechanisms using sigmoid activation
have also been recently applied for tasks di erent than segment-level classi cation of re-
views [Shen and Lee, 2016; Kim et al., 2017; Rei and Sggaard, 2018ur work di ers from

these approaches in that we use the sigmoid attention mechanism for the MIL aggregation
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function of Equation 3.1, i.e., we aggregate segment labgis (instead of segment vectors
h;) into a single review labelp (instead of review vectorsh).

We summarize our HSAN architecture in Figure 4.2. HSAN follows the MIL framework
and thus it does not require segment labels for training. Instead, we only use ground-
truth review labels and jointly learn the model parameters by minimizing the negative log-
likelihood of the model parameters. Even though a single label is available for each review,
our model allows di erent segments of the review to receive di erent labels. Thus, we can
appropriately handle reviews such as that in Figure 3.1 and assign a mix of positive and
negative segment labels, even when the review as a whole has a negative (2-star) rating.

We now turn to another key contribution of our work, namely, the evaluation of criti-
cal aspects of hierarchical approaches and also our HSAN approach. For this, we focus on
two important and fundamentally di erent, real-world applications: segment-level sentiment
classi cation and the discovery of foodborne illness in restaurant reviews. First, we describe
the experimental setting and results for sentiment classi cation (Sections 3.5 and 3.6, re-
spectively), and then we discuss our foodborne illness detection results and deployment of

HSAN for health departments (Section 3.7).

3.5 Experimental Settings

For segment-level sentiment classi cation, we use the Yelp'13 and IMDB corpotBiao
et al., 2014. The Yelp'13 corpus[Tang et al., 2013 contains 335,018 user reviews of lo-
cal businesses. Each review includes a 5-star rating ranging from 1 (negative) to 5 stars
(positive). The IMDB corpus [Diao et al., 2014 contains 348,415 movie reviews with ratings
ranging from 1 (negative) to 10 stars (positive). For both corpora, training (80%), validation
(10%), and test (10%) sets are provided.

We do not use segment labels for training any models except the fully supervised Seg-*
baselines (see below). For evaluating the segment-level classi cation performance on Yelp'13

and IMDB, we use the SPOT-Yelp and SPOT-IMDB datasets, respectivelfAngelidis and
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SPOT-Yelp SPOT-IMDB

Statistic SENT EDU SENT EDU

# Segments 1,065 2,110 1,029 2,398
Positive segments (%) 39.9 32.9 37.9 25.6
Neutral segments (%) 21.7 34.3 29.2 47.7
Negative segments (%) 38.4 32.8 32.9 26.7

Witness positive (# segs) 7.9 12.1 6.0 8.5
Witness negative (# segs) 7.3 11.6 6.6 11.2
Witness salient (# segs) 8.5 14.0 7.6 12.6

WR positive 0.74 0.58 0.55 0.36
WR negative 0.68 0.53 0.63 0.43
WR salient 0.80 0.65 0.76 0.55

Table 3.1: Label statistics for the SPOT datasets. WR X) is the witness rate, meaning the
proportion of segments with labelx in a review with label x. Witness (x) is the average
number of segments with labek in a review with label x. Salient is the union of the
positive and negative classes.

Lapata, 20184 Each dataset has been segmented both at sentences (SPOT-*-SENT) and
EDUs (SPOT-*-EDU).L. The test sets have 3 labels (Table 1): negative, neutral, and
positive. These datasets contain 100 Yelp reviews and 97 IMDB reviews from the Yelp'1l3
and IMDB test sets, respectively.

For a robust evaluation of our approach (HSAN), we compare against state-of-the-art

models and baselines:

Rev-*: non-hierarchical models, trained at the review level and applied at the segment
level (see Section 3.3); this family includes a logistic regression classi er trained on
review embeddings, computed as the element-wise average of word embeddings ( Rev-
LR-EMB), a CNN (Rev-CNN) [Kim, 2014], and a Bi-GRU with attention ( Rev-
RNN) [Bahdanau et al., 2015 Rev-LR-BoW encodes the review text as a bag-of-
words vector includingn-grams (forn=1, 2, and 3) and each term is weighted using
the Term Frequency-Inverse Document Frequency (TF-IDF) statistidLeskovec et al.,

2014.

1The use of EDUs for sentiment classi cation is motivated in [Angelidis and Lapata, 20183.
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" MIL-*: MiL-based hierarchical deep learning models with di erent aggregation func-
tions. MIL-avg computes the review label as the average of the segment-level pre-
dictions [Kotzias et al., 201%. MIL-softmax uses the softmax attention mechanism
this is the best performing MILNET model reported in [Angelidis and Lapata, 2018h
(MILNETgt). MIL-sigmoid uses the sigmoid attention mechanism as we propose
in Section 3.4 (HSAN model). All MIL-* models have the hierarchical structure of
Figure 3.2 and for comparison reasons we use the same functions for segment encod-
ing (ENC) and segment classi cation (CLF), namely, a CNN and a softmax classi er,
respectively. For a fair comparison, all the MIL-* models have the same parameter

con guration as MILNET (Section 5.3 in [Angelidis and Lapata, 2018B.

For the evaluation of hierarchical non-MIL networks such as the hierarchical classi er pfang
et al., 2014, see[Angelidis and Lapata, 2018k Here, we ignore this class of models as they
have been outperformed by MILNET.

For all models using word embeddings (i.e., Seg-*, Rev-*, MIL-*), we initialize the word
embeddings using 300-dimensionak & 300) pre-trained word2vec embeddinggMikolov
et al., 20130. For the CNNs we use kernels of size 3, 4, and 5 words, 100 feature maps
per kernel, stride of size 1, and max-over-time pooling to get xed-size segment encodings
(resulting in ~ = 300). For the forward and backward GRUs we use hidden vectors with
50 dimensions it =2 50 = 100, while for the attention mechanism we use vectors of 100
dimensions (m = 100). We use dropout (with rate 0.5) on the word embeddings and the
internal GRU states. We use L2 regularization for the softmax classi er.

The above models require only review-level labels for training, which is the scenario of
focus of this work. For comparison purposes, we also evaluate a family of fully supervised

baselines trained at thesegmentlevel:

A

Seg-*: fully supervised baselines using SPOT segment labels for training. Seg-LR is
a logistic regression classi er trained on segment embeddings, which are computed as

the element-wise average of the corresponding word embeddings. We also report the
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CNN baseline ( Seg-CNN ), which was evaluated ifAngelidis and Lapata, 2018h

Seg-* baselines are evaluated using 10-fold cross-validation on the SPOT dataset.

We evaluate all approaches using the macro-averaged F1 score.

3.6 Experimental Results for Sentiment Classi cation

This section describes our experimental results for ne-grained sentiment classi cation.
Table 3.2 reports the evaluation results on SPOT datasets for both sentence- and EDU-level
classi cation.

The Seg-* baselines are not directly comparable with other models, as they are trained
at the segment level on the (relatively small) SPOT datasets with segment labels. The more
complex Seg-CNN model does not signi cantly improve over the simpler Seg-LR, perhaps
due to the small training set available at the segment level.

Rev-CNN outperforms Seg-CNN in three out of the four datasets. Although Rev-CNN
is trained at the review level (but is applied at the segment level), it is trained with 10 times
as many examples as Seg-CNN. This suggests that, for the non-hierarchical CNN models,
review-level training may be advantageous with more training examples. In addition, Rev-
CNN outperforms Rev-LR-EMB, indicating that the ne-tuned features extracted by the
CNN are an improvement over the pre-trained embeddings used by Rev-LR-EMB.

Rev-CNN outperforms MIL-avg and has comparable performance to MILNET: non-
hierarchical deep learning models trained at the review level and applied at the segment
level are strong baselines, because of their representational power. Thus, the Rev-* model
class should be evaluated and compared with MIL-based hierarchical models for applications
where segment labels are not available.

Interestingly, MIL-sigmoid (HSAN) consistently outperforms all models, including MIL-

avg, MIL-softmax (MILNET), and the Rev-* baselines. This shows that:

1. the choice of aggregation function of MIL-based classi ers heavily impacts classi cation

performance; and
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SPOT-Yelp SPOT-IMDB

Method SENT EDU SENT EDU

Seg-LR 55.6 59.2 60.5 62.8
Seg-CNN 56.2 60.0 58.3 63.0
Rev-LR-EMB  51.2 49.3 52.7 48.6
Rev-CNN 60.6 61.5 60.8 60.1
Rev-RNN 58.5 53.9 55.3 50.8
MiL-avg 51.8 46.8 45.7 38.4

MIL-softmax 63.4 59.9 64.0 59.9
MIL-sigmoid 646 633 66.2 657

Table 3.2: F1 score for segment-level sentiment classi cation.

2. MIL-based hierarchical networks can indeed outperform non-hierarchical networks when

the appropriate aggregation function is used.

We emphasize that we use the same ENC and CLF functions across all MIL-based models
to show that performance gains stem solely from the choice of aggregation function. Given
that HSAN consistently outperforms MILNET in all datasets for segment-level sentiment
classi cation, we conclude that the choice of sigmoid attention for aggregation is a better t
than softmax for this task.

The dierence in performance between HSAN and MILNET is especially pronounced
on the *-EDU datasets. We explain this behavior with the statistics of Table 3.1: Witness
(Salient) is higher in *-EDU datasets compared to *-SENT datasets. In other words, *-EDU
datasets contain more segments that should be considered important than *-SENT datasets.
This implies that the attention model needs to attend to more segments in the case of

*-EDU datasets: as we argued in Section 3.4, this is best modeled by sigmoid attention.

3.7 Deployment of HSAN for Health Departments

This section describes the application of HSAN for the discovery of foodborne illness
in restaurant reviews, leading to the deployment of HSAN to help daily inspections by

epidemiologists in health departments. First, we describe our public health application and
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then we present our experimental setting and results.

Foodborne iliness discovery in online restaurant reviews. Health departments na-
tionwide have started to analyze social media content (e.g., Yelp reviews, Twitter messages)
to identify foodborne illness outbreaks originating in restaurants. In ChicagfHarris et al.,
2014, New York City [E and et al., 2018], Nevada[Sadilek et al., 201§ and St. Louis[Har-

ris et al., 2018, text classi cation systems have been successfully deployed for the detection
of social media documents mentioning foodborne illness. (Figure 3.1 shows a Yelp review
discussing a food poisoning incident.) After such social media documents are agged by the
classi ers, they are typically examined manually by epidemiologists, who decide if further
investigation (e.g., interviewing the restaurant patrons who became ill, inspecting the restau-
rant) is warranted. This manual examination is time-consuming, and hence it is critically
important to (1) produce accurate review-level classi ers, to identify foodborne iliness cases
while not showing epidemiologists large numbers of false-positive cases; and (2) annotate the
agged reviews to help the epidemiologists in their decision-making.

We propose to apply our segment classi cation approach to this important public health
application. By identifying which review segments discuss food poisoning, epidemiologists
can focus on the relevant portions of the review and safely ignore the rest. As we will
see, our evaluation will focus on Yelp restaurant reviews. Discovering foodborne illness is
fundamentally di erent from sentiment classi cation, because the mentions of food poisoning
incidents in Yelp are rare. Furthermore, even reviews mentioning foodborne illness often

include multiple sentences unrelated to foodborne illness (see Figure 3.1).

Experimental setting. For the discovery of foodborne illness, we use a dataset of Yelp
restaurant reviews, manually labeled by epidemiologists in the New York City Department
of Health and Mental Hygiene. This is the same training and test sets as [& and et al.,
2014. Each review is assigned a binary label ( Sick vs. Not Sick). The review-level

training set ( Silver setin [E and et al., 2018]) contains 21,551 (5,895 Sick, 15,656 Not
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Sick ) reviews posted before January 1, 2017. The review-level test set contains 2,975 (949
Sick, 2,026 Not Sick ) reviews posted after January 1, 2017. Sample weights are also
calculated to account for the selection bias in this datas¢E and et al., 2018]. We split the
review-level training set into training (90%) and validation (10%) sets, randomly strati ed

by label and sample weight. We do not use any sentence-level labels for training.

We ne-tune the model parameters on the validation set with respect to the F1 score.
Given a test review, we predict a label for each sentence and aggregate the sentence pre-
dictions to get a single review prediction. For review-level classi cation, we use the review
prediction, while for sentence-level evaluation we use the individual sentence predictions.
The segment-level con dence scores are computed by multiplying the segment probability
for the Sick class with its attention weight.

To test the models at the sentence level, epidemiologists have manually annotated each
sentence for 437 out of the 949 Sick" test reviews. Given a review for labeling, epidemiolo-
gists read the whole review text and decided on the label for each sentence. This led to 3,114
labeled sentences (630 Sick, 2,484 Not Sick). In this sentence-level dataset, the WR of
the Sick class is 0.25, which is signi cantly lower than the WR on sentiment classi cation
datasets (Table 3.1). In other words, the proportion of Sick segments in Sick reviews is
relatively low; in contrast, in sentiment classi cation the proportion of positive (or negative)
segments is relatively high in positive (or negative) reviews.

We use the same baselines as for sentiment classi cation (Section 3.5) and additionally re-
port a logistic regression classi er trained on bag-of-words review vectors ( Rev-LR-BoW ),
because it is the best performing model in previous wofE and et al., 2018].

For review-level foodborne classi cation, we account for the selection bias in the review-
level test set by computing precision and recall using sample weightand et al., 2018].
Because of the class imbalance at both the review and sentence levels, we report precision,
recall, F1 score, and area under the precision-recall curve (AUPR). Also, we follf&and

et al., 2018 and estimate 95% con dence intervals (95% CI) for the F1 and AUPR metrics
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Review-Level Evaluation Sentence-Level Evaluation
Model Prec Rec F1(95% Cl) AUPR (95% CI) Acc Prec Rec F1 AUPR
Rev-LR-Bow 85.3 88.2 86.7 (85.2, 88.2) 91.4 (90.0, 92.9) 89.82.1 58.8 68.5 80.9
Rev-LR-EMB 704 574 63.3(51.3,71.4) 69.6 (64.9, 75.5) 79.7 50.0 843 6238 48.9

Rev-CNN 80.3 89.8 84.8(83.2,86.6) 935(92.3,94.6) 887 793 594 67.9 247
Rev-RNN 85.6 87.8 86.7(84.9,884) 929(915 942) 913 810 745 776 11.3
MIL-avg 67.4 53.7 508 (485, 682) 643 (596 70.8) 903 750 780 765 736

MIL-softmax 829 92.8 87.6(85.9, 89.0) 94.1 (92.6,99.4) 912 755 833 792 81.6
MIL-sigmoid 86.5 92.9 89.6 (88.2,91.0) 91.3(88.7,92.6) 920 76.4 87.4 815 840

Table 3.3: Review-level (left) and sentence-level (right) evaluation results for discovering
foodborne illness in Yelp reviews.

using the percentile bootstrap methodEfron and Tibshirani, 1994 with sampled test sets of

1,000 reviews. For sentence-level foodborne classi cation, we also report the accuracy score.

Experimental results. Table 3.3 reports the evaluation results for both review- and
sentence-level foodborne classi catioh.Rev-LR-EMB has signi cantly lower F1 score than
Rev-CNN and Rev-RNN: representing a review as the uniform average of the word embed-
dings is not an appropriate modeling choice for this task, where only a few segments in each
review are relevant to the positive class.

MIL-sigmoid (HSAN) achieves the highest F1 score among all models for review-level
classi cation. MIL-avg has lower F1 score compared to other models: as discussed in Sec-
tion 3.2.1, in applications where the value of WR is very low (here WR=0.25), the uniform
average is not an appropriate aggregation function for MIL.

Applying the best classi er reported in[E and et al., 2018] (Rev-LR-BoW) for sentence-
level classi cation leads to high precision but very low recall. On the other hand, the
MIL-* models outperform the Rev-* models in F1 score (with the exception of MIL-avg,
which has lower F1 score than Rev-RNN): the MIL framework is appropriate for this task,
especially when the weighted average is used for the aggregation function. The signi cant

di erence in recall and F1 score between di erent MIL-based models highlights once again

2We report review-level classi cation results because epidemiologists rely on theeview-levelpredictions
to decide whether to investigate restaurants; in turn, segment-levepredictions help epidemiologists focus on
the relevant portions of positively labeled reviews.
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Figure 3.4: HSAN's ne-grained predictions for a Yelp review: for each sentence, HSAN
provides one binary label (Pred) and one attention score (Att). A sentence is highlighted if
its attention score is greater than0:1.

the importance of choosing the appropriate aggregation function. MIL-sigmoid consistently
outperforms MIL-softmax in all metrics, showing that the sigmoid attention properly encodes
the hierarchical structure of reviews. MIL-sigmoid also outperforms all other models in all
metrics. Also, MIL-sigmoid's recall is 48.6% higher than that of Rev-LR-BoW. In other
words, MIL-sigmoid detects more sentences relevant to foodborne illness than Rev-LR-BoW,
which is especially desirable for this application, as discussed next.

Fine-grained predictions could potentially help epidemiologists to quickly focus on the
relevant portions of the reviews and safely ignore the rest. Figure 3.4 shows how the segment
predictions and attention scores predicted by HSAN with the highest recall and F1 score
among all models that we evaluated could be used to highlight important sentences of
a review. We highlight sentences in red if the corresponding attention scores exceed a pre-

de ned threshold. In this example, high attention scores are assigned by HSAN to sentences
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that mention food poisoning or symptoms related to food poisoning. This is particularly
important because reviews on Yelp and other platforms can be long, with many irrelevant
sentences surrounding the truly important ones for the task at hand.

To help epidemiologists, we have deployed HSAN for health departments in New York
City and Los Angeles County. HSAN provides ne-grained predictions for Yelp restaurant
reviews for daily inspection. We have also created a graphical user interfader the inspec-
tion of candidate reviews in an interactive map of restaurants. In the main page that shows
multiple reviews, we display only the sentences that are highlighted by HSAN and give the
option of reading the text of the whole review. Such an interface allows epidemiologists to

examine reviews more e ciently and, ultimately, more e ectively.

3.8 Conclusions

In this chapter, we presented a Multiple Instance Learning-based model for ne-grained
text classi cation that requires only review-level labels for training but produces both review-
and segment-level labels. We summarize the contributions of this chapter as follows: (i) we
explored non-hierarchical baselines trained at the review level and applied at the segment
level by treating each test segment as if it were a short review (Section 3.3); (i) we
developed HSAN, a neural network with a new MIL aggregation function based on the
sigmoid attention mechanism, which explicitly allows multiple segments to contribute to
the review-level classi cation decision with di erent weights (Section 3.4); (iii) we evaluated
our ideas by conducting an experimental evaluation on sentiment classi cation (Sections 3.5
and 3.6); and (iv) we applied our weakly supervised approach to the important public health
application of foodborne illness discovery in online restaurant reviews and demonstrated its
deployment for health departments (Section 3.7).

Our ndings show that our non-hierarchical baselines are surprisingly strong and perform

comparably or better than MIL-based hierarchical networks with a variety of aggregation

Shttps://github.com/cu-publichealth/FoodborneML/tree/master/foodborne-viz
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functions. By xing all components except the MIL aggregation function, we found that the
sigmoid attention mechanism in HSAN is the key modeling change needed for MIL-based
hierarchical networks to outperform the non-hierarchical baselines for segment-level senti-
ment classi cation. Consequently, we believe that HSAN emerges as a promising approach
for MIL, especially when the witness rate (i.e., the percentage of positive instances within
a bag) is low. Importantly, we showed that HSAN has a higher chance than all previous
models to identify unknown foodborne outbreaks, and demonstrated how its ne-grained
segment annotations can be used to highlight the segments that were considered important
for the computation of the review-level label. By deploying HSAN for inspections in health
departments, we provide epidemiologists a new tool to interact with machine learning mod-
els, rst by using coarse labels to teach segment classi ers, and second to inspect reviews by

reading the most important sentences as highlighted by HSAN.
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Chapter 4: Knowledge Extraction with Hierarchical Taxonomies

of Product Categories

In Chapter 3, we discussed a method for training neural networks with coarse labels and
demonstrated the application of our weakly-supervised neural network, HSAN, in health
departments. In this chapter, we address a di erent task, namely product knowledge ex-
traction, and show how to train neural networks for thousands of product categories using
a taxonomy with hierarchical category relations. First, we provide an overview and motiva-
tion for product knowledge extraction from thousands of product categories (Section 4.1).
Second, we provide the necessary background and de ne our problem of focus (Section 4.2).
Then, we present our taxonomy-aware network, or TXtract (Section 4.3). Then, we present
our large-scale experimental evaluation across 4,000 product categories (Sections 4.4 and 4.5)
and describe the integration of TXtract into Amazon's AutoKnow (Section 4.6). Finally, we

conclude with the contributions of this chapter (Section 4.7).

4.1 Overview and Motivation

Real-world e-commerce platforms contain billions of products from thousands of di erent
categories, organized in hierarchical taxonomies.

Consider for instance the Ben & Jerry's product assigned under Ice Cream in Fig-
ure 4.1. Knowledge about this product can be represented in structured form as a catalog
of product attributes (e.g., avor ) and their values (e.g., strawberry cheesecake). Un-
derstanding precise values of product attributes is crucial for many applications including
product search, recommendation, and question answering. However, structured attributes

in product catalogs are often incomplete, leading to unsatisfactory search results.

35



Figure 4.1: A hierarchical taxonomy with various product categories and the public webpage
of a product assigned to Ice Cream category.

In this work, we extract such structured information from product pro les such as product
tittes and descriptions. In the previous example of an ice cream product, the corresponding
title can potentially be used to extract values for attributes, such as Ben & Jerry's for
brand, Strawberry Cheesecake foravor, and 16 oz for capacity.

State-of-the-art approaches for attribute value extractiofZheng et al., 2018; Xu et al.,
2019; Rezk et al., 201l%have employed deep learning to capture features of product attributes
e ectively for the extraction purpose. However, they are all designed without considering the
product categories and thus cannot e ectively capture the diversity of categories across the
product taxonomy. Categories can be substantially di erent in terms of applicable attributes
(e.g., a Camera product should not haveavor ), attribute values (e.g., Vitamin products
may have fruit avor but Banana products should not) and more generally, text patterns
used to describe the attribute values (e.g., the phrase infused with is commonly followed by
a scentvalue such as lavender in Hair Care products but not in Mattresses products).

Here, we consider attribute value extraction for real-world hierarchical taxonomies with
thousands of product categories, where directly applying previous approaches presents limi-
tations. On the one extreme, ignoring the hierarchical structure of categories in the taxonomy
and assuming a single at space for all products does not capture category-speci ¢ charac-

teristics and, as we show in our experiments, is not e ective. On the other extreme, training
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a separate deep neural network for each category in the product taxonomy is prohibitively
expensive, and can su er from lack of training data on small categories.

To address the limitations of previous approaches under this challenging setting, we
present a framework forcategory-speci cattribute value extraction that is both e cient and
e ective. Our deep neural network, TXtract, istaxonomy-awatre it leverages the hierarchical
taxonomy of product categories and extracts attribute values for a product conditional to its
category, such that TXtract automatically associates categories with speci c attributes, valid
attribute values, and category-speci c text patterns. TXtract is trained on all categories in
parallel and thus can be applied even on small categories with limited labels.

The key question we need to answer Igow to condition deep sequence models on product
categories Our experiments suggest that following previous work to append category-speci ¢
arti cial tokens to the input sequence, or concatenate category embeddings to hidden neural
network layers, is not adequate. There are two key ideas behind our solution. First, we
use the category information as context to generate category-speci ¢ token embeddings via
conditional self-attention. Second, we conduct multi-task training by predicting product
category from pro le texts as an auxiliary task; sharing parameters across tasks allows
us to get token embeddings that are discriminative of the product categories and further
improve attribute extraction. Multi-task training also makes our extraction model more
robust towards wrong category assignment, which occurs often in real e-commerce websites.

To the best of our knowledge, TXtract is the rst deep neural network that has been
applied to attribute value extraction for hierarchical taxonomies with thousands of product

categories. In particular, we make the following contributions:

1. We develop TXtract, a taxonomy-aware deep neural network for attribute value ex-
traction from product pro les for multiple product categories. In TXtract, we capture

the hierarchical relations between categories inteategory embeddingsvhich in turn

1As an example, an ethernet cable might be incorrectly assigned under Hair Brushes; see
https://www.amazon.com/dp/B012AE5EPA.
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we use as context to generate category-speci ¢ token embeddings via conditional self-

attention.

2. We improve attribute value extraction through multi-task learning: TXtract jointly
extracts attribute values and predicts the product categories by sharing representations

across tasks.

3. We evaluate TXtract on a taxonomy of 4,000 product categories and show that it
substantially outperforms state-of-the-art models by up to 10% in F1 and 15% in

coverage acrosall product categories.

We start in Section 4.2 by providing relevant background and de ning our problem of

focus. We continue as follows:

We develop TXtract, a neural network that leverages Amazon's taxonomy with thou-
sands of diverse categories and e ectively extracts attribute values without manually

labeled data (Section 4.3).

A

We evaluate our ideas by conducting an experimental evaluation on attribute value

extraction from 4,000 product categories (Sections 4.4 and 4.5).

A

We demonstrate the integration of TXtract into Amazon's AutoKnow, a system that
collects knowledge facts for over 10K product categories and serves such information

to Amazon search and product detail pages (Section 4.6).

Finally, we discuss the implications of our work (Section 4.7). The material described in this

chapter appears inf[Karamanolakis et al., 2020b; Dong et al., 2020

4.2 Background and Problem De nition

Here, we discuss background on attribute value extraction and multi-task learning/meta-
learning (Sections 4.2.1 and 4.2.2, respectively), and de ne our problem of focus (Sec-

tion 4.2.3)
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Input Ben & Jerry's black cherry cheesecake ice cream
Output o O @) B I E O @)

Table 4.1: Example of input/output tag sequences for the avor attribute of an ice cream
product.

4.2.1 Attribute Value Extraction from Product Pro les

Attribute value extraction was originally addressed with rule-based techniquddladeau
and Sekine, 2007; Vandic et al., 2012; Gopalakrishnan et al., 2Df@lowed by supervised
learning techniques[Ghani et al., 2006; Putthividhya and Hu, 2011; Ling and Weld, 2012;
Petrovski and Bizer, 2017; Sheth et al., 2017

Recent approaches for attribute value extraction rely on the open-world assumption to
discover attribute values that have never been seen during trainingZheng et al., 2018
Most techniques address open attribute value extraction by extracting emerging attributes
via sequence tagging, similar to named entity recognition (NER)Putthividhya and Hu,

2011; Chiu and Nichols, 2016; Lample et al., 2016; Yadav and Bethard, 2018peci cally,

E}, where B, I, O, and E represent the beginning, inside, outside, and end of an
attribute, respectively. (Not extracting any values corresponds to a sequence of O -only
tags.) Table 4.1 shows an input/output example ofavor value extraction from (part of) a
product title. Given this output tag sequence, black cherry cheesecake is extracted as a
avor for the ice cream product.

State-of-the-art approaches address open attribute value extraction with deep sequence
tagging models[Zheng et al., 2018; Xu et al., 2019; Rezk et al., 201However, all previous
methods can be adapted to a small number of categories and require many labeled data points
per category> Even the active learning method ofZheng et al., 201Brequires humans to

annotate at least hundreds of carefully selected examples per category. Our work diers

2[zZheng et al., 2018 considered three categories: Dog Food, Cameras, and Detergent. [Xu et al.,
2019 consider one category: Sports & Entertainment. [Rezk et al., 2019 considered 21 categories and
trained a separate model for each category.
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from previous approaches as we consider thousands of product categories organized in a

hierarchical taxonomy.

4.2.2 Multi-Task and Meta Learning

Our framework is related to multi-task learning[Caruana, 1997 as we train a single model
simultaneously on all categories (tasks). Traditional approaches consider a small number of
di erent tasks, ranging from 2 to 20, and employ hard parameter sharingflonso and Plank,
2017; Yang et al., 2017; Ruder, 20):9the rst layers of the neural networks are shared across
all tasks, while the separate layers (or heads) are used for each individual task. In our
setting, with thousands of di erent categories (tasks), our approach is e cient as we use
a single head (rather than thousands) and e ective as we distinguish between categories
through low-dimensional category embeddings. Our work is also related to meta-learning
approaches based on task embeddingSnn et al., 2017; Achille et al., 2019; Lan et al., 2019
the target tasks are represented in a low-dimensional space that captures task similarities.
However, we generate category embeddings that re ect thelready available, hierarchical

structure of product categories in the taxonomy provided by experts.

4.2.3 Problem De nition

We represent the product taxonomy as a tre€, where the root node is named Product
and each taxonomy node corresponds to a distinct product category2 C. A directed
edge between two nodes represents the category-to-subcategory relationship. A product
is assigned to a category node i€. In practice, there are often thousands of nodes in a
taxonomy tree and the category assignment of a product may be incorrect. We now formally

de ne our problem as follows.

pro le, where T is the sequence length. Le& be a target attribute for extraction. Attribute

extraction identi es sub-sequences of tokens frosisuch that each sub-sequence represents a
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trained to extract attribute values and assign a product to taxonomy nodes.

value fora. For instance, given (1) a product titles= Ben & Jerry's Strawberry Cheesecake
Ice Cream 16 0z, (2) a product categoryc= Ice Cream, and (3) a target attribute =
avor , we would like to extract Strawberry Cheesecake as aavor for this product. Note

that we may not see all valid attribute values during training

4.3 Taxonomy-Aware Network (TXtract)

In this work, we address open attribute value extraction using a taxonomy-aware deep
sequence tagging model, TXtract. Figure 4.2 shows the model architecture, which contains
two key components: attribute value extraction and product category prediction, accounting
for the two tasks in multi-task training. Both components are taxonomy aware, as we describe

next in detail.
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4.3.1 Taxonomy-Aware Attribute Value Extraction

TXtract leverages the product taxonomy for attribute value extraction. The underlying
intuition is that knowing the product category may help infer attribute applicability and
associate the product with a certain range of valid attribute values. Our model uses the
category embedding in conditional self-attention to guide the extraction of category-specic

attribute values.

Product encoder. The product encoder ( ProductEnc ) represents the text tokens of the

h1;:::ht =ProductEnc(x1;:::;Xt) 2 RY: (4.1)

To e ectively capture long-range dependencies between the input tokens, we use word em-
beddings followed by bidirectional LSTMs (BiLSTMSs), similar to previous state-of-the-art
approacheqZheng et al., 2018; Xu et al., 2019

Category encoder.  Our category encoder ( CategoryEnc ) encodes the hierarchical struc-
ture of product categories such that TXtract understands expert-de ned relations across cat-
egories, such as Lager is a sub-category of Beer. In particular, we embed each product

categoryc (taxonomy node) into a low-dimensional latent space:

e = CategoryEnc(c) 2 R™: 4.2)

To capture the hierarchical structure of the product taxonomy, we embed product cate-
gories into them-dimensional Poincaré bal[Nickel and Kiela, 2017, because its underlying

geometry has been shown to be appropriate for capturing both similarity and hierarchy.
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Category conditional self-attention. The key component for taxonomy-aware value
extraction is category conditional self-attention ( CondSelfAtt). CondSelfAtt generates

category-speci ¢ token embeddingsi; 2 RY) by conditioning on the category embeddingc:
(Fq;:::; A7) = CondSelfAtt(( hq;:::;ht);ec): (4.3)

To leverage the mutual interaction between all pairs of token embeddingdg, hi and the

category embeddinge; we use self-attention and compute pairwise sigmoid attention weights:
0= (WTgt;t0+ b), tt0=1;::T: (4.4)
We computegy.;o using both the token embedding$, hio and the category embeddingg.:
Octo=tanh(W thy + W ohio+ W zec + bg); (4.5)

whereW 12 RP 4 W,2RP 4 W32 RP ™ w 2 RP are trainable attention matrices and
bg2 RP,b 2 R, are trainable biases. Thd T attention matrix A = a0 stores the pairwise

attention weights. The contextualized token embeddings are computed as:

ﬁt = t;t0 htO: (46)

(i i:5y7) = CRE( ;o i): (4.7)

We then extract attribute values as valid sub-sequences of the input tokenss(:::;xt) with

B/I/E tags (see Section 4.2.1).
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Training for attribute value extraction. Our training objective for attribute value

extraction is to minimize the negative conditional log-likelihood of the model parameters on

X
La= logPr(%i1;::5%7 § Xi:G) (4.8)
i=1

We train our model on all categories in parallel, thus leveraging for a given category prod-
ucts from related categories. To generate training sequence labels from the corresponding
attribute values, we use the distant supervision framework dMintz et al., 2009, similar

to [Xu et al., 2019, by generating tagging labels according to existing (sparse) values in the

catalog.

4.3.2 Taxonomy-Aware Product Category Prediction

We now describe how we train TXtract for the auxiliary task of product category predic-
tion through multi-task learning. Our main idea is that by encouraging TXtract to predict
the product categories using only the product pro le, the model will learn token embeddings
that are discriminative of the product categories. Thus, we introduce an inductive bias for

more e ective category-speci c attribute value extraction.

h = t he: (49)
t=1

This weighted combination allows tokens that are more informative for a product's category
to get higher attention weights ¢ 2 [0;1]. For example, we expeck; = frozen to receive

a relatively high  for the classi cation of a product to the Ice Cream category. We
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compute the attention weights as:

¢ = softmax(u/ tanh(W ch¢ + be)); (4.10)

whereW 2 RY 9 b.2 RY, uc 2 RY are trainable attention parameters.

Category classi er. Our category classi er ( CategoryCLF ) classi es the product em-
bedding h to the taxonomy nodes. In particular, we use a sigmoid classi cation layer to

predict the probabilities of the taxonomy nodes:

(P1;:: %3 Bcj) = sigmoid(W gh + bg); (4.11)

whereW 42 RI¢I 4 and by 2 RIC are trainable parameters. We compute sigmoid (instead of
softmax) node probabilities because we treat category prediction asulti-label classi cation,

as we describe next.

Training for category prediction. Training for at classi cation of products to thou-
sands of categories is not e ective because the model is fully penalized if it does not predict
the exact true category€ while at the same time ignores parent-children category relations.
Here, we conduct hierarchical classi cation by incorporating the hierarchical structure of
the product taxonomy into a taxonomy-awareloss function.

The insight behind our loss function is that a product assigned undeY could also be
assigned under any of the ancestors 6f Thus, we consider hierarchical multi-label classi -

cation and encourage TXtract to assign a product to all nodes in the path frofto the root,
model is thus encouraged to learn the hierarchical taxonomy relations and will be penalized

less if it predicts high probabilities for ancestor nodes (e.g., "Beer" instead of Lager in

Figure 4.1).
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Our minimization objective is the weightedversion of the binary cross-entropy (instead

of unweightedcategorical cross-entropy) loss$:

X
Lo=  We(ye logpc+(1  ye) log(1 po)); (4.12)
c2C

is a tunable hyper-parameter. The remaining nodes i@ receive negative labely. =0 and

xed weight we = wX 1,

4.3.3 Multi-Task Training

We jointly train TXtract for attribute value extraction and product category prediction

by combining the loss functions of Eq. (4.8) and Eq. (4.12):
L= La+t(1 ) Lp (4.13)

where 2 [0;1] is a tunable hyper-parameter. Here, we employ multi-task learning, and
share ProductEnc across both tasks.

We now turn into the empirical evaluation of TXtract and its comparison with state-of-
the-art models and strong baselines for attribute value extraction on 4000 product categories.
As we will show, TXtract leads to substantial improvement across all categories, showing

the advantages of leveraging the product taxonomy.

4.4 Experimental Settings

In this section, we present our experimental setting.

3For simplicitly in notation, we de ne Eq. (4.12) for a single product. De ning for all training products
is straightforward.

46



Dataset. We trained and evaluated TXtract on products from public web pages of Ama-
zon.com. We randomly selected 2 million products from 4000 categories under 4 general
domains (sub-trees) in the product taxonomy: Grocery, Baby product, Beauty product, and

Health product.

Experimental setup. We split our dataset into training (60%), validation (20%), and
test (20%) sets. We experimented with extraction ofavor, scent and brand values from
product titles, and with ingredient values from product titles and descriptions. For each
attribute, we trained TXtract on the training set, we ne-tuned hyper-parameters on the

validation set, and evaluated the model performance on the held-out test set.

Evaluation metrics. For a robust evaluation of attribute value extraction, we report
several metrics. For a test product, we consider as true positive the case where the extracted
values match at least one of the ground truth values (as some of the ground truth values
may not exist in the text) and do not contain any wrong value$. We compute Precision
(Prec) as the number of matched products divided by the number of products for which
the model extracts at least one attribute value;Recall (Rec) is the number of matched
products divided by the number of products associated with attribute values; nallyF1
score is the harmonic mean of Prec and Rec. To obtain a global picture of the model's
performance, we consider micro-average scores (Mi*), which rst aggregates products across
categories and computes Prec/Rec/F1 globally. To evaluate per-category performance we
consider macro-average scores (Ma*), which rst computes Prec/Rec/F1 for each category
and then aggregates per-category scores. To evaluate the capability of our model to discover
(potentially new) attribute values, we also report theValue vocabulary(Vocab) as the total
number of unique attribute values extracted from the test set (higher number is often better);

Coverage(Cov) is then the number of products for which the model extracted at least one

4For example, if the ground-truth is [v1] but the system extracts [v1, V2, va], the extraction is considered
as incorrect.
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attribute value, divided by the total number of products.
For product category (multi-label) classi cation we report the area under Precision-Recall

curve (AUPR), Prec, Rec, and F1 score.

Model con guration. We implemented our model in Tensor ow[Abadi et al., 2014
and Keras® For a fair comparison, we consider the same con guration as OpenTag for the
ProductEnc (BiLSTM) ® and CRF components. We initialize the word embedding layer using
100-dimensional pre-trained Glove embeddingBennington et al., 2014 We use masking to
support variable-length input. Each of the LSTM layers has a hidden size of 100 dimensions,
leading to a BILSTM layer with d =200 dimensional embeddings. We set the dropout rate to
0.4. For CategoryEnc, we trairm = 50-dimensional Poincaré embeddings For CondSelfAtt,
we usep =50 dimensions. For Att, we useg= 50 dimensions. For multi-task training, we
obtain satisfactory performance with default hyper-parameters = 0:5, w =1, while we
leave ne-tuning for future work. For parameter optimization, we use AdaniKingma and
Ba, 2014 with a batch size of 32. We train our model for up to 30 epochs and quit training

if the validation loss does not decrease for more than three epochs.

Model Comparison. We compared our model with state-of-the-art models in the litera-

ture and introduced additional strong baselines:

1. OpenTag: the model of [Zheng et al., 2018 It is a special case of our system that

consists of the ProductEnc and CRF components without leveraging the taxonomy.

2. Title+*: a class of models for conditional attribute value extraction, where the tax-

Shttps://keras.io/

6We expect to see further performance improvement by considering pre-trained language moddRadford
et al., 2018; Devlin et al., 2019 for ProductEnc, which we leave for future work.

"We use the public code provided by  [Nickel and Kiela, 2017:
https://github.com/facebookresearch/poincare-embeddings.
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separator token (<SEP>) to the beginning of a product's text, similar to [Johnson

et al., 2017%:

tle+id ), category name ( Title+name ), or the names of all categories in the path from

the root to the category node, separated by an extra token SEP2> ( Title+path ).

3. Concat-*: a class of models for taxonomy-aware attribute value extraction that con-
catenate the category embedding to the word embedding (-wemb) or hidden BILSTM
embedding layer (-LSTM) instead of using conditional self-attention. We evaluate
Euclidean embeddings ( Concat-*-Euclidean ) and Poincaré embeddings ( Concat-*-

Poincaré ).

4. Gate: a model that leverages category embeddings. in a gating layer [Cho et al.,
2014; Ma et al., 201P h; = hy (W shy + Wsee); whereW 42 RP 4 W52 RP ™
are trainable matrices, and denotes element-wise multiplication. Our conditional
self-attention is di erent as it leverages pairwise instead of single-token interactions

with category embeddings.

5. CondSelfAtt: the model with our conditional self-attention mechanism (Section

4.3.1). CondSelfAtt extracts attribute values but does not predict the product cat-

egory.

6. MT-*: a multi-task learning model that jointly performs ( not taxonomy-aware) at-
tribute value extraction and category prediction. MT- at assumes at categories,

whereas MT-hier considers the hierarchical structure of the taxonomy (Section 4.3.2).

7. TXtract : our model that jointly performs taxonomy-awareattribute value extraction

(same as CondSelfAtt) andhierarchical category prediction (same as MT-hier).

Here, we do not report previous models (e.g., BILSTM-CRF) for sequence taggihtuang
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Micro-average

Macro-average

Attr.  Model Vocab Cov F1 Prec Rec F1 Prec Rec
Elavor OpenTag 6,756  73.2 575 70.3 496 54.6 68.0 47.3
TXtract 13,093 83.9 63.3 709 578 593 68.4 53.8
Scent OpenTag 10,525 75.8 70.6 87.6 60.2 593 79.7 50.8
TXtract ~ 13,525 83.2 73.7 861 657 599 783 521
Brand OpenTag 48,943 73.1 634 816 519 51.7 75.1 415
TXtract 64,704 82.9 675 827 56,5 553 75.2 46.8
Ingred OpenTag 9,910  70.0 357 466 29.1 20.9 346  16.7
- TXtract 18,980 76.4 37.1 483 301 242 374 198
Average relative increase  "11.7% "6.2% "1.0% "9.3% "10.4% "6.8% "11.9%

Table 4.2: Extraction results for avor , scent brand, and ingredientsacross 4,000 categories.
Across all attributes, TXtract improves OpenTag by 11.7% in coverage, 6.2% in micro-
average F1, and 10.4% in macro-average F1.

et al.,, 2015; Kozareva et al., 2016; Lample et al., 201@s OpenTag has been shown to
outperform these models inNZheng et al., 2018 Moreover, when considering attributes
separately, the model offlXu et al., 2019 is the same as OpenTag, but with a dierent
ProductEnc component; since we use the same ProductEnc for all alternatives, we expect

the same trend and do not report its performance.

4.5 Experimental Results across 4,000 Product Categories

In this section, we report our experimental results and show the empirical bene ts of
TXtract across all 4,000 categories, highlighting the advantages of leveraging the product
taxonomy.

Table 4.2 reports the results across all categories. Over all categories, our taxonomy-
aware TXtract substantially improves over the state-of-the-art OpenTag by up to 10.1% in
Micro F1, 14.6% in coverage, and 93.8% in vocabulary (favor ).

Table 4.3 shows results for the four domains of our taxonomy under di erent training
granularities: training on all domains versus training only on the target domain. Regard-
less of the con guration, TXtract substantially outperforms OpenTag, showing the general

advantages of our approach. Interestingly, although training a single model on all of the
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Domain OpenTag/TXtract

Train Test Attr. Micro F1
all Grocery Flavor 60.3/64.9 "7.6%
Grocery Grocery 65.4 /70.5 "7.8%
all Baby Flavor 54.4 1 63.0 "15.8%
Baby Baby 69.2/71.8 "3.8%
all Beauty Scent 76.9/79.5 "3.4%
Beauty Beauty 76.9/79.0 "2.7%
all Health Scent 63.0/69.1 "9.7%
Health  Health 60.9 /63.5 "4.3%

Table 4.3: Evaluation results for each domain under training con gurations of di erent
granularity. TXtract outperforms OpenTag under all con gurations.

four domains obtains lower F1 foiFlavor, it obtains better results for Scent training fewer
models does not necessarily lead to lower quality and may actually improve extraction by

learning from neighboring taxonomy trees.

Ablation study. Table 4.4 reports the performance of several alternative approaches for
avor value extraction across all categories. OpenTag does not leverage the product taxon-
omy, so it is outperformed by most approaches that we consider in this work.

Title+* baselines fail to leverage the taxonomy, thus leading to lower F1 score than
OpenTag: implicitly leveraging categories as arti cial tokens appended to the title is not
e ective in our setting.

Representing the taxonomy with category embeddings leads to signi cant improvement
over OpenTag and Title+* baselines: even simpler approaches such as Concat-*-Euclidean
outperform OpenTag across all metrics. However, Concat-* and Gate-* do not leverage
category embeddings as e ectively as CondSelfAtt : conditioning on the category embed-
ding for the computation of the pair-wise attention weights in the self-attention layer appears
to be the most e ective approach for leveraging the product taxonomy.

In Table 4.4, both MT- at and MT-hier, which do not condition on the product taxon-
omy, outperform OpenTag on attribute value extraction: by learning to predict the product

category, our model implicitly learns to condition on the product category for e ective at-
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Model TX MT Micro F1

OpenTag - - 57.5
Title+id X - 55.7#3.1%
Title+name X - 56.9#1.0%
Title+path X - 54.3#5.6%
Concat-wemb-Euclidean X - 60.1"4.5%
Concat-wemb-Poincaré X - 60.6"5.4%
Concat-LSTM-Euclidean X - 60.1"4.5%
Concat-LSTM-Poincaré X - 60.8"5.7%
Gate-Poincaré X - 60.6"5.4%
CondSelfAtt-Poincaré X - 61.9"7.7
MT- at - X 60.9"5.9%
MT-hier - X 61.5"7.0%
Concat & MT-hier X X 62.3"8.3%
Gate & MT-hier X X 61.1"6.3%
CondSelfAtt & MT-hier X X 63.3 "10.1%

Table 4.4: Ablation study for avor extraction across 4,000 categories. TX column indi-
cates whether the taxonomy is leveraged for attribute value extraction (Section 4.3.1). MT
column indicates whether multi-task learning is used (Section 4.3.2).

Category Prediction AUPR F1 Prec Rec
Flat 0.61 53.9 742 48.0
Hierarchical 0.68 62.7 80.4 56.9

Table 4.5: Performance of product classi cation to the 4,000 nodes in the taxonomy using
at versus hierarchical multi-task learning.

tribute value extraction. MT-hier outperforms MT- at: leveraging the hierarchical structure
of the taxonomy is more e ective than assuming at categories.

Table 4.5 shows that category prediction is more e ective when considering the hierar-
chical structure of the categories into our taxonomy-aware loss function than assuming at

categories.

Visualization of Poincaré embeddings Poincaré embeddings e ectively capture the
hierarchical structure of the product taxonomy: Figure 4.3a plots the embeddings of product

categories in the 2-dimensional Poincaré diskFigure 8.3b plots the embeddings trained in

8We train 2-dimensional Poincaré embeddings only for visualization. In our experiments we usd = 50
dimensions.
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(a) Taxonomy embeddings in the 2-dimensional (b) Taxonomy embeddings projected from
Poincaré disk, where the distance of points growsthe 50-dimensional Poincaré ball to the 2-
exponentially to the radius. Leaf nodes are dimensional Euclidean space using t-SNE. Small
placed close to the boundary of the disk. clusters correspond to taxonomy sub-trees.

Figure 4.3: Poincaré embeddings of taxonomy nodes (product categories). Each point is
a product category. Categories are colored based on the rst-level taxonomy where they
belong (green: Grocery products, blue: Baby products, red: Beauty products, yellow: Health

products). Related categories in the taxonomy (e.g., categories belonging to the same sub-

tree) have similar embeddings.

() (b)

() (d)

Figure 4.4: Examples of extracted attribute values from OpenTag and TXtract.

the 50-dimensional Poincaré ball and projected to the 2-dimensional Euclidean space through

t-SNE [Maaten and Hinton, 2008.
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