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ABSTRACT

With the rapid digitization of information, large quantities of text-heavy data is being
constantly generated in many languages and across domains such as web documents, research
papers, business reviews, news, and social posts. As such, efficiently and effectively searching,
organizing, and extracting meaningful information and data from these massive unstructured
corpora is essential to laying the foundation for many downstream text mining and natural
language processing (NLP) tasks.

Traditionally, NLP and text mining techniques are applied to the raw texts while treat-
ing individual words as the base semantic unit. However the assumption that individual
word-tokens are the correct semantic granularity does not hold for many tasks and can lead
to many problems and poor task performance. To address this, this work introduces tech-
niques for identifying and utilizing text at different semantic granularity to solve a variety
of text mining and NLP tasks. The general idea is to take a text object such as a docu-
ment, and decompose it to many levels of semantic granularity such as sentences, phrases,
words, or subword structures. Once the text in represented at different levels of semantic
granularity, we demonstrate techniques that can leverage the properly encoded text to solve
a variety of NLP tasks. Specifically, this study focuses on three levels of semantic granular-
ity: (1) subword segmentation with an application to enriching word embeddings to address
word sparsity (2) phrase mining with an application to phrase-based topic modeling and (3)
leveraging sentence-level granularity for finding parallel cross-lingual data.

The first granularity we study is subword-level. We introduce a subword mining problem
that aims to segment individual word tokens into smaller subword structures. The motivation
is that, often, individual words are too coarse of a granularity and need to be supplemented
by a finer semantic granularity. Operating on these fine-grained subwords addresses many
important problems in NLP namely the long-tail data-sparsity problem whereby most words
in a corpus are infrequent, and the more severe out-of-vocabulary problem. To effectively
and efficiently mine these subword structures, we propose an unsupervised segmentation
algorithm based off a novel objective: transition entropy. We use ground-truth segmentation
to assess the quality of the segmented words and futher demonstrate the benefit of jointly
leveraging words and subwords for distributed word representations.

The second granularity we study is phrase-level and the phrase mining task to transform
raw unstructured text from a fine-grained sequence of words into a coarser-granularity se-

quence of single and multi-word phrases. The motivation is that, often, human language
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contains idiomatic multi-word expressions and fine-grained words fail to capture the right se-
mantic granularity; proper phrasal segmentation can capture this true appropriate semantic
granularity. To address this problem, we propose an unsupervised phrase mining algorithm
based on frequent significant contiguous text patterns. We use human-evaluation to assess
the quality of the mined phrases and demonstrate the benefit of pre-mining phrases on a
downstream topic-modeling task.

The third granularity we study is sentence-level granularity. We motivate the need for
a sentence-level granularity for capturing more complex semantically complete spans of
texts. We introduce several downstream tasks that leverage sentence representations in
conjunction with finer-grained units in a cross-lingual text mining task. We experimentally
show how leveraging sentence-level data for cross-lingual embeddings can be used to identify
cross-lingual document pairs and parallel sentences — data necessary for training machine

translation models.
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CHAPTER 1: INTRODUCTION

1.1 BACKGROUND AND MOTIVATION

With the exponential growth of multilingual unstructured text data in the form of web
articles, social media posts, research publications, and business-generated data, automated
methods of extracting information and inducing structure have become necessary to effec-
tively and efficiently utilize and organize this trove of data. Text-mining and natural lan-
guage processing techniques have been applied to unstructured text to perform downstream
tasks such as machine translation, classification, information extraction, unsupervised clus-
tering, as well as text-collection summarization, visualization, and exploration. To illustrate

the variety of downstream text-mining tasks, let us consider the following examples:

Example 1.1 (Topic Modeling) Clustering the documents and modeling the underlying
topics is a useful step in organizing large text corpora. Consider an exploratory setting on a
large archival unit. When reading or exploring a document over a topic, the reader can be
suggested documents with similar topics. Additionally, clustering documents and visualizing
their underlying topical distribution allows for automatic summarization without directly

reading the vast amount of unstructured data.

Example 1.2 (Word Embeddings) Word embeddings have become a valuable tool in text-
mining applications as they provide a low-dimensional representation that captures semantic
relationships between words. Leveraging the large amounts of unsupervised text corpora as
training data, word embeddings facilitate learning text-mining and NLP models to be devel-
oped with relatively small amounts of training data. However, when training word embed-
dings, data sparsity issues like infrequent words can result in poor word embeddings. Addi-
tionally, during inference time, word-level embeddings fail to provide adequate and meaningful

representations for out-of-vocabulary words.

Example 1.3 (Machine Translation & Cross Lingual Mining) With rapid globaliza-
tion, performing NLP tasks such as machine translation for a variety of languages has become
crucial. Yet the availability of parallel data for many low-resource languages makes it diffi-
cult. As such, the development of language-agnostic techniques to automatically sift through

large quantities of web-data in search of training data is crucial to inter-nationalization of

NLP



1.1.1 Leveraging Multiple Semantic Granularity for Text Mining Problems

Most NLP and text-mining tasks treat text as sequences of word tokens with individual
words serving as the smallest semantically-meaningful unit. While this assumption often
holds for a majority of cases and yields acceptable results in downstream tasks, there are
many cases where word-level granularity is insufficient. In reality, natural language has
variable-size semantic units.

For example, in English and other languages, there are a variety of multi-word idiomatic
expressions that are non-compositional such as “piece of cake” or “a dime a dozen” where the
intended semantic meaning is not derivable from constituent words. In addition phrases in
general are often more human-interpretable and informative than their underlying unigrams.

This phenomenon has been previously explored in many fields including information re-
trieval. For example, previous works have identified that infrequent unigram terms are more
informative than frequent ones for retrieval as frequent in a corpus are less discriminative
and informative. In these situations, previous works combine unigrams to form more dis-
criminative ngrams for better retrieval [I]. The success of these previous works support the
idea operating on the proper level of semantic granularity can improve the downstream task.

We introduce an additional example on the other end of the spectrum whereby many
words in text corpora are infrequent with about 50% appearing only once [2]. Naturally
this translates to many out-of-vocabulary word in test settings. Despite this, human can
often infer the meaning of these infrequent words based on their morphology. This motivates
leveraging the semantic information in subwords to infer meaning in infrequent words. More
generally, when the base-semantic unit is too coarse due to data sparsity, a finer granularity
structure is necessary.

Drawing on these two examples whereby both coarser-grained and finer-grained semantic
units can improve text-mining tasks, we investigate methods for identifying and leveraging

multiple levels of semantic granularity for a variety of text-mining and NLP tasks.

Why is this Task Challenging? Our goal is to take as input large text corpora and
automatically segment each corpus into semantically-meaningful text segments at multiple
granularity. More specifically, we take raw text composed of sequences of word tokens
and automatically segment them into sentences, single and multi-word phrases as well as
identifying semantically meaningful subword structures. This task is not trivial due to the

following reasons:

1. Lack of training data. Annotated training data is scarce for identifying segments

such as phrases and subwords. Additionally, such methods don’t generalize to new



languages and scripts. As such unsupervised and weakly-supervised techniques are

necessary.

2. Domain-Specific Corpora Many important text-mining applications are necessary
on domain-specific corpora such as scientific literature, social media data, and news
articles. Working with these domain-specific corpora involves operating on data that
may not be intuitive to evaluate. Techniques proposed should be easy to generalize to

these domain-specific corpora.

3. Language Agnosticism. While most NLP is focused on English, with the growth
of the World Wide Web, large quantities of text data is being generated in many
languages and many of these are low-resource languages which would benefit even
more from identifying the correct semantic granularity. As such, techniques should

generalize to more languages than English.

Additionally, once corpora have been segmented into the proper granularity for a task,
effectively leveraging these segments to solve a task requires crafting new techniques to

effectively utilize text input at multiple granularity.

1.2 DISSERTATION STATEMENT

We study various tasks in natural language processing and text mining, and propose novel
solutions to them. The proposed solutions introduce techniques for segmenting raw text into
spans at multiple semantic granularity and integrate these segments to solve each mining

task. Specifically, this dissertation offers evidence for the following statement:

Dissertation Statement: Segmenting raw text into multiple levels of semantic granularity
is a crucial first step in many NLP and text mining tasks. Leveraging multiple levels of
granularity over a single segmentation can improve a variety of downstream text mining

tasks such as topic modeling, learning word embeddings, and mining parallel texts.

1.3 DISSERTATION CONTRIBUTIONS

To support the dissertation statement in Section [1.2] we study and make contributions to

following problems.



1.3.1 Subword Mining & Subword Segmentation

Our first problem aims to automatically identify fine-grained morphemes or subword-level
semantic units. The proposed method applies novel unsupervised and supervised segmenta-
tion techniques to split words into morphemes. Results show that our algorithm successfully

identifies subwords on ground-truth annotated datasets across multiple languages.

Downstream Task: Word Embeddings

To demonstrate the utility of our word-segmentations in data-sparsity-sensitive tasks, we
incorporate our mined morphemes to enrich a popular subword-based embedding algorithm.
We modify FastText to incorporate our segmented subwords to enrich the embedding process.
We evaluate against baseline subword segmentation algorithms, and demonstrate superior
word embeddings as measured by superior performance on analogies, word similarity, and a

downstream language modeling task.

1.3.2 Phrase Mining & Phrasal Segmentation

Our second problem aims at leveraging large-quantities of raw text data for unsupervised
phrasal segmentation. That is given a text corpus, segment the corpus from a sequence
of word tokens to a sequence of single and multi-word phrases. Our algorithm utilizes a

significance-score approach to guide a novel bottom-up agglomerative merging algorithm.

Downstream Task: Topic Modeling

To demonstrate the utility of phrases vs unigrams, we incorporate our phrase-segmented
corpus in a downstream topic modeling task. We propose a novel variation of the popular
topic-modeling algorithm LDA that principally leverages single and multi-word phrases.
Our proposed PhraseLDA not-only generates more human-interpretable topics, but also
demonstrates better held-out perplexity in relation to vanilla LDA. This suggests that topic

modeling benefits from leveraging input text both at the word and phrase-level.

1.3.3 Leveraging Sentence Representations for Text Similarity

Our third problem aims at leveraging sentence representations to evaluate semantic text
similarity between segments in different languages. We demonstrate how cross-lingual sen-
tence embeddings can be used to perform not only cross-lingual sentence similarity, but also

cross-lingual document similarity.



Downstream Task: Mining Cross-lingual Parallel Data

To demonstrate the utility of cross-lingual sentence representations we introduce techniques
for mining cross-lingual parallel documents. These documents have a variety of utility from
training zero-shot cross-lingual document classification, to mining parallel sentences for ma-
chine translation training data. We demonstrate a sentence-representation approach for
aligning parallel sentences and the benefit this affords for training low-resource machine

translation models.

1.4 ORGANIZATION OF THE DISSERTATION

The remainder of this thesis is organized as follows. In Chapters [2] and [3, we present
MorphMine [3] and Constrained Seq2Seq [4], an unsupervised and supervised solution to the
subword segmentation problem respectively. Each chapter discusses a subword mining and
segmentation algorithm as well as a subword-based word embedding technique. In Chapter [4]
we focus on the phrase mining and phrasal segmentation problem and introduce a way of
solving it. This chapter discusses ToPMine, a phrase mining and segmentation step followed
by a downstream phrase-based topic modeling that uses our phrasal-segmentation [5]. In
Chapter 5| we construct a large comprehensive dataset of cross-lingual document pairs in
many languages and demonstrate a simple technique for mining parallel sentences [6]. We
demonstrate how cross-lingual sentence representations can mine valuable training data for
machine translation systems. In Chapter [6] we further extend this work and demonstrate
how cross-lingual sentence representations can be used to identify additional cross-lingual
document pairs [7]. Finally, in Chapter m we analyze the relationships between the different

levels of semantic granularity and conclude by discussing future works.



CHAPTER 2: UNSUPERVISED SUBWORD MINING FOR ENRICHING
WORD REPRESENTATIONS

In this chapter, we investigate the motivation for decomposing words into subword struc-
tures such as morphemes. Recognizing the need for language-agnostic subword segmentation,
we propose an unsupervised technique for segmenting words into human-verified morphemes.
We demonstrate the utility of these morphemes by utilizing them to enrich distributed word
embeddings. Experimental results support the claim that utilizing word level information

in conjunction with subwords outperforms the use of each independently.

2.1 INTRODUCTION

Decomposing individual words into finer-granularity morphemes is a necessary step for
automatically preprocessing concatenative vocabularies where the number of unique word
forms is very large. While linguistic approaches can be used to tackle such segmentation,
such rule-based approaches are often tailored to specific languages or domains. As such,
data-driven, unsupervised methods that forgo linguistic knowledge have been studied [8] @].
Typically, these methods focus on segmenting words by applying a probabilistic model or
compression algorithms to a full text corpus. The resultant morphemes from these methods
have been primarily shown to improve neural machine translation [10] [11].

One natural application to utilize these semantically meaningful morphemes is distributed
word representation. There are many advantages to using distributed continuous word repre-
sentations as an alternative to one-hot bag of words [12, [13] since this leads to a dimensional-
ity much smaller than the vocabulary size of a corpus. It has been shown that working with
low-dimensional representations not only demonstrates computational efficiency, but also
captures syntactic and semantic regularities while boosting the performance in text classifica-
tion, sequential classification, sentiment analysis, and machine translation [14] 15, [16], 17, [18§].
As such, many methods have been developed to learn these word representations from large,
unlabeled text corpora [19, 20, 21].

Despite many advances, unsupervised learning of distributed representations can struggle
in learning adequate vectors for infrequent words. This problem is ubiquitous because most
text corpora demonstrate long-tail distributions in relation to word frequency, with often
40% — 60% of words in a vocabulary appearing just once in a corpus [2]. Naturally, many
methods fail to produce meaningful embeddings for unseen (out-of-vocabulary) words. Using
morphemes for parameter sharing not only bolster training data for infrequent words but

also allow for constructing meaningful word embeddings for unseen words.
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Figure 2.1: Hierarchical segmentation of words.

What differentiates our method from others is extracting morphemes at multiple granular-
ity. As seen in Figure 2.1 morphologically-rich words share semantically-meaningful mor-
phemes. Larger morphemes carry more semantic meaning, but are often infrequent within
the vocabulary and discarded in favor of more frequent finer-grained morphemes in other
methods. Yet, including both fine and coarse-grained morphemes, can better semantically
tie the meanings of words that share them. With this motivation, we propose MorphMine,
a continuation on preliminary work [22]. We formalize the novel methodology by framing
the morpheme segmentation as entropy-boundary identification and segmentation with a
parsimony criterion. We introduce a global resegmentation to refine and improve the seg-
mentation after the initial segmentation. Finally, we evaluate our method on a variety of
datasets and tasks in multiple language and demonstrate how multi-granular morphemes

can be used for enriching word embeddings for robustness to data-sparsity.

2.2 RELATED WORK

In morphological analysis, predictability has been suggested for detecting morpheme struc-
ture. An early quantitative metric proposed was the number of different variations of mor-
phemes following a morpheme sequence whereby a high number of variations indicates a
morpheme boundary [23]. While this work provided influential insight into useful metrics
for morpheme-detection, the main objective was developing a scoring function for identifying
candidate morphemes, not segmentation. Following this line of work, were methods to iden-
tify frequent morphemes and affixes [24] 25 26]. These methods identify a high-precision
but low-recall subset of morphemes. Similarity measures have been proposed for detecting
affixes by comparing words and identifying similar and dissimilar parts. These methods

utilize a variety of techniques including edge-alignment, adding words and their reverse to
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tries [27), 28]. Unfortunately, these methods can only identify prefix and suffix morphemes,
neglecting morphemes that occur between other morphemes. One model segments words
by applying the minimum description length principle to minimize the vocabulary while
maintaining the likelihood of the corpus data [9, 29]. Other fixed-vocabulary methods apply
a unigram language model approach to identifying morphemes (also called wordpieces) and
has been successfully applied to a variety of NLP tasks [30, BI]. Similarly, the byte-pair
compression algorithm has been used to identify morphemes for neural machine translation
tasks [10].

To address data-sparsity when learning word embeddings, some methods apply a factored
neural language model where words are represented as a set of features including morpheme
information [32]. Other methods add morphological similarity features into a neural network
along with the context features [33,34]. Other methods take morphologically annotated data
and train log-bilinear models to jointly predict context words and morphological tags [35].
The method we utilize for our embeddings is FastText [36]. While FastText utilizes all the
possible character n-grams up to certain length for enrichment, we only utilize high-quality
morphemes in MorphMine. Finally, many methods have utilized characters as the base unit
for embedding. Some approaches treat each word as a sequence of characters and apply
RNNs or convolutional networks [37, 38, 39)].

2.3 PRELIMINARIES

The input is a corpus W, consisting of |W| words: W = wy, ..., wyw|. From this corpus,
we construct a vocabulary of unique words, V', of size |V| such that Yw € W,w € V. In
addition, the v™ word is a sequence of |v| characters: ¢,;,4 =1,...,|v|. For convenience we
index all the unique characters that compose the input vocabulary with C' characters and

h word is the z'" character

cvi = x,where x € {1,...,C} means that the i’ character in v’
in the character vocabulary.

Given an input corpus consisting of a word sequence and a vocabulary list of unique words,
our goal is to segment the vocabulary list to identify human-interpretable and semantically
meaningful morphemes, then utilize these morphemes for parameter sharing when learning

distributed word representations from the corpus.

Definition 2.1 (Morpheme Formalizationd A morpheme is a sequence of characters:

m = {Cpis ., Coitn} Wheren >0

A partition over vocabulary word v is a sequence of morphemes: G, = (my1,...,Myq,) where G, >

1 s.t. the concatenation of the morphemes is the original word.

8



In Definition [2.1] we formalize a morpheme and the resultant partition from segmenting a
word into morphemes. In addition we outline the desired properties of the framework as

follows:
1. extracts semantically meaningful, human-interpretable at multiple granularity
2. the method is general and applies to words on a variety of languages
3. enriching word morphemes improves word embeddings

4. the overall method is computationally efficient

2.3.1 The MorphMine Framework

At a high-level, our proposed framework can be summarized into two sequential steps:
(1) mining candidate morpheme patterns and character co-occurence statistics, and (2) per-
forming word segmentation into finer-grained morphemes. In step one, by applying an
information-theoretic metric to detect candidate morpheme boundaries, we identify candi-
date morphemes within each vocabulary word. These morphemes are propagated to other
words and pruned to ensure high-quality. For step two, from this candidate pool, we then
apply an unsupervised dynamic programming segmentation algorithm to select a subset of
these morphemes that best segment each word. Segmentation and partition induction further
prune away low-quality morpheme candidates leaving a high-quality morpheme vocabulary.
After inducing a partition on each word, we can recursively segment each morpheme to finer
granularity. Applying this two-step process maps each word in the input vocabulary to a set
of high-quality morphemes. The resultant morphemes from the hierarchical segmentation
can then be used for downstream NLP and text analysis tasks.

The main objective in morpheme pattern mining is to collect aggregate statistics on mor-
pheme patterns that can be used to score and reason about the quality of candidate mor-
phemes. These statistics are then used in the word segmentation algorithm. For each
character n-gram that appears more than once in the vocabulary, there is a potential for
parameter sharing via the candidate morpheme as it appears in multiple vocabulary words.
Additionally the frequency counts of these morphemes will be used for entropy-boundary
computation to identify and score potential morpheme candidates. These candidates are in-
put to the word-segmentation algorithm that attempts to apply Occam’s Razor by positing
that using the fewest morphemes in the segmentation best segments each word [40]. This

process is then applied recursively to each morpheme to obtain finer-grained morphemes.



By inducing a partition over each vocabulary word, we effectively transform each word
into a bag-of-morphemes. These morphemes can be shared among other words within the
vocabulary and model the belief that words that share morphemes, share semantic meaning.
This is done by individually embedding each morpheme; these morpheme embeddings are
then combined to form the final word embedding. Because a word embedding is constructed
from the embeddings of constituent morphemes, words that share constituent morphemes
will be partially constructed from similar morpheme embeddings.

We expound upon our morpheme-mining algorithm and its evaluation in a popular em-
bedding framework in Section [2.4]

2.4 METHODOLOGY

Given an input vocabulary list V., MorphMine segments each word into non-overlapping
character n-grams (morphemes). Our method is non-parametric, hierarchical and data-
driven, allowing for good cross-domain performance without incorporating domain-specific
knowledge or linguistic rulesets. The entire morpheme segmentation can be performed as
an easy preprocessing step to the vocabulary for downstream text-related tasks. To learn a
morpheme vocabulary and segment an input vocabulary, MorphMine performs the following
steps: (1) mine morpheme pattern counts and compute entropy statistics, (2) apply par-
simonious segmentation to identify the best locally-consistent segmentation, (3) recompute
morpheme counts after segmentation to ensure global-consistency and maximize parameter
sharing of morphemes, and (4) re-segment using refined morpheme vocabulary counts.

We apply an entropy-based scoring function to identify morpheme boundaries: generating
candidate morpheme vocabulary. Given this collection of morphemes and their counts, the
next step is to apply a dynamic-programming algorithm to segment each word into high-
quality morphemes. For each word, the parsimonious segmentation identifies the most-likely
segmentation using the fewest number of morphemes. This step discards a large number of
lower quality candidates morphemes from our vocabulary and allows for a more-accurate
estimate of morpheme counts. Using the refined vocabulary, we can then re-segment and
improve the overall quality of segmentation. The re-segmentation biases towards selecting
locally-consistent segmentations that globally-optimize for morpheme parameter sharing.
That is, the resegmentation favors morphemes used in the segmentation of other words in
the vocabulary. Finally, the resultant collection of morphemes for each word can be utilized

to enrich word embeddings.

10



2.4.1 Morpheme Vocabulary Generation

Our segmentation of words into morphemes relies on the idea of morpheme composition-
ality. That is, the input vocabulary can be constructed by composing morphemes drawn
from a smaller morpheme vocabulary. As such we introduce an approach for creating the

initial morpheme vocabulary: prefix, suffix, and root-word candidates.

Prefix & Suffix Generation.

We posit that prefixes and suffixes can be identified through the concept of transition
predictability.

Definition 2.2 (Transition Predictability) Transition predictability is a quantification

of being able to predict the next character in a word given a prefix.

Previous works have attempted to quantify Definition [2.2] by using number of character
choices following a prefix in a vocabulary [23, 24] 25, 26]. For example, many words begin
with the prefix, “pre” such as, prepaid, preview, presoak, etc. Given the large number of
words with the prefix “pre”, the transition from “pr” to “pre” predictable, but “pre” to a
longer prefix is not as predictable as many words have “pre” followed by a variety of root
words.

Unfortunately, using raw counts to identify high-unpredictability boundaries for prefixes
does not generalize to large vocabularies and different languages as the character count is
arbitrary. As such we propose a metric on the normalized distribution of character choices:
information entropy [41]. Let v be a word consisting of |v| characters and m; be a prefix of
v ending at the iy, character of v. For each candidate prefix boundary i for ¢ € [1...|v]],
the prefix transition unpredictability can be quantified with information entropy. As the
transition between a prefix and longer prefixes can be modeled as a multinomial of support

size C', the character vocabulary, we use the multinomial distribution entropy:

C
H(X) = —log(nl) = n ij log(p;)+
C n n "
2.2 (xj)Pfj(l — p;)" " log(z;!) (2.1)

j=1 z;=0

c
= — ij log(p;), when n=1

j=1

11
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Figure 2.2: Prefix and suffix transition entropy.

This is the entropy of a multinomial over support C' for n independent trials each of which
leads to a success for exactly one of the C' characters. Because we consider a single trial,

n = 1, we simplify it into entropy of the categorical distribution. For the prefix m;:
H(m;) = — Z P(m; & cjlm;) x log,P(m; & ¢;|m;), (2.2)
j=1

where @ denotes the binary string concatenation of two strings and the transitional prefix

probability is estimated as:

f(mi & ¢;)
f(mg)

and f(m;) denotes the frequency of a prefix m; in the input vocabulary list. The entropy of

P(m; & cjlm;) = (2.3)

suffixes can, without loss of generality, be similarly computed by reversing each word in the

vocabulary and treating each suffix as a prefix.

The information entropy of each possible prefix and suffix in the vocabulary is computed in
linear time with relation to unique vocabulary size using a prefix tree data structure to store
counts over prefixes. Given entropy scores for each prefix and suffix, scores are computed for
each candidate split point in each word. Under the entropy scoring of prefixes and suffixes,
we identify local maxima in entropy as candidate boundaries for prefixes and suffixes. That
is entropy of a prefix one-character shorter and one-character longer should be lower than

a candidate prefix boundary. This is intuitive as under our principle of compositionality
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assumption, complex words are formed by concatenating morpheme structures. As such,
given an incomplete morpheme, the next character can easily be predicted, but given a
complete morpheme, any number of new morphemes can be concatenated to the completed
morpheme increasing the unpredictability and thus entropy. These high-entropy positions
thus serve as a strong indicator of morpheme boundaries. As seen in Figure [2.2] for the
word “spatiotemporal”, candidate prefixes and suffixes are found at boundaries exhibit a
local maxima in entropy. For “spatiotemporal”, candidate prefixes are “spa” and “spati”

while candidate suffixes include “al” and “temporal”.

Root Word Generation

Utilizing entropy-scoring, it is possible to detect morpheme structures that occur at the
beginning or end of a word. However, many words often contain morpheme structure between
prefixes and suffixes. For each prefix and suffix candidate identified in a word, it is possible
to generate many candidate root words by stemming the word and removing prefixes and
suffixes. This creates a high-quality pool of root words to be used in conjunction with

prefixes and suffixes for segmenting the vocabulary.

Example 2.1 (Root Extraction) Removing prefizes and suffizes yields candidate roots.

[pre] + authenticat + [ion]
[pre] + authentication

The characters grouped together by [] are prefives and suffizes. When removed, the remaining

underlined character-sequence represent candidate root words.

As seen in Example [2.1] when stripping the combinations of prefixes and suffixes of a
word, the remaining character sequence is considered a candidate root word. We apply some
filtering conditions for each candidate root to test the viability as a shareable root. These
include: (1) a minimum support of two within the vocabulary, and (2) the minimum root
length of four. Additionally, for each word in the vocabulary, after stripping prefixes and
suffixes, the candidate root words that meet the constraints are added to the morpheme

vocabulary.

2.4.2 Parsimonious Morpheme Segmentation

After generating a morpheme vocabulary using entropy-based predictability metric for

boundary detection, we segment words into morphemes, utilizing this morpheme vocabulary.
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spatiotemporal Candidate Subwords

spa
spati

spati o] temporal temp
A /\ tempor
temporal
spa ti tempor | |al al
(a) Parsimonious Segmentation (b) Candidate Morphemes

Figure 2.3: Segmentation of the word “spatiotemporal” using disjoint interval covering.

The algorithm first identifies candidate morphemes from the morpheme vocabulary within
a word, then selects a subset of these candidate morphemes that best segment the word.
The main insight is a per-word implementation of Occam’s Razor. That is, according to the
preference for parsimonious hypotheses, we posit that each word is composed of the fewest

number of morphemes that mazimally cover the word.

As seen in Figure 2.3] morphemes present in the target word are identified and recursive
segmentation is performed to segment the word into morphemes. Example demonstrates

how the candidates are used to segment the target word under the parsimony criterion.

Example 2.2 (Parsimonious Segmentation) Segmentations are scored based on word

coverage and the number of morphemes.

Segmentation # Morpheme Coverage
[spa] + tio+ [temporal] 2 11
[spati] + o + [temporal] 2 13
[spati] + o + [tempor] + [al] 3 13
[spa] + tio [tempor]| + [al] 3 11

Table 2.1: Candidate segmentations of a word. The highlighted row displays the maximally
parsimonious morpheme segmentation.

Subsets of non-overlapping candidate morphemes are used in segmentation, and the most
parsimonious segmentation is selected. Because the possible subsets of candidate morphemes
form a power set, direct enumeration of each segmentation quickly proves computationally

slow for even a modest number of candidate morphemes. To identify the most parsimonious
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segmentation, we abstract our parsimonious morpheme segmentation task into a general
problem we dub Disjoint Interval Covering and demonstrate that this problem can be solved
via dynamic programming in linear time. We formalize the disjoint interval covering problem

as follows:

Definition 2.3 (Disjoint Interval Covering) Given an input N € N and a set A of pairs
(a,b) :a, b€ {1...N} x{1...N} and a < b, find the smallest subset B C A such that | z|

zeB
is mazimized, |B| is minimized, andVx,y € B:x #y=cNy = .

As seen in Definition [2.3] the input is a set of pairs A and a positive integer N. Within
the segmentation perspective, these refer to position index boundary pairs for candidate
morphemes and the word length. Given these inputs, the objective is to select a minimum
subset of disjoint morphemes that maximally cover the word. That is, select a set of disjoint

morpheme whose combined length is as close as possible to the word length.

(07 0)7 ] <1
! max min{F(i—1)o + (j—i+1), F(i-1)+1}, j>1
(i.7)€A

We define a recurrence to the disjoint interval covering problem in Equation [2.4, This recur-
rence posits that the segmentation that maximally covers the word is either the solution for
the current word minus the ending character, or the max-covering, min-morpheme solution
utilizing all morphemes that have a right boundary index equal to the index of the end of
the word. With proper memoization, it is evident that for a word of size |v|, there are |v|
subproblems to solve. In addition, because each interval’s right boundary corresponds to
the word size, each interval is iterated over a constant number of times. As such, for word v,
the total, memoized complexity of this segmentation is O(v + |A,|) where A, indicates the
pre-segmentation morphemes that are substrings of word v, making our overall framework
of linear complexity — O(V).

Algorithm presents the morpheme segmentation algorithm. The algorithm takes as
input a word and a collection of intervals corresponding to index boundaries of candidate
morphemes within the word. It then proceeds to select a set of intervals that maximally
cover the word while utilizing the fewest number of intervals. Solutions to subproblems are
memoized as to avoid repeated computation. While the algorithm returns a memoization list

of best segmentations that terminate at each index, proper backstracking can construct all
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Algorithm 2.1: DP Parsimonious Segmentation (DP)

Input: Word v, morpheme Intervals A,
Output: Optimal segmentation S

1 n[0] < 0; c[0] < 0; p[0] < null;

2 for j:=1to N, do

3 num <— nfj-1]; cov<—c[j-1]; pair « plj-1];
4 for (i,5) € A, do

5 cov' « c[i-1]+(j-i+1)

6 num’ < n[i—1]+1

7 if cov/ > cov then

8 cov + cov’; num < num’;

9

pair < (i, 7);
10 end
11 if cov/ =cov A num/<num then
12 ‘ num < num’; pair < (4, 5)
13 end
14 end
15 n[j] < num; c[j] < cov; pl[j] « pair;
16 end

17 return p

possible parsimonious segmentations. In the next subsection we demonstrate how to select

among equally-parsimonious segmentations.

Maximum Likelihood Scoring

While Algorithm identifies the most parsimonious segmentation, the algorithm often
returns many segmentations with equal parsimony. As such, after applying Algorithm 2.1,
maximum likelihood is used to select the most likely segmentation among these candidate
segmentations.

Given the previous counts of candidate morphemes obtained, it is simple to compute the
most likely segmentation among the candidate set of parsimonious segmentations given an
independence assumption. Given a segmentation (partition of morphemes) over word v, G,,

one can calculate the likelihood over the partition:

£(G,) = [] Pm) o [T fm) (2.5)

megGy meg,

The independence assumption yields and discarding the normalization yields a simple prod-

uct over each morpheme count f(m) in the partition. This follows as all parsimonious
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partitions have the same number of morphemes and as such, the normalization constants for
the probabilities should be the same for all parsimonious segments. One additional impor-
tant constraint we place on our most-likely partition is that, during training and learning
of the morpheme vocabulary, the most-likely partition cannot have any morphemes that
occur only once in the vocabulary. That is: Vm € G, : f(m) > 1. This ensures that
each learned morpheme is shared at least with another word. As seen in Example [2.3] the
largest product of counts is selected as the best segmentation. By applying the restriction
that all morphemes must be shared at least once, MorphMine filters poor segmentations
such as “incompletenes + s” where the morpheme “incompletenes” only appears once in the

vocabulary.

Example 2.3 (Most-likely Segmentation) Most likely segmentation from candidates.

Segmentation count(my) count(msy)  Likelihood Score
[incompletenes] + [s] 1 2072 2072
[incomplete] + [ness| 4 115 660

[in] + [completeness| 659 4 2636

[incomp]| + [leteness| 4 2 8

Table 2.2: Candidate segmentation and morpheme counts. The highlighted row displays the
most likely segmentation.

The mostly likely segmentation “in + completeness” is selected and in further steps, “com-
pletness” will be recursively decomposed into smaller morphemes “complet” and “ness”

parsimoniously.

2.4.3 Local Segmentation.

Subsection introduced the concept of utilizing high-entropy boundaries to create a
morpheme vocabulary, and Subsection introduced an algorithm for segmenting words
into morphemes based on the principle of parsimonious disjoint interval covering and tie-
breaking with maximum likelihood. In this subsection we demonstrate a high-level overview
on how to apply these two methods to hierarchically segment words into multi-granular
morphemes.

Following the steps from Subsection [2.4.1) an initial morpheme vocabulary is created.
Within the vocabulary, we differentiate between prefixes, suffixes, and root words. As seen
in Algorithm [2.2] Line [2| each morpheme found in the input word is mapped to an interval

indicating its boundary indices within the word with the condition that prefix intervals must
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Algorithm 2.2: Segmentation Algorithm (SEGMENT)

Input: Word v, morpheme Vocabulary SW
Output: Set of morphemes of v

output + {v}
A, {(i,7) for v; ...v; € SW and j-i # |v|}
if A, = @ then
‘ return output
end
segmented < DP(w, A,)
for morpheme € segmented do
‘ output U SEGMENT (morpheme, SW)
end
return output

© N O OtA W N

=
o

start at the beginning of the word, suffix intervals must terminate at the end of the word, and
root word intervals can be located at any position within the word. In addition, the complete
word is not included (to ensure the word segments to smaller morphemes). The algorithm
terminates if the word cannot be further segmented. Otherwise, the word is segmented
with the dynamic programming parsimonious segmentation algorithm. Each morpheme is
then treated as a word and recursively segmented; the collection of all morphemes from

segmentation are output.

2.4.4 Global Resegmentation

The parsimonious segmentation selects the most-likely locally-consistent segmentation of
a word. Yet because each word is segmented independently, a morpheme that is present in
two different words may not be selected because parsimonious segmentation is performed on
both words independently. To address this, after performing one segmentation we utilize the
resultant segmentation to refine the morpheme counts and prune infrequent morphemes from
the morpheme vocabulary. Using this refined morpheme vocabulary and a more accurate
morpheme count estimation, each word is re-segmented. The resultant segmentation is
not only performed with a smaller morpheme vocabulary, but also favors the morphemes
that other words have selected in their own parsimonious segmentations, creating a global

consistency for the overall vocabulary segmentation.

Example 2.4 (Re-segmentation with refined counts.) After one pass through the vo-
cabulary and segmenting with parsimonious segmentation. Morpheme counts are re-computed

using the resultant segmentations.
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Segmentation Counts; Max-Likelthood, Counts; Max-Likelthood,
[bit] + [emporal] 5,6 30 3,1 3
[bi] + [temporal] 4,6 24 3.5 15
Table 2.3: Candidate segmentation of a word. Highlighted row is the most likely segmentation
using refined counts

While initial counts and scores (Counts,, MLy ) determine the locally optimal segmentation.
After recomputing the morphemes post initial segmentation, refined counts and scores are
computed (Countsy, MLy). The white row displays the initial best segmentation, while the

grey row shows the best segmentation after refining morpheme counts.

As seen in Example [2.4], in the first segmentation, the locally-consistent parsimonious seg-
mentation favors the incorrectly segmented “bit + emporal” with likelihood 30 over “bi +
temporal” with likelihood 24 as the likelihood is higher for the former. After one round of
segmentation, it is apparent that the morpheme “emporal” was only selected once out of the
possible six occurrences, while “temporal” was selected five out of six word segmentations.
Resegmentation with these refined counts helps choose the correct segmentation “bi + tem-
poral” with likelihood score 15 over 3. With this refined segmentation, these morphemes

can be used in the morpheme-enriched word embedding learning.

2.4.5 Morpheme-Enriched Word Embedding

To efficiently utilize our mined morphemes to improve upon word embeddings, we modify
the FastText model for word embeddings to use our extracted morphemes [36] to enrich
infrequent or out-of-vocabulary words. As explained in the FastText paper, it is often the
longest subword that captures the most semantic meaning. As such, we take each and every
node in our word segmentation representing morphemes at every granularity and directly
input the morphemes extracted from this layer to enrich each word in the vocabulary.

We begin with a brief review of FastText, and then demonstrate integrating morphemes
in place of the standard FastText enumerated subwords. First, we note that FastText uti-
lizes the skip-gram objective with negative sampling yielding the following objective (for

simplicity, £(z) = log(1 + exp(—x))):

Z [Zg(s(wx,wc))—l- Z U(—s(wy, t))], (2.6)

z=1 c€Cy teENz,c
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where w, is the 2! word in the corpus, C, denotes the set of context words within a window
of word w,, and N, . denotes the set of negative examples sampled from the vocabulary.
The scoring function is then adapted to incorporate morpheme information as s(w,, w.) =
ZmeI z] v. where each z,, denotes a morpheme embedding vector and the scoring function
is a summation over morpheme embedding vectors in a dot-product with the context word
vector. While FastText incorporates all contiguous substrings of lengths three to seven as
morphemes in the scoring function, we posit that many of these morphemes are semantically
not meaningful and, as such, degrade the overall quality of the learned embeddings. We
claim that directly incorporating meaningful morphemes extracted by MorphMine for each
word and summing over each morpheme’s embedding results in higher quality distributed

representations.

2.5 EXPERIMENTAL RESULTS

We introduce the datasets used and methods for comparison. We then evaluate our
method on a morpheme segmentation task, a variety of embedding tasks, and a downstream

language modeling task.

Datasets

e English, German, and Turkish Vocabularies and Segmentations. This dataset
consists of three vocabulary lists in English, German, and Turkish with 156K, 290K and
90K unique vocabulary words, respectively. Each list is accompanied by approximately
1500 ground-truth segmentations consisting of a vocabulary word and its segmentation
into constituent morphemes. These ground-truth segmentations were annotated as
part of the MorphoChallenge [42].

e English, German, and Turkish Wikipedia Corpora. This dataset consists of
three subsets of Wikipedia for English, German, and Turkish Wikipedia and consisting
of 116M, 162M, and 52M tokens. These corpora are used for training unsupervised

word embeddings and for training a language model.

e English, German, and Turkish Word Similarity Pairs. This dataset consists
of collections of annotated word-similarity pairs in three languages. For English, we
evaluate on the WS-353 data, a collection of 353 pairs of English words that have been
assigned similarity ratings by human annotators, SimLex, a collection of 999 word
pairs annotated via Amazon Mechanical Turk, and finally the Stanford Rare Words

similarity set (RW) consisting of 2034 rare word pairs. [43] [44, 45]. For German, we
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[ Dataset i English I German I Turkish |
l l

[ Method i P R F1 ] P R F1 ] P R F1_ |
BPE 0.5527  0.3989  0.4634 0.5637  0.4131  0.4768 0.7626  0.2808  0.4104
ULM 0.7473  0.5992  0.6651 0.5827  0.5040  0.5405 0.8731 0.3216  0.4701
Morfessor 0.7537  0.6513  0.6987 || 0.6803 0.5616  0.6153 0.69104  0.3710  0.4828
MorphMine-NF 0.8255  0.6503  0.7275 0.5717 0.7520 0.6399 0.5804  0.5024 0.5424
MorphMine 0.8345 0.6977 0.7600 0.6014  0.7373  0.6624 0.5341  0.5497  0.5417

Table 2.4: Morpheme Segmentation Performance.

operate on canonical translations of the the WS-353 and SimLex datasets [46]. For
Turkish we evaluate on the AnlamVer word similarity dataset consisting of 500 word-

pairs annotated by 12 human annotators [47].

e English, German, and Turkish Word Analogies. Collections of annotated word
analogies in three languages. For English, we evaluate on the Google analogy dataset
consisting of 19544 analogy question pairs where 8,869 are semantic and 10,675 syn-
tactic (i.e. morphological) questions. [20]. For German, we operate on the German
translation of the English Google analogy dataset [48]. For Turkish, counterparts of

the Google analogy question set was created and contains over 2K analogy tasks.

The vocabulary lists and gold-standard segmentations are used to evaluate each method’s
ability to extract human-verified morphemes in an unsupervised manner. The human-
curated word analogies and word similarity pairs help verify the effect of incorporating
various morphemes in the unsupervised word embedding process. Finally, the Wikipedia
corpora subsets are used to train the morpheme-enriched word embeddings and evaluate the
benefit of morpheme enrichment on a downstream language modeling task.

Baselines

As a baseline for segmentation, we utilize a unigram language model segmentation of “word-
pieces” and byte-pair encoding segmentation as described in the related work [31} 30]. We
also compare against a state-of-the-art unsupervised morpheme segmentation tool Morfes-
sor [9]. Finally, we compare against a variant of MorphMine that forgoes global consistency
whereby each word is re-segmented after recomputing morpheme counts after the initial
segmentation.

For baseline embedding methods, we utilize FastText, a proposed variation of the Skip-
Gram objective that utilize subword-level information, and modify FastText to incorporate
each method’s segmentations to enrich word embedding. We enrich FastText with each of
the morpheme segmentation baselines to compare against MorphMine enriched emebeddings.
With no morpheme enrichment, FastText formulation means that it reduces to Word2Vec

which we also compare against.
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Method || English | German | Turkish

Dataset WS-353 SimLex RW RW-0OO0V || WS-353 SimLex || AnlamVer
SkipGram 0.72 0.28 0.36 - 0.58 0.26 0.45
BPE 0.72 0.28 0.41 0.33 0.59 0.28 0.47
ULM 0.74 0.28 0.41 0.35 0.60 0.28 0.47
FastText 0.70 0.26 0.34 0.32 0.58 0.26 0.46
Morfessor 0.74 0.28 0.44 0.35 0.60 0.28 0.48
MorphMine 0.74 0.28 0.46 0.42 0.62 0.28 0.49

Table 2.5: Multilingual word similarity.

2.5.1 Subword Extraction Accuracy

We evaluate each morpheme segmentation algorithm at identifying human-annotated seg-
mentations in three languages: English, Turkish, and German. We report precision, recall
and F1 scores for each method. When evaluating, true-positives are indicated with a valid
exact match between the extracted morpheme and the gold-standard.

In Table [2.4] we report the performance of each segmentor at successfully extracting
human-annotated morphemes. As both BytePair Encoding and Unigram-LM require a mor-
pheme vocabulary size parameter, for these methods, we perform a parameter sweep and
report results from the highest performing run. Across all three languages, variants of Mor-
phMine outperform with respect to F1 score. Further analysis shows this is primarily due
to a higher recall. In comparison to MorphMine without global refinement, we see that
implementing global refinement generally improves performance as seen in English and Ger-
man and in the case of Turkish, performance between the MorphMine variants were overall

comparable.

2.5.2  Word Similarity Task

We evaluate the embeddings on a word similarity task. The ground truth data consists of
pairs of words and a human-annotated similarity score averaged across all human evaluations.
The scores are computed via the cosine similarity between each word’s vector representation
and results are quantified through Spearman’s rank correlation coefficient between the gold
standard and the cosine similarity score. To evaluate performance of the morpheme-based
embeddings to infer OOV words, we evaluate similarity on an English rare-words similarity
dataset.

As seen in Table 2.5 subword-based methods that utilize morpheme and subword level
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information outperform SkipGram that forgoes any. Additionally, methods that discrim-
inately generate these morphemes outperform FastText that indiscriminately generate all
subwords. Finally, while most subword enriched embeddings perform well on word similar-
ity, MorphMine shines particularly in the similarity task on rare words where it outperforms
all baselines. This is likely because MorphMine generates morphemes at multiple granularity
which is more likely semantically link a rare word to a frequent word via a semantically-
meaningful morpheme. This performance gap is even higher for out-of-vocabulary words

were MorphMine significantly outperforms all other baselines at the word similarity task.

2.5.3 Word Analogy Task

We next evaluate on a word analogy task of the form “Ais to B” as “C'is to D”, where D is
predicted from the vocabulary based on its embedding vector. We use analogy datasets used

in previous literature for English, German, and Turkish embedding evaluation [20, 48], [49].

Dataset H English H German H Turkish ‘
Method Sem Syn || Sem Syn || Sem+Syn
SkipGram 68 65 63 46 41
BPE 65 68 61 50 43
ULM 67 70 62 51 43
FastText 52 75 59 53 43
Morfessor 64 75 61 52 44
MorphMine 67 78 61 53 47

Table 2.6: Word analogies.

As seen in Table 2.6, embeddings that utilize subword information perform better at syn-
tactic analogies than SkipGram word embeddings without subword information. This does
not extend to semantic analogies whereby utilizing subword-information seems to cause a
deterioration in performance. This is intuitive as words without valid morphemes learn
noisy embeddings when false morphemes are identified and used to enrich their represen-
tation. This is seen in the performance gap between FastText and SkipGram on semantic
analogies whereby FastText’s large number indiscriminate subwords degrades the quality
of the final embedding. This degradation is mitigated by utilizing more-refined morpheme
methods such as BytePair Encoding, Unigram-LM, Morfessor, and MorphMine. Overall,
embeddings enriched with MorphMine morphemes demonstrate superior syntactic perfor-

mance to all baselines while demonstrating comparable semantic performance to SkipGram.
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’ Dataset H English H German H Turkish

Method Perplexity || Perplexity || Perplexity
SkipGram 159 381 996
BPE 157 375 955
ULM 157 372 952
FastText 158 376 972
Morfessor 155 370 948
MorphMine 154 367 940

Table 2.7: Language modeling task

This supports our intuition that utilizing more subwords is useful, but only when they are

of high quality; indiscriminately generating all enumerations of subword degrades quality.

2.5.4 Language Modeling Perplexity

As recent embedding evaluations have stressed the importance of evaluating embeddings
not only on artificial tasks such as word similarities but also on downstream tasks, we
evaluate on a downstream language modeling task [50]. We generate a language model
with embedding vectors from the Wikipedia corpora and then evaluate by computing the
perplexity on a held-out portion of the corpus wunseen in both the embedding phase and
modeling phase. We use an LSTM with two hidden layers, 600 hidden units per layer
regularized with dropout with 0.2 probability, unrolled for 35 steps, and 20 batch size.
Parameters are learned using Adagrad with a gradient clipping of 1 for 10 epochs. Each
instance is trained on 80% of the data with a 10% test and 10% validation set.

The results are summarized in Table 2.7 Because experiments have minimal data clean-
ing do not drop infrequent or OOV words, the resulting perplexity is relatively higher than
cleaned-datasets but directly comparable among the differing methods [36]. We observe that
across all segmentation-based morpheme-enriched embeddings perform better in language
modeling over traditional skip-gram. In contrast, FastText’s indiscriminate enumeration of
all possible morphemes appears to perform much poorer in this task. Finally, MorphMine
outperforms the other morpheme enriched baselines. This may be due to MorphMine utiliz-
ing morphemes of mutliple granularity which closely capture semantic meaning of rare and

OOV words at the largest granularity.

2.5.5 Segmentation Case Study

In Table we present hand-selected segmentations. Unlike other methods, MorphMine

identifies large morphemes shared among words in the vocabulary in addition to the more
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Word H BPE H ULM H Morfessor H MorphMine
vandalism van + dal + ism van + dal 4 ism van + dal + ism vandal + ism
truncate trun + cate trun + cate truncate truncat + e
truncated trun + cat 4+ ed trun 4+ cat + ed truncat + ed truncat + ed

truncating

trun + cat + ing

trun + cat + ing

truncat + ing

truncat + ing

troubleshooting

trouble + shoot + ing

trouble + shoot + ing

trouble + shoot + ing

troubleshoot + ing +
trouble 4 shoot

Table 2.8: Select segmentations from different subword segmentation algorithms.

frequent smaller morphemes. For example, the words “truncate”, “truncated”, “truncating”
all share a common root, but all methods except for MorphMine are reluctant to identify
“truncat” as a valid morpheme by removing ‘e’ from truncate. As such, all other methods fail
semantically link these three words. Additionally, for ‘vandalism’, most methods attempt
to recognize “van” as a morpheme as it is a valid word, while MorphMine’s parsimony
criterion merges this into “vandal”, which although not present in the vocabulary, is a
valid word. Finally, given words such as “troubleshooting”, MorphMine’s segmentation at
multiple granularities captures “troubleshoot”, which all other methods further decompose,

losing much semantic meaning.

2.5.6  Scalability

From a high-level perspective, MorphMine consists of two separate steps: (1) mining and
learning a high-quality candidate morpheme set from an input vocabulary and (2) utilizing
the learned model to segment each word into morphemes. We can empirically estimate the
expected runtime of each step of MorphMine by analyzing runtime as a function of input size.
To this end, we select increasing subsets of the input dataset and compute the runtime of
running MorphMine on each subset. To accurately measure the efficiency of each component
of MorphMine, we measure the runtime of the morpheme candidate mining and morpheme
segmentation independently.

As seen in Figure 2.4] mining the morpheme vocabulary appears to grow linearly with
vocabulary size. We verify this by computing the coefficient of determination, R? to show
how well a linear function fits the data. Morpheme mining and segmentation regressions
yielded an R? of 0.989 and 0.991 respectively. This strongly suggests a linear relationship
between input vocabulary size and runtime. As empirically Heap-Herdan’s law has shown
that vocabulary grows sublinearly in relation to corpus size, these results indicate that
performing MorphMine segmentation on an input vocabulary as a preprocessing step adds

negligible computational overhead [51].
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Figure 2.4: Decomposition of morpheme segmentation algorithm into unsupervised morpheme
mining then vocabulary segmentation.

2.6 DISCUSSION

In this study, we propose a pattern-mining method of segmenting vocabulary into smaller
morphemes and demonstrate experimentally on three languages that the method recovers
ground-truth morphemes beyond state-of-the-art. By integrating the morphemes in a pop-
ular subword-enriched embedding algorithm, we verify that semantically-meaningful mor-
phemes at multiple granularity can benefit word embeddings as evidenced through superior
performance on a word analogy and word similarity task. This is especially true for inferring
embeddings for infrequent or out-of-vocabulary words. Finally, we demonstrate that en-
riching embeddings with high-quality morphemes improves language modeling as evidenced
through better held-out perplexity on a language modeling task.

One natural extension to MorphMine is to utilize a small amount of labels, either through
weak, distant, or direct supervision and use this supervision to guide segmentation. This
would allow flexibility to each language or domain’s idiosyncrasies. Followup work can
utilize various low-resource NLP tools such as part-of-speech tagging to further enrich the
resultant embedding vectors. Finally, further tasks with morphemes such as sequential
modeling applied to entity recognition and typing can be evaluated on morphologically-rich

domains such as scientific research and biomedical corpora.
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CHAPTER 3: SUPERVISED SUBWORD MINING FOR ENRICHING
WORD REPRESENTATIONS

In this chapter, we continue investigating the subword extraction problem. Within the
context of Semitic languages such as Arabic or Hebrew, we identify a form of subwords that
are non-contiguously located with a word and explain why they are more difficult to extract
over contiguously situated subwords. Due to their non-contiguous nature, the unsupervised
morpheme extraction technique utilized in MorphMine fails to extract these key morphemes.
To this end, we propose a novel supervised technique for extracting these non-contiguous
subwords. Experiments demonstrate that the proposed extraction framework effectively
decomposes words into ground-truth morphemes. We further measure the quality of the
decomposition by utilizing the extracted morphemes to enrich word embeddings and perform

downstream embedding evaluation tasks.

3.1 INTRODUCTION

The Semitic languages are a language family commonly spoken throughout North Africa,
the Horn of Africa, the Arabian peninsula, and the regions between. With approximately
500 million speakers, the proliferation of large online text collections of such news articles,
social media, digitized literature, and web blogs has created a wealth of data offering chal-
lenges and opportunities for semantic understanding of Semitic texts. In these languages,
a majority of words are derived from a small number of mostly triliteral consonantal roots,
with some quadriliteral roots and a trace number of biliteral and quintliteral roots. It is
estimated that two of the most prominent Semitic languages, Arabic and Hebrew, possess
approximately 10,000 and 3,000 roots, respectively [52] [53]. As such, root identification of a
given Semitic word is often an important task in morphological analysis and the first step to
morphological decomposition. Morphological analysis of Semitic languages poses a unique
challenge to traditional NLP techniques due to the non-contiguous morphology inherent in
these languages. This morphology is best described as the application of a pattern resulting
in the interdigitation of morphemes within a single root to form derivative words [54]. This
fusional morphology allows for many surface form words derived from the same single root,
but with different, yet abstractly-related semantic meanings depending on constituent mor-
phemes. Because many surface words can be formed through this root and pattern word
formation process, and the root’s characters may not necessarily be contiguously situated
within each resultant surface word, morpheme boundaries are often difficult to identify.

Unlike other fusional languages, the Semitic languages are unique in that the word forma-

27



60% -

50% A

40% A

30% A

20% A

Percentage of Words

10% A

0% -

1 2 3 4 >4
Words by Frequency

Figure 3.1: Word distribution in Arabic Wikipedia corpus.

tion process follows a highly-structured process of adding vowels and consonants to roots.
This word formation process consists of a fixed number of slots for different morphemes,
which are fixed in their position and order relative to each other. As such, these languages
contain significant sequential (albeit not necessarily contiguous) substructure. In this work,
we propose to leverage this sequential substructure to improve the root extraction process

and morphological decomposition.

Word Translit. Meaning Pref. Suff. R-1 R-2
oS KTBT  shewrote N/A T N/A N/A

5§  KATB writer N/A N/A A NJ/A

o™ KTAB book N/A N/A N/A A
oLl ALKTAB  the book AL N/A N/A A
K MKTB desk M N/A N/A N/A

s MKTBA library M A N/A N/A

Table 3.1: Common Roots

Morphological analysis is essential in working with Semitic languages as well as other
highly-inflectional languages due to data sparsity. For instance, previous research has shown

that many text corpora demonstrate long-tail distributions in relation to word frequency.
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This long-tail often results in corpora with many infrequent words, with 40% — 60% of
words appearing just once [2]. We can verify this for Arabic in Figure , where, on a
Wikipedia monolingual Arabic corpus (described in Section , approximately 80% of
words occur fewer than five times and 60% occur once. To process such long-tailed corpora,
it is necessary to exploit finer-granularity, highly-shared substructures between words that
can be used to infer semantic meaning. In Table we look at a selection of Arabic words
sharing the common root ~— & &~ (transliteration K-T-B), which means to “write”. These
words are formed by appending different prefixes, suffixes, and other templatic interleavings
of morphemes within the root. Despite the many surface words, the derivations share a
semantic relationship based on the root, as well as other concatenative and interdigitated
templatic morphemes. Additionally, as seen in the example, the root word’s characters are
not necessarily contiguous within the word; this is due to the non-concatenative templatic
process whereby morphemes are inserted between characters of the root as part of the word
formation process. Finally, not all characters in the root are necessarily found in the final
surface-form of the word as some root characters can be dropped. Traditional concatenative
morphological analyzers struggle to identify and extract roots precisely because root word
characters are not necessarily contiguous or even present in the surface word.

To address these challenges, we present a supervised root extraction algorithm that, given
a word, directly extracts the root with high accuracy. Given this root and the original word,
we demonstrate how the templatic pattern-based word formation process that transforms
the root to the original word can be used for further morphological decomposition. Our
root extraction method differentiates itself from other methods in three ways: (1) It is
fully data-driven, without any reliance on human-curated patterns; (2) it directly extracts
word roots without stripping dictionary affixes, which can lead to incorrect roots when false
affixes are stripped; and (3) by applying a novel sequence-to-sequence (seq2seq) model with
a constrained decoding mechanism that leverages shared sequential semantics in the label
(root) and input (word) space, it outperforms standard multiclass classification algorithms
and achieves better generalization performance.

We demonstrate that our method outperforms unsupervised rule-based root extraction
methods [55, 56, [57] and our seq2seq classifier outperforms general multiclass classifiers [58]
59]. As a testament to the utility of root extraction, we demonstrate how one can leverage
the root information alongside a simple slot-based morphological decomposition to improve
upon word embedding representations as evaluated through word similarity, word analogy,

and language modeling tasks.
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3.2 RELATED WORK

With the growth of the internet and the digitization of Arabic and other Semitic corpora,
prior work has extensively studied root extractors with the goal of improving document
retrieval [60) 61].

Early approaches to the problem of Arabic root extraction were predominantly unsuper-
vised methods. Some researchers developed stemmers that remove some prefixes and suffixes
while ignoring the templatic, interleaved morphemes within stems. A few of these methods
relied on pattern matching and prefix/suffix pruning in order to extract roots [55], [56]. These
methods may fail to identify the roots in many nouns and, like all prefix and suffix stripping
algorithms, fail to correctly extract non-contiguous roots. Similar methods operate by re-
moving not only prefixes and suffixes, but also “extra letters” until the triconsonantal roots
remain [62]. This method, however, may incorrectly remove many letters that are part of
the root. Another of these models achieves high accuracy by incorporating sentence-level
context and inferred syntactic categories into a parametric Bayesian model [63]. Our model
forgoes these context features as it attempts to identify the root solely on the word itself.
Additionally, this method cannot model non-contiguous roots, of which Semitic languages
have many. Other unsupervised methods utilize dictionaries to select the characters from
within words [52, 64], [65]. Another line of research leverages the templatic nature for human-
constructed rule-based constraints [66], 67, 68]. Finally, methods have been proposed that
utilize both a root dictionary and rule-based templatic constraints [69].

Supervised methods have been developed for identifying Hebrew roots by combining var-
ious multiclass classification models with Hebrew-specific linguistic constraints [70]. This
same technique was extended to extract both Arabic and Hebrew roots [53]. While these
supervised methods effectively address the non-contiguous nature of Semitic roots, they fail
to leverage the sequential structure of the root label space. We show that such methods that
forgo the sequential structure in the label space underperform on words with rare roots. Ad-
ditionally, these methods are only applied to triconsonantal leaving out many biconsonantal
and quadriliteral roots.

Sequence-to-sequence models have been utilized for learning to map sequences to other
sequences and predominantly applied to machine translation [71], with later variations of
these models enhanced with attention mechanisms [72]. While LSTM variants have been
dominant, previous work has shown that GRU-based models perform comparably to LSTM-
based models with superior train time [59]. More recent work has investigated character-level
language models in order to handle the many out-of-vocabulary (OOV) words in morpho-

logically rich languages [73]. Such methods have shown large improvements in language
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modeling across many morphologically rich languages. While such methods share the same
character-level input space as does our own method, they ignore the sequential nature in the
target class. Closely related to our model, constrained sequence-to-sequence models have
been used for sentence simplification forcing the model to select simple words [74]. Similar
approaches have been used for constrained image captioning [75]. Our model differs in that

it constrains not only on specific vocabulary, but on specific sequences.

3.3 ROOT EXTRACTION FRAMEWORK

We introduce a framework for extracting the root from templatic words within the Semitic
family. The proposed framework leverages the shared sequential semantics in both the word

and root space to more accurately extract root morphemes.

3.3.1 Preliminaries

The input is a set of word-root pairs W, R, consisting of |W| words and |R| roots where
W| = |R| and W = wy,...,ww and R = ry,...,r. In addition, the j* word w;
is a sequence of |w;| characters: cy,;,7 = 1,...,|w;|. For convenience we index all the
unique characters that compose the input vocabulary with C' characters and ¢,,; = x, where
r € {1,...,C} means that the 7' character in w' word is the z'* character in the character
vocabulary. Similarly the k' root, rj corresponding to the j word w; is a sequence of |ry]|
characters: ¢, ;,i =1,...,|rg|. Given the input, the goal is to learn a function, 7 : W — R

that maps an input word onto its correct Semitic root.

3.3.2 Constrained Seq2Seq Root Extraction

Our main innovation and contribution is a unique way of extracting roots by utilizing
seq2seq models for multiclass classification. While many methods traditionally approach root
extraction through unsupervised application of templates or traditional supervised multiclass
classification algorithms, we posit that the shared semantics between words and roots merits
a different approach. As such, we apply a hybrid approach between multiclass classification
and seq2seq models for root extraction. By constraining the outputs of the seq2seq models
to the dictionary table of roots, the algorithm becomes a sequential multiclass classification
model that implicitly leverages shared sequential substructure in both the input space and

in the label space.
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Figure 3.4: Sequence-to-sequence root extraction.

Encoder Network

As seen in Figure|3.2] we begin with an encoder network that takes a word as input. Each of
the input word’s characters (from a total of C' possible characters) is associated with a vector
c € R%. Using word, KTAB from Table the input becomes vector [cg, ¢y, ¢z, c3] € R4,
We then run this sequence of embedding vectors through both directions of a bi-directional
GRU (BiGRU) and concatenate the resulting hidden vectors from each pass. Finally, we
average the concatenated hidden vectors of the BiGRU across all time-steps. This serves as
the encoder representation of the input word, which we denote as e. The encoding is then

fed into a decoder network that attempts to generate the most likely root for the word.

Decoder Network

In Figure the decoder takes the encoder representation e that captures the input word
and predicts a root word. This is done by feeding e and a special “start-of-word” character
(sow) as the input. A GRU computes the next hidden state hy € R". A scoring function is
then applied, resulting in an output the size of the character vocabulary, C'. This function:
g : R" = RY is then softmaxed to obtain a valid probability distribution over characters for
each hidden state. The decoding stops when the predicted root is terminated with a special

“end-of-root” token (eor).
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Counstrained Beam Search

Traditional decoders select the best character at each step to feed into the next time
step of the RNN. However, this decoding maps the input sequence into an infinite space of
possible output sequences and, as such, may result in an invalid root that is not part of the
dictionary set of roots. As such, we propose an alternative output that restricts the decoder,
forcing the decoded sequence to map onto a root within the valid roots set.

We realize this constraint by modifying the decoding scheme itself. During decoding,
a greedy approach is often used where the single best character output is selected and
propagated to later time steps. This greedy approach may not only lead to suboptimal
output sequences, but also result in invalid sequences (not corresponding to any class). This
can be circumvented using a beam search decoding scheme. When decoding to obtain the
predicted roots, instead of utilizing the character with the highest probability at each step,
the top k characters are considered at each step. As such, at each new time-step, for each of
the k£ hypotheses, there are C' possible choices. The top k are then once again selected and
this process is applied to each time step. Once all candidate roots reach their special (eor)

token, the most probable root is selected. To tailor beam search to root extraction from

G Candidate Roots
K-T-A
T ® T8
Kk—F-A-B
®®R ® ® & e
K—1-B-B
Figure 3.5: Constraint Trie Figure 3.6: Candidate root pool.

a dictionary of roots, we seek to modify beam search by enforcing the linguistic sequential
constraints present in the label root set. This leverages our classification tasks’s relatively
small and enumerable root label set, contrasted with an unbounded sequence as found in
machine translation models. Simultaneously, by using a decoder, the model exploits the
task’s sequential structure by generating the target label character-by-character. We utilize
the target roots as guidance for the decoding process in order to implement this sequential
prediction. We demonstrate on a toy example in Figure|3.5, where by storing all the possible
target roots in a trie data structure (a.k.a a prefix tree), invalid roots can be pruned during

the decoding process. For example, as seen in Figure during a typical beam-search
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process, the top k candidate characters are selected. By cross-referencing the current prefix
of the root with the trie storing all valid roots, many invalid roots can be pruned. As such,
we can enforce that the top-k selections all correspond to valid prefixes present in the target

roots. This strictly improves overall extraction accuracy over traditional beam search.

3.4 TEMPLATIC WORD EMBEDDINGS

As the Semitic languages are templatic, there exist fixed slots that can contain morphemes.
Given the correct root for a word identified as described in Section [3.3] we introduce a simple
slot-based template. We indicate how to identify these slots within a word utilizing the
Semitic root. Finally, we demonstrate how the morphemes within these slots, along with

the root, can be utilized to enrich distributed word representations.

3.4.1 Morphological Decomposition

We posit that each word possesses a fixed number of slots allocated to certain morphemes,
whereby the slots are fixed in their position and order relative to each other. As demonstrated
in Table [3.1], in addition to the root word, we propose a simplified template that consists of
four slots — two concatenative (prefixes and suffixes) and two non-concatenative (morphemes
interdigitated within the stem). While we demonstrate the simplicity of identifying these
within Arabic, this same template-based structure can, without loss of generality, be trivially

created for other members of the Semitic family.

Example 3.1 (Stem, Prefix, and Suffix Identification) For the root K-T-B, we can

identify the consecutive characters that encompass the full root.

AL + [KTAB] + EEN (3.1)

o+ ST + (3.2)

The characters grouped together by [] form the stem, the smallest consecutive set of characters
containing the full root. Any characters not falling within the stem are, respectively, the

prefizes and suffixes.

As seen in Example [3.1] given the root, the stem can be identified as the shortest con-

tiguous substring containing the root in correct order. Once the stem is identified, the
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two concatenative slots containing prefix and suffix are trivially identified by selecting the
remaining affixes after removing the stem. The non-concatenative slots can be found inter-
digitated within the word stem whose boundary is demarcated by the root. Given the stem
(as shown in square brackets in Example and the root, these interdigitated slots can be

identified as follows:

Example 3.2 (Interdigitated Slots) Given a stem containing the core root K-T-B, the

candidate slots are as follows.

In stem, KATB, A occurs in the first slot.
In stem, KTAB, A occurs in the second slot.

If a contiguous morpheme occurs after the first character in the root by before middle
characters, it is a slot-1 addition. If after the middle character(s) of the root, it is slot-2.

Example [3.2] shows the identification of interdigitated slots within the stem. Once again,
it is evident that correct extraction of the root is essential to correct identification of the
slot positions within the word. In the next subsection we demonstrate how these extractions
can be systematically leveraged to enrich distributed word representations in these templatic

languages.

3.4.2 Morpheme-Enriched Embeddings

To demonstrate the utility of templatic subword extractions, we demonstrate how enrich-
ing word embeddings with these morphemes can improve word representations by providing
parameter-sharing between words sharing common substructure. With this motivation, we
propose TemplaticVec, an intuitive extension to FastText [36], that utilizes the templatic
decomposition of semantically-meaningful roots, affixes, and interdigitated morphemes for
representation enrichment. By using these structures as embedding base units by and com-
bining them to construct a word’s distributed vector representation, the resultant word
embeddings are robust to infrequent word-induced data-sparsity and can be constructed
on many out-of-vocabulary (OOV) words. We begin with a brief review of FastText, and
then demonstrate how one can naturally integrate roots as well as concatenative and tem-
platic morphemes in place of FastText’s standard naive subwords. FastText utilizes the

skip-gram objective with negative sampling yielding the following objective (for simplicity,
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() = log(1 + exp(—1))):

W]
ST sty + 3 t-s(u,1) (3.3)
=1 c€Cqy tENg,c

In the above equation, w, is the " word in the corpus, C, denotes the set of context
words within a predefined window of word w,, and N, . denotes the set of negative examples
sampled from outside the context window.

The scoring function is then adapted to incorporate subword information as follows:

S(Wy, we) = Z AR (3.4)

meEwg

In the above equation, each z,, denotes a subword embedding vector, so that the scoring
function equates to the inner product of the summation each over subword embedding vector
with the context word vector. While FastText incorporates all contiguous substrings of
lengths three to seven as morphemes in the scoring function, because Semitic roots are not
necessarily contiguous, two words sharing the same root may not share the same subwords
using FastText. Because this important semantic morpheme is not shared among words, we
posit that FastText’s indiscriminate enumeration of contiguous subwords does not capture
the essential semantic substructure. We claim that directly incorporating the root embedding
and each slot’s morpheme embeddings that have been extracted for each word and summing
over these embeddings results in higher quality distributed representations. As such, similar
to the approach in [22], we modify the scoring function to incorporate the extracted root

and slot-based templatic information:
s(wy,we) = (2, + 2p + 25 + 21 + Z12) Ve (3.5)

This modification yields a scoring function that is the inner product of the summation over
the root word embedding (z,), prefix embedding (z,), suffix embedding (z;), as well as the

two possible in-root interdigitated morphemes (z,; and z,s).
3.5 EXPERIMENTS

We introduce the datasets and methods for comparison used. We then describe evaluations

for root extraction and embedding quality.
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3.5.1 Datasets and comparison methods

We use the following datasets and ground-truth labels for evaluation purposes:

e Arabic Word & Root Pairs: 140K words along associated with 11K roots from
dictionary [76].

e Hebrew Word & Root Pairs. 11.5K words associated with approximately 500 roots

from Wiktionaryﬂ and human curation.

e Arabic Wikipedia Corpora. Wikipedia corpus with 274K articles and 62.5M tokens
and 1.26M unique words.

For baseline methods to compare against our proposed constrained seq2seq (Constrain-
S2S), we evaluate against three standard multiclass classification models: (1) a standard con-
volutional neural network, CNN-Class, [58], a GRU model, GRU-Class, and a bi-directional
GRU model, BiGRU-Class. In addition, we compare against two unconstrained seq2seq
models, encoder-decoder models using GRUs, GRU-S2S and bi-directional GRUs, BiGRU-
S2S. Finally, for Arabic, we evaluate against three unsupervised Arabic root-extraction algo-
rithms from the literature: Tashaphyne, ISRI, and Khoja. To evaluate on the quality of the
resultant morphological decomposition, we compare against three variants of embeddings:
(1) SkipGram (2) FastText (3) RootVec (Embedding enriched with solely the root) .

3.5.2 Root Extraction Accuracy

To evaluate the effectiveness of our proposed seq2seq extraction of roots, we perform
five-fold cross-validation evaluation of our method compared to a variety of supervised and
rule-based root-extraction methods. During each cross-validation, each supervised method
is trained on four-fifth of the dictionary mappings of word to root pairs, and evaluated on a
held-out 20%.

General Root Extraction

We first compare the performance of each supervised extraction method on extracting
roots irrespective of root frequency. In Table 3.2 we report the performance of each ex-
tractor at successfully identifying the ground-truth root in each held-out word in a five-fold
cross-validation evaluation. It is apparent that the unsupervised methods under-perform

at extracting the ground-truth root as compared to the supervised methods. This is likely

lwiktionary.org
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Method Arabic Hebrew
Accuracy Std. Error | Accuracy Std. Error

CNN-Classification 6753 +.0009 9622 +.0019
GRU-Classification 7539 +.0023 9591 +.0033
BiGRU-Classification 7548 +.0015 9629 +.0009
GRU-Seq2Seq .7596 +.0017 9692 +.0013
BiGRU-Seq2Seq 7854 +.0010 9788 +.0016
Constrained-Seq2Seq .8324 +.0011 L9879 +.0008

Tashaphyne 2778 0 - -

ISRI 4508 0 - -

Khoja 4434 0 - -

Table 3.2: Root Extraction Accuracy.

due to errors from human-curated patterns which possess many exceptions as well as many
Semitic roots being non-contiguously situated with the word due to interdigitated mor-
phemes. Additionally, both the CNN-based and four RNN-based multiclass classification
methods severely under-perform compared to our proposed constrained seq2seq model. This
verifies our intuition that leveraging the shared semantic space between the words and the

target roots is essential in extraction.

Rare Root Extraction

We claimed earlier that by decomposing root classification into seq2seq classification,
sequential patterns within the roots can be leveraged for root extraction. This can be useful
for identifying the correct root, even when the root is infrequent or even absent from the
training data. To support this claim, we report the performance of each supervised extractor
at successfully identifying the ground-truth of infrequent roots (appear three or fewer times
in training) and a zero-shot case where the root is not present in the training data. As our
Hebrew dataset consists of frequent roots, and performance is near perfect, we report results
for the Arabic dataset.

As seen in Table the seq2seq methods greatly outperform all multiclass methods with
Constrain-S2S outperforming all methods on the infrequent roots. This effect is amplified in
the zero-shot case, with only the seq2seq models handling unseen roots. This demonstrates
the utility in jointly learning the sequential structure in semantically-shared label (root) and

word space.
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Infreq. Zero-Shot
Method Accuracy. Std. Error | Accuracy Std. Error
CNN-Classification 4823 +.0096 - -
GRU-Classification .5697 4.0103 - -
BiGRU-Classification 5706 4.0091 - -
GRU-Seq2Seq .6074 +.0166 .5389 +.0188
BiGRU-Seq2Seq 6231 +.0191 5532 +.0141
Constrain-Seq2Seq .6929 +.0164 .6292 +.0160

Table 3.3: Arabic Rare Root Extraction Accuracy

3.5.3 Word Analogy Evaluation

Given our comprehensive dataset of Arabic roots and human-curated evaluation set of
Arabic word embeddings, we show the effectiveness of enriching Arabic word embeddings
with their morphological decompositions via a word analogy task. The goal of said task
is to identify the best value for D in analogies of the form “A is to B as C is to D”.
After training each embedding model on the Arabic Wikipedia dataset, we use an analogy
dataset [77] curated for methodological evaluation of Arabic word embeddings. We further
differentiate the analogies into two categories: (1) morphemic analogies (e.g. plurals, tense
or gender) where a derivational or inflectional morpheme is inserted, removed, or replaced
while the root remains unchanged, and (2) semantic analogies where the root itself changes

between the analogous pairs (e.g. bird is to fly as fish is to swim).

Embedding Model Semantic | Morphemic
SkipGram 19.1 11.4
FastText 13.8 16.8
ISRI-RootVec 15.4 11.2
BiGRU-Classification-Root Vec 14.2 11.9
Seq2Seq-RootVec 18.0 11.9
Constrained-Seq2Seq-RootVec 18.9 12.2
ISRI-TemplaticVec 15.3 14.5
Classification-TemplaticVec 16.3 16.9
Seq2Seq-TemplaticVec 17.6 20.2
Constrained-Seq2Seq-TemplaticVec 18.8 22.9

Table 3.4: Word Analogies

As seen in Table [3.4] embeddings that utilize morphemes or subword-level features per-
form significantly better at morphemic analogies than do SkipGram word embeddings. This

does not extend to semantic analogies where all methods appear to degrade with the use of
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morpheme and subword-level enrichment. This is not surprising since, under the vector al-
gebra that is used to compute the word analogies, the summation of the morphemes used to
enrich the embeddings captures morphemic relationships but not necessarily semantic ones.
This can be seen in the performance gap between the morpheme-enriched embeddings and
SkipGram. Unlike the other methods, Templatic embeddings based on constrained roots
maintains comparable performance to SkipGram on the semantic analogies while demon-

strating superior performance on the morphemic analogies.

3.5.4 Word Similarity

The next embedding evaluation we consider is a word similarity task. The ground truth
data consists of pairs of words and a human-annotated similarity score averaged across all
human evaluations from a translation of the WS-353 dataset [78]. The scores are computed
via the cosine similarity between the vector representation of each word in a pair. Their

results are quantified through Spearman and Pearson rank correlation coefficients.

Embedding Model Pearson | Spearman
SkipGram 0.496 0.520
FastText 0.459 0.468
ISRI-RootVec 0.491 0.518
BiGRU-Classification-Root Vec 0.492 0.510
Seq2Seq-RootVec 0.508 0.516
Constrained-Seq2Seq-Root Vec 0.507 0.514
ISRI-TemplaticVec 0.482 0.501
Classification-TemplaticVec 0.474 0.491
Seq2Seq-TemplaticVec 0.514 0.529
Constrained-Seq2Seq-TemplaticVec 0.512 0.533

Table 3.5: Word Similarity

As seen in Table [3.5] enriching the embedding vectors with the template-based extracted
morphemes substantially improves embeddings in capturing word similarity. This is in con-
trast with lower correlation coefficients from FastText embedding vectors, likely due to the
indiscriminate generation of subwords that may degrade the overall embedding. On this
task, template-based decomposition using unconstrained and constrained root extraction

appears to perform similarly, yet both greatly outperform the other baselines.
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3.5.5 Language Modeling Perplexity

Finally, we evaluate the effect of utilizing the extracted root and templatic decomposition
on a downstream language modeling task. On each language model, the model quality is
evaluated by computing the perplexity on a held-out portion of the corpus. The model
used for language modeling is an LSTM with three hidden layers, 600 hidden units per
layer, regularized with 0.2 probability drop-out, unrolled for 35 steps with a batch of 20.
Parameters are learned using Adagrad with a gradient clipping of 1. We evaluate on two
subsets of the Wikipedia dataset: (1) LM-1, a small subset (2) LM-2, a larger subset. LM-1
consists of 3.3M tokens and a vocabulary of 260K words while LM-2 consists of 7.6M tokens
and a vocabulary of 400K unique words. Each language model instance is trained for 5
epochs on the training data. Evaluation of perplexity was computed for each model on the
independent test set consisting of 900K tokens where 62K tokens were OOV in LM-1 and
27K in LM-2. Evaluation is performed after selecting the best performing iteration of the
model on a validation set. While the morpheme-enriched method can generate embedding
vectors for many OOV tokens, for SkipGram and instances when they cannot, an unknown

token with fixed embedding is used.

. Perplexity

Embedding Model TMOne T Two
SkipGram 1757 1075
FastText 1720 1069
ISRI-RootVec 1729 1072
BiGRU-Classification-RootVec 1731 1071
Seq2Seq-RootVec 1728 1071
Constrained-Seq2Seq-Root Vec 1726 1071
[SRI-TemplaticVec 1728 1071
Classification-TemplaticVec 1724 1070
Seq2Seq-TemplaticVec 1718 1065
Constrained-Seq2Seq-TemplaticVec 1716 1065

Table 3.6: Language Modeling

The results are summarized in Table 3.6l Although perplexity is high, this is common for
morphologically-rich languages such as Arabic as shown in [73]. It appears our constrained
model’s extracted roots yield a benefit over other baseline roots, yet utilizing the full de-
composition outperforms all other methods, yielding lower held-out perplexity. The results
also verify the intuition that morphemic decomposition is necessary to handle data-sparsity
and OOV words when little training data is present, whereby perplexity is greatly reduced
through the use of morpheme-based embeddings.
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3.6 DISCUSSION

In this chapter we investigated methods for extracting Semitic roots with supervision.
We demonstrate that an novel classification method that utilizes a constrained sequence-
to-sequence model to directly generate the root morpheme greatly outperforms competing
baselines. We further demonstrate that utilizing these decomposed morphemes in conjunc-
tion with the original word, better enriches word embeddings in downstream tasks such as
analogies, word similarity, and language modeling. This once again confirms that utilizing

multiple semantic granularity benefit downstream text mining tasks.
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CHAPTER 4: PHRASE MINING AND PHRASE-BASED TOPIC
MODELING

In this chapter, we investigate the benefits of utilizing unigrams and n-grams over solely
unigrams in the statistical modeling and visualization of large text corpora. More specifically,
we introduce a novel unsupervised phrasal segmentation algorithm that utilizes frequent
contiguous pattern mining and statistical significance tests to scalably segment large corpora
into single and multi-word phrases. The proposed segmentation algorithm is purely data-
drive and makes no syntactic assumptions. We then investigate integrating the segmented
output from our algorithm to improve a common text-mining task: statistical topic modeling.

To fully leverage our segmented corpus we modify Latent Dirichlet Allocation to in-
corporate single and multi-word phrases. Our proposed phrase-based topic model utilizes
both word-level and phrase level restrictions for better modeling yielding more interpretable

learned topics.

4.1 INTRODUCTION

In recent years, topic modeling has become a popular method for discovering the abstract
‘topics’ that underly a collection of documents. A topic is typically modeled as a multinomial
distribution over terms, and frequent terms related by a common theme are expected to have
a large probability in a topic multinomial. When latent topic multinomials are inferred, it is
of interest to visualize these topics in order to facilitate human interpretation and exploration
of the large amounts of unorganized text often found within text corpora. In addition,
visualization provides a qualitative method of validating the inferred topic model [79]. A list
of most probable unigrams is often used to describe individual topics, yet these unigrams
often provide a hard-to-interpret or ambiguous representation of the topic. Augmenting
unigrams with a list of probable phrases provides a more intuitively understandable and
accurate description of a topic. This can be seen in the term/phrase visualization of an
information retrieval topic in Table [4.1]

While topic models have clear application in facilitating understanding, organization, and
exploration in large text collections such as those found in full-text databases, difficulty
in interpretation and scalability issues have hindered adoption. Several attempts have been
made to address the prevalent deficiency in visualizing topics using unigrams. These methods
generally attempt to infer phrases and topics simultaneously by creating complex generative
mechanism. The resultant models can directly output phrases and their latent topic assign-
ment. Two such methods are Topical N-Gram and PD-LDA [80, 81]. While it is appealing
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Terms Phrases

search information retrieval
web social networks
retrieval web search
information search engine

based support vector machine
model information extraction
document web page

query question answering
text text classification
social collaborative filtering
user topic model

Table 4.1: Visualization of the topic of Information Retrieval, automatically constructed by
ToPMine from titles of computer science papers published in DBLP (20Conf dataset).

to incorporate the phrase-finding element in the topical clustering process, these methods
often suffer from high-complexity, and overall demonstrate poor scalability outside small
datasets.

Some other methods apply a post-processing step to unigram-based topic models [82] [83].
These methods assume that all words in a phrase will be assigned to a common topic, which,
however, is not guaranteed by the topic model.

We propose a new methodology ToPMine that demonstrates both scalability compared to
other topical phrase methods and interpretability. Because language exhibits the principle of
non-compositionality, where a phrase’s meaning is not derivable from its constituent words,
under the ‘bag-of-words’ assumption, phrases are decomposed, and a phrase’s meaning may
be lost [28]. Our insight is that phrases need to be systematically assigned to topics. This
insight motivates our partitioning of a document into phrases, then using these phrases as
constraints to ensure all words are systematically placed in the same topic.

We perform topic modeling on phrases by first mining phrases, segmenting each document
into single and multi-word phrases, and then using the constraints from segmentation in our
topic modeling. First, to address the scalability issue, we develop an efficient phrase mining
technique to extract frequent significant phrases and segment the text simultaneously. It
uses frequent phrase mining and a statistical significance measure to segment the text while
simultaneously filtering out false candidates phrases. Second, to ensure a systematic method
of assigning latent topics to phrases, we propose a simple but effective topic model. By
restricting all constituent terms within a phrase to share the same latent topic, we can

assign a phrase the topic of its constituent words.
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Example 4.1 By frequent phrase mining and context-specific statistical significance ranking,
the following titles can be segmented as follows:

Title 1. [Mining frequent patterns] without candidate generation: a [frequent pattern]
tree approach.

Title 2. [Frequent pattern mining] : current status and future directions.

The tokens grouped together by [] are constrained to share the same topic assignment.

Our TopMine method has the following advantages.

e Our phrase mining algorithm efficiently extracts candidate phrases and the necessary
aggregate statistics needed to prune these candidate phrases. Requiring no domain

knowledge or specific linguistic rulesets, our method is purely data-driven.

e Our method allows for an efficient and accurate filtering of false-candidate phrases.
In title 1 of Example after merging ‘frequent’ and ‘pattern’, we only need to test
whether ‘frequent pattern tree’ is a significant phrase in order to determine whether

to keep ‘frequent pattern’ as a phrase in this title.

e Segmentation induces a ‘bag-of-phrases’ representation for documents. We incorporate
this as a constraint into our topic model eliminating the need for additional latent
variables to find the phrases. The model complexity is reduced and the conformity of

topic assignments within each phrase is maintained.

4.2 RELATED WORK

Recently many attempts have been made to relax the ‘bag-of-words’ assumption of LDA.
These topical phrase extraction techniques fall into two main categories, those that infer
phrases and topics simultaneously by creating complex generative models and those that
apply topical phrase discovery as a post-process to LDA.

Methods have experimented with incorporating a bigram language model into LDA [84].
This method uses a hierarchical dirichlet to share the topic across each word within a bigram.
TNG [80] is a state-of-the-art approach to n-gram topic modeling that uses additional latent
variables and word-specific multinomials to model bi-grams. These bigrams can be combined
to form n-gram phrases. PD-LDA uses a hierarchal Pitman-Yor process to share the same
topic among all words in a given n-gram [81]. Because PD-LDA uses a nonparametric prior
to share a topic across each word in an n-gram, it can be considered a natural generalization
of the LDA bigram language model to n-grams and more appropriate for comparison.

Other methods construct topical phrases as a post-processing step to LDA and other topic

models. KERT constructs topical phrases by performing unconstrained frequent pattern
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mining on each topic within a document then ranking the resultant phrases based on four
heuristic metrics [83]. Turbo Topics uses a back-off n-gram model and permutation tests to
assess the significance of a phrase [82].

Topical key phrase extraction has even been applied to the social networking service
Twitter [85]. Using a Twitter-specific topic model and ranking candidate key phrases with an
extension of topical page-rank on retweet behavior, the method extracts high-quality topical
keywords from twitter. Because this method relies on the network topology of twitter, it
doesn’t extend to other text corpora.

Attempts to directly enrich the text corpora with frequent pattern mining to enhance
for topic modeling have also been investigated [86]. As the objective of this method is to
enrich the overall quality of the topic model and not for the creation of interpretable topical
phrases, their main focus is different from ToPMine.

The concept of placing constraints into LDA has been investigated in several methods.
Hidden Topic Markov Model makes the assumption that all words in a sentence have the
same topic with consecutive sentences sharing the same topic with a high probability [87].
By relaxing the independence assumption on topics, this model displays a drop in perplexity
while retaining computational efficiency. Sentence-LDA, is a generative model with an extra
level generative hierarchy that assigns the same topic to all the words in a single sentence [88].
In both of these models, the final output produced is a general topic model with no intuitive
method of extracting topical phrases.

There is a large literature on unsupervised phrase extraction methods. These approaches
generally fall into one of a few techniques: language modeling, graph-based ranking, and
clustering [89]. Because these methods simply output a ranked list of phrases, they are in-

compatible with our phrase-based topic modeling which operates on partitioned documents.

4.3 PROBLEM DEFINITION

The input is a corpus of D documents, where d-th document is a sequence of Ny tokens:
Wit = 1,... Ny Let N = ZdDzl Ng. For convenience we index all the unique words in
this corpus using a vocabulary of V' words. And wg; = z,x € {1,...,V} means that the
i-th token in d-th document is the x-th word in the vocabulary. Throughout this paper we
use ‘word z’ to refer to the z-th word in the vocabulary.

Given a corpus and a number of topics as a parameter, our goal is to infer the corpus’
underlying topics and visualize these topics in a human-interpretable representation using
topical phrases. Statistically, a topic k is characterized by a probability distribution ¢
over words. ¢, = p(z|k) € [0,1] is the probability of seeing the word z in topic k, and

46



Z;/:l ¢r. = 1. For example, in a topic about the database research area, the probability
of seeing “database”, “system” and “query” is high, and the probability of seeing “speech”,
“handwriting” and “animation” is low. This characterization is advantageous in statistical
modeling of text, but is weak in human interpretability. Unigrams may be ambiguous,
especially across specific topics. For example, the word “model” can mean different things
depending on a topic - a model could be a member of the fashion industry or perhaps be

part of a phrase such as “topic model”. Using of phrases helps avoid this ambiguity.

Definition 4.1 We formally define phrases and other necessary notation and terminology

as follows:

e A phrase is a sequence of contiguous tokens:

P={wg;,.. waisn} n >0

e A partition over d-th document is a sequence of phrases: (Pya,...,Pic,) Ga > 1 s.t. the

concatenation of the phrase instances is the original document.

In Example [4.1] we can see the importance of word proximity in phrase recognition. As
such, we place a contiguity restriction on our phrases.

To illustrate an induced partition upon a text segment, we can note how the concatenation
of all single and multi-word phrases in Title 1 will yield an ordered sequence of tokens

representing the original title.

4.3.1 Desired Properties

We outline the desired properties of a topical phrase mining algorithm as follows:
e The lists of phrases demonstrate a coherent topic.
e The phrases extracted are valid and human-interpretable.
e Each phrase is assigned a topic in a principled manner.
e The overall method is computationally efficient and of comparable complexity to LDA.
e The topic model demonstrates similar perplexity to LDA

In addition to the above requirements for the system as a whole, we specify the require-
ments of a topic-representative phrase. When designing our phrase mining framework, we
ensure that our phrase-mining and phrase-construction algorithms naturally validate candi-

date phrases on three qualities that constitute human-interpretability.
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1. Frequency: The most important quality when judging whether a phrase relays im-
portant information regarding a topic is its frequency of use within the topic. A phrase
that is not frequent within a topic, is likely not important to the topic. This formu-
lation can be interpreted as a generalization of the list of most probable unigrams
visualization used for LDA to a list of the most probable phrases one will encounter

in a given topic.

2. Collocation: In corpus linguistics, a collocation refers to the co-occurence of tokens
in such frequency that is significantly higher than what is expected due to chance.
A commonly-used example of a phraseological-collocation is the example of the two
candidate collocations “strong tea” and “powerful tea”[90]. One would assume that
the two phrases appear in similar frequency, yet in the English language, the phrase
“strong tea” is considered more correct and appears in much higher frequency. Because
a collocation’s frequency deviates from what is expected, we consider them ‘interest-
ing’ and informative. This insight motivates the necessity of analyzing our phrases

probabilistically to ensure they are collocations.

3. Completeness: If long frequent phrases satisfy the above criteria, then their subsets
also satisfy these criteria. For example in the case of “mining frequent patterns”,
“mining frequent” will satisfy the frequency and collocation restriction, yet is clearly a
subset of a larger and more intuitive phrase. Our phrase-construction algorithm should
be able to automatically determine the most appropriate size for a human-interpretable

phrase.

We will introduce a framework that naturally embeds these phrase requirements.

4.4 TOPMINE FRAMEWORK

To extract topical phrases that satisfy our desired requirements, we propose a framework
that can be divided into two main parts: phrase-mining with text segmentation and phrase-
constrained topic modeling. Our process for transforming a ‘bag-of-words’ document to a
high-quality ‘bag-of-phrases’ involves first mining frequent phrases, and then using these
phrases to segment each document through an agglomerative phrase construction algorithm.
After inducing a partition on each document, we perform topic modeling to associate the
same topic to each word in a phrase and thus naturally to the phrase as a whole.

The goal of our phrase mining is to collect aggregate statistics for our phrase-construction.

The statistical significance measure uses these aggregates to guide segmentation of each
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document into phrases. This methodology leverages phrase context and phrase significance
in the construction process ensuring all phrases are of high-quality. The resultant partition
is the input for our phrase-constrained topic model.

We choose the ‘bag-of-phrases’ input over the traditional ‘bag-of-words’ because under the
latter assumption, tokens in the same phrase can be assigned to different latent topics. We
address this by proposing a topic model PhraseLDA, which incorporates the ‘bag-of-phrases’
partition from our phrase mining algorithm as constraints in the topical inference process.
We have derived a collapsed Gibb’s sampling method that when performing inference, en-

sures that tokens in the same phrase are assigned to the same topic.

4.5 PHRASE MINING

We present a phrase-mining algorithm that given a corpus of documents, merges the tokens
within the document into human-interpretable phrases. Our method is purely data-driven
allowing for great cross-domain performance and can operate on a variety of datasets. We
extract high-quality phrases by obtaining counts of frequent contiguous patterns, then prob-
abilistically reasoning about these patterns while applying context constraints to discover
meaningful phrases.

The phrase mining algorithm can be broken down into two major steps. First, we mine
the corpus for frequent candidate phrases and their aggregate counts. We have developed
a technique that can quickly collect this information without traversing the prohibitively
large search space. Second, we agglomeratively merge words in each document into quality
phrases as guided by our significance measure. We will discuss these steps in greater detail

in the next two subsections.

4.5.1 Frequent Phrase Mining

In Algorithm we present our frequent phrase mining algorithm. The task of frequent
phrase mining can be defined as collecting aggregate counts for all contiguous words in a
corpus that satisfy a certain minimum support threshold. We draw upon two properties for

efficiently mining these frequent phrases.

1. Downward closure lemma: If phrase P is not frequent, then any super-phrase of P is

guaranteed to be not frequent.

2. Data-antimonotonicity: If a document contains no frequent phrases of length n, the

document does not contain frequent phrases of length > n.
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The downward closure lemma was first introduced for mining general frequent patterns
using the Apriori algorithm [91]. We can exploit this property for our case of phrases by
maintaining a set of active indices. These active indices are a list of positions in a document
at which a contiguous pattern of length n is frequent. In line 1 of Algorithm [4.1] we see the
list of active indices.

In addition, we use the data-antimonotonicity property to assess if a document should be
considered for further mining [92]. If the document we are considering has been deemed to
contain no more phrases of a certain length, then the document is guaranteed to contain no
phrases of a longer length. We can safely remove it from any further consideration. These
two pruning techniques work well with the natural sparsity of phrases and provide early
termination of our algorithm without searching through the prohibitively large candidate

phrase space.

Algorithm 4.1: Frequent Phrase Mining
Input: Corpus with D documents, min support
Output: Frequent phrase and their frequency: {(P,C(P))}
1 D+ [D]
2 Ag1 < {indices of all length-1 phrases € d} Vd € D
3 C < HashCounter(counts of frequent length-1 phrases)

4 n<+2
5 while D # () do

6 for d € D do
7 Agn {1 € Agpn_1|Cl{wg,i--wqitn—2}] > €}
8 Ad,n — Ad,n \ {max(Ad’n)}
9 if Az, =0 then
10 ‘ D« D\ {d}
11 else
12 for i € Ay, do
13 if i+1¢€ Ay, then
14 P+ {wd7i..wd7i+n,1}
15 C|P]+ C[P]+1
16 end
17 end
18 end
19 end
20 n<—n+1
21 end

22 return {(P,C[P]): s.t > C[P] > ¢}
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We take an increasing-size sliding window over the corpus to generate candidate phrases
and obtain aggregate counts. At iteration k, for each document still in consideration, fixed-
length candidate phrases beginning at each active index are counted using an appropriate
hash-based counter. As seen in Algorithm line 7, candidate phrases of length k£ — 1 are
pruned if they do not satisfy the minimum support threshold and their starting position is
removed from the active indices. We refer to this implementation of the downward closure
lemma as position-based Apriori pruning. As seen in Algorithm lines 9 - 11, when a
document contains no more active indices, it is removed from any further consideration.
This second condition in addition to pruning the search for frequent phrases provides a
natural termination criterion for our algorithm.

The frequency criterion requires phrases to have sufficient occurrences. In general, we can
set a minimum support that grows linearly with corpus size. The larger minimum support
is, the more precision and the less recall is expected.

General frequent transaction pattern mining searches an exponential number of candidate
patterns [91, ©3]. When mining phrases, our contiguity requirement significantly reduces
the number of candidate phrases generated. Worst case time-complexity occurs when the
entire document under consideration meets the minimum support threshold. In this scenario,
for a document d we generate O(N3) (a quadratic number) candidate phrases. Although
this quadratic time and space complexity seems prohibitive, several properties can be used
to ensure better performance. First, separating each document into smaller segments by
splitting on phrase-invariant punctuation (commas, periods, semi-colons, etc) allows us to
consider constant-size chunks of text at a time. This effectively makes the overall complexity
of our phrase mining algorithm linear, O(N), in relation to corpus size. The downward

closure and data antimonotonicity pruning mechanisms serve to further reduce runtime.

4.5.2 Segmentation and Phrase Filtering

Traditional phrase extraction methods filter low quality phrases by applying a heuristic
“importance” ranking that reflect confidence in candidate key phrases, then only keeping the
top-ranked phrases [94]. Some methods employ external knowledge bases or NLP constraints
to filter out phrases [95] [94].

Our candidate phrase filtering step differentiates itself from traditional phrase extraction
methods by implicitly filtering phrases in our document segmentation step. By returning to
the context and constructing our phrases from the bottom-up, we can use phrase-context
and the partition constraints to determine which phrase-instance was most likely intended.

Because a document can contain at most a linear number of phrases (the number of terms
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in the document) and our frequent phrase mining algorithm may generate up to a quadratic
number of candidate phrases, a quadratic number of bad candidate phrases can be eliminated
by enforcing the partition constraint.

The key element of this step is our bottom-up merging process. At each iteration, our
algorithm makes locally optimal decisions in merging single and multi-word phrases as guided
by a statistical significance score. In the next subsection, we present an agglomerative phrase-
construction algorithm then explain how the significance of a potential merging is evaluated

and how this significance guides our agglomerative merging algorithm.

Phrase Construction Algorithm

The main novelty in our phrase mining algorithm is the way we construct our high-quality
phrases by inducing a partition upon each document. We employ a bottom-up agglomerative
merging that greedily merges the best possible pair of candidate phrases at each iteration.
This merging constructs phrases from single and multi-word phrases while maintaining the
partition requirement. Because only phrases induced by the partition are valid phrases, we
have implicitly filtered out phrases that may have passed the minimum support criterion by

random chance.

Algorithm 4.2: Bottom-up Construction of Phrases from Ordered Tokens
Input: Counter C, thresh a
Output: Partition

H + MaxHeap()
Place all contiguous token pairs into H with their significance score key.
while H.size() > 1 do
Best < H.getMazx()
if Best.Sig > « then
New < Merge(Best)
Remove Best from H
Update significance for New with its left phrase instance and right phrase instance
else
break
end
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In Algorithm[4.2] we present the phrase construction algorithm. The algorithm takes as input

a document and the aggregate counts obtained from the frequent phrase mining algorithm.
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It then iteratively merges phrase instances with the strongest association as guided by a
potential merging’s significance measure. The process is a bottom-up approach that upon

termination induces a partition upon the original document creating a ‘bag-of-phrases’.
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Figure 4.1: Bottom-up construction of a ‘bag-of-phrases’ on computer science title taken from
DBLP.

Figure [4.1]tracks the phrase construction algorithm by visualizing the agglomerative merging
of phrases at each iteration with a dendogram. Operating on a paper title obtained from
our dblp titles dataset, each level of the dendogram represents a single merging. At each
iteration, our algorithm selects two contiguous phrases such that their merging is of highest
significance (Algorithm[4.2]line 4) and merges them (Algorithm [4.2)lines 6 - 9) . The following
iteration then considers the newly merged phrase as a single unit. By considering each newly
merged phrase as a single unit and assessing the significance of merging two phrases at each
iteration, we successfully address the “free-rider” problem where long, unintelligible, phrases
are evaluated as significant when comparing the occurrence of a phrase to the occurrence of
each constituent term independently.

As all merged phrases are frequent phrases, we have fast access to the aggregate counts
necessary to calculate the significance values for each potential merging. By using proper
data structures, the contiguous pair with the highest significance can be selected and merged
in logarithmic time, O(log(Ny)) for each document. This complexity can once again be
reduced by segmenting each document into smaller chunk by splitting on phrase-invariant
punctuation. Our algorithm terminates when the next merging with the highest significance

does not meet a predetermined significance threshold a or when all the terms have been

53



merged into a single phrase. This is represented by the dashed line in Figure where there
are no more candidate phrases that meet the significance threshold. Upon termination,
a natural “bag-of-phrases” partition remains. While the frequent phrase mining algorithm
satisfies the frequency requirement, the phrase construction algorithm satisfies the collocation
and completeness criterion.

To statistically reason about the occurrence of phrases, we consider a null hypothesis, that
the corpus is generated from a series of independent Bernoulli trials. Under this hypothesis,
the presence or absence of a phrase at a specific position in the corpus is a product of
a Bernoulli random variable, and the expected number of occurrences of a phrase can be
interpreted as a binomial random variable. Because the number of tokens L in the corpus
can be assumed to be fairly large, this binomial can be reasonably approximated by a normal
distribution. As such, the null hypothesis distribution, hg, for the random variable f(P),

the count of a phrase P within the corpus is:

ho(f(P)) = N(Lp(P), Lp(P)(1 — p(P))) (4.1)
~ N(Lp(P), Lp(P)) (4.2)

where p(P) is the Bernoulli trial success probability for phrase P. The empirical probabil-

ity of a phrase in the corpus can be estimated as p(P) = @. Consider a longer phrase that
composed of two phrases P, and P,. The mean of its frequency under our null hypothesis

of independence of the two phrases is:

po(f(Pr& Py)) = Lp(P1)p(FP2) (4.3)

This expectation follows from treating each phrase as a constituent, functioning as a single
unit in the syntax. Due to the unknown population variance and sample-size guarantees
from the minimum support, we can estimate the variance of the population using sample
variance: 03 op, & f(P1 @ P,), the sample phrase occurrence count. We use a significance
score to provide a quantitative measure of which two consecutive phrases form the best
collocation at each merging iteration. This is measured by comparing the actual frequency

with the expected occurrence under hy.

f(PL® Py) — puo(Py, Po)
[(PL®P,)

sig(Py, Py) =~ (4.4)
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Equation [4.4] computes the number of standard deviations away from the expected number
of occurrences under the null model. This significance score can be calculated using the
aggregate counts of the candidate phrases, which can be efficiently obtained from the frequent
phrase-mining algorithm. This significance score can be considered a generalization of the
t-statistic which has been used to identify dependent bigrams [96, 07]. By checking the
ho of merging two contiguous sub-phrases as opposed to merging each individual term in
the phrase, we effectively address the ‘free-rider’ problem where excessively long phrases
appear significant. To address the concern that the significance score relies on the naive
independence assumption, we do not perform hypothesis testing to accept or reject hyg.
Instead we use the score as a robust collocation measure by which to guide our algorithm in
selecting phrases to merge. A high significance indicates a high-belief that two phrases are

highly associated and should be merged.

4.6 TOPIC MODELING

In the previous section, we segment a document into a collection of phrases, which provides
a new representation for documents, i.e. ‘bag-of-phrases’. These phrases are a group of words
that appear frequently, contiguously, and occur more often than due to chance. Our insight
is that with high probability, tokens in the same phrase should share the same latent topic.

In this section, we start with a brief review of Latent Dirichlet Allocation [98], and then
propose a novel probabilistic model, PhraseLDA, which incorporates the ‘constraint’ idea
into LDA. A collapsed Gibbs sampling algorithm is developed for PhraseLDA, and opti-
mization of hyper-parameters is discussed. Finally, we define topical frequency for phrases,
which serves as a ranking measure for our topic visualization. We list the notations used
in Table 1.2 where Z(statement) = 1 if statement is true; otherwise 0. We denote Z the
collection of all latent variables {z4,,}, and W, ©, ® the collection of their corresponding
random variables {wa,;}, {04}, {or}-

4.6.1 Brief review of LDA

LDA assumes that a document is a mixture of topics, where a topic is defined to be a

multinomial distribution over words in the vocabulary. The generative process is as follows:
1. Draw ¢y ~ Dir(B), for k=1,2,..., K

2. For dth document, where d = 1,2, ..., D:
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Variable Description

DKV number of documents, topics, size of vocabulary

d, g, i, k, x index for document, phrase in a doc, token in a doc, topic, word

Ny number of tokens in dth doc

Gy number of phrases in dth doc(after partition)

Wiq number of tokens in gth phrase of dth doc

B4 multinomial distribution over topics for dth doc

24,9, latent topic for jth token in gth phrase of dth doc

W, g, the jth token in gth phrase of doc d

Ok multinomial distribution over words in topic k

Nk N =344 L(2d,4,; == k), number of tokens assigned to topic k

Nd,k Nd7k = Zg,j I(24,9,5 == k), number of tokens assigned to topic k in doc d

Nuk Nk = 344 L(2d9j == k,way; == z), number of tokens with value x
and topic k

o, B parameter of the Dirichlet distribution for 8y, ¢x

Cayg {249, };-/V:dig , the collection of all latent variables in gth clique(phrase) of dth
doc

Table 4.2: Notation used in topic modeling

(a) Draw 64 ~ Dir(«)
(b) For ith token in dth document, where i = 1,2, ..., Ny:
i. Draw z4; ~ Multi(6,)

ii. Draw wq; ~ Multi(¢-,,)

The graphical model for LDA, depicted in Figure |4.2(a), defines the joint distribution of
random variables. By utilizing the conditional independence encoded in the graph, the joint

distribution can be written as(we omit the hyper-parameter «,  for simplicity):

PLpA(Z,W,®,0) = | [ p(2ailba)p(wailzas, @ HP (0a) Hp (®r) (4.5)

d,i

Because of the conjugacy between multinomial and Dirichlet distributions, we can easily
integrate out {©, ®}. That is,

FLDA(ZW) = [ Ppa(Z7. 0, ©)d0ds (4.6)
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Figure 4.2: In PhraseLDA, latent topic variables (24,4 ;) in the same phrase form a clique. Each
clique introduces a potential function onto the joint distribution defined by LDA. For
computational efficiency, we choose a potential function which assigns same-clique tokens to the
same topic

has a closed form.

4.6.2 PhraseLDA

LDA is built upon the ‘bag-of-words’ assumption, under which the order of words is
completely ignored. As a result, when inferring the topic assignment z,; for word wg,, the
topic of a far-away word in the same document has the same impact as a near-by word.
In section [4.5] we partition a document into a collection of phrases. We believe that the
high frequency of occurrence significantly greater than due to chance, and the proximity
constraint induced by contiguity are an indication that there is a stronger correlation than
that expressed by LDA between the words in a phrase. This motivates our use of the chain
graph to model this stronger correlation. Chain graphs are most appropriate when there are
both response-explanatory relations (Bayesian networks) and symmetric association relations
(Markov networks) among variables [99]. In our task, LDA models the (directed) causal
relations between topics and the observed tokens, and we propose to use un-directed graph
to model the stronger dependence among near-by words.

We connect the latent topic assignments in the same phrase using un-directed edges(as

shown in ﬁgure. As aresult, for gth phrase of dth document, random variables {244 ; }?/:dl’g
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form a clique.

Every clique Cq4(or equivalently phrase) introduces a potential function f(Cq,), which
should express the intuition that with high probability, z4,;’s in the clique should take
the same value. As a result, the chain graph defines the joint distribution over all random
variables:

P(Z,W,,0) = S FLpa(Z.W,2,0)[] /(Cu,) (4.7)
d,g
where C' is a normalizing constant that makes the left hand side a legitimate probability

distribution.

4.6.3 Inference

For the joint distribution defined by equation [4.7, we developed a collapsed gibbs sampling
algorithm to sample latent assignment variables Z from its posterior. As with LDA, the first

step is to integrate out {©, ®}:

P(Z,W) = / éPLDA(Z, W,2,0) [ [ £(Cuy) dOdP

d.g
1
=~ ([ PLpa(Z,W,®,0)d0d® | [ £(Cay)
o (/ LDA > 1;][ ¢
= = Apa(Z W) [ £Cas) (48)

d,g

P(Z,W) takes a simple closed form because Py pa(Z, W) does.

Ideally, the potential function in equation expresses the strong (symmetric) influence
between the words within a phrase. Suppose clique Cq 4 is of size s, then Cq 4 can be in any
of the K* possible states, where K is the number of topics. Since the normalizing constant
is unknown, we need to compute a value for all K* states, and then normalize the values
to get a legitimate distribution, which is computationally intractable for large K and s. As

such, we choose a specific potential function below:

1 it zgg1=24g2=..=%
fCag) = N R (49)

0 otherwise

This potential function coerces all variables in the clique to take on the same latent topic.
Because our phrase-mining algorithm performs a constrained merging guided by a statistical

significance measure, we assume that it is of high probability that the random variables in
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the clique possess the same topic. As such, we adopt the potential function as specified by
equation as an approximation, which reduces the possible states of Cq, from K*® to K.
Next, we develop an efficient gibbs sampling algorithm for this particular choice.

We sample a configuration for a clique Cq, from its posterior p(Cay|W, Z\c, ). Since Cq
can only take K possible configuration, we use C44 = k to indicate that all variables in clique
Cq4 taking value k. We show that:

p(Cay = kW, Z\¢, ) o

Wag de9j+Nw 9.5:8\Cd,g
H (ak + Nagoy, +J— 1) <v o d ) (4.10)
j=1 (Z:}c:l 63& +Nk\Cd,g +7 - 1)
This can be derived as follows:
First, from equation 4.8, we have
1
P(Z,W) = & PLpa(Z W) [ [ £(Cay) (411)

d,g

T (T [Ty D(Be + Nos)
o kl_[l ((H Ik + Nag) F(Z;/:l 5 N ) (4.12)

where the derivation of second line can be found in [100].

Second,

F(Ozk + Nd,k\Cd,g + Wd,g)

p(Cag = kW, Z\c,,) o p(Z,W) o — ort Nore) (4.13)
5 d,g
W, g
ﬁ F(ﬁwd,g,j +Nwd,g,j=k\cd,g + 1) /F(/de,g,j +Nwd,g,]’7k\cd,g)
j=1 F(Z¥:1 Ba: + Nk\cdyg + Wd,g) F(Z¥:1 ng + Nk\Cd,g)
Wy
r (de ‘+Nkwd \Ca )
= || (o +Nape,, +7—1) e (4.14)
jl:[l " (Z;/:l Be + Niney, +7—1)

where we utilize the fact that I'(x + 1) = 2I'(z).

For a “legitimate” Z, where the variables in the same clique take the same value, p(Z, W, 5) =
%PLD A(Z, W |a, B), which shows we can adopt the same hyper-parameter(«, ) optimization
techniques as in LDA. In the experiment, we use the fixed-point method proposed by [101].
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4.6.4 Topic visualization

There is a large literature in ranking terms and phrases for effective topical visualization.
One method for selecting representative phrases (label) for a topic can be to minimize
Kullback-Leibler divergence between word distributions and maximizing mutual information
between label phrases and the topic model[102]. Another method attempts to extend the list
of potential labels using external sources, such as wikipedia, and rank based on augmented
candidate pool [I03]. Other methods provide a parameterized multi-faceted ranking function
that allows for a more user-controlled ranking[83]. These methods all provide a suggested
methodology for ranking phrases within a topic model and can be easily incorporated into
ToPMine.

For a more simplistic ranking function, we generalize the concept of N-most-probable
terms in unigram LDA to our phrase output. By adopting the potential function given in
equation [4.9] all variables in a clique are guaranteed to have the same latent topic. Since a
clique corresponds to a phrase, naturally we assign the phrase to the same topic as shared
by its constituents.

We utilize the topic assignment for each token from the last iteration of gibbs sampling,
and define topical frequency (TF) for a phrase phr in topic k as the number of times it is

assigned to topic k:
TF(phrk) = Y I(Play == phr,Cay == k) (4.15)
d.g

where Z(-) is the indicator function as used before, and Pl;, is the gth phrase instance in
dth documents.
With this definition, we can visualize topic k by sorting the phrases according to their

topical frequency in topic k.

4.7 EXPERIMENTAL RESULTS

In this section, we start with the introduction of the datasets we used and methods for

comparison. We then describe the evaluation on interpretability and scalability.

4.7.1 Datasets and methods for comparison

Datasets

We use the following six datasets for evaluation purpose:
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e DBLP titles. We collect a set of titles of recently published computer science papers.
The collection has 1.9M titles, 152K unique words, and 11M tokens.

e 20Conf. Titles of papers published in 20 conferences related to the areas of Artificial
Intelligence, Databases, Data Mining, Information Retrieval, Machine Learning, and
Natural Language Processing - contains 44K titles, 5.50K unique words, and 351K

tokens.

e DBLP abstracts. Computer science abstracts containing 529K abstracts, 186K

unique words, and 39M tokens.

e TREC AP news. News dataset(1989) containing 106K full articles, 170K unique
words, and 19M tokens.

e ACL abstracts. ACL abstracts containing 2k abstracts, 4K unique words and 231K

tokens.
e Yelp Reviews. Yelp reviews containing 230k Yelp reviews and 11.8M tokens.

We perform stemming on the tokens in the corpus using the porter stemming algorithm[104]
to address the various forms of words (e.g. cooking, cook, cooked) and phrase sparsity. We
remove English stop words for the mining and topic modeling steps. Unstemming and rein-
sertion of stop words are performed post phrase-mining and topical discovery.

There are four directly comparable methods proposed in the literature: Turbo Topics,
TNG, PD-LDA, and KERT.

4.7.2 Interpretability

We propose two user studies to demonstrate the effectiveness of our ToPMine framework.

Phrase Intrusion

First, we use an intrusion detection task which adopts the idea proposed by [79] to evaluate
topical separation. The intrusion detection task involves a set of questions asking humans
to discover the ‘intruder’ object from several options. Each question consists of 4 phrases; 3
of them are randomly chosen from the top 10 phrases of one topic and the remaining phrase
is randomly chosen from the top phrases of a different topic. Annotators are asked to select
the intruder phrase, or to indicate that they are unable to make a choice. The results of this

task evaluate how well the phrases are separated in different topics
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Figure 4.3: Phrase intrusion task. Test subjects were asked to identify an intruder phrase in a
topic.

For each method, we sampled 20 Phrase Intrusion questions, and asked three annotators to
answer each question. We report the average number of questions that is answered ‘correctly’
(matching the method) in Figure

Domain Expert Evaluation

The second task is motivated by our desire to extract high-quality topical phrases and
provide an interpretable visualization. This task evaluates both topical coherence on the
full topical phrase list and phrase quality. We first visualize each algorithm’s topics with
lists of topical phrases sorted by topical frequency. For each dataset, five domain experts
(computer science and linguistics graduate students) were asked to analyze each method’s

visualized topics and score each topical phrase list based on two qualitative properties:

e Topical coherence: We define topical coherence as homogeneity of a topical phrase
list’s thematic structure. This homogeneity is necessary for interpretability. We ask

domain experts to rate the coherence of each topical phrase list on a scale of 1 to 10.

e Phrase quality: To ensure that the phrases extracted are meaningful and not just an
agglomeration of words assigned to the same topic, domain experts are asked to rate

the quality of phrases in each topic from 1 to 10.

For each expert, ratings were standardized to a z-score. We compute each algorithm’s
topical scores by averaging that of five experts. The results are shown in Figure and
Figure
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Figure 4.4: Coherence of topics. Domain experts were asked to rate the ‘coherence’ of each
topic for each algorithm. Results were normalized into z-scores and averaged.
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Figure 4.5: Phrase quality. Domain experts were asked to rate the quality of phrases for each
topic for each algorithm. Results were normalized into z-scores and averaged.

Discussion of Userstudy

From Figures[d.3] and [4.4] we can tell that TopMine achieves similar performance to KERT
in phrase intrusion, and demonstrates the best performance in topical coherence and phrase
quality. We hypothesize that KERT’s performance in phrase intrusion stems from its use
of unconstrained frequent pattern mining and biased rankings towards longer phrases. Vi-
sual inspection suggests that many key topical unigrams are appended to common phrases,
strengthening the notion of topical separation for all phrases. While this may aid KERT in
phrase intrusion, we believe such practice lends to poor phrase quality, which is confirmed
in Figure [4.5| as KERT demonstrates the lowest phrase-quality of the methods evaluated.

A surprising occurrence is TNG and PD-LDA’s poor performance in phrase intrusion. We
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Figure 4.6: Yelp Reviews. A comparison of the perplexity of LDA vs PhraseLDA during Gibbs
sampling inference.

suspect that this may be due to the many hyperparameters these complex models rely on
and the difficulty in tuning them. In fact, the authors of PD-LDA make note that two
of their parameters have no intuitive interpretation. Finally, Turbo Topics demonstrates
above average performance on both datasets and user studies; this is likely a product of the

rigorous permutation test the method employs to identify key topical phrases.

4.7.3 Perplexity

In addition to extracting meaningful and interpretable topical phrases, our ToPMine
framework’s PhraseLDA induces a statistical unigram topic model, upon the input cor-
pus. To evaluate how well PhraseLDA’s inference assumption that all words in our mined
phrases should with high probability belong to the same topic, we evaluate how well the
learned topic model predicts a held-out portion of our corpus. Because the generative pro-
cess for PhraseLDA and LDA are the same, we can directly compare the perplexity between
the two models to evaluate our method’s performance.

As we can see on the Yelp reviews dataset in Figure[4.6), PhraseLDA performs significantly
better than LDA demonstrating 45 bits lower perplexity than LDA. On the DBLP abstracts
dataset, PhraseLDA demonstrates comparable perplexity to LDA. These results seem to
validate the assumption that all words in our mined phrases should with high probability lie
in the same topic. In addition, because our PhraseLDA can be seen as a more constrained
version of LDA, these results provide an indication that our phrase mining method yields
high-quality phrases as the perplexity of our learned model incorporating these phrases as

constraints yields similar performance to LDA.
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Figure 4.7: DBLP Abstracts. A comparison of the perplexity of LDA vs PhraseLDA during
Gibbs sampling inference.

4.7.4 Scalability

To understand the run-time complexity of our framework, we first analyze the decom-
position of ToPMine’s runtime. On a high-level, ToPMine can be decomposed into two
main separate procedures. The framework first involves frequent contiguous pattern mining
followed by significant phrase construction. The second step is to take the ‘bag-of-phrases’
output as constraints in PhraseLDA. By separately timing these two steps in our framework,
we can empirically analyze the expected runtime of each step. Figure demonstrates the
disparity in runtime between the phrase mining and topic modeling portions of ToPMine.
Displayed on a log-scale for ease of interpretation we see that the runtime of our algorithm
seems to scale linearly as we increase the number of documents (abstracts from our DBLP
dataset). In addition, one can easily note that the phrase mining portion is of negligible
runtime when compared to the topic modeling portion of the algorithm.

To evaluate our method’s scalability to other methods, we compute our framework’s run-
time (on the same hardware) for datasets of various sizes and domains and compare them
to runtimes of other state-of-the-art methods. For some datasets, competing methods could
not be evaluated due to computational complexity leading to intractable runtimes or due to
large memory requirements. We have attempted to estimate the runtime based on a smaller
number of iterations whenever we face computational intractability of an algorithm on a
specific dataset. We used an optimized Java implementation MALLET[I05] for the TNG
implementation and the topic modeling portions of KERT and Turbo Topics. For PD-LDA,
we used the author’s original C++ code. For LDA and PhraseLDA, the same JAVA im-
plementation of PhraseLDA is used (as LDA is a special case of PhraseLDA). Because all
these methods use Gibbs sampling to perform inference, we set the number of iterations to

1000. While we use hyperparameter optimization for our qualitative user-study tests and
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Figure 4.8: Decomposition of our topical phrase mining algorithm into its two components:
phrase mining and phrase-constrained topic modeling. The plot above, which is displayed on a
log-scale, demonstrates the speed of the phrase-mining portion. With 10 topics and 2000 Gibbs
sampling iterations, the runtime of the topic modeling portion is consistently 40X the phrase
mining.

perplexity calculations, we do not perform hyperparameter optimization in our timed test
to ensure a fair runtime evaluation. The runtime for ToPMine is the full runtime of the
framework including both phrase mining and topic modeling.

Table shows the runtime of each method on our datasets. As expected, complex hier-
archal models such as PD-LDA display intractable runtimes outside small datasets showing
several magnitudes larger runtime than all methods except Turbo Topics. Turbo Topics
displays a similar runtime due to the computationally intensive permutation tests on the
back-off n-gram model. These methods were only able to run on the two sampled datasets
and could not be applied to the full (larger) datasets. On short documents such as titles,
KERT shows great scalability to large datasets barely adding any computational costs to
LDA. Yet due to KERT’s pattern-mining scheme, the memory constraints and the expo-
nential number of patterns generated make large long-text datasets intractable. ToPMine
is the only method capable of running on the full DBLP abstracts dataset with runtime in
the same order as LDA. Under careful observation, PhraseLDA often runs in shorter time
than LDA. This is because under our inference method, we sample a topic once for an entire

multi-word phrase, while LDA samples a topic for each word.
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Tables [4.4] [4.5] [4.6] are sample results of TopMine on three relatively large datasets - DBLP
abstracts, AP News articles, and Yelp reviews. Our topical phrase framework was the only
method capable on running on these three large, long-text datasets. In the visualization, we
present the most probable unigrams from PhraseLDA as well as the most probable phrases
below the unigrams. Automatic unstemming was performed as a post-processing step to
visualize phrases in their most interpretable form. In many cases we see uninterpretable
unigram topics that are made easier to interpret with the inclusion of topical phrases. Overall
we can see that for datasets that naturally form topics such as events in the news and
computer science subareas, ToPMine yields high quality topical phrases. For noisier datasets
such as Yelp, we find coherent, yet lower quality topical phrases. We believe this may be
due to the plethora of background words and phrases such as ‘good’; ‘love’, and ‘great’.

These and other words and phrases display sentiment and emphasis but are poor topical

descriptors.

Method sampled titles (k=5) titles (k=30) sampled abstracts abstracts
PDLDA 3.72(hrs) ~20.44(days) 1.12(days) ~95.9(days)
Turbo Topics 6.68(hrs) >30(days)* >10(days)* >50(days)*
TNG 146(s) 5.57 (hrs) 853(s) NAt

LDA 65(s) 3.04 (hrs) 353(s) 13.84(hours)
KERT 68(s) 3.08(hrs) 1215(s) NAt
ToPMine 67(s) 2.45(hrs) 340(s) 10.88(hrs)

Table 4.3: We display the run-times of our algorithm on various datasets of different sizes from
different domains. We sample 50 thousand dblp titles and 20 thousand dblp abstracts to provide
datasets that the state-of-the art methods can perform on. For instances labeled *, we estimate
runtime by calculating the runtime for one topic and extrapolating for k topics. For instances
labeled ~ we extrapolate by calculating runtime for a tractable number of iterations and
extrapolating across all iterations. For instances labeled t, we could not apply the algorithm to
the dataset because the algorithm exceeded memory constraints (greater than 40GB) during
runtime.

4.8 DISCUSSION

In this chapter, we presented a topical phrase mining framework, ToPMine, that discovers
arbitrary length topical phrases. Our framework mainly consists of two parts: phrase mining
and phrase-constrained topic modeling. In the first part, we use frequent phrase mining to
efficiently collect necessary aggregate statistics for our significance score - the objective
function that guides our bottom-up phrase construction. Upon termination, our phrase
mining step segments each document into a bag of phrases. The induced partitions are
incorporated as constraints in PhraseLDA allowing for a principled assignment of latent

topics to phrases.
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Topic 1 Topic 2 Topic 3 Topic 4 Topic 5

l-grams problem word data programming data
algorithm language method language patterns
optimal text algorithm code mining
solution speech learning type rules
search system clustering object set
solve recognition classification implementation event
constraints character based system time
programming translation features compiler association
heuristic sentences proposed java stream
genetic grammar classifier data large

n-grams genetic algorithm natural language data sets programming language data mining
optimization problem speech recognition support vector machine source code data sets
solve this problem language model learning algorithm object oriented data streams
optimal solution natural language processing machine learning type system association rules
evolutionary algorithm machine translation feature selection data structure data collection
local search recognition system paper we propose program execution time series
search space context free grammars clustering algorithm run time data analysis
optimization algorithm sign language decision tree code generation mining algorithms
search algorithm recognition rate proposed method object oriented programming spatio temporal
objective function character recognition training data java programs frequent itemsets

Table 4.4: Five topics from a 50-topic run of ToPMine framework on our full DBLP abstracts
dataset. Overall we see coherent topics and high-quality topical phrases we interpret as
search/optimization, NLP, machine learning, programming languages, and data mining

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5
l-grams plant church palestinian bush drug

nuclear catholic israeli house aid

environmental religious israel senate health

energy bishop arab year hospital

year pope plo bill medical

waste roman army president patients

department jewish reported congress research

power rev west tax test

state john bank budget study

chemical christian state committee disease
n-grams energy department roman catholic gaza strip president bush health care

environmental protection agency pope john paul west bank white house medical center

nuclear weapons john paul palestine liberation organization bush administration united states

acid rain catholic church united states house and senate aids virus

nuclear power plant anti semitism arab reports members of congress drug abuse

hazardous waste baptist church  prime minister defense secretary food and drug administration

savannah river united states yitzhak shamir capital gains tax aids patient

rocky flats lutheran church israel radio pay raise centers for disease control

nuclear power episcopal church occupied territories house members heart disease

natural gas church members occupied west bank committee chairman drug testing

Table 4.5: Five topics from a 50-topic run of ToPMine on a large collection of AP News
articles(1989). Overall we see high quality topical phrases and coherency of news topics such as
environment, Christianity, Palestine/Israel conflict, Bush administration (senior), and health care

This separation of phrase-discovery from the topic model allows for less computational
overhead than models that attempt to infer both phrases and topics and is a more principled
approach than methods that construct phrases as a post-processing step to LDA. ToPMine
demonstrates scalability on large datasets and interpretability in its extracted topical phrases
beyond the current state-of-the-art methods.

Another note of discussion is that despite obtaining as input single and multi-word phrases,
when computing a topic distribution, only distribution over words are generated. This
not only makes perplexity comparisons between LDA and ToPMine valid, but provides a
convenient case-study to assess the benefits of utilizing multiple granularity. Utilizing a

distribution over phrases often leads to a data sparsity problem as phrases are less frequent
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Topic 1 Topic 2 Topic 8 Topic 4 Topic 5
l-grams  coffee food room store good
ice good parking shop food
cream place hotel prices place
flavor ordered stay find burger
egg chicken time place ordered
chocolate roll nice buy fries
breakfast sushi place selection chicken
tea restaurant great items tacos
cake dish area love cheese
sweet rice pool great time
n-grams ice cream spring rolls parking lot grocery store mexican food
iced tea food was good front desk great selection chips and salsa
french toast fried rice spring training farmer’s market food was good
hash browns egg rolls staying at the hotel  great prices hot dog
frozen yogurt chinese food dog park parking lot rice and beans
eggs benedict pad thai room was clean wal mart sweet potato fries
peanut butter dim sum pool area shopping center pretty good
cup of coffee thai food great place great place carne asada

iced coffee
scrambled eggs

pretty good
lunch specials

staff is friendly
free wifi

prices are reasonable
love this place

mac and cheese
fish tacos

Table 4.6: Five topics from a 10-topic run of our ToPMine framework on our full Yelp reviews
dataset. Quality seems to be lower than the other datasets, yet one can still interpret the topics:
breakfast /coffee, Asian/Chinese food, hotels, grocery stores, and Mexican food

than words. However our model leverages the restriction that phrases should belong to
the same topic, but still decomposes each phrase into words when computing the topic

distribution.

4.8.1 Future Works

One natural extension to this work is to extend our topic model PhraseLDA to use a
nonparametric prior over topics. This will systematically allow for a data-driven estimate of
the number of underlying topics in the corpus. Another area of work is in further scalability
of the topic model portion. Currently the decreased computational complexity stems from
the efficient phrase-mining. By investigating other methods for topical inference, the overall
time complexity of ToPMine may be significantly reduced. Another area of focus is to
address how the minimum support criterion and pruning strategies treat similar phrases
as separate discrete structures, counting them separately. While this phenomenon doesn’t
affect the ‘top-ranked’ phrases, which have a count much larger than the minimum support,
finding and merging similar phrases may lead to better recall and better topics. Further
work may focus on strategies to identify and properly tie similar phrases. In Table [4.4] we
notice background phrases like ‘paper we propose’ and ‘proposed method’ that occur in
the topical representation due to their ubiquity in the corpus and should be filtered in a
principled manner to enhance separation and coherence of topics.

Finally, further work should attempt to leverage subword information in the topic modeling

perspective. While the current solution effectively utilizes word-level input and combines
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them to form phrases, in many cases the words themselves may be infrequent and provide
negligible input to the topic models. In these cases, to better model the content of each
document, effectively decomposing these infrequent words into a subword-level granularity
may allow for better topic identification for infrequent words. This will allow for the learned
topic models to generalize to corpora with out-of-vocabulary words and allow for better

learned topics.
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CHAPTER 5: MINING CROSS-LINGUAL PARALLEL SENTENCES FROM
ALIGNED DOCUMENTS

In this chapter, we detail steps used to craft a large cross-lingual aligned document corpus.
We assess the quality of this corpus and leverage cross-lingual sentence embeddings to mine
parallel sentences.

Finally, we demonstrate how decomposing documents into sentences, embedding indi-
vidual sentences, and then composing these embedded sentences can yield better document
representations vs direct embedding of documents. We experimentally verify that construct-
ing document representation from base sentence representations performs better document

alignment.

5.1 INTRODUCTION

Cross-lingual document alignment aims to pair documents such that they are translations
or near translations of each other. There are a variety of tasks in natural language process-
ing that consume parallel cross-lingual data. Traditionally, machine translation approaches
have leveraged parallel sentences as training data for use with sequence-to-sequence models.
Other tasks include cross-lingual information retrieval and cross-lingual document classifica-
tion. Additionally, cross-lingual data facilitates training cross-lingual representations such as
multilingual BERT and XLM which are used in many NLP tasks[106, [107]. The availability
of high-quality datasets is necessary to both train and evaluate models across these many
tasks.

While it is possible to manually label aligned documents across languages, the process
is costly and time consuming due to the quadratic search space for document pairs. Addi-
tionally, for low resource languages, identifying these cross-lingual document pairs is more
difficult due to their relative scarcity. Furthermore, lack of access to qualified human anno-
tators makes it necessary to have additional quality control in low-resource scenarios [108§].

In this paper, we investigate whether we can rely on weak supervision to generate labels for
document pairs. In particular, we focus on the weak signals embedded in the URLs of web
documents, that can be used to identify the different translations of a single document across
many languages. We propose a set of high-precision hand-crafted rules to automatically label
a massive collection of 13 billion web documents and identify 54 million cross-lingual parallel
documents in 92 language pairs. We evaluate the quality of our automatic-annotation setup
using two approaches: (1) by running manual evaluation on a diverse sample of positively-

labeled documents across nine languages; and (2) by leveraging the mined documents as
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training data for a downstream machine translation task.

Finally, we also introduce a simple baseline that effectively aligns cross-lingual document
pairs using solely textual content and in the presence of detractor documents which may
not have any parallel counterpart. We release the dataset consisting of pairs of translated
documents represented by URLs extracted from a massive collection web crawls. We hope
that the size, diversity, and quality of this dataset spurs its use not only as a benchmark for

document alignment, but also as supervision for a variety of cross-lingual tasks.

5.2 RELATED WORKS

The concept of crawling and mining the web to identify sources of parallel data has been
previously explored [109]. A large body of this work has focused on identifying parallel
text from multilingual data obtained from a single source: for example the United Nations
General Assembly Resolutions or European Parliament parallel corpus [110], 1111, T12]. These
parallel corpora were curated from specific, homogeneous sources by examining the content
and deriving domain-specific rules for aligning documents.

Other approaches have identified parallel documents in unstructured web corpora by re-
lying on metadata. Some of these methods have focused on publication date and other
temporal heuristics to aid in identifying parallel documents [113] 114} 1T5] 116, 117]. How-
ever, temporal features can be sparse, noisy, and unreliable. A different class of alignment
methods rely on document structure [118, [1T9].

In the WMT-2016 bilingual document alignment shared task, many techniques applied
retrieval and matching on translated 5-grams to query, retrieve, and align documents [120,
121]. Similar methods for generating candidates by retrieving matches based on the least
frequent bi-lingual 5-grams have been proposed with the insight that rare snippets are more
informative [122]. Both of these candidates rely on high-quality translation systems to
translate either the source or the target. Such models may not exist, especially for low-
resource language directions. The application of alignment to a variety of languages was not
explored in WMT-2016 which only considered English to French document alignment — a
high-resource direction.

Recently, the use of neural embedding methods has been explored for bilingual alignment
of text at the sentence and document level. Other works propose using hierarchical document

embeddings, constructed from sentence embeddings, for bilingual document alignment [123].
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5.3 DATASET CREATION AND DESCRIPTION

The Common Crawl corpus is a publicly available crawl of the web. With a new snap-
shot uploaded each month, and over 2 billion pages released in each snapshot, this data
is a vast resource with content across a large number of domains and languages. Previous
works have leveraged the data from Common Crawl for mining ngram counts to perform
language modeling [124]. Other works have mined Common Crawl for bitexts for machine
translation [125]. However, this mining was performed on a small scale. For our dataset, we
use snapshots published in 2018 covering twelve snapshots from January to December which

is vastly larger than previous works.

5.3.1 Preprocessing

Extracting the textual content of Common Crawl web documents is a relatively challenging
task that involves removing all tables, pictures, hyperlinks, and formatting markup. As such,
the first preprocessing step is to remove all HTML tags and boiler-plate markup.

After content cleaning, the next step in preprocessing the data is deduplication. While
investigating combining many Common Crawl snapshots, we found duplicate URLs both
within an individual snapshot and almost always across snapshots. As our data cura-
tion method relies on unique URLs for each web document, we apply a heuristic to en-
sure each URL appears once within the final cleaned data. The first step is to normal-
ize each URL; we perform this by simply removing the protocol and host name (e.g.,
https://www.aaa.com — aaa.com). Upon normalization, for each URL that appears
more than once, we select the instance that possesses the longest document content. This
heuristic assumes that occasionally, content is (1) deleted and gets shorter or (2) is amended
and gets longer. In this case, it is preferable to operate on the larger content. Starting from
12 Common Crawl snapshots with a raw document count of 35.7 billion documents, upon
deduplication, the resultant corpus is approximately 13.3 billion web documents from 64.8

million distinct web domains — a 63% reduction from the raw corpus.

5.3.2 Language Identification

The next step in the pipeline is to tag each document with the dominant language iden-
tifier. We utilize FastText, a lightweight text classifier that has been trained to detect more
than 170 languages [15]. Because mixed language content is common, and boiler plate can

often add noise to language identification, language identification may incorrectly tag doc-
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uments. In case boilerplate (often at the beginning of a document) is tagged incorrectly,
performing language identification on different segments can mitigate the noise introduced
by boiler plate and correctly identify the dominant language within a document. To ad-
dress this, we perform ensembling by predicting the language of a number of contiguous
subsets of the document content. Majority voting is then used to tag the document with

the predominant predicted language.

5.3.3 Language ID URL Matching

To identify pairs of cross-lingual documents, we apply a high-precision, low recall heuristic
to assess whether two URLs represent web pages that are translations of each other. This
heuristic presumes that two URLs, with high probability, refer to pages that are translations
of each other if both can be transformed into the same string after stripping language
identifiers. To improve recall, we allow matches where only one of the pair of URLs contain a
language identifier e.g., https://url.com would be a match to https://fr-fr.url.
com. We further ensure that these matches are high-precision by verifying that the language
identifier stripped from the URL reflects the language of the web document document as
predicted by the language identifier.

Source URL Target URL
eng.aaa.com aaa.com
aaa.com/en-gb/b aaa.com/zh-cn/b
aaa.com/English/b aaa.com/Yoruba/b
aaa.com/b/en aaa.com/b/vi
aaa.com/b/ thai.aaa.com/b/
aaa.com/b&lang=english aaa.com/b&lang=arabic
aaa.com/b?lang=en aaa.com/b?lang=fr
aaa.com/b aaa.com/b?lang=1

Table 5.1: URL matching via language identifiers.

Table [5.1] shows a few examples of pairs of aligned URLs. Alignment is performed by
normalizing each URL by stripping its present language identifiers. Extra care is taken to
ensure relevant indicators such as /; €, and ¢ are stripped as well to ensure proper alignment
between URLs. For reproducibility, we publish an explicit list of patterns used along with
the code implementing the pattern matching in the repository alongside the dataset.

For simplicity of implementation and reducing the volume of aligned documents, we re-

strict the source URL to English documents and allow the target URL to vary among the 92
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Figure 5.1: Per-language number of documents aligned to English documents.

target languages. Given these rules and restrictions, we mined 54 million aligned documents
across 12 Common Crawl snapshots. See Figure for detailed a breakdown per language.
We assess the efficacy of this rule-based alignment in the next section.

We select a small subset of the original 12 Common Crawl snapshots to use for evaluating
baseline document alignment methods. These 121K documents contain English and non-
English documents from 450 web domains. Of these documents, 17.5K pairs are aligned
as defined in our URL-aligned dataset. We release this test set as a tractable collection of

documents on which to benchmark different alignment methods.

5.4 DATASET EVALUATION

In this section, we analyze the quality of our cross-lingual URL-aligned dataset. The first
evaluation assesses the quality by measuring the precision of a representative sample of the
URL-aligned data to human-annotated alignment judgments. The second evaluation assesses
the data by utilizing the data in a downstream task. By first mining the aligned documents
for parallel bitexts and using these bitexts as training data for massively multilingual machine
translation, we can assess the overall quality of machine translation models trained solely

from these mined bitexts.

5.4.1 Dataset Quality Evaluation

To assess the quality of the cross-lingual document pairs obtained by our method, we
recruit human annotators to evaluate the alignments and provide an assessment of whether
the documents in the pair are total or partial translations of each other. To perform the
evaluation, we first selected six languages from various language families, scripts, and levels
of resource availability. For each language, we randomly identified 30 pairs of URLs from
different web domains aligned into English for a total of 180 pairs. To gather pairs from a
diverse set of websites, each URL pair is selected from a distinct web domain.

Then, we tasked twelve human annotators to annotate URL pairs by loading the two web-
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pages corresponding to each URL pair side by side and assessing whether or not the content
rendered is both comparable and in the correctly tagged language. Each URL pair was
evaluated by three human annotators to add a level of redundancy and measure annotator
agreement. Note that the evaluation was performed in early November 2019, therefore for
some of the pairs in the set, the document content had changed from the time when the

Common Crawl snapshot was generated.

Language P,,,, Ka Py

Hich German 90.0 0.74 96.7
8% Chinese 86.7 0.68 93.3
. Arabic 83.3 0.72 90.0

Mid b omanian 767 050 96.7

Estonian 83.3 0.68 90.0

Low

Burmese 86.7 0.88 100.0
Avg 84.4 0.70 94.5

Table 5.2: Human evaluation of documents of different languages aligned to English. Languages
are classified as high, medium or low resource based on the amount of mined documents. We
report the majority-vote precision P,,,; and the precision after accounting for experimental error
P 4. Additionally, we report Ko, a measure of inter-rater agreement.

In Table [5.2, we report the precision of our method to generate URL-aligned documents.
As individual raters may have differing opinions on what constitutes a cross-lingual compa-
rable document, we report results according to the majority vote. In addition, we report
the inter-rating agreement among annotators as measured by the Krippendorff Alpha of the
annotations [126]. After observing annotator comments and performing a round of error
analysis on the pairs identified as misaligned, we identified the following reasons: (1) In 40%
of the cases, the content of the rendered web-page has changed since the Common Crawl
snapshot was generated or the URL redirects the user to a different page, while the original
Common Crawl is a parallel document; (2) In 20% of cases, the content in one of the par-
allel documents appears to be much shorter than the document in the original (dominant)
language but the message is the same, which many annotators didn’t consider the document
pairs as translations of each other; (3) In 10% of cases the majority of dynamic content
within a document pair appears to be in the same language and only boilerplate text such
as columns and title are translations; and the remaining 30% are truly non-comparable doc-
uments due to a myriad of different reasons. To alleviate the issues introduced by (1) due to
experimental setup (i.e. using a freshly rendered web-page) and (2) due to guidelines issues

(i.e. partial translations), we sent those cases for an additional round of annotation. The
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resulting adjusted precision after the second round is observed as P,q;.

Overall, we observe that the URL pairs in Common Crawl appear to adhere to human-
standards of comparability with a majority of measured directions achieving precision of
over 90%.

5.4.2 Machine Translation Evaluation

Cross-lingual document pairs can be used to extract translations that are used for down-
stream training of sequence-to-sequence translation systems. Given a good pair of docu-
ments, our expectation is that a reasonable mining algorithm would be able to mine high
quality translations, while the opposite is true for a low-quality pair of documents. In the
WMT Parallel Corpus Filtering tasks the downstream performance on a translation task is
used as a proxy to determine the quality of a similarity (or filtering) function [127], [12§].
To assess the quality of the aligned document corpus, we propose a downstream task that
leverages the aligned document data as a source of supervision for a massively multilin-
gual machine translation task. If successful, our approach should be able to mine parallel
sentences that are of comparable quality to recent approaches that leverage Wikipedia, a
reliable source of comparable documents [129].

The first step is to decompose and mine the aligned document corpus for parallel sentences.
We segment each document into sentences, then apply the Moses tokenizer (without true
casing) to tokenize each sentence [I30]. Given each document pair’s decomposition into
tokenized sentences, we seek to align sentences within each pair of documents. We can then
aggregate these parallel sentences across all document pairs to form a parallel sentences
dataset suitable for training machine translation models.

We apply a recent approach for mining parallel cross-lingual texts based on a distance
measure in a joint multilingual sentence embedding space [131]. This method has been
shown to accurately align and filter sentences for across a variety of low, mid, and high-
resource directions [129, 132]. We apply the open-source LASER toolkit which provides a
language agnostic sentence encoder and use the margin-based filtering criterion [133].

After mining parallel sentences from the aligned documents, we perform large-scale neural
machine translation training on the extracted bitexts. First the data is processed to induce
a 5000 subword vocabulary using SentencePiece [I34]. The model used is a transformer
model from fairseq with embeddings shared in the encoder and decoder, 5 encoder and
decoder layers with dimensionality 512 are used, encoder and decoder FFN with 2 attention
heads each with an embedding dimension of 2048 are used along with encoder and decoder

normalization [135]. Dropout of 0.4, attention dropout of 0.2 and relu dropout of 0.2 are

7



CC-URL vs WikiMatrix BLEU Scores
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Figure 5.2: NMT performance on comparable directions of Wikipedia mined vs Common Crawl
mined bitexts.

BLEU BLEU BLEU
Lang En—zx 2z—-En Vol Lang En—zx 2z—-En Vol Lang En—z z—En Vol
French 36.2 34.2 43.2 Romanian 20.6 27.6 4.3 Estonian 14.0 174 1.6
Spanish 36.3 35.3 40.3 Vietnamese 25.2 19.2 3.9 Bengali 15.0 11.0 1.0
Russian 17.5 19.6 29.8 Ukrainian 18.5 22.5 3.6 Albanian 21.3 28.9 1.0
German 25.8 28.3 26.7 Greek 22.4 21.8 3.6 Macedonian 22.6 26.3 0.7
Italian 30.0 32.0 24.6 Korean 11.4 5.8 3.6 Urdu 10.9 13.5 0.6
Portuguese 36.0 31.5 18.6 Arabic 10.3 18.8 3.4 Serbian 5.2 11.6 0.6
Dutch 27.8 31.0 15.5 Croatian 22.9 28.6 3.3 Azerbaijani 5.6 9.4 0.5
Indonesian 27.2 23.1 11.2 Slovak 20.0 23.1 3.2 Armenian 13.2 17.9 0.4
Polish 14.4 18.0 11.0 Thai 124 13.9 2.9 Belarussian 17.1 19.2 0.4
Turkish 11.6 17.7 7.5 Hebrew 17.1 24.4 2.6 Georgian 8.6 13.4 0.4
Swedish 32.3 34.9 6.1 Hindi 24.1 22.2 2.5 Tamil 16.8 6.4 0.3
Danish 36.6 37.3 5.0 Hungarian 12.6 15.8 2.5 Marathi 10.0 6.5 0.3
Czech 17.1 21.8 4.9 Lithuanian 15.1 20.4 2.1 Kazakh 3.4 6.2 0.2
Bulgarian 29.6 30.9 4.6 Slovenian 18.3 20.2 1.9 Mongolian 3.6 4.4 0.2
Finnish 11.9 16.7 4.6 Persian 9.8 16.4 1.7 Burmese 8.0 4.6 0.1
Norwegian 36.8 36.6 4.3 Bosnian 11.1 15.2 0.1

Table 5.3: BLEU scores of NMT models trained on bitext data mined from aligned Common
Crawl documents evaluated on TED Talk test sets. Volume given as number of distinct aligned
sentence pairs in millions.

applied. The adam optimizer is used to train the model for 100 epochs by optimizing a
smoothed-cross entropy with 0.2 label smoothing.

After training models for each direction, we then evaluate the quality of the learned NMT
models on a publicly available data set consisting of transcribed and translated TED talks
in 50 languages [136]. This helps assess the quality of aligned data from our corpus as all
parallel sentences must be extracted from aligned document pairs. Since the development
and test sets were already tokenized, we first detokenize them using the Moses de-tokenizer.

In Tables we report the BLEU scores from the mined bitexts from aligned documents
on the TED talk dataset as well the number of distinct aligned sentence pairs (reported in
millions). Based on these results, it appears that European languages yield higher quality
sentences than non-European regardless of the resource level of the direction. Additionally,
documents aligned across high-resource directions yield enough high-quality aligned data to
learn high-quality models. While these BLEU scores should be taken in context of the volume
of aligned bitexts, one can get an intuition as to the quality of the underlying URL-aligned

documents the sentences were mined from from the resultant test-set BLEU scores.
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Finally, we compare the test set BLEU scores to a dataset mined from Wikipedia using
LASER sentence embedding and margin-based sentence alignment [129]. All preprocessing
and experimental conditions including model hyper-parameters between these two NMT
experiments were held constant making the BLEU scores directly comparable. As seen in
Figure [5.2] sentences mined from the URL-aligned Common Crawl corpus is of comparable
quality to the Wikipedia-mined data resulting in higher BLEU scores for 39 out of the 54
evaluated language directions (72.2%). This demonstrate that although we restrict parallel
sentence alignment to documents that have been aligned by our URL rule-set, the mined

sentences yielded are of high quality indicating adequately aligned documents.

5.5 DOCUMENT ALIGNMENT BASELINES & EVALUATION

In Section [5.4] we verify the quality of the URL-aligned dataset through human-evaluation
and evaluation in a downstream task. In this section, we treat the URL-aligned dataset as
a high-precision, low-recall dataset and evaluate baselines that score document pairs based
on content rather than URL information. The scored document pairs are then aligned via a
greedy bipartite matching algorithm. The resulting alignments are evaluated on a subset of
the URL-aligned dataset which is treated as ground truth.

5.5.1 Problem Definition

Given a set of source documents, D, and a set of target documents D;, cross-lingual
document alignment aims to find the largest set of pairs of documents from source to target
(ds,d;) where dy € Dy and d; € D, such that each source document and target document
can only be used in at most a single pair.

To find the best possible mapping between Dy and D; we require two components: 1) a
similarity function ¢(ds, d;) which is used to score a set of candidate documents according
to their relatedness; and 2) an alignment or matching algorithm which uses the scores for
each of the pairs in Dy x D, to produce an alignment of size min(|D;|, |D;|) representing the
best mapping according to ¢(ds, d;).

In the remainder of this section, we introduce our proposed baseline document pair simi-

larity functions and a simple matching algorithm that aligns source and target documents.
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5.5.2 Embedding-Based Document Similarity

To guide the alignment algorithm, a notion of cross-lingual document similarity is nec-
essary. This score should capture the fact that two documents are semantically similar
despite having some or all of their content in different languages. We describe two simple
language-agnostic document embedding methods. These embeddings leverage LASER [137],
a multilingual sentence representation that uses byte-pair encoding to share the same vo-

cabulary among all languages and trained on parallel sentences covering 93 languages.

Direct Embedding The first baseline, Direct Embedding (DE) uses a standard cross-
lingual encoder to directly embed each document. Each document d has its dense vector
representation vy computed by applying the open-source cross-lingual LASER encoder to

its full textual content.

Sentence Average Embedding The second baseline, Sentence Average (SA), performs
document embedding by first decomposing each document into smaller, semantically mean-
ingful sentences, embedding each sentence, then combining these sentence representations.
Given a document d, we segment it into a list of sentences {s;}? ;. This time, the LASER
encoder is used to encode each sentence s; into a dense vector v,,. After embedding each sen-
tence in a document, document embedding is performed by averaging these sentence vectors

into a document vector v, as follows:

1
— =Sy, 5.1
Vo= Vs (5.1)

Scoring Using the dense document representations for each document from the source and
target sets, the next step is to score pairs to evaluate how semantically similar documents
are. Given two documents a and b, We compute their semantic similarity using a cosine
similarity score:

Vo Vp

sim(a,b) = ————— (5.2)

vall [1vall

5.5.3 Competitive Matching Alignment

Using the baseline scoring function, we score all document pairs in the same web domain

that belong to the source and target languages respectively. As such, for any given domain,
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each document in the source document set, D, is paired with each document in the target
set, Dy, yielding Dy x D, scored pairs — a fully connected bipartite graph. Just like in [138],
the expected output assumes that each page in the non-dominant language has a translated
or comparable counterpart. This yields a min(|Ds|, |D;|) expected number of aligned pairs.

While an optimal matching maximizing scoring can be solved using the Hungarian algo-
rithm, the complexity of this algorithm is O(max(|Ds||Dy|)?) which is intractable to even
moderately sized web domains [I39]. As such, similar to previous work where a one-to-one
matching between English and non-English documents is enforced by applying, competitive

matching, a greedy bipartite matching algorithm [I38].

Algorithm 5.1: Competitive Matching
Input: P = {(ds,d;)|ds € Ds,d; € Dy}
Output: P’ = {(ds;,dt;),...} C P

scored < {(p, score(p)) for p € P}
sorted < sort(scored) in descending order
aligned + @
S «— @
S @
for ds,d; € sorted do
if ds ¢ Ss Ndy ¢ Si aligned < aligned U {(ds,d;)}
Ss + SsUds
St — St U dt
end
return aligned

© W N O Otk W N

[
= o

In Algorithm [5.1] the algorithm first scores each candidate document pair using the doc-
ument similarity scoring function. These candidates are then sorted in order of most similar
to least similar using their numerical score. The algorithm then iteratively chooses a docu-
ment pair with the highest score as long as the d; and d; of each pair have not been used in
a previous (higher scoring) pair. The algorithm terminates when min(|Dy|, |D;|) pairs have
been selected. Unlike the Hungarian algorithm, the runtime complexity is a more tractable
O(|Ds||Dy| x log(|Ds||Dy])) which is dominated by the cost of sorting all candidate pairs.

5.5.4 Baseline Results

We evaluate the baseline scoring by aligning the documents from a subset of the 12 Com-
mon Crawl snapshots. We score document pairs from the source and target languages within
the same webdomain using the DE and SA embedding methods respectively and comput-

ing cosine similarity between the two dense representations. For the alignment, we report
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Recall Recall Recall

Lang DE SA DE+ SA+ Lang DE SA DE+ SA+ Lang DE SA DE+ SA+
French 0.36 0.85 0.39 0.85 Romanian 0.10 0.39 0.15 0.40 Estonian 0.26 0.47 0.28 0.52
Spanish 0.34 0.59 0.34 0.53 Vietnamese 0.04 0.22 0.06 0.28 Bengali 0.02 0.27 0.05 0.32
Russian 0.03 0.43 0.06 0.64 Ukrainian  0.03 0.58 0.05 0.68  Albanian 0.15 0.59 0.23 0.56
German 0.38 0.74 0.52 0.74 Greek 0.02 0.22 0.05 0.31 Macedonian 0.00 0.29 0.02 0.33
Italian 0.17 046 0.22 0.47 Korean 0.01 0.25 0.06 0.34 Urdu 0.02 0.21 0.06 0.22
Portuguese 0.14 0.35 0.17 0.36 Arabic 0.02 0.28 0.04 0.32 Serbian 0.06 0.59 0.06 0.59
Dutch 0.25 0.50 0.28 0.49 Croatian 0.16 0.37 0.16 0.37  Azerbaijani 0.04 0.11 0.08 0.34
Indonesian 0.07 0.48 0.11 0.47 Slovak 0.24 0.43 0.20 0.41 Armenian 0.01 0.13 0.02 0.18
Polish 0.17 0.38 0.17 0.38 Thai 0.01 0.21 0.02 0.19 Belarusian 0.04 0.40 0.07 0.47
Turkish 0.09 0.34 0.12 0.38 Hebrew 0.01 0.09 0.05 0.18 Georgian 0.04 0.19 0.06 0.24
Swedish 0.12 0.42 0.19 0.40 Hindi 0.04 0.20 0.04 0.27 Tamil 0.02 0.15 0.02 0.20
Danish 0.19 0.61 0.27 0.62 Hungarian 0.15 0.43 0.15 0.49 Marathi 0.00 0.06 0.02 0.11
Czech 0.16 0.38 0.15 0.40 Lithuanian 0.07 0.69 0.11 0.73 Kazakh 0.03 0.22 0.05 0.31

Bulgarian 0.04 0.37 0.07 0.43 Slovenian  0.12 0.32 0.13 0.33 Mongolian 0.01 0.08 0.03 0.13
Finnish 0.06 0.38 0.06 0.47 Persian 0.03 0.24 0.06 0.32 Burmese 0.00 0.04 0.01 o0.10
Norwegian 0.13 0.33 0.13 0.33 Bosnian 0.15 0.63 0.18 0.64

AVG 0.17 048 0.20 0.50 AVG 0.07 0.33 0.09 0.37 AVG 0.05 0.28 0.08 0.33

Table 5.4: Recall from Common Crawl documents aligned using the baseline content-based
alignment methods.

the performance for each embedding method without enforcing a 1-to-1 alignment between
source and targets (DE & SA) and after applying our competitive matching alignment al-
gorithm (DE+CM, SA+CM) as described in Algorithm [5.1]

When reporting results for DE & SA without applying competitive matching, we explicitly
enforce that min(|Dy|, |D;|) document pairs are output by identifying the smaller between
D, and Dy, then selecting the best matching document to pair with from the larger set for
each document in the smaller set. This ensures that min(|Ds|,|D;|) pairs are generated
making comparisons between methods using and not using competitive matching fair.

Recall (i.e. what percentage of the aligned pages in the test set are found) is computed
on a test-set consisting of pairs from the URL-aligned documents, which we verified have
high-precision and we treat as the ground-truth test set.

We show the alignment results in Table[5.4, Comparing DE which directly applies LASER
to the entirety of the document content, we see that performance is significantly worse than
SA which averages the individual sentence embeddings. We suspect this may be the case
for two reasons (1) sentence encoders may suffer at representing the semantic meaning of
long documents as the model is originally trained on sentences (2) there may be noisy boiler
plate content at the beginning of each web document that is less useful semantically but
dominates the representation.

Observing the effects of competitive matching (CM) on alignment, it appears to consis-
tently improve the overall alignment recall for scoring using both DE and SA and across

all levels of resource availability. We believe that this may be because it prevents many
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sentences from being aligned to a single “hub” sentence. As such, the strongest baseline
combines a sentence averaging approach for document representation for scoring, then sub-
sequently selects the final aligned pairs using competitive matching.

From the results, we observe as the resource availability increases, our alignment baselines
perform better. This may be due to the fact that the LASER embedding models were trained
with parallel data and more high-resource parallel sentences were used for training. Finally,
it appears that across low, mid, and high-resource directions, European languages appear
to be consistently easier to align than non-European languages. For example, as seen in
Table [5.4] Albanian, Serbian, Bosnian, and Belarusian were all aligned with over 0.45 recall
despite being low-resource. We posit that this is a by-product of the shared semantic subword
vocabulary used by LASER improving performance for low-resource European languages due
to their similarity of script and linguistic similarities with the many high-resource European

languages.

5.6 DISCUSSION

In this chapter, we apply URL-matching rules to curate a high-quality cross-lingual docu-
ments dataset from the commoncrawl corpus. Our dataset contains document pairs from 92
different languages aligned with English. We first directly evaluate the quality of the URL-
aligned pairs using human annotators. We further evaluate the URL-aligned documents in
a downstream machine translation task by decomposing the aligned documents into aligned
sentences, and then training machine translation models across all 92 directions. Finally,
we introduce and evaluate a new general embedding-based baseline technique for aligning
documents based on content rather than meta-information like URLs. Our results indicate
there is further work to be done to improve document alignment, especially for low-resource
languages and that intelligent alignment schemes can significantly improve overall alignment
performance across many language directions.

Some insights from these results is that the proper level of semantic granularity is crucial
to the cross-lingual document alignment task. Attempting to directly embed the entire doc-
ument into a cross-lingual space greatly under-performed compared to leveraging sentence
embeddings. Further works should attempt to leverage these results to better construct doc-
ument embeddings using hierarchical techniques as opposed to direct embeddings. Building
up from subwords, words, and phrases can be used to learn better sentence representations.
These sentence representations can be combined more intelligently to form document repre-
sentations that can be used in a variety of downstream tasks from alignment, to retrieval,

to classification.
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CHAPTER 6: CROSS-LINGUAL DOCUMENT ALIGNMENT WITH
SENTENCE REPRESENTATIONS

In this chapter, we continue investigating the use of cross-lingual sentence embeddings for
mining cross-lingual documents. As opposed to constructing document representations, we
propose aligning documents by first decomposing each document into sentences, and directly
comparing constituent sentences between documents. We develop a technique based on
earth mover’s distance that leverages the sentence embeddings to better model cross-lingual
document semantic similarity. We demonstrate how this can be used to better identify

cross-lingual document pairs especially on low-resource language pairs.

6.1 INTRODUCTION

While the World Wide Web provides a large amount of monolingual text, cross-lingual
parallel data is more difficult to obtain. Despite its scarcity, parallel cross-lingual data
plays a crucial role in a variety of tasks in natural language processing. Traditionally,
machine translation approaches have leveraged parallel sentences as training data for use with
sequence-to-sequence models. Previous works have also shown that training on sentences
extracted from parallel or comparable documents mined from the Web can improve machine
translation models [113]. Parallel cross-lingual documents can also be used for learning word-
level translation lexicons [I40] [I41]. Other tasks that leverage these parallel data include
cross-lingual information retrieval and document classification. Additionally, cross-lingual
data facilitates training multilingual representations such as XLM [107] which can be used
as input to many downstream NLP tasks yielding language-agnostic NLP.

Document alignment is a method for obtaining cross-lingual parallel data that seeks to
pair documents in different languages such that pairs are translations or near translations
of each other. As seen in Figure [6.1] this involves a one-to-one pairing of documents in a
source language with documents in a target language. While it is possible to manually align
documents across languages, the process is costly and time consuming due to the quadratic
search space for document pairs. Additionally, for low resource languages, identifying these
cross-lingual document pairs is difficult due to their relative scarcity and the scarcity of
human annotators familiar with the languages.

To automate and scale the process of identifying these documents pairs, we introduce
an approach to accurately mine comparable web documents across a variety of low, mid,
and high-resource language directions. Previous approaches have been applied to homoge-

neous corpora, however 