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Large Scale Topic Modeling Using Search Queries:
An information-theoretic approach
by
Eduardo H. Ramirez Rangel

Abstract

Creating topic models of text collections is an important step towards more adaptive informa-
tion access and retrieval applications. Such models encode knowledge of the topics discussed
on a collection, the documents that belong to each topic and the semantic similarity of a given
pair of topics. Among other things, they can be used to focus or disambiguate search queries
and construct visualizations to navigate across the collection. So far, the dominant paradigm
to topic modeling has been the Probabilistic Topic Modeling approach in which topics are
represented as probability distributions of terms, and documents are assumed to be generated
from a mixture of random topics. Although such models are theoretically sound, their high
computational complexity makes them difficult to use in very large scale collections.

In this work we propose an alternative topic modeling paradigm based on a simpler rep-
resentation of topics as freely overlapping clusters of semantically similar documents, that is
able to take advantage of highly-scalable clustering algorithms. Then, we propose the Query-
based Topic Modeling framework (QTM), an information-theoretic method that assumes the
existence of a “golden” set of queries that can capture most of the semantic information of the
collection and produce models with maximum semantic coherence. The QTM method uses
information-theoretic heuristics to find a set of “topical-queries” which are then co-clustered
along with the documents of the collection and transformed to produce overlapping document
clusters. The QTM framework was designed with scalability in mind and is able to be exe-
cuted in parallel over commodity-class machines using the Map-Reduce approach.

Then, in order to compare the QTM results with models generated by other methods we
have developed metrics that formalize the notion of semantic coherence using probabilistic
concepts and the familiar notions of recall and precision. In contrast to traditional clustering
metrics, the proposed metrics have been generalized to validate overlapping and potentially
incomplete clustering solutions using multi-labeled corpora. We use them to experimentally
validate our query-based approach, showing that models produced using selected queries out-
perform the ones produced using the collection vocabulary. Also, we explore the heuristics
and settings that determine the performance of QTM and show that the proposed method can
produce models of comparable, or even superior quality, than those produced with state of the
art probabilistic methods.
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Chapter 1

Introduction

1.1 Motivation

Now more than ever, many activities of life, work and business depend on the information
stored on massive, fast-growing document collections. However, despite the impressive ad-
vances in Web retrieval technologies, searching the web or browsing extensive repositories
are not simple tasks for many users. Very often users pose ineffective queries and need to
reformulate them to better express their intent; unfortunately, producing effective query refor-
mulations to achieve an information goal is not always a straightforward task [11], [33].

The very nature of human language counts among the causes of difficulty and dissatis-
faction of users dealing with information access and retrieval systems like search engines or
digital libraries. Polysemy, the language ability to relate a word to many senses, leads people
to pose short and ambiguous queries. We as humans can easily detect ambiguity, infer the
intended sense based on context and previous experience, or in case of doubt, ask for a clarifi-
cation. However, retrieval systems are required to acknowledge the ambiguity [19] and adapt
their response, whether by picking one of the senses of the query, or by presenting diversified
results.

On the other hand, when queries get longer or users lack enough domain knowledge, it
turns more likely that query terms may differ from the terms in the documents, thus making
relevant documents less likely to be retrieved. This problem has been characterized by Furnas
et. al [26], as the “vocabulary problem” or the “term mismatch problem” and is a consequence
of synonymy in language, that is, multiple words with the same meaning. Currently, in order
to deal with synonymy, the most skilled search users need to infer the words that may appear
on their relevant documents and try different query variations using equivalent terms and ex-
pressions.
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1.2 Computativonal Semantics Approaches

In general, there exist two major classes of solutions to the “term-mismatch” and the ambi-
guity problems reported in literature since the late 80’s. One of the ultimate motivations and
long-term goal of many of such developments, including the one presented in this work, is to
evolve retrieval technologies from lexical matching towards semantic matching, that is, being
able to retrieve documents that do not necessarily include the query terms but solve the infor-
mation need.

The first class of works that we can broadly classify as “supervised”, relies on human-
crafted ontologies or linguistic databases like WordNet [40] to encode semantic relations
between words and concepts. Such linguistic resources allow performing operations like
computing semantic relatedness [43], disambiguating word-senses [64], [37] and expanding
queries using synonyms [65], [39].

The second class of solutions is more general in nature and comprehends a family of
unsupervised methods focused on the creation of statistical models of the collections. In gen-
eral, they take as input the term and document co-ocurrence statistics and attempt to expose
some form of hidden or “latent” semantic structure. An explicit general-purpose model of the
semantic relations in the corpus can be used to answer queries based on semantic (rather than
strictly lexical) similarity, but their applicability can be extended to different sort of seman-
tically challenging problems, such as automatic translation [60], question answering [63] or
semantic advertising [12], [16].

On this line of thought, one of the seminal works was Latent Semantic Indexing [20]
(LSI). They proposed a vectorial representation of words and documents and used linear al-
gebra to create a spatial representation in which documents with similar terms appear close
to each other. As LSI was criticized for lacking a theoretical foundation, Hofmann [32] pro-
posed a probabilistic version of LSI, namely Probabilistic Latent Semantic Indexing (PLSI).
PLSI and all subsequent methods like Latent Dirichlet Allocation [8] (LDA), work under the
assumption that a document can be modeled as a mixture of hidden topics, and that those
topics can be modeled as probability distributions over words. Then, some sort of parameter
estimation algorithm (e.g. maximum likelihood estimation) is applied to the observed data to
learn the parameters of the hidden topics. Authors like Griffiths and Steyvers have character-
ized this family of works as Probabilistic Topic Models [29] and [59].

The idea of modeling collections based on its topics and representing each topic as a
probability distribution of terms is central to state of the art approaches and has additional
benefits versus spatial representations. Also, it has been shown to be a good idea; by using
probabilistic topic modeling methods it is possible to improve access to information in collec-
tions in different application scenarios, such as retrieval [35], [69], or collection browsing [7].
So, on the basis of such evidence, we may confidently state that creating a topic model of the
collection is a necessary step towards more adaptive search engines and applications.

However, due to its high computational complexity the applicability of probabilistic
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topic modeling methods remains limited on large corpus. Moreover, as collection size in-
creases unique scalability challenges emerge [4] [2]. For instance, algorithms require to be
executed in parallel over large clusters of commodity-class machines and exhibit low compu-
tational complexity. In this operational scenario, scalability should be considered in design-
time, not as an afterthought.

1.3 Discrete Topic Modeling

Therefore, in the aim of making semantic modeling feasible on large scale collections, in this
work we propose an alternative topic modeling method based on a simplified representation of
topics as freely overlapping sets or clusters of semantically similar documents. By simplifying
the notion of topic, the problem of Probabilistic Topic Modeling can be reformulated as one
of “Discrete Topic Modeling” and essentially transforming it into an overlapping clustering
problem, allowing us to take advantage of a broad array of techniques existing in the literature.

Among the many clustering methods available, a fairly recent innovation has been found
to be a very natural match for the goals of this research on virtue of its information-theoretic
nature and algorithmic properties. The Co-Clustering method, proposed by Dhillon et. al
[22] is a distributional clustering algorithm that simultaneously clusters data over a two-
dimensional matrix while maximizing the preserved mutual information between the original
and the clustered data.

In contrast to LLDA, the Co-Clustering algorithm exhibits great scalability and has been
used successfully to process very large collections [47] and parallel implementations ex-
ist [42]. -For instance, Puppin et. al [46] proposed an alternative collection representation,
the query-vector document model (QV), where each document is represented as a vector of
the queries that it serves. They used a set of popular queries obtained from search engine logs
to locate together the documents that will likely be retrieved by similar queries.

1.4 Topic Model Validation Metrics

However, when approaching the clustering problem from the collection modeling perspective
we found that the evaluation of the quality of the models was still a challenging task. Valida-
tion of probabilistic topic models was done typically by user studies, which are costly and hard
to reproduce [13]. On the other hand, the metrics used to validate traditional, non-overlapping,

hard clusters are not well suited to validate an overlapping and potentially incomplete cluster-
ing [70], [21].

Therefore, we have defined a novel set of metrics inspired on the notion of “semantic
coherence” interpreted as the probability of randomly sampling two documents from the same
topic or class after having randomly selected a cluster. The proposed metrics use multi-labeled
corpora to measure the quality of overlapping and incomplete topic models in an inexpensive
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and repeatable way. In fact, the proposed validation metrics as such represent one of the main
contributions of this work.

1.5 Query-Based Topic Modeling

The key idea behind our approach to collection modeling is the assumption of the existence
of a “golden” set of highly informative queries, defined as the “topical-queries”, such that
when co-clustered along with the documents, they result in a model of maximum semantic
coherence. We provide experimental evidence to show that a set of queries generated and se-
lected using simple information-theoretic heuristics is superior to the collection vocabulary in
terms of the semantic coherence of the resulting clusters. For that reason, we place a special
emphasis on the analysis of the heuristics that can be used to generate, evaluate, and select
this set of “topical-queries”, and efficiently build collection models.

The Query-Based Topic Modeling (QTM) framework presented in this work, is a scal-
able, information-theoretic, discrete topic modeling method that uses search queries to incor-
porate semantic information into the modeling process. Generally speaking, the QTM method
comprises two broad phases. In the first phase, the collection is processed and heuristics are
used to generate and select a set of candidate topical queries. Then, using the query-vector
document model, the queries and documents are co-clustered. The resulting clusters can be
used to produce two kinds of collection models: a) non-overlapping models, that are essen-
tially “hard” document clusters and b) overlapping topic models, similar to those produced
with LDA, that rely on an estimation of document-topic probabilities.

In terms of model quality, we also show experimentally that by using the QTM approach
it is possible to produce models of comparable quality to those produced by state of the art
methods such as LDA. However, in contrast to other topic modeling methods, the QTM frame-
work can produce the models with very high scalability through parallel execution, as QTM
was designed using the Map-Reduce architectural style on each of its components.

1.6 Contributions

The main contributions of this work can be summarized as follows.

1. An alternative, discrete, formulation of the topic-modeling problem.

2. A set of probabilistic metrics to evaluate the quality of topic models in a repeatable and
inexpensive way using multi-labeled corpora.

3. A set of information-theoretic heuristics that can be used to evaluate and identify topics
in large collections.
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4.

1.7

A scalable query-based modeling framework that can produce models of comparable
quality of state-of-the-art methods in very large collections.

Document organization

The rest of this document is organized as follows:

In Chapter 2, we recall some required retrieval concepts and present the major unsuper-
vised approaches to extract latent topic structures. Also we describe in more detail the
family of distributional clustering techniques, such as those used by QTM.

In Chapter 3, we present formal problem statements for the main tasks approached in
this work and present some of our hypothesis and research questions

In Chapter 4, we describe the information-theoretic basis of our approach to the task
of topical-query identification and perform a quantitative comparison of several query
evaluation functions.

In Chapter 5, we present an integrated overview of the Query-Based Topic Modeling
(QTM) framework and algorithms.

In Chapter 6, we describe in detail the probabilistic “semantic coherence” metrics used
to evaluate the quality of topic modeling and soft-clustering methods.

In Chapter 7, we present our main experimental findings, an analysis on the effects
of the parameters of QTM on semantic coherence and compare our results to those

_generated with LDA.

In Chapter 8, we drive our main conclusions an a schedule for future work.



Chapter 2

Background

2.1 Web Information Retrieval: Foundations and challenges

For some authors, the fundamental problem of Information Representation and Retrieval Sys-
tems is “how to obtain the right information for the right user at the right time” {15]. In
the following sections we discuss the aspects of the IR systems that are more relevant to the
purposes of this work.

2.1.1 Measuring Search Quality

The goal of the ad-hoc retrieval task is to find relevant documents within a collection for
any given query. The ad-hoc retrieval task in the web usually involves short and ambiguous
queries. There are two standard metrics to measure search effectiveness: recall and preci-
sion. The recall metric compares the number of relevant documents retrieved against the total
number of relevant documents. On the other hand, precision measures how many of the re-
trieved documents are actually relevant. Relevancy is determined subjectively by a human
judge and indeed brings some evaluation challenges, as it can vary in every user and every
query. Thus, in order to overcome the problem of subjective judgments, the IR community
has built standardized measurement datasets that incorporate a set of test queries as well as
the predefined set of relevant documents that should return. An example of such benchmark
is the TREC [66] collection, that albeit small, provide examples of queries associated to their
human relevance judgments and is used as a way to objectively and automatically compare
retrieval algorithms without requiring the same human judge to evaluate the results every time.

Precision and Recall are not the only quality metrics for retrieval systems, for instance,
the Normalized Discounted Cumulative Gain (NDCG) metric proposed by Jarvelin & Kekalainen
[34] is gaining acceptance among the Web IR community, and although is also based on hu-
man judgments, it may be used to automate relevance judgments and to use machine learning
techniques to tune the system parameters. In contrast to pure precision/recall, NDCG also
takes into account the position of the relevant results and a degree of relevance, so, the best
score is obtained by an algorithm that presents the relevant results in decreasing order of rele-
vance. On the other hand, the discounting factor is a matter of debate, as it can place excessive
emphasis on the quality of the very top results only.
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2.1.2 Classic IR Models

With clear and unambiguous queries, a human may easily determine if a document in the col-
lection is relevant to a query. However, for IR systems, relevance needs to be approximated
using a similarity function that computes a score for a given query and document representa-
tions. The nature of the relevance function and document representations is the essence of the
retrieval model or strategy.

The basic data structure of the classic approaches to IR is a term-document matrix. The
term-document matrix, assumes that each document is a “bag of words”. According to the
strategy each of the elements of the matrix contains a weight that indicates the relevance of
the term in the specific document.

In the boolean model, the weights were constrained to be 1 or 0, where a term weight of 1
was an indication that the term indeed existed in the document. In other words, documents are
represented as a set of words. When a query was posed, the system retrieved the documents
containing a weight of 1 for each of the query terms. A clear limitation of this system is that
only the documents containing all the query terms will be retrieved, also, there was not any
distinction on how important were the terms in each documents, thus it was not possible to
rank.

In order to overcome the limitations of boolean retrieval, Salton et. al [51] introduced the
vector-space model (VSM). In the VSM, each document is represented as a vector of weights
and each query is represented as a vector of terms assuming that a query and a document
are similar if their vectors point in similar directions. For that matter, some monotonic vector
function is applied, such as the angle or the inner product. The VSM also considers a different
specification of term weights in the document representation based on the frequency of the
collection frequency and in the relative frequency of the term in the document.

The underlying reasoning is that a term that appears in all (or many) documents in the
collections embodies little information about a document, while a term that is included only
in a few documents contains more information about them, this metric is known as the Inverse
Document Frequency [58], and is formally defined as:

idf (i) = log(—)

n;
Where n is the total number of documents in the collection and n; is the number of
document in which the term ¢ occurs.

Finally, the weight for each term ¢ in a document vector is defined also taking into
account the frequency of the term in the document j, and is expressed as:

wi; = tf (4, 3)idf (1)
The previous expression is also known in literature as ¢f*idf. Interestingly, given its

computational efficiency, the fundamental ideas of the “classic” retrieval models are still in
use these days, albeit combined with several web-specific ranking features.
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2.1.3 Web retrieval challenges

Although the Information Retrieval Discipline (IR) has been studied since the second half
of the 20th century, the size and nature of the web has created a new set of challenges to
the IR systems, which have been surveyed by Baeza-Yates et al [3]. For instance, given
the size and its hyperlinked nature, what works well on small plain-text collections is not
guaranteed to work on the web, moreover, it is not guaranteed to work at all. Besides, as
ranking documents in the Web affects a myriad of business interests, many webmasters have
placed effort on developing techniques to win the first places for a considerable number of
queries. The illegitimate techniques that have been invented to climb the ranks have been
catalogued as “Web spam”. Some of the first surveys of the field have been developed by
Gyongyi and Garcia-Molina [30].

Web Search Engines have evolved to become heavily distributed systems. They are
required to perform distributed crawling, distributed indexing and query processing [2], also
they are required to perform well enough to serve thousands of queries per seconds. Current
architectures embrace massive parallelism, where the leading companies operate clusters of
several thousands of commodity-class machines that maximizes price/performance ratio [4].
From the algorithmic standpoint, what this means to any retrieval technology is that it should
be fully distributable, both in order to index the web corpus on a regular basis and maintain
“freshness” as well as to serve queries in fractions of a second using a distributed index.

2.2 Identifying and Modeling Topics in Collections

Broadly speaking, the abstract problem that concerns us is that of identifying the latent topic
structure of a document collection in such a way that may be used to solve other computational
problems such as classification, filtering, translation or retrieval.

The methods greatly vary in their computational strategy, which depends on the initial
assumptions of what a topic is, how topics relate to documents and how topics relate to each
other. However, all the referred methods, including ours, share the baseline assumption that
corpus statistics contain enough information to produce useful results without requirements
of expert knowledge.

The former requirement mostly complies with the “statistical semantics” paradigm, de-
fined by G. Furnas [25] as the study of “how the statistical patterns of human word usage
can be used to figure out what people mean, at least to a level sufficient for information ac-
cess”. In contrast to lexicon approaches, the statistical semantics philosophy pushes towards
the development of fully automated cross-language corpus-based algorithms.

2.2.1 Latent Semantic Indexing

The Latent Semantic Indexing (LSI) method was presented in [23], [20], [5] as a linear alge-
bra based solution to the “term mismatch” problem in retrieval. The LSI method leverages the
term co-occurence in the term-document matrix and applies Singular Value Decomposition in
order to create a reduced matrix, in which semantically related documents appear closer. This
reduced matrix is usually referred as the latent semantic space.



CHAPTER 2. BACKGROUND 9

The method begins by creating a term-document matrix A of ¢ terms by j documents, in
which each a(, j) cell contains the frequency of term ¢ in document j. The SVD factorization
of A may be expressed as:

A=U-%-V*

For the sake of efficiency, the SVD is usually truncated to a k£ number of dimensions.
The values of 3 (singular values) are sorted by magnitude and the top k are used as the latent
semantic representation of A, all other values are set to 0. After defining k the top k& columns
in a new matrix Uy are kept and the top k rows in the matrix V*. Terms may be compared by

computing the inner product of the rows in Uy and documents may be compared comparing
the columns in V}!.

Some concerns regarding the L.ST method are the lack of theoretical foundations [8], [32]
and the computational costs involved in the SVD computation, which is in the order of
O(N?k?®) where N is the number of documents in a collection and % the number of terms,
in addition, the L.SI computations cannot be optimized by using inverted indexes, which are
the base of current web retrieval systems.

In conclusion, the LSI technique is not well suited to be applied on large web collections,
although it has been used to semantically cluster the top result pages in order to improve user
interface. However, the LST method provided strong evidence towards the development of
semantic capabilities using frequency-based metrics.

2.2.2 Probabilistic Topic Modeling

In the following years Hofmann [32] proposed a probabilistic version of LSI, namely Proba-
bilistic Latent Semantic Indexing (PLSI). PLSI and all the methods that followed its approach
work under the assumption that a document can be modeled as mixture of a number of hidden
topics, and that those topics can be represented as probability distributions over words. Then,
some sort of parameter estimation algorithm is applied to the observed data to estimate the
parameters of the hidden topics. In the case of PLSI, the kind of estimation performed is
maximum likelihood estimation (MLE).

Later on, Blei et. al [8] proposed the Latent Dirichlet Allocation (LDA) which was
shown to be a generalization of PLSI by Girolami and Kaban [27]. The key innovation in
LDA was the introduction of fully generative semantics into the model formulation and thus
allowing the problem to be treated by Markov Chain Monte Carlo (MCMC) methods such as
Gibbs sampling. In LDA each topic is represented as a multinomial distribution over words
and each document is represented as a random mixture of topics, sampled from a Dirichlet
distribution. In order to learn the model a topic mixture is sampled from a Dirichlet distribu-
tion, then a topic is sampled from this distribution and samples a word from that topic. The
process is repeated for every word of every document until the full collection is generated.
It is assumed that the words are generated based on the mixture of topic proportions. The
reported complexity of the LDA procedure using Gibbs sampling is O(I K N) where [ is the
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number of sampling iterations, K is the number of topics and N is the total number of word
occurrences in the training corpus [38].

The generative modeling approach introduced by LDA quickly became very popular and
several models have been based on it. In these new models, topics are “first-class citizens”
because they are now explicitly represented using a probability distribution and the task is not
only to estimate its parameters, but also to learn the correlations between topics or to learn a
structure that may be hierarchical, such as in hLDA [6] and non-parametric. Also of partic-
ular interest is in Pachinko Allocation [36] PAM, which can learn arbitrary topic correlations
using a Directed Acyclical Graph. The PAM model also presents algorithmic improvements
into the sampling procedure by challenging the assumption of the randomness of the mixing
proportions and extending the topic representation schema.

Previously discussed models extract latent classes or aspects from the documents, how-
ever the number of classes is usually predefined and the resulting topic structure is a predefined
parameter of the system, so that neither the nature of the underlying topic structure nor their
hierarchical or semantic proximity relations were major concerns. Recently Blei [7] applied
variants of the LDA model to obtain correlated topic models of the Science magazine archives,
and Griffits and Steyvers [28] applied a similar method to the PNAS! database. In both cases,
they usually predefine a fixed number of topics (say 100), so if they run the analysis truncating
the database in time, they could analyze the relative topic “hotness” in time.

Regarding the application of discussed model to retrieval, Wei and Croft created a re-
trieval model for the ad-hoc task based on an LDA topic model. When applied to the ad-hoc
retricval task, the LDA outperformed Cluster-Based retrieval [69].

2.3 Distributional clustering

The concept of distributional clustering was first introduced by Pereira et. al [44] and was
motivated by the word-sense disambiguation problem. The goal of the original algorithm
proposed was to cluster words depending on their different “senses”. One of the key ideas
that define this family of methods was to represent each individual to cluster as a conditional
probability distribution and then, assign each individual to the most likely cluster using ex-
isting information-theoretic distribution similarity measures such as the Kullback-Leibler di-
vergence [18]. Conceptually, an important contribution of distributional clustering algorithms
is that they replace the usage of arbitrary distance or similarity functions in favor of more
objective information preservation criteria.

Proceedings of the National Academy of Science
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2.3.1 Information bottleneck (IB)

Tishby, et. al [62] generalized the original distributional clustering problem presented in [44]
as the problem of self-organizing the members of a set X, based on the similarity of their con-
ditional distributions over the members of another set Y, namely p(y|x). That is, every ele-
ment x; € X is represented by a vector of real numbers that contains the conditional probabil-
ity distribution of x; over another random variable Y, thatis x; = {p(y1|x:), p(ya|xs)...p(y;lz:) }.

So, they reformulated the distributional clustering problem as a compression problem
by expressing it as that of finding a compact representation of X = {z1, z...x;}, denoted by
X = {1, Z2...2x }, where every & € X is a cluster of elements of X, that maximizes the mu-
tual information about Y, (X' ,Y'), subject to a constraint on the mutual information between
X and X. The solution of the stated problem required a balance between the compactness of
the representation, that implied minimizing (X, X), and the preservation of the mutual infor-
mation that implied maximizing [ (X ,Y). Given its double-optimization nature the problem
was identified as the “Information bottleneck” (IB). From a pure information-theoretic per-
spective, the IB method could also be described as the problem of finding the relevant infor-
mation that a signal X provides about another signal Y. In simpler terms, and considering the
document-clustering problem, the IB method finds a partition of the documents that preserves
as much as possible the mutual information about the words, each document represented by a
conditional probability distribution over the words of the collection.

Interestingly, the authors found that the IB problem had an exact analytical solution,
and proposed a greedy, locally optimal, agglomerative clustering algorithm, namely the Ag-
glomerative Information Bottleneck, (alB) [55]. The alB method had the advantage of being
non-parametric with respect of the number of clusters but it came at very high computational
cost; specifically its time complexity was in the order of O(]X|3). Such high complexity of
the alB was due to the fact that it required pair-wise comparisons between elements in order
to perform the best possible merge at every step. Moreover, the agglomerative procedure was
not guaranteed to converge to a global optimum.

Thus, in later works, Slonim et. al [54] presented a remarkably more efficient algorithm,
the Sequential Information Bottleneck (sIB) and showed that it outperformed alB in both clus-
tering performance and computational complexity. In contrast to aIB, the sIB method required
a number of clusters to be found and then starting from an initial random partition, at each
step one element was re-assigned to the best possible cluster until no further improvements
were possible.

Finally, with respect to the document clustering application, the same authors proposed
the Double Information Bottleneck method (dIB) [56]. Notably, the dIB algorithm introduced
the idea of clustering both dimensions X and Y to improve the overall result. In the dIB
method, first the words Y are clustered and a set of word clusters Y that preserve information
about the documents is found. Then, documents were clustered in relation to the discovered
word clusters. A very relevant finding of this work is that by clustering the two dimensions the
results improved and the dimensionality of the problem could be reduced. The dIB method
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however was based on alB and thus it suffered from the same performance drawbacks.

2.3.2 Co-Clustering

The authors of the dIB method described above were aware that a natural generalization of
their work consisted of achieving a simultaneous compression of both dimensions of the co-
ocurrence matrix, however, such generalization was proposed by Dhillon, et. al. [22] although
under slightly different settings. The Co-Clustering algorithm benefited from a fresh perspec-
tive and approached the problem of simultaneously clustering rows and columns from an input
matrix representing the joint probability distribution of the variables p(X,Y’) while maximiz-
ing the preserved mutual information (or minimizing the mutual information loss) along both
dimensions.

In contrast to the IB methods, the Co-Clustering algorithm required the number of rows
and column clusters to be specified beforehand. By doing so, it decoupled the clustering
problem from the model selection problem and thus it created opportunities for achieving
greater efficiency than preceding techniques. In that sense, co-clustering avoided the double-
optimization issue present in IB methods and worked towards optimizing a unique global
criteria, defined as the minimum loss of mutual information between the original joint prob-
ability distribution p(X,Y’) and the joint probability distribution of the clustered variables
p(X,Y). So, the optimal co-clustering solution is the one that minimizes I(X;Y) — I(X;Y).
The co-clustering algorithm is guaranteed to converge to a local minimum after a fixed num-
ber of steps.

On each step, the co-clustering algorithm re-assigns a row and a column to a different
cluster. However, instead of performing element-to-element comparisons, it compares the
evaluated element against the cluster-prototypes, which can be thought of as “centroids” in
the context of k-means. As a matter of fact, the ability of algorithms such as k-means or
co-clustering that only require performing comparisons against a cluster representative, is a
defining feature to achieve good scalability. The computational complexity of co-clustering
is given by O(n, - 7 - (k + 1)), where n, is the number of non-zeros in the joint distribution
p(X,Y); T is the number of iterations; k and { the number of row and column clusters respec-
tively.

Very recently, alternative versions of the co-clustering algorithm have been proposed in
order to produce soft-clusters. Among the methods that address such problem we can name
the Bayesian Co-Clustering [52] and the Latent Dirichlet Bayesian Co-Clustering method
[68].

2.4 Discussion

Probabilistic topic models are a flexible and theoretically sound approach to learn topics in
collections, however in relation to our area of concern which is (very) large scale collection
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analysis, the main limitation of the approach is the computational complexity which is heav-
ily dependent on the number of topics in the model. Although there have been interesting
proposals on how to improve the efficiency of the sampling [45] or performing distributed
inference [41], achieving greater scalability for very large corpora seems to imply a trade-offs
in the quality of the estimations by limiting the number of topics below the optimal values
and reducing the sampling iterations before the convergence zone. In other cases, improving
scalability may require the implementation of model-specific optimizations that result on a
loss of generality of the models [69].

We conclude that there exists a need for an alternative approach to the abstract topic-
modeling problem, designed to work well in the scenarios where the following conditions are
satisfied:

a) It is considered good enough to know the top-k most probable words for a topic
without a specific ordering or probability value estimation (this simplified presentation is in
fact a usual way to describe the results of the topic modeling process).

b) In terms of the topic proportions of documents it is considered good enough to know
which topics are covered in the document, without requiring the assignment of specific prob-
ability values to each topic.

c) The size of the collection is in the order of millions of documents of variable length
and the number of topics is unknown and presumably very large?.

d) There exist state-of-the-art search engine technology, such as the ability to do parallel
processing in map-reduce style and to serve thousands of queries per second using distributed
indexes.

2Consider Wikipedia, if each article is considered a topic, the number of topics would be in the order of
hundreds of thousands



Chapter 3

Problem Statement

In this chapter we attempt a formal treatment of the problems of interest of this work. First
we will define some of the concepts used throughout the discussion in a formal way, then,
we will specify the goals and the tasks that represent our problems and discuss the relations
among them. Finally, once the formal elements are developed, we will move to discuss on a
higher level our hypotheses, assumptions and research goals.

3.1

3.2

Preliminary definitions

Let D = {d,,ds...d,} be the document corpus of size N,

Let W = {w;, w,...wp, } the vocabulary of all terms in the corpus and @ be the set of all
boolean queries g; that may be defined over the vocabulary W that will match at least
one document from D. Also, given that each w; € W is a query itself, then W C Q.

Let L(d;) = {l;1, li2...Lir } be the set of topic labels assigned to document d; by a human
judge. We say that two documents d;, d; are semantically similar they have at least one
label in common, that is, if {L(d;) N L(dy)} # 0.

A topic is T; C D is defined as a set of documents. From the practical point of view,
it is desirable but not essential, that such sets are comprised of semantically similar
documents in accordance to human judgment.

A topical-query denoted by ¢; € Q*, Q* C @ is a query that retrieves semantically
similar documents, therefore, according to previous definition is a query that retrieves
documents containing the same labels.

Formal task definitions

The definition of a topic as a set of documents allows producing an alternative, discrete for-
mulation of the topic modeling problem that we have denominated “Discrete topic modeling”
(DTM). However, the DTM task is a very generic one, so, we also define the Query-Based

14
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topic modeling task, a particular instance of the DTM task which embodies our baseline ap-
proach to the problem, as it specifically requires the usage of search queries to solve the DTM
problem. In this section we will present the formal definitions of the previously introduced
DTM and QTM problems as well as the topic-identification task, a subproblem of QTM that
initially served as a motivation to our research.

3.2.1 Discrete topic modeling task

We define the general discrete topic modeling task (DTM) as the problem of finding a clus-
tering of D in K clusters: U = {uy, ..., ux } with maximum semantic coherence with respect
to human judgment. As naturally occurring, topics may overlap across documents and a sin-
gle document may belong to several topics, so, the clusters in U that model the “real” topics
are also allowed to overlap each other. For the purposes of this work, semantic coherence 1is
defined as the harmonic mean of two quantities:

e The probability of randomly selecting two documents from the same topic taken from
a randomly sampled cluster, denoted by Ppyy.

e The probability that a randomly selected document is included in at least one cluster,
denoted by Ry.

Which can be expressed as:

FO(U - 2Ppy Ry

— M 3.1
Ppy + Ry G-1)

The metric described in formula 3.1 is a form of the well-known F-score and as such,
it accounts both for the completeness and for the coherence of the clustering under consid-
eration. As simple as it may sound, the computation of the “coherence” probabilities is not
trivial and deserves a detailed discussion that will be offered in chapter 7. However, the dis-
crete topic modeling task along with the semantic coherence metric serve as the foundation
to compare probabilistic topic modeling approaches with alternative soft-clustering and over-
lapping clustering algorithms such as the one presented in this work.

3.2.2 Query-based Topic Modeling task

The Query-Based Topic Modeling (QTM) problem is a particular instance of the Discrete
Topic Modeling task and it can be defined as follows: Given a text document collection rep-

resented as a query-document co-occurrence matrix, where the rows of the matrix can be any
subset of (), find a:

1. A set of topical queries Q* that maximizes the coherence of the clustering

2. A semantically coherent clustering of D in K potentially overlapping clusters,



2) Produce a discrete
topic model:
U={T, T, . T}

1) Identify a subset of
queries
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So, in order to approach this problem, we need to assume the existence of a hypothet-
ical, ideal “semantic force” function F'(g; € @) that assigns a high value to the queries that
retrieve semantically similar sets of documents and perfectly selects the queries to include
in the QTM process. The problem then, is to find a practical and economic approximation
to such ideal function. By “economic” we mean that the function should decrease the total
computational effort required to create a topic model, or in other words, it should be worth
computing.

Ideally, a good evaluation function should be able to detect if a query is likely to be
informative without the need to analyze its retrieved documents.

3.3 Hypothesis and Research Questions

This work approaches a known general problem from an alternative perspective, so, broadly
speaking, our hypotheses and research questions are developed around the feasibility of achiev-
ing similar results to state-of-the-art methods in scenarios where they are not suitable to be
used, such as very large scale collections. Concrete hypotheses, presented below, are related
to each of the building blocks of the proposed approach, such as the representation scheme,
the underlying theory and the algorithmic solution.

3.3.1 Latent Semantic Structure Representation

Based on existing evidence we may state that some form of latent structure representation can
be used to improve retrieval and other information access applications.

We have seen several approaches put to work based on different notions of what a topic
is, such as LSI [5] where the notion of topic is implicit on the semantic distance of words and
documents or as in Probabilistic Models, where topics are represented as probability distribu-
tions of terms [59].

Therefore, at this point we consider reasonable to hypothesize that our proposed rep-
resentation, of topics as sets of documents associated to a topical-query would be at least as
useful as the probabilistic representation in terms of retrieval performance.

3.3.2 Feasibility of the Information-Theoretic Approach

In 1972 Karen Spark Jones proved that the weighting of query terms based on its relative
frequency can improve retrieval performance [58] and since then, the IR community have
been successfully using and exploring such frequency-based weighting schemes, like tf-idf.
It has been shown that tf-idf is closely related to the information-theoretic notion of informa-
tion gain also known as Kullback-Leibler divergence [1]. Under this framework tf-idf can be
interpreted as the decrease of uncertainty about the document relevance given a query. Al-
though there are several other interpretations of tf-idf [50], the value of such measures is their
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usefulness to relate the term frequency to its specificity.

Regarding to the topic discovery problem, in works like Sista [53], tf-idf was used to
select topic labels and topic support words. Their results included a user study, showing that
the topic labels found by tf-idf weighting were in general acceptable to human readers. More-
over, as the computational cost of computing tf-idf is very low, it seems promising to apply in
some form to large scale collections analysis.

Therefore, based on previous theoretic and experimental evidence, we hypothesize that
there is a family of functions, similar in principle to tf-idf that can be used to identify good
topical-queries. Those functions would assign higher values to queries that retrieve sets of
semantically similar documents than to those queries that not. Provided with such functions,
it would be possible to identify topics in the corpus by only looking at term frequencies and
avoiding document-to-document comparisons.

Finally, assuming that the topic representation scheme contains enough information to
provide useful results and that a “lightweight” function may be used to capture the topics, we
need to presume the existence of a low complexity, parallelizable algorithm to create the topic
model. Such an algorithm would be required to make the method available in large scale.

3.4 Objectives
At the end of this work we expect to accomplish the following objectives:

e Metrics and theory. To produce a fast and theoretically sound formula to measure se-
mantic force of a query.

e Algorithms. To design a scalable algorithm that can be used to identify the topics in the
collection and create a model based on the notion of topics as sets of documents. The
complete modeling algorithm should include a discovery phase, in which many poten-
tial topics may exist and an optimization phase, in which the maximum semantic force
per retrieved document is calculated and the final set of topical-queries is determined.

e Benchmarks. To define a robust benchmark for the topic modeling task, in order to
measure the performance of a topic modeling algorithm against human judgment. That
benchmark should include a pure “identification” task and may include a retrieval task.

e Prototypes. After having experimentally validated our approach, we should deliver pro-
totype software that could be used to replicate the experiments and serve as a reference
to more robust implementations.



Chapter 4
Topical-query identification

In this chapter we describe the information-theoretic basis of our approach to the problem of
identifying a small set of queries that contain a significant amount of the semantic information
of the collection. Recalling from previous chapter, for each given a query, we are interested
in obtaining a fast estimation of the semantic similarity of its retrieved documents without
actually analyzing the documents.

4.1 Estimating semantic force of queries using KL

When approaching the topic identification task as a search problem over a query-space, the
fundamental challenge that arises is that of producing a low-cost approximation to the ideal
function F(¢; € Q). While it would be almost unavoidable to execute the query, to perform
document-to-document comparisons of the retrieved set would be prohibitive in terms of com-
putational cost. So, as the basis of our approach we propose a sound way to perform simple
query alterations and measure the amount of information in result sets without performing
extensive comparisons.

Let ¢; be a boolean query defined over a set of k& words of the vocabulary and W (g;) the
set of its terms, W (g) = {wy,ws...,w} Now, we define two events for the experiment of
selecting a random document of the corpus.

Let x be the event of retrieving a document with “any” of the terms of the query g;. So,
the probability of P(x) is the probability of selecting a document retrieved by the query o;,
which is defined as a disjunctive (OR) query that matches any of the terms in W (g;), such that
0; = {wy Vws... Vwg}.

Let y be de event of observing “all” the terms of the set W (g;). So, its probability P(y)
would be computed as the probability of selecting a document retrieved by a conjunctive query
with all the terms of W{g;), like a; = {w1 A wa... Awg}.

As x and y are not independent events, we may notice that there exist the conditional

event of observing all the query terms after having observed any of them with probability
distribution P(Y'|z). So, we propose to approximate the semantic force F'(¢;) computing the

19
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Figure 4.1: KL-divergence as semantic force

Kullback-Leibler divergence [18] or information gain over this two» events. KL-divergence is
formally defined as:

K(P(Y

2P = 3 plgsla)iogBt) @)
7 e p(Y;)
Where P(Y') is the probability distribution defined over the discrete random variable Y —
{y,—y}. And p(y;) is the individual probability value for the event y; as defined by the dis-
tribution P(Y"). In analogous way, P(Y |z) is a discrete probability distribution that assigns
probability values p(y;|z) to the conditional events {y A z, ~y A z}.

The KL-divergence can be directly interpreted as how much more certain we are about
the fact that our randomly selected document will contain all the words of the query (y),
given that it has any of them (x). The equation 4.1 measures the divergence about probability
distributions, so we must take into consideration the complemehts of our events of interest
(—y). In addition, we introduce a minimum frequency threshold parameter = that causes the
function to evaluate to O whenever the number of documents retrieved by query vy, expressed

by n(y) is less than 2. So by convenience we may express the proposed evaluation function
as:

g )i<iz, 10
Flaies {n(y) >z, plyle)logB¥s + (1 — p(ylz))log FAr) )

The proposed function leverages the fact that semantically similar documents are more
likely to have similar terms that those unrelated. So, if the query terms retrieve similar sets of
documents whether executed as a conjunction or as a disjunction, we may infer that the query
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Table 4.1: Performance for top-10 best identified topics using KL-divergence

Topic RelevantRetrieved Retrieved Relevant Precision Recall Fscore
soybean 113 119 120 0.950 0.942 0946
sorghum 24 24 35 1.000 0.686 0.814
wheat 287 401 307 0.716 0.935 0.811
sugar 119 128 184 0.930 0.647 0.763
silver 25 30 37 0.833 0.676  0.746
rapesced 22 24 35 0.917 0.629 0.746
coffee 84 91 145 0.923 0.579 0.712
rubber 26 27 51 0.963 0.510 0.667
rye 1 1 2 1.000 0.500 0.667
grain 286 286 628 1.000 0.455 0.626

terms are semantically similar and thus, the retrieved documents also may be.

In figure 4.1 we present a plot of K (P (Y |x)||P(Y')) in the range [0, 1]. From the graph
behavior we can observe that it will favor queries whose terms are infrequent ( p(y) =~ 0)
and tend to co-occur with high probability ( p(Y'|z) ~ 1). As earlier noted, in practice this
behavior require us to set a parameter z € N to assign a value of 0 to the topics below a
minimum size of interest. If z = 1, it will tend to favor document-specific topics.

4.2 Experimental validation

In this chapter we present two different experiments using the Reuters-21578 corpus to show
the feasibility of the method and to provide a descriptive comparison of the properties of the
presented evaluation functions. For this set of experiments, the Reuters-21578 corpus was
splitted into 109,120 sentences from which 2,735,795 candidate queries were generated. We
set z = 2 to accept all potential discovered topics with more than two documents. In order
to show how the proposed function compares with alternative approaches we compare the

proposed KL-Divergence based semantic-force with some alternative functions, defined as
follows:

¢ Query mutual information (MI). This function is similar in nature to the described in eq.
4.2 as it uses the mentioned events P(y) to denote the probability of occurrence of all the
terms of the query and and P(x) to denote the probability of any of them. The mutual
information is a measure of the dependence of both quantities and is also interpreted as
the expected information gain.

QMIX,Y) =) pla) KL(P(Y|z)||P(Y)) 43)

r;€EX

As it can be observed, the mutual information function holds a strong relation to the
presented KL divergence function but it incorporates more clearly the frequency of the
terms of the query by using P(X).
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Table 4.2: Average topic identification performance

Precision Recall F-Score
KL-Div 0.767 0.375 0.441
TF-IQF 0.788 0.239 0.312
QMI 0.929 0.014 0.028
QF 0.728 0.181 0.245
IQF 0.870 0.075 0.124
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4.3 Chapter summary

In this chapter we have outlined the information-theoretic principles that have been used to
design query evaluation functions that can identify topical queries in a collection. Also we
presented with greater detail the KL-divergence function to efficiently estimate the semantic
force of a query without looking at the retrieved documents.

In absolute terms the results of the five studied functions (KL-Div, TF-IQF, QMI, QF,
IQF) were poor for the proposed tasks, especially for the topic label identification. However,
please keep in mind that the presented experiments are intended to show the properties of
the different evaluation functions in terms of the queries that they select and the relation with
the labeled concepts of the collection (topics, places, organizations). In chapter 7 we will
clearly visualize the impact of the evaluation function properties in the final outputs of the
topic models.

We have shown that it is possible to find topical-queries by performing simple query
alterations and computing fast information-theoretic functions that only require counting the
number of results to infer semantic similarity. Some of the best identified topics are presented
on table 4.2, interestingly among this set of particularly well identified topics we can count
topics with more than 600 relevant documents such as “grain” as well as others containing
only 2 documents, such as “rye”. Our intent is to present this results as preliminary evidence
of the potential of the technique to match the human topic assignments. A more robust bench-
mark will be presented on chapters 6 and 7.



Chapter 5

The QTM framework

5.1 Introduction

In this chapter we propose the Query-Based Topic Modeling (QTM) framework, an information-
theoretic approach to build semantic models of large text collections. In contrast to Probabilis-
tic Topic Modeling (PTM) methods like LDA, QTM models topics as overlapping sets of se-
mantically similar documents associated to “topical-queries”. A simpler notion of topic drives
computational advantages, for instance, in QTM a mixture of topic probabilities is estimated
for each document, however, the estimation of term-topic probabilities is not performed at all.
In addition, the QTM framework follows the map/reduce style of design, relying as much as
possible in stream-oriented operations, which significantly decreases the amount of memory
required to run the algorithm and allows operations to be performed in parallel.

‘ The chapter is structured as follows. First, we will describe the main processes and
components of the framework and the technical decisions justifying the approach. Then,
we will discuss some theoretical aspects regarding specific component implementation that
were explored in the course of the research, concretely regarding the evaluation functions.
Finally, we will propose a model description notation that will be useful to walk trough the
experimental aspects of the work.

5.2 The QTM process

The query-based topic modeling framework (QTM) illustrated in figure 5.1 summarizes our
approach to collection semantic modeling. Given a raw document collection, the QTM pro-
cess can generate two kinds of models. The simplest is a traditional clustering, with non-
overlapping partitions where every document is guaranteed to belong to exactly one partition.
The second type of model is an overlapping clustering, where a document may belong to zero
or more partitions. Depending on the type of model that is to be generated the process could
take 3 to 4 phases, described as follows.
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proposed approach assumes a “bag-of-sentences” document model rather than a pure “bag-
of-words” document model.

In this regard, we have explored several methods to generate candidate queries, such
as creating term combinations and computing the sentence n-grams. One method that has
produced good results is based on a technique developed by Theobald et. al [61]. Interest-
ingly, the technique was designed as a method to find duplicated documents by generating
its semantic signatures or spot-sigs. The method basically consists on splitting the sentences
using a short list of stop-words or function words as markers. In our final method, we first
split the list using the stop-words, and then generate additional 2-element combinations of the
resulting units and keep all the queries that contain 2, 3 and 4 words. In our implementation,
resulting units longer than 4 words were splitted into shorter units of 2 or more words.

Figure 5.1 also shows the parameters that should be set on each phase of the QTM
process. At this step the parameter ¢, is set to specify the chosen candidate generation method
using discrete values. For instance ¢, = S would stand for Spotsigs as ¢; = NN would for n-
grams.

5.2.3 Candidate query evaluation

In general, the evaluator component could be any program that reads the candidate query
stream, line by line, evaluates each query and writes to the evaluated query stream. The eval-
uation results are used to rank and select a subset of the candidate queries in latter phases
of the process; thus, the evaluation function is an heuristic that should help deciding which
queries to keep and which queries to discard. Good evaluation functions should be “cheap” to
compute.

In the course of this research, we have explored functions that leverage the information-
theoretical properties of the query terms to infer properties about the retrieved documents
without actually retrieving them, by only considering the hit counts of some alterations of the
original query.

Candidate queries are evaluated using one of the semantic force functions proposed in
chapter 4. Each evaluation could require sending queries to an index server. Depending on the
size of the collection, the index may be located on a single machine, distributed to the nodes in
the map/reduce cluster or accessed remotely from an index-serving cluster. Each deployment
has different implications that need to be further researched.

As shown in figure 5.1, the chosen evaluation function is represented by the discrete
parameter  that can take values such as ¢ = K L to indicate that a QTM instance will use the
Kullback-Lleibler divergence as evaluation function, or ¢ = M1 to specify that the queries
will be evaluated according to its contribution to the mutual-information about the documents.
In addition, the z parameter, a positive integer, is used to determine the number of retrieved
results threshold below that all the queries evaluate to 0.
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d;. So, we transformed our collection representation using a variant of the Query-Vector doc-
ument model (QV), originally proposed by Puppin and Silvestri [46]. In the QV document
model each document is represented by a weighted vector of queries that retrieve it. Then
those query-document vectors are used to create a contingency matrix that can be interpreted
as a joint probability distribution of documents and queries. A schematic representation of
the query-documents co-clustering process starting from a QV document model is shown in
figure 5.2 1.

It is important to notice that in Puppin’s original model, the weights of the vector terms
representing d; were assigned based on the rank of the document d; for each query g;, whereas
in our case an equal weight was assigned to every document ranked below a specified cut value
h. We decided to assign an equal weight to each retrieved document in order to better con-
trol the effects of the ranking function on the final model. Documents are ranked using the
Apache Lucene’s default scoring function, which essentially uses the tf-idf term weighting
over a vector-space document model. We will show experimentally that our strategy pre-
serves enough information to build the model, however, the effects of the ranking function
and its potential to provide additional value by incorporating information such as linkage or
term prominence is a problem that remains to be explored.

Finally, in our implementation, the co-clustering algorithm requires a single parameter
k, to specify the number of row (queries) and column (document) clusters to be produced. If
the application under consideration can work using non-overlapping partitions, the results of
this phase can be considered the final output of the QTM process.

5.2.6 Soft-clustering generation and discretization

The final steps of QTM process deal with the problem of generating an overlapping partition
of the document collection taking as input the non-overlapping query and document partitions
generated by the co-clustering algorithm. The resulting overlapping partition of the corpus,
identified by U will be considered the final representation of the topic structure.

In general, the strategy employed to generate the overlapping clusters is to first to gen-
erate a “soft” clustering based on an estimation of document-topic probabilities and then dis-
cretize the document-topic probabilities to create “hard” document-topic associations using a
threshold value s;.

The probability of the document d; belonging to a given topic U, is estimated by the
number of queries matching d; that belong to query cluster (), divided by the total number
of queries that match the d;.

2 >i(q5 € Q)
d; eU,) == - ¥ 5.1
Pl 4 € ) Zz qij e-b

Where {q1, q2j, ---Qnj } is the list of queries that match document d;.

!Figure 5.2 adapted from Puppin, et. al 2007



CHAPTER 5. THE QTM FRAMEWORK 31

5.3 Model description notation

The QTM process shown above can be think of as “template” to create specific collection
models, depending on the concrete method and parameter choices.

So, in order to describe individual instances we will need to introduce notation to for-
mally describe its properties.

As shown above, the end result of the QTM process is a partition or clustering of the doc-
uments of the collection. Generated partitions could be complete, non-overlapping just as in
a traditional clustering algorithm or can be overlapping and without completeness guarantee.

5.3.1 Model for non-overlapping partitions

Let Qs be an algorithm instance that produces a set of non-overlapping partitions denoted
by U. A model instance will be specified by the expression:

U~ QTM(Cya(pazacsfanmk)h)

Which can be read as the partition U produced by algorithm () where the following
parameters have been specified:

cg  Candidate query generation method.

@: Candidate query evaluation function.

e 2: Minimum query results allowed.

¢s: Candidate query selection method.

n.. Number of selected queries.

k: Number of topics to construct.

h: Number of hits per query to include in the query-vector representation.

5.3.2 Model for overlapping partitions

In analogous way, we willAuse the literal QTM to denote a QTM algorithm that produces a set
of overlapping partitions U, with a model formaly defined by the expression:

A

U~ QTM(Cga @y Z, Csy Ny k, h) Sm, St)

The parameters required to build an overlapping model ¢y, ¢s , n¢, k and  are the same
as in Q 1y, plus two additional parameters:

® s, Soft-clustering generation method.

e s;: Soft-clustering inclusion threshold
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5.4 Computational complexity and scalability

The computational complexity of a single node running QTM depends on the phase of the
process. For the candidate generation and summarization phase, the time complexity is in
O(N), the evaluation methods considering that they require at least one lookup, would be
in the order of Nlog(W) where W is the size of the vocabulary. In analogous way, the co-
clustering phase would take O(2 - I - n, - K) steps, where I is the number of iterations, n,, is
the number of non-zeros in the QV matrix, which is bounded by the hits and the number of
selected candidates O(h - s.) and K is the number of clusters, assuming that the number of
query and document clusters is the same.

When analyzed on a single node, QTM’s computational complexity can seem very simi-
lar to that of LDA, which, using Gibbs sampling has a complexity of O(I N K') where N stands
for the total number of word occurrences in the corpus. However, the problems of LDA are
more evident when the data grows and a parallel version of the algorithm is required to run.
As reported by several authors like Liu [38] and Chen, et. al [14], parallelizing LDA under the
Map-Reduce paradigm is hard as the algorithm presents memory and communication bottle-
necks. For instance, Chen, et. al. report that “parallel LDA can achieve approximately linear
speedup on up to 8 machines. After that, adding more machines yields diminishing returns.
When we use 32 machines, the communication time takes up nearly half of the total running
time”.

One of the main motivations to propose QTM was to obtain enhanced scalability with
respect to existing probabilistic methods like LDA. So, despite the apparent similarities on
single-node computational complexity, the key to QTM scalability is the simpler topic repre-
sentation, that allows the usage of the co-clustering algorithm at the most complex phase of
the QTM process. In contrast to LDA, co-clustering has been shown to be end-to-end map
reduce scalable by Papadimitriou, et. al. [42].



Chapter 6

Topic Model Validation Metrics

6.1 Introduction

Evaluating the performance of techniques such as LDA, LSI or any other unsupervised mod-
eling algorithm including QTM is a non-trivial problem, especially when it comes to drawing
strong conclusions about the quality of the models. In this chapter we present a novel set of
metrics that can be used to perform external validation of the semantic coherence of topic
modeling and soft clustering methods using multi-labeled corpora such as Reuters-21578 or
20-Newsgroups.

The proposed topic modeling validation approach is based on transforming the topic
model under analysis into a “hard” overlapping partition by discretizing the “soft” document-
topic associations. The proposed metrics are based on alternative interpretations of widely
accepted concepts such as “precision” and “recall”. In addition, the presented validation ap-
proach has among its advantages:

1. An intuitive and explicit probabilistic interpretation.
2. Applicability to validate overlapping and incomplete partitions.

The rest of this chapter is organized as follows. In section 6.2 we establish the notation
and the main objects involved in our analysis. In section 6.3 we briefly discuss the nature of
the existing approaches to cluster validation and perform a dissection of the Fowlkes-Mallows
Index in order to clearly expose its underlying probabilistic principles. Then, based on the
previous analysis, we propose a generalized version of it that can be applied to overlapping
and incomplete clustering solutions. However, by working on this generalization we became
more aware of its limitations, so, in section 6.4 we propose some alternative metrics based on
similar principles but of simpler interpretation. Finally, we show how the proposed metrics
can be approximated using Monte-Carlo methods.

6.2 Notation

Once the soft-clustering solution, of a multi-labeled corpus, is discretized to obtain the cor-
responding hard-clustering, the problem to be faced with consists to correctly evaluate the

33
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Table 6.1: Cluster-class contingency matrix

Classes
C1 Cy Cg b3
Uy | N1 | 12 | - | Nis | Mx
Cluster up | Ngy | Moz | ... | Na2s | Max
Uk | k1 | k2 | -~ | Tks | Thkx
Y Mt | Mg | o | Mus | M

quality of the resulting overlapping partitions. Let us first introduce the terminology and the
notation which will be used in the rest of the paper. Every “hard-clustering” problem applied
to a multi labeled document corpus involves the following elements:

e adataset D = {dy, ..., d,} consisting of n documents;
e apartition of D in K clusters: U = {uy,...,ux};
e apartition of D in S classes: C = {cy, ..., cs}.

Most of the existing validation metrics [70] can be expressed in terms of a |U| x |C|
contingency (Table 6.1) where the content of each cell n;; represents the number of documents
belonging to cluster u; and class c;.

In the special case where clusters do not overlap and the document corpus is singly
labeled, the following properties hold:

2. u;Nuy =P Vi, j=1,..., K with ¢ # j: there is no “overlap” between the elements of
the cluster partition;

3. Ny =0Vi,j =1,..,S with i # j: there is no “overlap” between the elements of
the class partition.

In this work we consider the case where the aforementioned properties cannot be as-
sumed to hold. Indeed, in a realistic setting

e the thresholding procedure used to move from soft to hard clustering, may result in
some documents being unassigned;

e a document can be assigned to more than one cluster;

e the document corpus is multi-label and thus in principle every document can be assigned
to one or more classes.
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6.3 Topic Model Validation Approaches

When it comes to validating topic models, two approaches are usually followed: The first
consists of measuring the performance of a machine learning task such as classification or
retrieval, which introduces new variables and interactions into the problem and as a conse-
quence it makes hard to make inferences about the underlying quality of the models, unless of
course the problem of interest is the performance of the retrieval or classification task as such.
The second approach that has been used consists of user studies, which is valid in principle,
but in practice suffers from lack of repeatability and it is difficult to compare anything against
results reported elsewhere. Also, as employing human time is costly and time consuming,
many of the reported results tend to be small, which hurts the significance of the results.

The problem of validating topic models, without relying on the performance of a task,
was recently addressed by Chang et.al [13]. Their work, the first in that direction, shows by
means of user studies that some problem exists when using supervised classification predictive
metrics. Considering topic models as a particular form of soft-clustering models brings the
attention to previous contributions concerning cluster validation. It is worthwhile to notice
that most of the works on external clustering validation deal with the case of non-overlapping
partitions of uni-labeled corpora. A comprehensive review of the traditional metrics used to
validate non overlapping partitions can be found in [70] and [21].

6.3.1 Dissecting the Fowlkes-Mallows index

Among the existing cluster validation metrics, one of particular interest is the Fowlkes-Mallows
index [24], [67] (hereafer referred to as “FM”). Using the contingency matrix notation from
Table 6.1, the FM index is defined as follows:

6.1)

o, 05)

To analyze the FM index the following events, associated with the random sampling of two
documents d, and d; from a given documents corpus, have to be defined:

e S.,: dy and d; belong to the same class;
e S,.: d; and d; belong to the same cluster;
e S..c.: dy and dj belong to the same cluster and class.
To denote the event of d; and d; belonging to class c¢; we write Se.;» whose probability
is given by:
(")
2
(")
where A(n.., 14, 2, 2) represents the probability value, according to the hypergeometric dis-
tribution, to obtain 2 successes in a sampling without replacement of size 2, from a population

P(S;) = = h(Nasy Nsjy 2, 2) (6.2)
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of size n,, that contains n,; successes. In a similar manner, we write S, to denote that d; and
dz belong to cluster ¢;, where the corresponding probability value is given by:

P(S,,) = % = h(Nsx, Nin, 2, 2) (6.3)
2

The probability of two documents belonging to the same class can be computed from expres-

sion (6.2) to be:
1 i
P = P = 1 5 (64
J

2 J

while the probability of two documents belonging to the same cluster can be computed from
expression (6.3) to be:

P(S4,) = Z P(Sy) = (nl—) > <n2> (6.5)

2 i

Finally, the probability of two randomly sampled documents, without replacement, to belong
to the same class and cluster is:

P(Su.c.) = 2}: P(Sue;) = (nl—) > (";) (6.:6)

2 iJ

Then, the conditional probability that two randomly sampled documents, without replace-
ment, belong to the same class given they belong to the same cluster is:

P(Su*c*) — Zij (néj)
P(Su) 3 (%)

while the conditional probability that they belong to the same cluster given that they belong

to the same class is:
P(Su*c*) _ Zi]’ (n2”>
P(S.) (%)
It is worthwhile to notice that the FM index (6.1) can be obtained by computing the
geometric mean of the conditional probability that the pair of sampled documents belong
to the same class given they belong to the same cluster (P(S,,|S,,)) and the conditional

probability that the pair of sampled documents belong to the same cluster given they belong

to the same class (P(S,,|S.,)). Therefore, expressions (6.7) and (6.8) allow us to write the
following:

P(S.,

Su,) = (6.7)

P(S..|S..) =

(6.8)

FM = \/P(S.,|8.)P(Su.15.). (6.9)

The previous formulations can also be expressed in terms of the hypergeometric distribu-
tion. This is helpful for computational purposes and to better understand the properties of the
considered metric. For instance, by expressions (6.3) and (6.5), the probability to sample two
documents from the same cluster, could be rewritten as follows P(Sy,) = D, b7k, Nix, 2, 2)
while the probability to sample two documents from the same class becomes P(S.) =
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> h(nax; naj, 2,2). In a similar fashion, we have P(Sy,c,) = D ;i h(nu, 45,2, 2). Thus,
the conditional probabilities expressed above can be rewritten as:

o Zij h(n**, TL.L'j, 2, 2)

P(S..|S.) = 6.10
(Seu]5.) Zih(n**,ni*,Q)Z) ( )
and: S 2.2)
iq Thax s Thij, 4,
P S'u, SC - < , d 6’11
(Sul8e) = e 59 (6.11)
Finally, by geometric averaging (6.10) and (6.11) the new expression for (6.1) is:
h TL**,TL»,;*,Q,Q
FM — Z‘L] ( J ) (6,12)

\/Zi B(Tae, Tiny 2,2) 20,5 11y, 1145, 2, 2)

It is worthwhile to mention that equation (6.12) makes it easy to account the effects of over-
lapping clusters when computing the FM index.

Overlapping partitions

When validating using a multiply labeled corpus, such as Reuters-21578, the set of ground-
truth classes result in overlapping partitions. In such a case the FM index cannot be computed
by using equation (6.1), because the assumption of sampling without replacement does not
hold. The main difficulty with overlap, when computing the FM index, is due to the use of the
contingency matrix notation, that hides the probability being computed which easy results to
make the wrong assumption that n;, = |u|, ns; = |¢;| and n.. = |D|. The implications of
such a wrong assumption are shown through the following example.

Example 1

Consider a non-overlapping partition consisting of 2 clusters and 2 classes.

Letu; = {dl, d2, d3, d4, d5} with {dl, dz, d3} € ¢y and {d4, d5} € Co,Up= {ds, d7, dg, dg, le}
with {ds} € ¢y and {d7,ds,ds,d10} € co. The situation can be conveniently summarized
through the following contingency matrix:

1 C2 Z
U 3 2 Nix = D
(15) 1 4 Nox = )
Nt =4 | Nua =6 | 7 = 10

Accordingly to (6.2) and (6.4) we can compute P(S,,) as follows:
4 6
P(Se,) = 32 P(S¢;) = 32, h(aw, ma, 2,2) = (—(fol) + % = 2L and obtain a correct probabil-
2

2
ity value.

The following class overlapping scenario, due to multi-labeled documents, is consid-

ered. Let ¢z be such that {d;,dy, ds,dy,d1o} € c3. The corresponding contingency matrix
is:
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c1 Ca Cs >
Uy 2 2 N =7
U2 1 4 3 Nox = 8
Nl =4 | Nyo =6 | Nyz = D | Ny = 10

Intuitively, we expect the intra-cluster overlap to increase the value of P(S,,). However,
equation 6.4 yields the incorrect result of 31 /105 which is smaller than the correct one 21/45.
This is due to the fact that sampling without replacement assumption no longer holds. Indeed,
there are not ("5‘) = (125) = 105 ways to select 2 documents as that would allow the possi-
bility of selecting the same document twice. The right number of ways to select 2 elements
is still 45 and it is given by ('J)) = (). However, the events S, to sample two documents
from the same class j are no longer independent. Therefore, they cannot be added as in (6.4).
Basically, when class or cluster overlap exists, the contingency matrix bins do not represent
mutually exclusive events. Thus, the value of P(S,.,) when classes overlap exists is given by:

P(S.,) = Z (1D}, le;1,2,2) — J(C) (6.13)

where J(C) is the probability that a selected pair of documents belong to two classes simul-
taneously, defined by the expressions:

J(C)=> > P(S,NS.,)

i i'>j

and, using the hypergeometric distribution:

J(C) =Y h(ID|,1{Se; N Se, }1,2,2)

J o3>3

However, the above formulas deal with the case where the classes overlap is restricted to pairs.
The case where general classes overlap is concerned is more complex from both the theoreti-
cal and computational point of view and will be presented in a different work. Formula (6.13)
is a re-expression of (6.4) under the general addition rule of probability for non-independent
events!. For instance, if any of the pairs {(dy4, ds), (ds, do), (ds, d1o), (ds, do), (dg, d1o), (do,d10)}
is sampled, then S, and S, are both true and this results in a double count. The correct value
of P(S.,) is obtained by subtracting the probability of the classes intersection:

.8 8- (8) -0

P(S.,) = ( 10 10
) (%)
Incomplete partitions
When hardening a soft-cluster solution generated by a topic model we potentially obtain over-
lapping and incomplete partitions, thus, the validation metrics should be sensitive to some
form of “recall”. In the FM index computation, the base assumption would be that the column

'Which states that: P(AU B) = P(A) + P(B) — P(AN B)
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marginal totals correspond to the size of the classes, i.e. n,; = |cj|, and that the row marginal
totals equals the size of the clusters, i.e. n;x = |u;|. As shown before, such an assumption
is false when an overlapping exists with the same applying to cases where the clusters are
incomplete. Measuring incomplete partitions with the FM contingency matrix is wrong. In-
deed, it results to incorrectly reduce the number of successes inside the population by using
N instead of |u;|. Furthermore, the possibility of cluster overlapping has to be taken into
account. Therefore, the correct probability of selecting 2 documents from the same cluster
will be given by:

P(Sy,) =Y h(D, |ul,2,2) = J(U) 6.14)

where J(U) accounts for the probability of selecting a pair of documents belonging to two or
more clusters and it is given by adding up the probabilities of clusters intersections:

JW) =Y P(S., NSy,

T >

and, by using the hypergeometric distribution:

JU) =33 (DI, {Su, N S, },2,2)

T >

It is worthwhile to notice that formula (6.14) is valid also in the case where clusters do
not overlap. However, although FM can be corrected to take into account some of the effects
of partitions incompleteness and/or overlap, we consider that its interpretation is more biased
toward measuring partition similarity and thus we find it valuable to study new metrics that
can serve better to estimate semantic coherence.

6.4 Proposed metrics

In this section, we introduce a version of the FM index adjusted for overlapping and incom-
plete clusters. Two overlapping “precision” metrics together with their probabilistic interpre-
tations are given. Finally, we discuss the computation of a kind of cluster “recall” which can
be used to achieve a single metric performance.

6.4.1 Generalized Fowlkes-Mallows Index (GFMI)

As discussed in previous section, if the FM index is expressed in terms of the contingency
matrix it can not be used to validate neither overlapping nor incomplete clusters. The reason
is that while its’ addition terms are hypergeometric probabilities, they would use an incorrect
population size in the case where cluster overlapping is concerned. However, we have shown
that when re-expressing the FM index in terms of the hypergeometric distribution and by
correcting its formula so as to use the cluster size |u;| and the class size |c;| the probabilities
P(S.,) and P(S,,) are correct under the assumption that the maximum overlap equals two.
Therefore, the last step required to obtain a generalized version of the FM index requires to
generalize the computation of P(S,,,c,) in such a way that non-independent events S,,., are
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correctly taken into account. This generalization requires to compute the probability of the
events intersection. For the whole contingency matrix, the sum of the probabilities of the
intersection between “bins” will be denoted by:

J(WU,C) =) " P(Suie; N Suye,)

i i

where i’ > ¢ and j' > j and where by using the hypergeometric probabilities we obtain:

JU,C)=> "> " h(ID],|{Suie; N Suye, },2,2) (6.15)

i il

Notice that the computation of J{U, C) requires to create an additional “overlap matrix” con-
sisting of (|U| x |C|)? elements. Finally, the generalized result for P(S,..,) is given by:

P(Su*c*) : Zh(lDLnij)Q)z) _‘](Ua C) (616)
ij

Thus, the generalized version of the metric can be defined as the geometric average of:

o the probability of 2 randomly sampled documents belong to the same class, given they
belong to the same cluster, i.e.:

P(S. |S. . Zij h’(|D|)nij)272) - J(U,C)
(Se.l8w) = S 30D el 222) = 07

(6.17)

o the probability of 2 randomly sampled documents belong to the same cluster, given they
- belong to the same class, i.e.:

g ) = Zz‘jh(|D|)nij>2a2)—J(UaC)
“) = SR el2,2) ~ J(O)

P(S.,

(6.18)

In conclusion, the generalized version of the FM index, which will be referred to as
GFM, is given by? :

Zij h(lDl, ’I’Lij, 2, 2) — J(U, C)
VIZ:h(D Juil,2,2) = JO) [ A(D lesl, 2,2) - J(C)]

(6.19)

2We are aware that this formulation may not be accurate on extreme cases of very overlapped collections,
however we will show that the hypothetical error, which is in fact an underestimation of actual probabilities
is negligible in real-world corpora such as Reuters-21579. Such insights of pure theoretical interest will be
presented in future works
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6.4.2 Partial Class Match Precision

This metric is inspired from the notion of precision utilized in the IR field. The Partial Class
Match Precision (PCMP) measures the probability of randomly selecting two documents from
the same class taken from a randomly sampled cluster. In contrast to FM, where we are
concerned with the random sampling of two documents d; and d» from the documents corpus,
PCMP requires to first randomly sample a cluster and then randomly sample two documents
from the sampled cluster. In order to clearly differentiate both random events, we use S,,
to denote the event of selecting two documents belonging to the same class sampled from a
given cluster. Formally, the PCMP metric is defined as follows:

Ppy = P(Se.) = Y P(Se, us) P(us) (6.20)

where the prior probability of selecting the cluster u; is given by P(u;) = Ny /Nys.

PCMP measures the probability of the event S,,, i.e. to sample two documents from
the same class, after having randomly selected a cluster. However, the computation of each
individual P(S,,|u;) also needs to be generalized to the case of classes overlapping. There-
fore, we need to add up the probability of selecting two documents from each class comprised
within the cluster P (S'cj |u;) under the general rule of the addition for non-independent events
which implies discounting the probability of a success in two classes simultaneously. So, each

S.., |u;) would be given by:

individual P(S,
P(Se,|u) =Y P(Se;lus) — J(ws) (6.21)
J

*

where J(u;), which represents the probability to sample two elements from two or more
classes when selecting documents d; and d, which belong to cluster u;, is given by:

Js) = P({Sue; N Suse, Hua) (6.22)
i >3
The previous equation requires computing a half-matrix of class overlaps, and then computing
the probabilities of selecting two from each “bin”.

Jwi) =Y Y Al {Suse; N Suge; ,2,2) (6.23)
J J'>3

This metric is designed to work well with multi-labeled documents corpus. The name
“Partial” comes from the fact that in a multi-label setting the two randomly sampled elements
d, and d; can be associated with many classes. As long as one of their classes matches we
will consider the result to be semantically coherent, thus as success. We consider that this
property of the metric is a valuable feature to focus on measuring semantic coherence rather
than mere partitions similarity. For instance, there is not a unique way to achieve the maximum
evaluation. In fact, we can visualize two clustering solutions that will obtain the maximum

evaluation under this setting.

a) Creating one cluster for every class, and assigning all the elements in ¢; to u;, so that
k=|C|.
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b) Creating clusters of elements that share the exact same class labels.

Finally, we should highlight that this metric can be easily approximated via Monte Carlo
simulation. We will use this method to show the correctness of the metric.

6.4.3 Full Class Match Precision (Prjys )

The F,,, metric described in section 6.4.2 allows objects to be clustered among others with
whom they share only one label. Take for instance 2 objects: x; € {c1 Nca Nes}, 22 €
{ezs N ¢y Ncs}. If they happen to be in the same cluster and they are randomly selected, for
the P, case it will be considered a “success”. So, we consider that in some cases it could
be valuable to measure the probability that two randomly sampled objects have exactly the
same class labels. A.(x1,x3): True iff ;1 and x5 belong to the same class. So, the number
of clusters would be given by the number of elements of the power-set of C containing more
than one element. k = {C, : (C, C p(CH) A (] ¢l > 1)}

CjECK

6.4.4 Recall metrics

In the IR field the “recall” measure represents the probability that a relevant document is re-
trieved. Therefore, for the clustering scenarios under consideration, when the completeness
of the partition cannot be assumed, it is critical to provide clear ways to measure the com-
pleteness of the clustering.

Let IV, be the total number of class assignments, given by the sum of the sizes of every
class:
Ne=3 " lesl
J

In overlapping and incomplete clustering we must not to rely on the values of the contingency
matrix to compute recall values, given that they can account for duplicates and that they do
not consider elements not included in clusters.

Class recall

If we are interested in measuring which classes are better captured by the clustering it is
straightforward to compute a class recall value. We define this “class recall” as the probability
that a document d, randomly sampled from the class c;, is included in any cluster.

k ‘ . .
R(c;) = P([z € Ufuj]|cy) = Iﬂ_{ﬁ:_'ﬁc;ﬂ (6.24)
7

In other words, equation (6.24) means dividing the number of documents of class c; that
were recalled by any cluster u; by the total number of documents belonging to class ¢;.

Gross clustering recall

From previous expression, considering that the probability of selecting a class would be given
by P(c;) = |c;|/ N, it is possible to derive an unconditional expression to measure the recall
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of the whole clustering.

Ry = P(x € Ury,) = Z P(z € Uruylc;) P(c;) (6.25)
J

Where the probability of selecting any class would be given by |c;|/N. So, it can be
conveniently expressed as:

1
Ru =4~ EJ: R(c;)|e;] (6.26)

6.4.5 Semantic-Coherence F-Score

In retrieval and classification it is widely known that it is trivial to achieve high recall at the
expense of precision. So, traditionally they are averaged into a single metric, the F-Score. The
traditional F-Score is nothing but the harmonic mean between precision and recall. Almost
any two probabilities can be averaged in that way, however, for the particular case of topic-
model validation we are interested in balancing the best measure for semantic coherence with
the best measure for completeness, so our proposed metric is defined by averaging (6.21) and
(6.26):

2Ppp Ry
Ppy + Ry
Notice that the selection of (6.21) and (6.26) comes at the expense of not penalizing
some clustering dissimilarities. So, if the ultimate performance criterion is the partition simi-
larity, then the GFM may be a best metric of choice.
Both components of the F,, metric are micro-averaged so that every document has the
same weight on the result. The micro-averaging effect is achieved by the marginalization step
performed in eq. 6.21 and eq. 6.26 in order to work with unconditional probabilities.

F, = (6.27)

6.4.6 Empirical approximation to the metrics

Among the properties of the probabilistic metrics is that they can be computed in 3 different
ways:

Enumeration For small clusters and classes (n < 100) , specially in very overlapped cases
it is possible to enumerate all the sample space, which includes all the ways to select
two elements from the cluster. Then, count all the pairs that have a class in common to
obtain Ppjs or to have exactly the same classes to compute Ppjy.

Formula The enumerative expression has the advantage of accuracy but has the inconve-
nience of the computational complexity. The number of pairs required to analyze is
bounded by O(n!), so, the hypergeometric formulas such as the ones described earlier
in this chapter, make sense whenever the size of the cluster in question is large and the
overlap of more than 2 classes is not significative.

Empirical In any other case, or whenever the actual user experience is to be simulated, an
approximation to the probability values may be obtained by repeated random sampling.
The main advantage of the sampling method relies on its implementation simplicity.
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Figure 6.1: Monte Carlo approximation of GFM and Fo

First, in order to demonstrate the correctness of the GFM and Fo formulations, we per-
formed some Monte Carlo simulations. To estimate the GFM metric the following procedure
was performed:

[—

. Randomly sample a pair of documents.

[\

. Count if they belong to the same class.

W

. Count if they belong to the same cluster.

4. Count if they belong to the same class and cluster.

()]

. Compute empirical values for P(S,,.,), P(S.,

Sa.), P(S,.|S..) and GF M.

Then, in order to demonstrate the correctness of the Ppm and Fo formulations, the
following simulation was performed:

1. Randomly select a cluster, based on its prior probability
2. Randomly select 2 documents from the cluster, count if they belong to the same class.

3. Randomly select a class based on its prior probability, then select a document for the
class and count if it is included in the clustering.

4. Compute empirical values for P(S,

u;), Ry and F,.

*

Results of an individual simulation for K=90, t=0.2 are shown on figure 6.1 where it is
shown how the empirical measurements converge to the predicted measurements.



CHAPTER 6. TOPIC MODEL VALIDATION METRICS 45

6.5 Chapter summary

Generally speaking, it is not straightforward to validate topic models or soft-clustering algo-
rithms using multi-labeled collections because many of the assumptions of the known metrics
do not hold and usually are inadvertently ignored or oversimplified, leading to methodological
flaws. So, in order to build a reliable evaluation and model comparison tool, we have worked
on two mathematical artifacts:

1. We have extended a known clustering similarity metric, the Fowlkes-Mallows Index
(FM), in order to make it work in the overlapping case.

2. We have proposed simpler metrics of based on familiar concepts of recall, precision and
the notion of semantic coherence, interpreted as the probability of randomly selecting
two documents belonging to the same topic after having randomly selected a cluster.

We strongly believe this metrics can help on avoiding common methodological issues
that arise when attempting to validate soft and overlapping clustering solutions. Throughout
the rest of this dissertation, we will use the Ppjys metric combined with Ry as metrics of
choice given their simplicity of interpretation and implementation.



Chapter 7

Experimental results

7.1 Introduction

In this chapter we will present an analysis of the QTM framework from the quantitative and
experimental point of view. The evidence will be helpful to gain insights into issues like:

o The effects of the different heuristics and settings in performance, including candidate
selection method, and evaluation function.

e Determining how the method stands against other alternatives such as LDA.

s The efficiency of the different strategies in terms of computational resource usage.

7.1.1 Notation review
Briefly recalling from section 5.3, there are two kinds of QTM models under consideration:

1. Models for non-overlapping partitions: U ~ Qru(cg, @, 2, Cs, e, k, h) and,

2. Models for overlapping partitions : U ~ QTM(cg, Oy 2, Csy My Ky Ry Sy St),
Where the model parameters are defined as follows:

e ¢, : Candidate query generation method.
e : Candidate query evaluation function.

e 2: Minimum query results allowed.

c¢s: Candidate query selection method.

n.. Number of selected queries.

k: Number of topics to construct.

h: Number of hits per query to include in the query-vector representation.

Sm: Soft-clustering generation method.

s¢: Soft-clustering inclusion threshold

46
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7.2 Experimental framework

In order to produce our results we used the Reuters-21578 corpus, ModApte split, considering
only the documents that are labeled with topics. Numbers were replaced by a unique symbol.
After this pre-processing, documents with less than 10 unique words were removed. Both
ModApte training and test sets were included in the corpus, making a total of 10,468 unique
documents and 117 ground-truth classes. For comparison purposes, LDA was run with pa-
rameters 3 = 0.01, & = 50/K running 1,000 iterations of Gibbs sampling.!

As QTM models are subject to a number of choices that determine their performance
an experimental framework was built in order to perform a semi-automated exploration of
the parameter space. In total we produced 17,984 different models with unique parameters
combinations, from which we have created 3 consistent and standardized experiments subsets.

Notice that although a QTM model is defined by 7 or 9 parameters, not all of them are
equally interesting; for instance, the number of clusters & or the threshold s;. In such cases
we tried to “discount” their effects rather than analyzing them. So, for every combination of
parameters {cg, ¢, 2, Cs, Nc, h }, the value of k was automatically varied within 10, 30, 50, 70,
90, 117. In the same way, for overlapping models, the parameter s. was varied within 0.05,
0.10, 0.15, 0.25. 0.30, 0.35. Finally, the value of I, was averaged for every group of (k, s.),
assuming that the proper selection of k£ and s. are more properly implementation concerns.
The experimental subsets are defined based on the inclusion criteria defined below.

As a side remark it is important to mention that in the proposed model specification
scheme there are two kind of parameters, the ones representing strategies like ¢, or ¢ and
the ones which are merely numerical settings such as k or s.. In this regard, when we say
that some parameters are not as interesting as others it doesn’t mean that their effects are
less significative, in fact, models can be very sensitive to such settings. However, purely
numerical parameters only require being properly set and don’t provide much insights about
the underlying principles that make a particular model work. So, on one hand we are interested
in analyzing the behavior of the parameters that embody specific principles and on the other
hand we are interested in determining which heuristics reduce the model sensitivity to the
numerical parameters, thus increasing model robustness.

7.2.1 Standard Set (ST)

This is the main experiment set, contains information of 15,617 models. The goal of this data
set is to perform comparative analyses of the main evaluation functions, candidate generation
methods and candidate selection methods as well as the measuring the impact of the numeric
parameters n. and h that determine the problem size. The models included in the set have the
following properties:

e Two candidate selection methods: Global ¢, = G, and by document ¢, = D.

1LDA results were provided by Davide Magatti
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For ¢, = G, two generation methods: spotsigs, ¢, = S and n-grams c; = N.

For ¢, = G, selecting n, = {5000, 15000, 20000, 25000} total queries.

For ¢, = D, selecting n. = {1, 3,5, 10} queries per document.

By-document candidates were only generated using spotsigs. ¢; = S.

Three evaluation functions ¢ = { K L,QMI,QF}.

For the functions K L and QM I, the value of z = {2, 10}.

All the models were run for A = {10, 100,500}.

7.2.2 Alternative Candidate Generation Methods (ACG)

The ACG data set contains 1455 instances and was designed to test alternative candidate
generation methods, with particular interest on measuring the effects of using different subsets
of the n-gram query set. The rest of inclusion criteria were:

e Candidate generation methods evaluated were: Spotsigs, ¢, = S; N-grams, comprising
unigrams and bigrams ¢, = INV; Unigrams only, ¢, = U; Bigrams only, ¢, = B.

The evaluation function for all the cases was ¢ = QF.

Candidate selection was ¢, — G for all the cases.

Number of selected queries was n. = {5000, 15000, 20000, 25000} total queries.

All the models were run for A = {10,100}.

7.2.3 Alternative Force Functions (AEF)

The AEF data set contains 3456 instances and was designed to benchmark the previously
introduced functions KL, QMI and QF against an hypothetical term-document mutual infor-
mation function (MI). The experiment was motivated after observing the rather decent perfor-
mance of QF, which lead to the hypotheses that QF works well because it is an approximation
of a “wiser” mutual information function. The inclusion criteria for this dataset were:

¢ Four evaluation functions ¢ = {KL,QMI,QF, MT}.

Candidate selection was ¢, — G for all the cases.

Candidate generation was ¢, = N for all the cases.

Number of selected queries was n. = {5000, 15000, 20000, 25000} total queries.

All the models were run for A = {10,100, 500}.
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7.3 Model efficiency

As stated in our research goals, the resource usage efficiency is an important dimension of
quality. So, in order to measure the efficiency of the models we have decided to observe the
size of the last phase of the process, which is the co-clustering phase. Certainly it is not the
only cost metric, but it is a variable that clearly provides a hint about the size of the problem
being solved.

So, we are measuring efficiency as the performance obtained in relation to the size of
the co-clustering contingency matrix, measured in number of non-empty cells. The concrete
measurement performed is defined as the number of f-score percentage points obtained by
thousand of matrix cells and it is computed as:

100F,(U)  10°F,

Where U is the set of partitions obtained by model Q73 and C' is the number of non-empty
cells in the co-clustering contingency matrix.

(7.1)
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higher than alternatives. Such efficiency was not translated to performance, moreover, in
figure 7.8(d) we measured efficiency grouping by performance levels, to our surprise finding
that the efficiency of KL drops sharply when the performance requirements raise, resulting in
no advantage versus the alternatives.

7.7 Overall QTM performance

Finally, in this section we show some of the best results achieved by the QTM versus LDA.
The presented results only attempt to show that in terms of semantic coherence, QTM can
produce models of comparable quality than established topic modeling methods like LDA.
The best results for non-overlapping and overlapping models are presented in tables 7.1 and
7.2 respectively. The best combination of k and s, found is shown, along with the average for
the group. For the LDA method, the best k£ and treshold s; was also selected.

Model k s¢ 2z ¢4 eval ¢, n, h n Fo(avg) Fo (max)
1 117 * 2 N MI G 20,000 100 6 0.8147 0.8517
2 117 * 2 N MI G 25000 100 6 0.8122 0.8480
3 90 * 2 N MI G 25000 500 6 0.8188  0.8474
4 90 * 2 B QF G 25000 100 6 0.8012 0.8472
5 90 * 2 B QF G 20,000 100 6 0.8142 0.8469
6 117 * 10 N KL G 10,000 500 6 0.8144 0.8465
7 117 * 2 N MI G 20,000 500 6 0.8140 0.8461
8 117 * 2 N QF G 25000 100 6 0.8157 0.8461
9 90 * 2 N MI G 15000 100 6 0.8131 0.8459
10 . 117 * 2 N QF G 20,000 500 6 0.8121 0.8454
LDA 30 02 0 * * * K * 30 0.6711  0.7728

Table 7.1: Top-10 non-overlapping QTM models, by max Fo

Model k S¢ z cg eval ¢, n h n Fo(avg) Fo (max)
1 70 0.15 2 S KL D 10 100 42 0.7008 0.7978
2 117 01 2 N MI G 20,000 100 42 0.6012 0.7918
3 117 0.1 2 N MI G 25000 100 42 0.6021 0.7910
4 70 0.15 10 S KL D 5 100 42 0.6957  0.7909
5 70 015 100 S KL D 10 100 42 0.6928 0.7897
6 50 02 50 S QMI D 10 500 42 0.6883  0.7896
7 70  0.15 2 S QF D 10 100 42 0.6938  0.7875
8 117 0.15 2 S QF D 10 500 42 0.6878 0.7861
9 70 015 10 S QF D 10 100 42 0.6899  0.7860
10 70 0.15 100 S QMI D 10 100 42 0.6859 0.7854
LDA 30 02 * * 0% * ok * 30 0.6711 0.7728

Table 7.2: Top-10 overlapping QTM models, by max Fo
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From the analysis of the presented tables, some interesting facts can be observed and
deserve further consideration. Although, those statements cannot be considered conclusive
given that the presented table contains data from multiple data sets.

e The global candidate selection method seems to hold a relation with the type of model.
For instance, in the non-overlapping models, the best results were obtained using global
candidates, in contrast, for the overlapping models, the best results were obtained using

by-document candidates. This finding cannot be clearly noted from the pure observation
of figure 7.1(a).

e The KL function plus Spotsigs can deliver top performance on overlapping models,
although requires more tuning.

o The recently presented MI contribution function clearly dominates the non-overlapping
top positions, despite that MI has not been run using ¢, = B which delivered the best
results for QF than ¢, = V.

7.8 Chapter summary

In this chapter we have presented a quantitative analysis of the main variables and heuristics
influencing the performance and efficiency of QTM models. Some of the findings have led us
to review initial working hypotheses and to establish promising lines of future work. So far,
our most relevant findings can be summarized as follows:

¢ Model type should determine the candidate selection strategy. Both of the candidate se-
lection strategies proposed can achieve good results. However global candidate selec-
tion performed better when producing non-overlapping models, and by-document can-
didates resulted more useful to produce overlapping models. Both kinds of models
perform well in comparison to LDA in terms of semantic coherence.

e More queries do not guarantee more performance. In terms of candidate generation, the
usage of bigrams outperformed the unigrams and the extended n-grams set, defined as
the union of bigrams and unigrams. The striking finding was that the inclusion of uni-
grams in the model hurts performance. This result indirectly supports a key assumption
of the QTM approach: That more information exists in a good set of candidate queries
than in the vocabulary of the collection, thus, finding a good set of candidate topical-
queries is a challenging problem.

¢ The best strategies from identification task are not the best for modeling tasks. Our ini-
tial approach that resulted from the topical-query identification results was to use the
KL evaluation function in combination with Spotsigs and By-Document selection was
validated. This approach was shown to be able to deliver top-performance on overlap-
ping models, however, it requires extensive parameter tuning and enough data to per-
form well. In addition, its efficiency advantages quickly vanish when the performance
requirements are raised.
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¢ Query contribution to MI was established as the new baseline evaluation function. All
the analyzed evaluation functions were found to be sensitive to basic model parameters
such as the number of candidates n. and number of query hits A, but not all of them
were sensitive in the same degree to the minimum frequency threshold z or the num-
ber of selected candidates n.. In particular, functions such as QF and contribution to
MI, were found to be less sensitive to parameterization, which is an important practical
aspect, given that less tuning is required to find good models.

Finally, we would like to emphasize that a key advantage of the validation approach
developed in previous chapters is that the usage of labeled corpora to validate models have
allowed us to automate the process of exploring the model variants. This validation automa-
tion capability has an additional methodological benefit as it allows quickly iterating between
hypothesis-experimentation-theory. So, it was possible to try several alternative strategies
without theorizing a lot, then, once finding the ones that work one can try to understand them
and produce new hypotheses. So, in contrast to the currently accepted scenario in which a
single model validation has to be performed by the means of a user study (in the course of
days), this method allowed us to validate over 15,000 models better understand the underlying
principles that drive model performance.



Chapter 8

Conclusions and Future work

8.1 Contributions

In this work we have proposed an alternative approach to the problem on constructing seman-
tic models of text collections, formally defined as Discrete Topic Modeling (DTM). The DTM
approach takes advantage of a simplified notion of topic, interpreted as a set of semantically
similar documents, to essentially transform the Probabilistic Topic Modeling problem, which
requires the usage of sampling methods, into an overlapping clustering problem.

Then, based on the hypothesis that there exist a set of search queries that can capture
a great deal of the semantic information about the documents of the collection in the form
of co-occurrence and proximity relations, we have proposed the Query-Based Topic Mod-
eling framework, a discrete, information-theoretic method based on heuristics to generate,
select and evaluate a set of candidate topical-queries which are then co-clustered along with
the documents of the collection and finally used to estimate topic-document probabilities and
overlapping clusters. All the steps of the QTM process have been designed following the map-
reduce style and thus can be executed in parallel over clusters of commodity class machines.

We have shown that queries selected using information-theoretic heuristics can produce
better models than the set of vocabulary terms, and as a consequence, the heuristics that
can be used to generate and select those queries were studied. Through the study of the
topic-identification task, in which the goal was to select the queries with the most meaningful
words according to the labeled corpus data, we could conclude that heuristics, such as the KL-
divergence between the conjunctive and disjunctive versions of any given query were among
the best options. However, when the same function was applied to the full query-based topic
modeling task, we found that its usage only resulted convenient if very specific conditions are
met, thus, leading us to favor simpler heuristics focused on measuring the mutual information
between queries and documents.

A key enabler of many of the results produced over this research was the set of proba-
bilistic, semantic-coherence metrics presented in Chapter 6. The proposed metrics, inspired
on the familiar concepts of recall and precision were designed to inexpensively validate over-
lapping and incomplete topic models using multi-labeled corpora, thus making an ideal tool

61
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to compare the QTM results to those produced using LDA. As a result of the benchmarks,
we concluded that QTM can produce models of comparable and in many cases superior per-
formance, with the added benefit of an algorithmic design that offers greater scalability. The
proposed set of metrics were also of great value in order to develop a semi-automated ex-
perimental platform, that allowed us explore the effects of many different parameters and
strategies on the final model quality. In this way, we could enhance the validity and strength
of the results presented in this work.

In, summary, the contributions of this work were:

1. An alternative, discrete, formulation of the topic-modeling problem.

2. A set of probabilistic metrics to evaluate the quality of topic models in a repeatable and
inexpensive way using multi-labeled corpora.

3. A set of information-theoretic heuristics that can be used to evaluate and identify topics
in large collections.

4. An scalable query-based topic modeling framework (QTM), that can produce models
of comparable quality of state-of-the-art methods in very large collections.

8.2 Future work

8.2.1 Theoretical aspects of QTM

The first line of future work is the one driven by the need of a better understanding of the
probabilistic and information-theoretic principles and their interactions among the different
phases of QTM.

After our experimental results concerning the query-evaluation functions, we found that
one of the most promising lines of research in the QTM approach is to explore new candidate
query generation heuristics. In general, try to provide richer and better answers to the question
of what is the query generation method that can produce the best models. In this regard we
have shown that a query set generated using bi-grams was superior to the collection unigrams
(or vocabulary terms), and in fact was superior to the union of both sets. Also, we have shown
that signature-calculation methods like SpotSigs [61], offered promising performance in com-
bination with other heuristics, leading us to conclude that more research is required in order
to understand the different types of co-ocurrence information captured by each of the methods.

Among the aspects of model building that we consider worth of further research we can
name the effects of different ranking functions when constructing the query-vector document
model of the collection. The issue can be specially critical when clustering web documents as
the ranking could be used to introduce additional information such as the linkage structure of
the collection. The effects of the document ranking when produced query-based topic mod-
els was in general omitted in the current scope. Also, the effect of introducing usage-based



CHAPTER 8. CONCLUSIONS AND FUTURE WORK 63

queries is still to be explored.

The last phase of the QTM process, which involves producing an overlapping document
clustering from a hard partition, is subject to many improvements. Recently, some “soft”
versions of the co-clustering have been presented proposing alternative ways to define prob-
abilistic document-cluster associations, like the Bayesian Co-Clustering technique [52] and
the Latent Dirichlet Bayesian Co-Clustering technique [68]. Being theoretically sound, those
alternative co-clustering methods lead us to hypothesize that they may convey performance
improvements in the construction of overlapping-clusters, however, the potential improve-
ments should be evaluated in terms of their computational costs and their parallel processing
ability.

8.2.2 Online QTM

The dynamic nature of some collections creates a series of challenges to be addressed by
large scale algorithms. It is clear that if the collection receives constant updates or additions,
the topic models need to be periodically rebuilt to ensure satisfactory performance. For the
previous scenario it is important that a model rebuild process could be performed within an
acceptable time window without significantly impacting user’s experience, or more interest-
ingly, that the model could be updated incrementally or “online”. Therefore, exploring the
feasibility and implications of producing an online, incremental version of QTM is a promis-
ing and of potential high impact line of future work.

The main challenge that arises in building an online version of QTM is given by the
current architecture of the Map-Reduce programming paradigm, for which QTM has been
designed. The problem is that current Map-Reduce implementations are designed to operate
on large batches of data without access to the final result until the whole process has been
completed. In order to deal with the limitations of Map-Reduce, Condie et. al [17] have
proposed a “pipelined” version of Map-Reduce, named Hadoop Online Prototype (HOP). By
using HOP authors have shown that is possible to allow downstream Map-Reduce processes
to start consuming output of previous phases. Also, as reducers start processing data as soon
as it is produced by the mappers, they can work on an approximation of their final solution by
using a Map-Reduce version of the “online aggregation” technique initially presented in [31].

Given the previous work on HOP, the main challenges to be addressed in QTM would
be to:

1. Produce running versions of the evaluation functions such that could be used within a

pipelined Map-Reduce environment, as well as determining the best QTM strategies for
the online scenario.

2. Implement online aggregation reducers for the summarization steps. Some analysis on
the confidence intervals of the anticipated results may be required.

3. Produce an online version of the co-clustering algorithm. As noted by Bose, et. al [9],
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this is important as it turns out that multi-step algorithms such as k-means or co-
clustering are the hardest to implement as incremental or online algorithms. There-
fore, performing a previous feasibility analysis is important as well as to compare the
performance of the online version versus the “batch” version.

8.2.3 Topic model validation Metrics
Full metric generalization

The work on metrics presented here and in derived publications is still unfinished. Among
the major aspects that require further analysis is the full generalization of the metrics to work
under any degree of inter-class overlap, avoiding the need to fall back to enumerative compu-
tations that could quickly become impractical. Also, the applications of the Full-class match
precision metric need to be further explored so as to determine the circumstances under which
it provides better information.

Corpora sensitivity analysis

On the other hand, the presented probabilistic evaluation metrics have been only analyzed
using Reuters-21578 corpus, which has particular properties in terms of the class structure,
topic overlap and document length, thus, we believe that more analysis is needed to fully
understand the corpora sensitivity of the measurements and at the same time determine the
inherent “hardness” of a given corpus as well as the relative advantages of one modeling
method in a specific corpus. In that regard, an experiment that can be performed would
consist on a factorial analysis, having the corpora and the modeling methods as factors, and
the semantic coherence score as response variable. The obtained results would be useful to
draw and test hypothesis about the properties of the corpora that led to significative differences
on the evaluations.

Wikipedia as external validation corpus

Another promising line of future work in the area of metrics is the usage of Wikipedia as vali-
dation corpus besides Reuters-21578. For instance, if one considers Wikipedia’s categories as
the topic-labels of a multi-labeled collection, then it is feasible in principle to compute some
sort of semantic coherence metrics similar to those presented earlier on chapter 6. However,
one important issue has to be addressed theoretically in order to perform robust measurements
arises from the fact that Wikipedia’s categories are not overlapping sets as in Reuters-21578,
rather they are overlapping trees. Therefore, answering the question if a pair of documents
belongs to the same class is not as straightforward and requires incorporating the notion of
proximity within the tree. e.g. For instance, if after randomly selecting a pair of documents
from a cluster, we found that one belongs to category Algebra and the other belongs to cate-
gory Geometry, both (hypothetical) subcategories of Mathematics, under the current metrics
our result would be that those documents are not semantically similar despite the fact that their
categories share a common ancestor one level up in the tree. So, in order to use Wikipedia as
validation corpora, metrics should be extended in such a way that we could take into account
the tree-semantic similarity and then, measure the probability of obtaining a pair of documents
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similar by at least n-degrees. This approach could lead to the development of a discounted
metric similar in principle to NDCG [34].

8.2.4 Deployment and application issues
Multi-language QTM

Among the aspects that need to be better understood before the deployment of QTM in in-
dustrial application contexts is the language sensitivity. In terms of language sensitivity we
can say that most of the QTM process is essentially language independent, however, specific
QTM components actually deal with text at the syntactic level and thus can be sensitive to
human language features.

In particular, the processes that could exhibit greater language sensitivity are the candi-
date query generation and the query expansion process. In the case of candidate query gen-
eration, the most obvious issue to deal with is the Spotsigs strategy, which requires having a
preconfigured stop-word list for each target language. However, the n-gram based query gen-
eration techniques could introduce language sensitivity in more subtle ways in languages that
make intensive use of declension, conjugation or agglutination by making use of a greater
number of variations of the same words. In those cases, we would be required to integrate
stemming and de-compounding processes in the query generation phase in order to prevent
that the evaluation and other downstream processes operate on each of the different query
variations as if they were completely independent. In analogous way, the query expansion
process, that requires the execution and retrieval of query results, should be modified to take
into account the query filtering operations performed in the generation phase.

Semi-supervised QTM

Also, although the QTM framework is designed to build models in a completely unsuper-
vised way, when dealing with industrial applications what matters the most is to obtain the
best performance/cost ratio. Therefore, another line of future work is the development of a
semi-supervised version of QTM that can be fed some training information provided that such
training data can be gathered at a reasonable cost. In this regard, the main problem to solve
would be how to incorporate training information into the QTM process. So, among the rele-
vant works in relation to this problem we can point to Zhang et. al [71], where they proposed a
co-clustering based knowledge-supervised learning algorithm or CoCKSL. The CoCSL algo-
rithm uses Open Directory Project (ODP) as knowledge source for the document classification
task. On the other hand, the work by Song et. al [57] explores the usage of human-provided
category labels and automatically extracted named entities' to introduce ““constraints” to the
traditional word-document co-clustering, thus naming the approach Constrained Information-
Theoretic Co-Clustering or CITCC. In CITCC, the constraints are introduced as a“must-link”
condition for two documents if they share the same category labels.

So, based on the two previously presented approaches we can think of two possible
enhancements to QTM in order to introduce low-cost training information.

“A named entity is a collection of rigidly designated chunks of text that refer to exactly one or multiple
identical, real or abstract concept instances. These instances can have several aliases and one name can refer to
different instances”, A. Nadeu 2008
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¢ Enrich the original corpora with pre-labeled data, such as ODP or Wikipedia pages, and
add must-link constraints to the training set. Still, some challenges would have to be
addressed, such as which Wikipedia categories to include.

e Use named entities or other NLP supervised features as candidate query generation
heuristics.

Machine learning task performance

Finally, let’s recall that this research was motivated by the potential that semantic modeling
offers to improve retrieval and other machine learning tasks, such as classification. A neces-
sary step in that direction is the construction of effective retrieval models and classifiers based
on the generated query-based topic models. During that process, it would be very valuable
to assess the predictive power of the probabilistic metrics on the task performance, for which
specific benchmarks usually exist. In this regard, it would be critical to explore and understand
the relation of the semantic-coherence of the model and task specific performance.

8.3 Final remarks

In this work we have presented QTM, a large-scale, information-theoretic, topic modeling
method that uses search queries and a simplified notion of topics to create semantic models
of text collections. Also, we have presented a novel set of probabilistic metrics that not only
were helpful to validate the results of QTM but also to bring some of the methodological ad-
vantages existing on other research communities to the topic modeling field. It is important
to mention that most of the results of this dissertation have been peer-reviewed and published
in international conferences. Among others, the main publications related to this work are: R.
Brena and E. Ramirez [10]; E. Ramirez and R. Brena [49] and E. Ramirez, et. al [48].

We consider that this work is addressing relevant and open problems and proposing
effective and innovative solutions. We hope the QTM framework to be of interest of industry
practitioners working on large scale modeling problems and our work on metrics to be of help
to anyone looking for an external and automated way to validate a topic model or other kinds
of overlapping clustering algorithms.
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