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There is an increasing trend of social media usage in recent years and users
desire a search system that can provide relevant content related to their information
needs. However, the nature of social posts presents challenges for existing search
functions. Firstly, as a stream of documents is constantly arriving at a high speed,
it is required that the search system provides a real-time service that can guarantee
new content be available for search immediately after it arrives. Secondly, given
that the data volume contains substantive redundant information, the search engine
should be able to detect redundant content and eliminate it before returning a
summary of relevant documents to users. In reality, it is unlikely that users desire
a list of documents containing redundant information.

Previous work that supports real-time search uses an inverted index as the
core of the search architecture. However, building/updating indexes in real-time

is complex. Additionally, an inverted index is a non-regular data structure, and



query evaluation results in data access patterns that are at odds with modern pro-
cessor architectures. Where the summarization of social media posts is concerned,
although plenty of work has been done in this field, there lacks a validated evaluation
methodology to measure such systems’ effectiveness.

To achieve real-time search for relevant documents, in this work, we first ex-
ploit selective search architecture. Selective search divides collections based on doc-
ument similarity into multiple partitions (shards), builds inverted index on each of
them, and selects the partitions that are estimated to contain relevant documents
for retrieval. For real-time service, our selective search architecture divides docu-
ment stream into temporal segments at different granularities and performs either
batch or online clustering algorithms on them. We also take advantage of word em-
beddings to reduce the dimensionality of document vectors for clustering to reduce
computational cost. Results show that by applying this selective search technique,
we are able to achieve a level of precision statistically indistinguishable from an
exhaustive search while providing substantially higher search efficiency.

For query evaluation on the unpartitioned documents, we abandon inverted
index and present a simple and fast indexing process based on brute force scans
technique that is to search over array representations of the documents. A final
result list is then generated by merging the relevant documents with those from
selected partitions. We show that our brute force scan techniques outperform the
traditional search engines built on inverted indexes in terms of both query latency
and throughput by exploiting parallelism when the collection size is under a few

million.



To summarize relevant documents, we first develop an evaluation framework,
then demonstrate that the evaluation metrics proposed in this framework are ca-
pable of stably capturing user preferences in a social posts summarization system.
With the evaluation metrics as a guideline, we build a system that is based on con-
volutional neural networks to compute document similarity and exploits single-pass
clustering to perform the summarization task.

Selective search architecture, brute force scan techniques, evaluation frame-
work and summarization implementation comprise our real-time search system, that
can retrieve relevant documents and summarize the results in response to a query.
Although our system is designed to specially focus on Twitter data, we believe the
techniques exploited could generalize to real-time summarization for other social

media posts.
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Chapter 1: Introduction

With the recent prevalence of personal laptops and smart phones, social media
has been used frequently by society. Billions of people use social media for many
reasons including sharing their interests and experiences, following their friends, and
following recent news and events.

Consequently, there is an increasing volume of data available every second;
such data arrives in a streaming fashion at a high speed. Meanwhile, as social media
enables users to not only share their original posts but also to share posts from other
users, it adds to the data volume by contributing redundant information. Using
Twitter as an example, users are able to retweet a tweet from someone they follow.
While they may add additional comments, the original tweet is still republished and
recorded multiple times.

Just as web users use a web search to find the information they need, social
media users have specific requirements that must be fulfilled in order to search for
data that is relevant to their need. This is expressed as a query in the search box.
This happens when, for instance, breaking news happens and a user wants to find
out more information or when a user wants to search for an old post by a friend or

acquaintance. It is therefore necessary to have a social posts search engine, which



has become an important application in Information Retrieval (IR), because the
vast quantities of data collected make it difficult if not impossible for a human to
track manually.

Given the nature of social posts as discussed above, a search engine must

address two challenges:

e The search engine should be able to deal with a dynamic collection and provide
real-time search service to guarantee that new content is available for search
immediately after it arrives. This is necessary because new content is generated
and added to the old content at a high speed, and as much of the content is
time sensitive — particularly news and world events — users want to be provided

with lists of relevant posts once they are created.

e The search engine should be able to detect redundant content and eliminate
it before returning a summary of relevant documents to the user, as it is un-
likely that users want to consume a list of documents that contains redundant

information.

Although researchers have thoroughly explored traditional search techniques
during the past few decades and these techniques have been found to work well
in response to user needs, these searches have largely been performed on static
collections. It has not been until recent years that researchers have shifted their
attention to searching of social media posts and have developed search systems that
address dynamic collections. However, these systems have performance bottlenecks,

which we will discuss later in greater detail. Researchers also do not pay enough



attention to summarizing social posts, nor have they established standard guidelines
to evaluate such a system.

To address these shortcomings, in this work we chose Twitter as the social
media platform for our research and propose a new search architecture that can
index tweets in real-time. More specifically, we exploited selective search and brute
force scans techniques to achieve real-time search for relevant tweets with a high
level efficiency without degrading effectiveness. Then, to evaluate the effectiveness
of the system in summarizing tweets, we developed a evaluation framework. In this
framework, we introduced several evaluation metrics, which we then demonstrated
are capable of stably capturing user preferences in a tweet summarization system.
The evaluation framework sets up a guideline that helps to improve tweet summa-
rization systems. Under these guidelines, we exploited deep learning techniques to

detect and eliminate redundant relevant tweets to implement a summarizing system.

1.1 Overview

1.1.1 Selective Search

The key to building a real-time search system for large Twitter collection
involves both how to store the collection (whether in memory or disk, whether
distributed or in a single machine) and what form of data structure the collection
should be stored as so the retrieval time can be optimized. We will discuss the format
in a later section. Whereas in terms of how to store the collection, traditionally, the

search solution for large collections is to build search systems where the collection is
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Figure 1.1: Selective search architecture.

divided into smaller subsets (shards) randomly by hashing, with each being put in
a server in distributed search architecture or put in a core in a single machine. For
query evaluation, a broker assigns queries to the partition servers and gather results
retrieved from all the servers. This is the so-called exhaustive search as all the shards
are evaluated in response to each query. As an alternative to exhaustive search,
selective search is often used to reduce search costs when computational resources
are limited. It divides collections based on document similarity into multiple shards,
and selects only a few shards that are estimated to contain relevant documents for
the query to search. To build a fast real-time search system, we apply selective
search in our system to improve search efficiency, with the goal of not degrading

effectiveness significantly.



Figure 1.1 shows a typical selective search architecture. It involves two steps:

e Shard Creation: This step partitions the collection into a set of shards
following a document allocation policy. Document allocation policies include
random, source-based and topic-based (e.g., K-means) document allocation [2]
(more details will follow). Topic-based document allocation has been shown

to be the most effective among the three methods of document allocation [3].

e Shard Selection: For every query, this step identifies a small number (K)
of shards from the total N shards that are relevant to the query, and outputs
top K shards to the “retrieval engine” for retrieval. The “retrieval engine” is
discussed in detail in the next section, and it’s basically responsible for retriev-
ing relevant documents in response to a query. These retrieved documents are

then merged together to generate a final list of results.

Researchers have studied selective search techniques in recent years [2-5] in
order to reduce computation costs while maintaining a high level of effectiveness.

However, previous work has the following limitations:

e Shard creation based on batch k-means clustering cannot support large datasets [4].
This is due to the document representation format, where each document is
represented as a sparse vector in the vocabulary space. Such vectors repre-
sent a huge dimension, so computing distance between vectors and centroid of
these vectors for k-means leads to extremely high computing cost and resources
requirements. Although there has been a recent study where applied Sample-
Based k-means to address this limitation [2], it runs the risk of not being able

5



to capture important information contained in non-selected documents.

e [t is not able to handle a dynamic collection. Shard creation is a one-time,
expensive, offline process that works well for a static collection. But in real-
time search with a dynamic collection, new documents must be assigned to
the closest shards soon after they become available. If we remain with the
traditional shard creation technique — that is, to rebuild the whole new col-
lection for every newly encountered document — the process would become

impractically slow.

To address the first challenge above, in Chapter 4, we explore the feasibility of
using word embeddings. More specifically, we explore Global Vectors for Word Rep-
resentation (GloVe) [6] to generate document vectors. These document vectors are
dense vectors in small dimensions, of usually not more than a hundred. Therefore,
it dramatically reduces the computing cost for clustering.

To be able to handle dynamic collections as in our case, differing from the
traditional selective search approach that takes the collection as a whole and per-
forms shard creation, our selective search approach creates shards incrementally. To
explain this in detail, in our approach, the document stream is divided into tem-
poral segments, and shard creation is performed within each segment, using either
batch or online clustering algorithms to cluster the shards at different granularities.
At query time, only a subset of the shards in each temporal segment are examined
for relevance based on some selection criteria which will be discussed in Chapter

4. Therefore, for each segment, we only consider a subset of the documents that



are estimated to contain relevant documents for query evaluation and thus reduce
computational cost.

Experiments have shown that by applying this selective search technique we are
able to achieve a level of precision statistically indistinguishable from an exhaustive
search while providing substantially higher search efficiency. We also observe that
there is no significant effectiveness difference between batch vs. online clustering

algorithms, and between hourly vs. daily temporal segments. All the experiments

and results have been published in WSDM 2017 [7].

1.1.2 Search Architecture

In terms of what form of the data structure should be used, when building
search systems for static collection, the typical architecture used is shown in Fig-
ure 1.2. In such a system, the first step is to build an inverted index for the collec-
tion. An inverted index is a data structure that stores mapping from words to lists
of documents called postings lists that contain the word. This inverted index is con-
structed and maintained by an indexer. When retrieving relevant documents for a
query, the retrieval engine goes to the inverted index, performs a lookup operation to
locate all the documents containing the query terms, computes the query-document
score based on a scoring model, and returns the top k results. Aside from simple
lookup, the retrieval engine usually executes a learning-to-rank pipeline to improve
the result ranking.

The approach works well for a static collection search because building an



index is a one-time operation; once the index is built, it can be used to retrieve rele-
vant documents. Similarly, inverted index also works well for the complete temporal
segments because no new documents will be added to any already created complete
segment therefore they can be considered as static. We then apply this search archi-
tecture in our complete temporal segments discussed above, and build an inverted
index for each shard created within each temporal segment. In response to a query,
top K shards out of total of N shards within each segment that are estimated to
contain the most relevant documents are selected, and the retrieval engine goes to
the corresponding inverted indexes, retrievals all the relevant documents, merges
them and returns the top k results. This is shown in part 1 of Figure 4.1.
However, in a real-time selective search system, there is still this “leftover”
piece of data in the last incomplete temporal segment that has not been partitioned
into shards, where a stream of documents is constantly flowing into at a high rate
of speed. For these documents, it is necessary to perform indexing when they are
ingested, to make these documents immediately searchable. In a search system that
achieves this, an indexer constantly indexes the newly encountered documents and
updates the new index with the old index, performing an incremental indexing.
Incremental indexing algorithms have been studied extensively in the past.
Early systems assume that the inverted index does not fit into the system memory
so it resides on disk. Slow disk searches lead to high query latency. Recent systems
that provide real-time updating within the system’s memory like EarlyBird [8] have
complex update processes that involve compression. While we want to explore a

completely novel approach different from inverted index, in Chapter 3 we build a
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retrieval architecture based on brute force scans of document representations. (See
part 2 in Figure 4.1 for a search architecture based on brute force scans). This

differs from the typical real-time search service in two ways:

e “Index” becomes a document pool that stores document representations. Each
document is represented as an array of integers, and whenever a new document
(tweet) comes, the “indexer” appends the document vector to the existing in-
memory document pool. So the “indexing” is done in an incremental fashion.
Note that this document vector representation is different from that used in

selective search.

e For retrieval, we process each query in the same way as a tweet and perform
a brute force scan over the document pool to compute the query-document
scores. Thus, query evaluation can take advantage of modern processor ar-
chitectures to efficiently process batches of contiguous memory as opposed to

random data access as with an inverted index.

Experiments with tweets data have shown that “indexing” with brute force
scan techniques is 13 times faster than that with inverted index.

Based on the idea, we also improved the retrieval performance by exploiting
SIMD (single instruction, multiple data) instructions and modern multi-core pro-
Cessors.

Brute force scan techniques are quite efficient and promising in a real-time
tweet search. Preliminary results from the published 2015 ICTIR paper [9] have
shown that we are just a few steps away from being comparable to or even beating the
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traditional search engines built on inverted indexes in terms of query latency. And
after optimizations, we show that our brute force scan techniques outperform the
traditional search engines built on inverted indexes in terms of both query latency
and throughput by exploiting parallelism when the collection size is under a few
million, and it is a better option than inverted index for the “leftover” piece in our
selective search system where the data is no more than a million.

Up until this point, we have introduced the two major parts of our real-time
tweet search system that aims to return a list of relevant tweets efficiently without

degrading effectiveness.

1.1.3 Tweet Summarization and Evaluation

For any user query, the goal of a search system is to return as many relevant
documents as possible to the user; relevance is what the user wants. However, in
reality, as a system that serves user needs, we should consider more than simply
relevance. This is especially true for tweets, since there are often duplicate and
near-duplicate tweets saying almost the same thing. In such cases, users will be
overwhelmed by these duplicate and near-duplicate tweets, even if they are rele-
vant, and it would be desirable if the system could summarize the relevant tweets
and return to the user a list of results, each of which covers a different aspect of the
topic. For example, when the Boston Marathon bombings occurred, multiple media
authorities were tweeting about the event at almost the same time. Additionally,

users were retweeting the original tweets — occasionally with some additional com-
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mentary. A user is more likely to want to see how an incident develops, including
how many people were injured, how they were treated, any suspects, etc., instead
of multiple resources discussing the fact of the Boston bombing. However, there has
not been a great deal of attention drawn to this field, and there is a lack of empirical
evaluation to measure the system’s effectiveness.

To address these issues, in TREC 2014, as one of the TREC Microblog track
organizers I helped introduce a task called the Tweet Timeline Generation (TTG)
task, where the goal of the system is to return a list of non-redundant, chronologically
sorted relevant tweets. Since TTG and tweet summarization reference the same
concept, we will use TTG and tweet summarization interchangeably.

I also developed and validated an evaluation methodology for TTG to evaluate
the effectiveness of the submitted system (details in Chapter 5). A typical evalua-
tion process works as follows: first, gather human judgments regarding the “ground
truth” of the collection for the information needed, then develop one or more eval-
uation metrics. Humans evaluating system output are called assessors and can be
experts in certain fields or online Mechanical Turkers. The evaluation metric can
be used as a function that takes the output of the system and the “ground truth”
and returns a score reflecting how effective the system is in satisfying the needs of
the user.

Furthermore, Garrick Sherman (a graduate student from UIUC) and I verified
that the evaluation metrics developed are capable of stably capturing user prefer-
ences. More specifically, we answered two questions asked in information retrieval

evaluation: 1) Is the evaluation stable with respect to different assessors? In other
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words, if system A scores higher than system B based on one assessor, is this still the
case based on another assessor? This is necessary because we want an evaluation
that provides a solid guideline for us to develop the system to strive for a high metric
score. 2) Is the difference meaningful to a user in the sense that a system with a
higher metric score is preferable to the user than a system with a lower metric score.
Chapter 6 shows that the answers to both questions are yes.

Both the development and the validation of the evaluation methodology was
published in the 2015 SIGIR paper [10]. In this paper, I co-developed the evaluation
framework and verified evaluation stability while Garrick did most of the work to

validate the correlation between evaluation metrics and user preferences.

1.1.4 Tweet Summarization System

With respect to summarization system, different approaches have been pro-
posed by TREC 2014 Microblog track participants to accomplish the task®. These
approaches can be categorized into clustering algorithms and ranking techniques [11-
20]. Out of all the approaches, the one proposed by Lv et al. [15] using hierarchical
clustering is proven to achieve the highest effectiveness score.

In our work, we built a system that exploited convolutional neural networks
to compute tweet similarity [21] and applied single-pass clustering on the chronolog-
ically sorted tweets to summarize the relevant tweets, which we call the CNNTTG
system. The system works like this: for each new tweet, we compare it with all the

tweets in the existing clusters, and put it in a new cluster if the largest similarity

'http://trec.nist.gov/pubs/trec23/trec2014.html
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with each tweet is smaller than the threshold, otherwise remove it. This resem-
bles Cui et al. [12] work where they also uses single-pass clustering. However, our
work differs from theirs in that while they use the cosine similarity of two tweets
projected onto the vocabulary space with the use of word2vec [22] as the similarity
score, our approach obtains the tweet similarity score from a neural networks model
that exceeds the state of art sentence similarity models. By applying our approach
on the TREC runs to remove redundant tweet, we showed that our approach is able
to achieve higher metric scores by removing redundant tweets while keeping novel

tweets compared to TREC runs.

1.2 Contributions and Outline

Our contributions for this work can be summarized as follows:

e Streaming Selective Search: We developed a selective search approach on
document streams that is novel in partitioning and utilizing temporal organi-
zation strategies. Moreover, we took advantage of word embeddings to build
our document vectors with low dimensions, thus making the clustering process
faster and requiring less memory. Experiments have shown that by applying
this selective search technique, we are able to achieve precision that is indis-
tinguishable from an exhaustive search while providing substantially higher

efficiency.

e Brute Force Scans: We did away with the traditional architecture built

on an inverted index, and explored a completely novel approach, brute force
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scans techniques. This approach is suitable for real-time search as the indexing
is easier to update incrementally. By taking advantage of modern processor
architecture, we achieve a performance that is better than the traditional
search engines built on inverted indexes in terms of both query latency and
throughput by exploiting parallelism when the collection size is under a few

million.

TTG Evaluation: We developed the evaluation framework for TTG task.
We also showed that differences with assessors do not affect the evaluation of
the TTG task, and that user preferences correlate to the metrics we proposed.

Together, these components create a guideline for developing TTG systems.

CNNTTG Summarization System: We built a TTG system that is based
on convolutional neural networks to compute tweet similarity and by applying
a single-pass clustering algorithm on the TREC runs, we showed that our
approach is able to achieve higher metric scores by removing redundant tweets

while keeping novel tweets compared to TREC runs.

With all that being introduced, to develop a complete tweet search summariz-

ing system, we propose a pipeline shown in Figure 1.4. Our system is comprised of

four parts: Streaming Selective Search (part 1), Brute Force Scans (part 2), Tweet

Summarization (part 3) and TTG evaluation (part 4). When a stream of tweets

arrives, they are first divided into temporal segments, part 1 then clusters each into

N shards of tweets, and builds inverted index for each shard. Meanwhile, part 2

“indexed” the “leftover” tweets as arrays of integers to the end of the document
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Figure 1.4: System pipeline: system composes of four parts, Streaming
Selective Search (part 1), Brute Force Scans (part 2), Tweet Summa-
rization (part 3) and TTG Evaluation (part 4).

pool. Whenever a user inputs a query, part 1 selects the top K shards from each
segment that are closest to the query and runs a lookup in each corresponding in-
verted index to return top k results for each of them. In the mean time, part 2 runs
a brute force scan over the document pool to get the top k results. All the results
are then merged into a list of k results. Part 3 takes these as input and generates a
summary of them. Finally, we keep improving the effectiveness of the TTG system

with the help of part 4 until the metric score is satisfactory.

An alternate pipeline to what is proposed is to de-duplicate tweets at index-

ing time. However, we argue that this slows indexing down. This is because de-
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duplication typically has quadratic time complexity, and it dramatically increases
indexing time where the tweets are in the order of magnitude of millions, compared
to if it were performed in the last stage where the returned relevant tweets are in the
order of only a few hundreds. This additional time cost doesn’t get compensated
by the time saved on brute force scan. In addition, redundant content might be a
good indicator of document relevance, thus keeping them till retrieval time helps to
identify more relevant tweets. Both reasons motivate us to perform summarization
as the very last stage in the pipeline.

In the following chapters, we discuss each of the contributions in detail. We
first present brute force scans techniques in Chapter 3, and the reason is because
we would like to study the cross-over point for the collection size as to whether
brute force scan techniques or inverted index should be chosen as the search archi-
tecture for the “leftover” piece in our real-time selective search system. We then
present streaming selective search in Chapter 4, the development of TTG evaluation
methodology in Chapter 5, the validation of the TTG evaluation methodology in

Chapter 6, our TTG system in Chapter 7. Finally we conclude in Chapter 8.
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Chapter 2: Related Work

This chapter presents a literature review of all the components used in our
search system. We first begin by reviewing the traditional approaches by which
real-time search is handled. We then discuss the feasibility and advantages of brute
force scans techniques for real-time search given modern processor architectures.
Following is a review of the selective search techniques that have been used in IR
research and techniques we have adapted and exploited in real-time scenarios to
improve efficiency. Finally, we present a background of the Tweet Timeline Gener-
ation task, the evaluations for similar tasks, and methods applied by researchers to

accomplish this task.

2.1 Real-Time Search Architecture

2.1.1 Inverted Index

As introduced in the previous chapter, search engines often have an inverted
index as the core of the architecture. An inverted index is essentially a hashmap
like data structure, where the key is each word occurring in the collection and its

corresponding value is a list of documents that have at least one occurrence of the
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word. Such list is called a postings list, and each document in this list is called
a posting. A posting usually contains information like docID which is an integer,
therefore the postings list can be sorted by docID for easy retrieval. An index might
contain additional information like the term frequency (tf), which are the number
of occurrences of the word in the document, and positions in which the word occurs
in the document. Another frequently used term is document frequency (df), which
is the total number of documents containing a certain word, or in other words, the

length of the postings list for this word.

2.1.2  Query Evaluation

An information need in search can be expressed as a query containing a few
words. For any given query, the process of deciding each document’s relevance to
the query and returning the relevant documents to the query is query evaluation.

Two types of queries are often used: Boolean queries and ranked queries. In
Boolean queries, all the documents that contain the query terms will be returned
as the results to the user. Hence, it’s a word to word match. However, this soon
can become troublesome for the users as the collection grows and the results can
become too long to process manually. Therefore, for ranked queries, we would like
to not only retrieval the relevant documents but also give each document a score
based on a scoring model, rank them according to the relevance to the query and
return top K results to users for examination. In our real-time search system, we

are interested in ranked query processing.
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Previously, several ranking/scoring models have been proposed by researchers.
Vector space model is a model that converts each document into a vector in the
vocabulary space. Salton et al. [23] formally explained vector space model. In this
model, each component of the vector is a function value of tf and df scores. For
retrieval, each query is treated as a bag of words and converted to a unit vector in the
vocabulary space. Then, a similarity formulation is used to compute per document-
query score. Salton [24] first considers cosine measure to compute similarity between
documents and queries. Other early work like Ivie [25] also considered similarity
functions.

An alternative to the vector space model has been probabilistic models [26-31],
which has been shown by Hiemstra [32] to outperform vector space model on the
Cranfield test collection. Probabilistic model is this model in which, given the doc-
ument and query, the probability of a document being relevant to a certain query
is computed. Maron and Kuhns [33] explored Probability Ranking Principle, which
is the basis probabilistic model. Yu and Salton [34] first introduced Binary Inde-
pedence Model, a model that has traditionally been used with Probability Ranking
Principle. On a different thread, Robertson et al. [35] introduced the Okapi measure
or BM25. Jones et al. [36] combines an amount of the probabilistic models with ex-
periments on TREC data and the experiments demonstrate the model’s effectiveness
and robustness for a large test collection.

More recent probabilistic approaches are based on language models [37-39).
A typical language model that is widely used is the query likelihood model [40].
Unlike previous probabilistic models that captures the probability of a document
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being relevant to a query, the query likelihood model is a language model widely used
in information retrieval, wherein the approach is to estimate a language model for
each document, and then rank documents by the likelihood of the query according
to the estimated language model. To adjust the maximum likelihood estimator
to compensate for data sparseness, different smoothing techniques like bayesian
smoothing using Dirichlet priors proposed by Zhai and Laffery [41] can be used.
Because the focus of our work is not on developing a better ranking algorithm
to improve search results but rather on search efficiency in a real-time scenario, we
will use query likelihood model in all our experiments throughout our work and refer

readers to the above cited papers if interested.

2.1.3 Index Construction

The process to construct an inverted index is called index construction or in-
dexing; the process or machine that performs it is the indexer [40]. Early research
studied index construction assuming they reside on disk due to the limitation of
memory. Harman and Candela [42] proposed an approach to accumulate post-
ings on disk, and postings lists are stored as linked lists. This approach does not
need to maintain the collection vocabulary in main memory because postings are
accumulated on disk. However, retrieving postings lists for query evaluation can
be expensive as there are many random disk accesses, hence is not practical in
a real setting. Other approaches like sorted-based approach [43] and two-pass ap-

proach [44] operate postings in a limited amount of memory and accumulate them in
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a compressed format to disk. Heinz and Zobel [45] proposed an efficient single-pass
index construction that does not require the entire vocabulary of the collection to
be stored in memory. Compared with [42], these approaches dramatically reduced
the time to construct an index by hundreds of times [45].

Retrieval from an on-disk index can be slow due to the slow disk access. How-
ever, with the growth of the memory capacity in recent years, an index stored in
memory becomes possible. To give a few applications of in-memory index, Luk and
Lam [46] built small inverted indexes in memory where they use a linked list data
structure to represent postings. Busch et al. [8] recently introduced their Twitter
real-time search system Earlybird where an in-memory index is constructed and
maintained. Another application was implemented by Asadi et al. [47] whose work
deals with arbitrary length of documents rather than tweets with limited length.
And the utilization of compression of the postings lists makes in-memory index pos-
sible in these apporaches. And a good study of various compression methods can
be found in a book written by Moffat and Zobel [48].

When the volumes of data gets too large for one single machine to handle,
another approach widely used to speed up retrieval is through distributed search
systems, where terms or documents can be partitioned into different nodes in the
cluster or different cores in a machine. In this case, parallelism with multiple threads
can be exploited to achieve lower latency. There are two different ways of splitting
the collection across multiple machines, either by terms or by documents. In a
search system where the index is term-partitioned [49], vocabulary is partitioned
into each machine with corresponding postings lists stored in the same machine.
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And to handle a query, the system only needs to process the machines that have the
corresponding query terms’ postings lists. This requires fewer machine seeks but the
coordinating machine can become a bottleneck in performance. In a search system
where the index is document-partitioned [50,51], collection is partitioned and each
subcollection is assigned to a different machine. Thus, an index needs to be built
for each partition. And to handle a query, all the indexes need to be examined for
relevance.

There have been extensive studies during the past to study the pros and cons
with term-partitioned and document-partitioned index [52-55]. Most studies show

that document distribution is likely to be superior in practice.

2.1.4 Incremental Indexing

Real-time search engines that use an inverted index require that the index be
updated with one document at a time so that the newly encountered documents are
immediately available for search. To solve this problem, researchers have long been
exploring different index update algorithms.

In the early days, memory was limited and indexes did not fit into memory,
and resided on a disk. Therefore, an update process should address the tradeoff
between update speed and query evaluation speed. For example, if we continue to
keep the index on disk as arrays, query evaluation can be performed quickly because
one disk seek is enough to load the postings list for a query term. However, an index

update can become complex and slow because it involves space reallocation. On the
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other hand, if we use a discontiguous data structure-linked list to represent each
postings list, an index update is then simply appended to the new postings at the
end of the current postings list. However, we need to run several disk seeks before
we get the whole postings list, which leads to slow query evaluation.

Under this constraint, several index update algorithms have been proposed;
they fall into three types: Re-build, Re-merge, In-place. Re-build [42-45, 56-58]
involves simply rebuilding the entire index. In this process, old index is kept for
retrieval until it has been replaced by the new index. Re-building is simple yet
expensive, so it is only used when the update is needed rarely. Re-Merge [59-64] first
stores new documents in memory in the format of postings (in-memory postings),
until the memory usage reaches a limit. It then reads the postings list from the disk,
merges it with in-memory postings, and finally writes the new postings list onto the
disk. Reading postings lists one at a time requires multiple interactions with the
disk, leading to high latency. In-place [65-68], like Re-merge, also keeps track of
in-memory postings, but whenever an update is triggered, it appends the in-memory
postings to the end of the postings list on the disk. Thus, it requires re-allocating
space whenever the on-disk postings cannot hold new postings. Because of this, it
requires random disk seeks, and can be even slower than Re-merge with sequential
disk access.

In summary, the works listed above assume that the inverted index does not
fit into memory and reside on disks. Disk access is slow and generally has slow
query evaluation. Additionally, frequently interacting with the disk is at odds with
an indexing streaming of documents.
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With the growth of memory capacity in recent years, researchers have begun
exploring indexing in main memory. Luk and Lam [46] explored the feasibility of in-
memory indexes for small datasets. Recently, Busch et al. [8] introduced Earlybird,
Twitter’s real-time search service. In their work, an index is kept in memory and
updated using the in-place approach, and compression is applied in a post-processing
phase. Following this, Asadi et al. [69] take advantage of block compression and
perform on-the-fly compression when building and updating the index. All these,
unlike merging in-memory postings with on-disk index, have the advantage of faster
query evaluation [70]. However, these update algorithms assume inverted index as

well and have the following limitations:

e The update process is complex. This is true for [8,69] because they require a

compression process that complicates the update.

e The memory requirement is high. For performance considerations, indexes
and other related data must be kept completely in memory. Such related data
includes document features that are required by (machine learned) rankers to

elevate effectiveness [69].

e An inverted index is a non-regular data structure in which data access pat-
terns are at odds with modern processor architecture that excels in processing

contiguous memory blocks.

In a distributed search system, index update is simple for a system with a
document-partitioned architecture. One simple solution is that one of the hosts
is designated as the dynamic collection and rebuild is performed on this single
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machine using one of the approaches explained above depending on how the index
is stored [39]. Whereas for a system with a term-partition architecture, for all the
machines that contain document terms as part of the index vocabulary, their indexes

need to be rebuilt.

2.1.5  Other approaches to indexing

Although inverted index has been widely used and studied extensively by
researchers during the past decades, it is not the only data structure that has been
proposed for text search.

For cases where queries are rare or collection is small, a strategy that is simply
doing an overall scan to evaluate each document against the query is reasonable [39].
In this approach, the collection doesn’t have to be stored in a particular form of
data structure, and can just be used for retrieval with the way it’s stored. However,
this approach is not attractive as it is fairly slow than other approaches.

Even for large collections, inverted index is not the only technology that has
been proposed. Other alternatives include suffiz arrays and signature files and Zobel
and Moffat [39] provides with a detailed explanation of the pros and cons of these
different indexing strategies.

Suffix arrays was first introduced by Manber and Myers [71], and it is a data
structure that maintains an array of position pointers for each document pointing to
each word, and these pointers are then sorted according to the words they point at.

In order to determine whether a query term occurs in a document, a binary search
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can be performed to locate the position of the term. However, suffix arrays have
drawbacks compared to an inverted index. First, the pointer is accessed via binary
search so compression is not an option. Second, pointers take too much of space
than inverted index that’s almost twice the size of the collection. Finally, there is
no equivalent of ranked querying [39]. For a list of references, please see [72-75].

The material on signature files is based on [76]. In this indexing model, each
word is converted to a signature of w bits, and a document descriptor is obtained
by doing a bit operation on all the descriptors of the words. All these document
descriptors are then stored in a file called signature file. To perform query evaluation,
the query descriptor is obtained the same way as the document descriptors, and all
the documents whose descriptors are a superset of the query descriptor are retrieved.
The false matches are separated from the true matches with only the latter returned
to the user as answers [39]. Faloutsos et al. [77] presented a different way of storing
the signature files.

As suffix arrays, signature files also have drawbacks compared to an inverted
index. First, as the number of false matches is positively correlated with the col-
lection size, eliminating false matches can become costly as collection grows larger.
Besides, the longer a document is, there is a higher possibility that a document will
be labeled as a false match. Second, like suffix arrays, signature file indexes are
large compared to compressed inverted files and are therefore difficult to construct
or maintain. Finally, they require more disk accesses for short queries [39].

Interestingly, signature files recently has drawn attention back. Bing search

engine, previously used inverted index, has developed and deployed an index based
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on bit-sliced signatures known as BitFunnel to save operational costs [78]. This
provides proof that inverted index might not be the best option any more given
today’s computer systems and architectures. Compared with our brute force scans
techniques, signature files represents each document with a few bytes, whereas doc-
ument pool represents each document with N integers, where N being the number
of terms in each document. Therefore, signature files are more compact. However,
signature files have false positives, while brute force scans does not. Hence, there is
a space/accuracy tradeoff. Whether signature files outperforms brute force scans is

a question to be answered in future work.

2.2 Brute Force Scans

As discussed in the previous section, many indexing approaches have been
proposed and applied in the past few decades. Among all these approaches, inverted
index is the one mostly used and proved to be quiet efficient with large collections [79,
80]. Suffix arrays and signature files are also used in some rare cases due to the
drawbacks discussed above. An overall scan over the collection is a naive approach
that most people dismiss.

In our work, we draw our attention back to the simplest approach to indexing,
and propose brute force scans techniques as part of the core of our search system.
At first glance, it seems unlikely that an architecture based on brute-force scans
will be very efficient. However, we show that by taking advantages of the modern

processor architecture, this approach is worth considering.
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Firstly, one of the biggest challenges in designing software for modern proces-
sor architectures is the so-called memory wall [81]. To be more specific, interactions
between processor and main memory dominates a system’s running time. Unfor-
tunately, for several decades now, increases in processor speed have far outpaced
improvements in memory latency [9]. This means that RAM is becoming slower rel-
ative to the CPU. Therefore, to achieve higher throughput, just by speeding up the
process is not sufficient because it is the RAM that is the bottleneck hence memory
access needs to be optimized.

Modern architectures address this problem by introducing hierarchical cache
memories, called L1, L2 and L3 cache memories, with increasing size and decreasing
speed between the processores [82]. The cache memories serve as a buffer between
the processor and the main memory. It’s designed based on the assumption that a
region in memory accessed by the program is likely to be requested later. Then the
data in this particular region in memory can be stored in the cache memories. If the
program asks for the same data, then there is a cache hit and system does not have
to go to main memory to fetch the data with a high latency. On the other hand, if
the data requested does not reside in L1, L2, L3, the main memory will be fetched
one after another if the previous one does not contain the data, with an increase in
latency. We call accessing a data not present in cache a cache miss. So although
memory latencies are hidden by hierarchical caches, cache misses are expensive.

With the usage of caching, developers can take advantages of two properties
of cache memories when building an efficient search system architecture. First, data

is transferred from main memory to cache memories in blocks, called cache lines.
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Therefore, even when the data in one particular memory location is requested, the
data around it within a cache line is fetched together, so subsequent accesses to
memory within that cache line can be very fast. Second, the program can prefetch
the data from main memory into cache memories if the program accesses memory
in a predictable sequential way.

Thus, it is imperative that developers structure memory access patterns to
take advantage of prefetching. Inverted indexing and query evaluation with inverted
indexes, unfortunately, are rife with irregular memory access and pointer chasing,
which leads to poor performance. Brute force scans result in simple, predictable
memory stride patterns.

Secondly, modern processor architecture also introduces pipelining to improve
throughput. In a pipelined model, all the instructions are dispatched into different
stages in one clock cycle. At each clock cycle, all the instructions are executed
and advance to the next stage. Hence, the pipeline execution enables multiple
instructions being executed at the same time.

However, pipelining suffers from two dangers: data hazards and control haz-
ards. Data hazards occur when an instruction requires the result of a successive
one, such as when dereferencing pointers. Control hazards occur when instructions
are halted due to conditional jumps like if-else clauses etc. Although branch pre-
diction techniques are proposed to pre-execute the instructions from the most likely
branch, the hazard still can not be eliminated when the prediction is wrong and the
processor has to undo all the instructions. Previous work in database management

system has shown that these two hazards cost as twice the execution time as it is
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supposed to be [83].

Branches have far reduced the maximum performance of a processor, and
inverted indexing suffers exactly this inefficiency. Brute force scan, on other hand,
can be coded with minimal branching and yield higher throughput.

Thirdly, the vector SIMD (single instruction multiple data) instructions in
today’s processors are common, which were designed to accelerate the performance
of applications that perform repetitive operations on large arrays of numbers [84].
SIMD is a class of parallel computing in which a single instruction is performed
on multiple data points simultaneously, hence supports data level parallelism and
increases performance. Streaming SIMD Extensions (SSE) is an SIMD instruction
set extension to the x86 architecture, and then was subsequently expanded by Intel
to SSE2, SSE3, SSSE3, and SSE4. Recently, Advanced Vector Extensions (AVX),
an advanced version of SSE, was announced by Intel and it provides a number
of instructions for operating special 128-bit registers (e.g., four 32-bit integers),
and 256-bit registers (e.g., eight 32-bit integers). Moreover, a later version AVX2
expands most vector integer AVX instructions to operate on 256-bit registers.

SIMD instructions have been used in database design especially table scan
to improve performance. Zhou and Ross [84] used SIMD instructions to imple-
ment database operations, including sequential scans, aggregation, index operations
and joins, and showed in their work that by taking advantage of parallelism and
eliminating conditional branch instructions with SIMD, the CPU time for the new
algorithms is from 10% to more than four times less than for the traditional al-
gorithms. Similarly, Willhalm et al. [85] proposed a SIMD approach to accelerate

32



table scan operations over compressed in-memory column-store database systems,
and showed that their approach considerably accelerates table scans and scales well
with the number of cores. This gives confidence that SIMD instructions can be used
in brute force scan to improve performance, and in our work, we mostly exploited
AVX2 instructions to improve the performance of our search system.

Another reason worth mentioning is the increase in the number of possible
cores a machine can have. With more cores, we can exploit parallelism to reduce
query latency even on one machine, and compare the parallel performance of bruce
force scan techniques versus inverted index. And this opens another opportunity for
us to take advantage of modern processor architectures. Similar work has done by
Qiao et al. [86] on main-memory database scan with multi-core scans. In their work,
they proposed a novel FullSharing scheme to allow all queries to share the cache be-
longing to a given core when performing base-table 1/O. It was able to remove
the memory 1/O bottleneck and increase Business Intelligence query throughput
against main-memory database with multi-cores by a factor of 2 to 2.5. Another
thread of work done by Cringean et al. [87] focuses on developing a parallel text re-
trieval system using a microprocessor network. Through the use of the transputer, a
high-performance processor developed especially for use in multi-processor systems,
the system achieves fast searching on serial text files, that is comparable to those
obtained from inverted file systems.

Finally, in real-time search, users most often only care about the latest re-
sults. An inverted index can be implemented by traversing the posting lists “back-
wards” and exiting early when enough results have been accumulated. However,
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most search systems are not designed this way and traditional query evaluations
using these systems are not trivial. With brute force scans, since documents are
arranged chronologically, we can simply scan from the end of the document pool
and exit early when we have reached a proper time.

All the five reasons explained above motivated us to explore the feasibility of
a brute force scans techniques based search architecture and answer the question

whether that can outperform an inverted index.

2.3 Selective Search and Word Embeddings

In a distributed search system where documents are distributed among mul-
tiple machines, when queries arrive, they are passed to all the machines. Then all
the relevant documents are retrieved from the indexes built on each machine and
merged to generate a final list of results to be returned to the user. It is often done
in parallel [88-92], and this type of search is referred to as exhaustive search.

However, exhaustive search might not be feasible when the collection is enor-
mously large and the computational resources are limited. Selective Search is then
proposed as an alternative approach. Selective Search divides a collection into mul-
tiple shards and selects only a few shards that are estimated to contain relevant
documents for the query [2]. Selective search is often used to reduce search costs
when the computational resources are limited. And although only a subset of the
collection is considered for relevance, experiments have shown that it does not de-

grade the effectiveness much [2].
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To summarize, Selective Search involves two steps: shard creation and shard

selection. We'll present a literature of these two steps below.

2.3.1 Selective Search

2.3.1.1 Shard Creation

Shard Creation is to partition the collection into a set of shards. What policy
to follow or what strategies to partition the collection is a research problem that
draws much attention. Here we call this policy a document allocation policy.

Kulkarni and Callan [3] introduced three document allocation policies includ-
ing random, source-based and topic-based document allocation. Random document
allocation randomly partitions each document into one of N shards with equal prob-
ability. While the other two policies, Source-based document allocation and topic-
based document allocation are motivated by the cluster hypothesis that “Closely
associated documents tend to be relevant to the same requests” as defined by Rijs-
bergen [93]. The hypothesis suggests that if similar documents are grouped together,
the relevant documents for a query reside in only a small number of clusters. To
be more specific, source-based document allocation partitions documents such that
documents within the same shard come from the same resource, such as a web host.
Topic-based document allocation considers documents that are semantically similar
and are closely associated and partitions them into the topical shards.

Both random document allocation and resource-based document allocation

are easy to perform and do not require sophisticated algorithms, while topic-based
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document allocation needs some kind of language processing techniques so as to
group semantically similar documents together. Previous experiments have shown
that topic-based document allocation has the best performance among the three
allocation policies [3]. Below we will give a brief literature review of different topic-
based document allocations that have been studied and how they are refined over
time.

Prior research has shown that cluster-based and category-based document al-
location were effective to define topic-based shards [5]. Document clusterings have
been studied extensively in IR for the past few decades to improve retrieval efficiency
or effectiveness [94,95]. Following these studies, Xu and Croft [4] proposed a col-
lection partitioning technique with a two-pass k-means clustering algorithm. In the
first pass, the clusters are initialized with the first k documents. Each new document
is assigned to the closest cluster. The second pass corrects possible mistakes made
in the first pass. For retrieval, they employed Kullback-Liebler divergence-based
distance metrics to select the relevant clusters. Specifically, they select the clusters
that have the smallest KL. divergence between the query’s unigram language model
and the clusters’ unigram language model. The results show that by selecting the
top 10 out of a total of 100 clusters, the performance is as good as that of an ex-
haustive search. However, when applying Xu and Croft’s method to larger datasets,
the computational cost becomes huge.

On a different thread, Puppin et al. [96] proposed a novel document partition
and collection selection approach based on co-clustering queries and documents, with

the help of a query log data. During the training process, documents are ranked and
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recorded for each query. A co-clustering is then performed for queries and retrieved
documents. Documents not retrieved are put in a separate cluster. Results show
that the strategy is more effective than that of random partitioning. However, this
method used external resources and has a generalization problem of being applied
to other datasets.

To solve this problem of applying k-means to larger datasets, Kulkarni and
Callan [3, 5] proposed a sample-based k-means approach. Specifically, they used
uniform sampling to sample a small subset of documents from the collection and
apply k-means to them. All the other documents are assigned to the K clusters using
the symmetric version of negative Kullback-Liebler divergence. The approach cuts
the search cost to less than 1/5th of that of the exhaustive search with, on average,
no loss of accuracy. More recently, Callan [2] proposed a Size-bounded Sample-
based (SB?) k-means shard selection approach guaranteed to divide the collection
into equal sized partitions so as to support a better selective search performance.

These approaches have several disadvantages in common: Firstly, they assume
that collection is static and the clustering is processed in an off-line fashion. There-
fore, these methods are not suitable for handling a streaming of documents (in our
case, tweets) that require immediate clustering of the newly-encountered documents.
Secondly, the computing cost of both k-means is high, and requires a lot of memory.
This is due to the document representation format. Each document is represented
as a sparse vector where each dimension corresponds to a separate term. If a term
occurs in the document, its value in the vector is non-zero. Such a vector is in a

tremendously large dimension, so computing distance between vectors and centroid
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of these vectors for k-means leads to extremely high computing cost and resources
requirements. Additionally, although sample-based k-means promise to achieve the
same performance as an exhaustive search, it only uses partial information of the
entire collection and might lose important information contained in non-selected
documents. It would be desirable if we could make use of the entire collection to
capture more information while still maintaining high efficiency.

To address the challenges, we propose the selective search approach with word

embeddings vector representations for clustering(literature review later).

2.3.1.2 Shard Selection

Key to successful search is Shard Selection, that identifies from the partitioned
shards a small set of shards that are relevant to the query. This usually starts
with a ranking algorithm that sorts the shards in the order of relevance to the
query, with the assumption that a shard that is more relevant to the query contains
more relevant documents. Over the past few decades, researchers have studied this
problem extensively, and the proposed ranking algorithms can be classified into three
families: vocabulary-based, sample-based and feature-based algorithms.

In a vocabulary-based approach, each partition is represented by a language
model and compared against the query to estimate the relevance [89,97-100]. It then
selects the top k partitions. In Gravano and Garcia-Molina’s work [99], both queries
and documents are represented as vectors in the vector-space model, and documents

are ranked by the cosines similarity between itself and the query. Such an approach
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is efficient in that once we have preprocessed the documents into vectors, shard
selection is a linear complexity operation.

Sample-based approaches like ReDDE [101] and SUSHI [102] samples doc-
uments from each partition to create a central sample index (CSI), which is then
queried to estimate the distribution of relevant documents across the resources. This
is more complex than a vocabulary-based approach. Additionally, building CSI and
then doing retrieval a second time make the whole process less efficient.

In a feature-based approach, each partition is associated with a number of
features, and a classification model is then used to rank partitions based on these
features( see work of Arguello et al. [103]). An evaluation of the approach pro-
posed in their work has shown that the approach performed at the same level as
ReDDE [101] or significantly better than a vocabulary-based approach [98]. How-
ever, the approach requires training on the test queries, which might not be available
in some cases.

In our work, we implemented ReDDE as an alternative to a cosine similarity
approach, and did not find significant differences. Therefore, we adopted cosine
similarity for efficiency reasons.

Shard selection not only is responsible for ranking the shards according to their
relevance to the queries, but also determines the number of shards that need to be
consulted for a given query. The goal of selective search is to achieve maximum
accuracy while minimizing the cost by searching as few shards as possible [104].
Although a number of shard ranking approaches have been proposed as we have

discussed above, not much attention has been drawn to explore the possibility of
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a functional shard cut-off selection algorithm. Many previous work just used fixed
cut-off numbers on all queries [96,98,101,105]. This approach is easy to implement,
however, is shown to be either over or under estimating the minimum number of
shards that need to be processed [104]. To list a few other approaches, Thomas
and Shokouhi [102] proposed a cut-off estimator that is query-specific. Puppin
et al. [92] used a selecting criteria that is query independent, which is to use the
load on the system to determine the number of shards to be examined. Recently,
Kulkarni et al. [104] presented three shard ranking algorithms that transform a
flat CSI document ranking into a tree structure and by employing this hierarchy,
they propose an approach that can dynamically estimate a query-specific minimal
shard rank cutoff. Additionally, they have demonstrated that the search cost is
substantially reduced while still maintaining accuracy that’s on par with a strong

baseline and with exhaustive search.

2.3.1.3 Evaluation Metrics

In speaking of measuring a selective search system’s ability in reducing the cost
without degrading accuracy, accuracy and cost should be properly defined before re-
searchers can run the experiments. Accuracy, or effectiveness, is a measurement that
tells how a system satisfies user’s need given a certain query. Several evaluation met-
rics that have been widely used to measure effectiveness of a search ranking system
are nDCG [106], Precision at k(P@QFk, where k=30 is often used) and Mean Average

Precision(MAP) [107]. To give an example, P@10, P@30, MAP and nDCG@10 are
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used in [2,104, 108] to serve as the effectiveness measurement for their proposed
selective search systems.

Aside from the evaluation metrics, different cost metrics are also proposed to
measure search efficiency and search cost. Kulkarni [104] defined the cost metric
as the average number of documents from selected shards that contain at least one

query term over all queries, as is defined as follows:

lg) 2 15:0) (2.1

where, n is the number of top shards searched for query ¢, S;(q) is the set of doc-
uments in shard 7 that contain at least one query term. Similar cost metrics have
been used in other research work by Moffat et al. [91] and Strohman et al. [109].
Aly et al. based their measure on the measure by Kulkani et al. and added
in the cost metric the cost for executing the selection algorithm, arguing that the
selection algorithm itself can require substantial resources, and should be reflected

in the efficiency measure [108]. In their work, cost is defined as follows:

Cr(q) = Cspr(q) + C(q) (2.2)

where C(g) is the measure by Kulkani et al., and Csgr(q) denotes the selection cost.
Csger(q) depends on the type of selection algorithm. In a sample-based algorithm,
it’s defined as Csgr(q) = |Scsr(q)|, where Scsr(q) is the set of documents in the CSI
that have at least one query time. For vocabulary-based algorithm, Csgr(q) = N,

where NN is the number of shards in the collection.
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2.3.2  Word Embeddings

We use word embeddings, specifically GloVe to reduce the computational cost.
The Global Vectors for Word Representation (GloVe) model [6] is a family of seman-
tic vector space language models. Semantic vector space language models represent
each document with a vector of real values and help computers to understand the
meaning of human language. Such vectors are widely used in a variety of appli-
cations like information retrieval [40], document classification [110], question an-
swering [111], named entity recognition [112], and parsing [113]. Two main model
families for learning word vectors are: 1) global matrix factorization methods, such
as latent semantic analysis (LSA) [114] and 2) local context window methods, such
as the skip-gram model of Mikolov et al. [115].

GloVe is a global log-bilinear regression model for the unsupervised learning of
word representations. It combines the advantages of the two major model families:
global matrix factorization, and local context window methods. GloVe efficiently
leverages statistical information by training only on the nonzero elements in a word-
word cooccurrence matrix, rather than on the entire sparse matrix or on individual
context windows in a large corpus. It outperforms other models on word analogy,
word similarity, and named entity recognition tasks [6]. As GloVe is not the focus

of our work, we encourage the readers to refer to the paper for more details.
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2.4 Tweet Timeline Generation

Tweet Timeline Generation was introduced in the TREC 2014 Microblog track,
of which I am a co-organizer. In this task, given the sampled tweet collection
and queries, each system is required to return a list of non-redundant chronolog-
ically sorted tweets for each query. This task is similar to a few tasks, including
topic detection and tracking (TDT) [116-118], “other” nuggets in question answer-
ing [119-121], nugget-based evaluations in DARPA’s BOLT program,' and temporal
summarization at TREC [122,123]. They all share the property that atomic units
of information should be grouped together to semantic equivalence classes. In TDT,
each document discusses an event, hence atomic units are documents, and we group
the ones that discuss the same event into the same group. In question answering,
answers are formed by short phrases providing relevant information to the questions.
In temporal summarization, the atomic units are formed by sentences. We see that
atomic units are defined differently with respect to the different information needs
of the tasks. For TTG evaluations, we simply adopt the solution used by some
evaluations. That is, we declare the atomic units by fiat: tweets.

At first glance, it might seem that TTG is no different than TDT as they all
group documents into topical clusters. However, TTG is different from TDT in that:
Firstly, TDT contains five tasks, topic tracking, link detection, topic detection, first
story detection and story segmentation, out of which, the two major tasks are topic

detection and topic tracking. Topic detection requires detecting novel, previously

1h'ctp ://wuw.nist.gov/itl/iad/mig/bolt_pl.cfm
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unknown topics, deciding for a new document, whether it should be grouped into
an existing topic or form a new topic. Topic tracking detects stories that discuss
a previously known topic, and only this task resembles TTG in that given a set of
pre-defined topics, the system is required to assign a new document into one of the
topics if it contains information that is related to any of the topics. Secondly, even
topic tracking differs from TTG in that for topic tracking, the tracking systems are
given sets of on-topic stories and a portion of the corpus to train models on [118],
while TTG system has no information about what the stories are like for a given
topic and has to decide on its own or generate its own training data. Thirdly, the
evaluation on a TDT system is easier because it is based on a well-defined corpus
that all the systems use to perform the task, while for TTG, as the participants
have to use the results from their tweet ad hoc retrieval as the starting point, where
the tweets are gathered from the public Twitter stream from a certain time range
in 2013, different TGT systems have different sets of collection to perform the task,
and it adds the difficulty of evaluation. Fourthly, while TDT corpora are collection
of news, including both text and speech, TTG corpora is just a collection of tweets,
which is relatively short compared to news and therefore it is possible to apply some
simple clustering algorithms to perform the task. Finally and most importantly,
TDT focuses on recall as it aims in classifying all the documents into one of the pre-
defined topics, while TTG’s evaluation places an emphasize on the balance between
precision and recall which is discussed in Chapter 5.

Once the atomic units have been defined, in order to measure systems’ effec-
tiveness in performing the task, we need the “ground truth” for evaluation purposes.
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Therefore, defining the semantic equivalence classes (“ground truth”) becomes a
challenge the evaluation should address. It is challenging because such judgments
are subjective. Just as assessors disagree over relevance judgments (see [124] for a
nice summary), they do not agree on whether two pieces of information share the
same content. Typically, for absolute system performance, we can simply take the
judgments from one single assessor. However, because our goal is to induce systems
comparisons, we can follow Voorhees’s work [125], which demonstrated the stability
of system comparisons with respect to different assessors on relevant judgments, and
make a reasonable assumption that this finding also holds for semantic clustering
tasks.

To our knowledge, this assumption has not been validated at scale. They
either adopted judgments from one single assessor [119,120] or studied the assessors’
differences where the judgments were restricted to a single set of nuggets [126].
A recent work on nugget-based evaluation methodology [127] has not studied the
differences either. To verify our assumption for the tweet timeline generation task,
we obtained two independent sets of semantic clusters for all topics. The results
have shown that system comparisons are stable with respect to assessor differences
in the TTG task.

With regards to the correlation between effectiveness metrics and user prefer-
ences in TTG, there have been a good amount of research studying such correlation
with other tasks [128-136]. Early studies found no such correlation [128,129, 131].
Smith and Kantor [134] showed that users do well with poor search results because

they reformulate queries. Similarly, Lin and Smucker [137] found browsing to be
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another way to compensate for poor search results. However, recent work detects a
correlation between system effectiveness measured by metrics and user preferences
[133,135], and between precision and user preferences [136].

Given the above results, we can make a reasonable assumption that such a
correlation exists for tweet timeline generation tasks. Additionally, the improve-
ments on the system effectiveness can lead to improvements in users’ information
seeking abilities. To validate this, we follow the setup of Sanderson et al. [135],
which shows assessors pairs of systems with effectiveness differences, and ask for
preferences. However, our approach differs from their work in that: Firstly, their
experiments are based on ad hoc retrieval task while ours is based on tweet time-
line generation. Secondly, while they only choose pairs of systems with “large” and
“small” effectiveness differences, we group the system pairs into buckets of differ-
ent magnitudes of effectiveness differences. Finally, they obtained judgments from

Amazon’s Mechanical Turk, whereas ours came from local assessors.

2.5 Text Summarization with Deep Learning

Because the Tweet Timeline Generation task groups information together into
semantic equivalence classes, it can be considered as a clustering task where the
number of clusters is unspecified and needs to be determine by the system.

Different approaches have been proposed by the TREC 2014 Microblog track

participants to accomplish the task?. These approaches can be categorized into

’http://trec.nist.gov/pubs/trec23/trec2014.html
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clustering algorithms and ranking techniques.

Klein et al. [11] and Cui et al. [12] applied Affinity Propagation clustering
algorithm [13] to group tweets. Affinity Propagation clustering has the advantage
that the number of clusters can be dynamically computed without having to be
predetermined. Cui et al. [12] also used the Single-pass clustering algorithm in
their work. In this algorithm, each new tweet is compared with all the tweets in
the existing clusters, and is put in a new cluster if the largest similarity with each
tweet is smaller than the threshold, or is put in the cluster that has the largest
doc-to-doc similarity. Lv et al. [15] applied both star clustering [14] and hierarchical
clustering to perform the clustering task. Magdy et al. [16] used INN clustering.
Hasanain and Elsayed [17] applied online-clustering [18]. Differently, Lu et al. [19]
took advantage of Modified Maximal Marginal Relevance model [20] to give score
between doc and query and doc to doc and used a function of these two scores
as the selection criteria to select the next tweet into the final results. In order to
run all the clustering algorithms, a distance or similarity score between each pair of
documents needs to be defined beforehand. Cui et al. [12] represented documents
as term weighted vectors based on word2vec [22] and used cosine similarity as the
the similarity score between two documents. Lv et al. [15] converted documents to
term frequency vectors and also used cosine similarity as the basis of their distance
function. Magdy et al. [16] used a variant of jaccard similarity as the similarity score
between two documents. Of all the approaches, the one proposed by Lv et al. [15]
using hierarchical clustering is proved to achieve the highest effectiveness score.

Though many approaches have been explored to tackle the problem as dis-
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cussed above, deep learning, however, to our knowledge, is an area that hasn’t
received much attention to solve a clustering problem like this. Deep learning is a
branch of machine learning based on a set of algorithms that attempt to model high-
level abstractions in data by using multiple processing layers with complex struc-
tures or is otherwise composed of multiple non-linear transformations [138-141].
Deep learning has been exploited in many supervised approaches [142-145]. The
success behind deep learning is that it can learn useful information for data visual-
ization and classification. However, little attention has been paid to leveraging deep
learning for unsupervised clustering problems. Only recently, Chen [146] proposed
deep belief network with nonparametric clustering such that the approach can learn
features for clustering and infer model complexity in a unified framework. This
shows that clustering with deep learning is indeed a reasonable practice and worth
exploring.

Though the idea of applying deep learning directly to solve unsupervised clus-
tering problems needs further exploration, another practical solution to clustering is
to model sentence similarity with deep learning strategies and then apply Single-pass
clustering algorithm. While most previous work on modeling sentence similarity are
based on feature engineering [147-151], recent work has shifted the attention to
modeling with distributed representations and neural network architectures. Socher
et al. [152] proposed using a recursive neural network to model sentences, where
it recursively computes the sentence representations. Hu et al. [153] used convolu-
tional neural networks to model sentences and used entire sentence representations

to compute similarities. Tai et al. [154] proposed the dependency tree Long Short
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Term Memory (LSTM) neural networks to model sentences with the use of syn-
tactic parsers and achieved state-of-art performance on the SemEval-2014 semantic
textual similarity task [155]. Yin and Schiitze [156] proposed a convolutional neural
network architecture for the Microsoft Research paraphrase (MSRP) identification
task [157], however, their best results require unsupervised pretraining. He et al. [21]
proposed using a convolutional neural network to extract features at multiple lev-
els of granularity to model each sentence, and comparing pairs of local regions of
sentence representation to compute similarity. Without using parsers, their work
achieved comparable performance to that of Tai et al. [154] on the SemEval-2014
task. And with no pretraining step, their work outperformed the model proposed
by Yin and Schiitze [156] on the MSRP task.

In our work, we will be using the convolutional neural networks model pro-
posed by He et al. [21] to generate tweet representations and compute pairwise
similarities. We then applied Single-pass clustering on the tweets, where each new
tweet is compared with all the tweets in the existing clusters, and is put in a new
cluster if the largest similarity with each tweet is smaller than the threshold, or is

put in the cluster that has the largest doc-to-doc similarity.
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Chapter 3: Brute Force Scans

As we discussed in Chapter 1, real-time tweet search requires the rapid in-
gestion of tweet streams and the guarantee that tweets are available for search
immediately after they arrive. Previous work uses an inverted index as the core of
the search architecture. In our work, however, we proposed a completely different
search architecture that abandons the inverted index to address the challenge. Our
search architecture is based on brute force scans of document representations. A
traditional search architecture involves indexing documents and retrieving relevant
documents for a user query. Our search architecture also has these two main parts
and works as follows: tweets are represented with a simple data structure: array
of integers, and stored in a built-in memory buffer which we call the document
pool. Whenever we encounter a new tweet, in order to “index” it, we first convert it
into arrays of integers, and then append them to the document pool. For retrieval,
we first convert a query into a vector of integers the same way we converted the
tweet. Then, we perform brute force scans over the document pool and compute
query-document scores according to a scoring model.

We exploit the vector SIMD (single instruction multiple data) instructions

that are common in today’s processors to increase brute force scan performance.
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Advanced Vector Extensions (AVX) are extensions to the x86 instruction set archi-
tecture that supports SIMD processing. AVX provides a number of instructions for
operating special 128-bit registers (e.g., four 32-bit integers), and 256-bit registers
(e.g., eight 32-bit integers); AVX2 expands most vector integer AVX instructions
to operate on 256-bit registers. Our goal is to exploit these instructions to achieve
high instruction throughput.

To present the work, in the following sections we first introduce the proposed
search architecture, and discuss in detail how it indexes the tweet streams and
performs retrieval with different query evaluation approaches. Then we discuss
exploiting modern multi-core processors to increase performance. Following are the
experiments we ran to study the efficiency of our techniques. We compare these
experiments to Lucene, a traditional search system that uses an inverted index.

Finally we conclude the work.

3.1 Approach

3.1.1 Document Representations

Before we proceed to describe the process of “indexing” the tweet streams and
the resulting representations of tweets, we first introduce a dictionary that maps
terms to 32-bit integer term ids. Starting from 1, every new term is assigned the
next available term ID. Hence, whenever a new document is encountered, we first
convert it to an array of unique term IDs, then append it to the end of the document

pool. A second array of 8-bit integers stores corresponding term frequencies (tfs).
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document pool |1 |23 (4 |5|6|7|3|8
tfs 2111|111 ]1]1
uniq 5|4
docids 112

Figure 3.1: Unpadded document representations for two tweets “BBC News: The
BBC cuts budget” and “Just watched The Rite” after tokenization.

We also keep track of an array of 8-bit integers that stores the number of unique
terms in each document (uniq) for locating a certain document in the document
pool. A final array stores the document IDs (docids). This is the unpadded version
of data structures. To take advantage of AVX2 instructions, we also have padded
data structures where we pad the array of term IDs and tfs for each document to the
nearest multiple of eight with Os to make the document boundaries align with SIMD
instructions. We also modify the uniq array to reflect the new length. Figure 3.1
illustrates unpadded data structures for two tweets: “BBC News: The BBC cuts
budget” and “Just watched The Rite” (tokenized to “bbc new the bbc cut budget”
and “just watch the rite”). Figure 3.2 illustrates the padded data structures for the
two tweets. To compute the document scores, we also store the document lengths in
an array of 8-bit integers and the collection frequencies including: 1) total number
of terms in the collection, 2) a map from a term to its collection frequency. But
these data structures are not specific to our approach.

It is worth noting that we did not compress either the unpadded or padded

document pool. There are two reasons for this: Firstly, because term IDs grow as
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document pool |1 {234 |5[0[0]0|6|7|3|8[0/0][0]0
tfs 2(1(1}1{1{0f0(0]1]1]|1)1({0]0]0O]O
uniq 818
docids 112

Figure 3.2: Padded document representations for two tweets “BBC News: The BBC
cuts budget.” and “Just watched The Rite.” after tokenization.

new tweets are encountered, meaning that term IDs are relatively large, compressing
does not save much space. We have tried compression using SIMD-BP128 [158],
though it saved a small amount of memory, we decided that because of the slower
performance, the tradeoff was not worthwhile. Although it is possible to assign
term IDs like ordering terms by frequency to facilitate compressions, this would
complicate dictionary construction in a real-time scenario. Secondly, it is easier to

exploit SIMD instructions if we leave the document pool uncompressed.

3.1.2  Query Evaluation

To retrieve relevant documents for a user query from the data structures above,
the basic idea is to scan the document pool and determine the relevance of each
document. This is possible due to the simplicity of the data structures. To compute
the relevance we use query likelihood model [40].

Although writing code to accomplish retrieval seems simple, the search effi-

ciency can be highly affected by how the code is written to evaluate the query.
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Therefore, we exploited different code optimizations and explored a number of query
evaluation approaches based on a brute force scan of the document representations
to compute query-document scores (query likelihood) to study the effects. To re-
turn k documents, the top & documents with highest scores are retained in a heap
and returned after all documents are processed. Six different implementations are

described below:

Scanl: The first approach (Algorithm 1) operates on the unpadded document pool
and consists of three nested loops: over all documents, over all unique terms in each
document, and over all query terms. Documents that are posted after the query
time are skipped during evaluation. Here, b is used as the offset in the document
pool and starts with 0, s stores the evaluation score for each document, and @ is
an array representation of the query. The notation S(-) is shorthand for computing

the score contribution of the current query term.

Scan2: Our second approach (Algorithm 2) also operates on the unpadded docu-
ment pool and is the same as the first approach except that we unroll the innermost
loop (i.e., lines 6-10). Here, we have query evaluation functions for every query
length (a relatively small number), and every query is directed to its corresponding
function for evaluation. By hard coding the number of query terms, we avoid branch

erroneously predicting the innermost loop of Scanl.

AVXScanl: This approach, modified based on Algorithm 2, aims to avoid more
branch mispredictions, and applies SIMD instructions on the padded document pool.

To be more specific, the two inner loops of Algorithm 1 are replaced with SIMD
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Algorithm 1 Scanl

1: procedure Scan1(Q, pool, tfs, uniq, docids)

2 b—0
3 for i < 1 to N do
4 50
5: for j < 1 to uniq[é] do
6 for k < 1 to |Q| do
7 if Q[k] = pool[b + j] then
8 s—s+5()
9 end if
10: end for
11: end for
12: if s > 0 then
13: heap.add(docids|i], s)
14: end if
15: b « b+ uniq]7]

16: end for

17: end procedure

instructions. It functions as follows: every query term ID is repeated eight times
and represented by a vector of eight 32-bit integers (in 256-bit registers). It is then
compared to eight integers from the document pool by the AVX2 vectorized compar-
ison operation. The result is a mask and indicates whether there is a match between
the integers. If there is a match, we compute the query term score contribution and
add it to the current score. Compared to Algorithm 2, we scan eight unique terms
within a document at a time instead of one, which reduces branch mispredicts. In
the pseudocode, the notation pool 256 indicates a 256-bit register storing eight in-
tegers from the document pool. Similarly, Q_256 is a 256-bit register storing the

replicated query term. Function “compare” compares the two vectors and stores the
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Algorithm 2 Scan2

procedure SCAN2(Q, pool, tfs, uniq, docids)

2: b0
for i — 1 to N do
4. s« 0

for j < 1 to uniq[i] do

6: if Q[1] = pool[b + j] then
s—s+5()
8: end if

Same for Q[2], Q[3]... from line 6 to 8 if there are any

10: end for
if s > 0 then
12: heap.add(docids][:], s)
end if
14: b « b+ uniq]i]
end for

16: end procedure

matching result in a variable called “mask”, and mask is non-zero if there is a match
and zero otherwise. s.256 is a vector (denoted as V) of eight 32-bit integers where
each integer stores the score of the query term assuming there is a match between
the query term and the document term in the corresponding location. Finally, the
function “and” operates on mask and s 256 to get a 256-bit integer that keeps only
the score from V where there is a match between the document term and the query
term. These 8 integers are then added together to the final evaluation score as the
partial score for the eight document terms being compared. The addition is done

with several SIMD instructions, which is omitted in the pseudocode.

AVXScan2: This approach (Algorithm 4) modifies Algorithm 2 by unrolling the

outermost loop to consider six documents at a time instead of one. This is mo-
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Algorithm 3 AVXScanl

procedure AVXScaN1(Q, pool, tfs, uniq, docids)

b0
3: for i — 1 to N do
50
for j < 1 to uniq[i] do
6: pool 256 < pool(b+j:b+j+7)
Q-256 — (Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1])
mask «— compare(pool_256, Q-256)
9: if mask #+ 0 then
5256 « {V|Vi = S(-), k < 0 to 7}
part_score « and(mask, s_256)
12: s« s+ % part_score(i)
i=1
end if 1

Same for Q[2], Q[3]... from line 7 to 13 if there are any

15: je—j+8
end for
if s > 0 then

18: heap.add(docids][i], s)
end if

b «— b + uniq(]
21: end for

end procedure

tivated by the fact that a branch misprediction usually costs between 10 and 20
clock cycles, rendering a CPU idle, where it could otherwise be executing multiple
instructions. The outermost loop is the part that wastes the clocks the most because
the document collection is usually in the millions or billions. If we can avoid some
of the branch mispredictions, the system can become more efficient. To describe
the process in detail, inside the outermost loop, instead of writing six for loops to

iterate through the term ID of each document, which does not help reduce the num-
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ber of mispredictions, we have one loop that iterates through the term IDs of every
six tweets. In addition, a six-document array holds partial scores and after we have
computed all the query-document scores, each non-zero element is then inserted into
the heap. The only additional change is that we keep track of an array “pos” that
stores the corresponding position of each term ID in the six-document array so that
for each block of eight integers from the document pool, we know which element in
the six-document array benefits from the score contribution.

The motivation behind this approach is to reduce loop overhead. The number
of documents to process at once is heuristically determined and the reason for choos-
ing six as a unit is that it is large enough to reduce the iterations of the outmost for
loop therefore reducing the number of mispredictions, but it is not too large. Larger
unit otherwise requires a larger array holding partial scores, hence leading to longer
code (with more conditional statements to check each score for positiveness) that is

difficult to compile.

AVXScan3: This approach(Algorithm 5) explores more optimization strategies
and modifies Algorithm 4 in two ways: First, we no longer keep track of a 256-bit
register score vector, nor perform a binary add operation with the mask and several
SIMD addition instructions to obtain the final evaluation score. Instead, we compute
the location of the matching document term from the mask and compute the score
directly. Because a 256-bit mask is hard to manipulate, we first convert it into an 8-
bit integer where each bit indicates whether there is a match between the document

term and the query term in the corresponding location, 1 if there is a match and 0
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Algorithm 4 AVXScan2

procedure AVXScaN2(Q, pool, tfs, uniqg, docids)
b0
for i — 1 to N do
4: s[1:6] <0
i+5
for j — 1 to kZ::Z uniq[k] do
pool 256 « pool(b+j:b+j+7)
Q-256 — (Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1])
8: mask < compare(pool_256, Q_256)
if mask % 0 then
5256 < {V|Vi = S(-), k < 0 to 7}
part_score « and(mask, s_256)
12: ps < pos[b + j]

8
s[ps] < s[ps] + Z part_score(%)

i=1
end if
Same for Q[2], Q[3]... from line 7 to 14 if there are any
16: j—j+8
end for
if s[1] > 0 then
heap.add(docids[¢], s[1])
20: end if
if s[2] > 0 then
heap.add(docids|z], s[2])
end if
24:
if s[6] > 0 then
heap.add(docids[¢], s[6])
end if
i+5
28: be—b+ kZ_JZ uniq[k]
1—1+6
end for

end procedure
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otherwise. We then maintain a map (denoted as loc_dict) from the mask value to
the corresponding document term location where the keys are 1, 2, 4, 8, 16, 32, 64
an 128 and values are 0, 1, 2, 3, 4, 5, 6, 7 respectively. There are only eight possible
key value pairs because only one term can match the query term at a time, as the
document pool only stores unique term IDs. Each value then implies a position in
the eight integer document vector where the query evaluation needs to be performed.
Therefore, we can directly perform query evaluation for that particular document
term given a mask. This is motivated by the fact that even SIMD instructions are
fast in processing multiple data simultaneously, multiple of them like additions are
still slow and cause the CPU to take the clock cycles to run. Second, Algorithm 4
has one outer loop that iterates through the term IDs of every six tweets where the
number of documents to process at once is heuristically determined. However, after
running experiments with all possible unit values from two up to twelve, we found
that ten is a unit that gains the best performance. Therefore, we change the outer

loop to iterate through the term IDs of ten documents in this algorithm.

AVXScan4: This approach(Algorithm 6) modifies Algorithm 5 by pre-storing the
evaluation scores in a 1D array for each term ID in the document pool. In this algo-
rithm, S() is no longer computed on the fly while scanning through the documents,
but rather fetched from the prestored score array (denoted as score_arr). This score
array is constructed at the same time when the document pool is constructed, and is
computed exactly the same way as in Algorithm 5, in other words, using query like-

lihood model. The motivation behind this approach is that the overall performance
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Algorithm 5 AVXScan3

10:

15:

20:

25:

procedure AVXSCAN3(Q, pool, tfs, uniq, docids)

Initialize map loc_dict
b—20

for i — 1 to N do

s[1:10] <0
i+5

for j < 1 to >, uniq[k] do
k=i

pool_256 < pool(b+j:b+j+7)
Q-256 — (Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1])
mask «— converto8bits(compare(pool 256, Q_256))
if mask £ 0 then
ps < pos[b + 7]
s[ps] <« s[ps] + S(-) at location b + loc_dict[mask]
end if
Same for Q[2], Q[3]... from line 8 to 13 if there are any
je—Jj+8
end for
if s[1] > 0 then
heap.add(docids|z], s[1])
end if
if s[2] > 0 then
heap.add(docids[¢], s[2])

end if

if s[9] > 0 then
heap.add(docids|z], s[9])

end if
1+9

b« b+ > uniq[k]
k=1

i<« 1+ 10

end for

30: end procedure
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of all the previous algorithms are slowed down by the query evaluation, which in-
volves in logarithmic computation. Logarithmic computation is generally expensive
in today’s computers, and can even be slower than memory access. Therefore, if we
were able to store the evaluation scores in memory, accessing it during evaluation

should be fairly faster than computing the score on the fly.

3.1.3 Exploiting Parallelism

Modern processors contain multiple cores, thus support multithreading archi-
tecture that can manage multiple program executions at a time. To take advantages
of this, we also exploit parallelism in our brute force scan approach. The two strate-
gies are inter-query parallelism and intra-query parallelism.

With inter-query parallelism, we run query evaluations on multiple threads,
and each thread concurrently operates on one query and scans the entire document
pool to retrieve relevant tweets in response to that query. In this approach, as
the number of threads grows, query throughput (the number of queries a program
can handle at one time) increases up to a certain point, after which performance
no longer increases due to resource contention. With this approach, we focus on
the throughput (the higher, the better) in our experiments. In theory, there are
both synchronized versions and non-synchronized versions of this approach, and
they work as follows: synchronized means that every thread waits for all the other
threads to finish their scanning job before we assign new queries to each of them.

Because brute force scans read through the document pool in a sequential order, this
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Algorithm 6 AVXScan4

12:

18:

24

30:

procedure AVXScaN4(Q, pool, tfs, uniq, docids)
score_arr « (|
for i < 1 to |pool| do
score_arr[i] < S(-) at pool[i]
end for
Initialize map loc_dict
b0
for i — 1 to N do
s[1:10] <0
i+5
for j «— 1to Y uniq[k] do
k=1
pool_256 « pool(b+j:b+j+7)
Q-256 — (Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1], Q[1])
mask < converto8bits(compare(pool_256, Q_256))
if mask £ 0 then
ps < pos[b + 7]
s[ps] < s[ps] + score_arr[b + loc_dict[mask]]
end if
Same for Q[2], Q[3]... from line 12 to 17 if there are any
je—Jj+8
end for
if s[1] > 0 then
heap.add(docids[¢], s[1])
end if
if s[2] > 0 then
heap.add(docids[¢], s[2])

end if

if s[9] > 0 then
heap.add(docids|i], s[9])
end if
i+9
b« b+ > uniq[k]
k=i
i< 1+ 10

end for

end procedure
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guarantees that at any given time, every thread requests the same block from the
memory so as to avoid content conflict. Non-synchronized means that each thread
does not rely on the status of other threads and can proceed with the next query
once it is finished with the current one. The downside to this approach is that there
might be content conflict, but it is unlikely that a thread becomes idle. Hence, this
approach utilizes the threads to the maximum. Experiments have shown that the
synchronized version has a much smaller throughput than the unsynchronized one,
indicating that less resource conflict does not compensate for the time wasted in
waiting for other threads, so we only keep the unsynchronized version as we run
experiments.

With intra-query parallelism, we split the collection into equal parts and build
a document pool for each of them. Every portion is allocated a thread to run brute
force scans; each thread maintains its own heap. Unlike inter-query parallelism,
which processes multiple queries concurrently at one time, intra-query parallelism
processes one query at any given time. There is a synchronization point in waiting for
all threads to finish running the current query, then, before all threads proceed to the
next query, we merge all heaps to produce a final top k£ ranking. With this approach,
as the number of threads grows, query latency decreases to a certain point where
the benefits of increased parallelism do not compensate for the synchronization
costs. With this approach, we focus on query latency (the lower, the better) in our

experiments.
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3.2  Experimental Setup

We write our code in C for both inter-query and intra-query parallelism, and
compare the performance with the open-source search engine Lucene (version 4.3.1).
All code used in our experiments is released under an open-source.!

Although Lucene is implemented in Java and might seem unreasonable as a
baseline, there are two reasons why we did so: First, Lucene is widely used in pro-
duction by companies like Twitter, Bloomberg, and LinkedIn. Hence, it is more
mature than other research systems implemented in C/C++. Second, Lucene has
pretty low search latency compared to other search systems like Indri [159]. There-
fore, it acts as a good baseline to compare with. Third, brute force scans and Lucene
searches share two features that other research systems are lacking: real-time index-
ing, and support for multi-threaded retrieval. These similarities make a reasonable
comparison between Lucene and our brute force scan approach. Some implemen-
tation details worth mentioning are that for the Lucene search, we load all indexes
into the memory before running the experiments so as to make a fair comparison.
Intra-query parallelism with Lucene is achieved by building an index for each of
the split portions and running the Lucene search on them in parallel with multiple
threads. Finally, for both brute force scans and Lucene, we retrieved the top 1000
hits, as per usual the practice in IR research.

We conducted our experiments on a machine with two Intel Xeon E5-2676 v3

processors at 2.4 GHz. Each processor has 40 cores, giving us a total of 80 cores

'https://github.com/lintool/c-bfscan
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capable of supporting 80 virtual cores via hyperthreading. Our machine has 160 GB
of RAM. The machine runs on an Amazon Elastic Compute Cloud (Amazon EC2)
instance that runs Ubuntu (release 16.04 LTS) and we used gcc version 4.9.1. All
reported results are the average of three trials.

We used test collections from the Microblog tracks at TREC 2011 and 2012 [160,
161], called the Tweets2011 collection, which consists of an approximately 1% sam-
ple (after some spam removal) of tweets from January 23, 2011 to February 7, 2011
(inclusive), totaling approximately 16 million tweets. We first verified with TREC
2011 topics (a total of 50) that our brute force scan approach generates the same
scores for each document per query as Lucene. Then our experiments focused ex-
clusively on efficiency. For these experiments, to get reliable measurements, we took
the first 1000 queries from the TREC 2005 terabyte track efficiency queries. As
these queries lack timestamps contained in TREC topics, we simply scan the entire
collection without any early termination.

After processing, the size of the unpadded document pool was 162 million; all
data structures (but not vocabulary) occupied 1026 MB of memory. The padded
document pool expanded to 225 million, or an increase of 39%. All the padded data
structures occupied 1341 MB of memory. The processing of generating document
pool took about 6 mins. For reference, Lucene index occupies 4.8 GB in total
including positions and metadata, and it took 78 mins in total, which is 13 times
slower than that of brute force scans.

To learn the scalability of our brute force scan techniques, same experiments

are run on a larger test collection from the Microblog tracks at TREC 2013 [162]
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called the Tweets2013 collection, which consists of sample of tweets from February
1, 2013 to March 31, 2013 (inclusive), totaling approximately 259 million tweets.
After processing, the size of the unpadded document pool was 2.5 billion; all data
structures occupied 13.9G of memory. The padded document pool expanded to 3.5
billion, or an increase of 39%. All the padded data structures occupied 18.5G of
memory. The processing of generating document pool took about 108 mins. Lucene
index occupies 46 GB in total including positions and metadata, and it took 1421

mins in total, which is 13 times slower than that of brute force scans.

3.3 Results

3.3.1 Single-Threaded Experiments

Results for single-threaded experiments are shown in the first row of Table 3.1.
Here we report the average query latency (over three trials) of Lucene and brute
force scan approaches with 95% confidence intervals. We found that our AVXScan4
approach has the lowest query latency, that is 17% decrease over Lucene, whereas
Scanl approach is about 4.2x slower than Lucene. Every successive improvement
to the basic brute force scan improves query latency. By unrolling the inner for loop
and writing a query evaluation function for queries of different lengths (Scan2), we
get a big gain (decreased by 39%) over Scanl. Although replacing the inner loop
with SIMD instructions (AVXScanl) does not yield big improvements (decreased
by 51% over Scanl), processing six documents at a time (AVXScan2) makes a no-

ticeable contribution, that is a 59% decrease over Scanl. Another big improvement
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(decreased by 78% over Scanl) is achieved by reducing the number of SIMD instruc-
tions to compute the document-query score (AVXScan3). However, pre-storing the
score (AVXScan4) doesn’t yield big improvements (decreased by 80% over Scanl).
The bottom line is that the best brute force scan approach is 17% faster than the

performance of Lucene.

3.3.2 Multi-Threaded Experiments

Results for multi-threaded performance exploiting intra-query parallelism are
shown in the rest of Table 3.1. Here we report query latency of Lucene versus
the brute force scan approaches with 95% confidence intervals. Note that instead of
showing the performance for all possible number of threads, which is unnecessary and
takes too much space, we chose only several points that represent the performance
differences.

Looking vertically at the table, that is to compare the performance with the
different number of threads of a specific approach, we see that Lucene achieves
maximum performance with 32 threads, but not 40, that is equal to the number of
physical cores in our machine. This is because the benefit of parallelism with 40
threads does not compensate the latency of waiting for that many threads. Increas-
ing to 80 threads does not improve and even decreases the performance, meaning
that hyperthreading does not help in the Lucene search. On the contrary, looking at
other columns, Scanl and Scan2 achieve the maximum performance with 40 threads

while the other six brute force scan approaches achieve the maximum performance
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Threads Lucene Scanl Scan2 AVXScanl AVXScan2 AVXScan3 AVXScan4
1 224140.1 934.4+0.6 566.6+3.5 456.1+1.0 381.5+1.1 203.0+1.5 185.0+0.7
2 125.741.3 526.849.3 334.9+1.0 260.0+1.9 219.5+1.2 115.3+4.7 112.64+0.7
4 100.9+1.0 298.2+0.5 193.8+0.3 153.8+0.2 131.1+14  75.9+1.2 70.940.9
8 78.6+2.1 172.1£1.0 114.740.7  90.3+£0.6  79.7+1.5 50.2+0.3  47.74+0.3

12 73.9+1.6 141.8+1.2 96.1+0.5 74.440.7  67.3£0.3  48.1+1.8  46.5+0.1
16 67.3+04 126.0£1.0 85.2+0.9  65.9+0.6  64.4+0.8  47.3+0.3  46.3+0.3
24 57.3+0.4 103.44+0.3 68.4+1.1 60.8+2.4  62.0+0.9  46.8+0.4  46.6+0.9
32 56.7£1.8 88.9+3.8 57.5+1.8  57.2+0.7  56.6+£0.9  47.240.8  46.4+1.3
40  62.1£1.7 79.7+24 56.5+0.4  58.6+0.6  60.3+1.1 50.6+1.1 51.3+0.4
80 78.7+1.0 90.5+1.9 72.0+0.8  70.6+1.1 73.0£2.0  65.1£1.0 67.2+1.3

Table 3.1: Latency (in milliseconds) with 95% confidence intervals of
Lucene versus brute force scan, exploiting intra-query parallelism on
Tweets2011.
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with smaller number of threads, that is 32. This is because Scanl and Scan2 pro-
cess on the unpadded data structure that is smaller than padded data structure,
hence the latency variance among different threads is lower, leading to less waiting
time in synchronization. Similar to Lucene, we see that all of our brute force scans
approaches also struggle with hyperthreading in performance.

If we look at the table horizontally — that is to compare the performance of
different approaches under the same setting — we see a decrease in the query latency
as we improve our brute force scan approaches with multiple threads. However, an
interesting fact to note is that there is a different relative performance ordering of
the brute force scan approaches compared to the single-threaded results: AVXS-
canl performs better than AVXScan2 beyond 24 threads, whereas AVXScan2 beats
AVXScanl under a single-threaded setting. Overall, the maximum performance we
achieve with brute force scans (AVXScan4 with 32 threads) is faster than Lucene
under the same setting. The bottom line is that the best brute force scan approach
is 18% faster than the best Lucene performance.

The results for multi-threaded performance exploiting inter-query parallelism
are shown in Table 3.2. Here we follow the same arrangement as in Table 3.1
and report throughput (query processed per second) of Lucene versus the brute
force scan approaches with 95% confidence intervals. Viewing the table vertically,
we see that Lucene achieves the best performance with 32 threads. This suggests
that the resource contention outweighs the benefits gained by additional parallelism.
Similarly, all of our brute force scan approaches achieve maximum performance with

32 threads. If we look at the table horizontally, we see an increase in the throughput
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of the six brute force scan approaches. With single thread, both AVXScan3 and
AVXScan4 beat the throughput of Lucene. Interestingly, just as in the case of intra-
query parallelism, there is a different relative performance ordering of the brute force
scan approaches compared to the single-threaded results: AVXScan3 performs better
than AVXScan4 beyond 24 threads, whereas AVXScan4 beats AVXScan3 under a
single-threaded setting. This suggests more resource contention when there is more
data to access. AVXScan3 with 32 threads achieves the maximum performance over
all six approaches, while it has a slower performance on a single thread compared
to AVXScan4. Overall, unfortunately, none of our brute force scan approaches
achieves throughput that is competitive to that of Lucene. The bottom line is that

inter-query parallelism is only 35% slower than the best Lucene performance.

3.3.3 Experiments with additional datasets

To study the scalability of our brute force scan techniques, we run the same
experiments on Tweets2013 and show the multi-threaded performance exploiting
intra-query parallelism in Table 3.3, and multi-threaded performance exploiting
inter-query parallelism in Table 3.4 the same way as in Table 3.1 and Table 3.2.

Looking at Table 3.3, we see that unlike with Tweets2011, while AVXScan4
still beats Lucene with single thread, it is not the same with AVXScan3. Lucene
achieves maximum performance with 32 threads as with Tweets2011. Increasing to
80 threads does not improve the performance, either. Looking at other columns,

Scanl and Scan2 achieve maximum performance with 40 threads while AVXScanl
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Threads Lucene Scanl Scan2 AVXScanl AVXScan2 AVXScan3 AVXScand
1 5.84+0.0 1.240.0 2.0+0.0 2.440.0 4.4+0.1 6.840.0 7.4£0.0
2 11.0£0.0 2.3£0.0 4.0+0.0 4.840.0 8.4+0.1 12.340.0 13.240.1
4  29.840.1 4.5+0.0 7.8+0.0 9.34+0.0 16.2+0.1 23.140.1 24.6+0.1
8 46.9+0.5 8.94+0.0 15.4+0.0 18.14+0.1 29.7+£0.0  41.0+0.2  42.2+0.1

12 655409 13.2+0.0 22.8+0.1 25.94+0.2  40.0+£0.5  52.2+1.0  53.6+2.4
16 78.140.7 17.2+0.1 29.4+0.6  324+0.1  47.1+0.3  59.5+2.5  60.1+4.3
24 100.04£2.6 22.440.0 38.2+0.5  41.1+04  53.6+04  63.243.0  62.9+0.3
32 106.1+2.2 24.440.1 419403  46.1+0.5  56.6+2.5  68.6+0.2  67.7+4.3
40  99.9+1.0 23.3+£0.2 38.9+1.1  44.3+0.3  52.0+54  53.9+6.1  48.843.3
80 100.24£1.9 19.5£0.2 33.0404  38.74£0.2  50.744.8  56.0£1.4  53.94£2.7

Table 3.2: Throughput (query per second) with 95% confidence intervals
of Lucene versus brute force scan, exploiting inter-query parallelism on
Tweets2011.
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and AVXScan2 achieve maximum performance with 32 threads, and AVXScan3
and AVXScand with 80 threads have the best performance. Looking at the table
horizontally, we see a decrease in the query latency as we improve our brute force
scan approaches with multiple threads. The different relative performance ordering
of the brute force scan approaches compared to the single-threaded results still exists.
Overall, the maximum performance we achieve with brute force scans (Scan2 with
40 threads) is no longer faster than Lucene under the same setting, and it is more
than 2 times slower than Lucene. The bottom line is that intra-query parallelism
does not appear to be the best way to exploit multi cores using brute force scan
techniques with larger collections.

Viewing Table 3.4, we see that Lucene achieves the best performance with 40
(or 80) threads. On the contrary, Scanl and Scan2 achieve maximum performance
with 40 threads while all other four brute force scan approaches achieve maximum
performance with 80 threads. If we look at the table horizontally, we also see an
increase in the throughput of the six brute force scan approaches. With single
thread, only AVXScan4 beats the throughput of Lucene. Interestingly, a different
relative performance ordering of the brute force scan approaches compared to the
single-threaded results occurs between Scan2 and AVXScanl, AVXScan2: Scan2
performs better than AVXScanl and AVXScan2 with 32 and 40 threads, whereas
AVXScanl and AVXScan2 beats Scan2 under a single-threaded setting. AVXScan3
with 80 threads achieves the maximum performance over all six approaches, while
it has a slower performance on a single thread compared to AVXScan4. Overall,

unfortunately, none of our brute force scan approaches achieves throughput that is
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Threads Lucene Scanl Scan2  AVXScanl AVXScan2  AVXScan3  AVXScan4

1 2489.844.8 13681.44+12.9 8084.0+14.9 6297.0£10.3 5243.0£14.9 2498.7+£24.7 2277.6+10.7

2 898.7£1.9 7082.1+5.2 4176.3+10.6  3268.1+1.1 2742.6+£14.1 1338.8+£11.1 1238.8+13.9

4 738.2+4.9 3707.5+£9.5  2196.5+5.3  1700.6+4.5  1457.5+£5.9  776.5+10.8  737.7+£39.6

8 304.1£1.5 1884.1+2.1  1136.8%£1.6 922.649.1 826.8+5.6 570.7+9.5 561.5+1.7

12 2451417 1356.8+3.6 863.84+1.6 728.6+8.2 685.1+6.0 548.5+7.0  544.3+14.1

16 224.9+1.6 1221.1£9.0 776.3+5.0 649.3+8.2 625.0+5.3 539.5+7.1 539.2+4.8

24 225.7+0.9 954.04+2.5 622.6+2.5 534.5+19.1  528.8430.2 544.945.6 541.249.2

32 202.5%£2.6 761.1£+4.0 519.9+43.8  493.9+89.4  510.1+48.7 563.1+2.5 563.943.6

40 202.7£1.0 661.5+1.6 489.4+2.9  521.9472.1  559.8+45.1 548.7+1.3 561.740.3

80  220.0+1.3 806.0+3.4 547.7+2.4  565.6+12.3  545.5+13.2 513.5+1.7 510.4+1.0

Table 3.3: Latency (in milliseconds) with 95% confidence intervals of
Lucene versus brute force scan, exploiting intra-query parallelism on
Tweets2013.

anywhere close to that of Lucene. The bottom line is that inter-query parallelism
does not appear to be the best way to exploit multi cores using brute force scan
techniques with larger collections either.

Experimental results from Tweets2011 and Tweets2013 with Lucene and dif-
ferent brute force scan approaches show that the relative performance between our
approaches and Lucene is not consistent across collections of different sizes. Not
surprisingly, the smaller the collection is, the better performance our brute force
scan approaches achieve compared to Lucene. This is due to the fact that Lucene
and brute force scan approaches examine a different number of documents for each

query. Brute force scan approaches perform a linear scan over the entire collection
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Threads Lucene  Scanl Scan2 AVXScanl AVXScan2 AVXScan3 AVXScand
1 044+0.0 0.1+0.0 0.1+0.0 0.240.0 0.240.0 0.31£0.0 0.5+0.0
2 0.840.0 0.1+£0.0 0.3£0.0 0.31£0.0 0.31£0.0 0.840.0 0.940.0
4 2540.0 0.3+0.0 0.54+0.0 0.64+0.0 0.64+0.0 1.5+0.0 1.6+0.0
8 3.3+0.0 0.6+0.0 1.0+0.0 1.240.0 1.240.0 2.5+0.1 2.6+0.1

12 7.0+£0.1 0.840.0 1.5+0.0 1.740.0 1.740.0 3.010.0 3.040.2
16 6.2+0.1 1.1+£0.0 1.9+0.0 2.240.0 2.240.0 3.3+0.1 3.440.2
24 7.240.0 1.5+0.0 2.54+0.0 2.740.1 2.740.1 3.31£0.2 3.440.2
32 8.1+0.0 1.6+£0.0 2.7+0.0 2.610.0 2.610.0 3.440.0 3.5+0.1
40 8.5+0.1 1.740.0 2.940.0 2.610.0 2.610.0 3.0£0.1 3.1£0.1
80 8.5+0.1 1.6+0.0 2.840.0 3.1£0.1 3.1£0.1 4.240.3 4.140.3

Table 3.4: Throughput (query per second) with 95% confidence intervals
of Lucene versus brute force scan, exploiting inter-query parallelism on
Tweets2013.
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and examine every document in the document pool, while Lucene only examines a
portion of the collection that only have query terms. As the collection grows, there
are more documents to be checked by brute force scan approaches than Lucene and
the benefits gained from brute force scan approaches cannot compensate the cost of

disk access of more data.

3.3.4 Cross-over corpus size of Lucene vs. Brute Force Scans

Although brute force scan approaches even with multithread parallelism is not
ideal for tweet search when the collection is large, we would still like to study the
cross-over point for the corpus size when Lucene and brute force scan approaches
achieve the same performance when exploiting parallelism at its fullest. This there-
fore sets a guideline for what architecture should be chosen for different sizes of
corpus that achieves the best performance.

To create collections of different sizes, we first sort Tweets2013 chronologically,
then start from the first tweet, and keep collecting tweets until 1%, 5%, 10%, 15%,
20%, 25%, 50% of the collection have been selected. This gives us different collections
with size of 2.6, 13, 26, 39, 52, 65, 130 million tweets respectively. We then run the
same experiments as that with Tweets2011 and record the results.

Results for multi-threaded performance exploiting intra-query parallelism on
different corpus sizes are shown in Table 3.5. Here we report query latency of
Lucene versus the brute force scan approaches with 95% confidence intervals. Each

cell gives the the lowest latency for each technique out of all number of threads. So
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for example, the cell in the first row and first column records the best performance
of Lucene in terms of latency out of all possible threads when exploiting intra-query
parallelism on a collection of 2.6 million tweets.

Looking at the table vertically, it is not surprising to see that each technique
achieves a better performance when the collection is smaller. However, if we view
the table horizontally, it is interesting to note that while none of our brute force
scan approaches beat Lucene beyond collection size of 52 million(inclusive), when the
collection size decreases, like in the case where we have 39 million tweets, AVXScan2,
AVXScan3 and AVXScan4(in bold) achieve no significantly different performance
compared to Lucene. For smaller collections with size of 26 and 13 million, Scan2
and AVXScanl are also better options for achieving lower latency than Lucene. And
lastly, Lucene achieves performance that is not anywhere close to any of our brute
force scan approaches when the collection is as small as 2.6 million tweets.

To view the results clearly, we plot all the points from Table 3.5 in Figure 3.3.
Again, brute force scan approaches gain better performance compared to Lucene
when the collection gets smaller. Although more than one brute force scan ap-
proach outperforms Lucene in accomplishing a real-time search task, there’re still
some factors that should be taken into account as in which one should be cho-
sen. Scan2 is favorable when there are restrictions on the memory as AVXScan
approaches consume more memory in order for the document pool to be in align
with the boundaries of AVX instructions. However, when latency is more concerned,
AVXScan3 and AVXScan4 should be considered. Bottom line: brute force scan ap-

proaches are better options than Lucene when the collection size is under 39 million.
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Collection Size

Lucene Scanl Scan2 AVXScanl AVXScan2 AVXScan3 AVXScand
(tweets in M)

2.6 25.5+1.0 16.940.9 11.440.2 11.1+0.4 11.140.3 7.940.1 7.04+0.1

13 48.1+1.7 54.140.3 35.4%0.6 28.840.4 27.840.8 26.4+0.4 26.1+0.3

26 67.1+41.8 955+1.0 64.1+04 54.0+0.3 53.340.5 50.5+0.4  47.9+0.4

39 73.4+0.9 1285+0.7 90.4+0.6 77.5+0.8 75.0+1.1 73.2+0.5 73.3+£0.9

52 87.6+1.1 159.4+0.1 113.6£0.5 100.1+1.1  100.0£0.5 96.6+£0.9  97.7+0.3

65 105.1+0.2 187.3+0.5 129.5+1.2 118.1+0.7 119.0+0.6 114.4+0.6 110.24+0.5

130 134.3£0.9 663.14+3.7 489.7+1.9 496.9+55.7 447.1+24.3 498.6+1.9 511.3+2.3

259  220.0+1.3 661.5+1.6 489.4+2.9 493.94+89.4 510.1+48.7 513.5+1.7 510.4+1.0

Table 3.5: Latency (in milliseconds) with 95% confidence intervals of
Lucene versus brute force scan, exploiting inter-query parallelism on col-
lections of different sizes selected from Tweets2013. Each cell gives the
lowest latency for each technique out of all number of threads. Cross-over
point is written in bold.
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Figure 3.3: Latency(ms) of Lucene vs. Brute Force Scan approaches on

different corpus sizes. We show the best performance out of all possible

threads for each approach.

Similarly, results for multi-threaded performance exploiting inter-query paral-
lelism on different corpus sizes are shown in Table 3.6 with the same layout as in
Table 3.5. Looking at the table vertically, it is not surprising to see that each tech-
nique achieves a better performance when the collection is smaller. Looking at the
table horizontally, we see that none of our brute force scan approaches beat Lucene
beyond collection size of 26 million(inclusive), and this is proven by the results in
Table 3.1 with Tweets2011, that is about 16 million tweets. When the collection size

decreases, like in the case where we have 13 million tweets, AVXScan2, AVXScan3
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Collection Size
Lucene Scanl Scan2  AVXScanl AVXScan2  AVXScan3  AVXScan4

(tweets in M)

2.6 193.1+£7.84 160.84£0.72 284.8+9.31 330.0£10.00 333.9£22.66 564.1+81.99 539.7+43.58

13 127.0+4.68 35.3+0.27 62.3£1.06 101.3+2.54 118.74+7.59 135.8415.48 146.3£7.78

26 98.942.32  17.5+0.05  30.940.31 47.6+2.18 57.3+1.63 59.2+4.37 68.2+2.24

39 72.840.49  11.7+£0.04  20.7+0.21 30.6+0.49 33.4+1.31 37.4+2.63 44.1+4.26

52 59.3+1.74 8.8+£0.01  15.5+0.07 23.5+2.04 25.4+1.98 27.7+£2.27 33.446.58

65 48.0+0.12 7.0+£0.02  12.440.07 17.5+0.89 18.3+£0.69 20.941.00 24.04+2.76

130 25.1+0.11 3.5+0.01 6.2+0.06 8.4£0.27 8.7£0.28 9.740.26 10.610.89

259 8.54+0.05 1.740.00 2.940.03 3.1+0.14 3.54+0.17 4.240.28 4.1+0.32

Table 3.6: Throughput (query per second) with 95% confidence intervals
of Lucene versus brute force scan, exploiting inter-query parallelism on
collections of different sizes selected from Tweets2013. Each cell gives
the best throughput for each technique out of all number of threads.
Cross-over point is written in bold.

and AVXScan4(in bold) either achieve no significantly different performance or bet-
ter performance compared to Lucene. For smaller collection with 2.6 million tweets,
except for Scanl that achieves throughput that is 17% lower than that of Lucene,
all the other brute force scan approaches achieve performance that is significantly
better than Lucene.

We also plot all the points from Table 3.5 in Figure 3.3. Same with intra-
query parallelism, brute force scan approaches gain better performance compared
to Lucene when the collection gets smaller. Although inter-query parallelism does
not appear to be the best way to exploit multi cores using brute force scan techniques

with Tweets2011 or Tweets2013, it is still to be proved to be an option to consider
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Figure 3.4: Throughput(qps) of Lucene vs. Brute Force Scan approaches

on different corpus sizes. We show the best performance out of all pos-

sible threads for each approach.

when the collection is relative small. The bottom line is that brute force scan

approaches are better options than Lucene when the collection size is under 13

million.

3.4 Discussion

From the above results, we have learned that our brute force scan approaches
are better options than Lucene both in latency and throughput when the collection

is relatively small. To recap, “indexing” with brute force scan approaches are 13
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times faster than with inverted index in Lucene, and are better options than Lucene
for retrieval when the collection size is under 39 million when intra-parallelism is
exploited. When inter-parallelism is exploited, brute force scan approaches are
better options than Lucene when the collection size is under 13 million.

One might notice and argue that optimizations like unrolling in our approaches
can be automatically performed by a compiler. However, we argue that the answer
is no. This is because all these optimizations require understanding the semantics
of all the nested loops — loop over documents, loop over query, etc. In our case, the
vectorization isn’t a straightforward vectorization of an entire array, as one has to
understand the semantics of document boundaries, etc. Thus, these optimizations
can’t be done automatically.

Compared to Lucene, our brute force scan approaches have three advantages
in real-time search. First, real-time search requires fast incremental indexing, as
documents are ingested in a streaming fashion at a high speed. It is necessary
for new documents to be indexed and available for search immediately after they
become available. This is not trivial for Lucene, but is relatively easy for brute force
scans, as we need only to convert new documents to arrays of integers and append
them to the end of the document pool.

Second, in a real-time search, users most often care only about the latest re-
sults. For an inverted index, this is implemented by traversing the posting lists
“backwards” and exiting early when enough results have been accumulated. How-
ever, most search systems are not designed this way and traditional query evaluations

are not trivial. For brute force scans, since documents are arranged chronologically,
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we can simply scan from the end of the document pool, and exit when we have
reached a proper time.

Third, simple data structure yields simple architecture, thus making it easier
to be adopted to support other operations. For example, many web search engines
adopt an architecture that begins with a simple ranker (e.g., BM25) followed by one
or more complex (machine-learned) rankers. These complex rankers usually require
access to document-level features (e.g., static priors), but such features are not stored
in an inverted index, thus requiring a separate “document store”. With brute force
scan approaches, such “document stores” are not needed as we can suitably encode
the document-level features and store them in the document pool.

To conclude, we show that our simple approach that abandons an inverted
index and is based on brute force scans on documents has advantages over Lucene in

a real-time scenario. Most importantly, it is most practical given today’s hardware.
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Chapter 4: Selective Search on Document Streams

In this chapter, we present the other main part of the real-time search compo-
nents in our proposed system, selective search on document streams, see highlighted
part in Figure 4.1. To recap, selective search is to divide a collection based on doc-
ument similarity into multiple shards (shard creation), and select only a few shards
that are estimated to be relevant to the query for search (shard selection). The mo-
tivation behind this approach is to reduce computation costs by considering only a
subset of the documents while maintaining a high level of effectiveness. As discussed
in Chapter 1, previous work on selective search assumes a static collection and per-
forms partitioning on the collection in batches (e.g. using k-means clustering), and is
therefore not suitable for handling dynamic collections like tweets where documents
are arriving continuously so shards must be created incrementally. To solve this
issue, we propose a novel selective search technique that differs from the traditional
selective search in that shards are created incrementally. To achieve this, we artic-
ulate a design space, where we divide document streams into temporal segments at
different granularities, and use either batch or online clustering algorithms to per-
form shard creation within each segment. We build inverted index for each shard

within each temporal segment for query evaluation, and perform brute force scan
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Figure 4.1: Selective search on document streams. Highlighted is the
part for temporal segments.

over the “leftover” piece in the last incomplete segment to make the new incoming
tweets immediately searchable, therefore developing a real-time search system.
Another problem with existing selective search approaches is that shard cre-
ation based on batch k-means clustering cannot support large datasets [4]. This is all
due to the representation format of documents, where documents are converted into
sparse vectors in huge vocabulary dimensions, computing distance between vectors
and centroid of these vectors for k-means leads to extremely high computing cost

and resources requirements. Even those methods that can support large datasets [2]
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apply Sample-Based k-means to address this limitation, and run the risk of not
being able to capture all the information a collection might contain. To solve this,
we explore the feasibility of using word embeddings to reduce the dimensionality of
the documents for clustering.

With the proposed selective search approach and the utilization of word em-
beddings, our goal is to minimize the number of documents for consideration to
reduce computation efforts while achieving some level of results quality, hence the
efficiency/effectiveness tradeoff. To study this, we use the data from TREC Mi-
croblog evaluations to do experiments, and observe that with cost that is 12% of an
exhaustive search, we can achieve effectiveness roughly equal to that of an exhaustive
search.

Since we have explained the strategy of brute force scans in detail in the pre-
vious Chapter, this chapter focuses mainly on describing how we achieve selective
search on document streams. In the sections that follow, we first discuss in detail
how to achieve incremental partitioning over collections by applying different seg-
menting strategies and clustering algorithms. Then we describe the preparation for
the clustering, namely how to represent tweets as vectors with word embeddings.
This is followed by the evaluation methodologies we adopted and experiments we
ran to study the efficiency and effectiveness of selective search techniques. Finally,

we conclude the work.
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4.1 Real-Time Selective Search

Before we present our selective search approach, let us first define our prob-
lem: Given a stream of timestamped documents and a query Q at time t, the system
should aim to return a ranked list of documents up until the query time. To study
the efficiency /effectiveness tradeoff for selective search and to show a fair comparison
to an exhaustive search, we apply the same ranking algorithm for both strategies.
To make it simple, we rank documents using query likelihood with Dirichlet smooth-

ing [41].

4.1.1 Design Space

Current selective search approaches assume static collections. They typically
partition the collection into topical shards where documents within each shard share
similar content. Within each shard, an inverted index is built for all the documents
in that shard. For retrieval, they search against the inverted index for only the
shards that are estimated to contain the most relevant documents, each selected
shard returns relevant documents which are then merged into a final result list.

Talking about the technical details, as for partitioning, simple techniques like
k-means clustering and sophisticated approaches based on topic modeling have been
proposed, but it is not clear which one is more effective. This is supported by the
research of Kulkarni and Callan [5], in which the researchers compared k-means and
LDA but found no significant difference in effectiveness. Therefore, we use k-means

clustering as the partitioning technique in our selective search for simplicity. As
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shard and cluster refer to the same thing, we will use these two terms interchange-
ably.

Because existing k-means clustering techniques can handle data in batch but
not in streaming setting, in order to adapt the k-means (e.g. Lloyd’s algorithm) to
our real-time streaming scenario, we divide the collection into temporal segments,
and run batch k-means for each segment. More specifically, starting from the be-
ginning, for every hour we accumulate documents until that hour completes, then
apply a selective search on this hourly segment. Hence, every temporal segment
would have N clusters after partitioning, and only a subset of these clusters will
be considered for query evaluation. And because batch k-means is performed every
hour, the search is somewhat delayed, and for now the newly encountered tweets
are not searchable until after one hour when the clustering has been performed.

We can also modify the segment organizations for larger intervals to avoid
searching multiple small segments, say perform selective search for every day. We
still perform selective searches on hourly segments back to the previous complete
day, and perform selective searches on daily segments back in time. Having even
larger intervals brings us to a stage where the setting looks closer to selective search
on a static collection.

In order to have contrasting experiments, we also consider an online variant
of k-means clustering for shard creation. Online clustering has the advantage of
updating clusters incrementally with every new instance, so they can evolve over
time to be shifted to topics. However, one property of current online clustering

algorithms [163-166] makes it difficult to apply these algorithms directly to our ap-
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proach: they only keep track of cluster representatives, but not cluster assignments.
That is to say, for every new instance, the algorithm will compute its nearest cluster
and clusters will then be updated. Therefore, while it is possible to compute cluster
assignments at a designated time when needed, computing cluster assignments every
time a new instance arises is computationally unfeasible. This is in contrast to batch
k-means, where the output is both cluster representatives and cluster assignments,
and they are stable once the algorithm converges.

To solve the cluster assignment problem of online clustering, one obvious so-
lution is to buffer the documents of which we would like to determine cluster as-
signments, then perform a second pass over the clusters to compute their nearest
clusters. In our search scenario, this means performing online k-means over an hour
of data, buffering these, and scanning clusters to perform cluster assignment.

See Figure 4.2 for an illustration for our selective search architecture.

4.1.2 Segment Organization

As previously discussed, we explore a variety of options for organizing seg-
ments and performing clustering. To summarize, there are a total of four different
approaches. A discussion of each and the pros and cons of each attempt follows:

Hourly batch (Hg). In this approach, we perform a selective search on hourly

segments with batch clustering, from the most recent complete hour back to the

beginning of the collection.

Hourly online (Hp). This is exactly the same as the first approach except that
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Figure 4.2: Schematic illustration of the design space for real-time selec-
tive search on document streams. We can apply batch or online k-means
at hourly intervals and batch k-means at a coarser granularity (e.g., a
day). At query time, results can be assembled from a combination of

different segments.

hourly segments are partitioned using an online clustering algorithm.

Hourly batch + daily batch (Hp + Dg). In this approach, we perform selective
searches on daily segments using batch clustering until the most recent complete
day. We then perform selective searches on hourly segments using batch clustering

until the most recent complete hour.

Hourly online + daily batch (Hp+ Dg). This approach is the same as the above
approach except that the hourly segments are partitioned using an online clustering
algorithm. Note that the daily segments are constructed using batch clustering as
there is no advantage to applying online clustering on such long intervals.

To show the considerations we have taken in choosing different segment orga-
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nizations and clustering algorithms, below is a discussion of their advantages and

disadvantages:

Batch vs. online clustering. As far as algorithm efficiency is concerned, on-
line clustering must be performed a second pass for assignment computation, and
it involves linear time complexity that is proportional to the collection size and di-
mension size. Whereas batch clustering typically has linear time complexity as well,
it is proportional to the collection size, dimension size, cluster number and number
of iterations until convergence, therefore is slower than online clustering. However,
the complexity for both algorithms is not a problem as the segment to which we
apply the clustering is in small interval (one hour or one day) and generally has a
small number of documents compared to the entire collection. Therefore, it can fit
into the memory.

For cluster quality, it is not clear which algorithm generates better clusters, in the
sense that it groups more contextual similar tweets together and that by selecting
top K clusters out of N clusters, it contains relevant tweets with higher effective-
ness. This is hard to predict using only theory because both algorithms have their
advantages. Batch clustering can take advantage of a broader range of information,
whereas clusters of online clustering are sensitive to every instance, and every in-
stance can have an effect on the update of the clusters. On the other hand, while
good batch clustering depends largely on a good seeding process, online cluster-
ing can be adapted gradually to shift to actual topics represented by the streams.

Therefore, it is up to us to determine which method is better.
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Fine-grained vs. coarse-grained. Another variation of our segment organiza-
tions involves the method by which we divide the streaming collection. In terms of
efficiency, coarse-grained (performing selective searches for each day) segmentation
is more efficient as it has fewer segments. Thus, because we need to perform shard
selection for each segment for the search, there are a fewer of them in total. Be-
sides, as we need to perform clustering for each segment, fewer segments means less
overhead in the clustering process.

However, for search quality, fine-grained segmentation enables us to search on a
more fine-grained level and can yield higher quality. If it is not clear for hourly
segmentation, let us take an extreme case where we segment the collection by every
tweet. In this case, we are taking every tweet into consideration for relevance, unlike
in other cases where we have only considered a subset of the collection. Therefore,
a search on such an extreme fine-grained segmentation leads to higher effectiveness.
Another advantage of fine-grained segmentation is that we can terminate the process

early once we have accumulated enough results.

4.1.3 Indexing

As with indexing, for all four segmentation strategies, within each temporal
segment, we build an inverted index for each shard, with global statistics stored
in it. Selective search can then be performed on the already partitioned segments.
This is shown in part 1 in Figure 4.1.

Yet there is still a “leftover” piece that must be addressed; the tweets from
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Tweets2011 | Tweets2013

Documents per hour (in K) 40 170

Table 4.1: Number of documents per hour for Tweets2011 and Tweets2013

the last incomplete hour. For example, if a query is issued 15 minutes past the
last hour, we have the partitions for every hour or day back until the beginning
time according to which strategy we take, but the tweets posted in that 15-minute
window remain unclustered. For this piece of data, we will generate document pool
and perform exhaustive search with brute force scans techniques. The results are
merged with the results returned from selective search on the partitioned segments
to generate a final list of results. This is shown in part 2 in Figure 4.1.

The reason of choosing brute force scans on the “leftover” piece is that: as it
is shown in Chapter 3 that brute force scan approaches achieve better performance
both in latency and throughput than Lucene when exploiting parallelism when the
collection size is under 2.6 million. Table 4.1 shows that the average number of
documents per hour is 40K for Tweets2011 and 170K for Tweets2013, they're both
far smaller than 2.6 million. Therefore, brute force scan approaches are better
options than Lucene in performing an exhaustive search for the tweets in the last

incomplete hour.
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4.1.4 Clustering Implementations

For k-means clustering and its variations used in current selective search ap-
proaches, documents are converted into vectors of vocabulary space. Vectors can
be in tremendously high dimensions either due to a large dataset or big vocabu-
lary size. This is the case for tweet streaming. Although it was our initial goal to
apply batch and online clustering to such vectors, the high computation cost pre-
vented us from doing so. To provide a fair comparison, in Ackermann et al. [163]
StreamKM-++ paper, the largest dataset used was 11 million in 57 dimensions, with
the largest number of dimensions being 68. In contrast, our data (16 million tweets)
already has a vocabulary size that exceeds one million. Although for batch cluster-
ing, it is possible to reduce the vocabulary space by discarding all the terms whose
term frequencies fall below a certain threshold. However, this is not true for online
clustering, where both vocabulary and term frequencies are updated in real-time.

To further explain the need for dimensionality reduction, for k means clus-
tering, the issue is that the centroid vectors have features that are the union of all
documents in the cluster. After averaging, every word that is found in at least one
document in the cluster will have non-zero weight. Therefore, the centroid vectors
become very large, i.e., non-sparse. In batch clustering, this isn’t an issue because
we can use disk. In contrast, in streaming clustering, all the vectors can’t fit in
memory. With word embeddings being in use, this isn’t an issue any more because
the centroid vectors are capped at a maximum size (i.e., the number of dimensions

of the embedding).
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To reduce the vector dimensionality of the documents, we take advantage of
word embeddings from recent work [6], and project each document into a vector of
dimension d (d is in the magnitude of hundreds or less). It works as follows: We
first train GloVe word embeddings of Pennington et al. [163] on the Edinburgh tweet
collection [167]. This corpus comprises 97 million tweets from November 11th 2009
to February 1st 2010. We deliberately chose a corpus that is disjointed from our
test collection, so as to make sure that any result generated by GloVe and used by
our test collection does not have any future information our test collection might
contain. GloVe produces a global log-bilinear regression model that combines the
advantages of two model families for continuous word representations: global matrix
factorization and local context methods. The output of it is real-value vectors for
each word occurred in the corpus in dimension d:

The document vector then simply takes the average of all of the individual
word vectors. Here, we do take the term frequency into account, so if a term occurs
twice, it is counted twice in the computation. All vocabulary terms are treated as
vectors of zeroes.

For batch clustering, we used k-means implemented in Apache Spark’s Ma-
chine Learning Library (MLIlib) [168] that implements a parallelized variant of the
k-means+-+ method [169] called kmeans|| [170]. It is an efficient parallel version of
the inherently sequential k-means++ that reduces the number of passes needed to
obtain a good initialization while obtaining a nearly optimal solution.

For online clustering, we used StreamKM++ [163] implementation written in

Java from MOA toolkit [171]. To recap, StreamKM++ maintains a coreset, each
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of which represents a weighted point from the data stream. Such corset is designed
with a tree structure for fast operation. Whenever a new instance arises, the coreset
updates itself to include the new point. Therefore, at any time, we have cluster
representatives but not assignments. After every hour, we must perform a second
pass over these representatives to compute cluster assignments.

Before running k-means clustering, it is up to us to define the number of clus-
ters we want to have for each segment. To trade between efficiency and cluster
quality as discussed in the previous section for fine-grained and coarse-grained seg-
mentation, we choose a middle ground number 100 for simplicity as the number of
clusters to be generated throughout all segments for all four segmenting strategies.
For example, for Hp + Dpg, every daily segment is partitioned into 100 clusters with
batch clustering, and every hourly segment is partitioned into clusters with online
clustering.

Until now, we have introduced the manner in which the shard creation is
handled with different segment organization strategies and clustering algorithms. In
the following section, we will demonstrate how a subset of the collection is selected

for a search and how the query evaluation is performed in such a scenario.

4.1.5 Cluster Selection and Document Ranking

Given the partitions for every segment, our goal of cluster selection is to select
the clusters from each segment that are most likely to contain relevant documents

with respect to a query. Those selected will be put through a ranking algorithm
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and results will then be merged to generate a final ranked list of results.

For cluster selection, we adopted a simple technique based on cosine similarity.
In this approach, the query is converted into a vector as the document does, and
compared to all 100-cluster representatives within each segment. Clusters are then
ranked based on cosine similarity. As a comparison, we also implemented a more
complex algorithm ReDDE [101], but did not find significant improvement. While
ReDDE requires a sample index, for a cosine similarity approach, we need only to
maintain 100 dense vectors. Hence, we remain with cosine similarity for simplicity
and efficiency.

As for how many clusters are selected within each segment, we define a global
variable to represent this number. Instead of using sophisticated techniques to
automatically compute the smallest number of clusters containing the most relevant
documents based on some criteria, we select the same number of clusters within
every segment throughout the collection for all four-segment organizations. For
example, for Hg + Dp, if we select the top 10 clusters for every day, we also select
top 10 clusters for every hour. Of course there are more effective approaches, but
we leave this as a future plan and continue to use the simple approach for now.

Once the clusters are selected, we rank the documents for each selected cluster
using query likelihood with Dirichlet smoothing. We then merge the results to
generate a final ranked list. For every query, we are careful to use the collection
statistics available at query time when computing document rankings. That is, we
have a dynamic dictionary that maps terms to their collection frequencies in real-

time, and we use the collection frequency of a term up until the query time when
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computing query likelihood. Therefore, we avoid using information from the future,

although previous work has shown that this does not affect the effectiveness [172].

4.2 Experimental Setup

For our experiments, we used test collection known as Tweets2011 from TREC
2011, TREC 2012, consisting of 16 million tweets, a sample of approximately 1% of
tweets from January 23, 2011 to February 7, 2011 (inclusive). There are 50 topics
for TREC 2011 and 60 topics for TREC 2012. Each topic consists of a query with
a timestamp, indicating when the query is issued. Our system’s task is to return
a ranked list of results in response to each query, where all results are before the
query time. To learn the scalability of our approach, same experiments are run on
a larger test collection from the Microblog tracks at TREC 2013 [162] called the
Tweets2013 collection, which consists of sample of tweets from February 1, 2013 to
March 31, 2013 (inclusive), totaling approximately 259 million tweets. There are 60
topics for TREC 2013.

We implement hourly batch (Hg), hourly online (Hp), hourly batch + daily
batch (Hg + Dp), and hourly online + daily batch (Hp + Dp) on both Tweets2011
and Tweets2013 as discussed in previous sections. For each strategy, we built an
inverted index for each shard created for each temporal segment. Query evaluation
is then performed against these inverted indexes for all the temporal segments up
till the last complete hour/day. For the “leftover” piece in the last incomplete hour,

we run brute force scan by exploiting parallelism to achieve lower latency.
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4.3 Evaluation Methodology

To evaluate system effectiveness, we follow the evaluation methodology in-
troduced in Chapter 1. To gather “ground truth”, we had NIST assessors use a
standard pooling strategy to use the depth 100 tweets from all submitted runs in
TREC, and judge the tweets on a three-way scale of “not relevant”, “relevant”, and
“highly relevant” with the score of 0, 1 an 2 respectively. The relevant and highly
relevant tweets are all considered relevant. To measure effectiveness, we use official
TREC evaluation metrics, namely precision at rank 30 (P30) and average precision
(AP) at rank 1000. Here, higher metric scores indicate better system effectiveness.

To study the efficiency/effectiveness of our proposed four selective search ap-
proaches compared with an exhaustive search, we must first answer a question: ef-
fectiveness is easy is record, but how do we measure efficiency? In our experiments,
recording time to measure efficiency is a bad solution because it is unstable. A more
desirable solution would be to record the number of tweets that are examined from
selected clusters. However, it is not a fair comparison to use this number when
comparing different queries. Because these queries are issued at different times,
even if we select the same number of clusters, some queries might have more tweets
examined than other queries. Also, different cluster sizes make it unreasonable to
use this number. For aggregation purposes and to solve this issue, we normalize this
number into a fraction of the collection size that would have been examined before
the query time.

Specifically, there are two types of statistics we are interested in: first is the
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individual level. That is, if we select n clusters within each segment (this can then
be operationalized as a fraction of the collection), what level of effectiveness can we
achieve? The other is in an aggregation level. If we examine a particular fraction
of the collection, what level of effectiveness can we achieve? For this, we are still
analyzing the cluster level because each number of clusters selected would result in
a pair of efficiency/effectiveness values. Therefore, we would bucket the efficiency
values and average effectiveness across all points that fall into that bucket. Note
that the efficiency /effectiveness values are already the average over all topics, so we
make sure we are taking all topics into account.

To avoid the effects a random selection of k-means might bring, we repeat the

above experiments five times and take the average over all trials.

4.4 Results

4.4.1 Segment Organizations

To study the first question from the previous section, we vary the number of
clusters examined per segment for each of the four segment organizations: hourly
batch (Hpg), hourly online (Hp), hourly batch + daily batch (Hg + Dg), and hourly
online + daily batch (Hp + Dp) and record efficiency/effectiveness compared with
that of an exhaustive search. For these experiments, we used word embeddings of
25 dimensions.

We show the results in Table 4.2. Due to limited space, we show that only

2, 3, 4, 5, 10 and 20 clusters are represented. The first row of each block shows
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the effectiveness of an exhaustive search that ranks all the tweets prior to the query
time. For each strategy, we show the average effectiveness over five trials as well
as the 95% confidence interval. We see that the confidence interval is relatively
small, indicating that our selective search is robust for a random seeding of the
clustering process. We also did statistical significance testing using a paired ¢-test
between each of our approaches with an exhaustive search. The symbols v and a
show significant differences at p < 0.05.

Looking at P30 for each strategy vertically, we see that by selecting three or
four clusters out of 100, we can achieve effectiveness indistinguishable from that
of an exhaustive search. By selecting more clusters, it is even possible to achieve
significantly better effectiveness than an exhaustive search. The explanation behind
it is that it’s the cluster hypothesis at work — documents close to other relevant docs
are more likely to be relevant, and false positives are being excluded because they
landed in partitions that don’t get selected. This finding is consistent with previous
work [173]. This indicates that our clustering algorithm does a good job in grouping
close tweets together into one cluster while leaving any other noise outside. On
the other hand, looking at AP, in order to be comparable to an exhaustive search,
we must examine approximately 10 clusters per segment. And this is because AP
considers recall as well.

Table 4.3 shows a translation of the number of clusters into a fraction of the
collection. Results are also computed on an average of five trials. Since the 95%
confidence interval is less than 0.005, we can simply omit these from the table.

To look at the statistics in an aggregated level, we follow the bucket procedure
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P30

Hp

Ho

Hp+Dp

Ho+Dp

exhaustive

0.3

182

10

20

0.2954+0.0082 v

0.313440.0078

0.324140.0068

0.325540.0048

0.3252+0.0016 «

0.324440.0018

0.3012+0.0046 v

0.317240.0029

0.3270+0.0065

0.328240.0060 »

0.3265+0.0043

0.32454+0.0011 »

0.297240.0037 v

0.313240.0132

0.320940.0046

0.323510.0080

0.323540.0025

0.323840.0010

0.2982+0.0033 v

0.3144+0.0104

0.321840.0038

0.323440.0051

0.322940.0030

0.323440.0009

AP

Hp

Ho

Hp+Dp

Ho+Dp

exhaustive

0.2368

10

20

0.160840.0025 v

0.1861+0.0051 v

0.2039+0.0061 v

0.2150£0.0055 v

0.237940.0047

0.2467+0.0009 &

0.1671+0.0085 v

0.1928+0.0026 v

0.2086+0.0044 v

0.2181+0.0026 v

0.241540.0017 a

0.247440.0015

0.159240.0074 v

0.186540.0091 v

0.203940.0063 v

0.214440.0034 v

0.239040.0041

0.247040.0010

0.161440.0078 v

0.187440.0062 v

0.205440.0045 v

0.2156+0.0028 v

0.239640.0043

0.246840.0003

Table 4.2: P30 and AP scores for different numbers of clusters examined

under different segment organizations: hourly batch (Hg), hourly online

(Hp), hourly batch + daily batch (Hg+Dpg), hourly online 4 daily batch

(Ho+Dp) on Tweets2011. v/a indicate significant differences compared

to exhaustive search (p < 0.05).

102




Clusters | Hp Ho Hg+Dpg | Ho+Dpg

210.021 | 0.024 | 0.021 0.022

310.032 | 0.035 | 0.033 0.033

410.044 | 0.047 | 0.045 0.045

51 0.056 | 0.594 | 0.057 0.057

10| 0.115 | 0.121 | 0.117 0.117

20 1 0.231 | 0.242 | 0.235 0.236

Table 4.3: Number of clusters examined for each of our segment organi-

zations, translated into a fraction of the entire collection on Tweets2011.

and plot the effectiveness against the fraction of the collection for each of the segment
organizations in Figure 4.3 with a bucket size of 0.2. The horizontal line shows the
effectiveness with an exhaustive search. For both AP and P30, there is a significant
difference between our approach and an exhaustive search at the beginning, which
is in line with the previous findings in Table 4.2. As we proceed all the way to the
right, the effectiveness of selecting a fraction of 1 of the collection finally converges
to an exhaustive search.

We select a few representative points from Figure 4.3 and show them in Ta-
ble 4.4. This table is laid out in the same format as Table 4.2, except that the first
column is the fraction bucket. As before, we average the effectiveness scores over
five trials and show the 95% confidence interval. Also, we annotate the results of

significant testing in the same manner. Again, the small confidence interval suggests
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Figure 4.3: Effectiveness (P30 and AP) vs. efficiency (fraction of the
collection examined) under different segment organizations: hourly batch
(Hp), hourly online (Hp), hourly batch + daily batch (Hp+Dg), and

hourly online + daily batch (Ho+Dpg) on Tweets2011.

that our selective search approaches are robust to the randomization of clustering.
Looking at all tables horizontally, that is, to compare the four segment or-
ganizations under same setting, we do not observe significant differences. All four
strategies are able to achieve the same level of effectiveness. Choosing any one of
them is fine, but some are preferred over others when there are specific requirements.
For example, if the resource is limited, we might want to choose online clustering
with StreamKM++ as that only requires one single server whereas batch clustering
with MLIib requires several servers. When the queries are not issued frequently, it
is preferred to apply selective search over daily segments as that is computation-

ally efficient because it reduces the number of cluster selections required over the
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P30 | Hp Ho Hp+Dp Ho+Dp
exhaustive 0.3182
[0.02,0.04) | 0.3044+0.0273 0.3092+0.0228 0.3052+0.0260 0.3063+0.0250
[0.04,0.06) | 0.3248+0.0086 0.3275+0.0089 0.3222+0.0099 0.3226+0.0067
[0.10,0.12) | 0.325340.0033 & | 0.326940.0028 & | 0.323340.0031 & | 0.322340.0041
[0.20,0.22) | 0.32424+0.0027 & | 0.3248+0.0031 & | 0.3236+0.0014 & | 0.3235+0.0011 &
AP | Hp Hp Hz+Dpg Ho+Dp
exhaustive 0.2368
[0.02,0.04) | 0.173540.0355 v | 0.1799+0.0367 v | 0.1729+0.0395 v | 0.1744+0.0373 v
[0‘04,0.06) 0.20954+0.0173 v | 0.2126+0.0128 v | 0.2091+0.0163 v | 0.2105+0.0115 v
[0.10,0.12) | 0.236940.0071 0.2395+0.0032 0.2376+0.0074 0.2381+0.0085
[0.20,0.22) | 0.2462+0.0012 & | 0.2476+0.0029 & | 0.2461+0.0017 & | 0.2459+0.0017 &

Table 4.4: Selected efficiency operating points from Figure 4.3.

v/A

indicate significant differences compared to exhaustive search (p < 0.05).
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segments.

The results shown in Figure 4.3 assume that the cost of each segment organi-
zation is the total number of documents from selected shards. Although this is true
for a brute force scan approach where all the documents from the selected shards
need to be examined, it is not applicable for query evaluation that is with an ar-
chitecture with inverted index as its core. Query evaluation with inverted index
only examines documents that contain at least query terms and therefore needs a
different efficiency vs. effectiveness analysis. We take the cost metric defined by
Kulkarni et al. [104] that is the average number of documents from selected shards

that contain at least one query term over all queries, as is defined as follows:

Cla) = Y, Ii(@) (4.1)

where, n is the number of top shards searched for query ¢, S;(q) is the set of doc-
uments in shard ¢ that contain at least one query term. Other cost metrics like
the one proposed by Aly et al. [108] reflect the selection algorithm in the efficiency
measure arguing that the selection algorithm itself can require substantial resources,
however, as our selection algorithm is nothing complex but just a ranking process
for different cosine similarity scores between each selected shard and the query, the
cost can be ignored.

We show the average effectiveness over five trials vs. cost associated with an
inverted index under different segment organizations in Figure 4.4 with the same
layout as that of Figure 4.3. Instead of showing the absolute effectiveness score(P30

and AP) on the y-axis, we show the relative score, that is the fraction of the effective-
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Tweets2011 | Tweets2013

Cost(in M) | 0.2 5.5

Table 4.5: Exhaustive search cost on different collections

ness score compared to an exhaustive search. Instead of showing the absolute cost
on the x-axis, we show the fraction of the cost compared to an exhaustive search.
Here, the cost of an exhaustive search, or the number of documents containing at
least query term for all the topics in the entire collection is shown in Table 4.5, that
is 0.2 million. Looking at the figure, we see that there is no significantly different
performance with different segment organizations. Our approaches can achieve the
same P30 score compared to exhaustive search but with only about 12% of the cost.
Again, in order to achieve AP score that is comparable with exhaustive search, the
cost increases to about 34% because recall has to be taken into consideration. Fi-
nally, there is this zigzag shape for our approaches, and this is because there are not
as many points falling into certain buckets as in other buckets, and there is noise
for buckets with fewer points.

We select a few representative points from Figure 4.4 and show them in Ta-
ble 4.6. Different from the layout of Table 4.2, we didn’t show the fraction of
effectiveness for exhaustive search as it’s simply 1. Again, the small confidence in-
terval suggests that our selective search approaches are robust to the randomization

of clustering. And looking at all tables horizontally, we do not observe significant
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Figure 4.4: Effectiveness (fraction of P30 and AP) vs. cost (fraction of
the collection examined) under different segment organizations: hourly
batch (Hg), hourly online (Hp), hourly batch + daily batch (Hg+Dp),

and hourly online + daily batch (Hpo+Dpg) on Tweets2011.

differences. All four strategies are able to achieve the same level of effectiveness.

We run the same experiments and perform the same analysis on Tweets2013.
Table 4.7 shows P30 and AP scores under different segment organizations when
different numbers of clusters are examined. We see that the confidence interval is
relatively small, indicating that our selective search is robust for a random seeding
of the clustering process even for larger collections.

Looking at P30 for each strategy vertically, we see that by selecting ten clusters
out of 100, we can achieve effectiveness indistinguishable from that of an exhaustive
search. This is worse than that with Tweet2011, which achieves same P30 as that of

an exhaustive search by examining only about three or four clusters. And this is an
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Fraction of P30

Hp

Ho

Hg+Dp

Ho+Dpg

[0.06,0.08)
[0.08,0.10)
[0.10,0.12)
[0.12,0.14)

[0.38,0.40)

0.7909+0.0287

0.9284+0.0259

0.92844-0.0259

0.9848+0.0245

1.0224+0.0091

0.851740.0227

0.9467+0.0144

0.9467+0.0144

0.9969+0.0091

1.0261+0.0134

0.759440.0409

0.9341+0.0115

0.9341+0.0115

1.0010+0.0093

1.0165+0.0040

0.7767+0.0482

0.9371+0.0105

0.9371+0.0105

1.0003+0.0126

1.0146+0.0040

Fraction of AP

Hp

Ho

Hp+Dp

Ho+Dp

[0.06,0.08)
[0.08,0.10)
[0.10,0.12)
[0.12,0.14)

[0.38,0.40)

0.4894+0.0437

0.6792+0.0104

0.6792+0.0104

0.7859+0.0217

1.0048+0.0198

0.534540.0299

0.5345+0.0299

0.7056+0.0360

0.8141+0.0110

1.0197+0.0072

0.470140.0689

0.67244+0.0311

0.67244+0.0311

0.803440.0048

1.0116+0.0112

0.480540.0683

0.6818+0.0327

0.6818+0.0327

0.800540.0081

1.0114+0.0240

Table 4.6:

interesting observation that needs further investigation. However, ten clusters out
of 100 is still a reasonably good baseline. Looking at AP, in order to be comparable
to an exhaustive search, we must examine approximately 13 clusters per segment.
This is slightly worse than that with Tweets2011.

Table 4.8 shows a translation of the number of clusters into a fraction of the

collection. Results are also computed on an average of five trials. We omit the 95%

Selected cost operating points from Figure 4.4.

confidence interval from the table as it’s less than 0.005.

We follow the bucket procedure and plot the effectiveness against the fraction

of the collection for each of the segment organizations in Figure 4.5 on Tweets2013.
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P30

Hp

Ho

Hp+Dp

Ho+Dp

exhaustive

0.3722

10

13

16

20

0.3349£0.0031 v

0.3587+0.0080 v

0.3733+0.0060

0.3785+0.0033 &

0.3805+0.0029

0.3823+0.0031

0.3366+0.0105 v

0.3547+0.0038 v

0.3684+0.0052

0.3780+0.0058 &

0.3797+0.0035

0.3808+0.0009 «

0.33624+0.0125

0.3597£0.0023 v

0.373040.0086

0.379440.0080

0.379740.0041

0.3814+0.0016

0.3368+0.0126 v

0.359840.0020 v

0.373340.0090

0.379640.0084 v

0.379740.0041

0.381440.0016

AP

Hp

Ho

Hp+Dp

Ho+Dp

exhaustive

0.1948

10

13

16

20

0.1472+0.0034 v

0.1654+0.0064 v

0.1858+0.0035 v

0.19264-0.0013

0.1966+0.0013 a

0.1996+0.0018

0.148240.0043 v

0.1655+0.0022 v

0.1832+0.0035 v

0.191740.0033

0.1959+0.0019

0.199240.0009 a

0.1484+0.0057 v

0.1668+0.0049 v

0.184840.0052 v

0.191640.0039

0.195040.0010

0.197840.0025

0.148840.0058 v

0.166940.0048 v

0.1849+£0.0054 v

0.191640.0040

0.195040.0010

0.197940.0025

Table 4.7: P30 and AP scores for different numbers of clusters examined

under different segment organizations: hourly batch (Hg), hourly online

(Hp), hourly batch + daily batch (Hg+Dpg), hourly online 4 daily batch

(Ho+Dp). v/a indicate significant differences compared to exhaustive

search (p < 0.05) on Tweets2013.
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Clusters | Hp Ho Hg+Dpg | Ho+Dpg

410.047 | 0.046 | 0.047 0.047

6| 0.070 | 0.069 | 0.071 0.071

10| 0.118 | 0.115 | 0.120 0.120

13| 0.154 | 0.151 | 0.156 0.156

16 | 0.188 | 0.185 | 0.191 0.191

20 | 0.234 | 0.231 | 0.237 0.237

Table 4.8: Number of clusters examined for each of our segment organi-

zations, translated into a fraction of the entire collection on Tweets2013.

We then select a few representative points from Figure 4.5 and show them in Ta-
ble 4.9. The small confidence interval suggests that our selective search approaches
are robust to the randomization of clustering. No significant differences are observed
for the four segment organizations under same setting. All four strategies are able
to achieve the same level of effectiveness.

We show the average effectiveness over five trials vs. cost associated with an
inverted index under different segment organizations in Figure 4.6. Here, the cost of
exhaustive search, or the number of documents containing at least one query term
for all the topics in the entire Tweets2013 collection is shown in Table 4.5, that is
5.5 million.

Looking at the figure, we see that there is no significantly different performance

with different segment organizations. Our approaches can achieve the same P30
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Figure 4.5: Effectiveness (P30 and AP) vs. efficiency (fraction of the
collection examined) under different segment organizations: hourly batch
(Hp), hourly online (Hp), hourly batch + daily batch (Hp+Dg), and

hourly online + daily batch (Ho+Dpg) on Tweets2013.

score compared to exhaustive search but with about 34% of the cost, that is more
cost compared with Tweets2011, and this observation is in line with the effectiveness
vs. efficiency tradeoff between Tweets2013 and Tweets2011. To view this figure
clearly, we select a few representative points from Figure 4.6 and show them in

Table 4.10.

4.4.2 Distribution of Cluster Sizes

Due to the nature of clustering algorithm, it is not guaranteed that the cluster
sizes are equal. And one might wonder that whether that would affect efficiency.

For example, if we have one cluster that is significantly larger than other clusters,
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[0.24,0.26)

0.2006+0.0021

0.20034+0.0013 »

P30 | Hp Ho Hg+Dpg Ho+Dg
exhaustive 0.3722
[0.04,0.06) | 0.34204+0.0144 v | 0.341640.0130 v | 0.343240.0176 v | 0.34314+0.0174 v
[0.10,0.12) | 0.373040.0057 0.3672+0.0055 0.3719+0.0074 0.3721+0.0081
[0.14,0.16) | 0.3780+0.0036 & | 0.3780+0.0058 & | 0.3784+0.0082 0.3786+0.0087
[0.24,0.26) | 0.383240.0021 & | 0.38114+0.0017 & | 0.38194+0.0019 & | 0.38194+0.0019 &
AP | Hp Ho Hg+Dp Ho+Dp
exhaustive 0.1948
[0.04,0.06) | 0.152840.0120 v | 0.152740.0094 v | 0.15334+0.0110 v | 0.15354+0.0109 v
[0.10,0.12) | 0.184140.0047 v | 0.181740.0047 v | 0.18374+0.0057 v | 0.1838+0.0059 v
[0.14,0.16) | 0.1918+0.0041 0.1917+0.0033 0.1907+0.0043 0.1908+0.0045

0.198740.0021

0.198740.0021 &

Table 4.9: Selected efficiency operating points from Figure 4.5.

v/A

indicate significant differences compared to exhaustive search (p < 0.05).

selecting it in the cluster selection process means examining a fair fraction of the
collection. To analyze this in more detail, we show the distributions of cluster sizes
for hourly batch, hourly online and daily batch in Figure 4.7. In this figure, we do
not show the largest cluster that comprises 12.6%, 10.4% and 16.6% of all tweets
respectively because most of them are non-English tweets. The clusters reveal a
distribution of cluster size that is not uniform. However, such imbalance does not

affect the efficiency. In Table 4.3, the size of the clusters examined over the collection
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Figure 4.6: Effectiveness (fraction of P30 and AP) vs. cost (fraction of
the collection examined) under different segment organizations: hourly
batch (Hg), hourly online (Hp), hourly batch + daily batch (Hg+Dp),

and hourly online + daily batch (Ho+Dpg) on Tweets2013.

is roughly proportional to the number of clusters, indicating a non-affected behavior
by the clustering process.

We show the distributions of cluster sizes for hourly batch, hourly online and
daily batch on Tweets2013 in Figure 4.8. In these three figures, we do not show
the largest cluster that comprises 9.7%, 7.6% and 13.4% of all tweets respectively
because most of them are non-English tweets. Same as Tweets2011, the clusters
reveal a distribution of cluster size that is not uniform. However, such imbalance
does not affect the efficiency. In Table 4.8, the size of the clusters examined over the
collection is roughly proportional to the number of clusters, indicating a non-affected

behavior by the clustering process.
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Fraction of P30

Hp

Ho

Hg+Dp

Ho+Dpg

[0.04,0.06)
[0.20,0.22)
[0.22,0.24)
[0.34,0.36)

[0.40,0.42)

0.6123+0.0247

0.9636+0.0214

0.981040.0205

1.0143+0.0099

1.0206+0.0111

0.7180+0.0226

0.9680+0.0106

0.9771+0.0114

1.0156+0.0155

1.0200£0.0093

0.6140+0.0161

0.9663+0.0061

0.9818+0.0119

1.0210+0.0205

1.0194£0.0155

0.6156+0.0189

0.9667+0.0055

0.9825+0.0113

1.0224+0.0234

1.0194£0.0155

Fraction of AP

Hp

Ho

Hp+Dp

Ho+Dp

[0.04,0.06)
[0.20,0.22)
[0.22,0.24)
[0.34,0.36)

[0.40,0.42)

0.3862+0.0310

0.84934+0.0327

0.882240.0200

0.9804+0.0219

1.0032+0.0124

0.4338+0.0165

0.8776+0.0104

0.9068+0.0137

0.9843+0.0167

1.0059+0.0097

0.3988+0.0276

0.8564+0.0250

0.8920+0.0226

0.9872+0.0020

0.9939+0.0128

0.399040.0372

0.8568+0.0246

0.8925+0.0228

0.987940.0035

0.9939+0.0126

Table 4.10:

Selected cost operating points from Figure 4.6.

4.4.3 TImpact of Word Embeddings

In this section, we explore the impact of word embeddings on our selective
search approaches. To be more specific, we are interested in two things: First,
does word embeddings in different dimensions have an impact on the effectiveness?
Second, does a different training corpus have an impact on the effectiveness?

To answer the first question, we repeat the same experiments as with the

previous sections, but vary the number of dimensions to 5, 10, 25, 50, 100 when using

GloVe to obtain word embeddings. We show the results in Figure 4.9 for hourly
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Figure 4.7: Typical distribution of cluster sizes under different condi-

tions: hourly batch, hourly online, and daily batch on Tweets2011.

online (Hp) and hourly batch + daily online (Hp + Dpg) segment organizations,
with P30 on the left column and AP on the right column. Results for other segment
organizations are similar, so we left them due to space limitation.

We see that the different dimensions do have an impact over the effectiveness.
We achieve the best efficiency/effectiveness tradeoff with 10 and 25 dimensions.
Good tradeoff means that higher effectiveness with the same efficiency. Such tradeoff
starts to go worse as we reduce the dimensions as well as increase the dimensions.
This is surprising because the best dimension is a bit lower than we’ve expected.
Nevertheless, this is an interesting observation that we need more explorations.

To answer the second question, we take the test collection and train GloVe on it

to generate word embeddings in 25 dimensions, then repeat the above experiments.
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Figure 4.8: Typical distribution of cluster sizes under different condi-

tions: hourly batch, hourly online, and daily batch on Tweets2013.

The motivation behind this is that although training on Edinburgh corpus is good
as it does not bring in any future information hence avoid over-fitting, there is
a problem behind it. As new documents are encountered in the test collection,
new terms are also introduced. Therefore, there will be more and more terms that
become out-of-vocabulary (OOV) terms in test collection, resulting in not being
able to contribute to the document vector because they are considered as vectors of
zeroes. And we would like to see in what level that could impact on the effectiveness.

We show the results in Figure 4.10 for hourly online + daily batch (Hp +
Dpg), with P30 on the left column and AP on the right column. Results for other
conditions look similar. We see that there is not significant difference between the

two, suggesting that our techniques are robust to differences of training corpus in
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Figure 4.9: The effect of word embeddings
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of different dimensions on

selective search effectiveness: the hourly online (Hp) and hourly batch +
daily batch (Hg+Dp) segment organizations (averaged over five trials);

P30 on the left, AP on the right, on Tweets2011.
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Figure 4.10: The impact of word embeddings trained on the Edinburgh
tweet corpus vs. the Tweets2011 corpus (25 dimensions): the hourly on-
line + daily batch (Ho+Dpg) segment organization (averaged over five

trials); P30 on the left, AP on the right, on Tweets2011.

the word embeddings.

To study the impact word embeddings in different dimensions have on the
effectiveness with Tweets2013, we repeat the same experiments, vary the number
of dimensions to 5, 10, 25, 50, 100 when using GloVe to obtain word embeddings
and show the results in Figure 4.11 for hourly online (Hp) and hourly batch +
daily online (Hp + Dp) segment organizations on Tweets2013, with P30 on the left
column and AP on the right column. Results for other segment organizations are
similar, so we left them due to space limitation. We see that, similar to Tweets2011,
the different dimensions do have an impact over the effectiveness. We achieve the
best efficiency/effectiveness tradeoff with 10 and 25 dimensions. Effectiveness starts

to go worse with the same efficiency as we reduce the dimensions as well as increase
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the dimensions.

To study the impact a different training corpus have on the effectiveness with
Tweets2013, we take Tweets2013 and train GloVe on it to generate word embeddings
in 25 dimensions, repeat the above experiments on Tweets2013 and show the results
in Figure 4.12 for hourly online + daily batch (Hp + Dp), with P30 on the left
column and AP on the right column. Results for other conditions look similar.
We see that there is not significant difference between the two, suggesting that our

techniques are robust to differences of training corpus in the word embeddings.

4.5 Conclusion

In this chapter, we have proposed a system that can provide efficient real-time
search service. To achieve this, we introduce selective search on temporal segments
using both batch and online clustering to reduce the number of the tweets we need to
examine, and also exploit word embeddings to reduce dimensionality of document
vector to yield faster clustering process. Experiments have shown that, we can
achieve as good effectiveness as exhaustive search when we are able to dramatically
increase efficiency. Our approach is novel, generalizes well on bigger collection and

provides a starting point for the real-time search systems aiming for high efficiency.
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Figure 4.11: The impact of word embeddings of different dimensions on
selective search effectiveness: the hourly online (Hp) and hourly batch +
daily batch (Hg+Dp) segment organizations (averaged over five trials);

P30 on the left, AP on the right, on Tweets2013.
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Figure 4.12: The impact of word embeddings trained on the Edinburgh
tweet corpus vs. the Tweets2013 corpus (25 dimensions): the hourly on-
line + daily batch (Ho+Dpg) segment organization (averaged over five

trials); P30 on the left, AP on the right, on Tweets2013.
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Chapter 5: Tweet Timeline Generation

Once we have built the real-time tweet search system as described in the
previous two chapters, one critical thing as discussed in Chapter 1 is to address the
user’s need in acquiring a summary of these relevant tweets so each result describes
the topic in a different aspect. This is motivated by the fact that there are often
duplicate and near-duplicate tweets saying almost the same thing. In such cases,
users will be overwhelmed by these duplicate and near-duplicate tweets, even if they
are relevant, and it would be desirable if the system could summarize the relevant
tweets and return to the user a list of results, each of which covers a different aspect
of the topic.

As a fact, the summarization task has already been defined as the Tweet
Timeline Generation (TTG) task at the TREC 2014 Microblog track. As the co-
organizer of the track, I helped develop evaluation methodology to evaluate a TTG
system. In this chapter, we first introduce TTG task and then describe the proposed

evaluation framework.
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5.1 Task

5.1.1 Definition

Tweet Timeline Generation task at TREC 2014 Microblog track, is defined as
follows: “At time T, I have an information need expressed by query Q, and I would
like a summary that captures relevant information”. The system’s goal is to produce
a “summary”’ timeline, operationalized as a list of non-redundant, chronologically
sorted relevant tweets. This is a supplement of another task, temporally-anchored ad
hoc retrieval whose user model is as follows: “At time T, give me the most relevant
tweets about an information need expressed as query Q7 where the system’s goal
is to retrieve most relevant tweets for an information need. It’s required that a
participant must participate the ad hoc retrieval task if he wants to participate in
TTG task. Beyond ad hoc retrieval, for TTG task, given an information need, there

are two challenges a system needs to address:

e Detect novel tweets. This is equivalent to removing redundant tweets.

e Determine how many tweets to return. Because the number of novel tweets
varies from information need to information need, it’s up to the system to

make a decision how many tweets to return.

Redundancy is defined as follows: For every pair of tweets, if the later one
contains substantively similar information with respect to the first one, the later
one is considered redundant; otherwise, it’s considered as novel. Whether a later
tweet contains substantively similar information can be operationalized as answering
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a question: If I have seen tweet A, does tweet B contain any important information
enough that I would be interested in seeing it? If the answer is no, then tweet B
contains substantively similar information and so is redundant with respect to tweet
A, otherwise, it’s considered novel.

Redundancy has several properties that need to be pointed out here: it’s not
symmetric: if the later tweet B is redundant with respect to an earlier tweet A,
then tweet A is not necessarily redundant with respect to tweet B. It is transitive: if
tweet A precedes tweet B, tweet B precedes tweet C, B is redundant with respect to
tweet A, tweet C is redundant with respect to tweet B, then tweet C is redundant

with respect to tweet A.

5.1.2 Data

The collection used in the tasks is known as Tweets2013 and consists of 243
million tweets crawled from the public Twitter sample stream between February
1 and March 31, 2013 (inclusive). Participants can have basic search access to
the collection and obtain tweet content as well as other metadata fields through a
service API. For topics, NIST assessors developed a total of 55 topics (given to the
participants as queries) as the information need and participants need to perform

their tasks against these topics.
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5.2 Evaluation Methodology

As discussed in the Chapter 1, the evaluation methodology works as follows:
Given a task, to evaluate a system’s performance in achieving the task, we gather
judgments from human assessors for the task with the same dataset, and this along
with the system’s results, are fed into an evaluation metric that gives a score indicat-
ing how well the system does in satisfying human judgments. We will discuss in this
section how the human judgments are collected, and in the next section demonstrate
how we develop the metrics and show systems’ effectiveness under these metrics.

Because the TTG task can be viewed as a clustering task, the process of assess-
ing can be operationalized as first grouping relevant tweets into clusters in which
tweets share substantively similar information. Within each cluster, the earliest
tweet is novel and all the other tweets are redundant with respect to the earlier ones.
And then choose one tweet from each cluster to generate a list of non-redundant
tweets that’s a summary of a topic. The strategies to choose which tweet depends
on users’ preferences, for example: the earliest one is preferred if the user is time-
sensitive and would like to catch the trend of an event at an earlier moment; a tweet
from an authority or his friends’ circle is preferred if he would like to see something
trustable. And we’ll discuss in the next section how we’ll address this when we
discuss the evaluation metrics and for now just leave the clusters as the current
judgments.

To obtain the relevant tweets, also the judgments for the temporally-anchored

ad hoc retrieval task, NIST assessors used a standard pooling strategy to use the
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depth 100 tweets from all submitted ad hoc runs and a random selection of 100
tweets per topic from each TTG run, and judge the tweets on a three-way scale of
“not relevant”, “relevant”, “highly relevant” with the score of 0, 1 an 2 respectively.
The relevant and highly relevant tweets are then used by the assessors to generate
semantic clusters.

We developed a JavaScript-based web annotation interface to help the assessors
to accomplish the task, see screenshot in Figure 5.1. And the annotation process
can be explained as follows: For each topic, the tweets are sorted chronologically
from earliest to latest and are shown one at a time at the bottom. For each tweet,
the assessor can add it to an existing cluster by clicking the “Add” button next
to the cluster if he thinks the tweet contains substantively similar information as
any of the tweets, otherwise, hitting the space bar to make it a new cluster. At
any time, the assessor can expand a cluster to show all the tweets contained in it
or collapse a cluster where only the first tweet is shown. Finally, an undo feature
allows assessors to reverse actions multiple times if he thinks he makes a mistake
for a previous tweet.

There are two reasons why we explicitly design the interface this way: Firstly,
it’s in accordance with the definition of redundancy: whether a later tweet contains
substantively similar information with respect to an earlier one, this is under the
assumption that users see the tweets in a sequential order and make decisions for
each tweet. So the design depicts how users perceive tweets in a real world. Secondly,
as some topics have more than 200 relevant tweets, having the assessors see all the

tweets and group them by dragging tweets up and down makes it hard to keep track
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/[ ywang99.github.io/Twee: x

c ylwang99.github.io/TweetTimelineGeneration/annotation-twitterstyle.htm|
» Instructions

Select a topic: | 1.8BC World Service staff cuts 4 || Expand all || Collapse all | Remaining tweets: 58
Add

—~—_ BBC to cut online budget by 25% , cutting 200 websites, and 360 jobs over the new 2 years http://t.co/luD4BDR  12:02 PM - 24 Jan 2011
F

BBC News - BBC to cut online budget by 25% http://bbc.in/fZFxfy < Cutting “about 200 web sites”. Blimey, | 1:13 PM - 24 Jan 2011
didn't know they HAD that many!

BBC to cut 360 jobs as it cuts online budget: The BBC will cut around 360 jobs and close hundreds of websit 2:55 PM - 24 Jan 2011
es as... http://bit.ly/dJUN2m

BBC World Service to 'cut up to 650 jobs' http://bit.ly/eMJG8J 7:08 PM - 25 Jan 2011
BBC World Service to ‘cut up to 650 jobs' (Guardian) http:/feedzil.la/gvJ6Gm 7:53 PM - 25 Jan 2011
add DTN Indonesia: Big Cuts At BBC: The BBC is to re-shape BBC Online by 2013 to deliver its public service miss 7:29 PM - 24 Jan 2011
ion... http://huff.to/g56bUM
add BBC online cuts shows ‘contempt' for hard working staff says NUJ (The Drum) http://muk.fm/11zu #medianews 8:00 PM - 24 Jan 2011
Add

. [BBC News] Major cuts to BBC World Service: BBC World Service is to close five of its language services, with 7:26 PM - 25 Jan 2011
th... http://bbc.in/fe2vipX

Major cuts to BBC World Service (BBC): Share With Friends: | | | Top News - Entertainment Ne... http:/feedz 7:56 PM - 25 Jan 2011
il.la/evIV1Z @TweetSitter

So painful to hear about the 5 language services cut at the BBC. The BBC constantly exceeds my expectations and ear 7:58 PM - 25 Jan 2011

Figure 5.1: Screenshot of the annotation interface. Tweets are presented
one at a time in chronological order (bottom). For each tweet, the as-
sessor can add it to an existing cluster or create a new cluster.
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of all the tweets at one time, hence is an impractical annotation task.

Due to resources constraints in NIST, we proceeded the annotation at Uni-
versity of Maryland and University of Illinois. The two assessors at the University
of Maryland were graduate students in computer science (both male), and the two
assessors at the University of Illinois were graduate students in library and infor-
mation science (one male, on female). All of them have experiences using Twitter
so it should be easy to get familiar with the interface. And we explicitly made the
number of assessors small to keep annotation consistency across topics.

Assessors were first trained in a laboratory, and then they can perform the task
on their own laptops at any place they’re comfortable with. Topics are distributed
to them in batch of 11 topics, and each batch contains roughly the same number of
relevant tweets in total. Each assessor started with one batch and when he finished,
he can ask for another batch to work on.

So the output of an annotation is a sorted list of tweet clusters. These clusters
are sorted chronologically by the first tweet and within each cluster, all the tweet
are sorted by their temporal order.

Each site started annotation in an opposite order, and when a covering set
of all topics are obtained, we designated these as the “Official” judgments. Each
site continued until both of them had a complete set of judgments of all topics, and

those gave us the “Alternate” judgments.
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5.3 Metrics and Results

To answer the question in the previous section as which tweet to choose in each
cluster to form a summary, for simplicity, we leave the problem behind, but rather,
when evaluating, we give one credit to a system as long as it returns any tweet
from a cluster. All the other tweets returned within that cluster receive no credit.
Hence, this can be considered as cluster-based evaluation, and we use cluster-based
precision, recall and F; as the metrics, where the denominator for recall is simply
the total number of clusters, and we call these the unweighted versions because
retrieving one cluster receives one credit across all clusters and all topics. We also
have weighted variant of recall and F;. In this, each cluster is assigned a weight
that’s the sum of the relevance grades from all the tweets in that cluster and a
system receives credit equal to the cluster’s weight by retrieving any tweet from
that cluster. The denominator of the recall is the sum of the clusters’ weights, and
weighted Fy is computed the same way as unweighted F; but with weighted recall.

We received a total of 50 runs from 13 groups of participants to the TTG task.
Figure 5.2 shows the precision vs. unweighted recall and precision vs. weighted
recall for each run based on the Official judgments. Iso-F; contours are plotted in
blue; points on the same contour line have the same F; score, but with different
precision/recall tradeoffs. And this shows that runs make different decisions when
balancing between precision and recall. For two runs that have same F; score
but different precision/recall tradeoffs, the one with high precision returns higher

percentage of tweets that are non-redundant while the one with high recall returns
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Figure 5.2: Scatter plots showing precision vs. unweighted recall (left)
and precision vs. weighted recall (right) for all submitted runs in the
TREC 2014 TTG task, overlaid with iso-F} contours.

more number of tweets that are non-redundant.
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Chapter 6: Tweet Timeline Generation Evaluation Validation

In the previous chapter, we have demonstrated how to develop the TTG eval-
uation framework. In this chapter, we aim for the validation of the TTG evaluation
framework. Specifically, we answer two questions that should be asked in informa-

tion retrieval evaluation:

e As we develop the system to strive for high metric score, is the comparison
between system with higher score and system with lower score stable with

respect to assessor differences?

e Is the difference meaningful to a user?

As the co-organizer of the Microblog track, we have access to the “ground truth”
and the system runs’ results from TREC 2014 Microblog track, thus can answer
these two questions by conducting an empirical analysis. In the sections that follow,
we conduct experiments and show that evaluation is stable with respect to assessor
differences and that user preferences generally correlate with effectiveness metrics.
The entire study was a collaboration between me, Garrick (a graduate student from
UIUC), Miles (an associate professor from UIUC), and Jimmy. All of us jointly
designed the experiment, discussed analyses, etc. Our collaboration led to a SIGIR
paper [10].
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6.1 Assessor Differences

This section aims to answer the first question asked at the beginning of this
chapter: is the evaluation stable with different assessors? Here the stable doesn’t
mean a system obtains the same effectiveness score based on two sets of judgments,
but rather its effectiveness ranking among all other systems remains stable. For
example, if system A scores higher than system B based on one set of judgments,
the evaluation can be considered as stable if system A still scores higher than system
B based on another set of judgments. We don’t compare the absolute scores because
there are uncontrollable variations among different assessors’ judgments depending
on their knowledge and their own understandings of the task, and it’s not practical
to obtain roughly the same judgments.

Following Voorhees’ methodology [125] to examine the assessor differences’
impact on system rankings for ad hoc retrieval, we show in Figure 6.1 the scores
for all runs based on the official judgments and alternate judgments for each of the
five metrics. Results are sorted by the scores based on the official judgments in
descending order. We can see that system rankings are highly correlated for both
sets of judgments except for weighted F; where we see a jagged blue portion.

To look at the impact different judgments have on the system rankings in
more detail, we show in table 6.1 the number of rank swaps for each metric. A rank
swap is a pairwise comparison where according to one set of judgments, system A
scores higher than system B, but according to another set of judgments, system B

scores higher than system A. Out of a total (50 * 49)/2 = 1225 possible pairwise
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score based on the official judgments in descending order.
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Metric Rank Swaps Kendall’s 7

precision 30 0.951
unweighted recall 27 0.956
weighted recall 22 0.964
unweighted F, 46 0.925
weighted Fy 90 0.853

Table 6.1: Count of rank swaps and Kendall’'s 7 correlation based the
official and alternate judgments for each metric.

comparisons, the number of rank swaps shown here is quite small. We also show
the Kendall’s 7 correlation, a measure of rank correlation used to measure the as-
sociation between two measured quantities. These values are in the same range as
those reported by Voorhees [125] for ad hoc retrieval, and are generally regarded by
the IR community to be stable with respect to assessor differences.

Although there’s high correlation between system rankings based on two sets
of judgments, we're still concerned whether the rank swaps occur when the score
differences are small. To study this, we plotted a histogram in Figure 6.2 show-
ing the number of rank swaps for unweighted F; and weighted F; that have the
lowest Kendall’s 7 correlations, binned by score differences. We see that the score
differences are small. So evaluation is considered stable with respect to assessor

differences.
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Figure 6.2: Histogram of rank swaps for unweighted F; and weighted
F1, binned by score differences.

6.2 User Preferences

In this section, we tackle the second question brought up at the beginning of
this chapter: are the different effectiveness scores for TTG systems meaningful to
a user? Here, the meaningful can be explained like this: If metric gives system A
higher score than system B, and a user also prefers system A when he’s shown both
systems’ outputs, then we say there’s a strong correlation between the metric and
user preferences and the metric can capture the system differences that satisfy the
user preferences. In the following, we’ll first present the methodology we use to
obtain user preferences on TTG systems with respect to different metrics, and then
demonstrate the strategies we use to analyze the correlation between metrics and

user preferences and discuss the results, finally draw a conclusion.
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6.2.1 Analysis Methodology

When studying user preferences over different TTG systems with different
effectiveness, unlike simple tasks like ad hoc retrieval, which can be achieved by
showing pairs of system outputs to assessors and asking for their preferences given
any metric because the metric is independent with each other, for TTG task, the
process is more complicated for two reasons: first, TTG system results are variable
in length; second, and most importantly, to study each metric’s impact on users
preferences of the systems, we need to eliminate the effects other metrics might
have on them because these metrics themselves are dependent. To be more specific,

there are three types of effectiveness differences we are interested in:

e When two systems have roughly the same recall, how are they sensitive to the

precision differences?

e When two systems have roughly the same precision, how are they sensitive to

the recall differences?

e When two systems have similar precision /recall tradeoffs, how are they sensi-

tive to F; differences?

The strategy we follow is to sample system output from the submitted TREC
2014 TTG runs and generate system comparisons on a topic-basis for each of the
three types, which we call precision sampling, recall sampling, and F; sampling
respectively. Before sampling, we perform some filterings following the principle of
reducing the impact outliers may have on our assessment and easing the assessment
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task for an assessor:

First step of filtering involves removing topics. Out of the total 55 topics,
select 30 topics that neither have too many or too few relevant tweets. A topic
having too many relevant tweets adds difficulty for assessing while too few relevant
tweets are not sufficiently enough to study user preferences. The filtering process
works as follows: Let x; = r; —7 be the difference between r;, the number of relevant
tweets for topic ¢, and 7, the median number of relevant tweets over all topics: the
probability of “drawing” topic ¢ is proportional to the density at x; of a normal
distribution with p = 0 and o = 20.

Secondly, we perform filtering of the submitted runs: for each topic, discard
runs that return more than 41 tweets, which is the median length of submitted
runs. The reason is that study has shown that assessors have difficulties making
judgments for long results and we want to explicitly reduce the burden on assessing
so as to increase accuracy.

After filtering, we conduct a sampling process to sample the three types of
comparisons. And this process also involves two steps:

Firstly, for each topic, randomly select 20 “base” runs, and for each of the
“base” run, sample up to 20 different “comparison” runs based on the following

criteria:

e For precision sampling, select runs that differ with base runs in recall by less
than 0.1, but more than 0.1 in precision. Setting the difference to be greater

than 0.1 makes sure that it’s relatively easy for assessors to make judgments.
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e For recall sampling, select runs that differ with base runs in precision by less

than 0.1, but more than 0.1 in recall.

e For Fy sampling, select runs that exhibit similar precision /recall tradeoffs with
base runs, to be more specific, the runs where the value of T = |P — R| is
within 0.1 of the T for the base run, but the difference in precision or recall

between the two runs is greater than 0.1.

For all the chosen comparison runs, discard the pairs where the two runs
differ in length by more than 20 tweets. This, again, is designed explicitly to make
assessment process easy.

Secondly, out of the large number of remaining comparison runs, we randomly
sample 180 pairs consisting of roughly the same number of pairs for precision sam-
pling, recall sampling and F; sampling. And these 180 pairs represent a single
batch we give the assessors to judge. We can generate another batch by following
the same filtering and sampling process. Note that all sampling was performed on
the cluster-based TTG metrics and we used the unweighted variants of the metrics
for simplicity.

To help the assessors to accomplish the task, we developed a web-based anno-
tation interface, the screenshot of which is shown in Figure 6.3. Here, it displays a
comparison for a given topic (shown at the top) between two system outputs from
the 180 sampled pairs: System #1 on the left and System #2 on the right, and
they’re randomly put in the two positions to avoid any bias. Each system’s output

is ordered chronologically, and each tweet is displayed together with its timestamp.
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Topic: David Cameron, apology, Amritsar

% Prefer Neither

+ Prefer System #1

Todo
[CToggle color

+ Prefer System #2

System #1 Shared

British PM lays wreath at India massacre site: David
Cameron calls 1919 massacre in Amritsar "shameful," but
stops short of formally .

Wed Feb 20 2013

@YourAnonNews | VIDEQ: Cameron visits Amritsar
massacre site: David Cameron has become the first
serving UK prime minister to pay his...

Wed Feb 20 2013

System #2

India: Cameron Visits Amritsar Massacre Site: David
Cameren visits the Golden Temple and the site of a 1919
massacre as his tour of |

Tue Feb 15 2013

Amritsar and David Cameron: is Cameron right not to
apologise?: David Cameron has defended his decision
nottod... hitp:/it co/QLhUKx1d

Wed Feb 20 2013

Just read about #David Cameron's visit to India. Why
now?? #ulteriormotive #amritsar
Wed Feb 20 2013

David #Cameron defends lack of apology for #British
massacre at Amritsar - hitp://t.coMyP5YEry via hitp://t.co
/J5gSfuOb No defencel

Wed Feb 20 2013

I'm so glad that David cameron took my advice and went
to Amritsar, sadly he did not take my advice to appologise

Figure 6.3: A screenshot of the web-based assessment interface for elicit-
ing preference judgments. System outputs are presented in the left and
right columns, with shared content in the middle column.

Tweets returned by both systems are displayed in the middle column, and are sorted
together with other tweets from the two systems, meaning that there might be gaps
in an system output, indicating one system returns more tweets than another prior
to the shared tweets, and this is indeed the case in Figure 6.3.

For each comparison, we ask the assessors to make a judgment on which sys-
tem they prefer using their own judgments and understandings. Regardless of the
absolute quality of both systems, we want them to only care about the relative
quality between the two. One can click on “Prefer System #1” on the top left if
he prefers an output from system #1 and click on “Prefer System #2” on the top
right if he prefers an output from system #2 and click on “Prefer Neither” if there

isn’t quality difference between the two. Note that, we did not illustrate what a
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good system should be nor do we mention precision, recall or F; to the assessors,
but rather trust their own judgments on what a good system should be, so to elimi-
nate any bias and also learn which metric best captures user preferences for a TTG
system.

We conducted the assessment at University of Maryland and University of
[linois. The two assessors at the University of Maryland were graduate students in
computer science (both male), and the three assessors at the University of Illinois
include two graduate students in library and information science (one male, on
female) and one former graduate student in library and information science (male)
who was working nearby. These assessors are different from the assessors for the
TTG clustering annotation task, and we explicitly decided on this to avoid any prior
an assessor might have.

Assessors were first trained in a laboratory to learn the task and the web
interface. Then they can perform the task on their own laptops at any place they’re
comfortable with. Each assessor started with one batch of 180 comparisons and
when he finished, he can ask for another batch to work on.

The server hosted the web assessment interface recorded interactions including

preference judgments and their timestamps.

6.2.2 Results

To study the agreement between user preferences and preferences measured

by the metrics, we use Cohen’s x as the agreement metric. Cohen’s k is a statistic
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that measures the agreement between two raters who each classifies NV items into
C mutually exclusive categories. In our case, we have two raters, one rater is our
assessor, while the other rater is the metric, and N is the total number of comparisons
the assessor needs to make judgments on, and the number of categories of C is 2
where first category means system A is better than system B, and the other category
means system B is better than system A. Cohen’s xk ranges from —1 to +1, where
0 indicates agreement by chance.

To compute Cohen’s x, we first discard any “prefer neither” judgments. In
precision sampling case, we analyze the correlation between user preferences and
preferences implied by different precision scores. In recall sampling case, we ana-
lyze the correlation between user preferences and preferences implied by different
unweighted recall scores and weighted recall scores. In F; sampling case, we ana-
lyze the correlation between user preferences and preferences implied by different
unweighted F; scores and weighted F'; scores.

All the correlations are computed both in an aggregate level and individual
level. Figure 6.4 shows these correlations binned by score differences, aggregated
across all assessors. We aggregate the samples together which have metric score
differences of more than 0.4 because there’re only so few of them. The error bars
show the 95% confidence interval, computed following Fleiss et al. [174]. The num-
bers at the bottom of each bar are the number of “prefer neither” judgments (on
the left) and the number of preference judgments (on the right). By the definition
of sampling, there are no samples falling into the [0, 0.1) bucket for precision and
unweighted recall, but some samples did fall into that bucket for other metrics.
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Figure 6.4: Cohen’s k for each metric binned by differences in the sam-
pled metric. Error bars show 95% confidence intervals. The numbers in
the bottom left of each bar show the number of “prefer neither” while
those in the bottom right show the number of preference judgments in
that condition.
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Figure 6.5 shows the correlation between individual assessor’s preference and
implied preference by each of the metrics. Each row represents a metric, and each
column represents an assessor. Although the charts are shown without labels, they’re
organized in the same manner as in Figure 6.4. Note that confidence intervals are
much larger because fewer samples fall into each bucket.

Given the correlations, there are two things we're interested in and we’d like

to find out in a statistical way:

e Are the correlations high enough overall to indicate strong correlation between

user preferences and preferences implied by each of the metrics?

e [s there a strong relationship between agreement and metric differences? Or
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put it another way, are the correlations higher when metric differences are
higher? Intuitively, when metric differences are high between two systems, in-
dicating a large quality gap between the two systems, a reasonable assumption
is that it should be easier for assessors to make judgments that agree with the
metric preferences. Note that we arranged the bar charts the way that there is
an increasing easiness of preference judgments from left to right. The leftmost
bucket represents the samples with metric differences less than 0.1, in which
case we would expect assessors have a hard time making judgments, whereas
in cases where samples have metric differences more than 0.4 as represented
by the rightmost bucket, assessors should have an easier time achieving higher

agreement with metric preferences.

We replicate the guide proposed by Landis and Koch [1], and show them in
Table 6.2.

To answer the first question, under the interpretation of k, the overall agree-
ment of the metrics are relatively high, from “moderate” to “substantial” on average,
indicating strong correlations, except for precision, where we observe relatively low
agreement between assessors and the precision metric. The problem is: our sam-
pling process selected only those runs that have relatively short timelines, and such
short timeline although probably has low precision, doesn’t impose much “pain” to
the assessor. In other words, the assessor can’t easily tell which system is worse.
However, had we selected runs with timeline that’s an order of magnitude longer,

thus imposing much burden, the assessment would become much easier.
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K Strength of Agreement

<0.00 Poor
0.00-0.20 Slight
0.21-0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Substantial
0.81-1.00 Almost perfect

Table 6.2: Interpretations of x from [1].

For the second question, we do observe an increasing agreement trend from
left to right, both at the aggregate level and individual level. And to analyze this
statistically, we again take the interpretation of x, and see that the minimum x
ranges from “poor” (for precision) to “fair” (for weighted Fy), and the maximum
ranges from “fair” (for precision) to “almost perfect” (for unweighted and weighted
Fy). We also observe that minimum  occurs at the leftmost bucket for metrics
and maximum s occurs at the right buckets for metrics. Given these, we can claim
that there’s a strong relationship between the agreement and metric differences, the
larger metric difference two systems have, the stronger agreement assessors have
with the metrics.

To strengthen the statistical analyses of such relationship, we performed anal-

ysis of variance (ANOVA) comparing the s values across bins for each metric.
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Metric F-value p-value

precision F(3, 16) = 3.397  0.0437
unweighted recall F(3, 16) = 1.749  0.1970
weighted recall F(4, 20) = 1.475  0.2470
unweighted F, F(3, 16) = 5.093  0.0115

weighted F;  F(4, 20) = 1.322  0.2960

Table 6.3: ANOVA results for each metric. Metrics displayed in bold
show a statistically significant difference (p < 0.05) in mean k across
bins.

ANOVA is a collection of statistical models used to analyze the differences among
group means and their associated procedures (such as “variation” among and be-
tween groups). In our case, we would like to know the variance of k values across
bins for each metric. Note that the x values are aggregated among assessors and
we consider them as the “group” means when computing ANOVA. The results are
shown in table 6.3.

Statistically significant differences in mean x across bins are found for precision
and unweighted F; at p < 0.05. This found supports the strong relationship between
the agreement and metric differences.

One surprising observation is that there isn’t statistically significant difference
for k values across bins for unweighted and weighted recall. Although the x values

are overall high, meaning the differences between systems are detectable by assessors,
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they are not sensitive to the magnitude of the differences. We believe this is due
to the nature of recall evaluation, which requires the knowledge of the complete
relevance judgments. While it’s easy to detect recall differences when some tweets
returned by one system are absent from another system, it’s hard to tell how much
better one is to another without access to all the relevant tweets. And this is not true
for precision because precision can be directly assessed from the displayed tweets,
and Figure 6.4 verifies this.

Finally, we analyze the relationship between assessors’ time spent on a com-
parison with the agreement. Figure 6.6 shows the x values for each of the metrics,
aggregated by all assessors, binned in intervals of 30 seconds. The numbers at the
top of each bar shows the number of “prefer neither” and preference judgments.
Missing bars indicate an undefined x while dashes indicate a x of zero. While we
expected a trend of decreasing x values from left to right as the time spent in-
creases, because intuitively “harder comparisons” (thus low agreement) lead to long
time decision, we didn’t observe such trend, which is surprising.

Once again, we didn’t explicitly ask the assessors to follow any specific rules
like considering redundancy and it’s up to them to take whatever into account. From
the results, we see that assessors are sensitive to redundancy, and user preferences
do agree with preferences measured by the metrics. Therefore, we can reasonably
claim that systems metrics are meaningful in capturing what users care about in

tweet summarization systems.
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Figure 6.6: Cohen’s k binned by time spent on each comparison (at 30

second intervals).

Numbers at the top of each bar show the number

of “prefer neither” and preference judgments. Missing bars indicate an
undefined x while dashes indicate a x of zero.
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Chapter 7:  Tweet Timeline Generation System

As discussed in previous sections, the list of results a Twitter search system
returns in response to each query contains duplicate, near-duplicate tweets, and it
is unlikely that users desire a list of documents containing redundant information.
In this chapter, we design a TTG System that can return a list of non-redundant,
chronologically sorted relevant tweets based on the relevant documents that have
been retrieved from the search system, perform evaluation introduced in Chapter 5
and compare the effectiveness of our system against all the runs submitted to TREC

2014 and 2015 Microblog Track.

7.1 Approach

The TTG task can be viewed as a clustering task, therefore can be addressed
by applying various clustering algorithms to group semantically similar tweets into
the same cluster and pick one document from each cluster to form the final list of
results. Another reasonable way to solve this task is to compute pairwise semantic
similarity and throw one tweet in each pair that has a similarity score above some
threshold, and return the rest of the tweets as the final list of results.

We follow the second approach and exploit the Sentence Similarity Model
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with Convolutional Neural Networks proposed by He et al. [21]. In their work, the
neural networks model takes pairs of sentences annotated with a score indicating how
closely the two sentences are related as the training data, where the higher score,
the more closely-related the two sentences are, and compute sentence similarity
score that is between 0 and 5 (inclusive) for any given pair of sentences, where 0
indicates not similar at all, and 5 indicates extremely similar. This is suitable for our
TTG task because each tweet can be viewed as a sentence due to length limitation
therefore we can generate pairs of tweets out from the search results and compute
tweet similarity score by exploiting their model without having to worry about
applying complex strategy to compute document similarity as other collections do.

And we call our system CNNTTG.

7.2 Experimental Setup

We used the sentence similarity model provided by He et al. [21] to compute
sentence similarity scores for our tweet data. The training data of their work is from
previous SemEval Semantic Textual Similarity competitions from 2012 to 2015. It is
collected from diverse domains, such as news, Wikipedia, social media, image/video
descriptions and others. In total it consists of 14,342 human-annotated sentence
pairs, and each pair has a similarity scoree [0,5] which increases with similarity.
They trained on the data to compute the sentence similarity model, and we used it
directly without training on other dataset.

In this work, we don’t build our search system and then run CNNTTG on top
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of it, as this requires an architecture involving sophisticated ranking algorithms in
order to be able to compare with TTG runs submitted by participants in TREC
Microblog Track, which is not the focus of our work. We rather take all TTG runs
submitted to TREC Microblog Track and run CNNTTG with different threshold
values on each of them. To be more specific, we choose 4.0 and 4.5 as the threshold
values to be experimented, and these numbers are heuristically determined. For
each run, we generate all pairs of tweets for each topic, and for any pair that has a
similarity score provided by the testing data that is higher than a given threshold,
we remove one tweet from the results. We then run evaluation and compute recall,
weighted recall, precision, F; and weighted F; scores on all refined runs and compare
the performance our CNNTTG system with each of the original runs. As we’re only
removing tweets from the original runs, the goal is to remove only redundant tweets

so as to improve precision but to keep recall and weighted recall.

7.3 Results

We show the performance of each original 2014 TREC TTG run with the high-
est Fy score from each submitted group and our CNNTTG with similarity threshold
4.0 and 4.5 measured by recall, weighted recall, precision, F; and weighted F; in
Table 7.1. All the original runs are sorted by weighted F; score. Metric scores are
written in bold for our CNNTTG system if it is higher than that of the original run,
and with underline if it is lower than that of the original run.

Looking at the table, we see that our system achieves precision that’s higher
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than or the same to all the original runs for both threshold values except for the worst
run JufeLdkeSum2 with threshold of 4.0. This is expected as CNNTTG aims to
remove tweets that are semantically similar with other tweets. However, both recall
and weighted recall are decreased for all the runs except for run SCIAI3cm4aTTG
with threshold of 4.0. With threshold of 4.5, three runs decreased in recall and
two runs decreased in weighted recall. And none of the runs increases recall nor
weighted recall for both thresholds. This indicates that while our system is capable
in removing redundant tweets according to our annotators, it also removes some
clusters for certain topics. While our system only outperforms four runs in F; score
with threshold of 4.0 and outperforms six runs with threshold of 4.5, it achieves
higher weighted F; score than 10 out of 13 runs with both thresholds. This indicates
that the increase in precision outweighs the loss in recall, or in other words, the
number of redundant tweets removed outweighs the number of clusters removed.
And this is especially true for the weighted recall, meaning that our system is capable
of removing clusters with lower weight.

Compare our CNNTTG system with different threshold values, we see that
a system with the threshold of 4.5 achieves better performance than the one with
the threshold of 4.0 for every metric. This suggests that the neural networks model
tends to assign a pretty high similarity score for tweets that contain substantive
similar information and what threshold to choose still remains further investigation
as to reflect user preferences.

To strengthen the statistical analyses of system performance differences, we

performed Repeated Measures ANOVA comparing the values across different sys-
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TREC runs CNNTTG (threshold=4.0) CNNTTG (threshold=4.5)

Run recall recall”  precision Fy F{ | recall recall” precision Fy F{ | recall recall” precision F, Fy
TTGPKUICST2 0.3698  0.5840 0.4571  0.3540 0.4575 | 0.3663 0.5797  0.4621 0.3524 0.4589 | 0.3698  0.584 0.4571 0.354 04575
EM50 0.2867  0.4779 0.4150  0.2546 0.3815 | 0.2846 0.4744  0.4189  0.253 0.3818 | 0.2867 0.4779  0.4155 0.2546 0.3816
hltcoeTTG1 0.4029  0.5915 0.3407  0.2760 0.3702 | 0.4013 0.5899  0.3441 0.2752 0.3716 | 0.4029 0.5915 0.3407 0.276  0.3702

QUTmpDecayTTgCL 0.3277 0.5167 0.3236  0.2440 0.3300 | 0.3236 0.5091  0.3359 0.2431 0.3346 | 0.3277 0.5167  0.3249 0.2443 0.331

PrisTTG2014b 0.4231 0.6137 0.2730 0.2461 0.3093 | 0.4177 0.6089  0.2822 0.2472 0.3153 | 0.4231 0.6137  0.2754 0.2471 0.3112
SRTD 0.0868  0.2764 0.5798 0.1324 0.2907 | 0.086 0.2749  0.6207 0.1339 0.3039 | 0.0868 0.2764  0.5838 0.1326 0.2934
3uniquel 0.2522  0.4374 0.2558 0.1957 0.2744 | 0.2499 0.4356  0.2614 0.1949 0.2777 | 0.2522 04374  0.2583 0.1959 0.2759

udelRunTTG1 0.1873  0.3645 0.2793 0.1774 0.2669 | 0.1836 0.3597  0.2823  0.1741 0.2659 | 0.1872 0.3644  0.2798 0.1773 0.2672

UDInfoMMRWC5 0.0900  0.2191 0.5709 0.1338 0.2577 | 0.0899 0.2189 0.583 0.1358 0.2631 0.09 0.2191  0.5782 0.1348 0.2608

wistudt2bd 0.1111  0.3075 0.2827 0.1251 0.2305 | 0.1106 0.3072  0.2833  0.1245 0.2304 | 0.1111 0.3075  0.2838 0.1251  0.2305

SCIAIBem4aTTG 0.0655 0.1941 0.4992  0.0921 0.2171 | 0.0655 0.1941 0.4992  0.0921 0.2172 | 0.0655 0.1941 0.4992  0.0921 0.2172

ICTNETAP4 0.2528  0.4836 0.1702  0.1559 0.2072 | 0.2441 0473  0.2142 0.1667 0.243 | 0.2525 04832 0.1934 0.1651 0.2285

JufeLdkeSum2 0.4294  0.6156 0.0861 0.1180 0.1307 | 0.4242  0.611 0.0857 0.1167 0.1298 | 0.4291 0.6156  0.0862 0.118 0.1308

Table 7.1: Effectiveness of TREC 2014 runs vs. CNNTTG. Metric scores are written
in bold for our CNNTTG system if it is higher than that of the original run, in

underline if it is lower.

tems for each metric. In our case, we would like to know the variance of metric
values across different CNNTTG thresholds compared to the original TREC runs
for each metric. Note that the metric values are aggregated among different runs
and we consider them as the “group” means when computing ANOVA. The results
are shown in table 7.2.

Statistically significant differences in mean metric score across different sys-
tems are found for all metrics except for unweighted F; at p < 0.05. This finding
supports our systems’ better performances over TREC original runs for weighted
recall, weighted F';, yet worse performances for precision and unweighted recall.

We run the same experiments on 2015 TREC Real-Time Filtering Task: Period

email digest. In this task, a system is required to identify interesting content on the
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Metric F-value p-value

precision F(2,24) =17.60 0.0001
unweighted recall F(2, 24) = 16.73  0.0001
weighted recall F(2,24) = 6.44 0.0089
unweighted F;  F(2, 24) = 0.82  0.4547

weighted F;  F(2, 24) = 3.64 0.0432

Table 7.2: ANOVA results for each metric. Metrics displayed in bold
show a statistically significant difference (p < 0.05) in mean metric scores
across different systems.

user’s interest profile and aggregate into an email digest that is periodically sent to
a user. This task resembles TTG in that user’s interest profile is an information
need that can be considered the same as the topics in TTG task, and identifying
interest content and aggregate them together is similar to clustering tweets into
semantically equivalent classes. Different from TTG task, this task used nDCG@10
as the evaluation metric to measure the ability of a system to detect and remove a
redundant information to a user.

We show highest nDCG@10 score from each submitted group and our CN-
NTTG with similarity threshold 4.0 and 4.5 measured by nDCG@10 in Table 7.3.
All the original runs are sorted by nDCG@10 score. Metric scores are written in
bold for our CNNTTG system if it is higher than that of the original run, and with

underline if it is lower than that of the original run.
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Looking at the table, we see that our system achieves higher nDCG@10 score
than 12 out of 16 runs with threshold of 4.0 and higher score than 9 out of 16 runs
with threshold of 4.5. While our system decreased only for run MPIT.COM_MAXREP
with threshold of 4.5, none of the runs decreases with threshold of 4.0. This is dif-
ferent from the experiments with TTG runs as it was proved that threshold of 4.5
provides better performance. And this is an interesting finding that needs further
investigation. Overall speaking, by properly choosing a reasonable threshold, our
CNNTTG system is able to detect and remove redundant tweets.

To strengthen the statistical analyses of system performance differences, we
again performed Repeated Measures ANOVA comparing the values across different
systems for nDCG@10. The results are shown in table 7.4.

Statistically significant differences in mean metric score across different sys-
tems are found for This found supports our systems’ better performances over TREC

original runs for nDCG@10.

7.4 Conclusion

In this chapter, we introduced our CNNTTG system that aims at removing re-
dundant tweets given a list of relevant tweets for a topic by exploiting convolutional
neural networks model to compute tweet similarity. Experiments haven shown that
our system with a high threshold value is able to achieving statistically significant
better performance by removing redundant tweets while keeping novel tweets com-

pared to TREC runs. With the TTG evaluation framework as a guideline, we can
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TREC runs CNNTTG (threshold=4.0) | CNNTTG (threshold=4.5)
Run nDCG@10 nDCG@10 nDCG@10
SNACS_LB 0.367 0.3718 0.3677
CLIP-B-0.6 0.2491 0.2491 0.2491
umd_hcil run03 0.2471 0.2471 0.2471
PKUICSTRunB3 0.2343 0.236 0.2352
DALTREC_B_PREP 0.221 0.2254 0.2228
UWaterlooBT 0.22 0.22 0.22
MPII_.COM_MAXREP 0.2093 0.2095 0.2092
hpclabpibm25mod 0.2046 0.2055 0.205
UNCSILS_ WRM 0.2045 0.2069 0.2057
udelRun2B 0.2026 0.2026 0.2026
IRIT100KLTFIDF 0.1784 0.1808 0.1786
ECNURUNBI1 0.161 0.1741 0.1662
prnaTaskB2 0.1463 0.1492 0.1472
BJUTIyQE 0.1334 0.1359 0.1335
QUBaselineB 0.1288 0.129 0.1288
UWCMBE1 0.1232 0.1247 0.1232

Table 7.3: Effectiveness of TREC 2015 runs vs. CNNTTG. Metric scores are written
in bold for our CNNTTG system if it is higher than that of the original run, in

underline if it is lower.
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Metric F-value p-value

nDCG@10 F(2,32) =9.14 0.0007

Table 7.4: ANOVA results for nDCG@10. Metrics displayed in bold
show a statistically significant difference (p < 0.05) in mean metric scores
across different systems.

improve our system by aiming to achieve higher metric scores.
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Chapter 8: Conclusion

This work introduced an efficient real-time tweet search system that can return
a summarized list of results per query.

To achieve real-time search, we employed selective search and brute force scans
techniques. In selective search: novel partitioning and temporal organization strate-
gies support real-time cluster creation with high concentration of relevant tweets;
The use of word embeddings provides document vectors in low dimension, hence
reduces computing cost for clustering, and it also exhibits low variance in cluster
size. Experiments have shown that by applying this selective search technique, we
are able to achieve precision that’s indistinguishable from exhaustive search by re-
ducing the cost to about 12% of that of an exhaustive search. We also observe that
there is no significant effectiveness difference between batch vs. online clustering
algorithms, and between hourly vs. daily temporal segments.

Brute force scans technique abandons the traditional search architecture based
on inverted index and searches over array representations of documents. It’s easier to
update incrementally than inverted index. And by making use of modern computer
processors and exploiting parallelism, brute force scan approaches are better options

than Lucene when the collection size is under 39 million when intra-parallelism
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is exploited. When inter-parallelism is exploited, brute force scan approaches are
better options than Lucene when the collection size is under 13 million.

We also introduced a tweet summarization task: Tweet Timeline Generation
(TTG), and developed evaluation framework for it. By conducting user studies, we
showed that the evaluation is stable with respect to different assessors and that the
metrics are capable of capturing user preferences in the search results. In addition,
we proposed employing deep learning techniques to accomplish this task and built
our TTG system CNNTTG that is able to remove redundant tweets while keeping
novel tweets compared to TREC runs.

Efficient real-time social media search has become a prominent IR application.
And the desire to consume few information covering different aspects of a topic as
opposed to a repeated of them has made our work meaningful. It’s our hope that
brute force scans technique can inspire people to shift the attention from inverted
index to an entirely different approach and explore more with modern computer
architectures to build efficient real-time search engines. Besides, the findings in the
TTG evaluation make us believe that the evaluation reflects user preferences and
this work can be applied to other cluster-based evaluations like question answering
and temporal summarizations. Finally, although our system is designed to specially
focus on Twitter data, we believe the techniques exploited could generalize to real-

time summarization for other social media posts.
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8.1 Limitations and Future Work

Aside from the contributions made by our work for the real-time search on

tweets, there are limitations that we want to leave as future work:

e Streaming Selective Search: For shard selection in selective search, we
simply chose cosine similarity and ran experiments with different k& values to
determine the ultimate cutoff value for all temporal segments. While in reality,
the best cutoff value might vary for different collections and for different tem-
poral segments. It is therefore necessary to develop a cutoff selection strategy
that returns the smallest subset of documents without degrading effectiveness

while not sophisticated so as to increase real-time search latency.

e Brute Force Scans: With AVX-512 extensions come into existence and is
supported lately in Intel’s certain models, exploiting it to further increase the
performance of brute force scans is feasible, and it would be interesting to see

how much improvement this can bring.

¢ CNNTTG Summarization System: The CNN model we adopted in our
summarization system is complex in that it added a substantial amount of
functional architecture engineering. While a simpler, deeper neural network
architecture that trains on larger amount of data might outperform it, and

can be used to improve our evaluation metric scores.

e Generalization: We only considered tweets in this work, and thus it is un-
clear to what extent our contributions generalize to other types of documents
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like web pages, newswires and etc. Our framework for index segment organi-
zation is general, therefore can provide a starting point for future explorations
of different information seeking scenarios. Yet the good performance of brute
force scans depend highly on the short length of documents so it’s still un-
clear whether longer documents like web pages can benefit from it. Further

investigations and experiments are then needed to answer this question.
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