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Multi-Engine (system combination) Machine Translation (MEMT) systems produce sev-

eral outputs which will then be refined to produce a higher quality translation output. In the

case where source sentences are absent in the pipeline, the task of post-editing will be even

more challenging. This is then analogous to finding a consensus token sequence of user-input

source sentences, in order to remove any potential errors.

In a similar setting, major e-Commerce sites contain millions of user-created titles for a

large number of products. These titles are similar in nature to translation outputs from dif-

ferent machine translation systems. Listed in these sites are products that have individually

numerous source titles created by different sellers. Target product titles could serve as an

effective way with which collections of products can be clustered and displayed. At the same

time, the continuous upload of user-created titles calls for the need for new target product

titles on a regular basis. Since the creation of effective target titles poses a challenge, many

e-Commerce sites resort to manual curation of titles. However, the process of creating target

titles would amount to great costs since manual construction of these titles is both a costly

process and one that is never-ending.

On the other hand, selection of the target product title from the existing seller-created

source titles would subject the title to potential errors in the title. Therefore, the idea of

using a source titles as a replacement of the ideal title would be futile. In light of the above



scenarios, we aim to investigate a robust system that takes as input multiple user-input

source strings with potential errors, and generate a single high-quality target string. More

concretely, our research is performed on collected source title sets coming from the domain of

e-Commerce, in order to mimic the generation of high-quality human-created target product

title.

Thus, this thesis focuses on the idea of creating target titles given existing source titles.

We propose a Generative-Discriminative framework which consists of two main components:

(i) a generative feature-rich decoder that transforms the initial source title search space

into one with better quality generated titles, and (ii) a discriminative attention-based re-

scorer that selects the best title among the generated ones to be the predicted target title.

For the practical need of the automatic generation, we propose a robust approach that could

generalize the supervised models to large unseen datasets. Moreover, we tested our systems in

a bi-lingual setting and found that it performed competitively in both German and English.
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GLOSSARY

SOURCE TITLE: an error-prone user-created sequence of words that describes an object.

SOURCE TITLE SET: a set of source titles.

SOURCE TITLE SET SIZE: number of source titles in a set.

REFERENCE TITLE: a perfect human-created title for an object.
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Chapter 1

INTRODUCTION

1.1 Motivation

In numerous NLP-related industrial setting there exist needs for refinement of system out-

puts. One prominent example of this is the Multi-Engine (system combination) Machine

Translation (MEMT) where system outputs are recombined to form a consensus output so

as to remove erroneous parts. While MEMT handles it jointly by taking into account source

sentences, there are times when even the source sentences are missing in the pipeline process.

Other than MEMT, e-Commerce sites are dealing with similar issues with regard to

product titles. As hundred of millions of shoppers daily frequent these sites to purchase

goods of all kinds, many become reliant on these sites for their purchases. As such, User

Interface (UI) of search result pages is becoming crucial for the user experiences. More

specifically, e-Commerce take as input seller-created source titles, and there arises a need to

create target title.

For example, a given product such as a projector can have different types and would be

sold by multiple sellers. Each of these sellers can create a different source title, resulting in

a noisy search page. One specific example is shown in Figure 1.1, where different types of

projectors belonging to the brand Panasonic are available.

This serves to enhance user experience since source titles could then be “clustered” based

on their types, thus showing on the search result page only titles where each title leads to

a set containing all the relevant items. This is shown in 1.2. As such, we intend to propose

a system that could summarize and generate a error-free title that could group source titles

of the same type together by constructing the target title as shown in 1.2, where it says

“Panasonic PT-AE8000U LCD Projector”.
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Figure 1.1: Example source title set and their representations as black circles in the space

of titles

Figure 1.2: Generated title for clustering of titles.
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We refer to the above problem as Title Generation (TG) since we attempt to research on

this issue in the specific domain of e-Commerce. The goal is fundamentally different from

MEMT in that source sentences are not provided, but merely the system outputs which

comes in the form of user-generated titles in our task. On the other hand, the selection of

a title from the existing source titles would subject the title creation process to two major

drawbacks:

• Biases for users whose titles are used as the target title, since selected title gives that

particular user the added Search Engine Optimization advantage in getting noticed.

• Human-created titles may provide redundant, misleading information. E.g. “VERY

GOOD CONDITION ”,“best ever” etc.

As such, the goal of this thesis is to propose a model that will automatically generate

target titles given a set of source titles. For practical reasons, we also want to emphasize on

the computational tractability of the proposed models. Generation process should happen

within a reasonable time frame. We also intend to ensure that our model could be trained

so that it is easily generalizable to unseen data without re-training.

1.2 Task Definition

1.2.1 High-level View

Title Generation (TG) is defined as the process where the function TG(T ) takes as input a

set of source titles T = {t1, t2, ..., tn}, and results in the target title tp. A title tp has to fulfill

the following requirements:

1. Error removal: tp must not contain user-specific tokens or phrases.

2. Readability: tp should follow the natural ordering of a human-created source titles

for fluency. For instance in the case of our data, one possible natural order could be:

brand, item, serial number.
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The main objective of the task is to provide a system that could mimic the reference

titles, given an input of numerous titles.

1.2.2 Problem Formulation

Each source title set T contains a set of source titles ti ∈ T , which consists of a sequence of

tokens wi. Mathematically, each title can be seen as the sequence ti = {wi1, wi2, ..., wim}. The

probability of a sequence of tokens can always be decomposed using the chain rule (without

assumptions):

p(ti) = p(wi1, . . . , w
i
m)

= p(wi1)
m∏
j=2

p(wij|wi1, . . . , wij−1)

= p(wi1)
m∏
j=2

p(wij|hj)

(1.1)

Here, we will use hi = {wi1, . . . , wij−1} to denote the history of the j-th word wj. As such,

there exists a natural ordering of tokens as given by configuration d, as represented by the

language modeling derived from source title set T :

p(w1, . . . , wm) = p(w1)
m∏
i=2

p(wi|wi−11 )

We also define desired title length as D and generate tp within the constraints of all the

given tokens wi ∈ T , where tp = {wi1, . . . , wiD}. Thus without loss of generality, we want to

generate the title tp that maximizes the probability of both selected token set and the token

ordering set, given the source titles T and outside knowledge O that is external to the source

title set:

tp = arg max
v∈P(V )

(
arg max

d
P (vd|T,O)

)
= arg max

v∈P(V ),d

P (vd|T,O)

(1.2)

where:
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d(·) is the token ordering configuration, it places the tokens in a specific order.

T is the source title set.

O is the external knowledge.

P(V ) is the power set of vocabulary V.

As we can see, this formulation concerns two particular aspects of TG. They are

1. Token selection, v ∈ P(V ).

2. Token ordering, d ∈ D, where D is all possible orderings of token wi ∈ v.

To further understand the task, we will use an example from the dataset we used in our

experiments. For each set of source titles, this dataset contains: (i) several source titles and

(ii) a human-curated title that describes the product being referred to (details are given in

Chapter 4).

Given that the human-curated title for the following source title set is

Reference: Panasonic PT-AE3000U LCD Projector

The source titles associated with this title are the following (the non-overlapping phrases

are in bold):

1. Panasonic PT-AE3000U LCD Projector WITH NEW LAMP AND VERY GOOD

CONDITION

2. PANASONIC PT-AE3000U Projector Replacement Lamp with Housing

3. Panasonic PT-AE3000U PROJECTOR with remote and extra bulb

4. Quality Compatible Panasonic PT-AE3000U 165 Watt 2000-Hrs HS
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5. Panasonic PT-AE3000U PROJECTOR, remote,extra bulb, and INVIDEO HDMI

switcher

6. PT-AE3000U LCD 1080P Proj 60K:1 1600 Lumens HDmi/component

7. PANASONIC Projector Replacement Lamp with Housing

This example shows that the ideal title would involve selection of tokens in the process of

combination. Since phrases like VERY GOOD CONDITION are not relevant to the product

itself, a major component of the task involves reducing the likelihood of the inclusion of

these redundant tokens. Moreover, we can see that most of these titles contain similar token

orderings as that of the reference title, thus the need to transpose tokens is in fact not that

ideal.

1.3 Task Scenario

For both theoretical and practical reasons, we intend to position the problem with some spe-

cific constraints which we hope to explicitly elucidate before the full-blown model exposition.

We list them as below:

1. Computational Tractability: models should not be computationally intractable, and

should complete title generation within a polynomial time as a function of the source

title set’s size.

2. Multi-lingual Settings: models should be able to perform competitively in multi-lingual

scenarios, i.e., trained on some language A’s training data, but capable to work similarly

well on language B’s testing data. In our case, we intend to test on bi-lingual data

consisting of both English and German data.

3. Limited training data: only a limited subset of training data is given, and the models

have to be able to generalize to larger unseen test data.
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4. Robustness: the model should be ale to perform similarly well in different settings as

given by the source title sets. E.g. varying sizes of source title set and varying average

of title lengths.

We shall now discuss some of the existing perspectives that are relevant to the task.

1.4 System Combination (Multi-Engine Machine Translation)

Machine Translation (MT) is the task of converting text from a source language to a target

language. Over the years, numerous successful MT approaches emerged [50, 94, 2].

There then exists a need to combine the different successful systems that performs com-

petitively against each other into the consensus translation. As such, system combination

could make the best out of these systems, focusing on the strengths while attempting to avoid

the disadvantage of these systems. System combination works by either 1) selection from

among the best translation hypotheses, or by 2) combining and generating new hypotheses

based on the candidate hypotheses set [59].

In this light, TG is identical to system combination in the sense that both tasks receive

an N-best set of candidate hypotheses to be re-combined into a new best hypothesis that is

better in essence than all of the original candidates. However, in relation to this thesis, since

the motivation for the work is to re-generate new titles based on the source titles, we will

focus our efforts on the discussion of the latter − to generate new hypotheses based on the

candidate source title set.

Following the classification by [59], we will first examine the system combination ap-

proaches through the lens of units of combination − token, phrase, and sentence.

1.4.1 Token-based Approaches

As was pointed out in[59], most of these token-based approaches include the use of the

confusion network decoding model in which multiple sequences are first aligned, and then

token sequences are re-ordered before finally being used for confusion network creation [63].
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All candidate hypotheses are transformed into separate confusion networks before finally

being summed up into a union of confusion networks by adding the probabilities of the

arcs. However, while the process is considering all hypotheses as the primary hypothesis

Em, there are two major caveats to this approach. First there is a lack of consideration

for long term dependencies between tokens in the paths. This makes it prone to break the

sentence coherence and also render it a difficult task to account for the title semantics in units

larger than a single word [59]. In particular, this makes it difficult to accomplish the goal of

removing unwanted phrases, especially if they are present in a large number of hypotheses.

An example of this issue is illustrated in the selected titles number 2 and 7

2. PANASONIC PT-AE3000U Projector Replacement Lamp with Housing

7. PANASONIC Projector Replacement Lamp with Housing

Phrases like Replacement Lamp with Housing occur in more than one title and would

most likely receive a high arc score within the confusion networks, even though they should

be penalized. However, approaches as such have no effective solution to penalizing these

tokens only using information coming from the source title set.

1.4.2 Phrase-based Approaches

The phrase-based approach utilizes the re-decoding methods which involves collecting new

phrase translation information for generating new hypotheses. This allows some re-ordering

capability for the new model, but still lacks the long dependency information for long range

re-ordering.

The primary goal of the phrase-based approach is to obtain sentence coherence by consid-

ering more than one token at a time. Some approaches adopt the hierarchical paraphrasing

method [60], while there is also the lattice decoding approach which allows multiple phrases

to connect to multiple other phrases, before the final decoding process that searches for the

best paths (a major shift from the original CN approach).
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The general process works as such: first extract the backbone (hypothesis that best

represents all the others), then perform token alignment before extracting phrases using

methods like TER-Plus (TERp) [21]. Then form new phrase-associated edges in the network

and finally select the best path in the lattice. As was mentioned in[59], it lacks the ability to

re-order tokens within the backbone which becomes a caveat for the approach. The approach

also assumes a general consensus among candidate hypotheses that will allow it to find the

most representative backbone.

Moreover, definition of phrases in titles is something that warrants our research. Intu-

itively, a title is in its entirety a phrase. A title does not necessarily make a statement; nor

does it need to have the usual linguistic components such as subject, verb, or an object. In

fact, the above source title sets show that it needs not to even contain a verb. Furthermore,

a title could be a sequence of nouns and does not need to abide by any grammatical rule.

We can thus say that it falls outside of the scope of the typical linguistics realm. This com-

plicates the nature of the task since the usual system combination techniques that utilizes

language parsers [60] will not work as well as expected.

1.4.3 Sentence-based Approaches

Sentence-level models have more to work with from the beginning, since they consider the

entire sequence. We could now extract information at multiple levels including both the

token-level and phrase-level, and embed them into a traditional log-linear model [59, 60].

The approach is concentrated mainly on selecting the best hypothesis (or title) from k-best

set.

This idea coincides well with the problem of title generation because the lack of sub-

phrase units means that both the token and phrase levels alone are not suitable − each title

is itself merely a phrase. To decompose titles into its sub-atomic units is not linguistically

sound, since few tokens could conglomerate without having most of the tokens glued to be

one single sentence phrase
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Reference: Panasonic PT-AE3000U LCD Projector

Notice that other than the token Projector, any other tokens could hardly be a phrase

on its own.

Other than the most relevant approaches, we want to also review some of the existing

perspectives that also shed light on the task. Many of these problems are not exactly relevant,

but do carry some measures of similarity that is worth mentioning.

1.5 Related Perspectives

In this section, we will first discuss the idea of summarization, then we will briefly touch

upon both text generation and sentence simplification.

1.5.1 Summarization

Automatic summarization is generally categorized into two different types − abstractive

summarization and extractive summarization. Abstractive summaries are formed by re-

writing a shorter version of the original text with mainly phrases and words belonging to the

author. On the other hand, extractive summaries are primarily a selection process where

sentences from the original text are selected the way they are to form a new shortened version

of the text [65].

On some levels, the task of Title Generation (TG) is analogous to abstractive summa-

rization. Phrases and tokens from the source titles are re-used to construct a new title that

most represent all of the titles. Instead, extractive summarization carries slight differences

since it does not possess the decomposition and re-generation step, but it can be useful as

part of the TG. It could serve as a component within the various approaches of system com-

bination. Extraction summarization could be used to select the best title from the source

title set taking into account both semantics and syntactics of titles.
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1.6 Thesis Contributions Overview

We propose a novel approach for TG which comes in the form of a Generative-Discriminative

framework that transforms the generation search space. The framework contains two major

components. First, we have a feature-rich decoder that obtains semantic information from

the source titles and then generates a new list of candidate titles. Then, we propose an

attention-based neural re-scorer that allows us to point-wisely re-rank the decoded output

set.

Our contributions include the following:

1. A Feature-rich Decoder (Word-level)

2. An Attention-based Neural Re-scorer (Sentence-level)

Feature-rich Decoder Instead of fusing tokens or phrases, we propose a sentence-level

re-decoder (which we call decoder for short). It is analogous to the idea of re-decoder in

the context of system combination. While the re-decoder constructs new phrase translation

tables from the alignment, our decoder first collects token and source title set level statistics

and then utilizes this information as a way to know the transition probability. This helps

to prune the search space which could be exponential as size of source title set grows. The

decoder is expanded using the idea of stack decoder with beam search using the threshold

pruning. We found this to be an effective approach that allows us to achieve the primary

purposes of , generalizability, robustness, and being able to function competitively in multi-

lingual setting.

Neural Re-scorer We also propose an attention-based Recurrent neural network model

that first encodes each states in the process hypothesis expansion. The encoding mechanism

utilizes the bi-lingual token embedding which we trained with a sub-word model [7]. This

allows the model to utilize distributional representations for rare words in an unsupervised
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manner. These token embeddings account for the corpus-level information and help in the

token selection process.

The re-scorer aims to account for long-term dependency within each title by: 1) con-

structing a richer representation that is the concatenation of both token embeddings and

the sequence state features for each sequence state, 2) considering global features. A bi-

directional Recurrent Neural Network (Bi-RNN) is fed with the sequence state encoding as

mentioned in 1), before a sentential representation is created with the attention mechanism,

which serves to reward or penalize sequence encodings accordingly. Lastly, global features

provide additional contextual information to further enhance the final representation by

contextualizing on information outside of the sequence.

All in all, we propose a novel and robust way of generating titles based on source titles.

Moreover, this approach also offers a possible new perspective to Machine Translation’s

system combination. This is our first step towards a framework that resembles Generative-

Adversarial Networks (GANs) [32] where our decoder will serve as the generator and re-scorer

as the discriminator. Both models will then be trained jointly and be optimized to reach the

global optimum in a zero-sum game.
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Chapter 2

RELATED WORK

In this section, we will briefly touch upon the different existing perspectives on the Title

Generation (TG). we will begin with the most relevant approaches, then expand the section

in the order of extents of TG-specific usefulness.

2.1 Background

As far as we know, Title Generation (TG) is a unique task that does not exactly fall into

the blanket of any existing Natural Language Processing (NLP) task. Prior works include

the use of a phrase-based statistical machine translation engine to generate titles based on

a rule-based system [62]. This work serves the same intention of generating titles but was

given attributes of product which come in the form of slot-value pairs rather than source

titles.

TG entails maximizing the conditional probability of a sentence (or sequence of tokens)

given a list of source sentences. The generated target title is purported to represent the

product pertaining to the list of source titles. Key information about the product might be

absent from the inputs and additional information might be present in the source titles. For

this reason, the task differs from common NLP tasks such as summarization, sentence sim-

plification, Machine Translation (MT), and the System Combination. For instance, Neural

Machine Translation (NMT) models are trained to maximize the conditional probability of

a translation sentence given another source sentence over a large corpus [34]. However, TG

assumes the absence of a large corpus and takes as input a varying set of sentences.

Owing to the novel nature of our task, several possible research directions could be

pursued. Most related of which would be the system combination (or Multi-Engine Machine
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Table 2.1: Table of Related Works

Word Phrase Sentence

Hypothesis Selection - - [85, 74, 40]

Re-decoding [19, 30, 39, 68, 44, 37, 20], This work - -

Confusion Network Decoding [27, 63, 76, 19, 38, 97] [21, 24] [76]

Translation). For convenience in this thesis, we will refer to it as system combination. The

objective of system combination is to combine several translations from different systems

in order to produce a better translation output. This is similar to TG as both system

combination and TG involve the re-generation or selection of sentences (or token sequence)

given the prior knowledge of a list of sentences (system combination task also includes the

source sentence). Past literature have attempted to categorize approaches within system

combination in a 2-dimensional way − 1) units of fusion, and 2) methods of combination.

We have covered aspects in units of combination in the previous chapter.

Our focus now is to divide the system combination approaches into relevant categories.

More recent works [59] have suggested dividing approaches into 1) hypothesis selection, 2) re-

decoding, 3) confusion network decoding, 4) Lattice Decoding Model, and 5) Paraphrasing

model. However, these perspectives do not necessarily apply to the task at hand. More

specifically, titles can carry a certain amount of linguistic deviations from the typical English

grammatical sentences in that they are generally missing a subject, verb, and an object. This

makes both paraphrasing and lattice decoding models largely irrelevant for TG.

As such, we decided to go with the earlier categorizations [75]: 1) Hypothesis Selection

[85, 74, 40], 2) Re-decoding [19, 30, 39, 68, 44, 37, 20], and 3) Confusion Network Decoding

Models [27, 63, 76, 19, 38, 97, 21, 24, 76]. Moreover, we will consider 3 levels of units of

combination which we have discussed previously: 1) word, 2) phrase, and 3) sentence. To

get a better perspective, this general idea is shown in Table 2.1.
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Figure 2.1: Selection Method

As previously mentioned, TG takes as input a source title set, and generates a title that

not only preserves the essential attributes pertaining to the product, but also preserves the

token ordering that loosely defines its grammatical structure.

TG involves construction of titles based on either the token-level or even the character-

level conditional dependency path, as defined by the source title. The same intrinsic property

exists in multiple tasks, including abstractive summarization, text generation, sentence sim-

plification, and machine translation. We will also discuss these perspectives in the context

of TG, using the following three titles as an example:

1. Panasonic PT-AE3000U LCD Projector WITH NEW LAMP AND VERY GOOD

CONDITION

2. PANASONIC PT-AE3000U Projector Replacement Lamp with Housing

3. Panasonic PT-AE3000U PROJECTOR with remote and extra bulb

We will begin with the most relevant context − system combination selection, then move

on to discuss some of the existing ideas in other areas. We shall review all of sequence

selection, re-decoding, and CN decoding in this order and then position our work more

accurately as a re-decoding approach with units of combination at the word-level. This

would further influence our decisions for approach comparison.

2.2 Hypothesis Selection

Hypothesis selection takes in many forms depending on the source of information. The

fundamental idea for selection is to select a hypothesis that is not just the most representative
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of all other candidates, but also the closest to the reference. In many scenarios, the hypothesis

that possesses the greatest similarity through the means of BLEU [71], TER [21], or other

metrics, might not be the one that is closest to the reference. This is a recurring issue in

many of the approaches [21, 76, 27, 19, 85] since selection is an underlying aspect of all

methods of combination. That is to say, we would anticipate the use of similar concepts in

almost all systems.

Confusion Network Decoding involves selection of hypothesis as the backbone before

sequence fusion. Errors in this step would ultimately propagate to the alignment step,

and subsequently, to the last decoding step. In re-decoding approaches, partial sequences

scoring and ranking are analogous to the selection approach since models need to have this

discriminative ability in deciding which partial sequences should be kept during sequence

expansion.

2.2.1 System Combination by Selection

Selective approaches are limited to the given hypotheses, and are thus prone to under-perform

given a poor quality source title set. In the post-editing domain of Machine Translation

(MT), We often need to know the translation quality before deciding if post-editing has to

be performed [85]. This is the task of quality evaluation. Moreover, often this has to be done

without the reference, which excludes the possibility of utilizing conventional metrics such

as BLEU [71] and METEOR [3]. This specific scenario falls within the scope of this thesis

which assumes no reference at test time.

In fact, approaches that merely select from the N-best set without refining the hypothesis

search space rarely exist in system combination. Further, both re-decoding approaches and

confusion network approaches are greatly interlinked with hypothesis selection as the last

component of the combination. This idea is illustrated in Figure 2.2.

In most of the re-decoding approaches, a form of sentence-level quality evaluation is

usually present. Trait-based approaches [19] consist of both decoding forests and a confusion

networks which are generated for system combination, and the results show that there was no
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Figure 2.2: General Selection Pipeline

gain in BLEU scores moving from decoding forests to confusion networks. In fact, the work

shows that decoding forest performs slightly better than the result of confusion network

combination. It indicates that the hypothesis selection process is significant even when

different system combination approaches are adopted, i.e. re-decoding and confusion network

combination. This shows that it is important to have a high quality selector to discriminate

between the diverse pool of candidate hypotheses.

Combination methods often produce ungrammatical token sequences, and raised the

need for hypothesis confidence computation. In system combination, this selection is often

achieved with the inclusion of a log-linear model with numerous features [76, 21, 27, 24, 30, 39,

19]. The model allows for inclusion of task-specific features such as Language Modeling (LM)

probability, among many others. The objective is to model a long-dependency, grammatical

sentence [76].

One benefit of sentence-level selection is that it can now avail itself of the overall semantic

and syntactic knowledge sentence-wide. This gives room for the flexibility to design models
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Figure 2.3: Shallow Parsing of Titles with UIUC Shallow Parser [73]

that look at the “traits” of hypotheses as if they were the final outputs. One example of this

is the trait-based hypothesis selection that also utilizes the output-level features like “average

output length” [19]. In most of these approaches, the goal is to minimize the distance between

the 1-best hypothesis, or title in the context of this thesis, and the reference. Given a set of

weights for f features θ = {λ1, λ2, ..., λf}, reference title tg, and metric function M , this can

be written as

tp = arg max
θ

M(tp, tg) (2.1)

This optimization process is often done with the Minimum Bayes Risk (MBR) [52], which

consists of a loss function based on the metric used. MBR decoding also incorporates syntac-

tic structures and uses information such as word strings, word-to-word alignments, and parse

trees of both source and target sentences. As such, MBR is relevant in a natural language

setting where sentences can be parsed and analyzed in a grammatical setting. However,

this would not work well in TG since parsing in titles is hardly effective as shown in Figure

2.3, where long, non-equivalent phrases are treated as a NP , making them difficult to be

compared or aligned.

Multiple reasons render the traditional Natural Language Processing (NLP) to be futile

in TG. One of which is the inconsistencies in token expression. Notice in 2.3 various forms

for the token “projector” exist. This includes PROJECTOR, Projector and Proj. As
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such, there is a huge challenge awaiting any NLP methods in handling these titles.

Essentially, this argues for a more distributional approach that is able to represent tokens

accurately by mapping multiple token’s distributional semantics into a single vectorized form

as what our approach has employed. We will next discuss about the extractive summarization

methods in selection.

2.2.2 Extractive Summarization

Extractive summarization focuses on selecting salient sentences from an original document

before combining them to form a summary. While this does involve reordering at the sentence

level, the ordering of tokens is preserved.

A diversity-based ranking technique, Maximal Marginal Relevance (MMR) is often used

as a simple and efficient way to prune the list of sentences [8, 28]. In many of the approaches

attempted in the past, MMR is used as a way to reduce redundancy while selecting relevant

passages for text summarization. While MMR is often used for diversity ranking in document

retrieval, the approach demonstrated a clear advantage in removing unwanted sentences.

Many of these extractive summarization methods fall into three main categories: 1)

methods simply based on sentence position or structure information, 2) methods based on

unsupervised sentence ranking, and 3) methods based on supervised sentence classification

[10].

Since the natural ordering of the source titles is not relevant to the summary construction,

these approaches often pursue categories 2 or 3. The problem can be modeled as a regression

problem with the label set as the n-gram overlap between the references and the summary

[28]. More accurately, the problem can be modeled as short text summarization. This,

for instance, has been done on the comment stream of a particular message from social

network services. Visitors of social media sites intend to get the brief understanding of

a comment stream without having to read the entire comment list. Similarly, short text

summarization also provides a context in which the sentences are short and do not contain

sufficient structural information [16].
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Figure 2.4: Re-decoding

With the popularity of neural networks, neural approaches have also been applied to

text summarization. Early approaches include modeling the problem as a classification

problem where sentences are represented as feature vectors, before being passed into 3-layer

neural network to extract the hidden features for sentence saliency learning [45]. While this

early approach has had some success, it does not have the component of generation, and is

constrained to the existing source title.

2.3 Re-decoding

2.3.1 System Combination by Re-decoding

Re-decoding, or sub-sequence combination, is a combination method that generates and

expands the hypothesis search space. This is done using features extracted from the partial

sequences which translates to scores used in ranking of the partial sequences for pruning

purposes. As shown in Figure 2.4, these scores come in the form of transition probabilities

P (wt|wt−10 ). Most approaches adopted the Log-Linear Model where feature functions are

taken as the weighted sum by multiplying the linear weight vector λ. Numerous works had

been done in fine-graining these features. Some common features include length, Language
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Modeling (LM) and the n-gram overlap [39]. One perspective on feature is that they serve

the purpose of alignment. They could be loosely categorized into four types: exact matching,

stem matching, synonym matching, and n-gram paraphrase [39].

The aim of re-decoding is to learn scores that most accurately represent the actual se-

quence quality score. Since scores are used to rank the partial sequences, accurate scoring

function would yield the highest translation quality outputs.

One way to estimate the partial sequence scoring function is using the Minimum Bayes’

Risk Combination (MBRSC), which combines outputs into a consensus translation with

maximum expected BLEU score [31, 30]. In contrast with the sequence selection method,

MBRSC could generate new consensus translations different from the original hypothesis set.

Most of these approaches are BLEU-based, meaning that the idea is to minimize the BLEU

risk [52, 31, 30].

Decoding algorithms range from dynamic programming (DP) paradigm [4], to stack de-

coding where k-best sub-sequences are maintained at each step of expansion. Search space

can be represented as a directed acyclic graph where the states denote sub-sequences, and

the edges are the tokens to be added [30]. Algorithmic expansions are focused on retaining

high BLEU-scoring partial hypotheses. Due to the exponential number of states, there is a

need for pruning, and the best-scoring hypotheses are kept at a ratio [30, 76]. Eventually,

hypothesis search space is expanded and new hypotheses are formed. At this point, we hope

to have coherent hypotheses in the search space, and the last step would be to find the best

hypothesis from N -best hypotheses.

Since the best hypothesis is determined based on the sequence confidence score, one

underlying issue with this approach is the lack of consideration for sentence-wide long-term

dependencies with the sequence scoring function. Stack decoding entails the idea of sequence

states where each newly expanded sequence is seen as a state, but this memoryless scoring

function does not include sub-sequence scores from previous sequence states due to Markov

assumptions. This assumption largely undermines the ability of these models, which stipulate

that next sequence state depends only on the current sequence state and independent of
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previous history.

2.3.2 Abstractive Summarization

Abstractive Sentence Summarization re-generates shorter sentences from the original ones

while attempting to preserving their meaning. The aim is to produce a condensed repre-

sentation of an input text that captures the essence of the original sentences [77]. We can

draw a parallel between this task and TG where multiple titles are used as the source of

information to produce one single output title. While abstractive summarization takes in

the same input as that of extractive summarization, it is possible for it to perform word

re-ordering, paraphrasing, and even generate semantically identical phrases to replace the

original sentences [78].

Recent state-of-the-art approaches include the use of an attention-based conditional re-

current neural network models [78] with added convolutional layers [15]. These approaches

incorporate less linguistic information, and make no assumptions about the vocabulary of

the generated summary [78]. The effectiveness of these end-to-end approaches is evident

as they outperform machine translation systems trained on the same large-scale datasets,

yielding large improvement over the best system in the DUC-2004 competition [78, 15].

The main objective of the task neural abstractive summarization is to model the condi-

tional log-probability of a summary as [78]

logp(y|x; θ) ≈
N−1∑
i=0

log p(yi+1|x, yc; θ) (2.2)

where:

yi is the special start symbol < S >.

C is the size of context.

x is the input sentence.
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The formulation assumes the Markov assumption on the span of the entire sentence

length, and the goal is to model on the local conditional distribution, i.e. p(yi+1|x, yc; θ).

Both models [78, 15] consist of a language model for estimating the contextual proba-

bility of the next word, and utilize an attention-based contextual encoder that construct a

representation based on the generation context [78, 15]. A simple beam-search decoder is

used to maintain a set of potential hypotheses before the last extractive tuning step. This

last extractive step is similar to the hypothesis selection of the system combination, and the

standard log-linear model is used to tune the weights for the small set of features [78].

However, two main problems exist with these approaches. One is the fact that they are

data-driven [78], which makes them unsuitable for real world scenarios with limited datasets.

For training, [78] uses the annotated Gigaword data set [33] which contains around 9.5 million

news articles from different domains collected over two decades, and amounting to 4 million

title-article pairs [78]. This is in sharp contrast with our objective − to train on a tiny

training set, and generalize to a large unseen test set.

Secondly, the high rare word counts in the corpus of around 80,000 sets of source titles

remains one of the concerns especially for our given title corpus, which contains a large

amount of non-repetitive tokens.

Lastly, abstractive summarization is vastly similar to TG the nature of task is rather

different since TG takes an input of multiple sentences rather than one.

2.3.3 Sentence Simplification

One of the objectives of title generation (TG) is to process long titles while preserving

the content meaning. Thus, another way of looking at the problem is through the lens

of sentence-level factual simplification (SLFS) [1]. SLFS is part of the broader spectrum

of text-to-text generation problems, which includes summarization, sentence compression,

paraphrasing, and sentence fusion. Recent approaches have treated SLFS as a monolingual

text-to-text task and draw the inspirations from Statistical Machine Translation (SMT) [1].

One approach to the task has been the use of margin-based discriminative learning algo-
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rithm on a handcrafted list of features [1]. This specially made feature set is used to model

the syntactic and dependency structures of the sentences. Sentence generation is performed

via the stack decoding algorithm in order to ensure an efficient process.

More recently, a deep reinforcement learning-based encoder-decoder model was applied

to the simplification problem [101]. In the context of TG, the model would explore the

space of possible generated titles, in order to optimize the simplicity, fluency of the title,

while preserving the meaning of the input [101]. However, we will explore the capabilities of

encoder-decoder models as a benchmark in our problem.

2.3.4 Neural Machine Translation (NMT)

With the rise of the neural approaches, neural machine translation (NMT) models re-defines

re-decoding and is made of an encoder and a decoder. The encoder extracts a fixed-length

representation from an input sentence of variable length; and the decoder generates a correct

translation from this representation based on the knowledge learned from previous sentence

pairs. In relation to TG, there is a need to select the source sentence, and then “translate”

it to the target sentence, or the title in TG.
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Figure 2.5: Conceptual encoder-decoder model with possible refinements [2, 11, 58, 72, 88, 91]

2.3.5 Encoder-decoder Model

We now discuss the various aspects of an encoder-decoder model used commonly in Neu-

ral Machine Translation (NMT) [2, 58] while also addressing some of the state-of-the-art

refinements to the basic architecture.

Basic Architecture The encoder-decoder model, as the name implies, contains an encoder

and a decoder. Encoder provide a representation for the entire input title, which consists

of a sequence of tokens. Each token is fed into the encoder sequentially. Numerous works

[2, 11, 35] use Bi-directional Recurrent Neural Networks (Bi-RNN) for the basis of encoders as

shown in Figure 2.5. Output of encoder is the concatenation of outputs from both directions,

[
−→
hk;
←−
hk] at time k.

Decoder receives [
−→
hk;
←−
hk] at all time steps k as input. Likewise, it consists of a recurrent

neural network where at every time step k, the current hidden step would take as input

the output from the previous hidden state, the last output word’s embedding, and possibly
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a context vector which is computed with attention mechanism from the encoder outputs.

As shown in Figure 2.5, the last step of word prediction will have the decoder output pass

through the softmax layer, which convert the prediction vector according to a probability

distribution where the highest value dimension would correspond to the token prediction.

As such, training process maximizes the word probability for the correct word at each time

step with the negative log-likelihood function.

Conceptually, we see that each encoder state takes in information from 1) current token

embedding, 2) last hidden state, which represents the entire sequence memory so far. On the

other hand, each decoder state receives information from 1) entire encoder sequence memory

up to the current time step, 2) entire decoder sequence memory up to the current time step,

3) last predicted target word output. Such is the holistic view of the dynamic between the

encoder and the decoder. In terms of TG, the source titles will be encoded, and then decoded

into the final title.

We now discuss some additional refinements that have been made to this basic architec-

ture.

Attention Mechanism Attention involves computation of strength of association both

between any two sources of information [2]. To account for the association between any input

and other input, or self-attention, we take the dot-product between the encoded words. To

account for the association between decoder states and the final encoder states, likewise,

dot-products between them are computed before subsequent steps.

Several ways of computing the association strength have been proposed [58]. However,

the subsequent steps to obtain the context vector remains largely similar. The raw asso-

ciation strength will then be normalized using the softmax function, and then any vectors

fall within the context of consideration will then be weighted by the normalized association

score. Therefore, the general steps to any form of attention is summarized as below:

1. Compute association strength.
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2. Normalize association strengths.

3. Scale the source vectors with the normalized association scores before taking

their weighted average.

Moreover, instead of computing the attention between input to output words, the idea of

self-attention is also employed in several works [72, 89]. This helps to refine the representation

of source tokens as contextual information is now part of the encoding. In self-attention, the

association strength are calculated between words within a window [72], and step 2 and 3

remains largely similar.

This produces a final context vector. However, the encoder-decoder model still lacks the

ability to take into consideration information that are not present in the original sequence

of tokens. As such, several ways to account for this information were proposed.

Topic-awareness One way to account for the “topic”, or in TG the source-specific infor-

mation like category of the product, is to append to the existing Long short-term memory

(LSTM) [42] cells an extra compartment in order to semantically condition the memory flow

with external information [92]. This is shown in Figure 2.5 with the dotted line connecting

topic-aware vector to the encoder’s RNN (LSTM for this particular modification) cell. A

more recent approach directly concatenate the topic-aware vector to the read-out layer before

the final token prediction [11].

Guidance with Alignment While the domain information of the product could be en-

coded, it is desirable that fluency, or ordering of tokens could be enhanced. This is often

done with alignment-guided training with modification to the cost function by including

the alignment cost [?]. However this becomes a problem for TG, as we now need to select

a source sentence that best represents the “source” sentence to be aligned with tools like

GIZA++ [70].
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In this work, we will restrict the bulk of our benchmark comparison with the focus on

the most common version of the encoder-decoder model with attention mechanism, since it

is a competitive architecture employed widely within the NMT community. We now discuss

the bottleneck of the encoder-decoder models in general.

Model Challenges Numerous challenges were outlined in [49] including 1) domain mis-

match, 2) amount of training data, 3) noisy data, 4) word alignment, and 5) beam search.

In the context of our problem, NMT faces the issues related to domain mismatch, noisy data

and amount of training data. Domain change often causes difference in machine translation

system’s performances. This is mainly due to the fact that tokens possess different meaning

in different domain or contexts. As such, a system trained on some data points will most

likely encounter a major non-overlapping vocabulary set, or high Out-Of-Vocabulary (OOV)

counts, when being used to generate titles given source title set that are rather different. Our

work is largely based on prior works in the Statistical Machine Translation (SMT) domain.

Comparatively, NMT is on par with Statistical Machine Translation (SMT) in terms of in-

domain performance, but performs poorly in its out-of-domain performance. [49] tests on

five domains and found that the quality of system (BLEU) drops upon testing on different

domains. In contrast to our task, we expect NMT systems to also suffer from this issue since

each product could well be considered as an individual domain. As such, NMT will not be

able to benefit from the sharing of word representation.

Besides, the given dataset contains a noisy data containing irrelevant phrases in high

occurrence only within a certain source title set but are absent in any other product’s source

title set. In contrast, SMT is fairly robust to noisy data as it constructs probability distri-

butions estimated from the corpus and noises influence only the tail end of the distribution.

NMT yields poor performance with noisy data as its prediction has to reach a consensus

between the language model and input context [49].

Moreover, although NMT is able to generalize better to larger context, it requires a huge

amount of data to start performing well. In NMT, this often means training corpus sizes of
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a few million words or less. This is undesirable in the industrial settings since it is simply

too costly to obtain such amount of annotated data.

2.4 Confusion Network Decoding

2.4.1 System Combination by Confusion Network Decoding

A common approach to system combination is the Confusion Network (CN) decoding. In this

particular approach, varying granularity of units are used to form the sentences. This includes

both phrase-level [24, 21] and word-level [27, 76]. To construct a confusion network, there

is a need to first select a backbone before word alignments with other hypotheses could be

done. Backbone hypothesis has direct influence on confusion network-based approaches since

it concerns the consensus translations directly [24]. Next there is the decision in choosing

between 1-to-1 mappings [27, 76, 21] or the arbitrary, many-to-many mappings (lattice)

[24, 60] in hypothesis alignment. The difference is that lattice is a more general form of

confusion network [22], and thus it has a wider coverage and is expected to improve systems

performance [24]. In relation to the task of TG, there is a direct correspondence between

consensus translation and the best title. Thus, we will now review some of these approaches

in greater details.

There is a variation of combination steps in CN decoding, although most approaches

comfortably fall into the four-step strategy that is described above. A more subtle step is

described in [24] where alignment pairs are normalized to ensure that the word order of

hypotheses is consistent with that of the backbone. We will now describe in greater details

the phases in CN decoding

1. Backbone Selection

2. Hypothesis Alignment

3. Confusion Network Construction
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4. Decoding

Backbone Selection As previously mentioned, backbone selection is analogous in essence

to sequence selection. Selected backbone will define the final word order of the system

combination output [75]. One common technique is via the means of Minimum Bayes’

Risk (MBR) decoding which uses BLEU as loss function. The model consists of a scaling

factor which indicates the “quality” of each hypothesis with respect to the others. This

factor is conceptually the same as the relative importance of each system in the Bayes gain

computation [29]. In Figure 2.6, we demonstrate the selection of the backbone title from

among three titles.

Suppose we have a total of Ns systems, and hypothesis tb as the backbone candidate.

Using TERP as the loss function in MBR, the loss function would then be:

tb = arg min
t∈ti

Ns∑
j=1

TERP (tj, ti) (2.3)

There are two main ways to increase the robustness of the MBR decoder [21]. We will

describe them in the context of TG. The first one is via filtering of worse or closely relevant

individual titles based on metric scores, and keeping titles with similar quality [61]. The

second way is to optimize directly on the development set with metrics like TERP [21] or

BLEU, before applying to the test set. The more successful mean is [21], and this approach

is similarly adopted by the proposed model in this thesis.

Some approaches allow all hypotheses to play the role of the backbone once, creating one

confusion network for each hypothesis. This approach becomes increasingly expensive as the

number of hypotheses grows. Thus it was also suggested that bi-gram may first be used to

expand the lattice [76], and then the weights for the expansion forest (confusion network in

this case) are optimized. The reason why lower order n-grams such as bi-gram is considered

is to avoid the heavy pruning. The process is then continued with a second set of weights

for N -best list of the confusion network which is used to re-score hypotheses. This is done
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Figure 2.6: Backbone Selection

with higher order n-grams so as to find the best quality consensus output.

This thesis adopted similar procedure, but within the re-decoding domain of approach

since no confusion network was constructed. Similar to [76], bi-gram is first used for ex-

pansion of the decoding forest, and subsequence quality are estimated with a set of neural

weights. A second model is then used to determine the overall coherence of N -best list of

candidate hypotheses. Figure 2.6 shows selection of a backbone sentence from a source title

set of size 3.

Hypothesis Alignment Hypothesis alignment is the process in which hypotheses are

aligned against the previously selected backbone. Two very different approaches have been

proposed for alignment − pairwise and incremental alignment [75]. These ideas are clearly

described in [75] as the following. Pairwise alignment aligns each hypothesis independently;

incremental alignment initializes the confusion network by forming one word per link from

the backbone hypothesis. The remaining hypotheses are aligned with the partial confusion

network that allows words from previous hypotheses to be considered as matches. Thus in

incremental alignment, the order of input hypotheses affects the alignment quality.

As such, five common alignment metrics includes 1) GIZA++ [70] 2) IHMM [38] 3)

Inversion Transduction Grammars (ITG) [46] 4) Translation Edit Rate (TER) [81] and 5)

Translation Edit Rate Plus (TERP ) [21].

More linguistic approaches include synonym matching that is proven to be beneficial to

alignment accuracy. In fact, many more linguistic features are proposed to incorporate this

prior knowledge for synonym matching [24].
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Figure 2.7: Alignment

An example of hypothesis alignment is shown in Figure 2.7. In this example, both “PT-

AE3000U” and “LCD” are aligned with themselves. However, “Projector” and “Proj”, which

are variations of the same token, are likewise aligned. For alignment considering synonyms,

“LAMP” and “Lumens” will be aligned. Thus, Figure 2.7 shows the ideal alignment produced

by a perfect aligner. Tokens in the rest of the sequence are dissimilar to each other both

semantically and syntactically, and so they will not be considered.

Confusion Network Construction Variation for Confusion Network (CN) structures

do exist. For the scope of this thesis, we will focus our attention on word-level network,

which is essentially a directed acyclic graph which includes weighted edges/arcs and nodes.

Each edge in CN denotes a token, and at times null token, and also the associated posterior

probability [21].

On the other hand, lattice-based network’s many-to-many mappings align phrase pairs,

thus reducing the potential ungrammaticality, increasing the transitional coherence [24].

This idea is illustrated in Figure 2.8, where empty strings are denoted with “$”. Note

that in this graph, less than half of the backbone sequence (only 4 out of 11 tokens) are

aligned for the backbone. Such is the recurring phenomenon among source titles, and poses

a great challenge to titles that contain misspelled tokens. The difficult part would be for

the system to know for example “projector” and “proj” are essentially the different spelling

of the identical token. Though String measures like Levenshtein similarity [53] could map

them to the same token, still this does not resolve the issue of word-level semantic similarity,

which is crucial when string similarity measures become erroneous, and there the need for

semantic similarity arises.
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Figure 2.8: Confusion Network (CN)

One major problem with CNs is that they depend heavily on the selection of the back-

bone. This is a challenge when erroneous backbone is selected, and the error will propagate

to the decoding step. Another issue is that hypotheses might have very different orders,

complicating the alignment process [75]. On the other hand, some approaches make each

of M hypothesis to be the backbone, forming M confusion networks [63]. This proposal es-

sentially leaves the decision to select the backbone to decoding time by combining networks

built using each output as a skeleton into a large lattice [75]. This not only means that we

will now consider all possible paths, we also would have a computationally expensive process

when the number of titles grows to be huge (e.g. in one source title set the number of titles

is 7,500). As such, it is not ideal in the task at hand.

Decoding CN consists of multiple hypothesis paths. The last step is to select the best

consensus hypothesis within the expanded search space. Log-linear combination with various

feature is used for decoding [76]. Just like in hypothesis selection, log-linear model is the

common approach to decoding and selection of the best hypothesis to be the consensus

translation. The main objective of this is to estimate the token posterior probability based

on weighted feature functions. Since this step is similar to the re-decoding step, we will not

go in detail.

While Confusion Network Decoding provides a mean of generation, it is not without

disadvantages. Particularly, the selection of the backbone sentence and subsequently the

confusion network construction is an expensive process when the number of titles increases
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to a large amount. This excludes the consideration for the more advanced approaches where

each title in the source title set is treated as a backbone sentence once, thus constructing an

exponential number of confusion networks.

2.4.2 ASR Summarization

In the context of ASR, there often exist a high speech recognition error, e.g. on meeting

recordings. As such, an unsupervised approach using confusion networks could be used to

improve summarization performance [96]. Similarly, source titles often contain unwanted

tokens or titles as noises that are to be weeded out. Confusion Networks (CN) is a more

compact and powerful representation for word candidates. Similar to Confusion Network

Decoding, ASR summarization involves the construction of confusion network based on the

source title set before the final decoding step. As such, this approach encounters a compu-

tational bottleneck when given a large source title set.

2.5 Relevant Perspectives

Now, we will discuss two relevant perspectives with regard to all the approaches mentioned

above. This consists of 1) log-linearity and log-non-linearity and 2) generative and discrimi-

native models.

Log-linear and Log-non-linear Models Decoding of approaches mentioned previously

utilizes the the log-linear model for partial sequence score estimations. However, the model

is not without its caveats. We now discuss some of the underlying assumptions for the use

of log-linear model.

Log-Linear Models are also known as the Poisson regression, which is a generalized linear

model in regression analysis. However, Poisson regression is optimal when the mean of

the data distribution and variance are identical. In other words, it assumes the Poisson

distribution to have limitless number of independent realizations of a Poisson random variable
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[5]. It also follows that for real data generated by a Poisson process, the mean should be

approximately the same as the variance.

However, this is not the case for a limited dataset, which often does not satisfy Poisson

distribution. In fact, many of the decoding features contains observed feature data where

variance is greater than the mean. This is an indicator that the log-linear model is not fitting

to be used for this task, where data is scarce. We will further perform an analysis for feature

data in the last chapter to show that variance of data is indeed greater than the mean for

all features.

Here our main concern is the suitability of log-linear model for estimating the sub-

sequence confidence during hypothesis expansion, and also hypothesis selection during the

re-scoring phase. We will now discuss the theoretical reasons to move from linearity to

non-linearity.

Neural Network (NN) is a flexible nonlinear regression model, and can always be used to

approximate a continuous function. It is effective for response variables or target values that

are real-valued [23]. It has also been shown that nonlinear extension of Poisson regression

based on neural networks not only has the capability to learn linear relationship, but also to

model the non-linear relationships between features [23]. As such, neural models are better

able to generalize to large unseen data since more complex equations can be modeled.

In other words, the linearity assumption in Poisson regression (or log-linear model) is

disadvantageous to modeling our estimators. In practical situations, features do interact non-

linearly in the high dimensional feature space and for this reason we opt for a neural re-scorer,

instead of the traditional log-linear model approach for sequence confidence estimation.

Empirical studies have also been done in shifting from linear to non-linear modeling when

dealing with distributional feature representations in a continuous space [90]. In fact, it has

also been shown that in the domain of Natural Language Processing (NLP) non-linear models

are highly effective in low-dimensional distributional spaces [90]. This empirical study was

done in the task of sequence labeling (specifically Named Entity Recognition and Syntactic

Chunking). Furthermore, the study also showed that distributional representation could be
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used to generalize effectively to large unseen data [90], which is the intention of our work.

Generative and Discriminative Models Most of the above-mentioned approaches have

components of either generative or discriminative nature. Re-decoding approaches adopts a

discriminative log-linear model (a form of linear regression) that allows it to generate token

sequences. We will now discuss our proposed solution through the lens of generative and

discriminative models.

Generative classifiers learn a model of joint probability p(x, y) of, in our case, source

titles x and the reference title, y. A trained generative classifier then selects the most likely

y probabilistically via computation of p(y|x). On the other hand, discriminative classifiers

model the posterior p(y|x) directly, learning to map from source titles x to class labels, or a

score indicative of similarity of x with respect to y [67].

Generative Adversarial Networks (GANs) achieved recent successes in various fields [32].

It is a unifying framework that combines both generative and discriminative models. The

neural model consists of a generator G and a discriminator D and is optimized by 1) maximiz-

ing the probability of assigning the correct label (produced by D), or score, to both training

data and samples from G. Simultaneously, the framework consists of an algorithm that 2)

minimizes the loss of generation by G. Such framework is seen in Neural Machine Trans-

lation (NMT) [93] where encoder-decoder output serves as the generator and an additional

discriminator, made up of Convolutional Neural Networks (CNN) [51], is proposed.

In relevance to our work, our proposed solution consists of both a decoder that serves as

a generator and a re-scorer that acts as the discriminator. Though they are not not jointly

optimized as in GANs in an adversarial manner, but are optimized in a sequential manner

more akin to boosting [25].

2.6 Summary

In this chapter we provide an overview of related work pertaining to Title Generation (TG).

We discuss Natural Language Processing (NLP) domains along the dimensions of 1) hypoth-
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esis selection, re-decoding, and confusion network decoding. Hypothesis selection approaches

include system combination by hypothesis selection, extractive combination. Re-decoding

approaches include system combination by re-decoding, abstractive summarization, neural

machine translation and sentence simplification. Lastly, confusion network decoding is par-

ticularly used for system combination, but also appears in Automatic Speech Recognition

(ASR) summarization.

Our work falls into both the category of hypothesis selection and the re-decoding. In

this thesis, we compare our work against approaches in both the hypothesis selection and

re-decoding blankets. In the next chapter we will discuss in detail the methodology involved

and the theoretical reasonings for our proposed framework.
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Chapter 3

METHODOLOGY

3.1 Overview

In this chapter we will discuss about the details of how our proposed framework of Title

Generation (TG) works. We will start off by defining standard of measurement for the

quality of a title. Then we will formally introduce our Generative-Discriminative framework

which consists of a decoder and a re-scorer.

3.1.1 Evaluation Metric

Essentially, quality of a generated title is proportional to the similarity it carries with the

target title. This idea of similarity can be measured with respect to the number of overlap-

ping tokens between them. One of such automatic metric used commonly in the machine

translation is BLEU. BLEU can be used to measure the closeness of the generated title to the

reference title. It measures the closeness via computing, in our case, the sentential overlap

between generated title and reference title. Ideally, a computationally inexpensive metric is

desired to suit the needs of the industry. BLEU as an automatic metric that requires no

training could quickly determine the quality of our candidate title T in a highly correlated

manner with respect to the actual human evaluation [71]. Mathematically, BLEU is a func-

tion that considers n-gram overlap, lengths of both candidate T and reference R. In this

thesis we consider the sentence-level BLEU [9]:

BLEU(N, T,R) = P (N, T,R)×BP (T,R) (3.1)

where N (n-gram size) in our experiments are assumed to be 2. P (N, T,R) is the geometric

mean of n-gram precisions:
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P (N, T,R) = (
N∏
n=1

pn)

(1/N)

(3.2)

where:

mn is the number of n-gram overlap between system candidate title and the reference title.

ln is the total number of n-grams in the candidate title.

pn is given as pn = (mn)/(ln).

A multiplicative brevity penalty factor is introduced in order to avoid the risk of having

very short titles that have maximum precision but are very far from the actual complete

title. It is defined as according to the following equation:

BP (T,R) = min(1.0, exp(1− len(R)/len(T ))) (3.3)

We also adopted smoothing method 4 described in [9] which assigns proportionally smaller

smoothed counts for shorter candidate titles, due to the concerns for inflated precision.

3.1.2 Definitions

Given the evaluation metric, we will now formally define the best title tp with the following

definition:

Definition 3.1.1 The best title tp for source title set T is a token sequence within a search

space S that has the highest sentence BLEU relative to the reference title tg. This is given

as

tp = arg max
t∈S

BLEU(t, tg) (3.4)
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Note that this definition also implies that at test time, we will need a way of knowing

the quality of any given title. As will be introduced in later sections, this is accomplished

by training a function that estimates the sentence BLEU of a title given information about

the source title set and the title.

Framework Definitions Before we proceed to our model, we will re-define some of the

definitions stated in [6], and adapt them later on to our proposed framework.

To be clear, K represents the space of reference titles, Y indicates the best title output.

Loss function computes the dissimilarity between K and Y which in our formulation is

determined by the BLEU score.

Definition 3.1.2 A supervised learning problem is a tuple (D,T ), where T = (K,Y, l) is a

supervised learning task, X is an arbitrary feature space, and D is a distribution over X×K.

Definition 3.1.3 A supervised learning algorithm for task (K,Y, l) is a procedure mapping

any finite set of examples in (X ×K)* to a hypothesis h : X → Y .

Therefore, our framework will be a supervised learning algorithm for task (K,Y, l) in

order to achieve the goal in solving a supervised learning problem is to find a hypothesis

h : X → Y in order to minimize the expected loss as defined by BLEU. These definition will

be used in Definition 3.1.4 as a way to describe the goal for framework components.

3.1.3 Generative-Discriminative Framework

Framework Motivation In our related work chapter we have discussed the three major

approaches consisting of 1) hypothesis selection, 2) re-decoding, and 3) confusion network

decoding (in order to avoid confusion with later addresses, we will use the word “sequence”

instead of “hypothesis” in reference to the generated titles). We also noticed the overlap

between all three approaches in that a form of sequence selection is used in all approaches.

This motivates our work in this thesis − we propose to provide a unifying framework that
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helps to reconcile sequence selection with the other two approaches. As such, we will now

introduce the Generative-Discriminative framework consisting of a decoder (generative) and

a re-scorer (discriminative).

The generative model works similarly in spirit to the ensemble meta-algorithm of boost-

ing. In a boosting framework, several classifier are trained sequentially where a data dis-

tribution is iteratively discerned by classifiers. In our case, we are utilizing a decoder and

a re-scorer as two different classifiers to make judgments regarding the quality of the title

search space. Unlike boosting, this is an extreme scenario where some data points are as-

signed an importance score of zero (or discarded without replacement) by the decoder, before

being passed to the re-scorer for the final selection.

Due to the expenses of computation, the translation process in Statistical Machine Trans-

lation (SMT) often has a decoder that is designed to be efficient and tractable. As such, more

refined, feature-rich re-scorer is preceded by the decoder in order to select the best translation

output from the k-best list. This provides the practical motivation for this framework.

Theoretically, for systems that output a large variance of data, it is often difficult to

pinpoint the particular range of highest-quality titles. That is to say, our initial candidate

titles in the search space constitute of a range of titles where the titles of concern lie mainly

in one particular region − in the highest BLEU-scoring range of candidate titles. As such,

the generative component of our framework helps to narrow down the space of search space

by first reducing the search space (decoder) and then select from it (re-scorer). Specifically,

by “generation” we meant that the BLEU variance of the initial source titles are reduced

and limited to be lower. As mentioned, the consequence of that is a search space with better

quality titles with which the re-scorer can select from.

One other major advantage that our Generative-Discriminative framework offers is its

flexibility in allowing different approaches to be incorporated. For instance, the task of

system combination could be studied by having a generative component and a discrimina-

tive component where sequence selection takes place. Progresses made in the generative

component with confusion network decoding or re-decoding will result in progress for the
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discriminative component of sequence selection and vice versa.

Framework Formulation We model the task as a supervised learning problem that con-

tains (InputX,Label Y ) pairs which corresponds to (Source title set T , Target title tp) pairs in

the context of Title Generation (TG). We can then formulate the Generative-Discriminative

framework for the task with the following probabilistic decomposition:

Pr(X, Y ) = Pr(Y |X)× Pr(X)

= Pr(tp ≈ t∗|T )× Pr(T )

≈ Pr(tp ≈ t∗, T
′ |T )× Pr(T ) (3.5)

= Pr(tp ≈ t∗|T ′ , T )× Pr(T
′|T )× Pr(T )

= Pr(tp ≈ t∗|T ′ , T )× Pr(T
′
, T )

= SQE(tp ≈ t∗|T ′ , T )︸ ︷︷ ︸
Discriminative

×STE(T
′
, T )︸ ︷︷ ︸

Generative

(3.6)

where:

t∗ is the human-annotated target title that might possibly not be attainable given source

title set, T .

tp is the attainable target title given the source title set and that the framework aims to

generate.

T
′

is the intermediate outputs from decoder.

STE(·) is the generative model that represents the first stage of our framework.

SQE(·) is the discriminative model that helps to distinguish the true distribution X as

represented by the target title tp.
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Equation 3.5 is where the framework is divided into generative and discriminative models.

Here we assume the presence of a generative model (decoder) output T
′

which is taken to

be the best set of possible outputs given source title set T . The main reason for such

assumption is the fact that not all target titles can be generated given the source title sets.

Tokens appearing in target title might not exist in the source title set, or that the language

modeling of target title is not attainable within the source titles. All these reasons would

render our task a difficult one and we will instead aim to attain the best title tp given the

source title set T .

We reformulate the joint probability of both the decoder output set T
′
and target title set

to be the product of the probability of target title conditioned on both distribution of decoder

output and T
′

and probability of decoder output conditioned on source title set T . Equation

7.1 represents the backbone of our Generative-Discriminative framework. It indicates the two

major components of our framework − a generative decoder and a discriminative re-scorer.

Initial Search Space: Bi-gram Forest Before proceeding to the framework, we will first

discuss the title search space that serves as the pre-conditions to our generative decoder.

Recall equation 1.2:

tp = arg max
v∈V,d∈D

P (vd|T,O) (3.7)

The initial idea for the search space is that all the possible combinations of tokens are

defined by the power set of vocabulary V with orderings defined by the set of all possible

ordering set D. This potentially large search space would render the search process compu-

tationally expensive. Instead, the problem with token selection and token ordering can be

resolved when we examine the fact that source title set T defines the natural token ordering

via the basic idea of language modeling. Since tp is purely generated based on T as the

source of Language Modeling (LM), the perplexity of LMT is 1. We know the perplexity of

a discrete probability distribution p is defined as:

2H(P ) = 2−
∑

x p(x) log2 p(x) (3.8)
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Figure 3.1: Initial Search Space: B is the original bi-gram forest as defined by source title

set T , E is the pruned title space, and R is the space of target titles.

Since all the tokens used for generation are taken from the source title set T , p(x) will

approach 1, resulting in −
∑

x p(x) log2 p(x) becoming 0 and 2H(P ) going to 1. This shows

that the LMt is capable of making good predictions. With that said, we propose to use the

token ordering d to be determined by the LMt derived from source title set T .

As such, our initial search space B is defined as

B = {xB1 , xB2 , · · · xBm} (3.9)

B is the set of token sequences {xB1 , xB2 , · · ·xBm} as defined by the source title set’s bi-gram

probabilities. As shown in 3.1, B defines our feature space and SB is the conceptual set of

selected titles within B.

The original source title set T defines the search space B, which is the space of all possible

bi-gram-based token expansion. The main goal of the generative component is to reduce B

to E (the pruned search space) in order to reduce variance of the dataset by maintaining

only the BLEU-correlated data distribution so that less samples are needed for the model to

generalize. We will now describe the framework components.

Framework Components Our Generative-Discriminative framework consists of a gener-

ative decoder and a discriminative re-scorer. The generative decoder consists of an algorithm
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that decodes by using a BLEU estimator which also serves as a state transition probability

estimator. The decoding algorithm is based on Hidden Markov Modeling (HMM) which

consists of 1) a number of states, and 2) topology of the states, i.e., how they are connected.

The BLEU estimator is the State Transition Estimator (STE) that is trained on the original

search space B. It prunes the entire bi-gram forest by maintaining only a portion of B based

the the sequence’s BLEU score with respect to the reference title. The result is a reduced

and shifted data distribution in the pruned search space E. Assuming there are n titles in

the search space E, then it is the set, where xi represents the token at positino i:

E = {xE1 , xE2 , · · ·xEn }
(3.10)

The discriminative re-scorer is an RNN-based BLEU estimator, which we call the Se-

quence Quality Estimator (SQE). It learns to discriminate and select the best hypothesis hE

from the pruned search space E. It does the final job of selection the best sequence from E.

With B being the bi-gram search space, E as the pruned search space, and R as the

reference title space, we define the high BLEU-scoring search space Sx as the set of titles

selected by learned hypothesis hx learned from space x. From Figure 3.2 we could learn the

following: (i) E ⊂ B and so n < m. This gives us two such search spaces, SB and SE.

(ii) (B ∩R) = (E ∩R) which means that the actual high BLEU-scoring region as defined by

B ∩ R did not increase. We merely increase the likelihood that the new selected space SE

will cover a large portion of R. This then leads to the idea of variance reduction with the

bi-gram search space pruning with the generative decoder, which we now describe.

Variance Reduction The idea of variance reduction stems loosely from the concept of

sampling. Fundamentally, decoder’s generation is a form of non-uniform sampling where

higher BLEU-scoring titles are assigned a higher score and consequently chosen (by decoder)

to be the subsequence distribution for the re-scorer. In essence, the framework chooses more

samples that contribute more to the result (in our case high BLEU-scoring titles), and less
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Figure 3.2: Transformed Search Space

samples that have minor contributions (low BLEU-scoring titles). This works by utilizing

prior information learned from the initial distribution, and then make posterior predictions.

We will now formalize the generative component of our Generative-Discriminative framework.

Formally, the main objective of our generative model is described below:

Definition 3.1.4 A generative reduction R(B,A) from problem (D,T ) to problem (D
′
, T )

takes as input a finite set of examples B ∈ (X×K)* and a learning algorithm A for problem

(D,T ), and outputs a hypothesis h : X → Y that is used to sample a subset of the original

title space B to form a pruned title space E in order to produce a higher BLEU-scoring

distribution. Our generative model aims to achieve this:

l(kB, yB) ≥ l(kE, yE) (3.11)

where l(ki, yi) is the previously-defined loss function that computes the loss between

prediction yi and label ki. Algorithm A would be the previously-mentioned decoder, and

the resulting samples in E will have a reduced variance and experience a shift towards high

BLEU-scoring region. Our eventual goal is to learn a hypothesis that is the most BLEU-

correlated. Thus for any test example (k, y) and feature x, we intend to find the hypothesis

h′ such that
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h′ = arg min
h∈H

(l(k, h(x) = y) (3.12)

As such, we could reduce the variance and maintain only the estimated higher BLEU-scoring

region, which saves the need to train on large data set for title selection. We postulate that

this shift is necessary and the idea is supported by the empirical results.

We will now outline both the generative and discriminative models within the our frame-

work. This consists of the Sequence Transition Estimator (STE) and the Sequence Quality

Estimator (SQE). E is the external knowledge, T is the source title set, vd is a generated

title in the generated (or pruned) title set T
′
.

Sequence Transition Estimator (STE) During the process of title sequence expansion,

we wish to maintain a list of candidate titles as shown below following from equation 1.2:

tp = arg max
v∈P(V ),d

P (vd|T,E)

≈ arg max
v∈P(V ),d

( |v|∏
t=1

P (wt|wt−11 , T, E)
)

= arg max
v∈P(V ),d

( |v|∏
t=1

STE(wt1, T, E)
)

(3.13)

where STE(·) is a the parameterized decoder function that is to be optimized by minimizing

the BLEU [71] between partial token sequence vd and reference title tg.

In order to maintain a k-best list of partial sequences so as to retain potentially better

titles, we apply stack decoding and expand the sequences one token at a time. Thus, at time

t during the hypothesis expansion of the decoding process, we will select a new set of tokens

Wt to be appended to each of the hypotheses, where Φ(·) denotes the function that return

the history of a token

Wt =
k⋃
i=1

(
arg max

wi
t∈V \ w

i−1
t

STE(wit|Φ(wit), T, E)
)

(3.14)
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Sequence Quality Estimator (SQE) To select the best title, we propose to utilize a

sentence-wide re-scorer in order to rank the fully expanded hypotheses at the end of the

decoding process. Suppose T ′ is the set of k-best generated titles, the basic idea is given as

tp = arg max
th∈T ′,d

P (th|T, T
′
, E)

= arg max
th∈T ′,d

SQE(th|T, T
′
, E)

(3.15)

where SQE(·) is the parameterized re-scorer function that takes as input a full hypothesis

sequence and returns as output a BLEU estimation.

To summarize, our framework consists of two main components: 1) candidate title gener-

ation with the decoder and 2) re-scoring of k-best candidate titles in order to select the best

title. The primary goal of the decoder is to generate a search space of reference-correlated

candidate hypotheses. Given the limited data size, both decoder and re-scorer ought to be

optimized on a limited set of training data, and generalize to large unseen data. Data points

for the decoder come from individual partial sequences; while the re-scorer is trained on data

that is sentence-level, so as to reduce the reliance on decoder’s estimation.

Thus at this point, it is now clear that our framework is two-fold. we will need to model

two estimator functions:

• Generative Sequence Transition Estimator (STE) for generating the set of candidate

titles T ′, and

• Discriminative Sequence Quality Estimator (SQE) for evaluating candidate titles for

selecting tp

To conclude, we discuss the roles of Sequence Transition Estimator (STE) and Sequence

Quality Estimator (SQE) with respect to the title generation process. Essentially, the initial

set of source titles T = {t1, t2, ..., tm} will be passed as input to STE that then produces a

generated list of titles T ′ = {t1, t2, ..., tg}. Finally, SQE selects the best titles tp ∈ G.
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Figure 3.3: General Pipeline: Figure shows the transitions T → T ′ → tp

Moreover, we pre-process the titles as a form of normalization. Source title sets are also

filtered to see if the algorithmic speed is improved. We discuss these ideas in the next section.

3.2 Preprocessing

The idea of preprocessing is to eliminate the amount of noise present in the original source

title set. This objective can be broken down into two components − 1) source titles filtering

and 2) tokenization of the source titles. The latter would simply be the removal of punctu-

ations, symbols, or the normalization of sentence contractions. In other words, sub-words

that appear as separate tokens should be considered as one. For example, there are instances

where 50 mm appears as 50mm, depending on the titles. Such combination reduces complex-

ity in the problem and also helps to produce more accurate language modeling as it refines

the token boundaries. We use string similarity measures to combine these tokens.

Our preliminary experiments found that the quality of the initial source title sets directly

influences the performance. We also found that the quality of input titles prior to the

decoding process helps in raising the performance. We intend to explore with the traditional

Maximal Margin Relevance (MMR) approach while setting the threshold λ, or selection ratio,

to be 0.5. This is equivalent to selecting the first 50% of all the source titles and therefore

analogous to splitting the source title set into half while maintaining the token distribution

according to token relevance in the process.

The idea of MMR is simple. Given source titles T , our goal is to select a subset T ′ of
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titles from T . MMR builds T ′ in a greedy manner by selecting ti from T . Selected title ts is

performed as the following

ts = arg max
ts∈TrT ′

[λSim1(ts, c)− (1− λ) max
ti∈T ′

(Sim2(ts, ti))] (3.16)

where Sim[1,2] is the similarity function which is defined as the cosine distance between

the two sentence vectors where each word is represented by the Term Frequency Inverse

Document Frequency (TF-IDF) [57, 83] scores. TF-IDF is calculated as

tfidf(t, d,D) = tf(t, d) ∗ idf(t,D) (3.17)

where:

t is the term.

d is the current document (title) where t resides.

D is the set of all documents.

While tf(t, d) [57] simply denotes the number of times that t occurs in D, the formula

for idf(t,D) [83] is given as:

idf(t,D) = log(
|D|

|{d ∈ D : t ∈ d}|
) (3.18)

Having discussed some pre-processing steps we attempted, we will now formally describe

components within our Generative-Discriminative framework. We begin with the generative

decoding, and then elaborate on the discriminative re-scoring.
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3.3 Generative Decoding

The process of decoding is based on the Hidden Markov Modeling (HMM), which consists of

1) transition probabilities between states and 2) graphical structure and topology of states.

1) will be introduce in subsection 3.3.2 and 2) will be discussed in subsection 3.3.3.

3.3.1 Background

The process of decoding is analogous to the decoding process of Statistical Machine Trans-

lation (SMT). We will start by presenting the phrase-based translation model:

ebest = arg max
e

D∏
i=1

φ(fi|ei)× d(starti − endi − 1)× plm(e)

where:

φ(fi|ei) is the phrase translation table, which contains information of the probability dis-

tribution between phrases in the source language and phrases in the target language.

d(starti − endi − 1) is the distance-based reordering model based on distance to end po-

sition of previous input phrase.

plm is the language model probability.

Title Generation (TG) does not require a distance-based re-ordering model since orders

are determined by the Language Modeling (LM) given by the source title set T . In this

generative model, decoding process is analogous to HMM where monolingual translation

table statistics correspond to the emission probability while LM probability represents the

transition probability.

In our formulation, we have the Sequence Transition Estimator (STE) which provides

partial sequence scores during the generation process. At this point, we are only concerned

with the token-based model, and we leave the phrase-based approach for future work. In

light of the SMT formulation, we will now formulate the State Transition Estimator (STE).
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3.3.2 Feature-rich Estimator STE(·)

To begin, we will first introduce the idea of Log-Linear Model, and then relate it to our

feature function, before finally discussing the features.

Log-linear Model The proposed STE(·) uses the idea of the feature functions f(·) of

log-linear model. To approximate the function p(·) which takes as input x with a total of n

features. Then p(x) would be given by

p(x) = exp(
n∑
i

(
λi fi(x)

)
) (3.19)

where

fi is a feature function derived from information within the source title T .

As such, we start with the translation model, and modify it to be a monolingual trans-

lation model. We let the current best generated title during the generation process be tg,

which is the partial token sequence. Thus tg would then be given by:

tg = arg max
v∈V,d

P (vd|T,E)

≈ arg max
t∈T ′

|t|∏
i=1

φ(eti)× dt(starti − endi − 1)× p(eti)

≈ arg max
t∈T ′

(
λ1 l(w

t
1 · · ·wt|t||Ct) + λ2 s(w

t
1 · · ·wt|t|)

)
≈ arg max

t∈T ′

(
STE(l̂t, ŝt)

)
(3.20)

where:

φ( ·) is the phrase probability of ei.

f(·) is the feature-rich feature function of wi.
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d(starti − endi − 1) is the distance-based reordering model based on distance to end po-

sition of previous input phrase.

v is the set of selected tokens from vocabulary V .

Ct is the contextual information for token wi.

l̂t is the feature vector derived from information within the source title set T .

ŝt is the feature vector derived from information within the current sequence vd.

STE( ·) is the Sequence Transition Estimator (STE).

Equation 3.20 omits the token re-ordering since token ordering d is defined by the language

modeling derived from source title set T . Moreover, we postulate STE(·) to be the feature-

rich estimator for the token semantic relevance. This function should account for the token

semantic information including its positional information, token occurrence information, etc.

We shall decompose STE(·) in the next section.

Feature function f Feature function constitute of both sequence and source title set

information. Intuitively, each token within the source title set should carry different degrees

of saliency. This is given by its Inverse Document Frequency (IDF) within source title set

T . Moreover, token’s positional information should also serve as an indication as to whether

it should be added next in the sequence expansion process. We also found that a binary

feature indicating if a token is before an EOS tag helps to improve the overall generation.

Note that all these features are language independent, and so could be employed to generate

titles in a multi-lingual setting.

Our handcrafted features provide the practical benefits of allowing the machine learning

models to generalize with less data. There is less of a need for large training set for the model

to learn to make predictions since handcrafted features manually cover some dimensions of
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Table 3.1: Decoder Sequence Features

Label Sequence Features Description

s1 Language modeling (2-gram) (LM) Bigram language modeling.

s2 Inverse-Document Frequency (Idf) Inverse-Document Frequency

s3 Average token position Mean token position within Tp.

s4 Current Sequence Length Number of tokens in the current sequence.

s5 Ends with < /s > Binary value to indicate if the sequence ends with </s>.

l1 Source title set size Number of titles within Tp.

l2 Average Title Length Average length of titles within Tp.

the feature space based on our domain knowledge on the listing. Let X = wt1 · · ·wt|t| , we

decompose the feature function f(·) (similar to the one in Log-linear Model) for sequence t

in the following way:

f(X|Ct) ≈ λ1 f1(X) + · · ·+ λn fn(X) + λ1 E(X)

≈ λ1 f1(X) + λ2 f2(X) + λ1 E(X)

=
∑
i

(
λi li(X) + λ1 s(X) + λ1 E(X)

) (3.21)

where

lt is a feature function derived from information within the source title set T .

st is a feature function derived from information within the current sequence X.

E(X) is the external knowledge outside the source title set T .

However, instead of taking the weighted sum of all the feature functions, we keep it in a

vectorized format as [l̂t; ŝt] as input to function STE(·). The decoder algorithm requires an

estimation for the function STE(·). Given a sequence of tokens t, recall equation 3.22:

tp ≈ arg max
t∈T ′

(
STE(l̂t, ŝt)

)
(3.22)
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Function STE(·) takes an input of two vectors, l̂i and ŝi. Respectively, a source-title-set-

specific feature vector and a sequence-dependent feature vector, respectively. The function

then makes a judgment about the quality of sub-sequence t. we can interpret the idea of

quality of the sequence t as the measure of suitability for it to be used as a title.

We intend to extract the hidden information from these feature vectors via the layers of

a neural network. This is done with a Multi-Layer Perceptron (MLP) with dropout. Mean

Square Error (MSE) is used as the cost function, which measures of the margin between

expected BLEU between gold title G and the generated hypothesis tp and that of the pre-

dicted BLEU. The estimation of STE(·) is also explored with different machine learning

approaches including Linear Regression (LR), Random Forest (RF), and Support Vector

Machine (SVM) [18, 56, 66].

Loss Function We have explored with different loss functions including Mean square error

(MSE) between yn and ŷn which is given by

LMSE =
1

N

N∑
n=1

(yn − ŷn)2

The idea is that the error approximated by MSE will be minimized as the weights in different

layers of the MLP are updated via gradient descent algorithms as in the following general

form

w(t+ 1) = w(t) + λp(t)

and the gradient g(·) = ∂LMSE

∂w(t)
at time t will then be used to update the weights.

Optimizers The Adam optimizer [47] is used as the stochastic objective function for all

of the experiments involving neural network training. Its property of adaptive learning rate

and relatively faster convergence allows for fast prototyping and experimentation.



56

3.3.3 Stack-decoding

In this section, we provide the stack-decoding algorithm and implementation details for title

generation. Stack decoding is employed as the method of choice to maintain the search space.

It transforms the initial search space by eliminating as much noises as possible as it gives

preference to better quality sequences. This allows a likely, yet not guaranteed, conceptual

attainable search space expansion from SB (dotted line circumvented region) in the direction

of the reference title space (R) to become SE (gray shaded region). The general idea can be

illustrated in Figure 3.2.

Algorithm We employ the standard beam search algorithm which is a process including

the construction of the output sentence in sequence from left to right, and also the compu-

tation of transition probabilities as the hypotheses are expanded. In other words, we create

the decoding process via hypothesis expansion starting with empty hypothesis. Two kinds of

pruning are available − 1) histogram pruning, and 2) threshold pruning. Histogram pruning

keeps a constant number of sentences while threshold pruning keeps a variable amount of

sentences, depending on the distribution of sentence quality. While the search process could

be exponentially huge given a full-blown breadth-first search, especially as the source title

set size increases, we reduce the computational complexity by adopting the standard stack

decoding with both histogram pruning and threshold pruning.

With every new token added to a sequence, the decoder will predict a new score based

on the new features. This score allows the stack decoder to prune the paths and maintain

only the top 10% highest-scoring hypotheses at each stack. The general idea of the entire

algorithm is elucidated in algorithm 1.

Time Complexity Analysis Algorithm 1 shows the process of stack decoding with

threshold pruning. While histogram pruning has a time complexity of O(B × d) where

B is the beam size and d is the maximum possible length of the token sequence. However,

threshold pruning differs in that the beam size B is not fixed. It has the upper bound of
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Algorithm 1 Stack Decoding with Threshold Pruning

1: procedure Stack Decoding( threshold-size)

2: Initialize an empty hypothesis set HypSet

3: Initialized HYPS is a stack of 1-token hypotheses

4: for i = 0 to |∞| do

5: Initialize stack Sh

6: while HYPS 6= empty do

7: pop h from HYPS

8: expandh ← Expand-Hypothesis(h )

9: Sh ← Prune-Hypothesis(Sh, threshold-size )

10: HYPS ← Sh

11: Store hypotheses of expansion into HypSet

12: SortedHypSet ← Sort-Hypothesis(HypSet )

13: SortedHypSet ← End-With-EOS( SortedHypSet )

14: SortedHypSet ← Top-20-Closest-Length-Title( SortedHypSet )

15: Highest-scoring-hyp ← Pop(SortedHypSet )
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the total number of tokens w present in the source title set T and a lower bound of 1 which

implies that O(1× d) ≤ O(B × d) ≤ O(w× d). Since the total number of vocabulary in any

source title set is finite (it is empirically found to be proportional to the average length of

title).

Pruning We also introduces pruning to be a part of the algorithm, as it determines the

approach through which candidate titles are kept. For histogram pruning, we set the size

of beam to be 10. Our preliminary results showed that this pruning approach yields poor

performance. This is mainly due to the reason that hypotheses have a small variance of

scores, and that many of them turn out to have similar scores. At times, histogram pruning

would exclude the better candidates as it selects a fixed number of candidates. Instead,

we explored with different thresholds 1, 0.9 as part of our parallel approach which we will

further elaborate.

Desired Length Desired length D is the length of the gold title, G. It is undetermined

at test time. G is also used to for heuristic selection of candidate hypotheses at line 14 of

the algorithm below. Although we also explored with different desired length calculations,

for the current approach we set the desired title length to be the minimum of all the title

lengths within the source title set. This decision to set title length D to be the minimum

stems from our empirical studies. We will substantiate this point in chapter 5.

EOS Restriction Further, we impose the EOS-based restriction on the candidate hy-

potheses. That is to say, we are only considering generated titles that end with the < /s >

tag as last token. Though this restrict generated titles to terminate in the same manner as

titles within the source title set, this weeds out titles with unnatural endings and reduces

dependence on the decoder.

Approach Variations There are two main parallel variations that we are investigating

pertaining to this approach. One is the Greedy Stack Decoder (GSD) and the other is simply
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Table 3.2: Approach Variations

Variation Threshold

Greedy Stack Decoder (GSD) 1.0

Stack Decoder (SD) 0.9

the threshold-relaxed version of the Stack Decoder (SD). The only difference between the

two models is the threshold value used for pruning.

Thus, both GSD and SD have the same algorithm, and the subsequent changes such as

algorithm modifications, pruning of source title set, and re-ranking of candidate hypotheses

are applied on both variations.

3.4 Discriminative Re-scoring

3.4.1 Theory

Re-scoring helps to reduce reliance on the estimator STE which directly estimates the best

t ∈ T ′, and also to eliminate errors resulting from the decoding process. Thus, a set of

top k candidate hypotheses T ′, is maintained during the decoding process, before the best

candidate is finally chosen. The last selection process is done in a way resembling of the

task of Quality Estimation (QE), which investigates about the automatic methods for esti-

mating the quality of machine translation output at run-time, without relying on reference

translations.

Recall that previously we proposed the Sequence Quality Estimator (SQE), and let T ′

be the set of all the possible title generations. Thus the title tp would be given by:

tp = arg max
th∈T ′,d

SQE(th|T,O) (3.23)

Therefore, the resulting formulation indicates the need for the proposed model to estimate

SQE(·). Essentially, the task would be to select a title tp that maximizes the sequence
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probability which is computed with the function SQE(·). The idea of sequence probability

is postulated to be the BLEU score between the sequence and the reference for the original

source title set T . We will now go in-depth into the proposed neural-based SQE in the next

section.

3.4.2 Sequence Quality Estimator SQE(·)

Recall that the function SQE takes as input a candidate hypothesis th = {w1, w2, ..., wm}

and outputs a quality score. Our goal is to give an estimation for the quality of the sequence

with function SQE(th). As such, the proposed idea for re-scoring is to first create the title

sequence representation Sh, and then contextualizing Sh with source title set information C,

before finally making quality prediction. We postulate that the final representation to be a

composition of the entire state history. The overall architecture of the model is detailed in

the following section.

Model Architecture

Our model encode sequence states in a token-wise manner taking as input {w1, w2, ..., wm}

and convert to sequence encoding vectors {s1, s2, ..., sm}. This is then fed into a Bi-directional

Recurrent Neural Network (Bi-RNN) with attention. To account for the global, non-sequential

information, we further concatenate the additive output from the attention layer with the

global feature vector. Lastly, the resulting vector is passed into a Multi-Layer Perceptron

(MLP), outputting a final value to be the estimated BLEU score. The entire model archi-

tecture is shown in Figure 3.4. Mathematically, our re-scorer model is the function SQE(·)

that takes as inputs l̂i (features derived from current sequence vd), ŝi (features derived from

source title set T ), êi (token embeddings), and C (global context features):
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Table 3.3: Per-layer complexity for different layer types. n is the title sequence length and

d represents the number of dimensions.

Layer Type Complexity per Layer Sequential Operations

Recurrent O(n2 × d) O(n)

Attention O(n× d) O(1)

Multi-layer Perceptrons (MLP) O(n× d) O(1)

SQE(th)

≈ SQE(l̂, ŝ, ê, C)

≈ g(S(l̂, ŝ, ê);C)

(3.24)

where:

g(·) is a function that represents layers of multi-layer perceptrons (MLPs).

We also show the complexity for each layer in Table 3.3. Note that the number of layers

of MLP is empirically determined. That is to say, we leave n in the following equations to

the empirical determination:

gn

(
· · · g2

(
g1

(
S(l̂, ŝ, ê);C

))
· · ·
)

(3.25)

Each gi(x) represents the operation W xx + bx, where W x is the weight matrix that is a

trainable tensor of R× |x| dimensions. b is the trainable bias vector of 1×R dimensions.

Next, we will further elaborate on the idea of sequence state and the details of its encoding.
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Figure 3.4: Re-scoring Model: trainable tensors in light blue.

Sequence State We view the sequence of tokens as a sequence of states. Each sequence

state corresponds to a time step t during the process of hypothesis expansion. The sequence

probability can be decomposed into

p(w1, · · · , wT )

= p(w1) p(w2|w1) p(w3|w1, w2) · · · p(wT |w1 · · ·wT−1)
(3.26)

where wi carries the idea of a token, but in our context, also a sequence state si. Alternatively,

we express the sequence probability as

p(s1, · · · , sT )

= p(s1) p(s2|s1) p(s3|s1, s2) · · · p(sT |s1 · · · sT−1)
(3.27)

While the objective is to obtain title sequence representation S, the challenge is to obtain

each of the conditional probabilities in the above equation. This is especially difficult given
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the limitation of our data. We employ a Recurrent Neural Network (RNN) to estimate

p(s1, · · · , sT ) so that the stochastic process of Title Generation (TG) can be approximately

modeled. In this way, we are not limiting the SQE(·) with Markov assumption, and there

is now a notion of sequence history. In other words, the model now has the capacity for

long-term dependency, which is the main advantage that recurrent neural networks have

over models with the Markov assumption.

In theory, RNN would be able to learn the entire feature vector sequence by updating

its trainable weights. A generative RNN outputs a probability distribution over the next

element of the sequence, given its current state ht, and this generative model could also

captures a distribution over sequences of variable length. We will now define explicitly the

constituent of each state st.

Recurrent Neural Network Two popular RNN architectures exist − Long short-term

memory (LSTM) [42] and Gated Recurrent Units (GRU) [14]. Other than our preliminary

experiments, studies have shown that GRU outperformed the LSTM on most tasks [100].

Thus in our experiments, we employ the use of GRU as our primary RNN architecture.

Unlike the LSTM cells, GRU cells have no separate memory state. A GRU cell has an

update gate and a reset gate. For time step k, they are given as:

updatek = g(Wupdatesk + Uupdatehk−1 + bupdate)

resetk = g(Wresetsk + Uresethk−1 + breset)
(3.28)

where:

g(·) is a non-linear activation function.

As shown in Figure 3.5, the GRU cell has its input hk−1 from previous states scaled

by the reset gate; the update gate takes the weighted sum of the previous state and the

interpolated combination of the previous state and the input sk. The trainable weights in
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Figure 3.5: GRU Cell

both reset and update gates allow bypassing of the input or the previous states. This allows

for the recurrent neural network to learn long dependency between sequence states. We will

now describe the encoding function for each token within the source title set.

Token Embedding e One major practical consideration for the problem is the number of

Out-Of-Vocabulary (OOV) counts that might increase dramatically at test time. However,

since we are adopting an unsupervised approach, the OOV counts will thus be reduced to

none. The complete statistics for the dataset will be discussed in chapter 4. All in all, the goal

of embedding function e is to provide a vectorial representation for each word wi. we employ

the fastText toolkit as a way to approximate this vectorial representation [7]. FastText

includes a sub-word model that also takes into account the internal structure of words.

The model allows sharing of representations across words, which enable it to learn reliable

representation for rare words. Some examples of rare words include metric-based tokens like

3.4mm, 1.20mm, etc, essentially product-specific tokens that only occur in source title sets

for individual users. This is challenging especially when we want to utilize these vectorial

representations to make predictions. However, as we will see later in the experimentation

section, we are able to train effective token embedding that account for even rare words.
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We propose the function S(·) to contain Bi-directional Recurrent Neural Network (Bi-

GRU) [17, 80]. This consists of both forward and backward hidden states
−→
ht and

←−
ht at time

t:

−→
ht = g(

←−−
ht+1, st)

←−
ht = g(

−−→
ht−1, st)

(3.29)

This allows information from other sequence states to be shared and utilized at any time

step t. Furthermore, the fact that not all tokens should contribute equally to the sentence

means that there is a need to reward salient words that are essential to correctly predict a

score. As such, we adopted for our re-scorer the attention mechanism.

Positional Encoding Moreover, we were also interested in seeing how a learnable posi-

tional vector could be effective in accounting for the token’s individual position. As such,

we also proposed to include the information of token’s position into part of the sequence

state embedding. To do so, we encode token position with a constant size embedding that

is described by the following equation [89]:

E(pos,si) = sin(
ave pos

100002i/dpos emb
) (3.30)

where:

i is the sequence representation.

ave pos is the global feature function.

dpos emb is the number of dimensions within the positional embedding.

In this formulation, each dimension of the positional embedding corresponds to a sinusoid,

and the sinusoidal function allows the model to extrapolate to different sequence lengths [89].
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As suggested in the previous work [89], we take the sum of the token embeddings and that of

positional embeddings. Moreover, we did this without removing the average token position

from the feature list, in order to see if this addition could refine the existing model.

Attention Mechanism As mentioned, we need a way to weigh differences in saliency.

This comes in the form of a rewarding mechanism is realized in the form of the attention

mechanism function. Of the various forms of attention mechanisms, we employ the global

attention [58] where association score is calculated sentence-wide and output at each time

step of the RNN is weighed accordingly. The main motivation behind an attention layer is to

compute an association between the contextual vector and sequence state encodings within

the sequence. Between contextual vector A and another sequence state encoding sk at time

k, the raw association is computed as such:

aj = sjA
T (3.31)

We then normalize the association using a softmax function:

αj =
exp(aj)∑
k exp(ak)

(3.32)

Since we do it for every time step, we will have a total of m association computations.

The last remaining step to obtaining the context vector S(th) is the following:

S(th) =
∑
j

αjsj (3.33)

Combining the intuition for the context vector, we now have SQE(·) as

SQE(th) = h( [S(th); C] )

≈ h( [S(th); g(t)] )
(3.34)
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Table 3.4: Re-scoring Sequence State Features

Label Sequence Features Description

s1 Language modeling (2-gram) (LM) Bi-gram language modeling.

s2 Inverse-Document Frequency (Idf) Inverse-Document Frequency

s3 Average token position Mean token position within Tp.

s4 Current Sequence Length Number of tokens in the current sequence.

s5 Ends with < /s > Binary value to indicate if the sequence ends with </s>.

e1 Token embedding 50-dimensional token embedding trained on the entire source title set corpus.

Table 3.5: Re-scoring Global Features

Label Global Features Description

l1 Source title set size Number of titles within Tp.

l2 Average Title Length Average length of titles within Tp.

where:

S(th) is the sequence representation.

g(t) is the global feature function.

Features we will now expand on the idea of the two features

1. Sequence state features, [ŝ1; ê1] and

2. Global features, [l̂1]

Sequence state features are what constitutes the notion of states, while global feature

functions accounts for the high-level features in order to include more information outside

of the sequence. The two types of features are indicated in Table 3.4 and 3.5, respectively.
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Both our decoder and our re-scorer adopt more or less the same set of features. However,

the difference lies in the way they are used, depending on the nature of each of the features.

STE(·) takes both token-specific and source-title-set-dependent features jointly; the re-

scorer imposes strict constraints on their respective usages. Specifically, the re-scorer feeds

in token sequence features sequentially to the RNN and concatenates the output vector with

the global feature. This goes with our intuition that source title set features are constant

throughout the entire sequence and thus having them in the sequence state would not make

sense.

Loss Function We have also attempted with several variations of loss functions including

L1-norm, Mean Absolute Error (MAE). We found no major differences in the performance

but that L2-norm yields a relatively stable performance. As such, we adopt the same loss

function as that for the function STE(·), consisting of the L2-norm, or the Mean Square

Error (MSE). The loss between the estimated quality score SQE(th) and target BLEU

BLEUt is given below:

Loss(SQE(th), BLEUt) =
∑
i

1

2
(BLEUt − SQE(th))

2
(3.35)

Additional Refinements On the other hand, we added additional dropout layers to

the SQE(·) model − one to the output of attention layer and the other to the output of

concatenation between sequence state feature vector and global feature vector. We use a

ratio of 0.2 for both dropout layers.

For each mini-batch, we perform the batch normalization as a form of regularization.

It makes the training process more robust against poor initialization of weights and more

tolerant to different learning rates.
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3.5 Conclusion

To conclude, we propose a Generative-Discriminative framework consisting of a stack decoder

and an attention-based neural re-scorer that serves to complete the entire pipeline from

generation to the final best-title selection. The process is loosely a form of boosting in

machine learning where two independent classifier is learned sequentially on separate data

distribution. As such, the initial bi-gram forest is pruned by the stack decoder to allow for

selection by the re-scorer. In the next few chapters, we will finally embark on the empirical

explorations by first introducing the datasets and then empirically establish the need for the

stack decoder, and the effectiveness of our proposed framework.
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Chapter 4

DATA SETS

In this chapter, we describe the dataset used. We obtained an annotated e-commerce

title dataset that consists of about 80,000 source title sets. Each source title set consists of:

(1) a set T of source titles (user-created sequences of words that describe a product), (2) a

title, i.e. a human-curated title that describe the product, which is taken to be the reference

or gold title that we attempt to generate.

Source title set size is the number of source titles for each product, basically it is the

length of T , or |T |. In this chapter we will first explain in detail how the dataset was

prepared, then we will talk about how it was divided into the training and testing sets, and

finally concluding with their respective statistics.

4.1 Data File Formats

All the data is first converted to a JSON format. This format assigns a unique ID to each of

the products and also to all of the source title sets. This allows ease of querying the source

title sets based on its product ID, which is the unique identifier for each product, and so no

two IDs could belong to a single product and vice versa. One example of a product in JSON

is displayed in Figure 4.1.

As shown in Table 4.1, the distribution of products with source title sets of varying sizes is

not uniform. There is a greater amount of source title sets with low set sizes, or simply, most

source title sets have a small number of associated user-created titles. This idea is clearly

illustrated in Figure 4.2, where source title set sizes and count for each size are inversely

proportional.
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Figure 4.1: Sample product JSON collected

Figure 4.2: Plot of source title set size w.r.t Counts
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Table 4.1: Source title set size w.r.t counts

Set Size Count Set Size Count

1 7615 16 863

2 5382 17 836

3 4239 18 847

4 3528 19 736

5 2872 20 719

6 2614 21 652

7 2258 22 647

8 1901 23 558

9 1694 24 553

10 1580 25 498

11 1383 26 484

12 1289 27 512

13 1175 28 404

14 1065 29 427

15 1039 30 399
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4.2 Data Sets

Our dataset contains both English and German data. Other than the final test for multi-

linguality, we will perform most of the experiments on the English dataset. We will now

detail the usage of the English data.

We intend to test the models’ ability to generalize with different data sizes. As such, we

created two alternative testing sets. The common 80:20 split between training and testing

set is ensured and source title sets with different set sizes are evenly distributed. The other

would be the larger testing set which includes additional range of source title set size from

2 to 30. The idea is that the model will have to be able to generalize to large amount of

unseen data (source title set sizes in the range of 2 to 30) after learning with very little data

(source title set size in the range of 2 to 10).

We decided that source title sets with only one user-created title, or equivalently, products

with source title set size of one, will be neglected. This is done for two reasons. Firstly,

title sets of size one could simply be chosen as the target title without resulting in biased

performance. The problem that originally motivates this work would be invalid in this

context. If there is no other users for the product, there will not be any “biases” for this

title as a singleton.

Since source title set sizes are roughly inversely proportional to the their counts, we opted

to select from sets with the smallest sizes, since they are more easily available in the practical

sense − e-Commerce companies could get their hands on products with these source title set

sizes more conveniently. As was mentioned, larger title sets will have lower occurrences. In

fact, set counts decrease to double digits at set size of 68. we constrained the training set to

source title sizes from 2 to 30 so that the results from the thesis can also be easily applied to

the real world scenarios. To be precise, products with smaller source title set sizes are more

accessible than those with greater set sizes. We found that most products naturally have low

source title set sizes. This means that in most cases, products have few (2-30) corresponding

source titles. This phenomenon becomes more prominent as source title set size increases to
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Table 4.2: Datasets

Train-210 Test-210 Test-230 Test-random

Title Set Size Range 2-10 2-10 2-30 Random

Number of Source Title Sets 3,600 900 2,900 400

100, where less than 50 products with source title set size greater than 100 exist.

In order to test the generalizability of our models to varying source title set sizes, while

taking into account the source title set accessibility, we selected our training set from source

title set with sizes ranging from 2 to 10. As such, 400 source title sets between set sizes from

2 to 10 were selected to form the training set, Train. On the other hand, the two test sets

were selected to test the robustness of the model. They are namely, Test-210, Test-230, and

Test-random. Test-210 comes from set sizes 2 to 10, with 100 products for each set size,

while Test-230 would be the same collection of 100 title sets between sizes of 2 to 10, but

with additional collection of 100 source title sets of sizes between 11 to 30. Lastly, Test-

random comes from a randomly selected collection of 400 source title sets with various set

sizes. In particular, Test-random is subjected to human evaluation so as to determine the

existence of model errors. Note also that Train and Test-210 form the 80:20 split. For the

above reasons, we divide our datasets as shown in Table 4.2.

4.3 Data Sets Statistics

At this point, we have covered the reasoning for the data set construction. We will examine

the datasets even further so as to figure out the pre-existing settings within the source title

sets. Before we do that, we will first define some terms for clarity. As shown in Figure

4.1, each product will have 3 essential attributes. They are the product ID, gold as in the

reference title, and the sourcetitleset T , as was previously mentioned. Moreover, each source

title set ti within T will have an ID, giving us the convenience for error analysis.
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Table 4.3: Statistics of Test-210

Source Title Set Size Mean Gold Title Length Mean Oracle BLEU OOV Count

2 5.74 0.593 41

3 6.36 0.674 37

4 6.44 0.692 30

5 6.35 0.74 29

6 6.89 0.71 33

7 6.96 0.759 31

8 6.87 0.802 24

9 6.73 0.776 25

10 6.8 0.763 17

Ave. 6.57 0.723 29.7

With that said, we will now examine the datasets. For dataset Train, we examine the

mean gold title length, mean Oracle BLEU, and the OOV count among all the source title

sets T . Oracle BLEU is the highest quality title among all source title sets in terms of BLEU

scores. OOV count is the number of tokens that are present in the gold title, but are absent

in source titles T .

As we can see from Table 4.3, the mean gold title length stays relatively constant despite

the increase in the size of source title set. On the other hand, the Oracle BLEU has a

positive correlation with the size of source title set, while OOV count displays a decreasing

trend throughout the range of size of source title set. As size of source title set increases, the

likelihood of finding tokens belonging to the reference title among the source titles is higher.

This also implies that it is easier for Oracle to find a good title.

Moreover, mean oracle BLEU displays a positive correlation in the sense that higher

sizes of source title set will yield better Oracle performance. As we will see later, this is
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Figure 4.3: Change of Oracle BLEU against Source title set size

consistent with our model performances. This behavior is captured in Figure 4.1 which

shows an upward trend.

In the next chapter we will discuss in-depth our experimentations on all the datasets

including Train-210, Test-210, Test-230, and Test-random. The main idea is that we will

train our models on Train and measure the model performances against all the testing sets.
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Chapter 5

EXPERIMENTAL RESULTS

In this chapter, we will detail the experiments that we carry out to investigate the different

components of the model with the following four objectives

Multi-linguality Models exhibit clear trend of ability to perform in a bi-lingual setting

(German and English datasets) in our experiments.

Generalizability Models trained on a small dataset is able to perform similarly when tested

on a large dataset.

Robustness When the experimental settings such as the size of source title set is varied,

models perform competitively.

Tractability Algorithms for the system are constrained within polynomial time.

Overview of Presentation The order of our experimentation will be extended in the

following manner. First, we will explore the framework components by examining both the

decoder and the re-scorer separately. We will first analyze STE(·)’s learning capabilities

and the decoder’s configurations. To do so, we will compute the learning curve for STE(·)

as the BLEU estimator used within the decoder by incrementally increasing the data sizes.

Our intention is to justify the use of the neural network over the baseline log-linear model

as a way of estimating STE(·). Next, we explore the effect of varying decoder algorithm’s

configurations on the decoder’s performance. We propose a Base algorithm to explore the

effect of desired title length D (minimum, maximum or mean of all source title lengths) and

token average (mean, mode, and median) on generation. These results would influence our



78

decisions for the choice of features, and also inspire the algorithmic adjustments that we

made with regard to the stack decoding algorithm. We also study the importance of each of

the features by computing the feature importance scores. Lastly for the decoder, we want to

verify the claim that the framework is indeed generation and BLEU-boosting. Comparison

is made between the variance and mean of BLEU among titles before and after decoding.

Having established that, we will then explore the different components within the pro-

posed re-scorer. This is done by first showing our preliminary discussion on the bi-lingual

token embedding. We show that rare words and sub-word information are both accounted

for in token’s vectorial representations.

The last part of our experimentation will involve explorations on the entire framework

consisting of both decoder and re-scorer. This is where we intend to establish the final

claims that the models are robust, generalizable, tractable, and able to function in a bi-

lingual setting. At this point, we will define all the models that will be used in this chapter

(shown in Figure 5.1).

Evaluation Metric Note that, although our preliminary explorations involve multiple

metrics such BLEU (bilingual evaluation understudy), TER (Translation Error Rate), and

ROUGE (Recall-Oriented Understudy for Gisting Evaluation), the rest of the experiments

will employ the evaluation metric BLEU since it was shown to correlate well with both TER

and ROUGE [71]. Unless stated otherwise, all subsequent experiments are trained with

Train-210 and tested on different test sets including Test-210, Test-230, or Test-random.

Hardware and Training Details We trained and tested all our models with 1 Intel Xeon

CPU. For training of all decoder models, we employ a small batch size of 32 and ran it for

100 epochs. Re-scorer models are trained with varying sizes of epochs from 32 to 10,000 in

less than 50 epochs (since we are using CPU there is less of a need to make it a power of

2). Re-scorer models takes a step of approximately 150 seconds and run for 2.5 hours before

convergence (via Keras with Theano backend). On the other hand, it takes less than 20
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Table 5.1: Approach Summary: below is the summary of all approaches compared in this

chapter. E.g. SD+BiRNN would simply mean a stack decoder with re-scorer that uses the

Bi-RNN as shown below.

Approach Description

Oracle -

Selection of highest BLEU-scoring title

(with respect to the reference title) from among the source title set.

Base algorithm -

Proposed algorithm that utilizes only the token frequency

and average token position to generate titles.

GSD LLM

Stack decoder (beam search threshold set at 1.0) that

uses the log-linear model to estimate STE( ·).

MostFreq -

Algorithm that simply selects the most frequently-occurring title from

among the source title set.

MostFreq OpenNMT

Built on top of MostFreq, which selects the most frequently-occurring

title from among the source title set, and then uses a trained

OpenNMT model to generate a title.

SD

- Stack decoder (beam search threshold set at 0.9)

BiRNN Stack decoder with re-scorer that uses the Bi-RNN.

ATT

Stack decoder with re-scorer that uses the Bi-RNN that

contains attention mechanism.

GSD

- Greedy stack decoder (beam search threshold set at 1.0)

BiRNN Greedy stack decoder with re-scorer that uses the Bi-RNN.

ATT

Greedy stack decoder with re-scorer that

uses the Bi-RNN that contains attention mechanism.
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minutes with our PyTorch implementation with various batch sizes, while displaying similar

results. We employ early-stopping with a patience of 10 epochs while setting the maximum

epoch at 100.

Baselines In the course of our research, we worked with a few baselines including the

proposed Base algorithm, and the GSD + LLM. Base algorithm will be introduced

in greater details later on. However, it is essentially an algorithm that builds tokens based

on 1) token frequency and the 2) average token position. We framework is built on top of

the GSD + LLM, where titles are expanded token-wise and each token sequence is scored

with the log-linear model with the same feature set that we used for our models. We used

threshold pruning that selects the top k% token sequences based on their scores as given

by the log-linear model.

Benchmarks As discussed in the chapter of related works, we adopted three primary

benchmarks. These include Oracle, MostFreq, and the MostFreq + OpenNMT. Due

to the lack of existing benchmark systems for comparison, we compared our system with

the Oracle, which is the theoretical best system. It also serves as the upper bound to

any selection methods employed by the companies without re-decoding. Next, we observed

that reference title tends to appear the most frequently of all the titles as the size of source

title set increases. Therefore, we propose to select the most frequently occurring title in

MostFreq. Experimentally, MostFreq proves to be a rather competitive approach. It

exploits on the human annotation process since titles were created by annotators who had

access to the source titles. Next, we intend to compare our system against the state-of-the-art

Neural Machine Translation (NMT) system, OpenNMT, which is an encoder-decoder model

with attention. Ideally, MostFreq serves as the performance lower bound to MostFreq +

OpenNMT so as to give our system a more competitive comparison.
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5.1 Framework Baseline

The Generative-Discriminative framework consists of a decoder and a re-scorer. In the next

section we will touch upon the decoder performance without re-scoring, and examine the

effect on its performance when configurations are altered.

Our framework baseline is the conventional log-linear model based decoder. This is the

case where STE(·) is estimated via linear regression in order to learn the weights λi for

different feature functions as given:

p(x) = exp(
n∑
i

(
λi fi(x)

)
) (5.1)

We will employ a linear regressor in order to estimate the weights λi for the features.

5.2 Decoder

Decoder takes as input of source title set T and output a candidate list of generated titles.

As was discussed previously, a stack decoding model is used in the generation to generate

candidate titles. Moreover, the decoder also assigns each generated titles a quality score with

function STE(·).

Preliminary Experiments Before our decoding algorithm was fully developed, we have

performed numerous preliminary experiments to determine the heuristic decisions in both our

algorithm and our feature set. For our algorithm, this includes the beam search threshold

value and the title length for the final heuristic pruning. Feature set contains the average

token position, so we also tested with different versions of average computation including 1)

mean, 2) mode, and 3) median. Moreover, effect of size of source title set is also investigated

so as to obtain a good understanding of the relationship between number of titles present

and performance. Lastly, we begin the section with the comparison between linear and non-

linear approximation of the State Transition Estimator (STE). This paved the way for our

employment of non-linear function for the STE.
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Figure 5.1: Plot of BLEU against data size: learning curves for training with linear regression

and neural network

5.2.1 Learning Curve

We will now proceed to compute the learning curve for State Transition Estimator (STE)

trained with both linear regression and neural network, which are shown in Figure 5.1.

The graphs are computed on five different shuffled datasets with increasing dataset sizes.

We use Test-230 as the test set while the model STE(·) is trained on the five different

randomly sampled datasets with the same sizes. We computed the average BLEU for all five

constant-size datasets to be used for the plot. As we can see from the two figures, BLEU

that is represented by they Y-axis peaks at around 800 source title sets for linear regression

and at 1,600 source title sets for neural network. Moreover, the highest BLEU is higher for

neural network at 0.532, comparing to that of linear regression which is at 0.504. This shows

that a neural-tuned STE is outperforming a linear regressor regardless of the dataset size.

5.2.2 Source title set size and Threshold

In this section, we intend to experiment with two parameters of the decoder. They are 1)

beam search threshold values and 2) the desired length determination. Specifically, beam
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Table 5.2: A Table of BLEU Against Data Size

Data Size 125 150 175 200 400 800 1,600 3,200

NN 0.531 0.528 0.5272 0.5178 0.512 0.5224 0.531 0.513

LR 0.464 0.470 0.474 0.473 0.473 0.504 0.474 0.477

Figure 5.2: Plot of BLEU against beam search threshold: model performance increases as

threshold rises

search thresholds are set to be values {0.1, 0.3, 0.5, 0.7, 0.9, 1}, and desired length could be

either 1) minimum, 2) maximum, or 3) mean of source title lengths. For this experimentation,

the test set will be Test-210, which contains sizes of source title set in the range between 2

to 10.

Table 5.3 clearly shows that low beam search threshold values produce low-scoring per-

formances while setting threshold value to 1.0 yields close to one BLEU point improvement.

We postulate the reason to be low threshold values maintain a greater amount of titles,

which could potentially introduce poor quality titles. This exacerbates scenarios where high

BLEU-scoring but less desirable titles are prevalent, making the final selection process dif-

ficult. Owing to this reason, we see that threshold values of 0.9 and 1.0 yield the best

performances. This trend is depicted in Figure 5.2 where there is a consistent upward in-
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Table 5.3: Table of threshold values against size of source title set

Threshold

Source title set size
2 3 4 5 6 7 8 9 10 Ave.

0.1 0.539 0.568 0.555 0.52 0.483 0.453 0.431 0.435 0.441 0.492

0.3 0.539 0.568 0.555 0.52 0.483 0.453 0.431 0.435 0.441 0.492

0.5 0.539 0.568 0.555 0.518 0.486 0.463 0.434 0.452 0.448 0.496

0.7 0.539 0.572 0.558 0.541 0.517 0.465 0.488 0.454 0.488 0.514

0.9 0.538 0.589 0.588 0.55 0.546 0.518 0.528 0.537 0.555 0.550

1 0.522 0.595 0.565 0.577 0.539 0.513 0.584 0.57 0.603 0.563

Figure 5.3: Heatmap of BLEU for sizes of source title set against threshold
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crease as the threshold value goes up. We also plotted the heat map showing the BLEU score

distribution across both threshold and size of source title set in Figure 5.3. Since value of

BLEU is indicated proportional to the degree of redness of the region, we observe a similar

relationship between threshold and model performance (BLEU).

Other than the effect of threshold on the performance, we also noticed the model is

obtaining higher BLEU scores when the size of source title set is small across all threshold

values. This makes sense because smaller sizes of source title set will have less possibilities

of possible good expansions and thus the title distribution will have a lower mean BLEU.

Again, this trend is captured in Figure 5.3 where higher sizes of source title set correspond

to tiles with higher degree of redness.

5.2.3 Token Position

As shown in Figure 3.1, our decoder has the average token position as one of the features.

However, there are three different ways of computing the average, namely, 1) mean, 2) mode,

and 3) median. We will now investigate the effect of each of these definitions in order to

select the best for our framework.

We propose a Base algorithm in which we use only token position and token frequency

to generate the title. The construction of the Base algorithm is inspired by our observation

that there is an intersection between all titles at the token level − and so using token-specific

information for generation allows us to gain insights into how these information fit together.

We outline the basic flow of the Base algorithm below:

Algorithm 2 Base Algorithm

1) Sort tokens according to frequency

2) Select top-k tokens

3) Sort selected tokens by average positions

As such, the purpose of the Base algorithm is to perform preliminary explorations based
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Table 5.4: Performance of Base algorithm against token position determination methods in

terms of BLEU

Source title set size Mean Mode Median

2 0.488 0.481 0.479

3 0.483 0.491 0.478

4 0.496 0.504 0.492

5 0.481 0.465 0.464

6 0.487 0.499 0.482

7 0.469 0.475 0.467

8 0.467 0.47 0.469

9 0.485 0.486 0.48

10 0.634 0.635 0.634

Mean 0.499 0.501 0.494

on token frequency and average token position within the source title set. The average of

token positions could be seen from the perspectives of 1) mean, 2) mode, and 3) median. In

Table 5.4, we compute the BLEU scores for each token position determination methods on

Test-210. Average as mode is shown to have the highest mean BLEU in source title set sizes

in the range of 2 to 10 with a mean BLEU of 0.501.

We display the general trend in Figure 5.4. Even though the performances do not differ

by a significant amount, average by mode performs competitively at source title set sizes 4

and 7 and appears to be more robust against the size of source title set. Therefore, we chose

mode to be our method of computing the average token position.
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Figure 5.4: Plot of BLEU against token position average methods

5.2.4 Title Length Variations

Next, we set the threshold at 1.0 and vary the desired length. Similarly, the test set is Test-

210. The results are shown in Table 5.5. We see that having the desired length set to the

minimum length of the source title lengths would give us a consistently better performance

against source title set of sizes 2-10. The mean BLEU over the range of sizes of source

title set yields approximately one point improvement over when the length is set to be the

maximum and mean. This motivates our choice for title length to be set at the minimum

length of all source title lengths.
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Table 5.5: Table of size of source title set against desired length variations

Source title set size Min. Max. Mean

2 0.522 0.516 0.516

3 0.595 0.593 0.593

4 0.565 0.557 0.557

5 0.577 0.573 0.575

6 0.539 0.539 0.539

7 0.539 0.508 0.508

8 0.584 0.58 0.582

9 0.57 0.559 0.561

10 0.603 0.6 0.6

Mean 0.566 0.558 0.559

5.2.5 Feature Importance

In order to determine the importance of each features, we employ a meta estimator that fits

250 randomized decision trees on various sub-samples of the dataset obtained from Train-

210. This estimator helps us to obtain a score for each features so as to get the individual

feature importance score. The results are shown in Table 5.6 and the plot is displayed in

Figure 5.5.

We found that average token position and the Inverse-Document Frequency (idf) are the

two most important features. This shows that the frequency and the location of where a token

occurs are significant to the decoding process. Following the two features, 2-gram language

modeling (LM), current sequence length, and average title length contribute similarly. Least

important features are 1) ends with < /s > and 2) size of source title set. Significantly, this

shows that size of source title set does not have a major contribution, which implies the idea

that the decoding process is independent of source title set sizes.
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Table 5.6: Feature importance

Sequence Features Importance Score

(0) Language modeling (2-gram) (LM) 0.149

(1) Inverse-Document Frequency (Idf) 0.206

(2) Average token position 0.236

(3) Current Sequence Length 0.136

(4) Ends with < /s > 0.0499

(5) Source title set size 0.0937

(6) Average Title Length 0.129

Figure 5.5: Plot of feature ranking
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Figure 5.6: Plots of BLEU for varying quality of titles as defined by selecting all titles

(100%), top 30% and lowest 30% BLEU-scoring titles on Test-230. The two plots below show

that 1) pre-selection of input titles creates a huge marginal difference, and 2) GSD+ATT

outperforms SD+ATT in all three scenarios of pre-selections.

Figure 5.7: Performance for GSD+ATT Figure 5.8: Performance for SD+ATT

5.2.6 Framework Reduction

In this section we will discuss about the BLEU distribution’s variance reduction as we reduce

the search space from B to E. As stated, we expect there to be a corresponding improvement

between model performance and quality of titles.

The initial step is to determine the necessity of the generation step by selecting titles

based on their qualities. By doing so, we intend to artificially create scenarios similar to

Table 5.7: Model performances (BLEU) against pre-selection

Model 100% Top-30% Bottom-30%

SD + ATT 0.622 0.776 0.394

GSD+ATT 0.661 0.781 0.383
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the desired framework property − 1) limiting variance of BLEU, and 2) boosting the mean

BLEU within the distribution.

We define quality of a title as its BLEU score with respect to the reference title. We will

explore the outcome on both the best quality (or highest BLEU-scoring) titles and those with

the worst quality (or lowest BLEU-scoring). More specifically, best quality and worst quality

titles are defined as the top 30% and bottom 30% BLEU-scoring within the set, respectively.

All subsequent performances are the BLEU scores between the generated title tp relative to

the reference title. The model we use here are two of our best models consisting of SD+ATT

and GSD+ATT.

Table 5.7 shows that choosing good quality titles as input to the models could significantly

improve the performances. The same goes for both models SD+ATT and GSD+ATT, as

they both encounter a significant increase in BLEU. In fact, pre-selection of titles yields

BLEUs of 0.776 and 0.781, which are significant upgrade from the full set, where all titles

are considered. This result motivates our framework which aims at producing better quality

titles in order to boost the framework performance.

In the following experiments, we will examine the transformation as performed by the

framework on both the variance and the average BLEU for different sizes of source title set.

We intend to find out if the following are true:

• Increase in search space quality (BLEU): boosting of average BLEU on search space

(from B to E) across sizes of source title set.

• generation: relatively constant variance on BLEU distribution (within the same search

space) across sizes of source title set.

As we can see from Figure 5.9, the framework successfully increased the average BLEU

for all the possible titles. In fact, the BLEU margin increases as the size of source title set

increases, showing that the framework becomes even more successful as the size of source

title set rises. On the other hand, variance of the distribution of BLEU remains largely
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Figure 5.9: BLEU transformation Figure 5.10: Variance transformation

similar before and after the transformation by the framework, as is shown in Figure 5.10. As

such, we can conclude that the framework is indeed generation and BLEU-boosting, which

tallies with our postulation about the framework.

5.3 Re-scorer

we will now talk about the experiments and results for adding re-scoring to the decoder from

the previous section. From previous discussions we learned that a high threshold [0.9, 1] (or

keeping a smaller percentage of candidate hypotheses) during stack decoding yields better

performances. A key component of the re-scoring model is the bilingual token embedding

which we used as input to our neural-based model.

5.3.1 Bilingual Token Embeddings

In this sub-section, we will discuss the token embedding trained with the FastText toolkit.

The aim is to show how the FastText sub-word model can be relevant to this task by providing

a more reliable representation of rare words.

Token embedding is trained on the entire corpus which consists of roughly 80,000 source

title sets in an unsupervised fashion using the fastText [7]. The skip-gram option is used

with minimal number of word occurrence set at 2. This amounts to 13, 032 tokens and the



93

Table 5.8: Abbreviations descriptions

Figure Abbreviation Description

5.11 gb Gigabyes. E.g. 120 gb

5.12 mm Millimeters. E.g. 19mm

5.13 port Connection hole found on the electronic devices. E.g. 16-port

log loss is about 1.56. All titles are preprocessed in the same manner as that in training and

test time. This ensures that the OOV is 0. Moreover, tokens which are numbers (e.g. 960)

are converted to their Part-Of-Speech (POS) tags as either FLOAT CD or INT CD . This yields

a more unifying representation since many numeric tokens have single occurrences.

We will now go through the terminologies used in the following figures. In the context

of titles, frequently used terms are often abbreviated. A few examples are given in Table

5.8. Figures 5.11 to 5.13 are 3-dimensional graphs plotted with the method of Principal

Component Analysis (PCA) for non-linear dimensionality reduction. The plots show that

the trained embedding entails meaningful representations for rare words. The reason for this

is mainly due to the sub-word considerations that fastText has adopted.

In Figure 5.11, variations of gb are close to each other in the 3-dimensional euclidean

space. In fact, tokens like 960gb have a low occurrence within the entire corpus, but showed

high similarity with other gb-based tokens in the figure. In Table 5.9, we show the count of

some of the tokens found within Figure 5.11.

Thus, we conclude that the sub-word model has learned meaningful token representations

from a limited set of data, even when some given tokens are of low occurrences. This is

especially important for our task where many tokens are mis-spelled by users.
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Figure 5.11: Three-dimensional euclidean projection for tokens related to gb

Figure 5.12: Three-dimensional euclidean projection for tokens related to mm
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Figure 5.13: Three-dimensional euclidean projection for tokens related to -port

Table 5.9: Tables of token counts for tokens with sub-strings 1) gb, 2) mm, and 3) -port.

Token Count Token Count Token Count

2gb 1700 28-80mm 118 1-port 1

3gb 415 18-140mm 26 4-port 112

12gb 237 105mm 242 5-port 15

64gb 1911 8.5mm 13 16-ports 14

180gb 34 28-135mm 41 24-ports 2

960gb 18 15-15mm 2 48-port 38
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Table 5.10: Table of BLEU with various SD models

Model SD SD + BiRNN SD + ATT

Ave. 0.587 0.617 0.622

5.3.2 Effect of Re-scoring

In this sub-section we will discuss the outcome of the re-scoring step within the framework.

Particularly, we will display the performance of the original stack decoder SD against 1)

SD+BiRNN and 2) SD+ATT. SD+BiRNN is the model without the attention mechanism,

and simply including the BiRNN for creating the vectorial sequence representation. We

expect the performances to range from best to worst in this order (SD + ATT ) ≥ (SD +

BiRNN) ≥ SD.

Figure 5.14 compares three variations of SD model and shows that SD+ATT not only

outperforms the other models in most sizes of source title set, but also display a more robust

trend for lower sizes of source title set in the range of [4,8]. Moreover, in Table 5.10 we can

see the marginal improvements from SD to SD+ATT and substantiate our claim for the

order of performances with respect to the different models.

Now, having empirically shown that both variance and mean score of BLEU behave as

expected upon transformation by decoder, we want to see if re-scorer could indeed select

better titles in the pruned search space as produced by the decoder. To do so, we use re-

scorer to select from the original source title set search space and also from the resulting

search space produced by the decoder. Experiments were performed for SD+ATT and and

the results are shown in Table 5.11. The results show a three BLEU points improvement

for model SD+ATT. Since model SD+ATT maintains top 10% of the titles, this evidently

points to the effectiveness of the decoding process.
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Figure 5.14: Graph of BLEU with variations of SD. The plot shows the logarithmic trend

lines of models SD, SD + BiRNN, and SD + ATT. It clearly indicates that the performances

range from best to worst in this order: (SD + ATT ), (SD +BiRNN), SD.

Table 5.11: Table of BLEU with and without decoder on Test-230

Model
SD+ATT

w/o decoder w/ decoder

Mean BLEU 0.600 0.622
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Table 5.12: Mean BLEU of models and the BLEU margin between the models.

SD+ATT SD+POS+ATT Margin

Mean BLEU 0.622 0.591 0.0314

5.3.3 Positional Encoding

Recall in Figure 3.4 we indicate an optional addition of each token’s positional encoding. We

will now investigate the consequence of this addition and see if it is indeed beneficial to the

model performance.

Again, we run a trained re-scorer model including the optional positional encoding by

summing it with the original token embedding. We name this model SD+POS+ATT and

compare it against SD+ATT by testing on the test set Test-230. The mean BLEU in the

source title size of sizes ranging from 2 to 30 is computed as in Table 5.12 while the trend

line comparison of the models is depicted in graph 5.15. As such, we see that not only does

adding positional encoding hurts the performance, it actually renders it to be below that

of the original decoder performance of 0.600. One reason is that information about token

position are already included within the feature set. Moreover, by introducing positional

encoding we are adding more trainable weights that demand an increase in data size.

5.4 Robustness and Generalizability

In this section, we intend to display the robustness of our framework models against different

sizes of source title set. This idea also embodies the general concept of generalizibility where

the proposed framework simply has to be trained with a smaller amount of data with small

sizes of source title set as it displays a corresponding trend relative to the Oracle.

To do so, we first perform experiments with SD+ATT against GSD+ATT on Test-230

so as to compare the trend of each models, then we will take the better model to compare

against the Oracle. The Oracle is defined as the selected best title using sentence BLEU
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Figure 5.15: Performance comparison between SD+ATT against SD+POS+ATT. The plot

is the logarithmic trend line of each model’s performance.

Table 5.13: Performance comparison between GSD+ATT and SD+ATT against sizes of

source title set on Test-230

Model GSD+ATT SD + ATT

Mean BLEU 0.661 0.622

with respect to the gold title. As mentioned, we intend to show that our model exhibit a

similar trend as the Oracle’s BLEU performance.

Figure 5.16 shows a clear competitive edge that GSD+ATT has over SD+ATT especially

for higher sizes of source title set. Average BLEUs for GSD+ATT and SD+ATT is shown in

Table 5.13, showing an approximate improvement of three BLEU points. In fact, the graph

displays an increasing margin in BLEU starting from source title set of size 20. Thus, we

will employ GSD+ATT in order to compare against the Oracle.

As expected, Figure 5.17 exhibits a similar upward trend between the Oracle performance
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Figure 5.16: Performance comparison between GSD and SD against sizes of source title set

on Test-230

Figure 5.17: Plot of margin of BLEU between GSD+ATT and Oracle against size of source

title set on Test-230
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Table 5.14: Mean BLEU of Oracle and GSD+ATT against sizes of source title set on Test-

230

Model Oracle GSD+ATT

Mean BLEU 0.833 0.661

Figure 5.18: Generalizability: A plot of BLEU for both Oracle and GSD+ATT against

source title set size

and that of the GSD+ATT, which makes the case for the robustness of the framework against

sizes of source title set. We also observe from the Figure 5.17 that after size of source title

set increases up to roughly 22, the marginal BLEU starts decreasing. This is achieved having

a tiny training set only consisting of data from source title set of sizes in the range [2,10],

which is approximately one third of the total testing data. We highlight this finding in Figure

5.18 indicating the seen and unseen range of data. The average performances for Oracle and

GSD+ATT are shown in Table 5.14. Oracle outperforms model GSD+ATT by a margin of

one to two BLEU points on Test-230.
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Table 5.15: Effect of filtering on both models

Model Unfiltered Filtered Diff.

SD+ATT 0.622 0.626 0.004

GSD+ATT 0.661 0.653 -0.008

5.5 Tractability

Tractability is defined to be whether system could perform within polynomial time. Previ-

ously we have shown that the complexity of our decoder algorithm is within such constraint,

but we will further attempt to reduce the possible exponential increase in time by first

filtering the initial source titles.

We intend to do this while ensuring that we do not alter the token distribution. This is

achieved via the use of Maximal Marginal Relevance (MMR) which we set to remove half of

the set (with α set at 0.5).

5.5.1 Effect of Filtering

Now, we will analyze the effect of MMR on the model performance. After that, we will

experimentally show the models (SD and GSD) performances against the effect of filtering.

Furthermore, models SD-ATT and GSD-ATT will be employed as the main focus of this

experiment and Test-210 will be test set of choice.

The goal of this experiment is to attempt to show that the system performs similarly with

or without filtering while reducing the running time when the list is filtered. As we see in

Table 5.15, both unfiltered and filtered versions of the models produce similar performances

with small margins. Similar trend is displayed in Figures 5.19 and 5.20, showing that the

effect of filtering actually produces similar performances regardless of the size of source title

set.

We also experimented on source title sets of size 1000 with model SD+ATT. It was carried
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Figure 5.19: Filtering on SD+ATT Figure 5.20: Filtering on GSD+ATT

Table 5.16: Effect of filtering size on computation time.

Source Title Set Size Ratios of comparison

2 1

5 1

10 1.08

15 1.21

20 1.39

(Original) 1000 1.05

out by allowing MMR to only select 2 titles, and then gradually increase the size of source

title set to 20 titles. The results are included in Table 5.16. It is also noticed that even

though the computation time increases with filtering, MMR is able to select better initial

source title set which results in improvement in BLEU. This finding can be clearly seen in

the case of source title set of size 15, where BLEU reaches 0.757 − a significant increase from

the original source title set at 0.405. However, we found that MMR adds extra computation

time but is capable of producing a slightly better quality pool of initial source titles. As such,

we will further test on other source title sets with high set sizes to confirm our findings.
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Table 5.17: Complete run on all source title sets with size of ≥ 1000

Mean BLEU Ratios of comparison

Filtered 0.581 1.5

Unfiltered 0.577 1

To further validate our findings, we perform a complete run on the entire corpus for all

source title sets with sizes greater than 1000. We set 1000 to be the threshold for source title

set size since we intend to filter out 90% of the titles for set sizes greater than 1000. This

would reduce it to be within a more manageable range between source title set size of 100

to 1000 for the original sizes 1000 to 10,000.

We also note down the running time for the program, and the results are recorded in

Table 5.17. We see that with 0.04 BLEU points improvement, the running time almost

doubles as filtering with MMR is added. We therefore conclude that taking into account the

computation time, it is more desirable to not include filtering with MMR.

5.5.2 Computational Cost of Attention Mechanism

We also attempt to measure the computational costs that the model incurs with the inclusion

of the attention mechanism. We perform experiments with different sizes of source title set

ranging from 5 to 30 at an interval of 5 titles. We compute the percentage increase in

computational time upon adding the attention mechanism. As can be seen in Table 5.18,

the average running time is about 1.5 times slower. This happens in spite of the increase in

size of source title set, showing that the added cost in time is independent of the difference

in source titles.
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Table 5.18: Execution overhead percentage increase with the addition of attention mecha-

nism.

Source Title Set Size Execution Overhead (%)

5 30.2

10 42.2

15 28.5

20 27.6

25 24.9

30 25.9

Ave. 22.2

5.6 Multi-lingual Settings

We attempt to empirically establish that our model can function in a multi-lingual setting

in the given bi-lingual setting given the pre-trained bi-lingual token embedding. Since our

decoder does not adopt any language-specific features, we keep the decoder constant, and

re-train an additional re-scorer only on the German source titles. We then measure the

performances of the re-scorer trained on English source titles (marked with (en)) against

that of re-scorer trained only on German source titles (marked with (de)) by obtaining their

BLEU on the German data.

Due to the lack of sufficient annotated German data, we have heterogeneous distribution

of source title sets based on their set sizes. This could possibly have statistical influence

when the source title set count is low, but in general we obtain a meaningful trend between

the model performances.

The results are shown in Table 5.19. We see that even though (en)SD+ATT was trained

entirely on the English data, it performs competitively against (de)SD+ATT on the German

data. There is an average a 0.027 BLEU difference. We also observe that without the re-
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Table 5.19: Re-scorer performance on bi-lingual data

Source Title Set Size (en) GSD (de) GSD (en) GSD+ATT (de) GSD+ATT

2 0.505 0.505 0.533 0.536

3 0.562 0.562 0.572 0.579

4 0.556 0.556 0.579 0.602

5 0.607 0.607 0.64 0.63

6 0.576 0.576 0.6 0.603

7 0.567 0.567 0.587 0.615

8 0.625 0.625 0.63 0.648

9 0.617 0.617 0.634 0.66

10 0.584 0.584 0.601 0.641

Mean BLEU 0.578 0.578 0.597 0.613

scorer, the supposedly multi-lingual decoder performs relatively poor compare to when re-

scorer is added. There is in fact a six BLEU points improvement upon adding the English-

trained re-scorer when being tested on the German data.

5.7 Baseline Comparison

Finally, we want to compare our models against the original baseline, which adopted the

log-linear model. The dataset used in this experiment is the Test-random, which consists of

400 randomly selected source title sets. To achieve that, we ran both SD and GSD against

the baseline approach, each with three variations − 1) original decoder, 2) decoder with

Bi-RNN, and 3) decoder with Bi-RNN and attention mechanism. The results are shown

in Table 5.20, which shows that GSD is outperforming SD which in turns outperforms the

baseline.
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Figure 5.21: Performance comparison between English-trained re-scorer against German-

trained re-scorer on German test data

Table 5.20: Baseline comparison

SD GSD

Model Baseline - BiRNN ATT - BiRNN ATT

Mean BLEU 0.596 0.587 0.617 0.622 0.596 0.641 0.651
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Figure 5.22: Plot of mean count of references appearing in the source title set, averaging

over all source title sets with the same source title size. Data is collected from testing set

Test-230

5.8 Benchmark Comparison

5.8.1 Benchmark-I: MostFreq

Moreover, we observed that reference titles are frequently present in the source title set and

that the most commonly appeared titles often end up being the reference title itself. We

collect a statistic computing the average frequency of references appearing in the source title

set. Figure 5.22 shows the upward trend for counts of reference against the size of source title

set. Essentially this is the evidence that as the size of source title set grows, the likelihood of

finding the reference within the source title set rises. For this reason, we proposed to simply

select the most frequently occurring title in each source title set to be the reference title.

This becomes the first benchmark.

Given the above information, it is expected for model MostFreq to have an upward
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Table 5.21: Table of mean BLEU for models SD+ATT, GSD+ATT, MostFreq, and Most-

Freq+OpenNMT. Test is performed on dataset Test-230.

Model MostFreq MostFreq+OpenNMT GSD+ATT SD+ATT

Mean BLEU 0.601 0.392 0.661 0.622

trend in terms of performance as well. As such, we compare performances (mean BLEU) of

models SD+ATT, GSD+ATT, and MostFreq in Figure 5.23. Not surprisingly, MostFreq ’s

performance improves as the size of source title set increases. The plot also shows substantial

margin that our best model GSD+ATT has over that of MostFreq, indicating that our

proposed model is outperforming the benchmark. SD+ATT turns out to be slightly less

promising at high sizes of source title set. We indicate the mean BLEU over the range of

the entire source title set sizes in Table 5.21.

5.8.2 Benchmark-II: MostFreq+OpenNMT

OpenNMT [48] is a state-of-the-art open-source toolkit for Neural Machine Translation

(NMT). It includes the use of a structured attention networks and aims to be efficient,

extensible, and modular. We trained the toolkit on our training set Train-210. To do so,

we re-generate from the training set (3,600 source title sets) by matching each source title

to the reference title of that same source title set. This comes out to be 2, 160 data points

and we then divide it in the 80:20 ratio as training and validation sets, respectively. As a

results, it reports a vocabulary size of 22, 804 source-side (source titles) vocabulary, and a

mere 6, 370 for the target-side (reference titles).

OpenNMT produces a target title given a source title from the source title set. As such,

it is imperative to either 1) select a title to be fed into the trained model, or 2) allow all

“translated” output titles to undergo system combination to form a title. We opted for the

former to be our approach. The pre-selection of the source title is done via MostFreq, which
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Figure 5.23: Performance comparison between models SD+ATT, GSD+ATT, MostFreq, and

MostFreq+OpenNMT. Test is performed on dataset Test-230.

also makes empirical sense based on our observation as shown in Figure 5.22.

As a result, combination of MostFreq and OpenNMT yields a very poor performance,

worse than if we were to simply select the most occurring title within each source title set as

in the case of model MostFreq. We attribute the poor performance of MostFreq+OpenNMT

to the high OOV counts going from source title set to another set. The model is highly

reliant on repeated use of tokens for memory transfer so that it could make better judgment

generating each tokens. The results show convincing evidence of the superiority of our

model over state-of-the-art approaches in neural machine translation. Since the model is

representative of the current best neural end-to-end models, we can safely say that our

proposed models outperform them by a large margin (0.269 BLEU points).
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5.9 Further Experiments and Analysis

After performed analysis on both decoder and re-scorer, we wish to answer a few important

theoretical questions we have in mind. These questions represent the last pieces of the jigsaw

that will complete our analysis:

• How often and by what amount does the reference titles appear in the source title set?

• How would the models perform with respect to the Oracle if we were to remove the

reference titles (human-annotated titles) from the original source title set?

• How would the models and the Oracle perform if we were to add the decoder-generated

titles to the original source title set and use re-scorer to select from the expanded source

title set?

Intuitively, we expect the gold-removed source title set to yield a lower BLEU for Oracle

and a higher BLEU for the decoder at lower sizes of source title set. However, we foresee this

to change as the size of source title set increases, since this now allows a higher chance of

selecting titles that are close to the reference for the case of Oracle. On the other hand, we

anticipate the model performance to greatly improve when the reference titles are present in

high percentage within the source title set.

Before we carry out these experiments, we compute the mean gold-removed sizes of source

title set over 100 products for each set sizes. That is to say, for each size of source title set, we

averaged the resulting size of source title set after removing the gold titles over 100 products

with the same original size of source title set. The statistics for Test-230 are shown in Figure

5.24. The mean number of gold titles present in source title set of sizes ranging from 2 to 30

is roughly 4 titles per source title set.

Next, we carry out experiments where models GSD+ATT, SD+ATT, and the Oracle are

run on the gold-removed source title set for Test-230. Since there are some source title set

that contain only the gold titles, we allow all the titles to be retained. Results are shown
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Figure 5.24: Plot of size of source title set against gold-removed source title size. The graph

shows a direct proportionality between the original and that of the gold-removed source title

set size.

on Figure 5.25. As indicated, there is clearly a positive and linear relationship between the

BLEU margin and size of source title set. This goes to say that as more titles are present,

it is more likely to find titles that contain a greater degree of resemblances to the reference

title.

Recall from our earlier findings that most source title sets have low sizes. Although the

data does not favor the proposed models (with respect to the Oracle) at high sizes of source

title set, it shows promising results in majority of the dataset which contains low sizes of

source title set. In fact, the mean BLEU margin is a mere 0.9 BLEU point between source

title set size from 2 to 30 and 0.73 between source title set size from 2 to 20. This tiny BLEU

margin provides empirical proof that under the worse kind of situation, our proposed models

could perform competitively even against the theoretical best.

Effect of adding generated titles to the original source title set also warrants our investi-
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Figure 5.25: Polynomial trend line of margin between Oracle BLEU and GSD+ATT against

size of source title set.

gation. As the precursor to this idea, we have experimented with the effect of pure re-scorer

selection from the original set. Importantly, this justified the need for the use of decoder as

title generator. Thus right now we will append the decoder-generated titles to the original

source title set, and use the re-scorer to select from the new set.

We include the performances of different models in terms of the mean BLEU over different

sizes of source title set. The results are shown in Table 5.22, and the trend line is displayed in

Figure 5.26. Our results gives an overwhelming evidence that it is preferable for the re-scorer

to only select from among the generated titles. Moreover, it also proves once again that our

proposed variance-reducing and BLEU-boosting framework is vital to TG.
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Figure 5.26: Trend line of three models including 1) selection of expanded source title set

based on GSD decoder, 2) selection of expanded source title set based on SD decoder, and

3) Model SD+ATT where re-scorer simply select from the generated titles.

Table 5.22: Performances of different approaches. GSD-Gen means that the source title set

is expanded with titles generated by GSD as the decoder, and re-scorer is subsequently used

to select from the expanded source title set. SD+ATT would be the proposed framework

consisting of a decoder, and a re-scorer. The dataset is Test-230.

Model Mean BLEU

Selection
GSD-Gen 0.577

SD-Gen 0.579

SD+ATT 0.622
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5.10 Generation and Analysis

This section records some examples of title generation and discuss the effectiveness of the

proposed framework in terms of the generations. More concretely, we details our catego-

rization of generation along with the percentage distribution. Generations are categorized

parametrically in two different dimensions − 1) comparison with the Oracle selection (Oracle

selects the title with highest BLEU score from the source title set), and 2) whether the gen-

eration is identical to that of the gold reference. Table 5.23 denotes the percentages for each

categories from (a)-(f). The table shows that the Oracle is still outperforming the system

generation in most cases (48%), and the second highest category is the case where system

generation is identical to that of the Oracle selection (38%). Surprisingly, our proposed

model still managed to outperform Oracle in 14% of the time, meaning that in these cases

it either is able to re-generate titles identical to the gold title that is already present in the

source title set (c), or is able to generate new titles that was not present anywhere within

the source title set (d). In the following subsections, we will delve into (a)-(d) of Table 5.23

in detail by showing generations in the first two major categories of Cat-A.

5.10.1 When the Model is as Good: GSD==Oracle

There exists cases when system generation obtained the same exact score as that as the

Oracle selection. This can happen under two specific scenarios including 1) outputs from

both approaches are identical to the gold title, which also implies that gold titles exist within

the source title set, or 2) output differs from the gold title and the system is able to generate

and select the next best title from the source title set.

As indicated in Table 5.23, majority of the times when the scores are identical, gold

titles are included within the source title set (27% as opposed to 11%). To give a more

concrete picture, we will examine an actual set and generations from different approaches.

The full set (with source title set of size 10) is provided in Table 5.24, and generations are

displayed in Table 5.25. Model MostFreq is able to select the gold title given that no other
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Table 5.23: Summary of generation types comparing generation by model GSD+ATT with

Oracle with respect to gold (reference) titles for all source title set with size 10 in Test-230.

Model GSD+ATT is shortened to GSD. Cat-A, or category A, denotes types comparing

GSD with Oracle while cat-B, or category B, indicates that it is identical to the Gold title.

Cat-A Cat-B Percentage (%)

1. GSD == Oracle (38%)
(a) GSD == Gold 27

(b) GSD != Gold 11

2. GSD >Oracle (14%)
(c) GSD == Gold 5

(d) GSD != Gold 9

3. GSD <Oracle (48%)
(e) Oracle == Gold 19

(f) Oracle != Gold 29

Table 5.24: Sample source title set with size of 10. Titles identical to the reference titles are

in bold.

Source Titles

1 Peavey ValveKing 112 50 watt Guitar Amp

2 Peavey ValveKing 112 W/Footswitch

3 Peavey ValveKing VK112 All-Tube Guitar Amp

4 Peavey ValveKing VK112 All-Tube Guitar Amp

5 Peavey ValveKing 112 50 watt Guitar Amp

6 Peavey ValveKing 112 Combo Guitar Amp 50 watt with Foot switch SEE DESCRIPTION

7 Peavey Valveking 112

8 Peavey ValveKing 112 W/Footswitch

9 Peavey ValveKing 112 50 watt Guitar Amp

10 ”Peavey ValveKing VK112 Tube Amp Combo 1X12” ”Good Condition! Sounds Great!!”
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Table 5.25: Sample outputs including the gold title, random selection, and outputs of models

GSD+ATT, MostFreq, MostFreq+OpenNMT and SD+ATT.

Gold Title

Peavey ValveKing 112 50 watt Guitar Amp

Random Selection

”Peavey ValveKing VK112 Tube Amp Combo 1X12” ”Good Condition! Sounds Great!!”

MostFreq

Peavey Valveking 112 50 Watt Guitar Amp

MostFreq+OpenNMT

Peavey Windsor 5 15 watt Guitar Amp

GSD+ATT

Peavey Valveking 112 50 Watt Guitar Amp

SD+ATT

Peavey Valveking 112 50 Watt Guitar Amp

titles beat it in frequency of occurrence. Source title set of size 3 that are identical to the

gold title. Random selection produces the worst title of it all while both GSD+ATT and

SD+ATT are able to re-create gold-identical titles. Cases as such occur 27 times out of 100,

which is almost 1/3 of the times. Lastly, model MostFreq+OpenNMT introduces new tokens

such as Windsor, 5, and 15 that are absent from the source titles. As much resemblance

as the MostFreq+OpenNMT generation carries, introduction of new tokens would infringe

certain copyright laws, let alone providing misinformation. This opposes the case of random

selection which selects a biased title that contain phrases such as ”Good Conditions! Sounds

Great!”, but generally correct information about an item.
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Table 5.26: Sample source title set of size 10. Reference title is absent in the source title set

in this case.

Source Titlt set

1 Stihl 122cc MS880 MS 880 chainsaw power head 084 088 090

2 ”Stihl MS880 Magnum Professional Gas Chainsaw with 47” ”bar and chain.”

3 Stihl MS880 MS 880 Magnum Powerhead Only- LOW LOW HOURS - Test Runs Only

4 ”Stihl MS 880 Chainsaw 36”” bar”

5 ”Stihl MS880 Magnum Professional Gas Chainsaw with 47” bar and chain.”

6 PILTZ Stihl MS880 Customised CHAINSAW 72 inch bar and chain

7 STIHL MS880 CHAINSAW POWERHEAD 41 BAR 404CHAIN WRAP HANDLEBAR MS 880 088 084 090

8 ”Stihl MS 880 Chainsaw 36”” bar”

9 ”USED STIHL CHAINSAW MODEL MS880 25” BAR”

10 STIHL MS880 CHAINSAW POWERHEAD HALF WRAP HANDLEBAR MS 880 088 084 090

5.10.2 The Case of Out-performance: GSD >Oracle

At times, the system outputs better titles than the Oracle (14%). This proves that it is

possible to find within the bi-gram forest paths that turn out to be superior than the original

titles within the source title set. When GSD+ATT or SD+ATT outperforms the Oracle, it

could also indicate the absence of gold titles from the source title set. Another perspective

is that quality of source titles are poor enough so that selection method are bound to be

inferior. This echoes with our earlier experimental endeavors in proving that our proposed

model work nicely with poor quality data.

In this light, it is crucial to dissect the model’s successes in terms of the title generation

with respect to that of benchmark. Table 5.26 displays a source title set consisting of ten

titles (set size of 10) that is related to a specific brand and type of chainsaw. This is an

example of a rather noisy set where large variation of titles length is present. There are also

some user-specific phrases or item information such as ”Test Runs Only”, ”PILTZ” which

makes it harder for the system to make correct choices between the tokens.
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Table 5.27: Sample outputs including the gold title, random selection, and outputs of models

GSD+ATT, MostFreq, MostFreq+OpenNMT and SD+ATT.

Gold Title

Stihl Magnum Ms 880 Chainsaw

Random Selection

Stihl Ms880 Magnum Professional Gas Chainsaw With 47” Bar And Chain.

MostFreq

”Stihl MS 880 Chainsaw 36”” bar”

MostFreq+OpenNMT

”Stihl MS 880 Chainsaw 36”” bar”

GSD+ATT

Stihl Ms880 Ms 880 Chainsaw

SD+ATT

Stihl Ms880 Ms 880 088 090

Sample title generations as shown in Table 5.27 shows a complete mismatch between

all outputs and the gold title. Random selection yields an elongated title with additional

information such as ”With 47”...”. MostFreq and MostFreq+OpenNMT produce relatively

identical titles to the gold but include specific information regarding certain chainsaws bar.

SD+ATT is a complete failure since it does not state the most fundamental information

about the item − the chainsaw. On the bright side, GSD+ATT provides a case of success

where it was able to generate a title that is not present within the source title set but differs

by only a single token. This substantiates our claim that the model is able to generate novel,

high-quality titles that otherwise could not be achieved with selection or other benchmarks.
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Table 5.28: Token-wise Hypothesis Expansion for model GSD+ATT

1-token

stihl -0.2231435513142097

piltz -2.3025850929940455

used -2.3025850929940455

2-token

stihl ms880 -0.7339691750802004

stihl ms -1.83258146374831

stihl 122cc -2.525728644308255

stihl chainsaw -2.525728644308255

3-token

stihl ms880 ms -2.120263536200091

stihl ms880 magnum -2.120263536200091

stihl ms880 chainsaw -2.120263536200091

stihl ms880 customised -2.8134107167600364

stihl ms880 25” -2.8134107167600364

4-token

stihl ms880 ms 880 -2.120263536200091

stihl ms880 magnum professional -2.5257286443082556

stihl ms880 magnum powerhead -3.218875824868201

stihl ms880 chainsaw with -3.624340932976365

stihl ms880 chainsaw 36” -3.624340932976365

stihl ms880 chainsaw powerhead -3.624340932976365

stihl ms880 chainsaw power -4.31748811353631

stihl ms880 chainsaw 72 -4.31748811353631

stihl ms880 chainsaw model -4.31748811353631

5-token

stihl ms880 ms 880 chainsaw -2.8134107167600364

stihl ms880 ms 880 088 -3.218875824868201

stihl ms880 ms 880 magnum -3.912023005428146



121

Token-wise Hypothesis Expansion In Table 5.28, we display the process of hypothesis

expansion with model GSD+ATT in the worst case scenario, where − 1) gold title does not

exist in the source title set, 2) no titles in the set ends with the same tail token chainsaw.

Beginning with one token, each initial token assigned a score with the State Transition

Estimator (STE) function. We observed that at 3-token, there is a tie of scores between ms,

magnum, and chainsaw. Since the gold title began with Stihl Magnum, there is no attainable

way to generate the gold title at this point. However, our system still managed to generate

a title ending identically to the Gold title, despite the fact that no title within the source

title set has the correct ending token chainsaw.

5.10.3 Conclusion

To conclude, we have presented our experiments and findings by first discussing our pre-

liminary findings for determining some of our heuristic decisions including the definition of

average token position, minimum title length for filtering, and the beam search threshold

value. We then go into exploring the effectiveness of our decoder algorithm and State Tran-

sition Estimator (STE) function that was trained non-linearly. To be precise, we attempt to

empirically establish the necessity for the decoder in boosting the mean BLEU of title search

space while reducing their variance of BLEU at the same time. This allows us to make the

claim that the framework does indeed require stack decoder as the precursor to our selection

mechanism − the re-scorer.

After which, we provided a visualization of three-dimensional clustering with sub-word

token embedding that was trained in an unsupervised manner. We found that the sub-word

token embedding is effective in giving tokens or phrases with misspelling or the same unit

such as gb vectorial representation. Next we further examined the effect of adding re-scorer

to the pipeline. We looked at the effect of the system from the perspective of robustness,

generalizability, system tractability and the ability to perform competitively in a bi-lingual

setting. Our re-scorer model was found to be helpful in boosting the overall performance

given different conditions. Additionally, we experimented with possible refinement such as
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positional encoding and found that it does not improve our system. Next, we performed nu-

merous more experiments comparing our system with both baseline and benchmark systems.

At the end of the chapter, we carried out several additional experiments which helps us

to address aspects that are missing from our previous experimentations. This includes the

effect of removal of reference titles on the original source title set on the performance, and

so on. Last but not the least, we included an analysis of the generation outputs by our

best system, and categorizing it according to the theoretical best, Oracle. We then showed

sample generations for each of the categories we discussed.
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Chapter 6

CONCLUSIONS

The need to enhance users’ search experience on e-Commerce sites motivates the task

of of Title Generation (TG). TG’s novelty also requires new approaches that are rather

industrially-driven. Though the initial aim of the task is one that is directly applicable to

the e-Commerce industry, we have also managed to propose models that could be of interests

to other Natural Language Processing (NLP) community including system combination of

Machine Translation (MT) and extractive summarization. This thesis proposed a Generative-

Discriminative framework consisting of two major components − 1) generative decoder, and

a 2) discriminative re-scorer.

In Chapter 1 we introduced the motivation for our work. TG arose from the need to group

source titles based on their attributes. While human-created titles are in abundance, there

is a need to create target titles that are product-specific by mimicking the human-created

reference title. Then we formulate the task mathematically, without loss of generalization.

We also stated the scenarios in which our proposed framework will function in. This includes,

1) ability to perform competitively in multi-lingual settings (bi-lingual in our tests), 2)

generalizability, 3) robustness, and 4) tractability. At the end of Chapter 1, we introduced

the task of system combination as the main domain of comparison, since it carries much

resemblance with TG.

To better position our work, we provided the background to tasks similar to TG. Thus

in Chapter 2 we gave an overview of the related works which we categorized based on two

dimensions − 1) units of combination and 2) frameworks of approach. Units of combination

consist of word-level, phrase-level, and sentence-level. Main categories of frameworks include

hypothesis selection, re-decoding, and confusion network decoding. Our work happens at
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both the word-level and the sentence-level, and is a combination of both hypothesis selection

and re-decoding. Our research on related works determined one of the benchmark for our

work to be under the re-decoding category in the domain of Neural Machine Translation

(NMT). It combines titles at both the word-level and has a component of beam search.

We outlined the proposed Generative-Discriminative framework details in Chapter 3. The

Generative-Discriminative framework works in a pipelined manner, and is a loose form of

boosting where two different classifiers are trained sequentially. In our case, data distribution

for the two classifiers are altered and some data are removed without replacement. The first

classifier, namely the decoder, generates a list of titles which is equivalent to the transformed

search space, or data distribution. It is skewed to have both higher mean BLEU and lower

variance of BLEU. The desirable consequence is that the discriminator, the re-scorer, could

select from this pruned higher-quality of titles. We also discussed in details about the

algorithm used for decoder, which is based on stack decoding with beam search. We proposed

to use a non-linear approximation for the State Transition Estimator (STE) which we used

for hypothesis expansion during the process of stack decoding. STE uses a limited, language-

independent feature set so as to allow the model to generalize better. Second component of

the framework comes in the form of an attention-based Recurrent Neural Networks (RNN)

which takes as input sequence state encodings. Re-scorer approximates the function Sequence

Quality Estimator (SQE) which acts as a quality estimator by predicting a BLEU score.

We then delved into the details of the given dataset in Chapter 4. It consists of both

English and German annotated data, and amounts to roughly 80, 000 data points. We

highlighted some pre-existing trends in the data such as the relationship between source title

set sizes and counts of occurrence. Source title sets with smaller sizes occur more frequently

in our dataset. In larger sizes of source title set, the probability of finding title with high

resemblance to the reference increases.

Lastly, we presented our experiments, results, and findings in Chapter 5. Preliminary

findings showed that non-linear function approximation outperformed linear model at all sizes

of data, as shown in our learning curve. Next, it was discovered that beam search threshold
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value has a positive relationship with decoder’s performance. Also, as we had expected,

higher sizes of source title set correspond to better generated titles. Our final preliminary

exploration provided us with better heuristic decisions that happens in our stack decoding

algorithm. This includes average token position determination and the heuristic filtering of

titles by length.

For our decoder, we also computed feature importance scores for all the features and

determined that Inverse-Document Frequency (IDF) and the average token position are

the two most important features. Next, we also established empirically the benefits of the

proposed Generative-Discriminative framework. Decoder has the consequence of producing

a similar group of higher quality titles. Hypothesis selection in this refined search space is an

improvement from the previous approaches. Moreover, decoder is trained on a small dataset

with limited sizes of source title set and performs consistently well in much larger, unseen

ranges of source title size. This provides strong empirical evidence that the it is robust. This

is especially useful for e-Commerce companies that are able to get their hands on limited

amount of annotated data but have a urgent demand for large unannotated source title data.

Our decoder also limits the need for intensive feature engineering so as to prevent over-fitting

and limit language-dependence. Moreover, it is based on the idea of stack decoding allowing

the model to generate titles within polynomial time.

Our re-scorer is one that requires the unsupervised pre-training of multi-lingual sub-word

token embedding. It was shown to greatly boost the decoder’s performance by utilizing

token’s distribution information and having the attention layer where individual tokens are

weighed by their normalized association scores. The result is a promising one since the neural

model takes in the same amount of data as that of decoder, and performs competitively in

different source title set conditions. This shows its tractability and robustness. Moreover,

our experiments also showed that it is able to perform competitively in both German and

English data, indicating its potential to work in a multi-lingual setting. Though we would

refrain from the claim of multi-linguality, this certainly sheds light on how our system could

be adapted to work in different languages.
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As far as we know, we have a novel model for re-scorer that works promisingly in an

industrially-driven environment. Although the model requires pre-training of token embed-

ding, which is less desirable in the industry, it is of research interests to see how this could

be adapted as we do some pre-selection of title data so as to remove the Out-Of-Vocabulary

(OOV) words. In the next chapter we will discuss our preliminary ideas for future works.
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Chapter 7

FUTURE WORKS

In this chapter, we will discuss the potential next steps to build a system that could serve

as an improvement of our current work. There are several areas still waiting to be worked

on. Note that this discussion is under the premise of the same task, where the system takes

as input a source title set, and outputs a single title.

Our proposed model could serve as the preliminary step to creating an end-to-end system

if a large annotated dataset is available. On the other hand, since our focus is on data-

scarce settings we ought to ensure that the model complexity does not gets too large. Our

results suggest that our proposed framework still has not performed competitively against

the theoretical best as produced by the Oracle model. We postulate the main reason to

be the inability for the model to penalize tokens that are irrelevant to titles. This suggests

two things. First is that the attention mechanism is still not effective enough to weed out

all of such tokens. Secondly, there needs to be additional modifications to account for this

insufficiency.

As such, we propose to train a separate token-relevance classifier that simply takes as

input a token and output its probability to be in the title. The training process is simple,

since the reference titles have already given clues as to whether a certain token is relevant,

i.e., whether it is present in the title or not. We could then utilize the trained classifier and

use the predicted scores as part of our existing framework. It could be in either the decoder’s

hypothesis expansion process or as a feature within re-scorer’s state encoding, or both.

Last but not the least, our Generative-Discriminative framework serves as the precursor

to a GAN-like adversarial training where decoder’s role as a generator and re-scorer’s role as

a discriminator will play out in a zero-sum game as described in [32]. As of now, our frame-
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work’s two components work to the same purpose as maximizing the quality of generated

title. However, they could also assume adversarial roles during training to reach the global

optimum [32] in the Nash equilibrium [64].

Recent works were proposed on the subject of Generative-Adversarial Networks (GANs)

that either seeks to improve the training process [79], or adapting it to domains other than

Computer Vision (CV) such as the Neural Machine Translation (NMT) [93]. Our prelimi-

nary experiments in the two-player adversarial training has shown competitive performance

relative to our current work, but it awaits further refinement to possibly adopt the third clas-

sifier (token-relevance classifier) in a triple Generative Adversarial Networks (Triple-GAN)

[55], in order to fully overcome the current caveats.

Specifically, a two-player adversarial framework could be extended from the earlier prob-

abilistic formulation 7.1:

Pr(X, Y ) ≈ SQE(tp ≈ t∗|T ′ , T )︸ ︷︷ ︸
Discriminative

×STE(T
′
, T )︸ ︷︷ ︸

Generative

(7.1)

where:

t∗ is the human-annotated target title that might possibly not be attainable given source

title set, T .

tp is the attainable target title that the framework generate.

T
′

is the intermediate outputs from decoder.

This can be formulated as a two-player minimax game [32]:

min
STE

max
SQE

U(STE, SQE) =

Ex∼p(x)[log(STE(x))] + Ez∼pz(z)[log(1− SQE(STE(z)))]
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where generator STE(·) will attempt to fool discriminator SQE(·), while SQE(·) will

learn to discern true distribution x from that of the fake distribution z.

One advantage of this framework is that the trained generative decoder does not require

pre-trained token embedding and can thus be used with ease at test time. Additionally,

we could also incorporate a token-relevance classifier, C. It can be trained jointly in a

three-player zero-sum game as in [55], where α ∈ (0, 1) :

min
STE

max
SQE

U(STE, SQE,C) =

E(x,y)∼p(x,y)[log(STE(x, y))] + αE(x,y)∼pc(x,y)[log(1− SQE(STE(z)))]

+ (1− α)E(x,y)∼pSTE(x,y)[log(1− SQE(STE(y, z), y))]

In this case, classifier C and generator STE will generate pseudo input-label pairs (x,y),

which is then sent to the discriminator SQE for judgment [55]. As such, all three models

are trained jointly in a three-player game.
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