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Abstract

A lack of parallel training data is the greatest barrier to progress in developing models
for grammatical error correction (GEC). This data scarcity issue is especially pro-
nounced for Japanese GEC, where very few parallel error-correct corpora are publicly
available.

Thus, in this thesis, we propose a syntactic rule-based data synthesis framework
designed to generate large parallel training corpora for Japanese GEC. This frame-
work involves two components. The first is a set of syntactic rules that each charac-
terize a common Japanese grammatical error and a corresponding correction by using
syntactic information extracted from a small seed corpus. The second is a process
for systematically generating error-correct sentence pairs by applying these syntactic
rules to any arbitrary corpora of correct Japanese text.

To test this framework, we train a standard neural machine translation (NMT)
system for Japanese GEC on a training dataset that combines the publicly available
Lang-8 corpus and our synthesized data. We evaluate this trained model on a novel
parallel training corpus designed to mimic Japanese learners’ writing in the classroom
setting and compare it’s performance to a similar model trained on the Lang-8 corpus
alone. Using this comparison, we show that our synthesised data can significantly
improve the performance of Japanese GEC systems.

Thesis Supervisor: Takako Aikawa
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Chapter 1

Introduction

In the era of the internet and increasing globalization, the number of foreign language
learners around the world has increased dramatically. As a result, there is an ever-
growing demand for a system that can provide quick and reliable corrective feedback
to foreign language students as they learn to write. In response, much recent research
has been conducted in grammatical error correction (GEC), the natural language
processing (NLP) task that addresses this need.

GEC is defined as the problem of automatically detecting and correcting gram-
matical errors within written text. In most recent GEC systems, this is typically
interpreted as a translation task, in which the source language consists of poten-
tially erroneous learners’ writing, and the target language consists of corrections to
that writing. The translation is then accomplished by employing machine translation
(MT) models adapted from the NLP task of the same name.

Currently, the state-of-the-art in GEC [33] 2] consists of systems containing neural
machine translation (NMT) models. These NMT-based approaches use large, complex
neural networks to solve the GEC problem end-to-end. However, due to their large
parameter count, the performance of NMT models is often restricted by a lack of
available training data.

As a result, several methods that aim to generate artificial errors and increase the
amount of usable training data have recently been proposed. These include several

model-based approaches that involve the training of new “noising” models to pur-
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posefully introduce grammatical errors into correct sentences [32, 25]. Unsupervised
approaches that generate errors in a context-independent manner have also been con-
sidered [10]. Such methods have shown great promise in improving model performance
and robustness. Indeed, in the recent 2019 Building Educational Applications (BEA)
shared task [I], many of the top-ranking GEC systems incorporated some form of

artificial error generation (AEG) to expand or augment existing training corpora.

1.1 Proposed Approach

Therefore, in this thesis, we propose a robust syntactic rule-based framework for
synthesizing parallel training data for Japanese GEC. The proposed data synthesis
framework consists of two primary components: (i) a set of user-constructed syntac-

tic rules, and (ii) an error generation process dictated by those syntactic rules.

1.1.1 Syntactic Rules

Each syntactic rule is a representation of a particular Japanese grammatical error
and a corresponding correction. Which error each rule represents can be inferred
from a single pair of error and correct representative phrases extracted from a
seed corpus. These representative phrases serve as an example error/correction pair

for that grammatical error. For instance, the rule with the pair of representative

phrasesE]:

Error: #1 L VYO (“new NO book”)
Correct: #T L WA (“new book”)

represents a commonly encountered particle insertion error.

IThe inserted particle ¢ of the error phrase is a possession marker. In this paper, we translate
@ and all other Japanese particles to their capitalized romaji equivalents (e.g. @ — “NO”)

18



1.1.2 Error Generation

New error-correct sentence pairs can then be generated using each rule’s error map-
ping. This error mapping is comprised of a set of relations between the tokens of
the two representative phrases of the rule, and provides a template for introducing
errors into correct Japanese phrases, that are syntactically similar to the rule’s rep-
resentative correct phrase. These similar phrases are considered to “match” to the

rule.

The error generation process therefore consists of two steps. In the first step,
correct Japanese phrases that match to a rule are extracted from an arbitrary corpus
of correct Japanese text. Then, the relations of the error mapping are applied to
the selected correct phrases to generate corresponding error phrases, thus creating

error-correct sentence pairs.

We validate the efficacy of the proposed data synthesis framework by training
three models that use a standard NMT architecture. Each model is trained on one
of three training datasets: a set containing only data synthesized by our framework,
a set derived from the publicly available Lang-8 corpus [18], and a set created by
combining both synthesized and Lang-8 data. We evaluate the trained models on a
novel evaluation set that was created specifically to mimic Japanese language learners’

writing in the classroom setting, and compare the performance of each model.

Our results show that our data synthesis framework can be used to increase the
performance of Japanese GEC systems through the augmentation of existing training
corpora with our synthesized data. Additionally, we demonstrate that our framework
can be used to train models that target specific grammatical errors by showing that
the models trained using synthetic data successfully correct most examples of the
error types that were represented within that synthetic data. Finally, we show that
our data synthesis framework can be used to train reasonable Japanese GEC systems

even in the absence of publicly available training corpora.
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1.2 Thesis Outline

The remainder of this thesis is structured as follows. Chapter 2 presents additional
background information on GEC and AEG. Chapter 3 outlines the primary motiva-
tions for our framework and introduces the Japanese morphological analyzer MeCab
that enables it to function. Chapter 4 introduces the various language resources used
in the development and testing of this work. Chapters 5 and 6 describe in detail the
proposed rule-based data synthesis framework and its individual components. Chap-
ter 7 contains an overview of our experiments. Chapter 8 provides a discussion of
the results of these experiments. Finally, Chapter 9 contains some concluding anal-
ysis, identifies the current limitations and challenges of our approach, and proposes

avenues for future research.
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Chapter 2

Related Work

In this chapter, we overview prior work done in the natural language processing (NLP)
task of grammatical error correction (GEC). We begin in Section [2.1|with an overview
of GEC as a whole, and a discussion of the current state-of-the-art. Then, in Section
[2.2] we discuss the problem of data scarcity in depth and consider recent proposed
approaches for artificial error generation (AEG). In Section , we discuss the various
metrics commonly used to gauge the performance of GEC systems. Finally, in Section
2.4} we briefly discuss Japanese GEC specifically and the additional challenges that

it brings when compared to English GEC.

2.1 Grammatical Error Correction

Grammatical error correction, or GEC, is the NLP task that addresses the prob-
lem of detecting and correcting grammatical errors within written text. In an ideal
GEC system, a potentially erroneous sentence is given as an input, and a related
grammatically correct sentence is expected as the output.

The earliest attempts at GEC systems were rule-based approaches consisting of a
set of hand-crafted rules. Initially, these rules were primarily informed by simple pat-
tern analysis and string replacement [16]; however, eventually these rules evolved to
incorporate more complex features like syntactic analysis [19]. Nevertheless, despite

being relatively easy to implement, rule-based GEC systems are limited in perfor-

21



mance, as it is difficult to define enough rules to account for the entire set of possible

grammatical errors.

As such, more complex, data-driven machine learning approaches for GEC were
developed when larger, annotated corpora specific to the task became available. The
first major class of these were classifier-based approaches capable of distinguishing and
correcting various error types. In these systems, GEC was formulated as a multi-class
classification problem, in which each class represented a different type of grammatical
error. For example, [11] and [30] each developed maximum-entropy classifiers capable
of detecting English article and English preposition errors, respectively. Unfortu-
nately, these early classifier-based systems were often unable to account for multiple
co-dependent errors, as each classifier typically targeted corrections for a single word
within an error type. Thus, solutions involving cascading multiple classifiers together

or hybridizing the system with rule-based models [26] were eventually developed.

More recently, GEC systems inspired by existing machine translation (MT) models
have risen to dominate the state-of-the-art. In these MT-based systems, GEC is
treated as a translation problem between a source language of potentially erroneous
text and a target language of correct text. The translation is then completed using
an adapted MT model. Compared to the complex model pipelines of later classifier-
based GEC systems, this formulation of GEC has the advantage of allowing a single

model to perform the end-to-end task.

The 2014 Conference on Natural Language Learning (CoNLL) shared task [21],
which aimed to standardize the evaluation of GEC and establish the state-of-the-
art, was the impetus for the rise of MT-based GEC. In this competition, two of the
top three highest-ranked systems |7, [I3] incorporated statistical machine translation
(SMT) models to a significant extent. Since then, additional SMT-based [14. [3] and
later neural machine translation (NMT)-based systems [15, 4] [8] have continued to es-
tablish the state-of-the-art. Most recently, in the 2019 Building Educational Applica-
tions (BEA) shared task [I], NMT systems [33, 2] using the Transformer architecture
of neural network [3I] dominated the performance rankings. This, combined with

the absence of any rule-based or classifier-based submissions to the 2019 BEA task
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show that, at least for the time being, NMT-based systems are the unquestionable
state-of-the-art in GEC.

Thus, in this work, we choose to evaluate our data synthesis framework using
NMT models. Specifically, we use a convolutional sequence-to-sequence (seq2seq)
architecture implemented with the open-source library fairseq [23] as the basis for
our trained models. This type of NMT model has previously been shown to be
competitive with the state-of-the-art in English GEC [4]. Additionally, while English
and Japanese are quite different languages, MT models used in English GEC have
shown to be relatively effective when adapted for Japanese GEC [34]. As such, we
consider the selected seq2seq model to be a reasonable candidate to represent potential

Japanese GEC systems that may be trained using our synthesized data.

2.2 Artificial Error Generation

One drawback of the use of NMT models in GEC is that their performance is heav-
ily dependent on the amount of available training data, which exists in the form of
parallel corpora of pairs of error and correct sentences. Typical NMT models contain
millions of parameters; thus, they often fail to generalize adequately unless the train-
ing corpora is quite large. While this is not a serious problem for most traditional
MT problems, where large parallel corpora of millions of sentence pairs are readily
available, the same cannot be said of GEC. Even for English, the least resource-scarce
GEC language, only a few parallel corpora of significant size, such as the NUS Corpus
of Learner English (NUCLE) [6] and the Lang-8 corpus [18], are publicly available.
Thus, data scarcity is one of the the primary roadblocks in improving the performance
of current GEC systems.

To address this data scarcity issue, much recent work in GEC has considered the
process of artificial error generation (AEG). This process seeks to increase the amount
of available training data by synthesizing artificial error-correct sentence pairs. Sev-
eral of these methods utilize probabilistic algorithms to create new data for specific

errors. For example, [28] and [27] entertain the idea of using confusion distributions
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from English as a Second Language (ESL) corpora to generate article and preposition

errors that mimic real-world learner mistakes.

Approaches inspired by the MT idea of back-translation [29] have also been pro-
posed. These involve the training of essentially reversed GEC systems, in which “nois-
ing” MT models that translate correct sentences into error sentences are employed as
a means of generating new grammatical errors. For example, [25] proposes training a
phrase-based SMT error generation model by reversing the source and target corpora
of an existing GEC problem. Similarly, [32] trains an encoder/noising NMT model
in the same fashion. This noising model is then used to augment sentence pairs while
a corresponding decoder/denoising model, which is used to solve the original GEC

problem, is trained.

Additionally, some more recent approaches make use of existing linguistic re-
sources. Specifically, [10] proposes using confusion sets from a spell-checker to perform
token substitution and introduce synthetic errors into sentences in a unsupervised and
context-independent fashion. [I7] proposes two error generation processes: one based
on round-trip translations of correct text through bridge languages and another using
Wikipedia edit histories.

Each of the aforementioned AEG methods has shown promise in improving model
performance and robustness when used to expand or augment existing parallel train-
ing corpora. Hence, it is clear that generating synthetic training data is an effective
method at tackling the data scarcity issue in GEC.

However, the proposed AEG approaches are not universally applicable. In par-
ticular, the aforementioned model-based and probabilistic AEG methods require the
prior existence of significant amounts of parallel error-correct data. This is problem-
atic for most GEC languages, including Japanese, where few, if any, parallel corpora
of significant size exist. Moreover, most of the above AEG approaches offer little
control over what types of error-correct sentence pairs can be generated. This makes
it difficult to train or update GEC models to correct for specific grammatical errors.
Though not necessary in academic GEC systems, such a feature would be quite useful

in keeping publicly deployed GEC systems current and up-to-date.
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Our framework is thus designed specifically to address the aforementioned use
cases for which current AEG methods are not well suited. Specifically, the proposed
approach is able to function when the amount of available parallel training data is
extremely small, as each rule of the framework can be informed by just a single
example pair of sentences. Thus, given only a small parallel seed corpus and any
arbitrary corpus of correct Japanese text, our framework can be used to generate
large quantities of new error-correct sentence pairs. Moreover, the rule-based nature
of our framework allows specific grammatical errors to be targeted during training.
This can be done by synthesizing data using rules crafted specifically to represent

those errors.

2.3 Metrics

GEC systems are primarily evaluated by comparing their outputs to reference correc-
tions made by human experts. There are several metrics that have been proposed to
evaluate GEC systems; we cover three of the commonly used metrics: (i) the Max-
Match scorer, (i) the BLEU score, and (iii) the the GLEU score, in the following

sections.

2.3.1 MaxMatch

The current standard metric used in evaluating GEC models is the MaxMatch scorer
[5]. This metric was used to rank the 2013 and 2014 CoNLL shared tasks [22] 21],
and thus has been used by many recent works to compare model performance and
establish the state-of-the-art.

The MaxMatch scorer works by calculating the F-score, the harmonic mean of
precision and recall, in a manner that takes into account phrase-level edits. Specifi-
cally, given a set of gold-standard hand-annotated edits that detail the location and
type of each error, the scorer computes the set of phrase-level edits made by the
model that overlaps the most with the gold-standard. The scorer than computes and

outputs the F-score made on those edits.
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2.3.2 BLEU

The Bilingual Evaluation Understudy (BLEU) score [24] is one of the most popular
and widely-used metrics for evaluating MT systems. As many GEC systems draw
inspiration from MT, the BLEU score has thus also been used in evaluating GEC.
The score is determined by computing a modified form of precision on n-grams of a
model’s output against multiple human references.

However, since the input and output languages of GEC are identical, and since
most grammatical errors are fairly localized, the BLEU score of GEC models is typ-
ically misleadingly high. Nevertheless, the BLEU score is still used, as unlike the

MaxMatch scorer, it does not require a set of detailed annotations.

2.3.3 GLEU

The Generalized Language Evaluation Understanding (GLEU) score [20] is derived
from the BLEU score, and is designed specifically to improve upon previous GEC
metrics. Unlike the BLEU score, the GLEU score takes into account the source
sentence, placing greater weight on n-grams that exist within the references but not
within the source. This modification has been shown to improve correlation of scores
with respect to human rankings of GEC system outputs.

Like the BLEU score, the GLEU score does not require any detailed annotations.
Thus, given the lack of the gold-standard edits as required by the MaxMatch scorer
within Japanese GEC corpora, we use the GLEU score as our primary metric in this

work.

2.4 Japanese GEC

The vast majority of existing GEC research has been conducted for English specifi-
cally. Indeed, almost all of the aforementioned research above has concerned English
GEC. Thus, unlike English GEC, which has had the 2013 and 2014 CoNLL [22], 21|
shared tasks as well as the 2019 BEA [I] shared task to establish baseline models and
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shared evaluation criterion, there exists no formal standard for training or evaluating
Japanese GEC systems.

This lack of standard evaluation corpora motivates our use of the novel Teacher
corpus introduced in Section [£.2] as our primary evaluation set. Though it is not
representative of learner sentences as a whole, the Teacher corpus is designed to reflect
learner writing in the classroom setting, which we believe is a reasonable target for a
real-world Japanese GEC system.

Moreover, to our best knowledge, the Lang-8 multilingual corpus [18] is the only
publicly available corpus containing a significant number of parallel error-correct
Japanese sentence pairs. Thus, the data scarcity issue is even more pronounced
for Japanese GEC than it is for English GEC. As a result, the potential benefits of a
successful approach for AEG in Japanese particularly high.

This is especially true given the lack of precedent for AEG in Japanese GEC. We
know of only one previous attempt; [I2] proposes adapting the probabilistic method
given in 28] for English prepositions to instead generate errors involving Japanese
particles. Thus, to our best knowledge the proposed approach is the first attempt at

AEG for general Japanese grammatical errors.
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Chapter 3

Motivation

In this chapter we overview the primary motivations for the proposed data synthesis
framework. We begin in Section with the main intuition behind our use of syn-
tactic rules as the basis of our framework. Then, in Section we introduce MeCab,

the Japanese morphological analyzer that enables our entire framework to work.

3.1 Syntactic Rules

The original idea for our framework is largely inspired by the original rule-based sys-
tems of English GEC. As in English, many simple grammatical errors in Japanese can
be explained by using only syntactic information. For example, the correct conjuga-
tion form of adjectives (e.g. 1%\, “fast”) usually depends only on the part-of-speech
of the following token. For example, if an adjective is followed by a noun, (e.g. Hi,
“car”) the correct conjugation of the adjective is the root form. However, if the sub-
sequent token is a verb, the correct conjugation is the adverbial (- <) form. In this
way, given an arbitrary phrase containing an adjective followed by some other token,
we can determine whether or not the phrase is grammatically correct just from the
conjugation of the adjective and the part-of-speech of the other token.

This implies that it is possible to construct “syntactic rules” to represent these
grammatical errors using only syntactic information. Specifically, given an example

error phrase e and a corresponding correction ¢, we can construct a mapping (i.e. a
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rule) from the former to the latter such that any arbitrary phrase €’ containing the
same grammatical error as e can be corrected in a similar fashion. For instance, any
error phrase containing an adjective in the adverbial form followed by a noun can be
corrected by converting the adjective to its root form (e.g. 1% < Hi, “quickly car”, can
be corrected to 1\ YHE, “fast car”). We call the pair of example phrases (e and c)
the representative phrases of the syntactic rule; these can be thought of as one

realization of the error-correction pairs that the rule represents.

However, the key intuition is that we can also “reverse” these syntactic rules. More
specifically, a reverse mapping can be created in the opposite direction as described
above, from c to e. Such a mapping is essentially an error generation rule, having
the effect of converting any phrase syntactically similar to ¢ into a new error phrase
containing the same grammatical error as e. We again consider the same adjective
and noun example. Using the reversed mapping, we can convert any arbitrary phrase
containing an adjective in the root form followed by a noun to a related error phrase
containing the adjective in the adverbial form. For example, 1\ EE (“fast car”) can
be converted to 1% < ¥ (“quickly car”); similarly, (% L\ 5E2E (“kind teacher”) can be
changed to {#L <t (“kindly teacher”), and so on.

Moreover, corpora containing correct sentences, unlike parallel error-correct cor-
pora, can readily be obtained for most languages, including Japanese. Thus, each of
the above syntactic rules can easily be used to generate large amounts of new paral-
lel error-correct sentence pairs, exactly what is necessary for training GEC systems.
This can be done by first using the syntactic information of ¢ to construct a set of
constraints that define what a syntactically similar phrase to ¢ must contain. Then,
the correct corpus can be systematically scanned for any phrases ¢’ that match those
constraints. Finally, the reversed mapping can then be used to convert each matched

phrase ¢’ into a corresponding error.

In this way, a single syntactic rule informed by a lone pair of representative phrases
can be used to generate many thousands of new parallel sentence pairs. This is the

core idea of our approach.
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3.2 MeCab

The proposed framework is largely enabled by the morphological analyzer MeCaH[l,
which serves as our sentence tokenizer and as the source of the syntactic information
used in the construction of the framework’s syntactic rules. MeCab is commonly used
for sentence segmentation and tagging in Japanese-related NLP problems. In this
work, we use MeCab with the custom, open-source, mecab-ipadic-NFEologd morpheme
dictionaryﬂ which contains many new words and named entities that help improve

the tokenization output of MeCab.

3.2.1 Output Structure

Given an input sentence, MeCab outputs a list of tokens that comprise the sentence.
For each token, Mecab also outputs a set of nine syntactic tag{}]

An example of MeCab’s output is shown below in Figure [3-1 The input sentence
S HI1ZFEWT T (“Today is cold.”) is shown on the second line. Each subsequent
line except the last EOS line contains a token (e.g. 4 H, “today”) followed by a tab

character and a comma-delimited list of syntactic tags.

or
i
=

£
5
i
B
iC

Figure 3-1: Sample output produced by MeCab on the command line.

The syntactic tags outputted by MeCab are used in our data synthesis framework
to distinguish phrases that are “matched” by a particular syntactic rule from those that

are notf’] An overview of the features that each syntactic tag corresponds to is given

Thttps: //taku910.github.io/mecab/

Zhttps://github.com /neologd /mecab-ipadic-neologd

3Additional (Japanese) documentation on the output formatting of MeCab is given at
http://taku910.github.io/mecab /#parse

4See Section
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in Table 3.1} The features (and their corresponding English translations) represented
within Mecab’s output are shown in the column labeled as “Feature”, while the
outputted syntactic tags and their corresponding English translationsﬂ are given in the
columns labeled “Mecab Output” and “English Translation, respectively. Note

that the character “>K” is outputted when no syntactic tag is given for a particular

feature.
Feature MeCab Output English Translation
tiai) (part-of-speech) el adjective
e il H7 independent
(part-of-speech subcategory 1)
it il A 3 A2 ES N/A
(part-of-speech subcategory 2)
il A 3 K3 k N/A
(part-of-speech subcategory 3)
Wi (inflection form) el - 74 B: | adjective (aou-columns)
Wi T (conjugated form) AT basic form
J5 (lemma) FE cold
A (reading) A SAMUI
¥ (pronunciation) H LA SAMUI

Table 3.1: Analysis of the syntactic tags outputted by MeCab for the token FE\»
(“cold”) when the string S HIIFEWTT ., (“Today is cold.”) is inputted.

In this work, we only use syntactic tags that correspond to the following fea-
tures: fmianl (“part-of-speech”), fiaalfll 9> FH1 (“part-of-speech subcategory 17), 7 H
M (“inflection form”), 7§ 2 (“conjugated form”), and J5JfZ (“lemma”) to inform our
syntactic rules. We select these features as they are most relevant to the grammatical
characteristics of a token. For example, substituting tokens with different part-of-
speech tags (e.g. replacing a noun with an adjective) will almost always result in a
grammatically incorrect sentence. Similarly, substituting two tokens with different
conjugations (e.g. a root form adjective with an adverbial form adjective) will also
cause grammatical errors.

On the other hand, the features 1zl fl 73 52 (“part-of-speech subcategory 27)

5We translate the values given for the reading and pronunciation rows as their capital romaji
equivalents.
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and i 2il fH B3 (“part-of-speech subcategory 37) are not used as tags for them
are rarely outputted. Moreover, distinctions between two tokens that with differing

tags for either of these features are usually grammatically irrelevant. The features Ft

A (“reading”) and F&

&% (“pronunciation”) are similarly ignored as the values of tags
corresponding to them do not have any relation to the grammatical characteristics of

a token.
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Chapter 4

Data Resources

In this chapter, we overview the Japanese corpora used in the development and evalu-
ation of our data synthesis framework. In Section[4.1] we introduce the Yourei corpus,
which is used as the source of correct Japanese text for our error generation process.
In Section [4.2] we present the teacher corpus, a novel parallel corpus that serves as
our primary evaluation set. Finally, in Section [£.3] we overview the Lang-8 corpus, a

publicly available parallel corpus that serves as the training set of our baseline model.

4.1 Yourei Corpus

The Yourei corpus is the primary source of the correct Japanese sentences we use
to test the error generation component of our data synthesis framework. This cor-
pus consists of over 12 million sentences scraped from the keyword search website
yourei.jf', which hosts a large database of modern Japanese text?] yourei.jp func-
tions as follows: when a user inputs a keyword into the search bar, the website searches
its database and returns a set of example sentences containing the queried keyword
or some conjugated form of that keyword.

We construct the Yourei corpus by first aggregating 7,489 vocabulary terms from

the Japanese-Language Proficiency Test (JLPT)E] vocabulary lists to use as input

Thttp:/ /yourei.jp/
2Tn general, this text is sourced from written work such as novels and newspaper articles.

3https://www.jlpt.jp/e/
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keywords. For each of these keywords we then extract the first 2000 example sentences
returned by the website for each word. We then apply several pre-processing steps
to reduce data noise. First, all duplicate sentences are removed, along with sentences
containing any characters that are neither Japanese nor alphanumeric. Additionally,
any sentence containing more than 50 or fewer than 10 tokens when parsed by MeCab
are also excluded. The final corpus size after these pre-processing steps are applied

is 6,623, 362 unique sentences.

We select yourei.jp as our source of correct text as its database contains text
that is relatively similar to what might be found in learner’s writing. Specifically,
its database contains many sentences that are written in the informal polite formﬁ
of Japanese. This is the form that is typically taught first to beginning Japanese
language learners, and is stylistically more similar to their writing than the formal
impolite formﬂ commonly seen in other online or published sources of Japanese text
(e.g. Wikipedia). Moreover, the yourei.jp database also contains a large number of
examples of conversational Japanese. Though not necessarily stylistically close to
learner’s writing, these sentences consist mostly of simple vocabulary that learners
also commonly use. Due to these similarities, we hypothesize that models trained
on data generated using the yourei.jp data will generalize relatively well to learner’s

writing.

The aforementioned similarities can be seen in the sample data from the Yourei
corpus shown below in Table [£.1] In the table, Sentence 1 is written in the in the in-
formal polite form while Sentences 2 and 3 are excerpts from conversations. Note that
while the sentence structure of the latter two is significantly more complex than would

be expected in language learners’ writing, the vocabulary present is quite simple.

4This form is commonly characterized with sentences ending in ~ "¢3" and verbs being conjugated
in the ~ £ 9 form.
5This form is characterized by the use of verbs conjugated in the short form and phrases like ¢

b5.
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# | Sentence English Translation

1 THT) —HIIC KA ADIE | But, Eliza new that she had done
bRV EZM S TWEL . nothing wrong.

2 b3z nIcAy L TuiT/=N 7 | Did you even get hit by that at all?
hs 72h

3 TYHh%l=-. &5 EHAL AN\ | But you'll probably be sick of Japan
7S THHEHICTUIT-> B £ D A | and leave for abroad.
<L kI,

4 CAELSOBWVWESIETDOATICTY | It would have been better for me to
WaIEonkigeErl -7, stay at Sadako’s place if this was the

case

5 —ETH DL BH WL XA S | Have such detestable words ever been
Ehyr ABloOZH/7=%nd% 5 5 | spoken by a human?
7

Table 4.1: Sample data from the Yourei corpus file containing the website’s responses
to the query keyword T& (“but; even”)

4.2 Teacher Corpus

The teacher corpug’| serves as the seed corpus for the syntactic rules of our data
synthesis framework. It consists of 4,375 error sentences sourced from Japanese
language teachers. The teachers also provided each error sentence with one or more
reference corrections, resulting in the corpus having a total of 6,345 unique error-
correct sentence pairs.

These error-correct sentence pairs were created to mimic mistakes commonly made
by Japanese language learners in the classroom, under the condition that each sen-
tence pair contain a single grammatical errOIﬂ. Due to this constraint, most of the
errors present in the corpus are simple and localized. However, as a whole, they
cover the entire range of mistakes commonly seen in Japanese learners’ writing. This
includes not only spelling and syntactic errors, but also more complex errors, such as
stylistic or semantic errors.

Thus, we also use the teacher corpus as our primary evaluation set. As mentioned

in Section to our best knowledge, no standard method of evaluation exists for

6This corpus is publicly available on Github at https://github.com /ahkimn/japanese gec corpus
"Note that this constraint was somewhat vague; some error sentences thus contain multiple,
co-dependent errors.
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Japanese GEC. Since the teacher corpus is designed to resemble students’ writing in
the classroom, a potential real-world application for Japanese GEC, we believe that
it is a reasonable candidate to serve as such a standard, and thus use it to evaluate
our trained models.

Sample data from the teacher corpus are shown below in Table [£.2 Note that
for the purposes of evaluation, the boundaries of the error phrase within each error
sentence is demarcated by angled brackets, “<and “>”". The corresponding correction
in the correct sentence is demarcated by parentheses, “(” and “)”. Also, note that not
all of the error sentences are unique; Sentences 3 and 4 show one error sentence that

is given multiple possible corrections.

# | Error Sentence Correction English Translation

1 ERE<HE . S5 (E 72), I listened to music

2 EH. YEICEH % VEH. YEICET % I ate pizza for dinner
<AU=>, (EXT2). yesterday.

3 <WEHETE W& S >, (FEHE D% - 7). It snowed yesterday.

4 <WFHTE &5 >, (WEH & hf& M X L | It snowed yesterday.

72)o

5 | RTS8 FFIC<tndd X | #ARIE 8 FFIC (4G £ 9 | School  begins  at 8

g >, £7). o’clock.

Table 4.2: Sample data from the teacher corpus.

4.3 Lang-8 Corpus

The publicly available NAIST Lang-8 Learner Corpora [I8]| serves as the training
corpus of the baseline model we use in evaluating our data synthesis framework. The
original, multilingual corpus consists of 580, 549 conversations from the language ex-
change SNS site Lang-8, of which 185,991 are labeled as having a learner of Japanese.

We apply several pre-processing steps to retrieve the Japanese text in the original
corpus. First, we select the conversations labeled as having a learner of Japanese

and extract each error/correction sentence pair in each conversationﬁ. Then, we use

8The exact format of the Lang-8 data is given at https: //sites.google.com /site /naistlang8corpora/home /readme-
raw.
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the open source library langid?| to select for only those pairs in which both the error
and correction are classified as being written in Japanese. Next, we remove sentence
pairs in which the Levenshtein distance between the two sentences is greater than the
length (in characters) of the error sentence. Finally, we remove any duplicate pairs
(e.g. where both the error and correct sentences of each pair are equivalent), and any
sentences with a high ratio of alphanumeric to Japanese text. This results in a final
corpus containing 1, 788,054 unique error-correct pairs.

Sample paired data from the Lang-8 corpus is given below in [£.3] This data is
representative of the fact that the Lang-8 corpus is quite unstructured, containing
many incomplete/short sentences. This is expected of informal conversations, but
is not necessarily representative of learners’ writing in the classroom setting. More-
over, note that the corpus also contains sentence pairs in which no corrections are
made. Sentences 4 and 5 are examples of this; in both examples the error sentence is

grammatically correct and no correction is made.

# | Error Sentence Correction English Translation
1 eV CEEL £ 9! Bl &I EL £9) I will continue to search
(for it)!

2 KFEOFFIX | B~ | REITRKFET | B | Next year, I must take
T2 Ooa—2Z§ | {729 O3 —A%%1 | the "Let’s advance"
B L 2T XA ) £ | L LT NIEAE ) £ | course at the university.
Ao Ao

3 ENTHIIbILICE | Eihb7z LICE 2 T | Can anyone tell me?
LZTWERITEEA | WEEITEZEAD
b)O

4 | TH. THE—RINZE | TH 0 ZHUI R | But, I think this is tem-
L STW s, EE STV 5B, porary.

5 SHD A2 b SHD AN b Today’s event

Table 4.3: Sample data from the Lang-8 corpus.

9https://github.com /saffsd /langid.py
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Chapter 5

Syntactic Rules

In this chapter, we overview the structure and construction of the first primary compo-
nent of our framework: syntactic rules. Each syntactic rule is intended to represent
a common Japanese grammatical error and a corresponding correction. These rules
are informed by example error-correct phrase pairs from a seed corpus, and dictate the
second component of our framework, the data synthesis process described in Chapter

0l

Each syntactic rule consists of three main components: (i) a pair of error and
correct representative phrases used to provide the syntactic information for (ii) a
matrix of requisite syntactic tags, which defines the set of phrases that the rule
matches to using this information. Finally, the rule also contains (iii) a set of relations,
the error mapping, that defines how the tokens of the representative error phrase
are derived from those of the representative correct phrase. This error mapping is

then used to direct the error generation process described in Section

We explain the derivation of each of these components in Sections [5.1] [5.2] and
[.3], respectively. Additionally, in Section [5.4] we present a natural extension of the
syntactic rule, called a character syntactic rule. This additional type of rule allows
grammatical errors involving character-level edit operations to also be represented in

our framework.
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5.1 Representative Phrases

The representative phrases of a syntactic rule are a pair of two tokenized phrases:
a representative error phrase and a representative correct phrase. The for-
mer is representative of a common Japanese grammatical error, while the latter is
representative of a possible correction to that error. Together, the two phrases act
as a template for correcting erroneous phrases that contain the grammatical error
represented by the representative error phrase. We call this grammatical error the
rule error of the syntactic rule.

Each pair of representative phrases is derived from an example error-correct phrase
pair from a parallel seed corpus. Let s, be the string value of the example error phrase
and let s. be the string value of the example correct phrase. Then, we represent the
representative error and correct phrases of the rule as the vectors e and c, respectively,

which are formulated as follows:
€ = [60761, T 61/—1] CcC= [Co,le : ',Cl—ﬂ

Here, e; is the jth token outputted by MeCab when s, is parsed, and ¢; is the ith
token outputted by MeCab when s, is parsed; I’ and [ represent the number of tokens
in s, and s, respectively.

An example pair of representative phrases is shown in the colored boxes of the

left-hand side of Figure Using the above notation, these are as follows’}
=[FLw, &, 7—L4] c=[FLw, T—14]
Equivalently, in Englishf}

e = [fun, NA, game] c¢ = [fun, game]

!Note that English translations are given in parentheses beneath each Japanese word. This
format is used to present English translations in all similar figures in this work.

2The token 7 is a copula particle used after a type of noun known as =iz (literally “adjective
verb”, also known as a ~ 7% adjective) to allow them to function as adjectives.

3As O is a particle we translate it to its capital romaji equivalent, “NA”.
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Representative

Syntactic Tags

L L iz BiL iz R = e %81 ELw

Representative (fun) (adjective) (independent) (i-column adj.) (root form) (fun)
Correct Phrase Bl 2.5 —i * * b1,
(game) (noun) (general) (game)
WL Ly iz BiL iz~ R 24 e YN LW

(fun) (adjective) (independent) (i-column adj.) (root form) (fun)

Representative i BhER #BhEE * * DA
Error Phrase (NA) (noun) (sentence-ending (NA)
particle)

=L £ —% * * =LA

(game) (noun) (general) (game)

Figure 5-1: Representative phrases and syntactic tags of an example rule that repre-
sents a common particle insertion error.

5.1.1 Representative Syntactic Tags

Each representative phrase is accompanied by a set of corresponding representative
syntactic tags, which are derived from the MeCab output produced by the tokens
of the phrase.

For the representative correct phrase, c, this set of tags is formulated as the
matrix Cyqy. This is constructed jointly with c as follows: for each token ¢; of the

representative correct phrase, let

ti = [tio, tin, - - il

be a vector of length five consisting of the corresponding syntactic tags outputted
by MeCab. Specifically, let ¢;, t;1, ti2, ti3, and ¢;4 be the tags outputted for the

following features:

o t;o — than (“part-of-speech”)

o t;1 — thanfl KA1 (“part-of-speech sub-category 1)
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o {5 — WM (“inflection form”)
o {3 — WEHIZ (“base form”)

e t;4 — JHIFZ (“lemma”)

As mentioned in Section [3.2] the syntactic tags of these features are used as they are
the most relevant to the grammatical characteristics of each token.
In Figure p-1], we can derive to and t; from the syntactic tags shown to the right

of co =% L\ (“fun”) and ¢; =7 — L\ (“game”) as follows:

to = (e, HAL, el - A B, AR L W]
ty = [tail, —ig, K, X, 7 —24],

Equivalently, in Englishlﬂ:

to = [adjective, independent, adjective (i-column), root form, fun game]

*

t; = [noun, general, *, * game],

These t; are then concatenated to form Cy, as:
Ctag = [t07t17 c 'tl—l]T

where [ is as before the length in tokens of c.

Thus, for the example of Figure [5-1] we have that:

e By ah - 4B AT FELw
Yl —f %k k=L

tag —

The construction of the matrix Eyq, of the representative syntactic tags corresponding

to the representative error phrase is nearly identical, but uses the syntactic tags

4Note, the character representing no output, 3, is replaced with the asterisk, as 3k is a non-
English character.
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outputted for the tokens e; instead. Therefore, for the same example, we have:

el B s - 1B A FELw
Eiog = | Wdal &KW S k 7
Gl % *k k=L

In English, the example Cy,y and Ey,, are:

adjective independent adjective (i-column) root form  fun
tag —

noun general * * game
adjective independent adjective (i-column) root form  fun
E;.y = | particle sentence-ending particle * * NA
noun general * * game

The representative syntactic tag matrices are used to inform other components
of the syntactic rule. Specifically, Cy,4 is used as the starting point of the requisite
syntactic tag matrix described in Section . The differences between Ci,, and E,yg

are used to derive the correction/error mapping introduced in Section .

5.1.2 Phrase Selection

As previously noted, the representative phrases are derived from example error/correct
phrases in a parallel seed corpus. This derivation begins by selecting a sentence pair
at random from the seed corpus, and determining the string difference (if one exists)
between the error and correct sentences. The set of tokens containing this string

difference serves as the starting point of the representative phrases.
For example, consider the following sentence pair that contains the representative
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phrases shown in Figure [5-1}

Error: 2|13 [ ZHELW | & | 7—L4L ]| TF
LW | 7F—=L | TT

o (This is a fun NA game.)
Correct: 2N | 1X

- (This is a fun game.)

Here, the token boundaries have been demarcated by the character “|”. In this case,
the string difference is simply the inserted character ‘7%’ of the error sentence. Since
only one token (the 7¢) contains any part of this string difference, representative

phrases could be constructed as follows:

However, the tokens of the string difference by themselves are usually not enough
to allow a specific rule error to be resolved. As is described below in Section [5.2],
the rule error is largely specified by constraints placed on individual syntactic tags
of Cyqg. Thus, for the above pair of e and c, the rule error can only be ambiguous,
as an empty c results in the matrix Cy,, being empty; such a Cy,, cannot provide
any constraints on the context in which the insertion of 7 occurs. In other words,
the rule error would represent the insertion of 7 between any two arbitrary tokens.
While the arbitrary insertion of 7 into correct Japanese will almost always produce
an error, an ideal rule error should be representative of a specific type of learner’s

mistake.

Therefore, to obtain the final representative phrases of a syntactic rule, the initial
string difference is incrementally expanded with adjacent tokens. For example, for
the initial e and ¢ above, one token on each side of the string difference, namely %
Ly (“fun”) and 7 — L\ (“game”), is added. In this way, we obtain the representative

phrases of Figure p-1}

e=[FLW 7% 7T—L] c=[F LW 7T—L4]

These additional tokens provide the information necessary to define the rule error
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as the common learner mistake of inserting 7 between an adjective (e.g. %5 L \Y)
and the noun it modifies (e.g. 7" —24\).

In this work, the phrase expansion process is done by hand, as given a pair of
parallel phrases, it is difficult to define formal criterion for what an “optimal” pair of

representative phrases should be. The pair of informal guidelines we use is as follows:

1. The representative phrases must include sufficient context to define the rule
error as a specific Japanese learner mistake. Specifically, it should contain
enough tokens so that C,y, and the requisite syntactic tags of Section
constructed from it, can be used to constrain the rule to a specific grammatical

error.

2. However, the representative phrases should be of minimum length to ensure that

the rule matches’] to as many sentences containing the rule error as possible.

5.2 Requisite Syntactic Tags

The applicability of a syntactic rule to an arbitrary correct phrase is determined
by comparing the syntactic information of the phrase to that of the representative
correct phrase of the rule. To accomplish this, each rule contains a matrix of requisite
syntactic tags, Ry,y. This matrix defines what specific syntactic tags each token of
a phrase matched to the rule must contain, and is primarily used to filter potential
matches during the data synthesis process described in Chapter [6]

R, is constructed by applying a binary mask, By,,, element-wise to the values
of Ciag. If Biggli, k| = 1, then Ryg,li, k] = Cuayli, k], and the syntactic tag Ryt k]
is requisite for a correct phrase ¢’ to match to the rule. In other words, the kth tag
of the ith token of ¢’ must be the same as that of the representative correct phrase.
On the other hand, if Byy,[i, k] = 1, then Ryy,[i, k] = 0, and no restriction is placed
on the value of the kth tag of the ith token of c’.

5Note that the matching process is also controlled by the requisite syntactic tags and is described
in the following section.
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Representative

Syntactic Tags
L L A k| AR
Representative (fun) (adjective) (root form)
Correct Phrase g1 -
(game) (noun)
AL izt AT
Matched (cold) (adjective) (root form)
Correct Phrase 1—F — 25
(coftee) (noun)
ELL i R T
Unmatched (kindly) (adjective) (te'ct‘?(:lrlll;)otillg
Correct Phrase =5 P
(say) (noun)

Figure 5-2: Phrase matching for the example syntactic rule representing the insertion
of the token 7¢ between an adjective and the noun it modifies.

For example, consider the requisite syntactic tags for the rule shown in Figure

5-2P where we have:

o [wEE v owaEE - 4m sy EL
tag — B ' ‘
Gl S sk AN

or equivalently:

adjective independent adjective (i-column) root form  fun

tag —
* k

noun general game

Noting the requisite and non-requisite (faded-out) syntactic tags, we obtain the binary

6This rule is identical to the one represented in Figure
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mask By,g as:

10010
10000

tag —

Applying this to Cy,y, we obtain:

R oasEn 0 0 FEAFS 0 adjective 0 0 root form 0
tag — . =
"l wE o0 0 0 momn 00 0 0

Examining the vectors r; = Ry,,i,:] corresponding to the ith token of a matched

phrase, we see that:
ro = [JE&, 0, 0, AT, 0] = [adjective, 0, 0, root form, 0]

This imposes the constraint that the first token of a phrase that matches to the rule

must be an 275 (adjective) in the FEASTZ (root form). Similarly, we have:
r; = [%a:il, 0, 0, 0, 0] = [noun, 0, 0, 0, 0]

which specifies that the second token of a match must be a #zil (noun).

In other words, given an arbitrary phrase ¢’ with corresponding syntactic tags
C’tagﬂ we have that ¢’ matches to the rule if C';,5 0 Byyy = ngﬂ

This is shown in Figure [5-2] with the two candidate phrases shown below the
representative correct phrase. The phrase {572\ 2 — k& — (“cold coffee”), shown
in light-blue, matches to the rule as both tokens adhere to the above constraints.
Specifically:

oed 0 0 HEARE 0

/
C tag © Btag - = Mag

il 0 0 0 0

el tag is constructed from ¢’ in the same manner that Cyqq and Ey,4 are constructed from ¢ and
e respectively.
8Note that o denotes the element-wise or Hadamard product between the two matrices.
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On the other hand, the phrase {£L < & 7 (“kindly say”), shown in light orange, does

not match to the rule, as the first token is not an adjective in the root form, and

because the second token is a verb and not a noun. This is shown as follows:
Joed 0 0 TR 0

C/ta oBta = %Rta
Y #E o o 0 0 !

In this work, the values of the matrix By, are determined manually, as formulating
an algorithm to optimize for the best combination of representative tags is quite
difficult. In general, as more syntactic tags are more ones are used in By, the
more constraints are placed on each token of a matched phrase ¢/, and the syntactic
rule becomes more restrictive for matching phrases. Conversely, if more zeros are
used in By,,, the rule becomes less specific. Therefore, much like the selection of
representative phrases, the “optimal” selection of requisite syntactic tags is defined by

a set of two competing criterion:

1. The requisite syntactic tags should be restrictive enough so that the set er-
ror phrases € that can be generated correspond to a specific Japanese learner

mistake.

2. However, the requisite syntactic tags should be permissive enough for the rule

to apply to as many sentences containing the rule error as possible.

5.3 Error Mapping

The final component of each syntactic rule is the error mapping, a set of relations that
maps the tokens of the representative correct phrase, c, to those of the representative
error phrase, e. These relations show how the rule error can be introduced into an
arbitrary phrase similar to c. Hence, the primary role of the error mapping is to
guide the generation of artificial errors during the data synthesis process described in

Chapter [6]
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The relations of the error mapping are each categorized as being one of five types:
insertion, deletion, preservation, re-conjugation, or substitution. Each rela-
tion is represented as an equation e; = OPERATION(z). This shows that given an
arbitrary correct phrase ¢’ matched by the rule, the jth token of a corresponding
error phrase € containing the rule error can be derived from x, where x is either a

constant string or ¢, the ith token of cﬂ We define each relation type below:

5.3.1 Insertion

The insertion relation is represented as e; = INSERT(s), and shows that that regard-
less of the values of ¢/, the jth token of € is the string s. An error mapping of a rule
containing an insertion is shown in Figure The position of the inserted token
is shown by the half-shaded boxes in each of the error phrases.

In this example, we have that e; = INSERT(7¢). This implies that the second
token of any generated error phrase must be equivalent to 7. This is shown by the
generated error Jit L\ Y54 (“strict NA teacher”), where 7 is inserted between the
two tokens of the matched correct phrase Jig L \\Jt4E (“strict teacher”).

Representative E2Lw =LA
Correct Phrase (fun) (game)
Representative LWL PAY =LA
Error Phrase (fun) (NA) (game)
Matched &L L &
Correct Phrase (strict) (teacher)
Generated Bk L Ly AN b o
Error Phrase (strict) (NA) (teacher)

Figure 5-3: Mapping for an example syntactic rule representing the insertion of the
token 7 between an adjective and the noun it modifies.

9Note that ¢’ and e’ are not complete sentences; rather, they are phrases equivalent in length (in
tokens) to ¢ and e, respectively.
10T his rule is the same as the one shown in Figures [5-1| and
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5.3.2 Deletion

The deletion relation is the inverse of the insertion relation, and is represented as
* = DELETE(¢;). This relation indicates that the ith token of ¢’ is ignored (deleted)
and does not appear in €. An example of an error mapping containing a deletion
relation is shown in Figure [5-4] with the position of the deleted token denoted by the
half-shaded boxes in each of the correct phrases. Here, we have x = DELETE(¢),
indicating the second token of any matched correct phrase (e.g. 7 in the example)

is ignored when creating the corresponding error phrase.

Representative B PAY A
Correct Phrase (beautiful) (NA) (game)
Representative R A
Error Phrase (beautiful) (person)
Matched Bh LAY i}
Correct Phrase (quiet) NA) (town)
Generated 5 hH L))
Error Phrase (quiet) (town)

Figure 5-4: Mapping for an example syntactic rule representing the deletion of the
token 7 between a -na adjectives and the noun it modifies.

5.3.3 Preservation

The preservation relation is equivalent to a copy operation, and is represented as
e; = PRESERVE(c;). This shows that the jth token of €’ is simply equivalent to the
ith token of ¢’

Examples of preservation relations are shown in both Figures and as solid
arrows from the correct to error phrases. In Figure [5-3| specifically, we have ey =
PRESERVE(¢y) and e = PRESERVE(c;), which shows that the first and third

tokens of any generated error phrase € for that rule are equivalent to the first and
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second tokens of the matched correct phrase ¢’ from which € is generated.

5.3.4 Re-conjugation

The re-conjugation relation is represented as e; = RECONJUGATE(c¢;) and is used
when the token e; of the representative error phrase shares the same lemma as the
token ¢; in the representative correct phrase, but has a different conjugated form.

During error generation, this means that the jth token of € can be derived from
the ith token of ¢’ by searching a dictionary for a token that (i) has the same lemma
as ¢; and (ii) has the same conjugated form as e;.

The re-conjugation relation primarily used to represent conjugation errors of verbs
and adjectives, as for these errors, the value of the mis-conjugated token in a generated
error phrase € is dependent on the corresponding token in ¢’. The re-conjugation
relation is necessary to represent this this type of error, as the alternative, a pair of
deletion and insertion relations, will always result in the same token being added to

all generated errors,

Representative PR H=
Correct Phrase (quick) (car)
v l
Representative ®< =)
Error Phrase (quickly) (car)
Matched B AR
Correct Phrase (dirty) (clothes)
v l
Generated i5< AR
Error Phrase (dirtily) (clothes)

Figure 5-5: Mapping for an example syntactic rule representing the incorrect con-
jugation of an adjective into the adverbial form when the adjective is followed by a
noun.

An example error mapping for a syntactic rule representing a conjugation error

is shown in Figure [5-5 The conjugation relation is shown by the gray dashed arrow
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from the first token of each correct phrase to the first token of each error phrase.

In this example, we have the re-conjugation relation ¢y = RECONJUGATE(cy),
which indicates that the first token of any €’ is a mis-conjugation of the first token of
c’. In the representative phrases, ¢y is an adverbial form adjective while ¢ is a root
form adjective. Thus, for the example generated error, we that the adverbial form
5 < (‘dirtily”) is derived from 75\ (‘dirty”), the root form adjective present in the

matched correct phrase.

5.3.5 Substitution

The substitution relation is represented as e; = SUBSTITUTE(¢;) and complements
the re-conjugation relation. Specifically, it is used when the token e; of the representa-
tive error phrase shares the same conjugated form as the token ¢; of the representative
correct phrase, but has a different lemma.

The derivation for generated tokens for this relation is therefore similar to that of
the re-conjugation relation. Specifically, the jth token of €’ is derived from the ith
token of ¢’ by searching a dictionary for token that (i) has the same lemma as e; and
(i) has the same conjugated form as ¢;.

The substitution relation is used to represent errors in which a verb or adjective
is incorrectly replaced by a different verb or adjective with the same conjugation.
Again, this is used in place of an insertion/deletion pair as it impossible for a single
insertion relation to output different conjugations of the same lemma.

One common grammatical error that can be represented with the substitution
relation is the confusion of the verb d» % (“to be; to exist”), used for inanimate
subjects, with the similar verb \» % (“to be; to exist”), which is used for animate
subjects. The error mapping of a rule representing this error is shown below in
Figure [5-6l In the figure, the substitution relation is indicated by the gray dotted
arrow.

In the example, we have that ¢g = SUBSTITUTE(co), indicating that the first
token of € is the form of & % with the same conjugation as the form of V1% in the

first token of ¢’. Note that the rule not only encompasses the root form conjugation,
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Representative X H w3

Correct Phrase (dog) (GA) (exist)
I .
Representative X H H>
Error Phrase (dog) (GA) (exist)
Matched KE h Ly E3c R
Correct Phrase (friend) (GA) (exist) (masu)
I
Generated 7i1¥ N HY) 9
Error Phrase (friend) (GA) (exist) (masu)

Figure 5-6: Mapping for an example syntactic rule representing the substitution of
two “to be” verbs, \1 % and & %. The tokens written in gray boxes are not part
of either the matched correct or generated error phrases; they are shown to provide
context for the conjugation of the substituted verbs.

as in the representative phrases, but also the - £ 39 form, as shown by the generated

error phrase, and all other verb conjugations.

The error mapping of a syntactic rule can be derived algorithmically from the rule’s
representative phrases by comparing the the lemmas of each token. This process is
explained below.

Let €¢; = Eyq4[7,4] be the lemma of e; and let v; = Cyyyli, 4] be the lemma of
¢;. Then, for each €; the set of 7; is searched to see if any two are equivalent (e.g.

€; = i), and relations are added according according to the following logic:

1. If an equivalent lemma exists (e.g. Je; = v;), and the representative syntactic
tags corresponding to e; and ¢; are equivalent, the relation e; = PRESERVE(c;)

is added to the error mapping.

2. If an equivalent lemma exists, but the syntactic tags of e; and ¢; differ only in

the conjugated form, the relation e; = RECONJUGATE(¢;) is added.
3. If no equivalent lemma exists (e.g. ﬂej = 7,), but the conjugated forms of e;
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and ¢; are equal, the relation e; = SUBSTITUTE(c;) is added.

4. If none of the above conditions are satisfied, e; is treated as an insertion and

add the relation e; = INSERT (e;) instead.

Finally, once each of the e; are given a relation, for any tokens ¢; for which no

relations e; = OPERATION(¢;) exist, the relation * = DELETION(¢;) is added.

5.4 Character Syntactic Rules

While the above construction of syntactic rules is sufficient to represent most Japanese
grammatical errors, there are several types of common learners’ mistakes that cannot
be represented. Chief among these are mistakes that modify the spelling of a token,
resulting in either (i) an original and modified token that are syntactically unrelated,
or (ii) parsing errors within MeCab (e.g. due to the creation of out-of-dictionary
tokens).

An example of this is the spelling error in which a small - is dropped in the
middle of a noun'] A potential pair of representative phrases for a syntactic rule

with this mistake as its rule error is:
e=[\W oL x] c=[WL X]

Here the noun \M 5 L & (“together”) is misspelled as the unrelated \» L & (“will;
farewell note”). As the two tokens have different lemmas and no conjugation (as they
are nouns), the error mapping as described in Section cannot sufficiently model
the mistake; two unrelated tokens can only be mapped with an insertion/deletion
relation pair.

However, this and many other similar mistakes can instead be modeled as a set
of character-level edit operations. Therefore, we propose a natural extension of the

syntactic rule, the character syntactic rule, that allows for the representation of

HThe character - is used to indicate a doubled consonant sound and its accidental deletion is a
common mistake among Japanese language learners.
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these additional errors. The overall structure of character syntactic rules mirrors
that of syntactic rules, retaining the same construction of representative phrases and
requisite syntactic tags. However, an additional matrix of requisite characters is
added on as a further constraint on matched phrases. Furthermore, a new set of
character-level relations is defined to create a character error mapping, which

replaces the error mapping defined in Section [5.3] We overview these two changes

below in Sections [5.4.1] and [5.4.2] respectively.

5.4.1 Requisite Characters

The matrix of requisite characters, R4, functions in a similar fashion to the matrix
of requisite syntactic tags, Ri,y. It determines what set of specific characters any
correct phrase that matches to a character syntactic rule must have.

To construct Ry, we first determine C,,,,, the matrix of characters of c, the

representative correct phrase. Let ¢;; be the kth character of ¢;. Then, we have:

€0,0 €1 " Con—1

C1,0 Ciq1 - Cin—1
Cchar =

Ci—-10 C-11 *°° C—-1n—1

where [ is the length in tokens of ¢ and n is the maximum length (in characters) of
any of the ¢;. For any token ¢; with length m < n, the entries ¢;; for & > m are
zero-padded.

R 1ar 18 constructed by applying a binary mask, B j.., element-wise to the values

of C.par as follows:

Bchar o Cchar = Rchar

If Beparli, k| = 0, then Repar|i, k] = 0. This means that no constraints are enforced by
¢;, on an arbitrary matched phrase ¢’. Alternatively, if Boya,[7, k] = 1, then we have
that Renarli, k| = Cenarli; k] = ci is requisite. In this case, ¢’ must have ¢}, = ciy,

where ¢; ;. is the k'th character of the ith token of ¢’. Note that k' is not necessarily
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equivalent to k; the non-zero values of Rpa,[i,:] constrain ¢’ so that the pattern of
requisite characters Repq, [0, :] # 0 exists somewhere within ¢/, but not at any specific
index. More formally, the constraint enforced by R, on ¢’ is that the following

equation holds for each 0 < i < [:
Hh S.t. \V/k e Rchar[i, k] ?A O, C;,k+h - C;,k’ — Ci,k

Here h is considered the match offset of the matched correct phrase ¢’ relative to
the rule. This offset is used to guide the generation of the corresponding error phrase
e’ under the character error mapping defined in Section [5.4.2]

Consider now the aforementioned rule with representative phrases as follows:

e=\W1 oL k] c=[WnL X]

Representative
Syntactic Tags
Representative  Lvo L & E2E| -
Correct Phrase | (together) (noun)
Lo XA R
(general) (noun) 2
Matched
Correct Phrases LooZA 25 i
(debt) (noun)
=L 1Y %Ei.l N e
fz lénc:fr,al)( (noun) f: LWt <
Unmatched 2
Correct Phrases brok =5
(a little) (adverb) 2

Figure 5-7: Phrase matching for the example character syntactic rule representing
the deletion of the character - within nouns. Four candidate phrases that match to
the rule are shown below the first horizontal divider.

An example set of representative syntactic tags and representative characters for

this rule is shown in Figure . In the figure, the requisite (one-masked) and non-
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requisite (zero-masked) characters of each phrase are shown in normal and faded grey

text, respectively, at the far-right of the figure. Thus, we have:

Cchar =1\ 5 l/ J::| Bchar = |:0 1 0 0}

This results in:

Rchar = [0 > 0 0i|

which indicates that the constraint R, places on matches ¢’ to the rule is that
> be one of the characters ¢, of the first token of ¢’. This condition is matched
by three of the four candidate phrases of the figure, namely: \y 5 |[X A (“general”),
L ->&A (“debt”), and 5 k 5 & (“alittle”). Note that the match offset for \ - |
A is h = 0, while for the other two matches, it is h = 1. The last candidate phrase,
72\ ahr < (“university”) does not match the rule as the character - is not present in

the spelling of its first token.

Additionally, 5 k - & (“a little”) does not satisfy the constraint imposed by Ry,
that ¢ be a noun; hence, only the two candidate phrases VY 5 X A (“general”) and

L <> & A (“debt”) match to the rule.

As more 1 values are added to B .., the rule becomes more restrictive in matching
phrases. If more 0 values are present, the rule becomes less specific. This presents the
same optimization issue as for the matrix By, introduced in Section Thus, Bpar
is determined manually along the same informal criterion used to select the “optimal”

Biog-

5.4.2 Character Error Mapping

The character correction error mapping replaces the error mapping described in Sec-
tion [5.3] and serves the same purpose, defining how the rule error can be introduced
into an arbitrary correct phrase matched to the rule. However, instead of deriving the
tokens of the representative error phrase e from those of the representative correct

phrase c, the character error mapping instead derives individual characters of e from
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those of c.

The character error mapping is defined using three character-level relations: in-
sertion, deletion, and preservation. These largely mirror the relations of the same
names defined in Section [5.3] Specifically, each relation is represented as an equa-
tion €;,, = OPERATION(:C)H. This shows that given an arbitrary correct phrase ¢’
matched by the rule, and a corresponding error phrase €’ derived from it, the char-

acter ¢’

m = €jmth 18 derived from x, where x is either a constant character or some

character ¢}, = ¢, ., of ¢/, and h is the match offset of c'.

We define the three relations below:

Insertion

The insertion relation is defined as e;,, = INSERT(s), where s is a single character.

This implies that regardless of what ¢’ is, for €, we have ¢} ., = s.

Deletion

The deletion relation is the inverse of the insertion relation, and is represented as
* = DELETE(c; ), where s is a single character. This relation indicates that for a

given c’, ¢, is not used to derive any part of the corresponding e’.

Preservation

The preservation relation is represented as the equation e;,, = PRESERVE(¢; ), and

shows that that ¢}, ,, = ¢, ., for all ¢’ and corresponding €.

The character error mapping is constructed automatically by jointly iterating over
the characters of ¢ and e in order, and comparing their values. This is done according

to the following process, which begins with i = j = k =m = 0:

12The notation for €j,m is identical to that used for c; in the Section for the construction
of Cipar. It represents the m’th character of the jth token of e. We use similar notation for specific
tokens of ¢’ and €’ in the remainder of this section.
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Representative
Correct Phrase

Representative
Error Phrase

Ly

l

Ly

Matched
Correct Phrase

Generated
Error Phrase

Figure 5-8: Mapping for an example character syntactic rule representing the deletion

of the character - within nouns.

1. If k = length(c;) — 1, 4 is incremented by 1 and k is set to (']

2. If m = length(e;) — 1, j is incremented by 1 and m is set to 0.

3. If ¢;x = ejm, the relation e;,,, = PRESERVE(c; ;) is added and both k£ and m

are incremented by 1.

4. If ¢;f # €jm and €11 = ¢ jyp for some p > 1, the relation * = DELETE(c; ;)

is added and k is incremented by 1.

5. If ¢; 1 # €jm and €j 4y = ;41 for some p > 1, the relation e;,,, = INSERT(s)

is added and m is incremented by 1.

Additionally, during error generation, the preservation relation is implied for all

/

€;.m+n, that are not explicitly given a relation from the above. Specifically for the cases

(i) m < 0 or (ii) m > length(e; "] the relation e;,, = PRESERVE(c;y) is assumed

to be true, with k = m in the former case and k = m — (I’ — ) in the latter casd]

An example character error mapping for the aforementioned rule involving the

deletion of - is shown in Figure . In the figure, deleted characters are shown by

13The value of length(x), with z a token, is the number of characters within z.
1Such cases may occur if h # 0 or if length(c}) # length(c;).
15 As per previous notation, I’ is the length in tokens of €’ and [ is the length in tokens of c’.
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the half-shaded boxes in each of the correct phrases, while preserved characters are

indicated with solid arrows. Thus, we have the following relations:

« = DELETE(cy,)
e0.0 = PRESERVE(cq,)
ep1 = PRESERVE(cy )
ep2 = PRESERVE(cy3)

Note that for the matched phrase shown in the figure, L < - & A (“debt”), we have
that h = 1; hence, no relation is given for e; ;, where m = —1. Thus, the preservation
relation ey ; = PRESERVE(cy ;) is inferred and we have that e;, = ey ., =

Co._14n = Coo- This allows us to generate the corresponding error as the word L <

XA (“reward”).
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Chapter 6

Parallel Data Synthesis

In this chapter, we overview the process for constructing parallel error-correct sen-
tences from the syntactic and character syntactic rules described in Chapter 5] We
describe the process for a single rule in the following sections; however, note that
in constructing a full synthetic training corpus, this process is repeated for multiple

rules.

6.1 Sentence Matching

The first step of the data synthesis process is the extraction of correct phrases match-
ing to the rule from an arbitrary corpus of correct Japanese. This is accomplished
by first parsing the entire corpus through MeCab to construct for each sentence (i)
a vector of the sentence’s tokens and (ii) a matrix of the sentence’s syntactic tags.
The former of these is used for the error generation process described in Section
while the latter is used to check candidate matched phrases to see if they satisfy the
constraints enforced by the requisite syntactic tags of the rule. In addition, the char-
acters of each sentence are compiled into another matrix to test candidate matched
phrases against constraints enforced by requisite characters if the rule is a character
syntactic rule.

We now consider this process for a single sentence s; however, note that in practice,

the entire matching process is done in parallel across all sentences of the corpus. Let
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the tokens outputted by MeCab for s be compiled into a vector x as follows:
X = ['rOa T, -0y xm]

where x; is the ith token outputted for s and m is the length (in tokens) of s.

Then, syntactic tags outputted by MeCab for s are formed into a matrix T as

follows:
T = [to, 61, -, bm) "

Here, t; is a vector of five of the syntactic tags corresponding to the token x;. t; is
constructed in a format identical to that of the t; presented in Section E|

Finally, a matrix of the characters of s, represented as C, is constructed as follows:

ZToo Toa1 " Ton

Tio T11 - Tin
C =

Tmo Tm,1 *° Tmn

Here, z; is the kth character of the ith token of s, and n is the maximum length (in
characters) of any of the tokens x;. In a similar fashion to the matrix C.,, described
in Section [5.4.1] the matrix is padded with zerof]

Correct phrases that match to the rule are then extracted by performing a rolling

search of stride 1 over s. Consider a candidate matched phrase ¢’ beginning at the

!Specifically, we have that each ¢; j of t; is the tag outputted for the following features:

tio — el (“part-of-speech”)

ti1 — thanf 2 H1 (“part-of-speech sub-category 17)

tio — WY (“inflection form”)

tis = W (“base form”)

tia — JEFZ (“lemma”)

ZSpecifically, for any token z; of length n’ < n, each of the entries z; ) of C with k > n’ are
assigned a value of 0.
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index 7 of s. In other words, let:
C, = [xjwrj-i-h T 'axj-i-l—l]

where [ is the length of c, the representative correct phrase of the rule. Then, we

have that ¢’ corresponds to the slice T[j : j + ] of T, where T[j : j + ] is as follows:
T j+1 = [t 01 t0a]”

As mentioned in Section [5.2} ¢’ matches to the rule if its corresponding syntactic tags
C'yqq satisty the conditionﬂ:
C/

tag © Btag = Rtag

where By, is the binary mask array used to produce the rule’s requisite syntactic
tag matrix, Ry,y. Thus, ¢’ matches to the rule if the above equation is satisfied for
Clog =Tl :J +1]

If the rule is a character syntactic rule, the additional constraints enforced by the

rule’s requisite Charactersﬁ are also checked. This is done by comparing the slices

/char = C[j ]+l]

L35,0 Lj1 T Ljn
:L‘ . x . o« . . :L’ .
. . 7+1,0 J+1,1 J+1ln
Clj:j+1 =
LTjt1-1,0 Tj+i-1,1 ~°° Tjti-1n

corresponding to ¢’ to the requisite character matrix, Repq,, of the rule. ¢ still

matches to the rule if the following is true for each 0 < i < [:

dh st. Vk e Rchar[ia ]C] 7é nyj—&-i,k—i-h = Cik

3Note that o denotes the element-wise or Hadamard product between the two matrices.

4See Section
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In other words, for each token z,;; of ¢/, there must exist some match offset h so

that the characters of z,4; align with the requisite characters of the rule.

6.2 Error Generation

Once all matches ¢’ to the rule within the corpus have been found, a corresponding
error phrase € is generated for each match. If the rule is a syntactic rule, this is done
by applying the relations of the rule’s error mapping to c’, in the manner described
in Section [5.3] If the rule is a character syntactic rule, the relations of character error
mapping, as described in Section [5.4.2] are used instead.

Finally, the new parallel sentence pair is generated. As before, let s be the sentence

from which ¢’ originated, and let

c = [:Uj7xj+17 o '7xj+l71]

where j is the index where ¢’ begins in s and [ is again the length of the representative
correct phrase c of the rule. Then the parallel error sentence, s..., is obtained by
replacing the tokens of s comprising ¢’ with the tokens of €. In other words, if s is

given as the tokens

/
X = [x07‘1.17 oy Ti—1,C LT, Ty

then s, is constructed from the tokens

/
Xerr = [370,.%1, i Xj-1,€, 540, '7xm]

The final synthesized corpus is obtained by aggregating all pairs of s and s,

generated across the set of rules.
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Chapter 7

Experiment

In this chapter, we describe the experiment we run to test the efficacy of the proposed
data synthesis framework. In Section[7.1] we review the overall design and goals of the
experiment. In Section [7.2] we introduce the datasets used to train and evaluate our
experimental models. In Section [7.3], we present the architecture used to construct
each of the trained NMT models. Finally, in Section [7.4], we overview the metrics

used to evaluate the trained models’ performance on the evaluation datasets.

7.1 Experimental Design

Our primary experiment is intended to evaluate our data synthesis framework with
regards to three main goals: (i) improving Japanese GEC system performance through
the expansion of existing training corpora, (ii) the successful targeting and correcting
of specific Japanese grammatical errors, and (iii) the training of a reasonable Japanese
GEC system in the absence of real-world training data. The latter of these two goals
correspond to the two gaps in the applicability of current AEG methods as identified
in Section 2.2

To accomplish this, we synthesize a parallel training corpus using our data synthe-

sis framework and use this to expand the existing Japanese Lang-8 corpud] Specif-

ISee Section
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ically, we first sample error-correct sentence pairs from the Teacher Corpusﬂ7 to craft
362 syntactic and 38 character syntactic rules. Then, using the Yourei COFpUEE' as a
source of correct Japanese sentences, these 400 rules are used to generate over 150
million parallel sentence pairs using the data synthesis process described in Chapter
In the following sections, we refer to this collection of synthesized sentence pairs

as the original synthetic corpus.

Then, to test the first goal, we train two models: (i) a model trained on an
expanded training set containing both Lang-8 and synthesized pairs and (ii) a model
trained using just the Lang-8 data alone. Both models are constructed with a standard
out-of-the-box NMT architecture representative of recent GEC systems. The two
trained models are then evaluated on a set of evaluation corpora that includes the
Teacher corpus. Finally, we compare the relative performances of the two models to
determine if data synthesized by our framework can improve the corrective ability of

Japanese GEC systems.

To test the second goal, we divide the primary evaluation set into subsets based on
the individual rules used to construct the synthesized data. Specifically, for each rule,
we determine the set of evaluation sentence pairs containing the rule error, and check
the relative performances of two models. Ideally, if the synthetic data is effective in
targeting specific rules, the model trained with the additional synthetic data should

perform better on these sentence pairs.

Finally, to test the third goal, we train an additional model of the same architec-
ture using only the newly synthesized data and test determine its overall performance

on the evaluation sets.

2See Section
3See Section
4Samples of these synthesized sentences are shown for four of the 400 rules in Appendix
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7.2 Datasets

7.2.1 Training Sets
We compile three different training sets, one for each of the trained models. These

are as follows:

e synthetic training set - 2,179, 569 sentence pairs obtained via stratified sampling

from the original synthetic corpug?]

e Lang-8 training set - 1,609, 250 sentence pairs randomly sampled from the Lang-

8 corpus.

e merged training set - Dataset of 3,788,819 sentence pairs formed by merging

the above synthetic and Lang-8 training sets.

7.2.2 Development Sets
We compile three development sets to aid in final model selection, as follows:
o synthetic development set - 124,576 sentence pairs obtained via stratified sam-

pling from the original synthetic corpus. Each of the sentence pairs is distinct

from any in the synthetic training set.

e Lang-8 development set - 89,402 randomly sampled sentence pairs from the

Lang-8 corpus not used in the Lang-8 training set.

e merged development set - Dataset of 213,978 sentence pairs formed by merging

the above synthetic and Lang-8 development sets.

5The sampling method used preserves the relative frequency of matched correct pairs of each rule
in the source (Yourei) corpus. In other words, if Rule A matches = phrases in the Yourei corpus
and Rule B matches y phrases, then the sampling method satisfies the equation =’ > 3/, where x’ is
the number of sentence pairs sampled from the data synthesized using Rule A, and ¢’ the number
of sentence pairs sampled from the data synthesized using Rule B.
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7.2.3 Evaluation Sets

Finally, we construct three different evaluation sets, as follows:

e teacher evaluation set - All 6,375 sentence pairs of the Teacher corpus. As
many of the error sentences are given multiple possible corrections, this dataset

contains only 4, 375 unique error sentences.

e Lang-8 evaluation set - The remaining 89,402 sentence pairs from the Lang-8
corpus not used in either the Lang-8 training or development corpora. Account-
ing for error sentences with multiple given corrections, there are 88, 768 unique

error sentences.

e synthetic evaluation set - 146, 388 sentence pairs obtained via stratified sampling
of the original synthetic corpus. Each sentence pair is distinct from any in the
synthetic training or development corpora. Additionally, each error sentence is

unique, resulting in 146, 388 unique error sentences.

As mentioned in Section [2.4] we consider the teacher evaluation corpus to be our
primary evaluation set as its sentences most closely resemble the data that would be
seen in a real-world GEC system. This is due to the stylistic similarity between the
Teacher corpus sentences and Japanese learners’ writing in the classroom setting.

We reserve portions of the Lang-8 and original synthetic corpora for the remaining
two evaluation sets to show the impact that stylistic differences in Japanese can have

on the ability of Japanese GEC systems to generalize effectively.

7.3 Models

We use the FConv module of Facebook AI Research’s open-source Python library,
fairseq [23] as the basis for our trained models. This module implements a convolu-
tional sequence-to-sequence (seq2seq) model that we consider a reasonable candidate

to represent current Japanese GEC systems.
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A convolutional seq2seq model is comprised of two jointly trained convolutional
neural networks (CNNs), an encoder network that processes an input sequence into an
embedded state, and a decoder network that uses that embedded state to generate the
output sequence. A detailed overview of the the convolutional seq2seq architecture is

given in the original paper that introduced it [9].

In our selected model architecture, both the encoder and decoder networks are
7-layer CNNs with identical structure. In both networks, the first three layers have
192 convolutional units, the following two layers have 384 units, and the final two
layers have 768 units. All of the convolutional units are set with a window size of
3 and a stride of 1. Moreover, a dropout layer with a dropout probability of 0.15 is
added after each convolutional layer and the decoder’s output. Finally, an embedding

size of 192 is used for the encoder input, the encoder output, and the decoder output.

7.3.1 Training

We use MeCab to tokenize each training set and then apply fairseq’s built-in pre-
processing script to limit the vocabulary size to 50,000 tokens for both the source
(error) and target (correct) data. Tokens outside the vocabulary are replaced with

the library’s default “<unk>" unknown token.

We then train three models of the above architecture, one on each training set.
Each model is trained for 30 epoches using fairseq’s built-in training script on a pair
of NVIDIA RTX 2080 GPUs. The learning rate is set to the default value of 0.1, and
a batch size of 64 is used. To speed up training, we opt to use half-point floating point
precision. For each model, we select the best-performing epoch on the corresponding

development set] to use as the final model during evaluation.

6The development set for the model trained on X training set of Section is the corresponding
X development set of Section For example, the model trained on the synthetic training set is
validated using the synthetic development set.
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7.4 Metrics

Though the current standard metric used in evaluating GEC models is the MaxMatch
scorer [5], no gold-standard edit labels exist for any of our evaluation sets. Thus, we
use the GLEU score [20] as our primary evaluation metric, as it provides a reasonable
estimate for a model’s aggregate corpus across each corpus.

In addition to the GLEU score, for both the synthetic and Teacher evaluation sets,
we also report each model’s phrase-level binary accuracy, which is calculated as
follows:

Let e; be the jth error sentence of an evaluation set, and let {c;,,cj,, - -c;,} be
the set of reference corrections corresponding to e;. Moreover, let e; and c;, be the
tokenized error and correction phrases demarcated within e; and c;,, respectively[].

Then, the for each e;, a binary accuracy value p;, is outputted as follows:

e p;, = 1 if the model aligned to e matches exactly with any of the possible

corrections, {le, Cjyy 'Cji}
e p; = 0 if the aligned model output does not match any c;,

The overall phrase-level binary accuracy for the evaluation set, p is then calculated
by averaging the above binary values over the set of unique error sentences. In other

words:
> i Pj

n

2_9:

where n is the number of unique error sentences in the evaluation set.

We choose to report this metric as a phrase-level metric is better able to capture
localized grammatical errors when compared to a metric calculated on a sentence-
level (e.g. GLEU). This is especially relevant to the teacher evaluation set where
most sentence pairs contain just a single error.

We extract the error/correction phrase boundaries for the teacher evaluation set

from the pre-existing annotations. For the synthetic evaluation corpus, these bounds

"Note that e; is assumed to contain all the errors within e; and c;, all the corresponding cor-
rections within ¢;,. Hence, each sentence e; or c;;, is expected to contain only one demarcated
phrase.

72



are derived from the bounds of ¢’ and €' as defined in Section [6.2} Since no phrase
boundaries exist for the Lang-8 corpus, we use entire sentences as phrases instead

(e.g. €j =e; and ¢, = ¢j,).
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Chapter 8

Results and Discussion

In this chapter, we introduce and discuss the results of our experiments. We begin in
Section with the overall results recorded on each evaluation set. Then, in Section
we divide the teacher corpus into in-rule and out-of-rule subsets and re-analyze
each model’s performance. Finally, in Section 8.3 we look at the models’ performance
on individual rules.

We report and discuss the results of each trained model under aliases as follows:
e Synthetic - Model trained on only the synthetic training set
e Lang-8 - Model trained on only the Lang-8 training set

e Merged - Model trained on the merged training set that combines both Lang-8

and synthetic data

For additional comparison, we also report results for a NULL model, which simply

outputs the input it receives.

8.1 Overall Results

We calculate the GLEU and phrase-level binary accuracy values for each of the trained
models on the three evaluation sets in Table[R.Ilbelow. The values for the two metrics

are reported in the columns labeled as “GLEU” and “Acc”, respectively, and the
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evaluation set each metric corresponds to is given by the parentheses in the top row.
Note that the phrase-level accuracy is actually equivalent to a sentence-level statistic

for the Lang-8 evaluation set as no specific error/correction bounds are given.

(Teacher) (Synthetic) (Lang-8)
Model GLEU | Acc GLEU | Acc GLEU | Acc
NULL 0.610 0.043 0.904 0.064 0.766 0.299
Synthetic 0.660 0.484 0.970 0.835 0.690 0.202
Lang-8 0.699 0.449 0.775 0.134 0.836 0.487
Merged 0.726 0.559 0.977 0.843 0.838 0.493

Table 8.1: Performance of trained NMT models on the three evaluation sets. The
performance of the best model for each metric is shown in bold.

In general, the merged model'| appears to exhibit the best performance, achieving
the highest value for both metrics in each evaluation set. This result suggests that
the data synthesized by our framework is effective at improving the performance of
GEC systems. Indeed, we can conclude that the merged model is able to correct most
if not all of the same errors as the Lang-8 model, as it achieves slightly higher GLEU
and phrase-level accuracy on the Lang-8 evaluation set. Moreover, we can infer that
the model is able to correct many errors that the Lang-8 model cannot, as evinced by
the significant discrepancy in the GLEU and phrase-level accuracies on the teacher
evaluation set.

Additionally, on the synthetic evaluation set, while both the merged model and
the synthetic model perform very well, with each model reporting over 80% phrase-
level accuracy, the Lang-8 model reports quite poor accuracy and actually performs
worse than the NULL model when the GLEU score is considered. This is most
likely a generalization issue, as the synthetic data that the first two models train on
is nearly identical to that of the evaluation set, whereas the sentence pairs of the
Lang-8 training set are dissimilar. This generalization issue also explains the poor
performance of the synthetic model on the Lang-8 evaluation set. Together, these
observations imply that any model trained using only our synthetic data will only

perform well when similar data (i.e. data resembling the training data) is inputted.

IFor the purposes of brevity we refer to each model with the same alias as used in the data tables.
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Finally, the extremely high GLEU scores reported for the synthetic and merged
models on the synthetic evaluation set showcase how this metric can be misleading
when both error and reference correction sentences are nearly identical. This is true
for both the teacher and synthetic evaluation sets, due to localization of errors in
both sets. This suggests that we should consider the phrase-level metric to be more

informative for those two evaluation sets.

8.2 In-rule vs. Out-of-rule Rules

One of the hidden abilities of our data synthesis framework is the ability to essentially
“classify” phrase pairsﬂ Specifically, given a correction phrase ¢ and corresponding
error phrase e, let {R1,Ra,- -, R;} be the set of rules for which c is a match. Fur-
thermore, let e; be the error phrase created by applying the error mapping of R; to
c. Then, if e = e; for some i, we can conclude that the grammatical error of e is
equivalent to the rule error of R;, and that R; thus “represents” the pair of ¢ and e.
In this way, for some sentence pairs, we can determine the exact error type contained
in the error sentence.

Extending upon this idea of rule representation, intuitively, if a rule R; is used
to generate part of a synthetic training set, we can expect that a model trained
on that corpus to perform well on error-correct sentence pairs represented by it R;.
Conversely, for sentences pairs not represented by any R;, we should expect rather
poor model performance, since the synthetic corpus does not contain the grammatical
errors of the error sentences.

This implies that we can split our evaluation sets into two distinct subsets as

follows:

e an in-rule subset consisting of the unique error sentences e; with reference
corrections {c;,, ¢j,, - - -¢c;, } for which some sentence pair (e;, ¢;,) is represented

by one of the 400 rules used in the construction of the synthetic training set.

2Note that this is not unlike the way in which the rule-based models originally developed for
GEC functioned; however, in this case the classification is done a sentence pair, rather than just the
error sentence.
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e an out-of-rule subset consisting of the remaining unique error sentences that

are not part of any error-correct pair represented by some rule.

Within this split, we would expect the merged and synthetic models (e.g. the models
trained with some synthetic data) to perform significantly better on the in-rule subset
than the out-of-rule subset.

We therefore split our primary evaluation set, the teacher evaluation set, into
in-rule and out-of-rule subsets as above. The resulting in-rule subset contains 2,651
of the 4,375 unique error sentences; the out-of-rule subset therefore contains 1,724
unique error sentences. The GLEU and phrase-level binary accuracy values of each

trained model on the these two subsets are given below in Table [8.2]

(Overall) (In-rule) (Out-of-rule)
System GLEU | Acc GLEU | Acc GLEU | Acc
NULL 0.610 0.043 0.618 0.049 0.603 0.059
Synthetic | 0.660 0.484 0.810 0.714 0.547 0.131
Lang-8 0.699 0.449 0.767 0.547 0.646 0.298
Merged 0.726 0.559 0.817 0.692 0.654 0.355

Table 8.2: Performance of trained NM'T models on the teacher evaluation set. Values
for the GLEU and phrase-level binary accuracy metrics are shown over (i) the overall
evaluation set, as well as the (ii) in-rule and (iii) out-of-rule subsets.

Confirming the above hypothesis, we find that there is a significant discrepancy
in the performance of the merged and synthetic models on the in-rule vs. out-of-rule
subsets of the teacher evaluation set, with both models performing far better on the
former subset than on the latter. Moreover, the synthetic model actually achieves
the highest phrase accuracy on the in-rule subset by a significant margin. These
observations both suggest that models trained using our synthesized data learn to
correct most of the grammatical errors present in that training data. In other words,
we can expect that if we construct synthetic data using rules containing a grammatical
error X, a model trained using that synthetic data will correct most instances of X.
Consequently, this also implies that the performance of such a model could easily be
increased by using a more comprehensive rule set, since our rule-based framework is

not constrained to any specific set of rules.
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The high performance of the synthetic model on the in-rule subset also demon-
strates that even in the absence of natural parallel training corpora, our synthesized
data can be used to train a relatively successful GEC model. Such a model would not
generalize well to grammatical errors outside the training corpus, as demonstrated
by the synthetic model’s low accuracy on the out-of-rule subset. However, in an ex-
tremely data-scarce environment, this model would still be a significant improvement

on any alternative models that could be developed.

Finally, we find that the Lang-8 model also performs better on the in-rule subset
on both metrics. This interesting observation suggests that the grammatical errors of
the in-rule error sentences are either well-represented within the Lang-8 training set
already or relatively easy to correct. Either of these hypotheses are reasonable, given
that the seed corpus of the syntactic rules, the Teacher corpus, is itself inspired by

common learners’ mistakes.

8.3 Individual Rule Results

We also use the idea of rule representation to analyze the performance of the trained
models with respect to individual rules. This is important as different rules represent
grammatical errors of differing complexity. For example, consider the relative diffi-
culty of the rule errors of token-specific vs. token-independent rules, which we

distinguish as follows:

Let R; be a syntactic rule and let C; = {c;,,ci,," - -c;;} be the set of of all
theoretical phrases that match to R;. Note that c¢;; is a phrase that satisfies the
syntactic requirements to match to R;, but does not necessarily have to occur in
correct Japanese text. Then, let E; = {e;,,e;,,- - -€; }, where e;, is the error phrase
generated from c;,. In other words, E; is the set of all possible error phrases that could
theoretically be generated using R;. Given this, we consider R; to be token-specific
if there exists some grammatically correct e;, within E;; otherwise, we consider R; to

be token-independent.
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An example of such a rule is given by the representative phrases as follows:
e=[K, =, hxs] c=[ICE ». hx 2]
In English these are:
e = [class, WO, begin] c¢ = [class, GA, begin]

This rule represents a common particle substitution error in which a nominative
marker H* that follows a noun and precedes a verb, is replaced by an accusative marker
% . However, in correct Japanese, transitive verbs such as #fis % (“to start”) are
supposed to be marked by %, meaning that the above substitution is only erroneous
for intransitive verbs like 7 £ % (“to begin”). Conversely, this also means that the
ideal correction implied by the rule (the swapping of % back to h*¥) cannot be blindly
applied to any error phrase € matching the rule, as this would introduce new errors
if € contains a transitive verb. Thus, the validity of the above rule to a given error
phrase € depends on the specific tokens of eﬁ.

An example of a token-independent rule is the example rule used throughout

Chapter 5| with representative phrases as follows:
e=[FLWw, %, 7—L4L] c=[FLw, 7F—1]

In English:

e = [fun, NA, game|] c¢ = [fun, game]

This rule represents the insertion of the copula particle 7 in between a root-form
adjective and the noun it modifies. This insertion is always grammatically incorrect,
regardless of which noun-adjective pair is considered, making the validity of the rule

to a given error phrase €' independent of the specific tokens of €’.

3Note that while the phrase ¢/ = [{%3£, b, IG& 5], resulting in e = [, &, fHH 3], ¢’ is
not observed in correct Japanese. Hence, no grammatically correct error sentences will be generated
for token-specific rules during data synthesis. This problem therefore does not concern the error
generation component of our framework and is only relevant during model inference and analysis.
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Rule | Representative | Rule Explanation n | Accg | Accy | Accy

+# Phrases
(Error = Correct)

Token-specific Rules

1 Z ez 5 = | verb-particle agreement | 51 | 0.490 | 0.431 | 0.588
CETHAZS error

2 NAZHL = verb-particle agreement | 43 | 0.605 | 0.698 | 0.884
INANCHE S error

3 JREZHED = verb-particle agreement | 43 | 0.442 | 0.581 | 0.674
FENG £ % error

4 BT UL verb-particle agreement | 36 | 0.333 | 0.611 | 0.667
[0 2 i C S error

5 Ahid 5 = subject-verb agreement | 30 | 0.700 | 0.667 | 0.867
AN\ 5 error

Token-independent Rules

6 ->7< = conjugation error, 103 | 0.835 | 0.485 | 0.787
M connecting-form verb

7 E5%EL = conjugation error, 84 | 1.000| 0.655 | 0.917
En £ L ¥ 9 -form verb

8 L WTL /= = | conjugation error, 48 | 0.979| 0.938 | 0.896
HEL b7 past-tense adjective

9 HWor—% = | particle insertion error | 44 | 0.910| 0.704 | 0.523
Hwr—x

10 HEEHE = particle deletion error | 39 | 0.821 0.333 | 0.744
I 2 7 2

Table 8.3: Phrase accuracy of trained NMT models on selected token-specific and
token-independent. The accuracies for the synthetic, Lang-8 and merged models are
given in the columns “Accg”, “Accy”, and “Accy,”, respectively. The values in the
column labeled “n” denote the number of unique error sentences represented by each

rule.

7 7

Intuitively, we should expect the grammatical errors of token-specific rules to
be more difficult to correct, as we can these rules are usually dependent on token
characteristics that are not representable with only syntactic information (e.g. verb
transitivity). Such characteristics are highly context-specific and should therefore
be more difficult for models to distinguish. To confirm this idea, we determine the
subsets of the teacher evaluation set represented by each rule. Then, we calculate
the phrase-level accuracy of the three models on the subsets corresponding to 5 well-

represented rules of each category (token-specific and token-independent) in Table
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8.3 samples of the models’ outputs on some of these individual rules are given in
Appendix

Overall, the results show that the synthetic and merged models generally perform
better on token-independent rules than on token-specific rules. Though the dichotomy
is not as apparent for the Lang-8 model, in general the data reaffirms the above
expectations of the relative difficulties of the two categories.

Importantly, the data also suggests that it is possible to learn most of these token-
specific rules from the synthetic data. Indeed, the synthetic model corrects a little
over half of all sentence pairs represented by a token-specific rule. Moreover, the
merged model improves upon the performance of the Lang-8 model in all five token-
specific rules. The latter observation suggests that our synthesized data can be used
to improve the performance of GEC systems even on relatively complex errors.

Currently, several complex error types, such as those that involve long-distance
relations between tokens, cannot be represented in our frameworks. However, if these
are eventually incorporated, this observation implies that significant improvements
to model performance on these specific errors could be obtained. This is important,
given that many of these currently unrepresentable errors are among the ones that
models struggle to learn the most.

Interestingly, the synthetic model outperforms the merged model in all five of the
token-independent rules. This is particularly apparent for Rule 9, which represents the
common particle insertion error where the possessive marker @ is inserted between
an adjective and the noun it modifies. Given the expected lower difficulty of token-
independent rules, it is somewhat surprising that the merged model struggles to
correct this particular grammatical error especially when the remaining two models,
in particular the synthetic model, outperform it. This suggests that some fine tuning
of the training scheme is needed to fully realize the potential of the above architecture.
Thus, the reported performances of the trained models in this chapter could likely be

improved upon significantly.
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Chapter 9

Conclusion

The scarcity of existing parallel training corpora is currently the greatest limiting
factor on the performance of GEC systems. This data scarcity problem is especially
acute in Japanese GEC, where only one parallel corpus of significant size, the Lang-8
corpus [18], is publicly available. To address this challenge, in this thesis, we proposed
a framework for synthesizing parallel error-correct sentences for Japanese GEC.

We evaluated the efficacy of our framework by first training two GEC models,
each with the same standard NMT architecture, on two different training datasets: a
training set derived from the Lang-8 corpus, and a training set created by augmenting
the Lang-8 data with addition synthesized sentences. We then evaluated the two
models on a novel evaluation corpus to determine if our synthesized data could be
used to improve the performance of Japanese GEC systems.

Our main result shows that the addition of our synthesized data does significantly
improve the predictive performance of the standard NMT architecture. Moreover, we
show that our framework can be successfully applied to two primary use cases that are
not readily covered by existing approaches to AEG. Firstly, we show that the proposed
approach can be used to target specific grammatical errors by demonstrating that the
model trained on the augmented dataset corrects grammatical errors represented in
the synthetic data but not in the Lang-8 corpus. Additionally, we show that our
framework can be used in the absence of existing parallel training corpora by training

a third model using only our synthesized data. We find that such a model is successful
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in generalizing to sentences containing grammatical errors represented in the synthetic

data.

9.1 Challenges and Limitations

Despite the positive results, our framework has a number of limitations. For instance,
a significant amount of manual work required to craft each individual syntactic. As
shown in Chapter 5] while some parts of a syntactic rule can be derived algorithmically
from seed sentence pairs, there are still several steps (namely the determination of
the extent of the representative phrases and the requisite syntactic tags) that must
be done by a human. We believe that it may be possible to automate even these
processes with a clever optimization formulation; however, this will be a significant

challenge, and is beyond the scope of this work.

Moreover, the current framework does not account for sentences with multiple or
co-dependent errors. This is problematic, as natural learners’ text (e.g. like that
of the Lang-8 corpus) is not limited to a single error per sentence, as is true of
the synthesized data. We believe that an extension to allow for the generation of
error sentences containing multiple, complex errors is entirely feasible, and hope to

approach this in future work.

Finally, our proposed framework is heavily dependent on the parsing ability of
MeCab, as it relies on the morphological analyzer for all tokenization and syntactic
tagging. As a result, when MeCab encounters a parsing error, both the rule construc-
tion and error generation components of our framework fail. This is problematic for
many potential edge cases, including sentences that are primarily composed of kanaEL
for which the token boundaries MeCab outputs are often inconsistent and even non-
sensical. Unfortunately, alternatives to MeCab that resolve these deficiencies exist,

and our framework can therefore not be adapted to account for these edge cases.

Tt is not uncommon for Japanese language learners to write without the use of Kanji; hence this
edge case would not be uncommon in real world data.
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9.2 Future Work

In addition to the proposed solutions to the challenges above, there are many areas
in which this work can be expanded upon. For example, the construction of syn-
tactic rules could be converted into a regular expression-like syntax and allow for
the representation of complex long-distance errors such as tense-agreement errors.
As current GEC models often struggle to correct these types of errors, we believe
that an expanded framework could be used to target these errors and improve model
performance.

Additionally, the classification ability of our framework could also be used to anno-
tate model outputs. For example, if the pair of a learner’s input ¢ and corresponding
model output e are represented by a given syntactic rule, text explaining the rule er-
ror could be displayed to help teach the learner exactly why they were mistaken. We
imagine that this form of in-depth feedback would be of immense use in any deployed
Japanese GEC system.

And finally, while this framework was designed with Japanese GEC in mind, the
ideas and concepts that motivate it are not unique to Japanese. In particular, we
believe a similar approach could easily be formulated for Korean, as the language is
both syntactically similar to Japanese and since a Mecab variant for Korean already
exists.

Ultimately, we hope that the data synthesis method proposed in this thesis can
enable the development of future models and research in Japanese GEC, as we believe
that a mature Japanese GEC system would be of great benefit to Japanese language

learners.
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Appendix A

Sample Synthesized Data

In this appendix, we provide sample parallel error-correct sentences from the original
synthetic corpusE] created for our experiment. Each of the four tables below represents
data synthesized using one of the 400 syntactic or character syntactic rules. The
sentences of each table are labeled as E{n}, C{n}, TE{n}, or TC{n}. The integer
value of n indicates that this is the nth sentence pair generated for the rule of the
table.

The abbreviations E, C, TE, and T'C indicate the following:

e I/ - Error sentence of the sentence pair

C' - Correct sentence of the sentence pair

TFE - English translation of the error sentence of the sentence pair

TC - English translation of the correct sentence of the training pair

Additionally, the matched correct phrases ¢ and corresponding generated error
phrases € for each sentence pair are denoted by green and red text, respectively. For
tables concerning character syntactic rules, the translations for € and ¢’ are given
first as their romaji equivalents followed by the phrases’ actual English translations
immediately afterwards in parentheses. Finally, non-words or words with no English

translation are given as “N/A”.

ISee Section
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Label | Sentence

E2884 | L FNREDPHMRITHNDLDOTHY . A5 T AT I2=K—7
17> 72 NZURTIC X — 7 b oSO viG X 5 7=

C2884 | L FNREDPHRIH VLA THY . £ 52 Y A2 I2=K-T
1T 72 NZ ] S HNTIC X — 7 b o#XF )G X - 7=

TE2884 | The relationship with the Lenape people being weak, the murders carried
out by the Dutch in Communipaw were the kikake (“N/A”) of Kieft’s war.

TC2884 | The relationship with the Lenape people being weak, the murders carried
out by the Dutch in Communipaw were the kikkake (“start”) of Kieft’s
war.

E2071 | HZETEHEITZEIFICTHIETT L.

C2071 | HZ CTE LT ZESIZICTH I ETT L,

TE2071 | (That’s) to make your head as karapo (“N/A”) as possible

TC2071 | (That’s) to make your head as karappo (“empty”) as possible

E1354 | £ 2CREEIL. HHEWVWL XIZ. COPFEV I ZEmZIH TS
DT

C1354 | € 2CREEIE. HlHE L L X2 CoOFFEV) ZezEIHTW
5DTY,

TE1354 | That’s where the Constitution defines, isho (“will; farewell note”) with
freedom, this thing called equality.

TC1354 | That’s where the Constitution defines, issho (“together”) with freedom,
this thing called equality.

E9562 | gICnhr > T EH0DEIVITVICHNE TV,

C9562 | igIClulhr > T EH5DFI V5 ITVICHRE N LT,

TE9562 | Facing the sea, both doors were open in ipai (“N/A”).

TC9562 | Facing the sea, both doors were open in ippai (“full”).

E8936 | kI FE S o U< L Tkt & /=,

C8936 | feIIMFnte> 7= U5 <D L Tkt & 72,

TE8936 | Wondering what had happened, he jumped awake, bikuri (“N/A”).

TC8936 | Wondering what had happened, he jumped awake, bikkuri (“surprised”).

Table A.1: Sample data synthesized using a syntactic character rule representing the

deletion of the character » within a noun. This is the same rule as the one displayed
in Figure . - is used to represent a doubled consonant sound, and is represented
as such in the English translations.
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Label Sentence

E59864 | A S AIPAN W hTA TEIV Y. HE T LD E ZHhh b5 L
L,

C59864 | A S AW HATEIND, EE T EZA S5 L,

TE59864 | Kami-san’s face may be distorted and ugly, but he’s seems to be frank
and have good NO points.

TCH9864 | Kami-san’s face may be distorted and ugly, but he’s seems to be frank
and have good points.

E232 CORICE ST, Brxo L WO ZEZSbNIHSVWTHESL
FIORITLN— =R UV RWIT T2,

C232 COWICHE ST, BrobiiilWwirZesbN{H5WVWTHES X
RN N =R S UIV LW T,

TE232 At this age, you shouldn’t have so soft a heart that you would be hurt
if you were told some tough NO words

TC232 At this age, you shouldn’t have so soft a heart that you would be hurt
if you were told some tough words

E59663 | /I THABICITRITIE. WOLDEEFTHTERWES S,

C59663 | £/JTIHBICITR L. WOIEETHTERWES S,

TE59663 | Unless you try to win with all your strength, it won’t be a good NO
contest.

TC59663 | Unless you try to win with all your strength, it won’t be a good contest.

E44238 | AL W oo HHiY fFEL Tz,

C44238 | ArLWETHEL ASEL T /=,

TE44238 | New NO apartment complexes were also scattered about.

TC44238 | New apartment complexes were also scattered about.

E11240 | ) WA KW EHO KGR Z o TIED T €KLM)
o FICEToONTES.

C11240 | 9 WA KM WDIEH O KEED Z o T DT o FIT M £
Ho FICEToONTES.

TE11240 The Kauifu house occupies the majority of the front of the picture,
and the house is built on a low NO stone wall

TC11240 | The Kauifu house occupies the majority of the front of the picture, and
the house is built on a low stone wall

Table A.2: Sample data synthesized using a syntactic rule representing the insertion
of the character @ between an adjective and the noun it modifies. @ is a possession
marker and is translated into its romanji equivalent “NO” in the table.
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Label Sentence

E243 MCOPOFRZNITTETC. TORFT v /N AL ) TS, 55
ZXbT XL ST

C243 MIOPOSFRZNITTETC. TORFT v NATE ) ZUIC. S5
ZRXbT XL ST

TE243 After she greeted me. we began to exchange words each time we met
at campus.

TC243 After she greeted me. we began to exchange words each time we met
on campus.

E3801 | Z77TCTd. LirL. &V LS00 ShwHFEFIZIZoADITRED
LAGWT 3w,

C3801 | <£727Td. Lal. £UL-7Y. ShbwWHITETIZHADITREY
LAWT a3,

TE3801 | That’s right. But, please don’t jump up or glare at me at that scary
expression.

TC3801 | That’s right. But, please don’t jump up or glare at me with that scary
expression.

E214 95 ERNTA—T 2 Raflcle > TR L TN 7z,

C214 FHERANIA—T 2 RafiCllE > TEIH L T< N7z,

TE214 Thereupon, my wife spoke at Polish and explained it.

TC214 Thereupon, my wife spoke in Polish and explained it.

E12394 | Hl»IIS oL 2Icunzh bridErs v THORT 28l
Th -7z,

C12394 | FlBdII2 oL I Tunizh bridizrstunsTHeng I el
Th -7z,

TE12394 | At first, I cried at loneliness; nevertheless, Ginko did not pamper me.

TC12394 | At first, I cried from loneliness; nevertheless, Ginko did not pamper me.

E8945 | hEANEHBUFIC V. —KIIEHICTIZADT,

C8945 | pENS IO RUHF T, —KIILHICIZAD.

TE8945 | Speaking at an astonished tone, Santa poured his strength into his whole
body.

TC8945 | Speaking in an astonished tone, Santa poured his strength into his whole

body.

Table A.3: Sample data synthesized using a syntactic rule representing the substitu-
tion of the particle "¢ with the particle |2 between a noun and a verb. In general,
“C is used to mark the means or location of an action, while |Z is used to show the
location of an object or indicate an object’s motion.
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Label

Sentence

£282 HFHOEEKII. WERAGOHDAIICH Lo L,

C282 HFHOEKIZ. WERAGOHDHIIC\V S5 Ly,

TE282 Apparently, the bride in the photo is the woman in front of Sayuri.

TC282 Apparently, the bride in the photo is the woman in front of Sayuri.

E6895 | TLHELACITIIoTHICES . LREFIC. —FANdh ) ol
HDRjICH N £ L 7=,

C6895 | TLHEL A ITIIoTHICESE . LlEFIC. T ANidh ) ollfin:
HoRjlcW £ L 7=,

TE6895 | At the same time Theresa and Luigi arrived at the summit of the moun-
tain, there were about twenty bandits right in front of them.

TC6895 | At the same time Theresa and Luigi arrived at the summit of the moun-
tain, there were about twenty bandits right in front of them.

E7568 |W2ELZH 00 EH5IITTIHR

C7568 |W2ERzb oL eI IddInn,

TE7568 | It’s impossible for a dissenting voice to exist.

TC7568 | It’s impossible for a dissenting voice to exist.

E4090 | 9 5DOFKNESHILCH LD TL & 7.

C4090 | I BOFANE S ML L2DTL & 5,

TE4090 | I wonder where my wife is now.

TC4090 | I wonder where my wife is now.

E7394 LI ErLE. ZOAEVWOTIIR . K E S 2w
JEIC X 5.

C7394 | LYWL EILIUL. DO AR TIIR < KEITE S %
JEIC X 5.

TE7394 | If weak men exist, it is not their fault, but the fault of their general
failing to encourage them.

TC7394 | If weak men exist, it is not their fault, but the fault of their general

failing to encourage them.

Table A.4: Sample data synthesized using a syntactic rule representing the substitu-
tion of the “to be” verb \ Y %, which is used for animate subjects, with the related “to
be” verb & %, which is used for inanimate subjects. This is the same rule as the one
displayed in Figure [5-6|
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Appendix B

Sample Model Results

In this appendix, show sample output for our trained models on the teacher evaluation
corpus. Each of the four tables below is data sampled from a subset of the teacher
evaluation set corresponding to one of the 400 syntactic or character syntactic rules.
The sentences of each table are labeled as E{n}, C{n}, S{n}, L{n}, M{n}, or T{n}.
The integer value of n indicates that this is the nth unique error for the rule of the

table. The abbreviations F, C, S, L, M, and T indicate the following:
e F - Unique error sentence
e (' - Reference correction(s)

S - Output of model trained on synthetic training corpus

L - Output of model trained on Lang-8 training corpus

M - Output of model trained on merged training corpus

T - English translation of reference correction(s)

The annotated error and correction phrases are denoted with red and green text,
respectively. The aligned model output to each error phrase is given in cyan text. For
error sentences with multiple reference corrections, each correction and corresponding

translation is labeled with number(s) indicating order.
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Label | Sentence

E2295 | 77— L 3L THWWNTT he,
C2295 | 7 — L& L CTHWV\TT h,
S2295 | 7 — L L THVVWTTh,
L2295 | 77— /L 7= L THV\NTTh,

M2295 | 7 — L% L THVL\TTh,

T2295 | May I play games?

E1739 | XEro, 7 A A7 LEXRELLCHD) THA.
C1739 | K2, 74 A7 LRSS FHA. (1)
LERNTZLSH) EHA. (2)

~

S1739 | X2l 7447 TANTESUeH ) FHA
L1739 | X722 7 147 NIRRT H) FHAS
MI1739 | X2 7 1 A7 LIENELSH) THA
T1739 | Since it’s winter, [ don’t want to eat ice cream. (1, 2)
E1453 | HoR o m LI X7,

Cl453 | HoxhoE Lz x9. (1)

HoRroE iz 9. (2)

S1453 | R Ll iz X9,

L1453 | R o Lz X9,

M1453 | HoE s s Lz X,

T1453 | I can see Mt. Fuji from the car window. (1)

[ see Mt. Fuji from the car window. (2)

E3517 | #E5Ahi L £9.

C3517 | Az L £9. (1)

BN Z ET. (2)

BLANHLTHN £9. (3)

S3517 | B =L X9

L3517 | ®En L X9

M3517 | B0 2 £

T3517 | I turned off the lights. (1)

The lights went out. (2)

The lights are turned off. (3)

~

IJ —
1) —
KR0S TAAY ) —
1) —
1) —
1) —

Table B.1: Sample model outputs on the subset of the teacher evaluation set repre-
sented by the syntactic rule given as Rule 1 in Table [8.3] This rule represents the
error in which the accusative marker % following a noun and preceding a verb is
replaced by the nominative marker H?.
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Label | Sentence

E3169 | 4 FRICHREGEICSS TENH->TH. MHIAITHD A TL -

C3169 | 4 FRICHEIATIC S ) TENRS > TH. HTHI ATV EFATLE. (1)

S3169 | 4 KfICHEARICS ) TENH->TCH. MHI ATV Z2A TL -,

|
[
4 BEICUREL IS 25 FrEh - TH. HIEHS ATV EHATL. (2)
|
|

L3169 | 4 FFICHYEARICS S T ED P> D, HTHIAITH) T HA CTL /-,

M3169 | 4 FRICHREANICS S TED P> CH. HHI ATV F A CTL -,

T3169 | Though we had planned to meet at the movie theater at 4 o’clock, Tanaka-
san was not there. (1)
Though we had planned to meet at the movie theater at 4 o’clock, Tanaka-
san did not come. (2)

E27 T AZHFEDH) £7.

C27 | LAKRI WX T, (1)
FiEm AW ET, (2)

827 | K AKX,

L27 T ARV E T,

M27 T AZIRh W E T,

T27 I have a five-person family. (1)
My family has five people. (2)

E3331 | HEICITE EL 0 dEndD A TL

C3331 | BHZEICITE EL=hs. I EPWERATL,

S3331 | BEICITEEL=ps. k) FHATL -,

L3331 | HEIc & xL=ns. EmunwEA TL -,

M3331 | HEICITE EL b v E#A TL -,

T2831 | I went to the classroom, but the teacher was not there.

E1453 | HF S A X T X—RNICH N T,

Cl1453 | HHP Z A LT/ S—RMICW E 90,

S1453 | HF 2 A X T/ X=KMICH D 1,

L1453 | RS AT T S—=RNICH D 90,

M1453 | FHHR S AT T S—=RNICH D £ 9 h,

T1453 | Is Tanaka-san at the department store?

Table B.2: Sample model outputs on the subset of the teacher evaluation set repre-
sented by the syntactic rule given as Rule 5 in Table [8.3] This rule represents the
error in which the “to be” verb V2 % for animate subjects is replaced by the other “to
be verb” & %, which is used for inanimate subjects.
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Label | Sentence

E2805 | H Xk - & X TL 230,

C2805 | Hx» &0 WWTL 230y,

S2805 | H ko &y TLm a0y,

L2805 | ko & v T /20y,

M2805 | 6 ko & T /230,

T2805 | Please wait a moment.

E582 | A—/X—=~fTW\W T, ®R3VWELIAEVWEL .
C582 | A—/X\—=\1T5 . ®IVZLIIAHWEL .
S582 | A= N—=\(15 . RIVELIIAHVWEL
L582 | A—/X—=A\(r=, C3WrLIIAHWEL
MB82 | A—/N—=\(75C. RIVWELIIAHNVWEL .
T582 | I went to the store and bought lots of vegetables.
E1583 | COEZ(ILT L3\,

C1583 | CHEZ(I > T3\,

S1583 | CHEZ(I - T3\,

L1583 | CHEZ(I -5 T3,

M1583 | CHEZI- T 23\,

T1583 | Please use these chopsticks.

E203 | #HETHEIEZE T HRIZEY L 7=

C203 |WHETHIEZE > T, HARIZHY XL 7=

S203 | EWHETHEITEZRT - . HARICHY £ L7

1203 |@WETHEIEZT . BHERISEY £L 7.

M203 | EETELTEZT > . HARICRY £L 7.
T203 | I bought souvenirs in Korea and returned to Japan.
E1359 | KI2l#) T, CHRZzAENZE L 7=,

C1359 | KlIcli->T. CHRZzAENZEL =,

S1359 | Kiclii-> . CHRZEAENZEL =,

L1359 | Ficli->T. TlZEANEL -

M1359 | Ficli->T. CRZANE L 7=,

T1359 | I returned home and ate food.

Table B.3: Sample model outputs on the subset of the teacher evaluation set rep-
resented by the syntactic rule given as Rule 6 in Table This rule represents a
conjugation error in which the te-connecting form of a verb is replaced by the verb
stem.
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Label | Sentence

E1571 | i EHEZIRY £L 1.

C1571 | i S Bz ) £ L 7=,

S1571 | sk 2 =iz ) £ L7z,

L1571 | b 2 a0z £ L 7=,

MI1571 | Wi 2 EH =Y £ L7

T1571 | [I] took a pretty picture.

E4269 | (] 2> e =lcBIcE N ZHW -\ TT.

C4269 | (EfjZc 0> e =THICENZHW\=\wTT. (1)
zyu—fb”§0%ﬁm#wfﬁ (2)

S4269 | (T 7202 v ZIZBICE N ZHWEWTT,

14269 ,ﬂ:/u_fzgéb%amtmfﬁo

M4269 | (] o =THICENZHW-\WTT,

T4269 | |I] want to buy onigiri at the convenient convenience store. (1)
[I] want to buy onigiri at the convenience store. (2)

E671 | REBIIEREIFEDO XS £7.

C671 | REBIIMB A BN ZE ) 9. (1)
REBIIEE LR ZF > QW ET. (2)
S671 | REBIIGHEZIEDNZ NS £,

L671 | REBIXGHEZT A E75,

M671 | REBITWELZIEDZ 0 ) £,

T671 | My friend has a pretty beach hut. (1, 2)
E4000 | ZoHTICIE. Bl AN I AV S,
C4000 | CoHNICIX. FZL A=K S AWS,
S4000 | CoHNICIE. AL A=< SAWS,
L4000 | CoOHMNICIE. AL A=< SAWS,
M4000 | ZOHTICIE. AL A=< SAWS,
T4000 | In this town, there are many kind people.
E3107 | SO D <23\,

C3107 | 2O D = 123\,

S3107 | Cdapht 7 < 123\,

L3107 | Sk < 123\,

M3107 | Skl LT <723,

T3107 | Please give [me| the pretty one.

Table B.4: Sample model outputs on the subset of the teacher evaluation set repre-
sented by the syntactic rule given as Rule 10 in Table [8.3] This rule represents the
deletion error in which a copula particle 7 that exists between a 2= &z (literally
“adjective verb”, also known as a ~ 7¢ adjective) and the noun it modifies is removed.
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