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Automated Grammatical Error Correction Using
Statistical Machine Translation Techniques with

Revision Log of Language Learning SNS∗

Tomoya Mizumoto

Abstract

Recently, natural language processing research has begun to pay attention to second
language learning. However, it is not easy to acquire large-scale learners’ corpora
which are important to a research for second language learner by natural language
processing. We present an attempt to extract a large-scale second language learners’
corpus from the revision log of a language learning social network service. This corpus
is easy to obtain in large-scale, covers a wide variety of topics and styles, and can be a
great source of knowledge for both language learners and instructors.

I also demonstrate that the extracted learners’ corpus of Japanese/English as a sec-
ond language can be used as training data for learners’ error correction using a sta-
tistical machine translation approach. For Japanese error correction, we proposed
character-based SMT approach to alleviate the problem of erroneous input from lan-
guage learners. We evaluate different granularities of tokenization to alleviate the prob-
lem of word segmentation errors caused by erroneous input from language learners.
Experimental results show that the character-based model outperforms the word-based
model.

For English, I conduct experiments in error correction targeting all types errors us-
ing statistical machine translation technique and I analyze the strength and weakness
of grammatical error correction using statistical machine translation. I also propose
two grammatical error correction methods. One is the method considering multi-word
expression. Another is the method using discriminative reranking with POS/syntactic
features. I show the effectiveness of multi-word expression and reranking for gram-
matical error correction.

∗Doctoral Dissertation, Department of Information Science, Graduate School of Information
Science, Nara Institute of Science and Technology, NAIST-IS-DD1261016, June 18, 2015.
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語学学習SNSの添削ログを用いた統計的機械翻訳技術
による文法誤り訂正 ∗

水本　智也

内容梗概

文法誤り訂正や誤り検出といった自然言語処理による言語学習者支援の研究が
盛んに行なわれるようになってきた．しかしながら，自然言語処理による学習者
支援を行なう上で重要である大規模な学習者コーパスがないといった問題がある．
そこで，本研究では，語学学習 SNSの添削ログから大規模な第 2言語学習者コー
パスの作成を行なった．このコーパスは簡単に大規模に手に入れることができ，
さまざまなトピックやスタイルをカバーしており，学習者と教師両方にとって重
要な知識源である．
また，これまでの第 2言語学習者の作文誤り訂正では誤りを限定して行なって
きたが，実際の学習者の誤りには様々な誤りが含まれている．そこで，本研究で
は統計的機械翻訳の手法を誤り訂正に応用して，全ての誤りを対象に日本語/英語
の文法誤り訂正を行なった．日本語学習者の文には誤りやひらがなが多く含まれ
ているため，単語分割に失敗してしまうという問題もある．本研究では，単語分
割の問題を解決するために文字単位を用いた手法を提案した．文字単位の手法を
用いることで，精度が向上することを確認した．
英語に対しても，日本語同様に統計的機械翻訳の手法を用いて文法誤り訂正を
行ない，どの誤りタイプに有効であるかを調査した．また，複単語表現を考慮し
た文法誤り訂正，品詞や構文情報を考慮したリランキングが英語文法誤り訂正に
有効であることを示した．

キーワード

日本語誤り訂正,語学学習 SNS,添削ログ,文字単位アラインメント,複単語表現,
リランキング
∗奈良先端科学技術大学院大学情報科学研究科情報科学専攻博士論文, NAIST-IS-DD1261016,

2015年 6月 18日.
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1

Chapter 1

Introduction

The number of second language learners has incresed. The number of Japanese
language learners around the world has increased by more than 30-fold in the past three
decades (Figure 1.1). The Japan Foundation reports that more than 3.65 million people
in 133 countries and regions are studying Japanese in 20091. However, there are only
50,000 Japanese language teachers overseas (Figure 1.2), and thus it is in high demand
for finding good instructors for learners of Japanese as a Second Language (JSL). The
learners of English as a Second Language (ESL) also has increased. Figure 1.3 shows
the number of test takers for International English Language Testing System (IELTS).
IELTS is one of the international tests of English language proficiency for non-native
English speakers. The test takers are increased by about 1.5 million people for six
years.

Publicly usable services on the Web for assisting second language learning are grow-
ing recently. For example, there are language learning social networking services such
as Lang-82 and English grammar checkers such as Ginger3 and 1checker4. Research
on assistance of second language learning also has received much attention, especially
on grammatical error correction of essays written by learners of English as a second
language (ESL) . In the past, four competitions for grammatical error correction have
been held: Helping Our Own (Dale and Kilgarriff, 2011; Dale et al., 2012) and CoNLL
Shared Task (Ng et al., 2013; Ng et al., 2014).

Recently, natural language processing research has begun to pay attention to second

1http://www.jpf.go.jp/e/japanese/survey/result/index.html
2http://lang-8.com
3http://www.gingersoftware.com
4http://www.1checker.com/



Figure 1.1: Number of students studying Japanese overseas [Source: The Japan Foun-
dation; Present Condition of Overseas Japanese-Language Education Survey Report
on Japanese-Language Education Abroad 2009]

language learning (Rozovskaya and Roth, 2011; Park and Levy, 2011; Liu et al., 2011;
Oyama and Matsumoto, 2010; Xue and Hwa, 2010). Most previous research on lan-
guage learners’ grammatical error correction is targeted on one or few restricted types
of learners’ errors. For example, research for JSL learners’ errors mainly focuses on
Japanese case particles (Oyama and Matsumoto, 2010; Imaeda et al., 2003; Nampo et
al., 2007; Suzuki and Toutanova, 2006) and for ESL learners’ errors mainly focuses on
articles and preposition. However, real JSL learners’ writing contains not only errors
of Japanese case particles but also various other types of errors including spelling and
collocation errors. For instance, a Japanese language learner who speaks Chinese may
write:

何で日本語はこんなに難しいなの？
(Why is Japanese so difficult?)

which has a grammatical error of inserting ‘な’ because isolating language (such as
Chinese) speakers find it hard to learn how to use adjective conjugation forms correctly.
Park and Levy (2011) proposed an EM-based unsupervised approach to perform whole

2



Figure 1.2: Number of Japanese language teachers overseas [Source: The Japan Foun-
dation; Present Condition of Overseas Japanese-Language Education Survey Report
on Japanese-Language Education Abroad 2009]

sentence grammar correction, but the types of errors must be pre-determined to learn
the parameters for their noisy channel model. It requires expert knowledge of second
language (L2) teaching, which is often hard to obtain.

One promising approach for correcting unrestricted errors of second language learn-
ers is Brockett et al. ’s automated error correction method (Brockett et al., 2006) using
statistical machine translation (SMT). The advantage of their method is that it does not
require expert knowledge. Instead, it learns a correction model from sentence-aligned
corrected learners’ corpora. However, it is not easy to acquire large-scale learners’
corpora. In fact, Brockett et al. (2006) used regular expressions to automatically create
erroneous corpora from native corpora.

To alleviate the knowledge acquisition bottleneck, I propose a method of mining
revision logs from a language learning social network service (SNS) to create a large-
scale learners’ corpus. The SNS covers a wide variety of topics and styles. The main
advantage of using revision logs from SNS is three-fold: (1) it benefits from the wis-

3



Figure 1.3: Number of test takers for IELTS [Source: Situation of examination;
http://www.eiken.or.jp/ielts/merit/situation/]

dom of crowds, (2) logs can be obtained on a large scale, and (3) logs are a great source
of knowledge not only for learners but also for language teachers.

In this thesis, I show that the method using phrase-based SMT technique with a
large-scale learners’ corpus can correct second language learners’ errors with reason-
able accuracy. I also show that considering multi-word expressions and reranking with
syntactic informatrion for SMT outputs is effective for grammatical error correction.

The rest of this thesis is organized as follows. Chapter 2 describes the JSL and ESL
corpus created from revision logs of a language learning SNS. Chapter 3 explains an
SMT-based approach to grammatical error correction for second language learner. In
Chapter 5, I report the experimental results of SMT-based JSL error correction using
a large-scale real corpus. In Chapter 6, I show the effect of learner corpus size on
the SMT approach. Chapter 7 shows the effects of using multi-word expressions for
grammatical error corection. In Chapter 8, I report the experimental results of rerank-
ing approach to gramamtical error correction. In Chapter 9, I concludes this work.

4



5

Chapter 2

A Large Scale Japanese Language
Learners’ Corpus from Revision Logs
of Language Learning Social Network
Service

There are already many language learners’ corpora. However, there is not a large-
scale learner corpus on freely available. In Section 2.1, I show the Japanese and En-
glish language learner corpora.

2.1 Language Learners’ Corpora

2.1.1 Japanese Language Learners’ Corpora

One of the most well-known Japanese learners’ corpus is Teramura Error Data1. The
corpus was mainly collected in 1986 from Japanese compositions written by foreign
students, mostly from Asian countries. The corpus consists of several styles including
writing exercises, cloze (gap filling) test, and pattern composition. Unlike this data,
JSL learners in Lang-8 encompass the whole world. Also, Lang-8 offers a wide variety
of free compositions of the learner’s choice, and the size of the data is 3 orders of
magnitude (448MB without all the tags) larger than Teramura’s data (420KB, 4,601
sentences written by 339 students). Also, although Teramura Error Data is annotated

1http://www.ninjal.ac.jp/teramuragoyoureishu/



Figure 2.1: Number of users for each learning language in Lang-8

with error types, the correct words or strings are not often provided, which makes it
difficult to use it for automatic correction of learners’ errors.

Ohso2 created a database of Japanese compositions by JSL learners. It is annotated
with error types with correct forms to allow error analysis. However, similar to Ter-
amura Error Data, the corpus does not cover many topics because it was collected at
only four institutions. In addition, it is limited in size (756 files, average file size is
2KB).

The corpus most related to mine is the JSL learners parallel database of Japanese
writings and their own translation into their first language3 created by National Institute
for Japanese Language and Linguistics. It collects 1,500 JSL learners’ writings and
their self-translations. There are around 250 writings corrected by several Japanese
language teachers. The advantage of this corpus is that some of the texts are annotated
by professional language teachers and can be used as a source of error correction.
However, again, the size of this corpus is limited since it is hard to obtain annotations
from language teachers. My approach differs from them in that I employ the wisdom of
crowds of native speakers, not necessarily language teachers, to compile a large-scale

2https://kaken.nii.ac.jp/ja/p/08558020/1998/6/en
3http://jpforlife.jp/taiyakudb.html

6



Table 2.1: Comparison of English language learner corpus.
Name of Leaner corpus Data size

CLC over 200,000 texts
CLC-FCE 1,244 texts

NICT JLE Corpus 1.2 million words
Konan-JIEM Corpus 233 texts, 3,199 sentences

NUCLE 1,397 essays, 57,151 sentences
CoNLL-ST13 Test Set 50 essays, 1,381 sentences
CoNLL-ST14 Test Set 50 essays, 1,312 sentences

Lang-8 Corpus 1,069,549 sentences

learners’ corpus.

2.1.2 English Language Learner Copora

There are many English language learner copora compared to Japanese language
corpora. I only compare the well-known English language learner corpora which errors
are annotated.

Table 2.1 shows comparison of English language learner corpus. The most well-
known and biggest English Corpus is Cambridge Learner Corpus (CLC) (Nicholls,
2003), but this is not freely available. Cambridge ESOL First Certificate in English
(CLC-FCE) is a subset of CLC, which contains only 1,244 texts. NICT JLE Corpus
(Izumi et al., 2004), Konan-JIEM Corpus (Nagata et al., 2011) and NUS Corpus of
Learner English (NUCLE) (Dahlmeier et al., 2013) are available research purpose,
however these corpora are too small. The test sets of CoNLL Shared Task 2013 (Ng et
al., 2013) and 2014 (Ng et al., 2014) are also very small.

2.2 Language Learning Social Network Service
Recent growth of the web has opened the possibility of using the Internet to break

the barriers of space and time. Specifically, social network service (SNS) has begun to
receive a lot of attention recently. There are a number of SNS sites that help language
learners across the world, including iKnow!, Livemocha and Lang-8, to name a few. I
will look briefly at each SNS below.

7



Table 2.2: Number of sentences for each language in Lang-8
Language English Japanese Mandarin Korean Spanish French German
Number of 1,069,549 925,588 136,203 93,955 51,829 58,918 37,886
sentences

First, iKnow!4 is an SNS-based language learning service that helps learners prac-
tice language learning. iKnow provides a tailored curriculum for each user to memo-
rize words and phrases through simple exercises.

Second, Livemocha5 is also a language learning SNS that offers courses of grammar
instructions, reading comprehension exercises and practice for both writing and speak-
ing. It provides educational materials in 38 languages. Users can submit a writing
exercise on a subject and receive feedbacks from other users of the native language.

Third, Lang-8 is a “Multi-lingual language learning and language exchange So-
cial Networking Service”6 , which has 214,170 (317,307) registered members as of
November, 2010 (October, 2011). Soon after the learners write a passage, mostly a
part of a diary, in a language they are learning, native speakers of the language correct
it for them. The learners in turn are encouraged to correct other members’ composi-
tion errors according to their first language (L1). Hence, the SNS is called “language
exchange”. It supports 77 languages, facilitating multilingual communication. In this
chapter, I use the data of Lang-8 crawled at November, 2010 for Japanese learner cor-
pus and September, 2011 for English learner corpus7.

2.3 Features of Lang-8 Data
I created a large-scale language learners’ corpus from error revision log of Lang-

8. Figure 2.1 shows that approximately 75,000 users are learning Japanese8. Table
2.2 shows the top seven languages in the corpus. There are 925,588 sentences of
JSL learners9. Out of 925,588 sentences, 763,971 (93.4%) sentences are corrected by

4http://iknow.jp
5http://www.livemocha.com/
6http://lang-8.com/
7Recent data (after October 2011) is not free because Lang-8 changed their policy on the 6th October

2011 so that you need permission from the site maintainer to use the data
8I counted learning language in user profile. Some learners register two or more learning languages.
9I counted learning language written for each journal because learners may write in different lan-

guages.

8



Table 2.3: An illustrative example of multiple correction
Sentence written 三人はそれぞれ自分の方式で感情を表れます。
by a JSL learner

Sentence corrected 三人はそれぞれ自分なりの表現で感情を表します。
by an annotator1 (Each of three expresses their feelings in their own expressions.)

Sentence corrected 三人はそれぞれ自分なりに感情を表します。
by an annotator2 (Each of three expresses their feelings in their own way.)

human annotators. A sentence written by JSL learners might have two or more revision
sentences in Lang-8 by different voluntary reviewers10. Therefore, the total number of
corrected sentences amounts to 1,288,934. In other words, one sentence gets corrected
approximately 1.69 times on average.

There are several distinguishing features of the data obtained from Lang-8. First,
since Lang-8 is a language learning SNS, I can obtain pairs of learner’s sentence and
corrected sentence. Using this data, it is possible to collect the learners’ errors. I will
describe how to build a learners’ corpus from revision logs later in this section.

Second, Lang-8 data may have more than one correction for the single sentence.
I could exploit this feature to acquire paraphrases in a similar way to (Barzilay and
McKeown, 2001). Table 2.3 shows an example of multiple correction. Two annotators
correct the same learner’s sentence. In this example, one can infer that “なりの表現で
(in one’s own expressions)” and “なりに (in one’s own way)” are paraphrases of each
other.

Third, I could obtain multi-lingual parallel sentences. Figure 2.2 shows examples
of parallel sentences in Lang-8. In this example, the JSL learner writes two Japanese
sentences and their translation for each sentence to tell what he or she wants to say. Al-
though the sentences written in the learning language may contain errors and mistakes,
I can align the English translation to the corrected Japanese sentence. The parallel
corpus created from the revision log of SNS would be a valuable source of colloquial
expressions ideal for translating consumer generated media such as blogs and SNS.

Fourth, annotators of Lang-8 sometimes add inline comments to the corrected sen-
tences. It is often written in parentheses to indicate that the string is a comment, but not
always. Depending on the first language of the language learner, annotators put com-
ments in either the learning language or the learner’s L1. This can be a great source of

10The correction of a new review might be affected by the previous corrections by others.
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Figure 2.2: Parallel sentence in Lang-8

extracting useful information for language learning, since the comment itself explains
pitfalls that the language learners often come across.

2.4 Extracting Corrected Sentences from HTML
All the error revisions are made through a web-based editing interface that allows

annotators to delete, insert or change any character sequence of the learner’s text by
any sequence. Table 2.4 illustrates an example of the HTML generated from Lang-
8’s revision editor. The tag <span class="sline"> shows that the characters
within the tags should be removed. The color tags <span class="red"> and
<span class="f_blue"> are used somewhat arbitrarily by annotators. In gen-
eral, they indicate correct strings. In the example, the annotator used delete line and
red color to point out and correct the first error, and blue color to indicate inserted
characters.

From this observation, I apply simple heuristics to extract corrected sentences from
Lang-8. First, I remove all the <span class="sline"> tags and characters within
them. Then, I discard other tags, retaining the characters surrounded by the tags. After
this rule, I obtain the corrected sentence shown in the bottom row in Table 2.4.

10



Table 2.4: Extracting corrected sentence from HTML
Sentence written 去年は参加してなかった、見るだけ。
by a JSL learner (I was not participating last year, just watching.)

Corrected sentence
with tags

去 年 は 参 加<span class="sline">し て な かっ
た</span><span class="red">せずに</span>、見
るだけ<span class="f_blue">だった</span>。

Seen on the browser 去年は参加してなかったせずに、見るだけだった。

Corrected sentence
去年は参加せずに、見るだけだった。
(I did not participate but watched last year.)

2.5 Data Statistic and Filtering by Edit Distance
In actual correction, it is expected that annotators do not completely rewrite the

original sentence and most character strings remain the same as the original sentence.
Thus, I investigated the quantitative distribution of Lang-8 data by breaking down the
sentences according to the edit distance between the original and corrected sentences
(number of deletion / number of insertion of characters in revision log).

Figures 2.3 and 2.4 summarize the numbers of deleted and inserted characters in a
sentence. These figures show that two distributions are comparable. On the other hand,
they differ in the absolute number of deletion and insertion. For example, the number
of cases with no deletion is considerably higher than the number with no insertion.
Also, the frequency of sentences with more than nine insertions is higher than that for
deletions. This reflects the fact that there are many sentences with comments (inser-
tions) and that people tend not to remove too many characters to keep the information
of the original sentence written by the learner.

From observations of the created corpus, corrections can be divided into two types:
(1) a correction by insertion, deletion, or substitution of strings, (2) a correction with a
comment. Table 2.5 shows examples of correction from Lang-8. The first example is
a sentence written by a JSL learners containing an error, and is corrected by inserting
a character. In the second example the learner’s sentence is correct; in addition the
annotator writes a comment11. Besides, there exist “corrected” sentences to which
only the word “GOOD” is appended at the end. In this case, original sentence is not
modified at all by the annotator. The inserted comment merely informs the learner that
there is no mistake in the learner’s writing.

11Some annotators erase a learner’s original sentence and rewrite it to “OK”.
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Figure 2.3: Summary of number of deletion

To handle these comments, I conduct the following three pre-processing steps: (1)
if the corrected sentence contains only “GOOD” or “OK”, I do not include it in the
corpus, (2) if edit distance between the learner’s sentence and corrected sentence is
larger than 5, I simply drop the sentence for the corpus, and (3) if the corrected sentence
ends with “GOOD” or “OK”, I remove it and retain the sentence pair. As a result, I
obtained a corpus of 849,894 corrected and aligned sentence pairs by JSL learners.

Another notable issue is that annotators may not correct all the errors in a sentence.
Table 2.6 shows an example of JSL learner’s sentence for confusing case markers of
“が” (NOM) and “は” (TOP). In this example, “は” and “が” should be corrected to
“が” and “は”, respectively. However, the annotator left the second case markers “は”
unchanged. Because the number of these cases seems low, I regard it as safe to ignore
this issue for creating the corpus.

12



Figure 2.4: Summary of number of insertion

Table 2.5: Examples of correction in Lang-8
Sentence written ビデオゲームをやました
by a JSL learner (Video games Yamashita.)

Sentence corrected ビデオゲームをやりました
by an annotator (I played video games.)

Sentence corrected 銭湯に行った。
by a JSL learner (I went to a public bath.)

Sentence corrected by
an annotator (with
comment)

銭湯に行った。いつ行ったかがある方がいい
(I went to a public bath. It is better to say when you went.)

13



Table 2.6: Problem of correction in Lang-8
Sentence written この 4つが僕は少年のころに発売されて
by a JSL learner (As for me, these four were sold when I was a kid.)

Sentence corrected この 4つは僕は少年のころに発売されて
by an annotator (As for these four, I was sold when I was a kid.)

Correct sentence
この 4つは僕が少年のころに発売されて
(As for these four, they were sold when I was a kid.)

14
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Chapter 3

Grammatical Error Correction using
Phrased-based Statistical Machine
Translation Methods

In this thesis, I attempt to solve the problem of second language learners’ error
correction using the Statistical Machine Translation (SMT) technique. Brown et al.
(1993) first proposed word-based SMT approach. While the common SMT problem
is a task translating from source language to target language, i.e., English to Japanese
(Figure 3.1) grammatical error correction can be considered as a task of translating
from incorrect sentences to correct sentences (Figure 3.2).

Related work on grammatical error correction using phrase-based SMT includes re-
search on English and Japanese (Brockett et al., 2006; Suzuki and Toutanova, 2006).
Brockett et al. (2006) proposed to correct mass noun errors using SMT and used 45,000
sentences as training sets randomly extracted from automatically created 346,000 sen-
tences. My work differs from them in that I (1) do not restrict myself to a specific error
type such as mass noun; and (2) exploit a large-scale real world data set.

The use of SMT for spelling and grammar correction has the following three advan-
tages.

1. It does not require expert knowledge.

2. It is straightforward to apply SMT tools to this task.

3. Error correction using SMT can benefit from the improvement of SMT method.



Figure 3.1: Example of common translation problem.

3.1 Statistical Machine Translation Formulation Using
a Log-Linear Model

The well-known statistical machine translation formulation using a log-linear model
(Och and Ney, 2002) is defined by:

ê = argmax
e

P(e| f ) = argmax
e

M

∑
m=1

λmhm(e, f ) (3.1)

where e represents target sentences (corrected sentences) and f represents source sen-
tences (sentences written by learners). hm(e, f ) is a feature function and λm is a model
parameter for each feature function. This formulation finds a target sentence e that
maximizes a weighted linear combination of feature functions for source sentence f .
A translation model and a language model can be used as feature functions.

The translation model is commonly represented as conditional probability P( f |e)
factored into the translation probability between phrases. The language model is rep-
resented as probability P(e). The translation model is learned from sentence-aligned
parallel corpus while the language model is learned from target raw corpus.

3.2 Phrase Extraction
Phrases are extracted from a parallel corpus which word alignment is annotated with

popular heuristics in SMT task (Och and Ney, 2003). As preprocessing for phrase ex-
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Figure 3.2: Example of grammatical error correction using SMT.

traction, both direction of word alignment of learner sentence to corrected sentence and
word alignment of corrected sentence to learner sentence are conducted. Figure 3.3(a)
shows the result of word alignment of learner sentence to corrected sentence. Figure
3.3(b) shows the result of word alignment of corrected sentence to learner sentence.
On the heuristics for phrase extraction; (1) the alignments in the intersection set of the
both direction of word alignments are first added, (2) and then neighboring alignment
points in the union sets are added, (3) and then the diagonally neighboring alignment
points are also added, (4) and finally, the non-neighboring alignment points between
words, of which at least one is currently unaligned, are added.

The black points in Figure 3.3(c) are intersection of the both direction of word align-
ments. The gray points in Figure 3.3(c) are added by heuristics for phrase extraction.
The phrases pair that all words of the phrase pair have to align to each other are ex-
tracted. The areas enclosed by red line in Figure 3.3(c) are part of extracted phrase.
For example, the following phrases can be extracted; “私わ” aligned to “私は”, “画工
行きます” aligned to “学校に行く” and “行きますつもり” aligned to “行くつもり”.

17



(a) Word alignment of learner sentence to corrected sentence

(b) Word alignment of corrected sentence to learner sentence

(c) Phrase Extraction

Figure 3.3: Phrase extraction from word alignment
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Chapter 4

Evaluation Metrics

For the evaluation metrics, I use automatic evaluation criteria. To be precise, I used
recall (R), precision (P) , F1-Score and F0.5-Score. Recall, precision, F11-Score and
F0.5-Score are defined as follows:

Recall =
t p

t p+ f n
,

Precision =
t p

t p+ f p
,

F1 =
2×Recall×Precision

Recall +Precision
,

F0.5 =
(1+0.52)×Recall×Precision

Recall +0.52×Precision

where t p (true positive), f p (false positive), and f n (false negative) denote the case
that the system correctly identifies learner’s errors, the case that the system incorrectly
identifies learner’s errors, and the case that the system fails to identify learner’s errors,
respectively. F1-Score is the harmonic mean of recall and precision. F0.5-Score weights
precision twice as much. To illustrate recall and precision, let us consider the example
in Figure 4.1. tn in Figure 4.1 counts the cases that all the learner’s input, system
output and gold standard are the same. The numbers of t p, f p and f n in Figure 4.1 are
1, 1 and 2, respectively. Thus, recall = 1/3 and precision = 1/2.

In Chapter 6, I calculate the scores for each error types. Recall and precision for
each type of errors are calculated from true positive, false positive and false negative
based on error tags in evaluation corpus. The word which does not have any tag in



Figure 4.1: Example of evaluation

Figure 4.2: Example of evaluation for each error types

evaluation corpus does not affect precision for each type of errors1. For example, let
us consider the following: In this example, the system deletes preposition “to”, which
does not have any tag. Thus, precision = 1/2, recall = 1/2 for preposition errors and
precision = 1/3, recall = 1/2 for Total scores.

1The total score is calculated using all the correction output with and without any tag.
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Chapter 5

Japanese Error Correction Using
Character-wise Word Alignment

5.1 Statistical Error Correction with Different Granu-
larity of Tokenization

When translating a sentence from Japanese to another language with SMT, one usu-
ally performs word segmentation as a pre-processing step. However, JSL learners’
sentences contain a lot of errors and hiragana (phonetic characters), which are hard to
tokenize by traditional morphological analyzer trained on standard Japanese writings.
Suppose I want to tokenize the following real sentence written by a JSL learner:

でもじょずじゃりません

where the correct counterpart would be:

でもじょうずじゃありません
(But I am not good at it.)

The corrected sentence has “う” and “あ” inserted1. These sentences written by a
learner and corrected by a native speaker are tokenized as follows by MeCab2, which
is one of the most popular Japanese Morphological Analyzer:

でも じ ょずじゃりません
( but (fragment) (garbled word) )

でも じょうず じゃ あり ませ ん
( but good at be not )

1It is hard for JSL learners of certain L1 to distinguish Japanese short and long vowels.
2http://mecab.sourceforge.net/



These examples illustrate the difficulty of correcting JSL learners’ sentence using
word-wise SMT.

To alleviate this problem, I propose to build a character-wise segmented corpus with
phrase-based SMT. The Character-wise model is not affected by word segmentation
errors, and thus it is expected to be more robust for the task of correcting JSL errors.
For the two example sentences mentioned above, I split sentences into characters rather
than words:

で も じ ょ ず じ ゃ り ま せ ん
でも じょうず じゃ あり ません

This enables the phrase-based SMT to learn the alignment between “じょず” and “
じょうず” (Figure. 5.1), resulting in a more robust model to correct JSL errors than
word-wise model.

Moreover, I propose a combined method in which the source language is tokenized
character-wise while the target language is tokenized word-wise (Figure. 5.2). The
intuition behind this is that the source language (sentence written by learners) is hard
to tokenize into words, whereas the target language (corrected sentences) may be easy
to tokenize.

Figure 5.1: Example of character alignment

Figure 5.2: Example of character - word alignment

22



5.2 Experiments on JSL Learner’s Error Correction
with SMT

I carried out experiments to see (1) the effect of granularity of tokenization as de-
scribed in Section 5.1; (2) the effect of corpus size; (3) the difference of L1 model.
I also carried out experiments using NAIST Goyo corpus3 to see (a) effectiveness of
Lang-8 corpus, (b) effectiveness for each error type.

I used Moses 2010-08-134 as an SMT tool and GIZA++ 1.0.55 as an alignment tool.
I used Japanese morphological analyzer MeCab 0.97 with UniDic 1.3.126 for word
segmentation.

I created a word-wise model as baseline. Hereafter, I refer to this as W-W and
also constructed a model with entries from UniDic for better alignment, denoted as
W-W+D. I used word 3-gram as language model for W-W and W-W+D. I built two
character-wise models: Character 3-gram and 5-gram represented as C-C3 and C-C5,
respectively. Also, I created a combined model of word and character. In particular, I
apply character-wise segmentation on the source side and word-wise segmentation on
the target side. Hereafter, I refer to this as C-W. As before, I prepared a model with
entries from UniDic, denoted as C-W+D. I conducted minimum error rate training
(MERT) (Och, 2003) in all experiments. I performed minimum error rate training to
maximize BLEU (Papineni et al., 2002) (5-gram).

5.2.1 Experimental Data

All the data was created from 849,894 Japanese sentences extracted from revision
logs of Lang-8 crawled in December 2010. I retained pairs of sentences whose num-
ber of characters of corrected sentence is less than or equal to 50. This results in
796,956 sentences out of 849,894 sentences. To see the difference of errors stemming
from learners’ L1, I carried out an experiment with two L1s: English and Mandarin.
ALL extracts training data from the entire corpus for the translation model. There are
298,359 Japanese sentences whose writers’ L1 is English and 166,688 Mandarin. For

3NAIST Goyo corpus is annotated error types to JSL learners parallel database of Japanese.
4http://www.statmt.org/moses/
5http://www-i6.informatik.rwth-aachen.de/Colleagues/och/software/

GIZA++.html
6http://www.tokuteicorpus.jp/dist/
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each L1 JSL corpus, I split the corpus into two parts: 500 sentences for testing and
development, and the rest for training.

I shuffled the training data to prepare the corpus for learning language model and
translation model. I manually re-annotated 500 sentences to make gold-standard data
and used 200 sentences for testing, and 300 sentences for development.

NAIST Goyo corpus consists of 6,433 sentences. I split the corpus into three parts:
5,933 sentences for training, 300 sentences for testing, and 200 sentences for develop-
ment.

5.2.2 Experimental Results for Test Data from Lang-8

Comparison of granularity of tokenization Table 5.1 shows the performance with
different methods in the cases where test data were written by English and Mandarin
speakers (Training Corpus: L1 = ALL; translation model: 300K sentences; language
model: 790K sentences). The character-wise models and the combined models outper-
form the word-wise models in the case where test data was written by English speakers,
while word-wise model outperform the character-wise model and the combined mod-
els in the case where test data was written by Mandarin speakers. C-W achieved the
best recall and F-measure and C-C5 the best precision in the case where test data was
written by English speakers. W-W achieved the best recall and F-measure and W-W+D
the best precision in the case where test data was written by Mandarin speakers.

Effects of corpus size I varied the size of the corpus used to train translation models
while fixing the size of the training corpus of language models to 790M sentences in
order to see the effect of the size of training corpus on the performance. Figures 5.4,
5.3 and 5.5 show the performance with different size of training corpus of translation
model, using W-W, C-C5 and C-W (Training Corpus: L1 = ALL). In all configurations,
the best F-measure was achieved when the size of training corpus of translation model
was larger size.

Comparison of learners’ L1 of the training model Table 5.2 shows the results
trained with different learners’ L1 languages7. Performance was not better when trans-
lation model was trained with the same L1 as the test data each method, while perfor-

7Note that language model was trained from the whole training corpus. I did not change L1 for
language model.
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Table 5.1: Comparison of the performance of error correction for each system of dif-
ferent granularity of tokenization

(a) test: L1 English

W-W W-W+D C-C3 C-C5 C-W C-W+D

R 0.103 0.074 0.099 0.110 0.142 0.118
P 0.286 0.269 0.381 0.404 0.317 0.285
F 0.150 0.115 0.156 0.172 0.194 0.166

(b) test: L1 Mandarin
W-W W-W+D C-C3 C-C5 C-W C-W+D

R 0.174 0.152 0.142 0.168 0.139 0.142
P 0.495 0.537 0.498 0.494 0.419 0.472
F 0.256 0.237 0.219 0.248 0.208 0.217

mance was best when translation model was trained with the same L1 as the test data
each method in the whole methods. The variance of results is small for each methods
in the case that training data is ALL, while the variance of results is large for each
method in the cases that writers’ L1 of training data is English or Mandarin. W-W
achieved the best F-measure in Figure 5.2(b), because the text written by Mandarin L1
speakers is easy to tokenize.

5.2.3 Experimental Results for NAIST Goyo corpus

I evaluated the performance of error types for NAIST Goyo corpus by hand. Table
5.3 shows recall and number of correct answer using NAIST Goyo corpus as test data.
There is not much different in number of correct answer between NAIST Goyo corpus
and Lang-8 corpus. However, the system trained by NAIST Goyo coprus is higher
performance than Lang-8 about “word selection” error. Recall is low but the error
correction systems can correct various types of error. The error type which has the
highest recall in all error types is “Spelling” error.

Table 5.4 shows character-based recall, precision and F-score. F-score of W-W
model is not different between training corpora. In F-scores of C-C and C-W, using
Lang-8 corpus is better than NAIST Goyo corpus.
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(a) test: English

(b) test: Mandarin

Figure 5.3: Comparison of the performance of error correction for different size of
translation model (W-W).
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(a) test: English

(b) test: Mandarin

Figure 5.4: Comparison of the performance of error correction for different size of
translation model (C-C5).
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(a) test: English

(b) test: Mandarin

Figure 5.5: Comparison of the performance of error correction for different size of
translation model (C-W).
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Table 5.2: Comparison of the performance of error correction trained on different first
language

(a) test: English

method
W-W C-C5 C-W

Learners’
L1 of
training
data

English
Recall 0.010 0.128 0.136

Precision 0.326 0.383 0.271
F-measure 0.151 0.190 0.181

Mandarin
Recall 0.051 0.089 0.097

Precision 0.248 0.266 0.189
F-measure 0.084 0.132 0.126

ALL
Recall 0.105 0.107 0.146

Precision 0.324 0.378 0.246
F-measure 0.158 0.167 0.181

(b) test: Mandarin
method

W-W C-C5 C-W

Learners’
L1 of
training
data

English
Recall 0.170 0.151 0.171

Precision 0.457 0.494 0.354
F-measure 0.245 0.229 0.231

Mandarin
Recall 0.183 0.116 0.124

Precision 0.457 0.474 0.389
F-measure 0.260 0.185 0.187

ALL
Recall 0.155 0.132 0.119

Precision 0.478 0.476 0.373
F-measure 0.232 0.205 0.180
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Table 5.4: Character-based recall, precision and F-score using NAIST Goyo corpus as
test data

Training corpus NAIST Goyo corpus Lang-8
W-W C-C5 C-W W-W C-C5 C-W

Recall 0.080 0.048 0.112 0.081 0.072 0.130
Precision 0.222 0.231 0.131 0.190 0.295 0.236
F-score 0.118 0.080 0.121 0.113 0.116 0.167

5.3 Discussion
As I discussed in Chapter 2, the extracted corpus still contains comments in the

corrected sentences. However, it does not greatly affect the performance of the JSL
learner’s error correction, demonstrating that I was able to build a large-scale JSL
learners’ corpus from revision logs. Moreover, I have checked all the output of my
SMT-based error correction system, but none of the errors of the system are derived
from the annotators’ comments.

Here are some examples illustrating the difference of the scale of the training corpus.
I compared translation models trained on 100K sentences and 300K sentences. Note
that the model trained on 100K sentences gave the worst result, wheares model trained
on 300M sentences achieved the best in Figure 5.4(a). In both cases, the language
models were trained on the same 790K sentences. Both models corrected the examples
below:

Original: またどもうありがとう
(Thanks, Matadomou (OOV))

Correct: またどうもありがとう
(Thank you again)

Also, both of them corrected a case marker error frequently found in JSL learners’
writing as in:

Original：TRUTHわ美しいです
(TRUTH wa beautiful)

Correct：TRUTHは美しいです
(TRUTH is beatiful)
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On the other hand, the model trained on 300K sentences corrected the following ex-
ample:

Original: 学生なるたら学校に行ける
(the learner made an error in conjugation form.)

Correct: 学生なったら学校に行ける
(Becoming a student, I can go to school.)

100K:学生なるため学校に行ける
(I can go to school to be student)

300K:学生なったら学校に行ける
(Becoming a student, I go to a school)

This example also illustrates the fact that there remains uncorrected errors (missing
“ni” case marker after “学生” student) as I discussed in Section 2.5.

Here are some examples illustrating the difference of the methods. I compared C-C5
and C-W. Note that both C-C5 and C-W achieve better F-measure than rest of methods
in Figure 5.1(a) C-C5 corrected the following example:

Original: いつも英語けだを話したくない
(I do not want to speak English keda)

Correct: いつも英語だけを話したくない
(I do not want to speak only English)

C-C5: いつも英語だけを話したくない
(I do not want to speak only English)

C-W:いつも英語だを話したくない
(I do not want to speak Englsh da)

On the other hand, C-W corrected the examples below:

Original: 協会に行きますつもりです
(I will going to go an accademy)

Correct: 協会に行くつもりです
(I am going to go to an academy)

C-C5: 協会に行きますつもりです
(I will going to go an accademy)

C-W:協会に行くつもりです
(I am going to go to an academy)
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The word 3gram language model produces an effect. The word 3gram uses wider
information than the character 5gram.

Seeing Figures 5.3, 5.4, 5.5, and Table 5.2, the experimental result varies widely by
test data or methods. From this, there are effective sentences of training data for the
each method and each test data.

The character-based models are better than word-based models for test data whose
writers’ L1 is English while word-based models are better than character-based models
for test data whose writers’ L1 is Mandarin. This is because learners whose L1 is
Mandarin can write Chinese character (kanji) so that word segmentation is less likely
to fail for sentences whose writers’ L1 is Mandarin.
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Chapter 6

Effect of Learner Corpus Size in
Grammatical Error Correction of ESL
Writings

6.1 Background
English as a Second Language (ESL) learners’ writings contain various kinds of

grammatical errors. Recent growth in corpus annotation of learner English allows
detailed analysis of grammatical errors in learners’ writings. Konan-JIEM Learner
Corpus (hereafter referred to as KJ Corpus)1 is one such corpus composed of English
essays written by Japanese college students. Table 6.1 shows the distribution of errors
found in KJ Corpus2. The most frequent error type is article errors, followed by noun
number and preposition errors. It is not surprising that frequent types of errors account
for the most errors, but it should be noted that there are many different types of errors
in learner corpus.

Recently, Swanson and Yamangil (2012) presented a detailed analysis on correcting
all types of errors in the Cambridge Learner Corpus, but their task is different from the
others in that their goal is to detect errors and select error types given both the original
and corrected text, which is not often available in practice.

Some types of errors like agreement errors can be corrected by simple rules using
heuristics, while others like preposition errors are difficult to correct without statistical
models trained on native corpora and/or learner corpora. It was not until recently that

1http://www.gsk.or.jp/catalog/GSK2012-A/catalog_e.html
2Spelling errors are excluded from target of annotation in KJ Corpus.



Types Proportion (%) Types Proportion (%)

article 19.23 verb other 4.09
noun number 13.88 adverb 3.59
preposition 13.56 conjunction 2.04
tense 8.77 word order 1.34
lexical choice of noun 7.04 noun other 1.30
lexical choice of verb 6.90 auxiliary verb 0.88
pronoun 6.62 other lexical choice 0.74
agreement 5.25 relative 0.42
adjective 4.30 interrogative 0.04

Table 6.1: The distribution of errors on KJ Corpus.

large scale learner corpora became widely available for grammatical error correction.
However, little is known about the effect of learner corpus size in ESL grammatical
error correction.

In this chapter, I conduct experiments in error correction targeting all types of errors
using a large scale error-annotated learner corpus to see the effect of corpus size in
grammatical error correction. I build an error correction system with phrase-based
statistical machine translation (SMT) technique. Also, I create a large scale error-
tagged corpus of learner English from the web. I then analyze the results of error
correction by breaking down the error types and discuss the strength and weakness of
the example based approach using a large scale but noisy learner corpus.

The main contribution of this work is two-fold:
• To my knowledge, it is the first attempt to use a large scale learner corpus to

correct all types of errors.

• I show the effect of learner corpus size on the phrase-based SMT approach and
show its advantages and disadvantages.

6.2 Related Work
Even though there are many works on error correction in learners’ English, only a

few target multiple various kinds of grammatical errors.
First, Brockett et al. (2006) proposed an error correction model with phrase-based

SMT. Even though their model can deal with all types of errors, they evaluated their
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method only on noun number errors using an artificial data, partly because there was
no large scale learner corpus available at the time. I would like to emphasize that my
work is the first attempt to use a real world large learner corpus with phrase-based SMT
technique. I will show that phrase-based SMT especially suffers from data sparseness.

Second, Park and Levy (2011) attempted to correct various kinds of errors with a
noisy channel model using a large scale unannotated corpus of learner English. Mine
differs from their work in that I use a large scale error-tagged corpus annotated by the
wisdom of crowds. In addition, they targeted only spelling, article, preposition and
word form errors, while I do not restrict error types.

Third, Han et al. (2010) developed a preposition correction system using a large scale
error-tagged corpus of learner English. They built a maximum entropy-based model
for preposition errors trained on learner and native corpora. I also take advantage of a
large scale error-tagged corpus of learner English, but use phrase-based SMT to deal
with various kinds of errors and to fully exploit the learner corpus.

Recently, Dahlmeier and Ng (2012a) presented a beam-search decoder for correct-
ing spelling, article, preposition, punctuation and noun number errors. They reported
that their discriminative model achieves considerably better results than an SMT base-
line trained on a few hundreds of sentences. As I will see later, I observed a similar
tendency in preposition error correction when I trained a phrase-based SMT system on
a small learner corpus. However, in this work, I exploit a large scale error-annotated
corpus extracted from the web to overcome the data sparseness problem.

6.3 Experiment: Effect of Learner Corpus Size in Gram-
matical Error Correction

I carried out an experiment on grammatical error correction with SMT-based system
using a large scale learner corpus. To see the effect of corpus size, I compare a system
using Lang-8 Corpus (large scale learner corpus) with different sizes and a system
using KJ Corpus (small scale corpus). In order to get a closer look at the effect of error
correction methods, I also experimented on the preposition error correction task using
a maximum entropy model as a discriminative baseline and SMT-based models as my
proposal for all error correction.
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6.3.1 Tools for Statistical Machine Translation

I used Moses 2010-08-133 with default parameters as a decoder and GIZA++ 1.0.54

as an alignment tool to implement an error correction system with phrase-based SMT. I
applied grow-diag-final-and (Och and Ney, 2003) heuristics for phrase extraction. The
number of extracted phrases are 1,050,070 (245 MB) using all data of Lang-8 Corpus.
I used 3-gram as a language model trained on the corrected text of Lang-8 Corpus.

Next, I built the maximum entropy model (Berger et al., 1996) as a multi-class clas-
sifier baseline for preposition error correction (Sakaguchi et al., 2012). I used the
implementation of Maximum Entropy Modeling Toolkit5 with its default parameters.
I incorporated surface, POS, WordNet, parse and language model features described
in (Tetreault et al., 2010) and (De Felice and Pulman, 2008). POS and parse features
were extracted using the Stanford Parser 2.0.2. This system achieves recall of 18.44,
precision of 34.88 and F-measure of 24.12 trained and tested on the CLC FCE dataset
(Yannakoudakis et al., 2011), which ranked the 4th out of 13 systems at the HOO 2012
Shared Task (Dale et al., 2012).

6.3.2 Experimental Data

I use metadata of users to determine the L1 of English learners. Because my test
corpus (KJ Corpus) is written by Japanese college students, I would like to use the same
kind of data; it is out side of the scope of this paper to see the effect of learners’ L1.
There are 509,116 sentence pairs in English writings written by Japanese L1 English
learners. However, I need to filter noisy sentences because it may be hard to align them
if the sentences are drastically changed from the original learner’s sentences, resulting
in degraded performance on phrase-based SMT approach. Therefore, I calculate the
edit distance between a learner sentence and the corrected sentence using a dynamic
programming algorithm, and retain sentences whose numbers of both insertions and
deletions is equal to or less than 5 words6. As a result, I obtain 391,699 sentence pairs.

I use KJ Corpus as a test data. KJ Corpus consist of 170 essays, containing 2,411
sentences. When I experiment on a system using KJ Corpus, I perform 5-fold cross

3http://http://www.statmt.org/moses/
4http://code.google.com/p/giza-pp/
5https://github.com/lzhang10/maxent
6I use 6 as a distortion-limit for Moses, therefore I chose the edit distance to be smaller than the

distortion-limit.
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validation.

6.3.3 Experimental Results

Table 6.2 shows error correction results for each type of errors on different corpora.
I compared SMT systems trained on KJ Corpus, Lang-8 Corpus with the same amount
of data with KJ Corpus, and full Lang-8 Corpus. With very few exceptions, the larger
the size of learner corpus, the higher the accuracy. In addition, using the larger corpus,
precision tends to increase more than recall.

Table 6.3 presents F-measures for each type of error varying the corpus sizes (2K,
10K, 20K, 100K, 200K, 300K, All (390K)). As I will see later in Section 6.3.4, there
are two types of errors in which learner corpus size matters.

Table 6.4 shows the performance of preposition error correction. Perhaps not sur-
prising, but it still deserves attention that SMT model trained on all Lang-8 Corpus
clearly outperformed other two systems. MaxEnt does slightly better than SMT when
they are trained on the same small corpus. Unfortunately, I were not able to use Lang-8
Corpus since it took too long to train.

6.3.4 Discussion

I can classify errors into two types: (1) errors which get better correction by in-
creasing corpus size and (2) errors which have little relationship with corpus size. The
first type of errors includes article, preposition, lexical choice of noun, lexical choice of
verb, adjective, and noun other. On the other hand, the second type of errors comprises
noun number, tense, agreement, adverb, conjunction, word order, auxiliary verb, rela-
tive and interrogative. I can expect to improve performance (both recall and precision)
for errors that require wide coverage lexical knowledge, such as lexical choice errors,
by using a much larger corpus with phrase-based SMT. In contrast, I may say that
errors which involve larger context such as tense errors are difficult to correct with
phrase-based SMT. I discuss the result while looking at examples of two of the for-
mer type of errors (article and lexical choice of noun) whose F-measures improve with
increasing corpus size, and three of the latter type of errors (noun number, tense and
agreement), whose F-measures do not change or even degrade.

Table 6.5 shows examples of article and lexical choice of noun. These are the exam-
ples that phrase-based SMT failed to correct using KJ Corpus. Because I can acquire
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a lot of pairs of an error phrase and its correction by increasing the size of the learner
corpus, the phrase-based SMT was able to correct them using Lang-8 Corpus.

Table 6.6 shows examples of noun number, tense and agreement errors. The first
example of noun number was corrected using Lang-8 Corpus with phrase-based SMT
since the error is one of the common learners’ expressions. The second was not cor-
rected using Lang-8 Corpus with phrase-based SMT because “dools”7 is slightly dis-
placed from “a big”, and a proper noun “snoopy” is inserted between “dools” and “a
big”. It is hard to correct this kind of error with Phrase-based SMT, even using arti-
ficial data such as in (Brockett et al., 2006). To solve this problem, I need to conduct
generalization using POS or consider dependency relations.

The first example of a tense error was corrected using both KJ Corpus and Lang-8
Corpus with phrase-based SMT. One of the reasons why the baseline system was able
to correct the error is that it requires only local context to correct and is very frequent
even in a small leaner corpus. In the second example, the system fails to find tense
agreement in the complex sentence. Tense error is difficult to correct for phrase-based
SMT since it involves global context (Tajiri et al., 2012).

The first example of agreement error was corrected using Lang-8 Corpus with phrase-
based SMT. This is because the phrase pair correcting “Flowers is” to “Flowers are”
is frequent and the language model probability of “Flowers are” is also higher than
“Flowers is”. The second example is one that the system failed to correct since the
pattern is unseen in the learner corpus and thus the system has no way to capture the
relation between the subject “reading” and “are”. To solve this problem, it needs to get
the subject-verb relation considering a dependency structure.

As for prepostion error correction, I suspect that there are two reasons why the SMT-
based model using full Lang-8 Corpus outperformed the MaxEnt model. First, due to
the small amount of training data in KJ Corpus (2,000 sentences), the MaxEnt model
failed to build a high performance system. Second, the high performance of the SMT
system may be attributed to the fact that both KJ Corpus and Lang-8 Corpus were
written by Japanese native speakers. Also, the reason why the MaxEnt model achieved
better result than SMT when trained on the same small corpus is possibly because
KJ Corpus is too small to learn variations in learner English by phrase-based SMT
approach, while a discriminative model can exploit a small dataset using rich features.

7The word “dools” written by a learner is also a spelling error.
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Training Corpus KJ Corpus Lang-8 Corpus (2K) Lang-8 Corpus (390K)

Recall Prec F Recall Prec F Recall Prec F

article 0.187 0.531 0.277 0.187 0.571 0.282 0.359 0.761 0.488
noun number 0.207 0.603 0.308 0.136 0.671 0.226 0.199 0.710 0.311
preposition 0.137 0.375 0.201 0.092 0.319 0.143 0.262 0.585 0.361

tense 0.102 0.170 0.128 0.043 0.088 0.058 0.080 0.149 0.104
lexical choice of noun 0.035 0.114 0.054 0.033 0.152 0.054 0.182 0.443 0.258
lexical choice of verb 0.070 0.161 0.098 0.065 0.200 0.098 0.192 0.324 0.241

pronoun 0.075 0.220 0.112 0.040 0.143 0.063 0.150 0.367 0.213
agreement 0.236 0.604 0.340 0.125 0.483 0.199 0.228 0.469 0.307
adjective 0.151 0.326 0.206 0.056 0.286 0.094 0.389 0.522 0.446
verb other 0.089 0.139 0.109 0.147 0.333 0.204 0.286 0.419 0.340

adverb 0.265 0.450 0.333 0.214 0.429 0.286 0.292 0.432 0.349
conjunction 0.100 0.417 0.161 0.091 0.714 0.161 0.115 0.546 0.190
word order 0.500 0.025 0.048 0.667 0.050 0.093 0.750 0.075 0.136
noun other 0.182 0.222 0.200 0.143 0.167 0.154 0.571 0.429 0.490

auxiliary verb 0.056 0.167 0.083 0.100 0.400 0.160 0.100 0.400 0.160
other lexical choice 0.167 0.200 0.182 0.000 0.000 0.000 0.357 0.455 0.400

relative 0.111 0.250 0.154 0.182 0.667 0.286 0.091 0.500 0.154
interrogative 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Total 0.149 0.147 0.148 0.113 0.205 0.146 0.247 0.275 0.260

Table 6.2: Result for each type of errors by statistical machine translation. Bold face
indicates that one system’s result is equal or greater by more than 0.1 points than the
other systems’ result.

41



Training Corpus KJ
Lang-8

2K 10K 20K 100K 200K 300K 390K

article 0.277 0.282 *0.390 *0.420 *0.443 *0.459 *0.475 *0.488
noun number 0.308 0.226 0.214 0.238 0.270 0.300 0.319 0.311
preposition 0.201 0.143 0.192 0.226 *0.333 *0.336 *0.344 *0.362

tense 0.128 0.058 0.066 0.058 0.081 0.096 0.089 0.104
lexical choice of noun 0.054 0.054 0.124 0.133 *0.189 *0.216 *0.250 *0.258
lexical choice of verb 0.098 0.098 0.087 0.138 *0.196 *0.232 *0.232 *0.241

pronoun 0.112 0.063 0.131 0.150 0.177 0.195 0.213 0.213
agreement 0.340 0.197 0.224 0.248 0.260 0.284 0.307 0.307
adjective 0.206 0.094 0.165 0.219 *0.413 *0.426 *0.426 *0.446
verb other 0.109 0.204 0.240 0.311 0.291 *0.340 0.308 0.340

adverb 0.333 0.286 0.286 0.302 0.333 0.349 0.349 0.349
conjunction 0.161 0.161 0.161 0.191 0.161 0.191 0.191 0.191
word order 0.048 0.093 0.093 0.091 0.091 0.091 0.091 0.136
noun other 0.200 0.154 0.286 0.286 *0.531 *0.490 *0.490 *0.490

auxiliary verb 0.083 0.160 0.160 0.083 0.083 0.160 0.160 0.160
other lexical choice 0.182 0.000 0.095 0.095 0.400 0.400 0.400 0.400

relative 0.154 0.285 0.154 0.154 0.154 0.154 0.154 0.154
interrogative 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Total 0.148 0.146 0.180 0.200 0.239 0.247 0.254 0.260

Table 6.3: Results (F-measure) for error correction by SMT varying the learner corpus
sizes. Asterisks indicate that the difference of result using Lang-8 Corpus and result
using KJ Corpus is statistically significant (p < 0.01).

System Training corpus Recall Precision F-measure

Maximum entropy-based model KJ Corpus 0.165 0.407 0.235
Phrase-based SMT KJ Corpus 0.137 0.375 0.201
Phrase-based SMT Lang-8 Corpus (390K) 0.262 0.585 0.362

Table 6.4: Result for preposition error correction on KJ Corpus.
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learner correct

article I like a chocolate very much. I like chocolate very much.
lexical choice of noun my cycle was injured, but i wasn’t. my bicycle was damaged, but i wasn’t.

Table 6.5: Examples of system output for article and lexical choice of noun error

learner correct

noun number 1 I read various type books. I read various types of books.
noun number 2 There is a big snoopy dools in my room. There is a big snoopy doll in my room.

tense 1 If I ’ll live in saitama, I must have ... If I live in saitama, I must have ...
tense 2 The weather is very sunny, so we were ... The weather was very sunny, so we were ...

agreement 1 Flowers is very beautiful. Flowers are very beautiful.
agreement 2 I think, reading comics are not ”reading” I think, reading comics is not ”reading”

Table 6.6: Examples of system results for noun number, tense and agreement errors.
Asterisks indicate that the SMT system using full Lang-8 Corpus failed to correct the
errors.
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Chapter 7

Grammatical Error Correction
Considering Multi-word Expressions

7.1 Background
For dealing with any types of errors, grammatical error correction methods using

phrase-based statistical machine translation (SMT) are proposed until previous chapter.
Phrase-based SMT carries out translation with phrases which are a sequence of words
as translation units. However, since phrases are extracted in an unsupervised manner,
an Multi-Word Expression (MWE) like “a lot of” may not be treated as one phrase.
In machine translation fields, phrase-based SMT considering MWEs achieved higher
performance (Carpuat and Diab, 2010; Ren et al., 2009).

In this chapter, I propose a grammatical error correction method considering MWEs.
To be precise, I apply machine translation methods considering MWEs (Carpuat and
Diab, 2010) to grammatical error correction. They turn MWEs into single units in
the source side sentences (English). Unlike typical machine translation that translates
between two languages, in the grammatical error correction task, source side sentences
contain errors. Thus, I propose two methods; one is that MWEs are treated as one word
in both source and target side sentences, the other is that MWEs are treated as one word
in only the target side sentences.



7.2 Related Work
Research on grammatical error correction has recently become very popular. Gram-

matical error correction methods are roughly divided into two types; (1) targeting few
restricted types of errors (Rozovskaya and Roth, 2011; Rozovskaya and Roth, 2013;
Tajiri et al., 2012) and (2) targeting any types of errors. In the first type of error cor-
rection, classifiers like Support Vector Machines have mainly been used. In the second
type, statistical machine translation methods have been used. The only features for
grammatical error correction that have been considered in many of previous works are
token, POS and syntactic information of single words, and features considering two
(or more) words as a whole such as MWEs have never been used.

There is the work dealing with collocations, a kind of MWEs, as target of error de-
tection (Futagi et al., 2008). Our method is different in that we are aiming at correcting
not MWEs but other expressions like articles, prepositions and noun numbers as targets
considering MWEs.

A lot of research for identifying MWEs and constructing MWE resources have been
conducted (Schneider et al., 2014; Shigeto et al., 2013). In addition, there is some
research in natural language processing applications using MWEs; i.e., statistical ma-
chine translation (Carpuat and Diab, 2010; Ren et al., 2009), information retrieval
(Newman et al., 2012) and opinion mining (Berend, 2011).

My task is very similar to the research of SMT using MWEs (Carpuat and Diab,
2010; Ren et al., 2009). However I am in different situation where incorrect words
may be included in source sentence side, thus identifying MWEs in source side may
make mistakes.

7.3 Multi-word Expressions
MWEs are defined as expressions having “idiosyncratic interpretations that cross

word boundaries (or spaces)” (Sag et al., 2002). In this chapter, I mainly deal with fixed
expressions that function either as adverbs, conjunctions, determiners, prepositions,
prepositional phrases or pronouns.
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Table 7.1: The rate of overlap of multi-word expressions from Penn Treebank section
of OntoNotes and Lang-8 Learner Corpora

top number rate of overlap
10 30.0%
20 45.0%
30 46.7%
40 57.5%
50 54.0%
70 57.1%

120 66.7%
170 66.5%

7.3.1 Multi-word Expressions in Native Corpora and Learner Cor-
pora

ESL learners also use a lot of MWEs in their writings just like native speakers.
For comparing MWEs usages of ESL learners and native speakers, I prepare a native
corpus and a learner corpus. I use the MWE data set from (Shigeto et al., 2013), MWE-
annotated Penn Treebank sections of OntoNotes Release 4.01 as the native corpus. I
use Lang-8 Learner Corpora2 as the learner corpus3.

Table 7.1 shows the rate of overlap of multi-word expressions from Penn Treebank
section of OntoNotes and Lang-8 Learner Corpora in taking top N. Although they are
in different domains, MWEs used by learners overlap about 60% with those used by
native speakers.

The occurrence frequency of MWEs obeys the Zipf’s law. In the learner corpus,
top 70 MWEs cover about 50%, top 120 MWEs cover about 80% and top 170 MWEs
cover 90% of all the MWEs in the corpus by token count.

1https://catalog.ldc.upenn.edu/LDC2011T03
2http://cl.naist.jp/nldata/lang-8/
3MWEs are automatically tagged by tools which explained in 7.5.1.
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7.3.2 Advantage of Using Multi-word Expressions for Grammati-
cal Error Correction

There are two advantages to use MWEs in grammatical error correction. The first
advantage is that it prevents translation of correct parts of MWEs to other words. To
illustrate this, let us consider the following example:

He ate sweets, for example ice and cake.

This sentence does not have grammatical errors, thus error correction systems does not
need to correct it. However, the system might correct the word “example”, into the
following:

He ate sweets, for examples ice and cake.

This is because the system has no knowledge of MWEs.
The second advantage is that the system becomes capable of considering longer

contexts when using MWEs. To illustrate this, let us consider the following example:

I have a lot of red apple.

Without considering MWEs, the system takes “I have a”, “have a lot”, “a lot of”, “lot
of red”, “of red apple”as word 3-grams, unable to consider the relationship between “a
lot of” and “apple”.

7.4 Grammatical Error Correction Methods Using Multi-
word Expressions

In this section, I describe my error correction method with MWEs. I use statistical
machine translation approaches for grammatical error correction. I apply MWEs to the
phrase-based SMT.

I propose two methods for grammatical error correction considering MWEs. Previ-
ous research of machine translation using MWEs (Carpuat and Diab, 2010) handled
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MWEs in source side sentences by simply turning MWEs into single units (by conjoin-
ing the constituent words with underscores). I essentially apply their method to gram-
matical error correction; however, in my case identifying MWEs might fail because
source side sentences contain grammatical errors. Therefore, I propose and compare
the following two methods.

Using MWEs in both source side and target side In this method, MWEs are con-
sidered in both source side and target side. I show an example in the following:

Source: I have a lot of pen.
Target: I have a lot of pens.

Using MWEs in target side In this method, MWEs are considered only in target
side. I show an example in the following:

Source: I have a lot of pen.
Target: I have a lot of pens.

I train both language model and translation model using texts of considering MWEs.

7.5 Experiments of Grammatical Error Correction Us-
ing Multi-word Expressions

7.5.1 Experimental Settings

I used cicada 0.3.04 for the machine translation tool. This includes a decoder and a
word aligner. As the language modeling tool I used expgram 0.2.05. I used ZMERT6

as the parameter tuning tool.
For automatic identifying MWEs, I use AMALGr 1.07 (Schneider et al., 2014). The

MWE identification tool is re-trained using the MWE data set tagged by Shigeto et al.

4http://www2.nict.go.jp/univ-com/multi_trans/cicada/
5http://www2.nict.go.jp/univ-com/multi_trans/expgram/
6http://cs.jhu.edu/˜ozaidan/zmert/
7https://github.com/nschneid/pysupersensetagger
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Table 7.2: Results of grammatical error correction

Precision Recall F-Score

Baseline (without MWEs) 0.301 0.329 0.314

70 (50%) 0.273 0.378 0.317
Source: with MWEs, 120 (80%) 0.300 0.349 0.322
Target: with MWEs 170 (90%) 0.279 0.382 0.323

All 0.292 0.328 0.309

70 (50%) 0.301 0.351 0.324
Source: without MWEs, 120 (80%) 0.293 0.369 0.327

Target: with MWEs 170 (90%) 0.298 0.367 0.329
All 0.313 0.294 0.304

Table 7.3: Examples of system outputs

Leaner Last month, she gave me a lot of rice and onion.
Baseline Last month, she gave me a lot of rice and onion.

with MWE Last month, She gave me a lot of rice and onions.

(2013) on the Penn Treebank sections of OntoNotes Release 4.0. This is because their
annotation was more convenient for my purpose.

The translation model was trained on the Lang-8 Learner Corpora v2.0. I extracted
English essays which were written by ESL learners whose native language is Japanese
from the corpora and cleaned the noise with the method proposed in Chapter 2. As the
results, I got 629,787 sentence pairs. I used a 5-gram language model built on corrected
sentences of the learner corpora. Konan-JIEM Learner Corpus are used for evaluation
and development data. I use 2,411 sentences for evaluation, and 300 sentences for
development.

7.5.2 Experimental Results

As evaluation metrics, I use precision, recall and F-score. I compare phrase-based
SMT without using MWEs (baseline) with the two methods explained in Section 7.4.
In addition, I varied the number of MWEs used for training the translation model and
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the language model. This is because MWEs that appear few times may introduce
noises. I use top 70 (50%), 120 (80%) and 170 (90%) MWEs described in 7.3.1.

Table 7.2 shows the experimental results. The methods considering MWEs achieved
higher F-score than baseline except for the case that uses all MWEs. In addition, using
more MWEs inceases the F-score.

7.5.3 Discussion

Using all MWEs shows worse results because infrequent MWEs become noise in
training and testing. I got better results when I use MWEs only in the target side. This
is likely because learners tend to fail to write MWEs correctly, only writing them in
partial forms. One cause of deterioration of precision is that a single word like “many”
is wrongly corrected into an MWE like “a lot of”, although it is actually not incorrect.

There are two reasons why the performance improved considering MWEs. The
first reason is that the system becomes capable of considering the relationship between
MWEs which are made up of a sequence of two or more lexemes and words lie adjacent
to MWEs. I show an example of system results in Table 7.3. Although the baseline
system did not correct the example, the system considering MWEs was able to correct
this error. This is because the system was able to consider the MWE “a lot of”.

The second reason is that the probabilities of translation model and language model
are improved by handling MWEs as single units. Let me consider the two sentences,
“There are a lot of pens” and “There is a pen.” as examples of language model. Without
considering MWEs, the word 3-grams, “There are a” and “There is a”, have high
probability. With considering MWEs, however, the former trigram becomes to “There
a lot of pens” and then the probabilities of trigrams that should not be given high
probability like “There are a” come to low. The correction performance of articles and
prepositions that are likely to become a component word of MWEs is considered to
improve by this revision. The number of true positive for article as compared with
baseline and MWE (170) of only target side are 190 and 227, respectively. Likewise,
the number of true positive for preposition as compared with them are 108 and 121,
respectively.
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Chapter 8

Reranking for Grammatical Error
Correction

8.1 Introduction
SMT systems generate many candidate sentences of translation. The systems score

for all candidates and output a sentence which have the highest score as the translation
result. However, it is not always true that 1-best result of SMT system is the best
output, because the scoring is done only with local features. In other words, SMT
N-best (N > 1) results contain better outputs than 1-best result.

There are reranking approaches to solve the scoring problem. Reranking is the
method which scores for N-best candidate results of SMT and reorders the results.
The advantage of reranking is to calculate the score using global features. Figure 8.1
shows a flow of reranking. First, N-best results are obtained by a grammatical error
correction system using SMT for a learner sentence (blue broken line [A] in Figure
8.1). Next, a reranking system re-scores for the N-best results and reorders the results
Reranking approaches are proposed for common SMT task (Shen et al., 2004; Carter
and Monz, 2011; Li and Khudanpur, 2008; Och et al., 2004). Shen et al. (2004) first
use perceptron-like algorithm for reranking of common SMT task. However they used
a small number of features. Li and Khudanpur (2008) proposed a reranking approach
using large scale discriminative n-gram language model for common SMT task. They
extend the method proposed for automatic speech recognition to SMT task (Roark et
al., 2007). Carter and Monz (2011) is similar to (Li and Khudanpur, 2008), but they
used syntactic features (i.e. POS, parse tree) for reranking of common SMT task.

The reranking approach is used in grammatical error correction using phrase-based



SMT (Felice et al., 2014). Their method uses only language model score, however in
the reranking step, the system can consider not only surface but also syntactic feature
(POS and parse tree and so on.) like Carter and Monz (2011) used. The syntactic
information is not considered in the phrase-based SMT, thus considering syntactic fea-
tures in the reranking system can improves correction performance. In this chapter, I
apply a discriminative reranking methods to the task of grammatical error correction.
While reranking by discriminative n-gram language model (Shen et al., 2004) is not
effective for grammatical error correction, reranking using syntactic features improves
F0.5 score.
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Figure 8.1: Flow of reranking

8.2 Why Needs Reranking on Grammtical Error Cor-
rection?

The grammatical error correction using SMT has the same problem as common
SMT. It is not always true that 1-best correction by the system is the best correction.
To prove this, I conducted grammatical error correction experiment using SMT and
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calculate n-best oracle score. The oracle score are calculated by selecting the correc-
tion candidates with the highest score from n-best lists for each sentence.

Table 8.1 shows oracle scores of baseline grammatical error correction system using
SMT1. While F0.5-Score of 1-best output is 37.9, F0.5 of 10-best oracle score is 64.3.
The more n-best is increased, the higher oracle score becomes. From this results, 1-
best correction by grammatical error correction system using SMT is not always the
best correction.

Advantage of Reranking There are three advantages to use the reranking approach
for grammatical error correction. First advantage is that the raranking system can use
POS, syntactic features which phase-based SMT can not deal with. Some errors need
to consider the relation between distant words; i.e., article relation between a and dolls
in a big Snoopy dolls.

Second advantage is that POS tagger and parsers can analyze the error-corrected
candidate more properly than erroneous sentences, leading to obtain more accurate
features. Thus it is promising that taggers for N-best outputs of the system work much
better than for learners’ original sentences.

Finally, different from pipeline systems (i.e., correcting article errors after correcting
noun errors), the reranking system can avoid to correct in conflict. This is because the
reranking systems do not correct errors but calculate quality of sentence.

8.3 Proposed Method

1See 8.4.1 for a baseline system
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Table 8.1: Oracle score of grammatical error correction using SMT

N-best Precision Recall F0.5

1 43.9 24.5 37.9
5 71.3 34.0 58.4

10 79.1 36.7 64.3
20 85.0 39.8 69.3
30 87.7 41.4 71.7
40 88.8 42.2 72.7
50 89.5 43.1 73.6
60 90.0 43.7 74.2
70 90.4 44.3 74.9
80 91.3 44.8 75.6
90 91.9 45.0 76.0

100 92.3 45.3 76.4
200 93.6 47.4 78.4
300 94.6 48.3 79.4
400 95.0 49.0 80.0
500 95.2 49.5 80.4
965 96.4 50.6 81.6
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In this section, I explain the discriminative reranking method and the features of the
reranker for grammatical error correction.

8.3.1 Discriminative Rearanking Method

In this paper, I use discriminative reranking algorithm using perceptron which suc-
cessfully exploits syntactic features for n-best reranking for common translation task (Carter
and Monz, 2011). Figure 8.2 shows the standard perceptron algorithm for reranking.
T is the number of iterations for perceptron learned. N is the number of sentences
in training corpus. GEN(x) is n-best list generated by grammatical error correction
system using SMT for the input sentence. ORACLE(xi) determines the best correction
for each of the n-best lists according to the F0.5. w is weight vector for features and
ϕ is feature vector for candidate sentences. Selecting sentence with the highest score
from candidate sentences (line 5), if selected sentence and oracle sentence match, then
algorithm goes to next sentence. Otherwise, the weight vector is updated.

The disadvantage of perceptron is instability when training data is not linearly sep-
arable. As solutions for this problem, an averaged perceptron algorithm was proposed
(Freund and Schapire, 1999). In this algorithm, weight vector wavg is defined as:

wavg =
1
T

T

∑
t=1

1
N

N

∑
i=1

wi
t (8.1)

To select the best correction from n-best candidates, I use the following formula;

S(z) = βϕ0(z)+w ·ϕ(z) (8.2)

ϕ0(z) is the score by SMT system for each translation hypothesis. This score is
weighted by β . It is possible to use ϕ0(z) as a feature in the perceptron algorithm,
but this may lead to under-training (Sutton et al., 2006). I select value for β using
development data.

8.3.2 Features of Discriminative Reranker for Grammatical Error
Correction

In this paper, I use the features used in (Carter and Monz, 2011) and the features
which are used for determiner error correction in (Dahlmeier et al., 2012). In addition,
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1: w← 0
2: for t = 1 to T do
3: for i = 1 to N do
4: yi← ORACLE(xi)

5: zi← argmaxx∈GEN(xi)ϕ(z) ·w
6: if zi ̸= yi then
7: w← w+ϕ(yi)−ϕ(zi)

8: end if
9: end for

10: end for
11: return w

Figure 8.2: Perceptron algorithm for reranking
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new simple features of POS and dependency are used. The features in (Carter and
Monz, 2011) and my features are extracted from the whole sentence.

I use the features extracted from POS tag sequence, shallow parse tag sequence
and shallow parse tag plus POS tag sequence (Carter and Monz, 2011). From these
sequence, the features is extracted with the following three definition:

1. (ti−2ti−1ti), (ti−1ti), (tiwi)

2. (ti−2ti−1wi)

3. (ti−2wi−2ti−1wi−1tiwi), (ti−2ti−1wi−1tiwi), (tt−1wi−1tiwi), (ti−1tiwi)

Here wi is a word at position i and ti is a tag (POS or shallow parse tag) at position i.
The features for determiner error correction are selected from Table 1 in (Dahlmeier

et al., 2012). I use lexical features, POS features, head word features and dependency
features from (Dahlmeier et al., 2012).

Table 8.2 shows my new features. For POS-function n-gram, I use surface form
for words in stop word list, otherwise I use POS tags. I extract “nominal subject
(nsubj)”, “determiner (det)”, “direct object (dobj)”, “auxiliary (aux)”, “passive auxil-
iary (auxpass)”, “numeric modifier (num)” and “prepositional modifier and object of
preposition (prep and pobj)” from Stanford Dependency (de Marneffe et al., 2006) for
the dependency features.

8.4 Experiments: Reranking for SMT outputs
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I conducted experiment on grammatical error correction using SMT to see the effect
of discriminative reranking.

8.4.1 Experimental Settings

I used phrase-based SMT which many previous research used for grammatical error
correction for a baseline system. I used cicada 0.3.52 for the phrase-based machine
translation tool. This includes a decoder and a word aligner. As the language mod-
eling tool I used KenLM toolkit3. I used ZMERT4 as the parameter tuning tool. I
implemented Averaged-perceptron for reranking system.

The translation model was trained on the Lang-8 Learner Corpora v2.0. I extracted
English essays which were written by ESL learners and cleaned the noise with the
method proposed in (Mizumoto et al., 2011). As the results, I got 1,069,127 sentence
pairs. I used a 5-gram language model built on the “Associated Press Worldstream
English Service” from English Gigaword corpus and NUCLE 3.2 (Dahlmeier et al.,
2013). I used these two language models as separate feature functions in the SMT
systems.

For training data of reranking, Lang-8 Learner Corpora is split into 10 parts and each
part is corrected by a grammatical error correction system trained on the other 9 parts.
I select 10 as N for N-best reranking. The reranking system is trained by including
gold data that are annotated by native speakers. This is because the system is trained
in such a way as to have higher weight on features which appear frequently in correct
sentences.

CoNLL-2013 test sets are split into 700 sentences for parameter tuning of SMT and
681 sentences for tuning reranking of parameter beta. CoNLL-2014 test sets, 1,312
sentences are used for evaluation.

I used M2 Scorer as evaluation tool (Dahlmeier and Ng, 2012b). This scorer calcu-
lates precision, recall and F0.5. I used F0.5 as tuning metric.

2http://www2.nict.go.jp/univ-com/multi_trans/cicada/
3https://kheafield.com/code/kenlm/
4http://cs.jhu.edu/˜ozaidan/zmert/
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8.4.2 Experimental Result and Discussion

Table 8.3 shows the experimental result. I use 1-best result of grammatical error
correction system using SMT and reranking by probability of large n-gram language
model (Felice et al., 2014) as baseline systems. In addition, I compare the systems
which are ranked first and second (Felice et al., 2014; Rozovskaya et al., 2014) in
CoNLL2014 Shared Task. I also show the results of English grammaer checker on the
Web, Ginger and 1checker.

The discriminative reranking system with my simple features achieved the best F0.5

score. Simply adopting large n-gram language model to reranking, recall increases a
lot but precision drops. This result is very similar to CAMB system, because CAMB
system is SMT-based error correction and reranks using large n-gram language model.
Comparing reranking system with my simple feature to CUUI, my system is better in
all metrics excluding number of TP of ArtOrDet.

Using the discriminative reranking with my simple features, both precision and re-
call increase, and number of true positive of both ArtOrDet and Prep increases. Fea-
tures of Dahlmeier (for article errors) are better F0.5 than baseline, however number of
true positive decreases. The reranking using all features is less F0.5 than using only my
simple features. One of this reason is that role of features overlaps.
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Chapter 9

Conclusions

I proposed to extract a large-scale learners’ corpus from the revision log of a lan-
guage learning SNS. This corpus is easy to obtain on a large-scale, covers a wide
variety of topics and styles, and can be a great source of knowledge for both language
learners and instructors. This revision logs also include native language translation by
learners own for sentences of learning language. I plan to construct the learner corpus
with native language translation from the revision log of a language learning SNS.

I adopted phrase-based SMT approaches to Japanese grammatical error correction
task. I proposed the character-wise models to alleviate the problem of erroneous input
from language learners. Basically experimental results show that the character-wise
models and the combined models of character and word segmentations outperform the
word-wise models. My Japanese error correction system still remains some problem.
To improve the performance, learning level of writers is predicted, and the grammatical
error correction system needs to consider learning level of writers.

For English, I conducted experiments in grammatical error correction targeting all
types errors using statistical machine translation technique and I analyze the strength
and weakness of grammatical error correction using statistical machine translation. I
also proposed two grammatical error correction methods. One is the method consider-
ing Multi-word expression. Another is the method using discriminative reranking with
POS/syntactic features.

I proposed a straightforward application of MWEs to grammatical error correction,
but experimental results show that MWEs have quite good effects on grammatical error
correction. Experimental results show that the methods considering MWEs achieved
higher F-score than baseline except for the case that uses all MWEs. I plan to use more
multi-word expressions which we did not handle in this paper, such as phrasal verbs.



Moreover, I plan to conduct grammatical error correction considering MWEs which
contain gaps that are dealt with (Schneider et al., 2014).

I proposed the reranking approach for grammatical error correction with phrase-
based SMT. This approach has three advantages; (1) This approach can use global
features which phrase-based SMT can not deal with, (2) POS tagger and parsers can
analyze the error-corrected candidate, (3) The reranking system can avoid to correct in
conflict. My reranking system achieved F0.5 score of 39.5 (increasing 1.6 points from
the baseline system) on the CoNLL2014 Shared Task test set. I show that POS and
dependency features are effective for reranking of grammatical error correction with
SMT. I plan to use other features i.e., the features which are used in a classification
task, such as preposition correction and tense error correction.

There still remains several topics to explore. First, there are many statistical ma-
chine translation methods besides phrase-based SMT I used in this thesis. A factored
translation model (Koehn and Hoang, 2007) and a hierarchical phrase-based model
(Chiang, 2005) can use more rich information such as hierarchical structures and POS.
Moreover adopting a String-to-Tree model (Galley et al., 2006) to grammatical error
correction, the error correction system can consider syntactic information. Green and
Denero (2012) proposed class-based agreement model for inflected translation. Using
this method, grammatical error correction systems may correct inflected error learners
make, i.e., subject-verb agreement.

Second, it is not clear how automatic grammatical error correction has positive effect
for second language learning. To find out this, I plan to provide my grammatical error
correction system using discriminative reranking and collect learners’ sentences. I will
implement the grammatical correction system to Chantokun1 which our laboratory has
released.

1http://cl.naist.jp/chantokun/
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