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Suggesting Sentences for English as a Second

Language using Kernel Embeddings™

Kent Shioda

Abstract

In recent years, there are many studies on learning support for English as
a Second Language (ESL) learners. There are some writing assistant tools
that find and correct errors in English sentences written by learners. Assisting
English writing is meaningful as it contributes to reducing the burden of ESL
English composition at the same time as reducing the mistakes.

However, even for advanced ESL learners, it is difficult to write sentences con-
forming to the styles and expressions in a specific domain. In existing search
engines, systems are not optimized for retrieving example sentences when writ-
ing English sentences, so it is considered difficult to obtain query intent expected
by English learners. Also, existing tools search for example sentences using the
surface layer of the words that the learner has entered in the query because
the query is assumed to represent an English sentence that the ESL learner
wishes to write. However, it is considered difficult for ESL learner to think of
an appropriate query that expresses English sentences that reproduce his or her
information need. Therefore, it is beneficial for non-native speakers to search
for sentences using keywords that the writer aims to use. So, we tackle exam-
ple sentence search with latent intent to support English composition for ESL
learners.

ESL learners are familiar with web search engines, but generic web search
results may not be adequate for composing documents in a specific domain.

However, if we build our own search system specialized to a domain, it may be

*Master’s Thesis, Department of Information and Communication System, Graduate School
of System Design, Tokyo Metropolitan University, 16890523, February 23, 2018.

il



subject to the data sparseness problem.

Recently proposed word2vec partially addresses the data sparseness problem,
but fails to extract sentences relevant to queries owing to the modeling of the la-
tent intent of the query. We address this problem by using a kernel embeddings
framework. Kernel embeddings make it possible to add expressiveness to the
query in sentence retrieval by using latent probability distribution. In addition,
our method of taking N-gram windows boosts the precision of sentence retrieval
by considering words that are highly related to the query. This method implic-
itly models latent intent of query and sentences, and alleviates the problem of
noisy alignment. Our results show that our method achieved higher precision
in sentence retrieval for ESL in the domain of a university press release corpus,
as compared to a previous unsupervised method used for a semantic textual
similarity task.

The main contributions of this study are as follows:

e We propose a novel sentence similarity metric based on kernel embeddings
and N-gram windows.

e We build a corpus of university press releases and annotated example
sentences for ESL, given a query of two words.

e We show that our proposed method outperforms unsupervised baselines

on our dataset.
Keywords:

Master’s Thesis, TMU, Natural Language Processing, Learning Support, Ex-

ample Sentences Retrieval
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Algorithm 1 0000000

Input: sentence, query, Output: similarity
max_SIM <« 0
for each N-gram € sentence do

SIM < simpe(query, N-gram)

if SIM > max_SIM then

max_ SIM <« SIM

end if

end for

return max_SIM
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writing assistant system

input query (2 words)
author: kent shioda

academic annual search

m academic annual

The Department of Nuclear Science and Engineering and the student chapter of the American
Nuclear Society hosted the annual awards dinner on on April 29, 2015 .

Academic advisors from two University of Alabama at Birmingham schools received awards
during the National Academic Advising Association annual meeting .

-E’ Welcome to a new academic year .
to the Academic Council , and to the faculty .

The Department of Nuclear Science and Engineering and the student chapter of the American
Nuclear Society hosted their Annual Awards Dinner on May 9, 2013 .

The System maintains an effective process for the review and approval of academic and
financial matters at the institutions and System levels and strives to achieve the most
effective and efficient use of resources by encouraging inter-institutional cooperation
whenever possible and appropriate .

A commitment to seek , appoint , and support administrators , faculty , and staff who ascribe
to sound academic principles and possess professional and personal characteristics that
ensure solid and positive growth of all aspects of the System is essential .

-5 . The System recognizes that its component institutions differ in mission , role , scope ,
and academic characteristics , and is committed to maintaining institutional diversity .

Height , of Clinton , NC, served in Afghanistan , which she said prepared her to manage the
educational pursuits of diverse individuals through academic preparedness .

The Association for Education in Journalism and Mass Communication Equity and Diversity
Award recognizes academic units that are working toward and have attained measurable
success .
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Seniors need twice as long as young adults to realize they are
falling, a delay that puts them at increased risk for serious injury,

according to a new study from the University of Waterloo.
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goog

According to a new research of Waterloo university, the elder take
twice time to recognize falling themselves as the youth and the

delay raise risk to injure them seriously.
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be)
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writing assistant system

input query (2 words)
author: kent shioda

university academic search

[ query | university academic

They also have held postdoctoral positions with the American
Academy of Arts & Sciences , Columbia Univeristy Society of Fellows
in the Humanities , Harvard University Society of Fellows , and Max
Planck Institute .

Sweeney and Sheridan , who are both members of the Honors
College and The University Fellows Experience , are among the
approximately 550 U.S. undergraduate and graduate students who

pr = received a scholarship from the U.S.

Robbani is a member of the UAB Honors College’s University Honors
Program and the Early Medical School Acceptance Program .

REXZEYTHMCHEEZES CEFHELELES,

EEL, REXETSRICHEESBOEMET., EXEZEEEHIENTELLEEDH
MEFEEFE>TVVEEVTHETY .

FOBRERALTWESHERICELIIRYET,

e goofEFE
EREL, SETRETOIDEIHEOAE LI L—XERER. FEHEANITRTESHTLSA
XERDCEIFEIELET,

CREMICHSBERBEXEERLTLELWNV=OBIZ, Foyr—RIBELLREEL,
Fobr—MMIEEXET IR EDESICVRTLEGE S EMERALTLEE,

062 000O0OO

24



0o

gogoooobbobobbbbbbboooooooouooooboboobbibonod
gogoobbbbdoooobobbbtbooooubbbboooooobbboga
gooooob0o4000000000DO0ObOOU0ODbOODOODbD 30b0O0bOoboboO
ggoboboooooboooooobod

gooobbbbodoooooobbbbdooooobbbbooooooooboo
ggoobobobobotboooooobbotoooooobbobboooooooboobooboa
ggoo

gooooboboooooooobobbooooooobobobooooooooo
ggoobbobtbodoooooobbbtoooooobbbbooooobbboa
gogobobooogoboobooooooo

ggoobbobooooooobobbbodooooooboboooooonoobo
gogoobbbbodooooobbbbooooubbbboooouoobbobog
ggooboboboboooooooboboooooobobboooooooboobooboa
ggoboboooobbboooobbboooobbbouooobooboooo

gooobbbobotoooooobbbbtboooooobbbboooooooboo
gogooood

o000 3000000b00obo0oboobooog

25



oogon

gogoboboooobboooobboooobo

e 00,0000, 000. DODDODODODDODOODLOOODODOODDOOO
000000000000, ooodbooOo 220000000004,
Vol.2015-NL-224, No.6, pp.1-6. December 2015.

gogobobooooboboooobobooon

e J000,000,00000,000.0000SNSO00O0O0OOOO
0000000000000, 0000000 2320000000000,
Vol.2017-N1-232, No.1, pp.1-7. July 20170

e J000,000,0000,0000.0000000000000000
00000000. 0000000 2330000000000, Vol.2017-
NL-233, No.16, pp.1-5. October 20170

ggoobooooobooooooo

e Kent Shioda, Mamoru Komachi, Rue Ikeya, Daichi Mochihashi. Suggest-
ing Sentences for ESL using Kernel Embeddings. In Proceedings of the
4th Workshop on Natural Language Processing Techniques for Educa-
tional Applications, pp.64-68. Taipei, Taiwan, December 2017.
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