METHODS AND SYSTEMS FOR AUTOVATED TEXT CORRECTI ON BACKGROUND FI ELD OF THE

| NVENTI ON [ 0001] This invention relates to nethods and systens for automated
t ext correot2om39dESCRI PTI ON OF THE RELATED ART [ 0002] T@xT/SCaor1®ea3don i s
often difficult and time consum ng. Additionally, it is often expensive to

edit [ a | |ving transl|lations, because editing often
requi@&‘ﬂ&ﬁééﬁgb SMS*EM&EO& éHIQWMB.TE&T&MC&JQNng of a
translation may require intensive |abor to be provided by a worker with a

high level of proficiency int re | anguages. [0003] Aut onat ed
transl ati on systens, such as ﬂ?ﬁ#‘?ﬁ%ﬂe translators, may alleviate sone

of t b ' ' aspects-of translation, but they are still not
capa%ﬁ@hﬁf(g&eipﬁtw&uéﬁan translator. In particular, automated systens
do a(hﬁ)l tiv,@l}iy,good job of word to word translation, but the meaning of a
sent i1 s Hyit dyenties r ‘Esatﬂé’éetb?dsiaﬁﬁéﬁﬁ?laéf%@utqmﬂj%iam%rm‘f&o@unct uati on.
[ 0004] Certain autonated text editing systens do exist, but such systens
geneprSORAFION OF THE RETATRBYARPAdI tional |y, prior automated text
editing systens nay require a ré‘T%ltively | ar ge anount of processing
resopi@ar. [ AAThROHRAH! AR b inde it AlsS¥RECRAFRURIRAY kLRl N N0
or configuration to edit text accurately. For exanple, cértain prior

syst expensivy thedit tedtnpaitiadanty irvohdang aaaslatibrspbenanseoéditirgbfien réquides the

Al ternat i.vel S ror art systens y he. trained using a corpus of
non- P%eaf’hégﬂ%gx?n%tnﬁﬁﬁ‘ sw‘?fgf’rsan 8% 5?%‘815%0‘? 1tne ‘6‘{' 8i FANSIAteR | MpY iTRAYIFR: ar t
Wi | | ifteRpeaBe tolte slolided 89cewoRRl WeeNa hiphI 1868l drSrbhidatty A twos text.
[ 0006] ' Qut puts of slgi’gndards}autgnat iC spleigg?h reco n{)t?on y?,%SR)O (Z{/@tﬁeens

t ypi tARBP3ges.onsi st of utterances where inportant |inguistic and structural
I nformati on, such as true case, sentence boundaries, and punctuation

synb S V1 ' Lstig and structural informatiagn ipproves
t he eoga!:\bi.l i %mglreﬁtt{glagﬂ{aﬁg%lg kérllgrgg?déu §%eaesccf?ﬂ?lé&? Ine s&é?ﬁ’s’fngyi em{étpher
downsémeafmhpishoe Sitbmigve sspedts as tradblaidh] betf they &Rk (BESpabRISK réflacigaSi Ny,

I nf oLmat I on extraction, and nmachine translatijon. )
uman translator.  In particular, automated systems do a relatively good job of word to word

translation, but the meaning of a sentence is often lost because of inaccuracies in grammar

and punctuation.

[0004] Certain automated text editihg systems do exist, but such systems generally suffer
from inaccuracy. Additionally, prior automated text editing systems may require a relatively

large amount of processing resources.

[000'5.] ~ Some automated text editing systems may require training or configuration to edit
text accurately. For example, certain prior systems may be trained using an annotated corpus
of learner text. Alternatively, some prior art systems may be trained using a corpus of non-
learner text that is not annotated. One of ordinary skill in the art will recognize the

differences between learner text and non-learner text.

[0006] Outputs of standard automatic speech recognition (ASR) systems typically consist
of utterances where important linguistic and structural information, such as true case,
sentence boundaries, and punctuation symbols, is not available. Linguistic and structural
information improves the readability of the transcribed speech texts, and assists in further
downstream processing, such as in part-of-speech (POS) tagging, parsing, information

extraction, and machine translation.



WO 2012/ 039686PCT/ SG2011/ 000331 [ 0007] Pri or punctuation prediction

t echni ques nake use of both | exical and prosodi c cues. However, prosodic

f eat ures woah12489¢36t ch and pause duration, are often una&CaisiGaml1®oes3t hout

the original raw speech waveforns. In sone scenarios where further natural

| angpa, e55| n LP) sks n t.he tr scrl b ech te ts becone the

nai nH@@ﬁl: p@'@gf’r‘("g?%s% th(Wf WHﬂV‘E?n ?“ﬁ%f’?g’éﬁf a] gn \P&??oéltﬂ e. For

exanpie, HGwH?@ ?ﬁbﬂbd&@tfb&ﬁre@%ﬁﬂﬁ'aﬁl piteh ahh‘i‘)ah&t 8iraabs, ofelo YRR RARLRY Spoken
ion

Langu#ge Transl a (I'WBLT), only nmanual transcribed or automatically
r ecoyithoeldthep edginak éaWSsmc@ mafoua& bl some sneng\losawbcmffm-ﬂeeamnmalvef or ms

aur 1 R irp3uf (NIPY foekd B Bl hob? Shéesf Bt Pt e cofehcr “w

| angsﬁb@al mﬁeﬂy pifoladtidn inag Siotvde GreatfiBaviilablien Pord@ﬁhﬁilé) An ttﬁ@evélﬁa{&mr k. In

anot her exanP insertion in the broadcast news domai n i ncluded both
fi ni CAMRAIEH 8 é‘?ﬁdhﬁﬁmﬁlol}aé%ﬁké@n: eptSpekembengniage flyanslation AWSL T enky

ros [ f.u her ex le, a
P Bt Sl WardsCofb b JbRATRY HoNB et WARIERS 38k phitidatnld MRECrgHA™

S pontasnspesch kavdfosis are noeavailbblenal speech, including the use of both
| exi cal and prosodlc features, was epr0|ted In yet another exanpl e,

sent 8 det ecti on was per k| n use of conditional
r and@ﬁl ﬁ el émf@é!’?n I“Fﬁ’eloﬁdif?ﬂ?ﬂ%ﬂt{})’ UE‘H WReaCh TReAgIBIAE. er a
pr eVbMaﬂﬁﬂé‘%sﬁﬁﬁeﬁaﬁF’esttB thérdden liﬁ%g VmH@éi?rol(éﬂWes wetO ASAaSRHRinPr | OF

t echni ques ‘consi der the sen ence bo ry detection and punctuation
i nset deeipiondsée framgwhtldddm another euenplcx msnrttoasm therosdcastpheays dorhidkl may

descyi t..distr on.over r rd, event s re the
o chishBed nork it G Ble Py & bR B Bl 08 e AR, PG SRR R 1 e
st at RsicalSpfeimhdtioal Wis ihddbrpdthted! amk aV\ﬁ&ﬂiebQid&ﬂﬁl%' %Smﬁi&%lﬁkl %&ngbggbdsynbol S
are encoded as inter-word events. The traini ngi hase invol ves training an

n- grtéﬁglpﬁrm&@é 8 dRUNCBIAEAN 4NSeriénss it SPENIGRAOYS isle\cenversational spesoh,hi ng
t | d | d t he HWM
ot at DefE. e GEEBEC 1A U FRARRR sbdntiel " RAERaPloBrd o Bt Peror an

evenéxaatple a;eﬂitew Bbundagodanedtion wistperfdyiedrbe ndkegy as8oM@ndRionsl fahom
for\/\@ﬂgi) ckward al gorithm The sequence of nobst probable states thus forns

t he i Ee B‘?‘V’é‘ér% PrieqhoR Y 3c§a‘lh8&'n§@ AMBFAYE ovelig previoysnnethad Basgedpr oach
has &?tﬁ@%?ddeﬂ'i\@éﬁ’ﬁ@& de (@_ﬁq )FI rst, the n-gram | anguage nodel is only able

to capture surroundl ng cont ext ual i nf or mati on. However, nodeling of |onger
range dependenci es may be needed for punctuation insertion. For exanple,
t he [880%od iSemerprinirdechniqics eomsiidmltlye smwme douhdary datgctwmaxgbpuiﬁmmmdﬂncy

bet ween..t h niti.al hras woul whi ch str Ltes a,. question
sent BrgHon gaﬁii 1ty l@ﬂ TV &gggtfftb‘ﬂ‘ kFo’I'ﬁ’E?énplg’p‘e ‘[“éi‘, Fl? g be used
on tARribtisSHVG vorlé SEEMEUPS dveits URRGe @fi&i@&sewaueﬁsd@re thePwoR! el ONg
range dependencies. [0011]Pri or exanpl es i nclude relocating of upI i cating

puncwerdievent pajistset encodediag hiddemstatss s Bpecificallyf insthiseatkeword towndaridsandt hey

| he, Lndicat
aueatinsfie8aT bbb W sSuaRk Henllid it S0 goe candBiste oSSRk ng
pUN CinUggtain 14iehed mio@elt dilﬁ:rl&ﬂ%lﬁ&*v@& wiird€ asd vl KB SnRiRAE tdchaigabdg the

| anguage nodel. Enpirically, the technique has denonstrated its

ef f ekhe learned sn-granp pehability gceree are Siennused wsi the MM state-transiéomsenresf t he

i nd b f
;”qhéﬁﬁﬂ%@st%% e HROBISY BF b B 3P e 3515 R GRen E o S "ot be
W dqirygxamﬁhng abing the f@enat- béckWard algbtithgnl aTRS sejuefice b mbstipgbdbidistates

Furt a direct  application of such a method may fail in the event of

mul i torms e, uigat pdich gives ecRungiuated sentenesr Syclna -based capp

boungakiwsal \%5%2{%1(@ utterance. [0012] Anot her drawback associ at ed W|th such
an approac I's that the nmethod encodes strong dependency assunptions

bet ween the punctuation synbol to be inserted and its surroundi ng words.
Thud001Q] | a€ist, theenqgobudangesge tmodelaisdindy ahlsete capiiires surciusigling! contextual

out -.0f vocabul a 00V) ds frequent | ear such as |[n text
Out aRREERY *Honisath smAOGPEAGR 10D Ette HnEe depéndencics may be needed for

punctuation insertion. For example, the method is unable to effectively capture the long

-2.



[ 0013] Granmatical error correction (GEC) has al so been recogni zed as an

I nteresting and commercially attractive problemin natural |anguage
processi MyoOEbi2RBI6sn particul ar for | earners of Engli shpra3/s&26iaredgn or
second | anguage (EFL/ESL). [0014] Despite the growing interest, research has

been_hindered by the |ack.af. a.large apnpotated corpus of |earner text that
is alARef SP@%F% y hetweep b HBH?‘]&B%%’QW P@Y?@s‘ﬁlplfl} strongly indiepesp qstiomch to

GEC Baser8Cihd!dh éndfigtpRbtid tharkh erd &lpbcigl @8 {1/ : 7 ' s in
non- | ea? ner text. Legrhar ni }lg GC rrode’legs? d reclﬁ1 ﬁ%r%ér%p%{llgsgt@g?g%‘%fe%@ﬁrér
cor pahiddes event langupgempde e drdento avercaree lngsangeateperiehciee | ear ner and
non-| earner text. Furthernore, the evaluation of GEC has been probl ematic.

Pr evj WOT . it her .eyval uated on.artif.icial test instance S a
cups 31 & 15iot B aoled hor sk tafite BF ol pnstigtin APl G i EAp

avai pediliensiaf aGiefitefice Rk @it fiesySappéir closeP fiShE URliSRive Sdras (), "RWRdsh’have not
been_con?ared on the sane test set, leaving it unclear where the current

st at indifatesha questionegentengey,  Opp sushoieghuiges sezgestedo dupliptag 1the 0awblgThe de

fact rsg,m%g o' 0 L] 1St cal el that can
chooSe the ?m t I?E@F}&h%%;?gﬁaéhr %ér?]n?%lcgé)%fozé ?‘%ﬁlﬁé%?%o?nng‘gag [ IB?(gel‘

corr Emfpim'mllyhthb ctelshnki qlie ehasvd@mbﬂm&raﬂsdriisﬁf@ﬁvﬁ&lb? irsprdeicting duektipg Mk@ﬁlht he
type_of..error. Work in context-sensitive spelling error correction has

t r adFRgiRasinge S e S GPIHONSeNLSHErs APRFaY &t the

{des i r i BoWeld@' O Y h L ; | Fddhe | N
ot he?ggi\/\lg}mst%?? h‘%&e\%\%@{jsﬁibﬂkg&é (s)‘[ri:c]{hui]i on iz:%ltb qgrséa&gglg rr%‘%ié(i}gé] ug g%&eﬁ%e%eause of
or t hwigelyplappliablepfrogendral ei o llanguages GhbethanoEfglish. CEGthamotef 4 mirdet he

f usi .set d 1 im | [ i I |1 English
oot AR O R A Fediot T b e Bt pFimlitle Fefrropen iteiors HAREW cet
VIO 201821 P2R0ERRIFThRFROBAHRAAGIWitRMMARY4R016] The present enbodi ment s

denonstrate systens and nethods for automated text correction. In certain
enbodi nents, the nethods and systens may be inplenented through anal ysis

accolll2ly t dAnpthgrgapwbackyassecigted Mathninghian appreachds that themethedosticadest , t he
i it . h | ysis. of bot.
cor petfors? dineirdcy s BRBAOn Bt I8 ShALEROLSINER! P Hadudl @b G g ¢

one smvaddimgnyordan Fppaitalads theclobdstfessttol ipadle Ci3es PhEREHGISY o dRlt-Bf-TEMDIY
devi ce gog&l ?d to the 3} | east one processor, in which the at | east one

pr oc¥seBylarys (QQNY iwrrde dreaventiycprnens, syeh @s 1Bftextn aufmatically secognized e at

| eash gRNEstRm@cessor is also configured to place the words in a plurality of
first nodes stored in the nenory device. The at | east one processor is
further configured to assign a word-layer tag to each of the first nodes
basel®013jn pdirammaticaleéryivbarientom §GEE) difas talve Beenaacogniveid s abhimtaréstingast one
processor is also confiqured to generate an out put ntence by conbining

P or R oS ES aFae et iR o BBt rose it AVL bR M arRSeRRtcr e i n
par tleardBrstdfEngRsias @Wiﬁﬁ 88%ecand8peshel(@FEANL)OT the first nodes.

[ 0018] Accordi ng to anot her enbodi nent, a conputer program product includes
a

[0014] Despite the growing interest, research has been hindered by the lack of a large
annotated corpus of learner text that is available for research purposes. As a result, the
standard approach to GEC has been to train an off-the-shelf classifier to re-predict words in
non-learner text. Learning GEC models directly from annotated learner corpora is not well
explored, as are methods that combine learner and non-leamer text. Furthermore, the
evaluation of GEC has been problematic. Previous work has either evaluated on artificial test
instances as a substitute for real learner errors or on proprietary data that is not availéble to
other researchers. As a consequence, existing methods have not been compared on the same

test set, leaving it unclear where the current state of the art really is.



conput er -r eadabl e medi um having code to identify words of an input
utterance. The nmedium al so i ncludes code to place the words in a plurality
of first woder/sbte@sed in the nmenory device. The nedi um ParsSieeotliongsBudes
code to assign a word-layer tag to each of the plurality of first nodes

base i P ei_ghhori ng_no t.h | yral ity of first _nodes. The

nedi@%Pgrsoaﬁhéggzgéoégﬂgm?6n§5ﬁﬁﬁgﬁéggglﬁﬁ?gﬂﬁdébﬂ?éﬂﬁﬁlHVd@bWBfﬁWhg wor ds
f r omchdue phel st tikel9feofrettidn fiosles comfubion WBE b Bbdsitle BBfrESion& e80T N part,
on the word-| ayer tags assigned to each of the first nodes. [0019] Accordi ng

to y&aydhecaeiusionpstiindefinedadepsndoan ithe tyneeef eriemWeoski ingcansextssensitiver i nput

utte : e C| e words in a plurality of

fi rst5 I?‘aﬂn%ggese;l; Bﬁ'ﬁé@%@ﬂo@s?ﬁa} lﬁéetxlraﬂgﬁ%fzﬁ%gséd;g%ﬁg%%%ggeg ‘()(Bﬁcf-lrflg?reﬁpetdé’bé/t o each
of t g i{dessemhodksert})not kienifalr predunkciatioh (kigl, S{théredafidpsdothenwdads, thén

nei ghboring nodes .of the plurality of first nodes. The nethod yet also

i ncl 4@ b‘gﬁeP%R ﬂanéﬁt@eé) psleemed fopfusablsy becanss Af mythperaphicr ppBhonetic

pl ur giita¥itTodh | ; |k t ks on the
hor do AR Ol o GRCHLL HBHEE ISR RS b3 Wil {ackl shfidrcy;
2012fg3sespkcill Eaglishldrticles o1 teOmas!] Retpieni Bnglisheprbmaitivastformofa confimidind

i nclude receiving a natural |anguage text input, the text input conprising
a gri tical error in which a portion of the input text conprises a class
froma set of classes. This nethod may al so include generating a plurality
of selection tasks froma corpus of non-learner text that is assuned to be
free of granmatical errors, wherein for each selection task a classifier
re-predicts a class used in the non-learner text. Further, the nethod may
include generating a plurality of correction tasks froma corpus of |earner
text, wherein for each correction task a classifier proposes a class used
in the |learner text. Additionally, the nethod may include training a
gramar correction nobdel using a set of binary classification problens that
include the plurality of selection tasks and the plurality of correction
tasks. This enbodi nent may al so include using the trained grammar
correction nodel to predict a class for the text input fromthe set of
possi bl e classes. 100211l n a further enbodi ment, the nethod includes
outputting a suggestion to change the class of the text input to the
predicted class if the predicted class is different than the class in the
text input. In such an enbodinent, the learner text is annotated by a
teacher with an assuned correct class. The class may be an article
associated wth a noun phrase in the input text. The nmethod may al so
include extracting feature functions for the classifiers fromnoun phrases
in the non-learner text and the |learner text. [0022]1In another enbodi nent,
the class is a preposition associated with a prepositional phrase in the
input text. Such a nethod may include extracting feature functions for the
classifiers fromprepositional phrases in the non-learner text and the

| earner text. [0023]1n one enbodi ment, the non-learner text and the |earner
text have a different feature space, the feature space of the |earner text
including the word used by a witer. Training the grammar correction nodel
may i nclude mnimzing a |loss function on the training data. Training the
grammar correction nodel may also include identifying a plurality of |inear
classifiers through analysis of the non-learner text. The |inear
classifiers further conprise a weight factor included in a matrix of weight
factors. [0024]In one enbodinent, training the granmar correction nodel
further conprises performng a Singular Value Deconposition (SVD) on the
matri x of weight factors. Training the granmar correction nodel nay al so

i nclude identifying a conbined wei ght val ue that



represents a first weight value elenent identified through the analysis of
the non-learner text and a second wei ght val ue conponent that is

i denti fi eslolzy122039d8¢zi Nng a | earner text by m nim zi ng anPemSiG2iaabo3st sk
function. [0025] An apparatus is also presented for autonated text

correction. The apparatus may imm&or exanpl e, a processor configured
to performthe steps of the net ' ri bed above. [0026] Anot her

mboglrent thod i s, ted. The method i ncl ud ti

CemaNUTBY o Tt SR Beie REmERts Ao fid Jeshogs ot Abomaie ke

aut otdkétiah! Jin icdRAhl ditiodinGi, BE nfeRtiods Wh@I5kiEht Ay G HifidhERed trbaponse to
uc In

anal ysi s of a corpus of parallel-Ilanguage text co a processing
devi aealysigiageordingta g singlectexteaditing madeli o laymetiadtrembodiment, the isingld fegt

proc I i e associate i.t h each translation candi date.
The grr(gf‘ hggm(régl\;ﬂng g%%é\%%%%@“&%ﬁ%ﬁ }fsf?g(%a?\gngb? cypPubAlegmertsrbangdea epspus, al ues
f r onofnamleptier tekt.| earner text stored in a data storage device. The net hod

may further include cal culating, using a processing device, a score for

each %f Lhe one qr nore trg&f_l ation candidates in response to the feature
assolV37byg reorrding tp pne,prabediment, @n gapPaTaus ingherles lat least; ongfprogrssasrandur e

wei ghien wgg i Qadent i fyi one or nore
t ran@%ﬁwﬁ)ﬁg‘?gﬁldi a%ie{sd]tnhgyaft ?"f}%{qﬁﬁfeﬁg@f’%ﬁ?%ﬁé&pg‘?aﬁt Ilée{alspg%er B{?ge%f’r Bext from
a datanbigueedofo pdentify etordexfsan impoh ufierantd. el THeextt leastnpid pioegssof)é ao a first

| ding t t . .of d | _ , ti the t t
OGO IRANN {SiLudl Prserond L anguage, Ssomeriing {Fe tex
the geleaybneaiaeass Sufferd é&ﬁ%ﬁ%%%s&%ndfwo%gyémag%t daci! dn@dr@ni N9

words in the first text with words in tRe second”text using the processing
devi Redes basedain pary opineighbering oadeshaf the ligearcthuinr dEhei at ledseofié protedsoxis and i n

: opimeighboring omiest (b figeathuin (i ledscofs processons an
or ocAeL e o bon s o B gty ot iine e o Ghb b Rio N - one

or nmudes phithaaMmetuatior harksisefttet SikitpadtNen GHeOwEHd-18Mra s | cond
t ext 0028] 1 n a particular enbooﬁ ment, the fg%gtrurég asgig%iiﬂgtrég%‘b\?\f%% each

tran@qs 9488 candi date is the probability of a paraphrase match. The set of
one or nore wei ght values may be cal cul ated using, for exanple, a mninmm

errgpoifit © Wbl %Bﬁ; 0 - n us of learner .text. [0029] The
met ﬁ[gd ?]nay a sgﬁ?r%’gltéj e g&e‘%@?ﬁ\%&g" p rcggl@e{egbqrg%ipﬁ u&tl-‘?‘gg‘i‘fsi %n
cor resntputergeadable theditinn levirgeuode ealidentify egrds bf aginpdi tittedhrfce AMHE mddfurANOt her
enbodi menh_hi t he rrgt hg%g% i ngl yde %ene,r ati \ri%aa phrase tabl e having
col 13%aichides spie &9 ip {¥PrA% 4n @ luralifpe of \fEst Badssnstored i Sho MEMiTE t | onar y.
In aRQidee THR QRS Rither ihQua! JIB ' 2 ' LRSS, ab! ©
havi ng col | ocati on corerrelct Pons&\?\ﬁgtt é%’%&vggjelc?gfgﬁ%g& ?%ﬁé@%gﬁsﬁ{w
di ctafdmstmpdesibhsied,iin pait] on ndighbona modesafithé plutalite ofifirsenedesNTha nldias e t abl e
haV‘a'i‘s%@qu' ocatj on corr ctions with fe tureg. derived fromnative
| andURgE} ﬁgﬁlgo Bageﬁf)rﬁ e an.quiput sentence by combining words from the plurality of

first nodes with punctuation marks selected, in part, on the word-layer tags assigned to each

of the first nodes.

[0019] - According to yet another embodiment, a method includes identifying words of an
input utterance. The method also includes placing the words in a plurality of first nodes. The
method further includes assigning a word-layer tag to each of the first nodes in the plurality
of first nodes based, in part, on neighboring nodes of the plurality of first nodes. The method
yet also includes generating an output sentence by combining words from the plurality of first
nodes with punctuation marks selected, in part, on the word-layer tags assigned to each of the

first nodes.



[ 0030] I n such enbodi nents, the phrase table conprises one or nore penalty
features for use in calculating the probability of a paraphrase match.

[ 0031] An wippar2zBeess conpri sing at | east one processor amrdT&Grermnys3devi ce
coupled to the at | east one processor, in which the at |east one processor

[ A . r f t.h t hod .of cl ai as descrj bed
apov D2LP L RadifioB s 3 BDRefod il 1 2fiSe e crofitl IAERRIERS  ng
conpitipat, theaekahihputcameprisivi a gHmativslCétt@dinDWhith GO FoMiof! of heUafutt 2%t
conputer .to perfogrmthe operations as in the nmethod described above is also
pr esEQRRRSes RRiSS ffromb a st of olassesn | His methadampy algo drcludengraerating aaﬂtrl]lhliug_h not
e | | ' : Leal 0P33] The. terns "a"
and PEgdctibn SLF Folna oGBle BPhodRaRRP Ry TRSERLF R0 s S dipimifion
r equenrers, whéreinvfos eac @0RAibm haskt eclassiferhreipaedictslal dlassarned id the\dhilairhens are

defi pe s .bei | argel y but .not necessarily wholly what is specified as
undeFSF S5y, e mefiot nd incibge srnaratines pibealiy o cosfrgtiom taske i@ sarpis i ng
enbogh [Eaffer t&4P R 1 Yach! @irfcfiof Paskes Q%?imett {({/ﬁoé&%;} .c%ghgéfﬂlr ¥hv\e;‘{’1"' thin
5% nore preferably wwthin 1% and nost prefera wthin 0.5%o0 at is

s peclefiner text.008dditiomallye thes methodpmiay éiiclode trabiyg & ogramofar ccorrpcti(memﬁﬂelc h ﬁs

" .l ses"” d "conprising" +have" (a orm of. have, such as "has"
and TG gk Vunges QTRSIER B, froblepSy G mafioe ihe plygilts aE elgdion Geimes and
"i ncihgdplagility afictotreednd tddks. ( anls abdddhaAtOfag UNRinbludeliingShe GRMA Ns" and
“containing”) are open-ended |linking verbs. As a result, a nmethod or device
t hat SragFHgs CpEeesion model to' predigt:» clgessfor dhe textonputi fram therset of possible clasps or

el enents possesses those one or nore steps or elenents, but is no]'E limtﬁdd
to Si Ry , . t l.kew se step,of a netho
or 2@6 %ﬂsarregl? ag@hge%%g?(gié&? étﬁ{ ql(%;gﬁr?%fllqléggg& &.ht%lét,lmg 4 Sﬁggﬁﬁgg-m SPa“%‘?ont ai ns"
one the cliss ef the adxt irgmit prothe psalicted blaseif ﬁ[&pr@ﬂicﬁ?@hﬁ Gbadiﬁéﬁéﬁt g{hﬁhl'fthd &as3ot

limted to. possessing only those one or nore features. Furthernore, a

dev, Bhs Fexe RN, B s ceodgert ¢ learmen text écqnnatated by ajteachemwith@ned i n at
| easfssihiad coppoet class THEBéIa@llﬁéé' lg@arpﬁﬂt:fe%&%ﬁja}t{ed"‘gm}é%oﬁln hrfik ?r% ﬂl%.ti?ljﬁtlltSt ed.

O her features and assocl ated advantages w econe apparent W tt .

r ef etextncBhet methheé niayl dlsoninclpdd extradting featace fuptticns fof thepdtassifiets fofadiuAent s in

' J ' | : 2012/ 039686PCT/ SG2011/ 000331
COMGELLEth e i TEQ RN M Y 05 VO |

[0022] In another embodiment, the class is a preposition associated with a prepositional
phrase in the input text. Such a method may include extracting feature functions for the

classifiers from prepositional phrases in the non-learner text and the learner text.

[0023] - In one embodiment, the non-learner text and the learner text have a différent
feature space, the feature space of the learner text including the word used by a writer.
Training the grammar correction model may include minimizing a loss function on the
training data. Training the grammar correction model may also include identifying a plurality
of linear classifiers through analysis of the non-learner text. The linear classifiers further

comprise a weight factor included in a matrix of weight factors.

[0024] In one embodiment, training the grammar correction model further comprises
performing a Singular Value Decomposition (SVD) on the matrix of weight factors. Training
the grammar correction model may also include identifying a combined weight value that

represents a first weight value element identified through the analysis of the non-learner text



BRI EF DESCRI PTI ON OF THE DRAW NGS [ 0036] The fol |l owi ng drawi ngs form part of
the present specification and are included to further denonstrate certain

aspect s ovothe/g@e@sent i nvention. The invention rmay be PeTiSezoundessst ood by
reference to one or nore of these draw ngs in conbi nation with the detailed

description o cific enbodi nents pre here 0037]FIGURE 1 is a
b1 oc Mg TG, Vil SMRORTE e RorieaNary By Apaeing rCERenEhrRK ng to
one g{iiiaflyinB ah eRipiridaerisit imkAsur e. [ 0038] FI GURE 2 S bI ock di agram
illustrating a data nanagenent system configured to store sentences

accordi ni; to one enbodi nent of the disclosure. [0039]FIGURE 3 is a bl ock
di ag[% |l u&@ﬂmﬁrﬁgsw d&ﬂm@ﬁeéfﬁstaémmmd maqumcngnuﬂﬁleraaparewsam}or d| ng

11 R R SRRl st P BB o aRPR s ol ot IR PPt BT cure

5 i sabdveexanpl e taggi ng of a trai nr ng sentence for the Irnear-char n
conditional randomfields (CRF). [0042] FIGURE 6 is bl ock diagram

illustrating a raph represent tion of a two-layer factorial CRF.
[ 004 BiORPEUREATots” SRbSRmeDT B agBFRed Of Brewshiadh HHhes avteast ansoqnalade

fact ggk&ting semantic collocation errors. One embodiment of such a method includes
eutomatically identifying one or more translation candidates in response to analysis of a
corpus of parallel-language text conducted in a processing device. Additionally, the method
may include determining, using the processing device, a feature associated with each
translation candidate. The method may also include generating a set of one or more weight
values from a corpus of learner text stored in a data storage device. The method may further
include calculatiﬁg, using a processing device, a score for each of the one or more translation
candidates in response to the feature associated with each translation candidate and the set of

one or more weight values.

[0027] In a further embodiment, identifying one or more translation candidates may
include selecting a parallel corpus of text from a database of parallel texts, each parallel text
comprising text of a first language and corresponding text of a second language, segmenting
the text of the first language using the processing device, tokenizing the text of the second
language using the processing deviee, automatiéally aligning words in the first text with
words in the second text using the processing device, extracting phrases from the aligned
words in the first text and in the second text using the pfocessing device, and calculating,
using the processing device, a probability of a paraphrase match associated with one or more

phrases in the first text and one or more phrases in the second text.

[0028] In a particular embodiment, the feature associated with each translation candidate
is the probability of a paraphrase match. The set of one or more weight values may be
calculated using, for example, a minimum error rate training (MERT) operation on a corpus

of learner text.

[0029] The method may also include generating a phrase table having collocation
corrections with features derived from spelling edit distance. In another embodiment, the

method may include generating a phrase table having collocation corrections with features
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conditional randomfields (CRF). [0044]FIGURE 8 is a flow chart

i llustrating one enbodi nent of a nethod for inserting punctuation into a
sent ence. WPQOAPHISGURE 9 is a flow chart illustrating oreTdGhadionesat of a
met hod for automatic granmatical error correction. [0046] FIGURE 10A is a

i cal ' i | t A t f nbodi t of .a, text
or £ ST P Aogphils PRy If: SR arRimeRo gl meinedrney disIide o
Or appérepatingl AHrase tableUlinatdoNecdtivn eresticHs Ywied féaﬂﬁesed@m%éa TRA songnt ext

correction nodel for correcting preposition errors.

201 24igowaEPCAdEiorily o the Incthod 483y 1@ﬁlﬂ§e 1%eneta§ing gr phphasec @E_lbl?li hayimgm
[ - =] - f ng article errors as
compa IR P edthcliond RAR Rk herVig ol BN edhn SREL Rk B oS - G e 110

is a graphical diagramillustrating an Fl-neasure for the met hod of

corr {930hg dntsuci embodimentsathephrgzatsble tamprists PaAE Yr iRk pelmlty Fedtgrelider f eat ure

set. 100501F GURE1 11C i.s .a %r aphi gral. di a%r amillustrating an Fl-neasure for
lllatm (o) .

t he Psstip&alcy e probability of a paraphrase matc
[0031] An apparatus, comprising at least one processor and a memory device coupled to
the at least one processor, in which the at least oné processor is configured to perform the
steps of the method of claims as described above is also presented. A tangible computer
readable medium comprising computer readable code that, when executed by a computer,
cause the computer to perform the operations as in the method described above is also

presented.

[0032] " The term “coupled” is defined as connected, although not necessarily directly, and

not necessarily mechanically.

[0033] The terms “a” and “an” are defined as one or more unless this disclosure explicitly -

requires otherwise.

[0034] The term “substantially” and its variations are defined as being largely but not
necessarily wholly what is specified as understood by one of ordinary skill in the art, and in
one non-limiting embodiment “substantially” refers to ranges within 10%, preferably within

5%, more preferably within 1%, and most preferably within 0.5% of what is specified.

[0035] The terms “comprise” (and any form of comprise, such as “comprises” and
“comprising”), “have” (and any form of have, such as “has” and “having”), “include” (and
any form of include, such as “includes” and “including”) and “contain” (and any form of
contain, such as “contains” and “containing™) are open-ended linking verbs. As a result, a
method or device that “comprises,” “has,” “includes” or “contains” one or more steps or
elements possesses those one or more steps or elements, but is not limited to possessing only
those one or more elements. Likewise, a step of a method or an element of a device that
“comprises,” “has,” “includes” or “contains” one or more features possesses those one or
more features, but is not limited to possessing only those one or more features. Furthermore,

a device or structure that is configured in a certain way is configured in at least that way, but

-8-



correcting article errors as conpared to ordinary nethods using Lee feature
set. [0051]FIGURE 12A is a graphical diagramillustrating an Fl-neasure for
t he met hosoab12spe8ect i ng preposition errors as conpar ed PCo/Soralilrear3gl met hods
using DeFelice feature set. [0052] FI GURE 12B is a graphical diagram

illu | [ ure for. the neth f gorrecti,n reppsition errors
s oDy B EaR N e s A el T P rbs i FedfihE abiantages

[ 005 3iff| 3dbne 1 2fparént awlth afebdrele € k¥ FBNéWingS HE@dd YedRiphdn r@iﬁ%ﬁé&ﬁ{]or the
met hod of correcting preposition errors as conpared to ordinary nethods

usi n§mbadiments ip pgprestipn it the aeeomppopBg dFvVGNRE 13 is a flow chart
illustrating one enbodi nent of a nmethod for correcting semantic coll ocation
errors. DETAI LED DESCRI PTI ON [ 0055] Vari ous features and advant ageous
details are explained nore fully with reference to the non-limting .

enbodi nents that are illustrated in the acconpanyi ng drawi ngs and detail ed
in the follow ng description. Descriptions of well known starting
mat eri al s, processing techni ques, conponents, and equi pnent are omtted so
as not to unnecessarily obscure the invention in detail. It should be
under st ood, however, that the detailed description and the specific
exanpl es, while indicating enbodi nents of the invention, are given by way
of illustration only, and not by way of limtation. Various substitutions,
nodi fi cations, additions, and/or rearrangenents within the spirit and/or
scope of the underlying inventive concept will becone apparent to those
skilled in the art fromthis disclosure. [0056] Certain units described in
this specification have been | abeled as nodules, in order to nore
particul arly enphasize their inplenentation independence. A nodule is "[a]
sel f-contai ned hardware or software conponent that interacts with a |arger
system Al an Freedman, "The Conputer G ossary" 268 (8th ed. 1998). A nodul e
conpri ses a machine or machi nes executable instructions. For exanple, a
nodul e may be inplenented as a hardware circuit conprising custom VLS
circuits or gate arrays, off-the-shelf sem conductors such as |ogic chips,
transi stors, or other discrete conponents. A nodule nmay al so be inplenented
i n progranmabl e hardware devi ces such as field progranmbl e gate arrays,
programuabl e array | ogic, programrabl e |ogic devices or the |ike.

[ 0057] Modul es may al so include software-defined units or instructions, that
when :



executed by a processing nmachine or device, transformdata stored on a data
storage device froma first state to a second state. An identified nodul e
of executwbl2e1Bas6may, for instance, conprise one or mpCe/Sphydioees1 or

| ogi cal bl ocks of conputer instructions which nmay be organi zed as an

T et W L I
ogr BRI, ¢ ofis bW PHECHERHad TormE i atfls Prssra shctianee ardaFesponed fo
Pr OCARTer oGRS olrbiin SbcalofiierbicN HRATH. | dhe ih0ARBh!HAPEY befterdu! ©

of executable code may be a single instruction, many 1 nstructions, d
may Budassteed by seferepee tujons er mors of thieseliifavingsnin @othinatiogneith she detaibel

diff . S everal .menory devices. Simlarly,
operg‘%s:aé)1 %&@%@g%fg'@gd@%{@g rlg%é%e%éﬁzﬂelp'l | ustrated herein w thin nodul es,
and may be enbodied in any suitable form- 12 - and organized w thin any
sui t HI9BT] t y RIGHREIdt & atblock disgrant hdtustpRingt 4 Gstemd fraamiyzife vielane&d €d as a
single data set, qr pmay be distributed over different |ocations including
over 24P¥ %g@rﬂneﬁr&ogﬁﬁg‘ﬁégf@ SClosyoB9] I n the fol | owi ng descri ption,
numerous specific details are provided, such as exanples of progranm ng,
sof t jgpsg) Ny JOF [k t m@& j ueri es,
dat artgsg] str utc}tgmarE eg?ﬁﬁlgfg\t}aﬁr%gdﬂmgﬁpg@g\ﬁg? V\I/{allr e cl %%ﬁ%}?ge?pﬁ%@ﬁgerede&chi ps,

et c. storegentensss decarding e ongyembodimest efitbie digclosurehe present enbodi ments. One
skilled in.the relevant art will recognize, however, that the invention my

be p ice i thoyt - o re of.the specific details, or with other
ot ORS8Y CORIBUREY S s BB EhdaFar loFae B . o s fP Abebing

wel |utienaies adcordihgltoeshe offffodirhéntof tHY digddesugd. i ons are not shown or descri bed
in detail to avoid obscuring aspects of the invention. [0060]FI GURE 1
illustrates qdi nent. of a system 100 for automated text and speech
edi ﬁ?’hﬂ; Thﬁ@@é&e 1y @oblagk, diagram gldustrating pegrantoal rgpresentatinnofoadinedevi ce
106, craigerpor k 108, and a user interface device 110. In a further

enbodi ment, the system 100 nay include a storage controller 104, or storage
server configured to nanage data comuni cati ons between the data storage
devil0641tl06, FHGURENE iseany exanipfl2 tegging hudra draining aedtenden farothigUlineadchain Wit h
the petwork 108. L.n a ernative enbodi nent, the storage controller 104
may cﬁg‘dlﬁfﬁ)ﬂélrgﬁ‘?%hﬁlﬁlé?ﬁg%&mk 108. [0061] I n one enbodi nent, the user
interface device 110 is referred to broadly and is intended to enconpass a
Sui t[@b42] pr BUGERE 6 Rasieck dRyiaaeilRMERiBRSa %raiﬂx%ﬂ fh?r&@ﬂﬁﬁ'&?&f a dwb AP
conputer, a personal digital assistant  (PDA) or table conputer, a
snarf?ﬁﬁﬂ - other a nobile comuni cation device or organi zer device
havi ng access to the network 108. In a further enbodi nent, the user

i nt e deykerrl%0; c . or ofher w.de.area or .| ocal
ar e 0B lor FIGQRE: Zois B GRRRIS celing MO Whinlly Sl chouRe iR ne

ser wenditioRalamstiont fieldsl¢CRFuser interface for enabling a user to enter or
receive information. For exanple, the user may enter an input utterance or
text into t tem 100 through a m crophone (not shown) or keyboard 320.
ood%ihie B 4 ﬁﬁ‘y illststise eem?ﬂﬁpéqué @8 agnethied forjaséatien t he
ser yahcthordint 4 Hatdheer i nterface device 110. The network 108 may include
any type of conmunications _

[0045] FIGURE 9 is a flow chart illustrating one embodiment of a method for automatic

grammatical error correction.

[0046] FIGURE 10A is a graphical diagram illustrating the accuracy of one embodimént

of a text correction model for correcting article errors.

[0047] FIGURE 10B is a graphical diagram illustrating the accuracy of one embbdi_ﬁi,ént

of a text correction model for correcting preposition errors.
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network including, but not limted to, a direct PC-to-PC connection, a

| ocal area network (LAN), a wi de area network (WAN), a nodemt o-nodem
connect i oNQ 20t3pas6er net, a conbi nation of the above, @®CT&GROWGINESs1
conmmruni cati ons network now known or | ater devel oped within the networking

Cooo i on TR 1Ak & erdPi L AR BhRmatuscth Fymeatins Sbomehoih

ut t e¢aPanig aRitémdrd RYEorhParkd tqﬁﬂﬂirhgﬂﬁei_hbus udil® DIFEIYR fedfe eECeSs data
stored in the data storage device 106 via a Storage Area Network (SAN)

connection, a LAN, 'a data bus, or the like. [0064] The data storage device
106 F949] nc RIGURE hbB ds aigsaphicahdiageann ijlusatingians Ksmeasuae fardhe methodrefdundant

Arra . j | D). e, st @rage drive conprising a
mag n%?r?%tlbg%gﬁg;%g&% g %"ggéar, ewdgzeh,n nﬁé%l? ?Scé\%’?%{%? 339%9‘88% ce, or the like.
I n one enbodi nent, the data storage device 106 nmay store sentences in

Engl [0980br AIGRIRE 4hQusig geaphidabdidgtaen ilgtritingean’ Apgeasurd) fa tHahrklageofand
accessi bl.e t hrough Structur?e(g ngry Lagtgu ge.(SQ) _queries, or other data
bas e“HIFEHDE ALl § ag,poIpAKed,{0; GSRMIAry 1 B?W@&Ee‘?f"ﬂ“%%-r ates one

enbodi mrent of a data nanagenent system 200 configured to store input

utt efodseES F) | %ﬁgb ical & 1 - system
200 {myﬂsncl ugg#e}E Eelfsge? 1 2-ca1|_ﬁlggfs&§1r 1\5/221’?9511% mal;;1 Eieégs(}%ﬁg?etg@?% a dat a- bus
202. carfecing prepbyitiomeners as kemplared torendinpeyrmethody ssipgDRb6liceefgatatesset.i ncl ude a
first data storage device 204, a second data storage device 206, and/or a

thir, ta | .1 k0 riher enbodi.nent s he, dat genent
syst' r%ggoo %@Uﬁ%ﬁ}%g %grc? E’B‘%‘n‘%‘f‘g‘r 3%1}{ %lugttr%t}ngga@ %EWI8§§§° E(ﬁg]?e ﬁ?ﬁﬁ;io&al n one
enbogbirreetihg prepositipn srrofs dsemipared! t8XdrdinatiCitethsd$ HsinTStréI TNk fedp@@r ner
English (NUCLE) may be stored in the first data storage device 204. The
secolfl dat a storage device 206 nmay store a corpus of, for exanple,

non-| earner texts. Exanples of non-learner texts may include parallel

cor nNewsGoOR AL d Qi : : NEDOR i | . In
cer Itolgibﬁ:ﬂenb\gg?rrent 153{('1 %gﬁ‘gﬂﬁm? er tllgit?ag{ngfagl c'ho%%#ﬁ%rﬁ%ﬁ%htgg?ft hat are
ass weexgcting preposition egbest asvedmparedvtee ordinasy nidtieodshising TetteaukPasageatwtevi ce 208
may contain conputational data, input texts, and or input utterance data.
In ase?’urther enbodi ment, the described data may be stored together in a
consol i dated data storage device 210. [0066] 1 n one enbodi nent, the server
102 pge54]s UbFIGUR FILETs Y flow EldrEtlusiehtifdione Shibodfferfl 8Y h GRthoddr c&%ﬁhg
retrieve input sentences. The server 102 may store the consolidated data
set Ssemaptieepllpsptiomensersdat a st orage devi ce 210. In such an enbodi ment, the
server 102 may refer back to the consolidated data storage device 210 to
obtain a set of data elenents associated with a specified sentence.

Al ternatively, the server 102 nay query each of the data storage devices
204, 206, 208 independently or in a distributed query to obtain the set of
data el enents associated with an i nput sentence. In another alternative
enbodi nent, nultiple databases nmay be stored on a single consolidated data
storage device 210.
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[ 0067] The data managenent system 200 may al so include files for entering
and processing utterances. |In various enbodi nents, the server 102 may
comuni cawe Mixd3veshe data storage devices 204, 206, 208PoTsG20h®oesat a- bus
202. The dat a-bus 202 nmay conprise a SAN, a LAN or the like. The

conmmuni cation infrastruct Fi bre- Chanel Arbitrated
Loop (FC— AL), Small @mu@&&@tﬁ%#&&ﬁ% SCSI ), Serl al Advanced
Tech y tach nt (SA Advanced Technology Atta nt ( and/ or
ot he 8]%1 | aY anpas %Bﬁénﬂh‘; E‘i‘fainff'rge% 1§ 35%%@?‘&%8‘% Q?‘@Pﬁf‘ge and
conmyy AR r &ﬁ%%, € y with
t he da[[ﬂ%ag{[ng-!lgagﬁ’%ew ngﬁ %Sélttﬁhgo%g 1%18{’8“31%%8{@ geser e?ﬁ%%ﬂa%% &id
commdetaided iimcthe ﬁoﬂowng dlesagxptlsnr v&esmpttdne oft wellg knmwmtstmlhgrmat@ﬂals

[ 0068] The. se{ ﬁ@ 10 é t a softmer pI| on confi ed faq

anal J2RE"& 1€ ﬂ‘é‘-‘és camary™ te‘lPB?Een ? ? 85 3h19 ?CS?F

fur t Begcuien ehe v eREN! | i8S détatl. l 1 Qﬁétﬁ&'ﬁwuﬂﬁérgtobﬂe he@bders tipdta@R daui&es 204,

206, 208, 210, interfacing a network 108, interfacing with a user through
the deseription end éh,eesmxﬂq:@canmes avhilet indicpting embndmwmsr oﬁ@we mwrtmmm:raret t he

or og P gV, by RGO m BB} 1 e b hahfileh 8P yst em

300 ﬁ@amoadoxasccaadmm, tafd@e" teafringefienes R tHiIS mé é;hﬂt %ﬁﬂ/‘éi‘:‘rsd) 2 seieor the
user interface device 110. .The central processin un|t éw(;P pl)m302 IS

couphdriyng Hyeays eoResns wilhDecqme apperenh g0 ﬁh‘gﬁe ihedy i |odis CPU or
m crggﬁg&ggsor graphi cs processing unit ("GPU"), mcrocontroller, or the
ke that I's specially programred to perform nethods as described in the
foI |l owi ng flow chart diagranms. The present enbodi nents are not restricted
by t 956} ch|(faytaimumtscdesd:rﬂmd(ﬂ?tlﬂswcﬁicatmxmga\aesbetehéat@l%!d aB(i)ﬂ)dlﬂvicsehh&deldl rectly

cpu Somofiepatiuaiy BRiphasize el il GRrriion ROpRIdENGn ok dReBEinel Stre |
pr essdmalﬁemﬂfm& Sor_sSBvAL T&ﬁlﬁﬁ@ﬂ“ﬂ% ﬁb@%&@ﬁﬁp aaiéﬁr”@éténpc' Wem random

access rrermr%/ 308, which may or the like. The
conpbreedmay,s T@m@muﬁaﬁbsam’%%S W@d@%b Atmcdulc h@nplases @usachiriesor

. f h |
ot 1 oraiifes SRRl ifeRRion) HPr RRBu SO R ey it Bra Yiems y (row
306 wikduitcomiptishfy distdvh vmwcu&&% afiys, 68t thelsRélRS@nicOnductds kiidhtas The ROM

may store configuration information for booti ‘3 t he corrputer syst em 300.

The e chips, fraesisters, ROl sdele gompenends dAsm@d mataéso Yegomplgmentedcionput er

m{r?ig%gl??ons h?ﬁ %rgp& gh&g? sa%!sagrpﬁl‘%lzri\t g‘é@‘é‘ a ggyér pgoré |b1§p| ay

adapimle@&,pr@mﬂxﬁﬂblameéw&k%rmm t he user |nterface adapter 316 may,
in certain enbodi nents, enable a user ‘to interact with the conmputer system

300 | der, t |nput uiter ces In a further enbodinent, the

di sp‘l@ﬁtdaafl@fu@@%y s igpiug %b‘f“’é‘is plind yuits of Hinstryctions:athebcttigted wi t h
a_SOobldied bYa BREeAR IR be@édl&n n%stgﬂﬁ'd'a?a 01l 'on 3 4AR sfoleedfifleAl | NY
sent ences vv|t i nser punct uati on mar granmar correctio ot her
rel afremt & dicst statd topa setonddstaten g Ahuidenti fieds mold0lR7af Thezutable exmptrmy, 80 may
connect one or .nore storage . devi ces1 312 ugh s one or. nore of glcgard
dri VESnCE, SARIRERe Re T (hglp RIDFIGE onlogicgh blecks ok campyter ingtictionspBicl | ve,
the GaYBElREantaA! B30 ect, HScERAFLY MAbH N SNSFMNREs, é eX@itaBfes At ed t 0
coupl e the conputer system 300 to the network 108, whi ch may be one or nore
of aidentifiednnqdulend¢asl nohbelpiwam%y locaites! tegsthernber ey ecampriseedisparatecoupl es

user. i hput deyi a ke 32 nt| deV|ce 18, to
e instons SELE(E 4iBbER BRaton SRS PR dod R Cartth CodntEs Hne cou
302 fmedesle %ﬂ%h&f&e&téd)bﬁiheq&?oééa@rdé&xi}év%)théiﬁé{t'eﬁ aaé%nsﬁﬁﬂztﬁdﬂhe
applications of the present disclosure are not linmted to the architecture

of conguteréw%:ten1300 Rat her the conputer system 300 is provided as an
exa 8lof ey gemgfuleopd Gkequtable wpde maysbe nwutgée awa:prpémt o pranyor m t he
funcy e 0 n [
exarpraitiol, S BialPbvetBe 8Bk Wk SEber URIGARCAB BRI, anfolf g

wi t hdififerent pidgedm«)and Iaﬁtblss! gévegnl pré¢meryadevites.a Saatlardy, aip‘éﬁtx()ﬁ‘ﬂ)/%)a magideet
conputers snart phones, conputer game consol es, and multi-processor

ser videaifi ‘?Wo‘\ug?tfat%he@}'s‘ﬁ’%’@ rawgﬂ?ﬁetanéasay&e embodiedyuany sHitgbledomme nay be
i npl emented on application specific,ntegrated circuits (ASIC), very |arge
scale integrated (VLSI) circuits, “d¢ "ot her circuitry. In fact, persons of
ordinary skill in the art may utilize any nunber of suitable structures
capabl e of executing |ogical operations according to the described

enbodi nent s.




WO 2012/ 039686PCT/ SG2011/ 000331 [0074] The schematic flow chart di agranms and
associ ated description that follow are generally set forth as |ogical flow
chart di ayoan/o3gsésuch, the depicted order and | abel ed PETSH01A1080331

i ndi cative of one enbodi ment of the presented method. Other steps and

nmet hod cei ved t are ur val ent in_function, ic, or effect
to oﬁ’é‘? &8 %’Wg witaps any, Fmﬁﬂ?? @Pe%ruct%r t e Pprra%%aét MAYhbR .

Addi thistedd ¥ a th%lef Qitaratt, 8P %a%%f@&’ikﬁlbﬁ{&' Qe i rsnt%eéttoqt@qnélﬁ iagRivat n the

| ogi cal steps of the method and are understood not to |imt t e-scope of

t he dfdfGIﬁ@uSthetﬂﬂthSvarr ous arrow types and line types may be enployed in
t he flow chart di agrans, they are understood not tolimt the scope of the
corr t n ONMe._arrows_or. r. connectars nmay be used
to | te on{H% @gwluiﬁggg c?'ptlﬁ%v\f"gflertoﬁe Sﬁﬁ?ﬁﬁ qulgrarprgp\éﬁgé, "éf%‘ 8% r ow nmay
i ndi eﬁmplas vEproprgnmiingSTiviadé mdduRe) useflsdléctions RREVdrkarhndabtidhs, Qlatdbataeen
enuner at ed steps of the depicted nethod. Addi t'i onally, the order in which a

par t ABEIIesy %@%6&“@%‘&58 hardyragy m@é}lleﬁohaféwmiec@lwﬂlt&dh@ﬁ%alteocmm ete.dtr of the
t
ool R RAaaRaNAne B R AP OnBARLA Sl BT AREOENAR, 4, O

pr ocmli;rrecg)gpxzreshewevevethat/\ki&r mvemtiqn ag wppracticddewithot! cheadrambid be them t hout
eatures such as pitch and pause duration.

relyin n itiona osodi ¢

For &?g}t%l gea Bt Wé‘h] g F%"d]il%{st SAMPaRsityppatsHalse and seetprth tlpaether i bed
COnVﬁfsﬁiﬁEéso%il-k%B%(%ﬂ'uEtﬁt‘ésSmaﬁﬁafdt SrEORPRTRSs afd ot ShGWAL oxfé H@d% REGE"

cor por a such as broadcast news corpora, a conversation eech corpus nay
i ncl tedavoit] ebsoyngwspeess pfitherimedntiamd short sentences frequent |y appear. In
addition, due to the nature of conversati on, it may al so include nore

guestq se ar ed to o ora One  nat ur. aI appyroach to
rel aLd gE]e sti:tr@gﬁf%ep@ A, U €Y h%‘f 8‘8{31 8&?% aytomated] texte

| angsjsegeh editiak. | Fhd Syst@RA00aRay! m‘hhﬁ&ct %@r\@f aphi saiatzmtéﬂge dRReeroy i trary
over | appi ngofeat ures can _be exploited. Conditi onal random fi el ds (CRF) have

beenn&iVaE 108, apd ajuserintarfage devier b H eln & futhien gmbodiment; thsysténoA00 axlys. A CRF

may naI di st i bution of .the
R AL T e L ST T

| i nebetwedmnithe GlRita vdibrape aaeszwvesos; raiiﬂ thied SérvMirlKnV o' Gther topmiPoMerte ﬂtef i ned
by the fol ]l ow ng, equation X) =exp, (E E Il kfk Yt-1, y" t))

Z( x) OMfHRicaion Wé‘ﬁ%ﬁenﬁm’@@? Ve8&-i é‘ha%tﬁﬁe?latl‘ée enboq'hawet, the sfoeagecconfroflerat ur e
func nme step t may be defined over the entire
obseir(?/???%ﬁe@ﬁe t'd’lﬁéh ggzeln(?g hi dden | abels. Z(x) is a normalization
factor to ensure a wel I -forrred probability distribution. [0077]FIGURE 4 is
a bl 90r1ldi adn ameidmhodimentt; thy laegﬁmptﬁaacadevﬁmtkﬁsmteﬁr'redntof broadlyn®alr ts chai n

CRF.. f f t 402 402 led t
sor i afenfd U8 Eaftmbasc SHBHIE pirgamor hvkd device. sughiis a Hraion ORPWBESs oy  be
evemhptoﬁw@mpaervw%asd@yarg@pmms o &Y eﬂtamet&rﬁﬂtﬁe&%ﬁﬁﬁﬁ@gﬂl thgde of

the first nodes 402. Punctuation prediction tasks na as a
pr ockBwbie comaiugitatign deYlaQJOI orgenizer deyiet. haxingaccess tpcths netiweork 408. dmy i ncl ude

t | amat k
(1 B oA el BGTRE abvite LB R oesd ettt s ShE g Birone |
evendr.loddl areatRfWork A6 Bédebd £weblapplicain of Wab saice)idhRl byRRs sériéryi ob@NE) shoul d

be inserted after the word,
provide a user interface for enabling a user to enter or receive information. For example, the

user may enter an input utterance or text into the system 100 through a mierophone (not
shown) or keyboard 320.

[0062] The network 108 may facilitate communications of data between the server 102
and the user interface device 110. The network 108 may include any type of communications
network including, but not limited to, a direct PC-to-PC connection, a local area network

(LAN), a wide area network (WAN), a modem-to-modem connection, the Internet, a
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[0078] Trai ning data for the nodel may include a set of utterances where
punctuation synbols are encoded as tags that are assigned to the individual
wor ds. Thwotap/0IeNE neans no punctuation synbol is insePCesGabti®noixzhe
current word. Any other tag identifies a Iocation for insertion of the

corr n ctyation The nost rob e se e of S |s

oy cataRBRaLRT o e %h?affugf I, Sher SRR 38 KA s IR o

out puével daamiﬂﬁkl&, heA@oikigg ats WhicH iefhd &R &Bﬁio&ecdrﬁﬂmﬁ E@é&ﬁnhﬁlcﬁwaE 5.
[0079] FIGURE 5 is an exarrp e tagging of a training sentence for th

| i neghe Wihiapo®endi ti onal random fields (CRF). A sentence 502 may be di vi ded
into words and a word-| ayer tag 504 assigned to each of the words. The

wor d rot d HW t he
R e e T A S L e R e P T

" Cominplut textli Additiogaldy, cthxmmvahmyl zd:c‘éssl datal\stbxleﬂ ivetiedddta) storagddidiice Q0ahtdy, sone
wor ds _such | ease e ta " to indicate no punctuation
mar k2 SFSa% e@l}? i‘h@ ’é’&s% G%fﬂtﬁ&?c?frth?%eto one enbodi nent, a
feature of conditional randomfl el ds may be factorized as a product of a

bi najgoshapnctTivn e fsRkeRKe Pi6 ffttudef a Hakrdl sk, Sheib h%;r&edﬁg

step-(in this case an edge), and a eature function’ soeyd I ne onthe

obs earyangedrin g@q&@hméantnAgmmf dundependsnt d¥slsu(R AN iy, ahepe storaget driver d,

t oge osition. i are se as bi.nar t uncti ons,
f or %&ﬁp Smé rr%gn%c% efi%t 05%%%%?’1% PHPRH §\t8fa(§§ dFY‘ﬁ%’n‘Fﬁﬁ E{S‘? rfa"‘n?nev\or d are
COﬂSeﬁBdidiﬂ'nem elile Bath kdrap@ dehRoel 108t ESoreSRAehads 1ﬁt3fg‘hs1@6fjoﬁ’1@fjlangﬁe§?é@| S are
used beyond the utterance boundaries. For exanple, for the wor 0 shown in

FI GUREe datagnaybe arrarged in asdatahase aed aenessiblmthronghy Strycturng Query laingnagee
f eat | d t
Fer S 02 Goriefiof 8Gr i phse dicty Bofl el bEbherdions; 87 TTLLo2" dor at rel ative

position -2 to 0. [0081] A linear-chain CRF nodel in this enbodi mrent may be
capalfl06Shf rﬁiﬁiéJRElgz dHpstratisn one senitetdiveent vb rad dlatan thapageiant §yeens Y2000l s with

arbltr f eat ures. us . strong de endenc assurrptl ons in the
hi dd‘é‘H1 ﬁgga‘él “trrHE’érIan‘Fﬁﬁya‘BQ(’ra\%‘Eﬂ“életﬂg hlg the datay

i rmrmﬁal_kement gsgkexwmnﬁ?m@déa vdra09. ThE Q&Vﬁ;gfmo%nggyg gﬁggds@ asqﬁd@é ence

| evel or exdnple, in the sanple utterance s the | ong
r angeusiZe ri@myfrrlb@dm@n thi datarlanagemenatssystem Zﬂi)rmmaliouﬂmiuderw ficsaidatae wor ds

ract Uk et oBd SRS g bR g ind i Bt B Harer dhiER b el

may he fuied afbodithemyEMer fath %atﬁ"g@fﬁbﬁ’t‘ Bhtdnh ©002RAY1 1|nbﬁme OJddﬁidﬁHi Haﬂaeousl y
| abeling nultiple Iayers of tags for a given sequence. The F-CRF [earns a

j oi nitorage dpyicem@ot ghom)i Hnwone ﬁntbpdnmt,taaqspgq vfahamhetezbsech/as therNUBy nani ¢

d t lit f
o s eooipP B LERREOELE LT Ry BE soRe niBe T carediSe R ey ) 2.
exp dekod Iﬂaﬁkﬁtbf@gchdfv;&, 206 tn)éy stofd 4) torP@Cok Rred@nipld, nisSleaner 'té)d@XEd at
each_tinme step, is a set of cligue indices, and Re3) is the set of

var | B¥amerles qf tnﬁe-lem%n texig may incdwdeoparallel] camperaynews ion pesiodicalt text, randt |
other commonly available text. In certain embodiments, the non-learner texts are chosen from

sources that are assumed to contain relatively few errors. The third data storage device 208
may contain computational data, input texts, and or input utterance data. In a further
embodiment, the described data may be stored together in a consolidated data storage device
210.

[0066] In one embodiment, the server 102 may submit a query to selected data storage
devices 204, 206 to retrieve input sentences. The server 102 may store the consolidated data
set in a consolidated data storage device 210. In such an embodiment, the server 102 may

refer back to the consolidated data storage device 210 to obtain a set of data elements
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[0083]FIGURE 6 is block diagramillustrating a graphical representation of
a two-layer factorial CRF. According to one enbodi nent, a F-CRF may have
two | ayerwoahimooss as tags, where the cliques include Phe/SGaol1WNe33l n-chain
edges (e.g., z2 - z3 and y2 - y3) and one between-chain edge (e.g., z3 -
y3) at each tinme step. A series,of fi.rst nodes 602a, 602b, 602c, ...., 602n
1ve BofRed Vs Sefiisd Ssreii oalemalindveBieserusA0d mpnguery cach o6l A
ser i @ata@forddd deflice9 04, X985208 fild6pendeMPFor in-a dis@i@ﬁféd&tﬁ&apﬁ%aﬁﬁ] el BE S€ri es
The hodes o

of second nodes and the series of first nodes. the series of
secofidfa glamentsagsgociged with aniinputsautenes: Horanpthepaltarnativel emtwdimenyemdbipbadency

b j . di . d d
wor QORA B8 Ry b Ul GF £ bRl ioRRE B ERBERicd Ber “hodes. Ench

sent ence-| ayer node may be coupled with a respective word-| ayer node.

Bot h[006fi} encEhel dytar mansjgemenb dsysternd 200y Ry ndlsesSnéade Hites G le@érinit fhd i 1 St
nodes. Sentence |a eé%nodes enl%g capture | ong-range dependenci es_between
wor dpqoggsg}ngn%@_ce%(o Fpouserpbedimentsothg ssties 162 mashemmynigatsevidls thegned t o
Wor dgath Btopdbe el ReQD6£ 2060568 ol UL d%}g%s 308 %ﬁ@%ﬁﬁﬁﬁfslzﬁgfrﬁa})ﬁ&% risddy d- | ayer
tags may include none, comm, period, question mark, and/or ex divgt i on
mar kSABent leANe of gheelike. aghe mamnmunitatide idfradtarcaire amybiagiudeiBilgernéte Gibae-at i on

oo GPaE arfaE drop (REPALR SRR e sl et (S5 DnSeraAsbRass e for o
I nseTédhnelogy PAchHRIt QS‘A?)&'YPRHVHC@@'T&WOM%%W %@ﬁ&f‘ uég@édiizot}i\élj l'e the

sentence | ayer tags nay be used for annotating sentence bd ries and
i densimilar defatcemnaunicatioo schgmes dsdediitad avithydata gtoeage o, commenicatiomt Bory ) .

[ 008 rgli n odi ment .. t.aqgs, fram.the word | gyer t he sane
as t%los %)’cg?é ?ﬁqﬁ‘é&ﬁiogerg?}?%wnw.méﬁﬁ%ﬁé’ e‘?‘l‘%énh’ceéﬁfaaﬁ}%ﬁag? 35 °?ﬁ;@y4b28@esi gned
for 208,201 theasrvef 162 firgnoatnudidting witld a Rrhld NG rahd BBrageabhtralld t he
inner part of a declarative sentence respectively, |ikew se for QNBEG and
QNI NIQ"guesti on sentences), as well as EXBEG and EXI N (excl amat ory
sentences). The sanme exanple utterance we | ooked at in the previous section
may gg i t | ayer fot i . 871 FI GURE 7
is a@ggglzmﬁgae&%g?rng@%fﬁ?t???nﬁ nsgﬁgwgﬁfzaﬁég&\ff@}i fn' %@g%%zg‘rzri a#’glo%wgi tional
r andutterdrices dad/oCRRput taxts eThe nwd@wide application dinxy dehdrninclude masdwesdfgach wor d
t agge ith a wrd-layer tag, 704 %ng entence-| ayer .tag 706. For exanpl e,
t he cmﬁow’t}ilrﬁ{}e data) sipraee fleyices, 294 Word Oy intertacing apeiwarkdded.ar at i on
beg! ifdkfabing Witk Casck WiRluch Ae ubQORARE!RORYS 0S3hd e TRE! Ol £ Huild and the
n-gram feature functions used in linear- chain may be used 1n F-CRF.
Wherembodimentg théieseseent E0R: endyayhest taagengingeapyication plugvn, worr dppligationt ags,
t he ;FCRF m)delt IS (‘@@Z)ﬁl e of leveraging useful clues |learned fromthe
sent éﬂ%@“\“é{%w%%‘i‘}t tence type (e.g., a question sentence, annotated
with QNBEG QNIN, ONIN, or a declarative sentence, annotated w th DEBEG
DEI N0o06¥]! N) FIGUREN 3 dlushetes! £ Cotriputli §i8tehh S00" 8dliphdd ABcRbingh® REGHuUat i on
synbol at each word, hence inproving the performance at the word |ayer.
[ Dogmimsiments, g the, servsr d 03 @and/jon ther ysgr ingeréacerdgvichd 10t Theaentalgitoenssing FI GURE
7. « W n C i$hLS 0of, two sentences - a
dEC?%?HGK ?gtejdggélflf %n(%gwg}tp g{ve\e gagﬁm%&sej(ﬁt Cﬁle epﬁ 3%5 may be a genceral purpose

CPU or microprocessor, graphics processing unit (“GPU”), microcontroller, or the like that is

specially programmed to perform methods as described in the following flow chart diagrams.
The present embodiments are not restricted by the architecture of the CPU 302 so long as the
CPU 302, whether directly or indirectly, supports the modules and operations as described
herein. The CPU 302 may execute the various logical instructions according to the present

embodiments.

[0070] The computer system 300 also may include random access memory (RAM) 308,
which may be SRAM, DRAM, SDRAM, or the like. The computer system 300 may utilize
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by a question sentence, the nodel tends to annotate the second half of the
utterance with the sentence tag sequence: QNBEG ONIN. These

sent ence-wayer2/a3aggs hel p predict the word-layer tag at wrh@/Senaiohoszhe
utterance as QVARK, given the dependenci es between the two | ayers existing

at each ,t, st e Accor di,n 0 one e diment, during.the |earnin
pr ocg?@,/I 3,9%30 ?E%gﬂhﬁy‘éﬂr@uﬁf*a‘%a%?%‘i? Ll?ggj gidntq *F%é?ﬂhfg?lo‘T gyng r?ed%\l% d- | ayer

t ags aneyze wttdratRBS. € Thb Rofplic Rfstern 300" i ' gV
packagqeyzrraéql;e used fo?ﬁ%ui I d?n bot hm{l gg?ilﬁgg?%lgéﬁgidr@%%‘?o@% and

f act 89¢ whichrpay be EROM, ERROM,.dEERREMY optipalrstoreges or et likn THRROMahedul e f or
boli of ion s weed f e oo
dosc PR RRRaAkoR TuroRnitif ot 8o BB ShRiEr poi SP Tt RANBNE i) (o

per f RON 306 Holdtusenaridsysfeiredadices W t hout relying on prosodic clues. Thus,

t he net hods descri bed may be useful in post-processing of transcribed
utterances. Additionally, |ong-range deEendencies may be

conv&ros]it i OnﬁJ@t (

est afl0’dhed REmteoYaem 00 mayalser inplude 2n Inpusiantput (VO iadanten3 19, a

punc ' i S ' i g p of the
VBt i pleP B8 o uicl I RlaplE S, 8 BUAeIAY pdabfer 3220 ol § omal
speel/® adaptes 380 endieethe werintaface adaptert 3 M hhy,tiheehihfepibodiments, hadble aTwo

e Ve S5t BRI SO0 oM e g i B, o0 o
our sRoaka o, AR 2000 0ol SRR BRI

cross-lingual dialogs in travel "donmain. I Ccla
set saftvgaretor web-based7 apphicatiens er Engbile lapplicationnfoe geaerating asedtenbes @Ttht r ai ni ng

set nsisis: of .10, 061 such pairs. Each of the dat asets mpy be randonmly
spl ilglg?r?ﬁdo‘g aligy f?%%%,g“‘” BIAL cepsstn: AR OﬁtfelréP]Eﬁ%e@?‘%\?‘@f ﬁ%‘??gg 41ng aj nj ng
t he fumbdngat i on prediction nodels, and the remaining 10% for evaluating the
prediction.perfornmance. For all the experinments, the default segnentation
of Chi nese may be used as provided, and English texts nay be pre-processed
wi t hlO0RE perihicHQ adapigr 3101y camnect pagoEmpre sletagssisvisend 1% sudsasotnerdre t wo

dat ' k: . entence.types in the
o Tt A8 B EERTAR: gk (0B MG LRSI 98B, 488 R Gle R et e
sentameeser $ystury 800. qTiks commustvations adapaére3 I ngayt be qidapted it doapleBiheC

dat aset con‘Ej)arede)to t he CTﬂ%at aset ., Excl amatory sentences contribute | ess
t hanCCTRRYS System 390 tg the network 103 whigh maysbeene orqaereif adiAN, WAN, andfasr ances

fr ot Dtefnbt. dThausdr iRfefralBd!adhptd rﬁ%rﬁo Wg& s 25 Elﬁ%t}’%f,ip pr h 4k taﬁ{e@ﬁSﬁh and

therefore nore CT utterances actually” cons e se ces. Table
1: Si2@dngta pointirdg déviceSNBCtoathe cOfipDet aystdrs 300. The display adapter 322 may be

driven by the CPU 302 to control the display on the display device 324.

[0073] = The applications of the present disclosure are not limited to the architectufe of
computer system 300. Rather the computer system 300 is provided aé -an example of one
type of computing device that may be adapted to perform the functions 6f a server 102 and/or
the user interface device 110. For example, any vsuitablev processor-based device may be
utilized including without limitation, including personal data assistants (PDAs), tablet
computers, smartphones, computer game cohsolés, and multi-processor servers. Moreover,
the systems and methods of the present disclosure may be implemented on application
specific integrated circuits (ASIC), very large scale integrated (VLSI) circuits, or other
circuitry. In fact, persons of ordinary skill in the art may utilize any number of suitable

structures capable of executing logical operations according to the described embodiments.
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BTEC dat aset CT dataset Chinese English Chinese English Declarative

sentence 64% 65% 77% 81% Questi on sentence 36%
WO 2012/039686 PCT/SG2011/000331

[0074] The schematic flow chart diagrams and associated description that follow are
generally set forth as logical flow chart diagrams. As such, the depicted order and labeled
steps are indicative of one embodiment of the presented method. Other steps and methods
may be conceived that are équivalent in function, logic, or effect to one or more steps, or
portions thereof, of the illustrated method. Additionally, the format and symbols emi)loyed
are provided to explain the logical steps of the method and are understood not to limit the
scope of the method. Although various arrow types and line types may be employed in the
flow chart diagrams, they are understood not to limit the scope of the corresponding method.
Indeed, some arrows or other connectors may be used to indicate only the logical flow of the
method. For instance, an arrow may indicate a waiting or monitoring period of unspecified
duration between enumerated steps of the depicted method. Additionally, the order in which
a particular method occurs may or may not strictly adhere to the order of the corresponding

steps shown.
Punctuation Prediction

[0075] According to one embodiment, punctuation symbols may be predicted from a
standard text processing perspective, where only the speech texts are available, without -
relying on additional prosodic features such as pitch and pause duration. For example,
punctuation prediction task may be performed on transcribed conversational speech texts, or
utterances.  Different from many other corpora such as broadcast news corpora, a
conversational speech corpus may include dialogs where informal and short sentences
frequently appear. In addition, due to the nature of conversation, it may also include more

question sentences compared to other corpora.

[0076]  One natural approach to relax the strong dependency assumptions encoded by the
hidden event language model is to adopt an undirected graphical model, where arbitrary -
overlapping features can be exploited. Conditional random fields (CRF) have been widely
used in various sequence labeling and segmentation tasks. A CRF may be a discriminative
model of the conditional distribution of the complete label sequence given the observation.
For example, a first-order linear-chain CRF which assumes first-order Markov property may

be defined by the following equation:

1
p,l(ylx)='Z_(T) cXp (;%ﬂkﬁt(x’yt—l’yt’t)) ’
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35% 22% 19% Mul tipl e sentences per utterance 14% 17% 29% 39% Aver age nunber
of words per utterance 8.59 9.46 10.18 14.33 [0093] Additional experinents
may be diwoOdetrr/i3ndse two cat egories: with or wthout PCT/SG2011/000331

where x is the observation and y is the label sequence. A feature function f; as a function of
time step ¢ may be defined over the entire observation x and two adjacent hidden labels. Z(x)

is a normalization factor to ensure a well-formed probability distribution.

[0077] FIGURE 4 is a block diagram illustrating a graphical representation for linear- _
chain CRF. A series of first nodes 402a, 402b, 402c, ..., 402n are coupled to a series of
second nodes 404a, 404b, 404c, ..., 404n. The second nodes may be events such as word-
layer tags associated with the corresponding node of the first nodes 402. Punctuation
prediction tasks may be modeled as a process of assigning a tag to each word. A set of
possible tags may include none (NONE), comma (,), period (.), question mark (?), and
exclamation mark (!). According to one embodiment, each word may be associated with one
event. The event identifies which punctuation symbol (possibly NONE) should be inserted

after the word.

[0078] T_rainihg data for the model may include a set of utterances where punctuation
symbols are encoded as tags that are assigned to the individual words. The tag NONE means
no punctuation symbol is inserted after the éurrent word. Any other tag identifies a location
for insertion of the corresponding punctuation symbol. The most probable sequence of tags
is predicted and the punctuated text can then be constructed from such an oﬁtput. An
example tagging of an utterance may be illustrated in FIGURE 5. |

[0079] FIGURE 5 is an example tagging of a training sentence for the linear-chain
conditional random fields (CRF). A sentence 502 may be divided into words and a word-
layer tag 504 assigned to each of the words. The word-layer tag 504 may indicate a
punctuation mark that will follow the word in an output sentence. For example, the word
“no” is tagged with “Comma” indicating a comma should follow the word “no.”
Additionally, some words such as “please” are tagged with “None” to indicate no punctuation

mark should follow the word “please.”

[0080] According to one embodiment, a feature of conditional random fields may be
factorized as a product of a binary function on assignment of the set of cliques at the current
time step (in this case an edge), and a feature function solely defined on the observation
sequence. n-gram occurrences surrounding the current word, together with position
information, are used as binary feature functions, for n = 1; 2; 3. Words that appear within 5

words from the current word are consideréd when building the features. Special start and end
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duplicating the ending punctuation synbol to the start of a sentence before
training. This setting nay be used to assess the inpact of the proximty
bet ween tWe 2pispasat i on synbol and the indicative wordsPCosSGRoug/ope3sdi ction
task. Under each cat egory, two possible approaches are tested The single

pass _appr.oach or r edi ct| i h one_single step, wher t he
punc?ﬂﬁg‘?lﬁ)ﬁrs ¥°‘£\2fgpt}§@5q“§ “%JéaﬁéanaF %’anPoﬁ’»"lﬂe‘“tWof d‘?? N n the
casCaHgURENN re%ﬁﬁle fediBres 'ilﬁ!ltﬁlierlﬁnéﬁﬂxt RIGAS “A6e af fyidtﬁrfe?%ﬁuw o téés‘é" gp all
sent ence- endi ng punctuation syrrbol w th special sentence bo ary synbol s
fi r stelativenpepitiors o, bigrame featursoiyvaidd wop? atlirclativn positiobe teedr med thgmed on
such 9] L@ Ac rdl n e enbodl ment, this step may be foll owed
by p?éea %t#&ngl ?% pt?nc elp(?gltlgi}ng [ 0094] Both tri gram and ‘5- gram

| anguage nodels are tried for all conbl nations of the above settings. This

prov{adss] a tAtlideanthdin GPRF pa6ds] hihetheso sibodiienn 256 Capable Ner hioddiaty event
Iangaage nogdel . Waen training all the | anguage nodel s, nodified Kneser-Ney

snmoofFReRgencHs Betyeem® oFds andepynsaition symbelsswith teebifsamyt overlanpiag Jratures. |
Cr ooy HeS, behedcpEhdinthsbtfiont BRYY MU Sy alhBES Hlol AL BE)aolR0

pr ec Thet nodel may |bg fortbeli nnmdvqnlubgcincht&m:gtamlydmbﬁ lonig nangddqieﬂdermescdtthat I on
=# _Correctly. predict ge(rj unct uati on, sﬁr{;nbol S _# predicted

synbols re

puncf‘?.’j’iet‘tc?)ﬁevﬂmgﬂ §xaé“?16 ﬁh?t'?émﬁ ogn 1 HAURE iSo theplosgiravgeon on
bot ha&i HedBenahé ekl igabsoEN 4 d out put
of th‘?&BlTEC9and CeJ'IQ dati ase%'s1 artlg pr%rts(gﬁi?éé pgté%%{g%&g%&ﬂ%ﬁgﬂgﬁ&

r es pappean edry farpivaypeayf motbaceptursd. t he hi dden event |anguage nodel heavily
depends on whet her the duplication nethod is used and on the actual

| ang un pcflc f.or duplicating the
endi t@gghncg@rf c?ogﬂﬁsynbf)i:t bg%)’t?ﬁl g 4‘% “5?1 aE@PS?’E ’%‘?lgﬁ gis

shovbe usedoas weframbedikf§ for providing' ﬂa\él dl@alfnhfy oy @frﬂt'xltan%@éljy tibefifig RRdltipleTaNCE.
In contrast appl ying the sane technique to Chinese hurts theé periornmance.

[ 009BYen of &3as| fana givsh seelense ifhaf GRF @?gms %mlqmmmtmals@ntr@nnen ofthel | y

star ad r t .di st.inguish
it f%gm\@a&e?e adr)%?llw 3§8%2D'? nce ﬁﬁlongﬁp%ﬁ %ﬁléistlyﬂ d{l‘%‘? eSu?FcEl'ﬁ’ati on
sy mbainditionahprobatslity offa sequeniot efilubels@ctonay givten ittse cnsaxrvaﬁtstes gs:i ndi cative words
hel ps to inprove the prediction accuracy. However, Chinese presents quite
different syntactic structures for quest| on sentences [0097] First in many
case ! LB ({siz |1y vague auxiliary words at the end
of aise)fﬂigncaxbo in g%’?g‘%u Such auxiliary words include n4 and
| VE. - Thus, retaining.the positi on of t he endi ng punctuation synbol before

trai phig cﬁ?ﬁésdd?e Hﬂg Q';%Elli ﬂg'{l? cC 1’3‘%%%@(?{ cdud qﬁ(pges' and ,ﬂ s L k&eent from

Engl i sh, er wor ¢ a question sentente i hedd Fan
appemahtesat tlnsmrailcsi vptsmxt@famhqnemﬁihdeseatstﬂné ence Exanpl es incl ude .
(where .~ . . it ./z.(what . . ), .17, 4k .. (how.

angoise” m&?m\)tam 5?# BB b 4 e i E%ﬁefe‘e@ o of a ipriaiai ng
wor dactoyialeRFS Atcoididfas dndenbddinéMILIF-ORF may have two layers of nodes as
tags, whete the cliques include the two within-chain edges (e.g., z2 - z3 and y, - y3) and one
between-chain edge (e.g., z3 - y3) at each time step. A series of first nodes 602a, 602b, 602c,
., 602n are coupled to a series of second nodes 604a, 604b, 604c, ..., 604n. A series of
third nodes 606a, 606b, 606¢, ..., 606n are coupled to the series of second nodes and the
series of first nodes. The nodes of the series of second nodes are coupled with each other to

provide long range dependency between nodes.

[0084] According to one embodiment, the second nodes are word-layer nodes and the

third nodes are sentence-layer nodes. Each sentence-layer node may be coupled with a
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alre er f rIFRREH ' e. sur .on the CT datgset are
I ome?‘f%? n tlﬁ‘oe{sqé on %%%o%b%ﬁgel%ﬁeeas lﬁre’&g:%’ ‘?fg{edgé? al&b‘ﬂgﬁagf% VY)‘TIgT onger
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dat a§BES"PR 1?‘1'511'1(1, QF Brramatien %l%at%é‘tqnﬁﬁllaﬁehéaﬁpﬂ%a@‘ﬂq@ elasation and
reli Bé%iﬁl'i‘ingl Qb&Batibh NeHES ga& aﬁ&ﬁfmt&%’ﬁﬁxin gﬁuésﬂb'r? iﬁﬁmbﬁ%rée@:@él%u}{%t?osnw on

ot her Tanguages and datasets. [0099] The no S may al so evaluated with
t ext beginaidgc entl/ory exdmmatjert énrer padt. eThk wetidolayet beps Imbe de RERMEIMEESS Of
spont aneous. speech of the officia LTO8 BTE( eyal uation dataset may be
used whier R Cﬁl@p8%§gag§lsg%?‘ﬁn%hd ?%Leﬁﬁg(@é‘l{p‘ﬁ@?e thesepigneslayelonsi st s
of 5fds UhkebaneRs fop aahbasRe semBibetBSurldarib hd SHentifink XGet s | Y
reco&%i zeft ext descri bed i%sgection 6.1, the AS‘I?RI’lggl'ltngutg éggtr?glg‘lg r%ﬁfet

subs @ﬁkar%iver@@é@@n,torwlmmm- (recognitioi accuracy is 86% for Chinese,
and 80% for English). In the dataset rel eased by the I WSLT 200! organi zers,

t he ct . | nnot ated in the ASR outputs. To

cond[‘?c?%'gs Ee e‘g‘%gﬁ‘%ﬁdt% %@?‘%,ﬁs ﬁ' ﬁ}él %8 r%’é ﬁayﬁ{lﬂj@?'&fg?l?éomg?%e on the

ASR ofltiputineareshainl CRFnUAheysentenos diyed . tagh enagvbeé WRebigAe TS Hrés tins s@ach of
Ln T,iAB E 4. Tho results show that F-CRF still gives

the nodel _
hi Shg‘??“%&?% ﬁ%ﬁ@%m te,Hhe start and thecinnes,pat pha deelawative gentencend t he

LD RYSIROLIS, kSt R QNBERS hika BN (ot $ehuciBed) s wetl W e TAg 1068

EXIN (exclamatory sentences). The same example utterance we looked at in the previous -

section may be tagged with two layers of tags, as shown in FIGURE 7. -

[0087] FIGURE 7 is an example tagging of a training sentence for the factorial
conditional random fields (CRF). A sentence 702 may be divided into words and each word
tagged with a word-layer tag 704 and a sentence-layer tag 706. For cxarhple, the word “no”

may be labeled with a comma word-layer tag and a declaration beginning sentence-layer tag.

[0088] Analogous feature factorization and the n-gram feature functions used in linear-
chain CRF may be used in F-CRF. When learning the sentence layer tags together with the
word layer tags, the F-CRF model is capable of leveraging useful clues learned from the
sentence layer about sentence type (e.g., a question sentence, annotated with QNBEG, QNIN,
QNIN, or a declarative sentence, annotated with DEBEG, DEIN, DEIN), which can be used
to guide the prediction of the punctuation symbol at each word, hence improving the

performance at the word layer.

[0089] For example, consider jointly labeling the utterance shown in FIGURE 7. When
evidences show that the utterance consists of two sentences — a declarative sentence followed

by a question sentence, the model tends to annotate the second half of the utterance with the
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sentence tag sequence: QNBEG,'QNIN. These sentence-layer tags help predict the word-
layer tag at the end of the utterance as QMARK, given the dependencies between the two
layers existing at each time step. According to one embodiment, during the learning process,
the two layers of tags may be jointly learned. Thus the word-layer tags may influence the
sentence-layer tags, and vice versa. The GRMM package may be used for building béth the
linear-chain CRF (LCRF) and factorial CRF (F-CRF). The tree-based reparameterization

(TRP) schedule for belief propagation is used for approximate inference.

[0090] The techniques described above may allow the use of conditional random fields
(CRFs) to perform prediction in utterances without relying on prosodic clues. Thus, the
methods described may be useful in post-processing of transcribed conversational utterances.
Additionally, long-range dependencies may be established between words in an utterance to

improve prediction of punctuation in utterances.

[0091] Expeﬁments on part of the corpus of the IWSLT09 evaluation campaign, where
both Chinese and English conversational speech texts are used, are carried out with the
different methods. Two multilingual datasets are considered, the BTEC (Basic Travel
Expression Corpus) dataset and the CT (Challenge Task) dataset. The former consists of -
tourism-related sentences, and the latter consists of human-mediated cross-lingualb dialogs in
travel domain. The official IWSLT09 BTEC training set consists of 19,972 Chinese-English
utterance pairs, and the CT training set consists of 10,061 such pairs.  Each of the two
datasets may be randomly split into-two portions, where 90% of the utterances are used for
training the punctuation prediction models, and the remaining 10% for evaluating the
predictibn performance. For all the experiments, the default segmentation of Chinese may be
used as provided, and English texts may be pre-processed with the Penn Treebank tokenizer.

TABLE 1 provides statistics of the two datasets after processing.

[0092] The propdrtions of sentence types in the two datasets are listed. The majority of
the sentences are declarative sentences. However, question sentences are more frequent in
the BTEC dataset compared to the CT dataset. Exclamatory sentences contribute less than
1% for all datasets and are not listed. Additionally, the utterances from the CT dataset are
much longer (with more words per utterance), and therefore more CT utterances actually

consist of multiple sentences.

Table 1: Statistics of the BTEC and CT Datasets
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BTEC dataset CT dataset
Chinese English = Chinese English
Declarative sentence 64% 65% 77% 81%
Question sentence 36% 35% ‘ 22% 19%
Multiple sentences - 14% 17% 29% 39%
per utterance
Average number of 8.59 9.46 10.18 14.33
words per utterance

[0093] Additional experimehts may be divided into two categories: with or- without
duplicating the ending punctuation symbol to the start of a sentence beforé training. This
setting may be used to assess the impact of the proximity between the punctuation symbol
and the indicative words for the prediction task. Under each category, two possible
approaches are tested. The single pass approach performs prediction in one single step,
where all the punctuation symbols are predicted sequentially from left to right. In the
cascaded approach, the training sentences are formatted by replacing all sentence-ending
punctuation symbols with special sentence boundary symbols first. A model for sentence
boundary prediction may be learned based on such training data. According to one

embodiment, this step may be followed by predicting the punctuation symbols.

[0094] Both trigram and 5-gram language models are tried for all combinations of the
above settings. This provides a total of eight possible combinations based on the hidden
event language model. When training all the language models, modified Kneser-Ney
smoothing for n-grams may be used. To assess the performance of the punctuation prediction
task, computations for precision (prec), recall (rec), and F1-measure (F1), are defined by the

following equations:

# Correctly predicted punctuation symbols

prec.=
# predicted punctuation symbols

_ # Correctly predicted punctuation symbols

rec.
# predicted punctuation symbols

2
' 1/ prec.+1/rec. .

[0095] The perfonnanée of punctuation prediction on both Chinese (CN) and English
(EN) texts in the correctly recognized output of the BTEC and CT datasets are presented in
TABLE 2 and TABLE 3, respectively. The performance of the hidden event language model
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heévily depends on whether the duplication method is used and on the actual language under
consideration. Specifically, for English, duplicating the ending punctuation symbol to the
start of a sentence before training is shown to be very helpful in improving the overall
prediction performance. In contrast, applying the same technique to Chinese hurts the

performance.

[0096] One explanation may be that an English question sentence usually starts with
indicative words such as “do you” or “where” that distinguish it from a declarative sentence.
Thus, duplicating the ending punctuation symbol to the start of a sentence so that it is near
these indicative words helps to improve the prediction accuracy. However, Chinese presents

quite different syntactic structures for question sentences.

[0097] First in many cases, Chinese tends to use semantically vague auxiliary words at
the end of a sentence to indicate a question. Such auxiliary words include 1§ and WE. Thus,
retaining ‘the position of the ending punctuation symbol before training yields better
~performance. Another finding is that, different from English, other words that indicate a
question sentence in Chinese can appear at almost any position in a Chinese sentence.
Examples include B2 H. . . (where . . .), .. .Zff4(what...), or...%4. .. (how
many/much . .. ). These pose difficulties for the simple hidden event language model, which
only encodes simple dependencies over surrounding words by means of n-gram language

modeling.
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[0098] By adopting a discriminative model which exploits non-independent, overlappir
features, the LCRF model generally outperforms the hidden event language model. BE
introducing an additional layer of tags for}performing sentence segmentation and sentence tyr
prediction, the F-CRF model further boosts the pefformance over the L-CRF model. Statistic:
significance tests are performed with bootstrap resampling. The improvements of F-CRF ov«
L-CRF are statistically significant (p < 0.01) on Chinese and English texts in the CT dataset, an
on English texts in the BTEC dataset. The improvements of F-CRF over L-CRF on Chines
texts are smaller, probably because L-CRF is already performing quite well on Chinese. F
measures on the CT dataset arel lower than th_ose> on BTEC, mainly because the CT datas«
consists of longer utterances and fewer question sentences. Overall, the proposed F-CRF modk
is robust and consistently works well regardless of the language and dataset it is tested on. Thi
indicates that the approach is general and relies on minimal linguistic assumptions, and thus ca

be readily used on other languages and datasets.

[0099] The models may also be evaluated with texts produced by ASR systems. Fo
evaluation, the 1-best ASR outputs of spontaneous speech of the official IWSLT08 BTE(
evaluation dataset may be used, which is released as part of the IWSLT09 corpus. The datase
consists of 504 utterances in Chinese, and 498 in English. Unlike the correctly recognized text
described in Section 6.1, the ASR outputs contain substantial recogrﬁtion errors (recognitios
accuracy is 86% for Chinese, and 80% for English). In the dataset released by the IWSLT 200!
organizers, the correct punctuation symbols are not annotated in the ASR outputs. To conduc
the experimental evaluation, the correct punctuation symbols on the ASR outputs may b
manually annotated. The evaluation results for each of the models are shown in TABLE 4. Th
résults show that F—CRF still gives higher performance than L-CRF and the hidden even

language model, and the improvements are statistically significant (p < 0.01).
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[00102] Due to the unstable nature of MERT, 10 runs are performed for each
translation task with a different randominitialization of paraneters in
each run,weandi2diessBLEU- 4 scores average( over 10 runs alP€TISeparitoee31 The
results are shown in Table 5. The best translati on performance! for both

| di ' : | db | yi F- CRF t he nct uati on
br o MEPRE " fgaancthey” ealtades’teh e odekfiamdtsRe aparoars gmayoe Sadopied.
L angitainkGEIRCEALTENRE piiRfnkite BPRUALLMIGNBRIGHEH RHMSKAISR RYDE! s are

used for translation. The averaged BLEU scor or two trans i on
t askfeeding tBa paactyated ASRetexts tBrag$tatetif-therdrt adachihe(tEanglatioh systerthameeelua

t . whi.ch show t hat oyt punctuatio redi ¢ction nethod gives
comp et e, SHRy b BePoriRte, o e RSl SR oS pHiDes it i fuh vgsesured by a
201 2hA5666 BeaTiatoa A dti0 Whichleotaites well WithHntinl et OMSREC S shife-Brifigt uat ed
ASR Qut puts_Usi n%\tjlg/bses (Aver aged Percentage Scores of BLEU] NO

DUPLERImaspibased skatisticatarachine transitiostoetkitisused asasansiatiosengng alhgsvit
CASCRRRhtire IWSLTO09 BTEC training set for training the translation system.

[00101] Berkeley aligner is used for aligning the training bitext with the lexicalized reorderin
model enabled. This is because lexicalized reordering gives better performance than simpl
distance-based reordering.  Specifically, the default lexicalized reordering model (msd
bidirectional-fe) is used. For tuning‘the parameters of Moses, we use the official IWSLTO.
evaluation set where the correct punctuation symbols are present. Evaluations are performed o
the ASR outputs of the IWSLT08 BTEC evaluation dataset, with punctuation symbols inserte
by each punctuation prediction method. The tuning set and evaluatioﬁ set include 7 referenc
translations. Following a common practice in statistical machine translation, we report BLEU-
scores, which were shown to have good correlation with human judgments, with the closes
reference length as the effective reference length. The minimum error rate training (MERT

procedure is used for tuning the model parameters of the translation system.

[00102] Due to the unstable nature of MERT, 10 runs are performed for each translation task
with a different random initialization of parameters in each run, and the BLEU-4 scores average
over 10 runs are reported. The results are shown in Table 5. The best translation performance:
for both> translation directions are achiéved by applying F-CRF as the punctuation predictior
model to the ASR texts.. In addition, we also assess the translation performance when the
manually annotated punctuation symbols are used for translation. The averaged BLEU score:
for the two translation tasks are 31.58 (Chinese to English) and 24.16 (English to Chinese
respectively, which show that our punctuation prediction method gives competitive performance

for spoken language translation.
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Table 5: Translation Performance on Punctuated ASR Outputs Using Moses (Averaged
Percentage Scores of BLEU)

NO DUPLICATION - USE DUPLICATION L _
SINGLE PASS | CASCADED | SINGLEPASS | CASCADED CR'F F-CR
LM Order 3 5 3 5 3 5 . 3 5 -

CN—EN 30.77 | 30.71 | 30.98 | 30.64 | 30.16 | 30.26 | 30.33 | 30.42 | 31.27 | 31.3(
EN->CN 21.21 | 21.00 | 21.16 | 20.76 | 23.03 | 24.04 | 23.61 | 23.34 | 23.44 | 24.1¢

[00103] According to the efnbodiments described above, an exemplary approach fc
predicting punctuation symbols for transcribed conversational speech texts is described. Th
proposed approach is built on top of a dynamic conditional random fields (DCRFs) framework
which performs punctuation prediction together with sentence boundary and sentence typ
prediction on speech utterances. The text processing according to DCRFs may be complete
without reliance on prosodic cues. The exemplary' embodiments outperform the widely use:
conventional approach based on the hidden event language model. The disclosed embodiment
have been shown to be non-language specific and work well on both Chinese and English, an
on both correctly recognized and automatically recognized texts. The disclosed embodiment
also result in better translation accuracy when the punctuated automatically recognized texts ar

used in subseqﬁent translation.

[00104] FIGURE 8 is a flow chart illustrating one embodiment of a méthod for insertin;
punctuation into a sentence. In one embodiment, the method 800 starts at block 802 witl
identifying words of an input utterance. At block 804 the words are placed in a plurality. of firs
nodes.. At block 806 word-layer tags are assigned to each of the first nodes in the plurality o
first nodes based, in part, on neighboring nodes of the plurality of first nodes. According to on
embodiment, sentence-layer tags may also be assigned to each of the first nodes in the plurality
of first nodes. According to another embodiment, sentence-layer tags and/or word-layer tag
may be assigned to the first nodes based, in part, on boundaries of the input utterance. At blocl
808 an output sentence is generated by combining words from the plurality of first nodes witt

punctuation marks selected, in part, on the word-layer tags assigned to each of the first nodes.

Grammar Error Correction
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[00105] There are differences between training on annotated learner text and training 6n not
learner text, namely whether the observed word can be used as a feature or not. When trainin
on non-learner text, the observed word cannot be used as a feature. The word choice of tt
writer is “blanked out” from the text and serves as the correct class. A classifier is trained to e
predict the word given the surrounding context. The confusion set of possible classes is usuall
pre-defined. This selection task formulation is convenient as training examples can be create
“for free” from any text that is assumed to be free of grammatical errors. A more realisti
correction task is defined as follows: given a particular word and its context, propose a
appropriate correction. The proposed correction can be identical to the observed word, i.e., n
correction is necessary. The main difference is that the word choice of the writer can be encode

as part of the features.

[00106]  Article errors are one frequent type of errors made by EFL learners. For articl
errors, the classes are the three articles a, the, and thé zero-article. This covers article insertior
deletion, and substitution errors. During training, each noun phrase (NP) in the training data i
one training example. When training on learner text, the correct class is the article provided b
the human annotator. When training on non-learner text, the correct class is the observed article
The context is encoded via a set of feature functions. During testing, each NP in the test set i
one test example. The correct class is the article provided by the human annotator when testin,

on learner text or the observed article when testing on non-learner text.

[00107] Preposition errors are another frequent type of errors made by EFL learners. Th
approach to preposition errors is similar to articles but typically focuses on prepositio:
substitution errors. In this work, the classes are 36 frequent English prepositions (about, along
among, around, as, at, beSide, besides, between, by, down, during, except, for, from, in, inside
into, of, off, on, onto, outside, over, through, to, toward, towards, under, underneath, until, up
upon, with, within, without). Every prepositional phrase (PP) that is governed by one of the 3
prepositions is one training or test example. PPs governed by other prepositions are ignored i

this embodiment.

[00108] FIGURE 9 illustrates one embodiment of a method 900 for correcting gramma

errors. In one embodiment, the method 900 may include receiving 902 a natural language tex
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23.44 24.11 1001031 According to the enbodi nents described above, an
exenpl ary approach ft predicting punctuation synbols for transcribed
conver satwonal2/spsech texts i s described. Th proposed appr®s&eoniiogoddui [t on
top of a dynam c conditional randomfields (DCRFs) framewort which perforns

punctuation prediction together wt entence boyndary .and .ssentence typ

pr edfng’flf’ otﬁeot ’_(ts B’é’élt ﬁoﬁltpflé&%%e%iamw Cﬁg?'forp’rno(‘fv ﬁgp(éﬁ‘%l"(fi § ‘PB“&D@?FS may
be ceodtprides a\¢ladROfémI £hdt BT Pasés. PTRIE GHéthod 906 -m@“ﬁs@%ﬂﬁﬁea%éhe | g@dﬁent S
outperformthe wi dely use conventional approach "based on the hidden event

| angPEplityned eielectipr tenks drers e cepbs 0if montletraor taxe dhatsisassumerd e beofied anguage

L f . op_ b d_English, th cor.rectl
¢ Doopanfndiid MRS, Whbteir Ror B LRSS fag® DA 3R on iR B S CHB 0 e
al sonemkutrer itextbFutther, theumsthod i900 MmHCicRdY goherdtihd 906y HhkrdRfyest correctio

auto t%gally recogni zed texts ari used in subsequent translation. 100104]
FI Glgg( o acorpypidparner text, yedhereir forpash somertionitaskra classifier psopnses & elas

i ns i i i : t i . t hod 800

ot ar peapRHP Akt R, Adtidratp, BB Hhnhd 980 3pR A hingp VORI
804 ¢dreection dsodsel aspigaa estt iofi tangry weladsificutiod problems ablgsincide the PluBlE ¢

wor d- | ayer .tags ar si.gned to each of the first nodes in the plurality o
fir sﬁell?%ags':a%gé"@g ,tﬁ? ﬁls“ﬁ%!ﬁy ,Ogﬁﬂrrﬁ%q(ﬁ‘hﬁ%‘?s'r ng}“ﬁ Sgbhodisment maayals include wn £ j r st
nodesi( feapsiféd grahin 8 0oRRERASH HRIAEL toS i ‘ si gned
to each of tlhe gl; rst nodes in the plﬁggﬁ?g%I%s?x?{tr%tqgﬁtolgg? ﬁ%@?&?%?ﬁg to
anot passiblendlessesrent , sent ence-| ayer tags and/or word-|ayer tag may be
assigned to the first nodes based, in part, on boundaries of the input

utte . AL 1. 80 t put sentence i s generat onbi ni ng wor ds
fr on(oiﬁ E@pl ?‘r‘:&?’il“?‘gﬂ %)fon%i'e?t’s%tog}r#gﬁg’sgﬁ". a%ﬁ%ne&oﬁﬁgfrﬁ loﬁ‘égég%%foé@f‘"?ﬂ?‘p%n part,
on tdlsssifivation pyodlent agdlines chsgers aredeld tebolvdthelddssificapsobleamar  Error
Correction [00105] There are differences between training on annotated

Ieaa%gr text and training on nor |earner text, nanely whether the observed
wor d08LHIpe Classtiess ae russd oo approxighate \iae runkngwa relasionn betwesnr articles et , t he

obs : ' L£at DI j.ce L. Wifter is
" bl :%E‘Z%lt‘%{s" rg{rarﬁ e %’&e{i? Hégaéngreﬁe\?}gsﬂgdgtl{eﬁg@gigf Fgr(r:%gl{éh%s sﬂeArajac!l%s‘it’fi er
i s tpreposgtbns and thwiechntexts fre representidvasfedtine vaeotoro Xnel jn dTiecsvir@xstionsTdre th
confusion set of possible classes is usual] pre-defined. This selection

t askcldssem¥leaal/i.on i s conveni ent as training exanpl es can be create "for
free" fromany text that is assumed to be free of grammatical errors. A
nore realisti correction task is defined as follows: _given a particul ar

wor dO8KHI; ¢ &n e embodimmspbisaryalingsp clasvifienseofctbe femn ubK, whees wispozeigh

corr i I L ; I. rd, I.e. correction,is
mecoelor R ofiftosed, 1 HhlRs f 2ohferfd T iH BE plRe S pydie o TREBRFEEI 2 can be
encgpuias nethéd dbr filding enisuempirichlORSIO BliniMizatinewith N64ss squidte QE?JI:&EZ%&UE nt

type of errors made by EFL |earners. For articl errors, the classes are the
t hr d@IVER 13 BpiBing sett 96, Yan .t HBe 2oabisata fiad cthe Weightcvestorsthat minimeizénder ti or
del etiqn, .and supstitution errors. During training, each noun phrase (NP)
in tspealilossog thatrainingglaa ¢ r ai ni ng exanpl e. When training on | earner text,
the correct class is the article provided b the human annotator. Wen
training on non-learner text, the correct class is the observed articl( The
context is encoded via a get_of ,feature functions. During testing, each NP
in the test set i one ﬁezs?rge?%[ e cor L,e,ﬁ[(l”zcl ass is the article

provi ded by the human annot at or{sfmn testiH, 'dn'ljearner text or the
observed article when testing on non-learner text. [00107] Preposition

err fre ! L Of: 5 . .
appriaef s B Mifcrh B8 enbefinithy. SRR BBl s R 08 Bnetkp § ocuses
on useqiORtet feghlasidtivni parhreter Rrmey He td N0 hicomiigkto bMeembadifRat. aRCmAfti.
frequent English prepositions (about, alonE anobng, around, as, at, beside,
besicpss clasufigation prehlemywith m glassen gan br sasitas 7 binary classifi¢cationipreblémsiime o, of
of f, on, onto, outside, over, through, to, toward, towards, under,

-

underneath, until, ur upon, wth, vvi3hhi n, without). Every prepositional
phrase (PP) that is governed by oneé-0f the 31 prepositions is one training
or test exanple. PPs governed by other prepositions are ignored ii this

enbodi ment. [00108] FIGURE 9 illustrates one enbodi nent of a nethod 900 for
correcting granuna errors. In one enbodi ment, the nethod 900 may i ncl ude
receiving 902 a natural |anguage tex input, the text input conprising a
granmatical error in which a portion of the input te) conprises a class
froma set of classes. This nethod 900 may al so include generating 904
plurality of selection tasks froma corpus of non-learner text that is
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prepositions and their contexts in |learner text, and their valid
corrections. The articles o prepositions and their contexts are represented
as featurwovert3sese6X E X. The corrections are th cl asse®CY/SE2¢11/00330111] In
one enbodi ment, binary linear classifiers of the formuTX, where uis a

wei gh vecto i s enpl oyed. The outco is.considered +1 if the score is
pOSi ???XS'%BM@&?F‘EE? "ePre—é’é‘BBPQ th&namaﬁ%? thyej Gleps ijithuthe highast sqosal ri sk

m ni '%ﬁgi n wtir L,east square regularization Gven a training set {Xi, Yi,
t he épa |}getjg¢‘:gnjéit he wei ght vector that minimzes till enpirical |oss on
the training data arg mn (1 t L(ur-, 10+ 21142) , Un where L is a loss

f uncgoan2] | iR TeatQr extrdtBh . methBBliafd GiftplefiRnf¥l, FHBE foS alRMUSind Qfide FUNCLi ON
used. The regul arization paraneter k may be to 10-4 according to one
enboprcpesitionsA Rhg miethods sequire| diffeient linguistic preeivberssingt chunkiniga €66 pasing be
cast I n l.assification problems in E one-vs-rest arrangenent. The
predic ‘foowﬁt?{gfﬁ{yrpeag‘éﬁ%ssi fier is the class with the highest score *17" arg
max y Ey (U )0. [00112] Six feature extraction nmethods are inplenented,
t hr ef90ilt3] arBxianiphss ofh teatute esxtrabtig EROGIticie0 Bfors ThiRludet IRglie&Y U8 dbd f er ent
| i ngui st.ic pr?,- progessi ng: chunking, CCG parsimand constituency parsing.

[ 001 18 ExBriRlics -ofhe sysiem doparticle €rmers pess aGGG Iparser o extragial: tidle set ¢

" DeFglhkfet e and E&Rant wlee:n ' - e rtigele grrars uses

o ocantdefic and SEianticHBatutel SncluMilgRarC St oed PR D hifberfih i, Flor e

i ncl andi mgngsbertities. $fanecThe E}@t‘@mtreigs,om%miﬁlbwymta‘cﬁo mmydéig fléa’tdreallﬁﬁ?e

entities. Han -.The,.systemrelies qn shal | ow syntactic an exi ca eatures

der i V&% ‘E]’r‘r'lngere mfﬂ!é’é?g ﬁﬁen%?fdai RIS HR» %RS‘rQﬁf"\tlSv‘ﬁ ethejhpad woud,andBOS fass NP,

t he R ; o oor TR j 0 er.
DRANTNOS R ten? ks BWBnsRlendySfrser. TR %}fﬁﬁé:snﬁlblggé %’?gc'tﬁ%hggﬁrtrv\%{rﬁw%ﬁgfds

The features include POS tags, surroundi ng wor
hy pethahead Werdirantbhyidenymy fon WpNetpl es of feature extraction for

preposition errors include "DeFelice' "TetreaultChunk", and

"Tet t Pagse” . DeFel | - The system for preposition, errors _uses simlar
ri ch[rogiéI lof E y'@glg’fi 8Fa¥1eéﬁl§% nﬁﬂﬂcﬁx? eg u rpé'gp‘gém{g‘heer'éﬁ%t uds, sQF? ?1&162
er r dfTetrehult CHuRk Y Carid 1T etreRultRerie?N, DaF &tk CaTRY Oy st tbP PrefbsitibR RitoYs fisesNO!

used. Tetreaul t Chunk - The system uses chunlcer to extract features froma
t wo-SHBHlar TiFl gelvelanytactictand ssmaptic ifeateres as the sybtony foraiticle emersPds thgrans,

and : . ( .nei | anst.i . reaul.t Parse - Thi

o A o BB, T g DA s o o
consthuhkerroyexaact fiaessdennya wes-serd wisdow @fLA8 |théprepdsi€ibn OinclulimgBRE
feat ure ts, the ob erveaa article or preposition is added as al additi onal
fe atzﬁ’rdepélﬁ RS, Md, thehead swends  fremaypeighboring constituents. TetreaultParse - Thy

system extends TetreaultChunk by adding additional features derived from a constituency and :

dependency parse tree.

[00115] For each of the above feature sets, the observed article or preposition is added as ar

additional feature when training on learner text.

[00116] ~ According to one embodiment, Alternating Structure Optimization (ASO), a multi
task learning algorithm that takes advantage of the common structure of multiple relatec
problems, can be used for grammatical error correction. Assume that there are m binary
classification problems. Each classifier u; is a weight vector of dimension p. Let 6 be ar

orthonormal % x p matrix that captures the common structure of the m weight vectbrs. It i
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[ 00116] According to one enbodi nent, Alternating Structure Optim zation
(ASO, a multi. task learning algorithmthat takes advantage of the conmon
st ruct ur ewof20rul3pispl e rel ate( probl ens, can be used for PgT&GRer100E31 er r or
correcti on Assume that there are mbinar3 classification problens. Each
cIassM S, a i ht vect f dinension p. Let 0 be or ort ono rral

% o s it st st et 5, B o BP0 PR PRI |

i ﬁﬁﬁbﬂﬁﬂz-&hﬂéssﬂﬁﬁtl’bd\ﬁogf&n HRICARS pa?ﬁﬁatq{i‘omg%ﬁ%d s‘ﬁ%@tﬁfré"o par t S one
part that nodels ti particular i-th classification problemand one part
that nodels the common structure u. The parameters [{w' vi }, 0] can be

| earned by joint enpirical rlskdnnq\k,n],_@ii‘;on i.e., b mnimzing the joint
enpirical |oss of the mproblension the trdaining data iltilLkw+ OT v X 11)
211w dr) . 1.1l n i=1 [00117] In ASO the problens used to find 0 do not

haverhe ARRRS 15, Yol 2L be HHBRRE T honC mPRheE Y ARRR T
bet t:?l'imﬁ)nz&%ﬁljeé&]ntéﬁ H’I&m#%ﬁ ePJ‘@B@h kthcli ftai Glo o0l ens and m auxi liary
a ion

probl ens, proxi hat so Bove: Ja"tl on can be obtai ned by
performng the follow ng al gorlthm 1. Learn mllnear classifiers ui

i ndependently. 2. Let b "tLKl,e matrix fornmad fromthe m wei ght
vectors. U U = VIDV2T % B rh @l‘gZLK,aY M”%‘laeconpositi on (SVD) onThe
first | colum vectors™®t"”Vi are stored as rows of O 4. Learn w and vj
for each of the target problens by mnimzing the enpirical risk: 1 n2

_EL( ﬁml 17]Fe-[f{ M@,the\ﬂrnﬂlems used to find 0 do not have to be same as the target problems t

be solved. Instead, auxiliary problems can be automatically created for the sole purpose o

learning a better 6.

[00118] Assuming that there are k target problems and m auxiliary problems, an approximat

solution to the above equation can be obtained by performing the following algorithm:

1. Learn M linear classifiers U; independently.

2. Let U= [ul,uz """ um] be the p x m matrix formed from the m weight vectors.

. - T
3. Perform Singular Value Decomposition (SVD) on U:U=VDV, The first |

column vectors of V are stored as rows of 9.

4. Learn w; and v; for each of the target problems by minimizing the empirical risk:
L3 Jo
;ZIL (wj +®TVjYX,.,Yi +/1||wj” :

5. The weight vector for the j-th target problem is:

_ T
uj—wj+(~) v,
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n 5. The wei ght vector for the j-th target problemis: U. =W. O V.

JJ [00119] Beneficially, the selection task on non-learner text is a

hi ghly i rWworneti3veeauxi | i ai probl em for the correcti on PasisGasiloe@sner
text. For exanple, a classifier that can predict if presence or absence of

t he ition.on.cap be hel pful for correcting wong uses of on i | earner

t oxt OGTO ‘??ne_ﬁﬁ’é“& theselection ?S{S&ﬁ‘f?%m@elf it dha ihaghly ffpumativeeaplia er

US € dpidbRenP FGPO%! dorfecbh task SnWelnef 1671.0'For RRYUAORPAHRIRSiTS K San HPediiG

auxiliary problenms can be create automatica 9 t he power of very large

cor ppresense aroabsencgr ofethet preposition dye cheberhwlpful fdro@teofing wrome usesboflomrent , a
i or each cl ass,

ical . 1 t i t.h |
2 o s ity ¢ Bad 8 RGP Bt B0 15 PRCR b aBREER b ireRinie o

pr obbgehe Swriterr @fpht Ghveingle hh@istakiedi N the HudIRrS RR68lerhs  Qndbk &EakL ur es
except the gbserved won X \' {Xobs }. The weight vectors of the auxiliary

pr obppmatically, thepomer of xerylarge sprpprapfagontlparngiextl agobedéverdgedm which 0 i s

obt ai ned through SVD. Gven 0, the vectors wy and vj ,j =1, . . , k can be
obt ajgegdoi ' AN ed -8/ ' t | feature space
z. [001%]1] Th(%ng can eéﬁst’egréras gﬁ&g%@i&g%‘%&% nttrgsg(nglﬁerml%le ?eﬁilﬁﬁ‘?su&e‘the

auxi Foraegchprlabd, evbimary tanziliasd probleiatia definsd.a Thé festaet spdosraif thé nerilRar ner
textéwgpegT have a slightly different featur space (X \IX obsl). The nethod
is g s 1§ gdedErtigeolihp origmat Bafie spacs gstorallcfeatuens exeensitharpbseredavork 00122]

Eval if N YTety | CS.. fin for..both eri.nents on _.nan-l earner text and
Fear B (8o 0k SR S B AR, BrohiBey B g sBtlpin g in e, afdh

defi ' . . € hCedv-ANS~:.divided by the. tqgtal .nunber of
tost Ao ARl AHERAOND 1ML e BB BT b S s Btple B 585R 1 S her
text,, Flan/Beasbtifed frémYSEshndtat@VRhingl ﬂeﬁﬂu_ﬁ% fhe @omplie flani® gl §. | S def i ne(

as Precision x Recall Fi= 2 x Precision+ Recall where precision is the
nunber of suggested corrections that agree with the human annot ato divi ded

by t 198138 a/This,gae be seenpathpo drstanse of deansten deanyinghas thesausitiary pioblemslat | s

i vi GATOE b RaB 80654 Sftrerl AR Rorh Oter AT Bt e p e BRGRR e RE,
[ 001spate QIS e{x&%.eme ety fs SHRERI 86 LABE apSliddad tany RPasSIBCARST proBlehfiEKk ON

NUCLE test dat e second set of experinents investigates the primry goal
of tGE€.work: to automatical] correct grammatical errors in |earner text.
The test instances were extracted from NUCLE. contrast to the previous

sel ect | task, t.he observe rd_choice of the witer can be differel from
t he @W)ﬂct @P%EO%H&"?%@B%‘:‘E%@@T%@% CYRESIMERLS Pk BPRe AT Hgttandtlpage Two

di f fek€i FRas@klif@sts WmtndnDRarel X NE d0Hal\E Wit R Hinga a6 the ﬁlﬁgﬂxﬁ'@f cbiRcfi 1st
baseline was a classifier trained on thHé G gaword corpus in the sane way E
desdpredietionsndividedsky ¢he tasal nusbereodptest mestances) isiuspd a@s tdvakation dherge.sFo at egy
was eusecmto rralie us. Otf- #he obser%/?gg vvorq during te |¥g The system only
f1 ag@PSHmERNS O IFamertextyF | ymsasiie & vied @S syalpshion metdcs The FI-racaspredg deting or it s
firsds choice and the confidence for the observed word is higher tha a
threshold t. The threshold paraneter t was tuned on the NUCLE devel opnent
data for eac feature set. In the experinents, the value fort was between
0.7 and L2, [00125] The se ng%p(dﬁwlsmaxmaﬁ classifier trained on NUCLE.
The classifier was trained " the gapgsWaY Beafine G gaword nodel , except

t hat the observed word choice of the witer 1 included as a feature. The

correct class during training is the correction provided by the huna
anndvikare precigion ik thshawnbesdofnBiggested gerections tthat dgeeet with the thumsnnauetataloes

not Lt ‘ i siep. l.ndeed.. threshol ding..i.s harnful in this
cas ed.}%%g(} wéﬁ%{roé?lm ng,ept(:a hg}‘?q’%é?dtaﬁ"oé‘é“bﬂ%% g%lg‘enscyft%gbﬁp iT (%gn‘s e BYmBerQyy | y
out rsugested: dogrecticisahateggrédaith dige kaniranhotdlodivided blahé R¥AlGlunitel of kiRl ance,
all instances that contain an error were kept and a random sanple of (q

per GBpetatedihydhe humamamnotatatt do not contain an error was retained. The
under-sanpl e paraneter q was tune( on the NUCLE devel opnent data for each
data set. In the experinents, the value for g wa between 20% and 40%

-33-




[ 00126] The ASO nethod was trained in the follow ng way. Binary auxiliary
problens fo articles or prepositions were created, i.e., there were 3

auxi | i ar ywprotlspssef or articles and 3( auxiliary probl ersTiSGROINEEB3SI t i ONS.
The classifiers for the auxiliary problenms were trained oi the conplete 10

epe P BB S R RR et o Rl ey oS el oL B a1 o5 U
Si ngl]'harse&'(&iduéetdﬁ@(ﬁéﬂﬁieﬁtsoﬁvéﬁ\é@eswé ﬁ?ﬁﬁz{r?rgﬂﬁlj onQth\R/oﬂlé To \Qu%\@alfb cafV |
|

colums of V1 were kept to font 0. The target problens were again nary
cl as§pwet ﬂqf@‘ﬁaﬁb"‘raé lsrrerssinflearmnenaient. alThe tdstinstanpesewersi exitracted ftom NUCKE! il e

trai psd, hoi.ce qf .t he ter.was incl ed as

f eat ur e W?wg&%e?gﬁg I{%%ﬁwel‘%) Served ord & slo{cﬁa(}[%h% Writer %tgeagx:f KW error
wer efmtmldtes aogpédt cam arhleﬂmabbsmar wordVasast svasidblend NohE TR¥ehipRENT
data, The val ue %g IS betwec 20% and 40% No thresholding is applied.
[0015%‘3 if¢scand dhe Q@E@P@é?r%mvt’%’@a@rrectl on task experiments on NUCLE
test data ai shown in Figure 11 and 12. Each sub-plot shows the curves of
thre I HE6E nd

fOTR4E! STIRSH ElifRefad ch%kmﬁéisﬁ'alﬁ&f: fHe: (l‘{%%ﬁntdr Weq@a% 2§l

G gaword,” the baseline classifier trai ne on
cl asdescribed mrthc sdlection t@ikgawperivhent-ok silgide thrishokding btsategyowas tded tamﬁkeMe of

| o A heRESH S RO ifinetElRB Thi syAivn OBkt Hees abacior i e g eé%i‘c@""”gfﬁéq%éﬁ?s
t he Mh@f&rmﬁdé}%ﬂ@f #OFiFEE chdibe aadgﬁwsnﬁ&%é f3r'tRd B&Qr\% wdtd B

I
instances. Finally, the ASO nodels show the best results. In tiﬁl exper| ment s

wher & thrn@wm thﬁbreﬂphhpar@m\r;er gevdsouned e tthe NUGIE dheclGmentaiath fomsati ne,
AS bet t | £ th ts wh
ot ¢ g s P RS hO Mg b el bR Timdd ank “Tetr eaul tParse) ¢

ASO resuI ts in a large i rrproverrent ovc either baseline. Semantic

Col | [99a25]on Therseconddaseliticivos d ARSHRY tlafhedidn NUCDE! MBiiclastifier Wasfu@Bgy Of
collgcation errors aused by d(tghe witer's nativ or fist |anguage (L-1).

ThesBeSIMESVRY 28 theoPigaord raqds),r @geptothak the gbserved regrd chojqepfsthe wiiiter i r ansf e
err n tentially

be. cnrvBEFalis Kuugee, AHs TR I dTRRY Rk & P olirbeetih drblideE 80 ROBER 01 L
Li - tanotaitar  Asrthe bsaryed evoad nepuﬂttofothe rfpatems,s&nst fds] dbésonst Mxelvesxtyor ds

int t d E h | d th
il PR Bo i ey o s S Gy s RO B d 18ie954 « GGG FEImiag, dheusERoeR,  f o
exanghtedo fsttohtain ah 8242 atl}no@t?ﬁmﬁeib@lg '1ﬁ_|‘_§i‘£ﬁces {HAE 46 BhMUA ah dr afgb {l&gf the

NUS Cor pus of Learner Engli’sl he corpus consists o 400
ess a@l!ﬁ 1 anem abjyingtmces) thay e¢15a1nyansﬂrls|m evers kept ani daandong sarmyple ofpipescent o ke

envi ta ollution or health of ,the students are nati v(
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generated whi ch account for about 6@6of all errors in NUCLE. This nmkes
collocation errors the 7t] | argest ass of errors in the corpus after
article errors, redundancies, prepo |t|ons noun nmunbet verb tense, and
mechani cs. Not counting duplicates, there are 2,412 distinct collocation
error, and corrections. Al though there are other error types which are nore
frequent, collocation error: represent a particular challenge as the
possi bl e corrections are not restricted to a closed set o choices and they
are directly related to semantics rather than syntax. The coll ocation
errors wen analyzed and it was found that they can be attributed to the
foll ow ng sources of confusion: [00132] Spelllng An error can be caused by
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phrase table construction are described herein. Although the nethod is used
on Chinese-English -36- translation in this particular enbodi nent, the

nmet hod i swapplywedsse to any | anguage pair whei parall el PCorSEa0ia/ a03a1
avai | abl e. [00136] As the phone dictionary and WrdNet are defined for

aval ¢ el ; ded n T
ol | S 1 G inet g NIRGEE. o S Eed Mo POt RS MO IeE JAB rBded a1 hey
hav e fédiee Yorhe! taip8t ProBltths NPhd irdstin¥ #Hat do HE{ égﬁlgt?.iﬁ‘ &hzelrﬂ)? W&Q%ﬂgér?%ﬁg gym of

the corresponding i-th word in phrase B. Ta ysSis 0 ation
er r oprd thehparametes ovas tuoed opshd NRICIF dovedopsendriata oThe halas dond isipetnae Si X

char gg4,e 4] far.t.he.renmni ni ng phrases. Suspected Error Source Tokens
Typegﬁépe I@r{g @@@“ﬁ@’f“ﬁﬂ%&?ﬁﬁ%‘g 2 2 I

[00127] The learning curves of the correction task expériments on NUCLE test data ai
shown in Figure 11 and 12. Each sub-plot shows the curves of three models as described in tt
last section: ASO trained on NUCLE and Gigaword, the baseline classifier trained on NUCLI
and the baseline classifier trained on Gigaword. For ASO, the x-axis shows the number of targ
problem training instances. We observe that training on annotated learner téxt can significant]
improvev performance. In three experiments, the NUCLE model outperforms the Gigawor
model trained on 10 million instances. Finally, the ASO models show the best results. In th
experiments where the NUCLE models already perform better than the Gigaword baseline, AS(
gives comparable or slightly better results. In those experiments where neither baseline show
good performance (TetreaultChunk, TetreaultParse), ASO results in a large improvement ove

either baseline.
Semantic Collocation Error Correction

[00128] In one embodiment, the frequency of collocation errors caused by the writer’s nativ
or fist language (L-1). These types of errors are referred to as “L1-transfer errors.” L1-transfe
errors are used to estimate how many errors in EFL writing can potentiélly be corrected wit]
information about the writer’s L1- language. For exémple, L1-transfer errors may be a result o
imprecise translations between words in the writers L-1 language ‘and English. In such a
example, a word with multiple meanings in Chinese may not precisely translate to a word in, fo

example, English.

[00129] ' In one embodiment, the analysis is based on the NUS Corpus of Learner Englist
(NUCLE). The corpus consists of about 1,400 essays written by EFL university students on :
wide range of v topics, like environmental pollution or healthcare. Most of the students are native
Chinese speakers. The corpus contains over one million words which are completely annotatec
with error tags and corrections. The annotation is stored in a stand-off fashion. Each error tag

consists of the start and end offset of the annotation, the type of the error, and the appropriate
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gold correction as deemed by the annotator. The annotators were asked to provide a correctio
that would result in a grammatical sentence if the selected word or phrase would be replaced b

the correction.

[00130] In one embodiment, errors which have been marked with the error tag wron
collocation/idiom/preposition are analyzed. All instances which represent simple substitutions ¢
prepositions are automatically filtered out using a fixed list of frequent English prepositions. In
similar way, a small number of article errors which were marked ds collocation errors are filtere
out. Finally, instances where the annotated phrase or the suggested correction is longer than
words are filtered out, as they contain highly context-specific corrections and are unlikely t

generalize well (e.g., “for the simple reasons that these can help them” —“simply to”).

[00131]  After filtering, 2,747 collocation errors and their respective corrections are generated
which account for about 6% of all errors in NUCLE. This makes collocation errors the 7t]
largest class of errors in the corpus after article errors, redundancies, prepositions, noun number
verb tense, aﬁd mechanics. Not counting duplicates, there are 2,412 distinct collocation error;
and corrections. Although there are other error types which are more frequent, collocation error:
represent a particular challenge as the possible corrections are not restricted to a closed set o
choices and they are directly related to semantics rather than syntax. The collocation errors wert

analyzed and it was found that they can be attributed to the following sources of confusion:

[00132] Spelling: An error can be caused by similar orthography if the edit distance betweer

the erroneous phrase and its correction is less than a certain threshold.

[00133] Homophones: An error can be caused by similar pronunciation if the erroneous worc
and its correction have the same pronunciation. A phone dictionary was used to map words tc

their phonetic representations.

[00134] Synonyms: An error can be caused by synonymy if the erroneous word and its
correction are synonyms in WordNet. WordNet 3.0 was used. |

[00135] Ll-transfer: An error can be caused by L1-transfer if the erroneous phrase and its
correction share a common translation in a Chinese-English phrase table. The details of the

phrase table construction are described herein. Although the method is used on Chinese-English
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958 737 Li-transfer w o spelling, honophones, synonyns 906 692 Table 7:
Exanpl es of collocation errors with different sources of confusion. The
correcti owoi2e12813068 i n parenthesis. For Li-transfer, thecsisezed/o@sBnese
translation is also showmn. Tb Li-transfer exanples shown here do not bel ong

to any of . the other categories. W 2012/039686PCT/ SG2011/ 000331 Spel | ing
itor E%“éﬁ]?'ﬂ‘}l?&‘ lé‘rtﬁlsi Ragtiqular; ‘g?l?,‘?dgﬁ?f“taglerﬂﬁ odds appiiahleniosany Japgiage pairwee aged
to i i Rpdrh HARYAALIOL her areas Honmophones diverse spending can aide
(aid) our country insure (ensure) the safety of civilians

[00136] As the phbne dictionary and WordNet are defined for individual words, the matchin
process is extended to phrases in the following way: two phrases A and B are deeme
“homophones/synonyms if they have the same length and the i-th word in phrase A is

homophone/synonym of the corresponding i-th word in phrase B.

Table 6: Analysis of collocation errors. The threshold for spelling errors is one for phrase

of up to six characters and two for the remaining phrases.

Suspected Error Source Tokens Types

Spelling | 154 - 131
Homophones : | 2 2

Synonyms 74 .60
L1-transfer 1016 782
L1-transfer w/o spelling 954 727
L1-transfer w/o homophones V' 1015 781
L1-transfer w/o synonyms 958 737
L1-transfer w/o spelling, homophones, synonyms 906 692

Table 7: Examples of collocation errors with different sources of confusion. The correctior
is shown in parenthesis. For L1-transfer, the shared Chinese translation is also shown. Th

L1-transfer examples shown here do not belong to any of the other categories.
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Synonyns rapid i ncrenent (increase) of the seniors energy that we can apply
(use) in the future Li-transfer and give (provide, eT) reasonable fares to
t he publ iwoantk/sesseerns (attention, X5) that the nati onPpuiSGaoitoeadnol ogy
and engineering The results of the analysis are shown in Table 6 Tokens
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er r pr—can_be part gfoudsstdos the agedhio tmprevise Ymprone) otherareas the table do not
sum tomephomes ¢ ot al| diveriseipending eaeide (@Rbounpobatry of errors that can be
trated to L 1 -transksre (pnswre) thesafetpuobevidiand | ot her categories. The table
al spSyhawyms he nunbedpid inceerhémiqhicrate )t Senidiat can be traced to

Li -{ransfer but not ch&gydhidiave @ﬁwpp@quseg%ﬂfe@uhggati on errors wth 692
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not |to spelling, honophones, or’synonyms. labl€ 7 shows sone exanpl es of
col location errors 1a8¢cmrmc{&ft@gmny?%’?ikbthabﬁwr@t;mpggt.ommmlmea@ so

col location error tepgnedrif cannot be traced to any of the above sources.
[00137] A method 1300 for correcting collocation errors 1n EFC witing is
di scl osed. On enbodi nent of such a method 1300 includes automatically
iden;trhfyi ng 1302 one .or nor translation candidates in response to anal ysis
of alBgFssuis ofthe analysivareshowyn inEable 4t Tekang teferte rupnipg strenenus ghrised ce.

Addi £4 008 : gpﬁg ' r.1m.ni 04, wusing th

pr ocg(ssm nghggl\ﬁ @gluﬁgi e %lé%gp%@&%gﬁg%q@dgﬁﬁéfg ﬁﬂ%‘;rhg’ ‘ é? K TCBHe%té(ﬁ’oﬁ it e.
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response to th feature associated wth each translation can ate and t he
set bd traged toL1tmanefenbirigint theadtherssourde 09@Bollonatiomeersnrb oithr69atdistinee net hod i s

oor et B 1S B bR B GTR Goty i 1 e o BRY AR . Spvi ke hmophagige, or
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cor pesPess Thesejarealsocelloeption srror bipesithaticanng Botraved 30 686 ALINE SERGIDIARE33 1
230, 000 Chi nese sentences (8.5 million.words) fromnews articles, each with

[ Engi i, | | i hal f .of : S, . i zed
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Pr obabieli iih ¥ daRO¥Srage 88Vt Thd MedBRABH0 &gﬁt%@ggpplgée Ealtﬁlﬁti}(gﬁﬁs, Astagkept .

[00139] In another enbodi nent, the net ation correctionmay be
i mpl praegssing devigefa sqoevborieacth of Hreasre- drament tsdnatation icamdidates in respdrsans kiat i on

(SMM).., Phrase-based SNT tries t1 f.ind t hi ghest scoring. transl ation e
G velbeat? IRl B sabLirpisiofin Gatile A BieeRatons Gt mie AF e SaRkgheot
scoring translation is guided by a |og-linear nodel which scores '
trangdE3s]ol Le aféliedhidbainens, the nieth&d isObast@dhUl Riddub&d pashrating L.1-indued?

paraphrasing with parallel corpora is used to automatically find collocation candidates from :

K.

(S =0

sentence-aligned L1-English parallel corpus. As most of the essays in the corpus are written by

native Chinese speakers, the FBIS Chinese-English corpus is used, which consists of abou
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score(el f) = ex[ E .17h, (e, f)) . [00140] Typical features include a
phrase translation probability p(elf), an inverse phras( translation
probabi | iwQ 2p(fa3e98s a | anguage nodel score p(e), and a eomsGantl/opdssase
penalty. Th( optim zation of the feature weights .17, i =1, ,n can be done

t e ter ainini devel t _set of input
sent 230000 SRR s8itendh I ocmitPa arold ik Rews saigioer 8ol Hith ol BAF ¢ he
phr asenfiased A Edgepdeis MIBESolphs MdidkefGed Gnd Ib%{]éé'%{geﬁ.o'rw EHASRL half

corrections with features derived fromspelling phones, synonymns, and
LI i Heueenupay spgmented using\®@ AGXINUBIGBOPE HeS@R0tL. (Nb3auch1the] teSged | i ng:

For E i r th hr ase. t abl ontai.ns entrige nsi sting of ti
vor e pely it e A6 Bing B B RE Eptidhe” EnelTiof Ctae La-Hkdin « ne
or i gpheabkesnof @ip foathred Morla ared eRattéd foni €RE WiBndd tektO using Q4] edipfEpphones:
For ‘ﬁach English word, the phrase table contarns entries consisting ( the

wor dPEYIEsHCs paaphrags prababifity @f anringlishmbesse adogiverhendinglisle plistsereai ned
Usi Ngefileq@d VPl Us dictionary. Each entry has a constant feature of 1.0.

[ 00144 gynonyrrs: For each English word, the phrase table contains entries
consisting of th word itself and each of its synonyns in WrdNet. If a word
has nore than one sense, al Ip(e'e2$e§@e(el_p¢)ﬁ(ﬂgzr)si dered. Each entry has a
constant feature of 1.0. [00145] LiFparaphrasés: For each English phrase,
the phrase table contains entrie consisting of the phrase and each of its
Li -derived paraphrases. Each entry has two real -value features: a

par a{g’gr ase probability and an inverse paraphrase probability. [00146]
Basel'fiffe:/ denetes i tqrcien phypsesinghe L1 language, €The phyaserftansiation probabitities peegipy ns  ar

nbj, ned; : nbined ph t abl e tains th bj t
or WREphric o P 0 5 e scfiralith Rod Ripoofrd aame Ggad-Tame. -
phr agitodthidige FirldlI§dip Pataphihses WHR R BRIMASIlity YBRDA Gortafitireshold (RRIFHODRTE are

conbi ned, where the conmbi ned phrase table contains five features: Bpﬁr ee
bi nathg wask) are&ept o spel | i ng, honophones, and synonyms, and two real - val ued
features for the L 1 -paraphras? probability and inverse Li-paraphrase

pr obgyai ket V. ‘ ’ i t.]onal h.phrase tabl.e contai.ns.the standard
cons@glrll%élph rlg[ggg%élﬁ%ﬁ‘%tggtf g%e&l%(e)gg ? eeljoc @?ﬂ CQTIETIaR My Re IB?PA‘?IH?IHC‘E L
col | thedtameworlanfiphtasebastd statistitialindetehe waiislistion! (SM'F). |Mirisetasdd$Madasigsigr to

construct corrections for |onger phrases during the decoding process if
necelahithe highew 1seoting tapslation exgiven aerinputnsentenee fi edTine tdedodirtige ptoctdreo

nmet i ol l ocat.ion err.oi ,coryection. e a set used. for the
expre]f?riﬁﬁrr% iheREREY sSorfil s tio s gﬂldﬁ‘i\%laolﬁﬁémea’s@f’gglwg% SeQft GABIRIGNd.
t estcandidates uSing aserndffosae fuh@ibnse=qorpys. Each sentence contai ned exactly
one col location error. The sanpling was perfornmed in a way that sentences

fromthe same
score(elf)=exp(z /Lhi(e,f)J .
i=1

[00140] Typical features include a phrase translation probability p(e|f), an inverse phras:
translation probability p(fle), a language model score p(e), and a constant phrase penalty. The
optimization of the feature weights 4,,i=1,...,n can be done using minimum error rate training

(MERT) on a development set of input sentences and the reference translations.

[00141] The phrase table of the phrase-based SMT decoder MOSES is modified to include
collocation corrections with features derived from spelling, homophones, synonyms, and L1-

induced paraphrases.
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WO 2012/ 039686PCT/ SG2011/ 000331 docunent cannot end up in both the

devel opment and the test set. In order to keep conditions realistic as
possi bl e,wohe1msds6set was not filtered in any way. [O00PE0|SGEvialonessl on
metrics were also defined for the experinents to evaluation the collocatic

t ti. d n e Iuatlon wer e conduct ed. The
e n10G90] = Cobeling: Wor akR BhSh BoF o e fable mmmpms consiingsph ¥ hnet i c
mean wokd ithelf mﬂi\/@bﬁ ord tHas 1sQ{rltﬁ1h afdef'tﬁﬁl e@ﬁrd'lﬁﬁﬂceaﬁ‘lﬁ#i"ﬁ{ il s t}?'ac}l Q‘ﬁP system
MVRR=11E" =1 rank(i) where Nis the size of thetest set

syst@ﬁﬁﬂ?ﬁ“ﬁ@fﬁﬁaﬂﬁpﬁlg correct answer for a test instanc( 1 is set to
zero. [00151] In the hunmen evaluation, precision at rank k, k =1, 2, 3,

cal uI ated as fol | ows:

vis, DS onMbphoRat FECOSRINASPET Bl LB o Sl
r eal theaworlditsathanch eadhuof: theowotdes homOpHsHes. &ﬂé’m@jtilﬁ)neﬁ Q]géléé’tlznﬁl I Ol?g(% rl‘lglrt]l et; Cors

t tomatic cqrrection of co
gg: | @8&%'20%%%{3%?%?‘%%33’?%?&%%f%aF@E@f110) i dentification of wong
collocations in the input, and ii correction of the identified
col | U4 Synlohy HBSFGSSUTESehillakold BRSNS BRI R AR ARl H5RY
been identified. [00153] ghe experi ments Re Start an
t he Werd seelf paghe errltSpSWand i yWotdNeuffin veord dtastnaore whan o serise, dlbgnt i fy

t he t lon error nslatlon of the rest of the
sentgee(rpllg%d\fggo |‘§<etééie %C:h ﬁ’?’%&%?ﬁ?@ﬁt%ﬁ?agggoﬁé ‘e entries where the phrase
and the candi date correction are identical were renoved, which practically

f or c00145je Slylspmph@awbﬁrfgﬂ bdvh IBHRGEH f piekseDNihas Bhradd QableS tOthin@Nehthigl t of
t he decoder igt to_zero to achieve nonotone
consisting o ase and each of its L1-derived paraphrases. Each entry has two real-value

features: a paraphrase probability and an inverse paraphrase probability.

[00146] Baseline: The phrase tables built for spelling, homophones, and synonyms ar
combined, where the combined phrase table contains three binary features for spelling

homophones, and synonyms, respectively.

[00147]  All: The phrase tables from spelling, homophones, synonyms, and L1- paraphrase
are combined, where the combined phrase table contains five features: three binary features fo
spelhng, homophones, and synonyms, and two real-valued features for the L1-paraphras
probability and inverse L1 -paraphrase probability.

[00148]  Additionally, each phrase table contains the standard constant phrase penalty feature
The first four tables only contain collocation candidates for individual words. It is left to the

decoder to construct corrections for longer phrases during the decoding process if necessary.

[00149] A set of experiments was carried out to test the methods of semantic collocation error
correction. The data set used for the experiments was a randomly sampled development set o}
770 sentences and a test set of 856 sentences from the corpus. Each sentence contained exactly

one collocation error. The sampling was performed in a way that sentences from the same
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decodi ng. For the | anguage nodel, a 5-gram | anguage nodel trained on the
English G gawor corpus with nodified Kneser-Ney snoothi ng was used. All
experi merwe 200839¢8he sane | anguag nodel to allow a fair PCOSEa011900831 [ 00154]
MERT training with the popular BLEU netric was performed on the devel opnent

sl of, erroneous, sent ences d.their corrections. As the search space was
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The performance of ‘the proposed nethod was eval uated on the test set of 85
sent Elmzléﬁl, caxalnafion metries were|alsoadefined for thy expernentsrto avaloaticni the aolioatibunan
eval | cqnd . t tj.c eval uati on e systenjs..

per f g‘? Er’r%ﬁdggéeﬁmg% (r%ﬂelaés{g{r)@gn%é&c%qﬁpﬁm%ﬁnegfqﬁlgh?%Wfreo?oq 8t680lt1§‘e SVagalGi ded
by t hetriwisaneannecipsical rank (MRR whithtis kieSirithinetid eheai TEeHe inVBrss irdiksf ik he

n- begst |ist was Iim'teg to the top 100 outputs. |If the gold answer was not
f ounH™St FOHFFt ABTIVeL & byithe sYstean r ank was considered to be infinity, or in
ot her words, the inverse of the ran is zero. The nunber of test instances
for which the gold answer was rankeq anong the top answers, k =1, 2, 3,
10, 100 was reported. The resWMRR 0f- D omati c eval uation are shown i
Table 8. Table 8: Results of automatM & idation. Columms two to six show
t he nunber of gold answers that are ranked within the top k answers. The

pet  Seke TR QYR ot 1R 1R FTRL Bl 5ol et el iovtdig 36
41

M 18 set to zero.

[00151] In the human evaluation, precision at rank k, k = 1, 2, 3, was a'dvditi'onally reportec

where the precision is calculated as follows:

Z aed score(a)

14

P@k=

where A is the set of returned answers of rank k or less and score(’) is a real-valued scorin;

function between zero and one.

[00152] In the collocation error experiments, automatic correction of collocation errors cat
conceptually be divided into two steps: i) identification of wrong collocations in the input, and ii
correction of the identified collocations. It was assumed that the erroneous collocation hac

already been identified.

[00153] In the experiments, the start and end offset of the collocation error provided by the
human annotator was used to identify the location of the collocation error. The translation of the
rest of the sentence was fixed to its identity. Phrase table entries where the phrase and the
candidate correction are identical were removed, which practically forced the system to change

the identified phrase. The distortion limit of the decoder was set to zero to achieve monotone
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decoding. For the language model, a 5-gram language model trained on the English Gigawox
corpus with modified Kneser-Ney smoothing was used. All experiments used the same languag

model to allow a fair comparison.

[00154] MERT training with the popular BLEU metric was performed on the development s
of erroneous sentences and their corrections. As the search space was restricted to changing.
single phrase per sentence, training converges relatively quickly after two or three iteration:

After convergence, the model can be used to automatically correct new collocation errors.

[00155] The performance of the proposed method was evaluated on the test | set of 85
sentences, each with one collocation error. Both an automatic and a human evaluation wer
conducted. In the automatic evaluation, the system’s performance was measured by computin
the rank of the gold answer provided by the human annotator in the n-best list of the system. Th
size of the n-best list was limited to the top 100 outputs. If the gold answer was not found in th
top 100 outputs, the rank was considered to be infinity, or in other words, the inverse of the ran
is zero. The number of test instances for which the gold answer was ranked among the top
answers, k=1, 2, 3, 10, 100 was reported. The results of the automatic evaluation are shown i
Table 8.

Table 8: Results of automatic evaluation. Columns two to six show the number of gold
answers that are ranked within the top X answers. The last column shows the mean

reciprocal rank in percentage. Bigger values are better.

Model Rank=1 |Rank<2 |Rank<3 |Rank<10 |Rank<100 | MRR
Spell.ing. 35 41 42 44 ‘ 44 4.51
Homophones 1 1 1 1 1 0.11
Synonyms 32 47 ' 52 60 61 498
Baseline 49 68 80 93 96 7.61
L1-paraphrases 93 | 133 . 154 216 243 15.43
All |12 150 166 216 241 17.21

Table 9: Inter-annotator agreement P(E) = 0.5
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61 4.98 Baseline 49 68 80 93 96 7.61 Li-paraphrases 93 133 154 216 243
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P(A) 0.8076
Kappa 0.6152

[00156] For collocation errors, there is usually more than one possible correct answe
Therefore, automatic evaluation underestimates the actual performance of the system by} onl
considering the single gold answer as correct and all other answers as wrong. A huma
evaluation for the systems BASELINE and ALL was carried out. Two English speakers wer
recruited to judge a subset of 500 test sentences. For each sentence, a judge was shown th
original sentence and the 3-best candidates of each of the two systems. The human evaluatio
was restricted to the 3- best candidates, as the answers at a rank larger than three will not be ver
useful in a practical application. The candidates were displayed together in alphabetical orde
without any information about their rank or which system produced them or the gold answer b
the annotator. The difference between the candidates and the original sentence was highlighté(
The judges were asked to make a binary judgment for each of the candidates on whether th
proposed candidate was a valid correction of the original or not. Valid corrections wer
represented with a score of 1.0 and invalid corrections with a score of 0.0. Inter-annotatc
agreement was reported in Table 8 The chance of agreement P(4) is the percentage of times the
the annotators agree, and P(E) is the expected agreement by chance, which is 0.5 in our case

The Kappa coefficient is defined as

P(A)-P(E)

K =
P =T B(E)

[00157] A Kappa coefficient of 0.6152 was obtained from the experiment, where a Kapp.
coefficient between 0.6 and 0.8 is considered as showing substantial agreement. To comput
precision at rank k, the judgments was averaged. Thus, a system can receive a score of 0.0 (bot]
judgments negative), 0.5 (judges disagree), or 1.0 (both judgments poéitive) for each returne

answer.

[00158] All of the methods disclosed and claimed herein can be made and executed withou
undue experimentation in light of the present disclosure. While the apparatus and methods o
this invention have been described in terms of preferred embodiments, it will be apparent tc

those of skill in the art that variations may be applied to the methods and in the steps or in th
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Al 112 150 166 216 241 17.21 Table 9: Inter-annotator agreenent P(E) =
0.5 P(A) 0.8076 Kappa 0.6152 [00156] For collocation errors, there is
usual | y meoeotdmsmesene possi bl e correct answe Ther ef or e, PaNISGREIL11000331

eval uati on underesti mates the actual perfornance of the system by on]

| oth
or ongeThdef RS2 1%l S Bein SElHoRESeriine Ramabe SOREPRAPIT A out
Two Edmielcffhhé pRRKeSS WPaddited, Whddflcdtions EHYCEAmaID &P the Uischoded b§ éraﬁﬁ f&%ences

For each sentence, a judge was_shown du ofiginal sentence and he 3- best
candFemperentsy may die Qlfrnmn@dtwuwyu@dsfor ﬂmecmnmna/é@sgab«bhmm whetertt ct ed

to t S nsy\r s ran e han,.t.hree w | |
not Ee €eorrb531§el?ﬁfégmt§j%}0%?%c??l ctng §§p| }IQ@a e Slm'Ilf’ire Si'ét?fﬁ%‘t%a ‘i ﬁcq}}ogm ayed
t ogetpysaterit o dhgsb akidled (imtheOdrd revdeeived tto bB}Wltlﬂlfl e FPiti1) BeaPROhind t sk or
which s ste rod&g ﬂg}hen1or t he gold answer b the annotator.

di f f HIVERE Y the rpededdamsand t he origi nal sentence was hlghllghtec
The judges were asked to make a binary judgnment for each of the candi dates
on whether th proposed candidate was a valid correction of the original or
not. Valid corrections wer represented with a score of 1.0 and invalid
corrections with a score of 0.0. Inter-atnotata agreement was .reported in
Tabl e 8 The chance of agreenment P(A) is the percentage of times du the
annotators agree, and P(L) is the expected agreenent by chance, which is
0.5 in our cam The Kappa coefficient is defined as Kappa = P(A)- P(E)

[ 00157] A Kappa coefficient of 0.6152 was obtained fromthe experinent,
where a Kapp coefficient between 0.6 and 0.8 is considered as show ng
substantial agreement. To conput, precision at rank k, the judgnents was
averaged. Thus, a systemcan receive a score of 0.0 (botl j udgnent s
negative), 0.5 (judges disagree), or 1.0 (both judgnents positive) for each
returned answer. [00158] Al of the nmethods disclosed and cl ai ned herein
can be made and executed w thou
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undue experinmentation in light of the present disclosure. Wile the
apparatus and nethods o this invention have been described in terns of
preferredvenbodizpmats, it will be apparent tc those of ®KirlSG201/006831 ar t
that variations may be applied to the methods and in the steps or in till -

43 - s of the nmethod described herein w thout departing
fromWﬁéqgﬁl@Zﬁci,hébﬁSFt at scope of the.invention. In addition,

nodi fications may be nade to the di scl osed apparatus at conponents may be
el i mipat edndppatasst corbprising.or t he conponents descri bed herein where ti sanme
or simlar results would be achieved. Al such simlar substitutes and

nodi fi cat Bbleastong Bipcesser apdacmempry device coupdeditq ther at lgasirang processonit hi n

the spirit, sc ‘ s j.on as defined by the appended
clainms. WHAT %?aﬁP%%gﬁgki&gﬁ%}gp%éﬁgyﬁg conprising: at |east one
processor and to identifyyweldy ofan mpuphtestarice; t he at | east one processor, i

whi ch the at |east one prgc_essor Is configured: to identify words of an

i nput ut t er anc & Plage the xyar %‘I‘i‘é‘%‘ialﬁséy‘? r5t dgs storedyindlhe memery dryires storedfi n
h devite: . . ] ‘ L .
the menory deviegssignh %ﬁi—ﬁ?exatﬁé?% ﬁ%éh%ﬁfle h%gaé{st? 8? %Fﬁ ngfi?st gh%ﬁ(?, i rpg#tl %y 0

first nodes based, 1n part, o oring e pluralrty I rst
nodes; and to gener atighberingnades oSthaplurglitylof ficsimbides; and wor ds from t he

lurality of fir. nodes w th punctuation rks selected, in rt, op the
\a/or d-1ayer tag °a§§?eé%8dmt ?)utB'étcff?ng‘?“C? & ‘fqn?“tg?mﬁo‘ﬁ%@.s om %Ql‘ggﬁé{r%ft' d of
claim1, in which tRedesowsth rSRalihd niakbelb@aE in e, Yh MRNForddRyE:aper i 0d,

question mark, and exclamation mark.
: assigned to each of the first nodes.

2. The apparatus of claim 1, in which the word-layer tag is at least one of none, comm:

period, question mark, and exclamation mark.

3. The apparatus of claim 1, in which the plurality of first nodes is a first-order linear chai

of conditional random fields.

4, The apparatus of claim 1, in which each of the word-layer tags is placed in a node of
plurality of second nodes stored in the memory device, each of the second nodes coupled to ¢

least one of the first nodes.

5. The apparatus of claim 1, in which the at least one processor is further configured t
assign a sentence-layer tag to each of the nodes in the plurality of first nodes based, in part, o1
boundaries of the input utterance, in which punctuation marks selected for the output sentenc

are selected, in part, on the sentence-layer tag.

6. The apparatus of claim 5, in which the sentence-layer tag is at least one of a declaratio
beginning, declaration inner, question beginning, question inner, exclamation beginning, anc

exclamation inner.
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3. The apparatus of claim1, in which the plurality of first nodes is a
first-order linear chai of conditional randomfields. 4. The apparatus of
claim1, wo2wtvwmsheseach of the word-1ayer tags is placedPCl/S&20m0060331
plurality of second nodes stored in the nmenory device, each of the second

10k i hE erpetats pE@Eim 810 Which Melrly PEARR apdcsngd M BB obsePln o

sent ﬁdsue@cbﬁmﬁ&e & 8ol dyeP ffetori sthiture @ @§ndniictcBRdiBbidl Fhddown RE1E r st nodes
based, in part, oi boundaries of the input utterance, In which punctuation

mar ks sel ected for .the output senteno are selected, in part, on the
sent gnce- hayiput@Progrim proGuckRIBapRisig: of ¢l aim 5, i n which the

sentence-l ayer tag I's at | east one of a declaratioi beginning, declaration
i nner, quesempwtetesadable mpdivpesmpusingnner, excl amati on begi nning, an(

excl amati on |nne (X\O 012/ 3 686PCT/ 5G2011/ 000331 7. The apparatus of
claim5, in WnF% - tpidengly, Words;qf agangyt pEETaRERies and the plurality of secon

nodes conpr i sec@dettwdcen%wm@ti@a pairams:rowfﬁw rn%d@sfst&wﬁmh% rﬁ&m'ytde%él
random fields. 8 A conputer program product,. conprising

conput er - r eadapde We@rsngm acvept-layentpg t@cﬁ?éhtotﬁ th‘tiehlmlfty qﬁxﬁretansfes dasadpput

utterance; code to v ‘ f fi odes stored in
the nmenory devi ce; @ode%t&e?%g\éﬁggggaév%& él?fi% ah“’f %ﬁ) Bmd’a?&”r?“gf the plurality

of first nodescdiexe@endra@eantoutyun sémexﬁi&b:@'rdoﬂﬂ)uﬁﬁg%rd%ffrérﬁ% IuF ity Wﬁ@f
first nodes; and code to generate_an output sentence by I ni ng word
fromthe plurality Bedesiy d’b‘é%t“%“tqﬁH}ﬁ'ﬂ?ﬁc%‘ﬂ%ﬁt%ﬂnm@ns@PéwfédaYWrﬁagart

on the word-| ayer tgﬁlﬁéék&%ﬂotf‘ﬂweﬁ‘ﬁpnéﬁes.t he first nodes.

9. The computer program product of claim 8, in which the word-layer tag is at least one o

none, comma, period, question mark, and exclamation mark.

10.  The computer program product of claim 8, in which the plurality of first nodes is a first

order linear chain of conditional random fields.

11.  The computer program product of claim 8, in which each of the word-layer tags is place:
in a node of a plurality of second nodes stored in the memory device, each of the second node

coupled to one of the first nodes.

12.  The computer program product of claim 8, in which the medium further comprises cod:
to assign a sentence-layer tag to each of the nodes in the first plurality of nodes based, in part, o1
boundaries of the input utterance, in which the code to generate the output sentence select:

punctuation marks for the output sentence based, in part, on the sentence-layer tag.

13.  The cdmputer program product of claim 12, in which the sentence-layer tag is at least onc
of a declaration beginning, declaration inner, question beginning, question inner, exclamation

beginning, and exclamation inner.
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9. The conputer program product of claim8, in which the word-layer tag is
at | east one none, comma, period, question mark, and exclamation mark. 10.
The conpuwenoprmegssam product of claim 8, in which the plrarsiG2on/000331i r st
nodes is a first order linear chain of conditional randomfields. 11. The
conpwéer rogéﬁﬁk%roduct.of claim8, in which each of the word-1|ayer tags

i s ptéacel HRIBSHIREINE plurality of second nodes stored in the nenory
devi ce, eafehtififing Wor3VFAN tht@dReraidp! ed to one of the first nodes. 12. The
conput er program product of claim@8, in which the nediumfurther conprises
coi |l to apkcms the werdsdme@luraljtyrofifisgg nodessach of the nodes in the first

I it f nod b d, . i t t L f t i t t ' ,
Wi ch t no BUERE § vgRRESR elnBaghon e SRty De b pERherds T ke for
the out put Senirﬁ;ﬁ&iﬁoﬁ%&%boﬁ%ﬂ&fe&ofﬂi&_ﬁlﬁk@li@ﬁ‘d}tfﬁ%&@%ﬁﬂ tag. = 13. The

conput er program product of claim 12, in whi'ch the sentence-layer tag is at
| east on BNEEAUMEANURPYSANISEe binForgbiningcverdatframm thepluralityjaffitst onddsewit nni ng,

guestion inner ] LnAj exclanmatjon inner,.

2012/ 039686PCTP'§%%%‘58%&£&?%’] %B%tétq%lgg? VOOt "ryue’é'*aﬁﬁ assighetlto FS’/\A‘ign‘gf Bor ds
of an input utfiestaodss;, placing the words in a plurality of first nodes;
assigning a word-layer tag to each of the first nodes in the plurality of
first nodes based in part, on neighboring nodes of the plurality of first
nodess. anThe emethicil bNglaih 1A inhieteit S Moed1dPér eI 4t 188kt WA F AdrRIMebhif:
plurality of first nodes wit punctuation nmarks selected, in part, on the
wor dP¥ Augstiga megkjagd e¥clamationemagt ti first nodes. 15. The nmethod of
claim 14, wherein the word-layer tag is at |east one of none, conm period,
question nmark, and exclamation mark. 16. The nethod of claim 14, wherein
t he H-ur alhe pedpdiof clpimddgwherein the plurality of fisst noidescisa fubtadrderclineanchain onal
rand ' ‘ he met hod of cl aim 14, wherein each of the word-|ayer
tagsagghg?%ggﬁd?ﬁ%gkﬁbde of second plurality of nodes, each of the second
nodes coupled to at | east one of the first nodes. 18. The method of claim

14, ‘th i sd i gpi - | t t h of th nod
b o Ehe AR ARrE3 % SRR Sl T B ST A dainiaset a schodeitd | mput
ut t eseaoridplutality\bf Kddeb,wach vfthe QEcolmbdeS@IuPldad af Rhstlong oPHelitht R ence are
selected, in part, on the sentence-|aye tag.

18.  The method of claim 14, further comprising assigning a sentence-layer tag to each of th
nodes in the plurality of first nodes based, in part, on boundaries of the input utterance, in whicl
punctuation marks selected for the output sentence are selected, in part, on the sentence-laye

tag.

19.  The method of claim 18, in which the sentence tag is at least one of a declaratios
beginning, declaration inner, question beginning, question inner, exclamation beginning, an

exclamation inner.

20.  The method of claim 18, in which the plurality of first nodes and the plurality of seconc

nodes comprise a two-layer factorial structure of dynamic conditional random fields.

21. A method for correcting grammatical errors, the method comprising:

receiving a natural language text input, the text input comprising a grammatical error i
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19. The method of claim 18, in which the sentence tag is at | east one of a
decl arati ot begi nning, declaration inner, question beginning, question

i nner, exybamt3esse6begi nni ng, and excl amation i nner. 2@CTHiG0IM®0033d Of
claim18, in which the plurality of first nodes and the plurality of secon(
nodes conprise_a.two-layer factorial structure of. dynam ondi ti onal
random fi el ds. “%iCh W?@%ﬂ%&led?plgéwgﬁlpﬂﬁes&cjmq APt CBEES: ¢ he et hod
conpri si Ngener@fm a/pmlm{ BfdMchon tARS FrREEa torplus bP RGN -leatRdP tdx@Xiat i Ndhme
conprising a grammatical error it which a portion of the input text
conprises a cl #&beifiegmfgrammatieal erss ovhergjarfor aadhnselestiph taskl 4 chassifier ¢

sel ection task f -l earner text that is assunme to be free
of grammati cal f’ree];dgcg%?ia\%?ﬁeﬁgi% 51rgg're]%acrﬁerst8’ﬁemi on task a classifier n

predi cts gemdratirty apkachlity of berrévtion taks T b stpus HENGHREritoL, Vheded Ririday Of
correction tasks froma, corpus, of |earner text, wherein for eac correction
task a cl assi f Peeqsion fskacclassifier groposes qlassuned indhe leamer tsxt;; trai ning a

Or e, RABER b PardACtodelidd AoRF sl PAYLfLI ISR BRI S0! BI° 1

i nclude t selection tasks an ura ttion

t asks; and usi ngludeghd plarabitylofisedortian tasks aetthie pluralitgtelf coveqioadasks; adcl ass
for the text i,nput. fromth set of possible c]asses.  22. The nethod of
clai m21, UV'E§ }Wgﬁmﬁmq{d’ogﬁ‘fm ?’Pﬁi"d tg pesshigfeaselpssifor hedputigputilkemdh as of
the text input sgtgfg,ggimégggsgg.ed class if the predicted class is different
than the class in the to input. 23. The nethod of claim 21, wherein the

| earner text is annotated by a teacher with a assuned correct class. 24.
The st ho i : ' | LS LGk j,at ith a
nount ghr aghe et 5% com *AEhET Spforin > SubRell aMuhélifn 35 SRS E ok
conpef the riextanput de thepredietzt lass ffuthe pradicted clas isalifférantsthin éte dlassrin iosirey
phrases, in the non-learner text and the |earner text. 26. The nethod of
cl ai mpﬂ'l, wherein the class is a preposition associated with a prepositiona
phrase in the input text. 27. The nmethod of claim26, further conprising

extracting feature functions for. the classifier: fromprepositional phrases
in tfre nohty Sthad 0{ éli)‘fmaﬁd Whezeindhe Jearnerotext is annotated by & teacher with &

assumed correct class.

24, The method of claim 21, wherein the class is an article associated with a noun phrase i

the input text.

25.  The method of claim 24, further comprising extracting feature functions for the classifier

from noun phrases in the non-learner text and the learner text.

26.  The method of claim 21, wherein the class is a preposition associated with a prepositiona

phrase in the input text.

27.  The method of claim 26, further comprising extracting feature functions for the classifier:

from prepositional phrases in the non-learner text and the learner text.

28. The method of claim 21, wherein the non-learner text and the learner text have a differen

feature space, the feature space of the learner text including the word used by a writer.
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28. The nethod of claim 21, wherein the non-learner text and the |earner
text have a differen feature space, the feature space of the | earner text

i ncl udi ngwohe1vseedoused by a witer. WD 2012/ 039686PCTPEERGRAVINOGB3BL 29.
The net hod of claim 21, wherein training the grammar correction nodel

co I se Junimzi a loss fupctjon on the training data. 30. The nethod
of g %i m e Hbﬂﬁl&dggﬁ claim; fﬂ’n ﬂ?rﬁ@ griainen fhec giapupar emirastion medel tqempeistpr i ses
| denhdisiZige #1035 Wirelibh ¥n e t}giﬂﬁgr agl assifiers through analysis of the
non-learner text. 31. The neth él of claim30, wherein the |inear
classifiers further conprise a weight facto included in a matri x of wei ght

factqys. t L 31 . rel i ] r
cor rs(ez{';t [ OE}%ZHDT%%@ E)‘r?t ﬂgﬁégf#ﬁﬁgg@npéﬁ%tﬁ%f@@ r?gu‘{bgrrek{l}gﬁ 3%%89 tion
( SVBompmisesidentifyiriga plirality gflindaa clagsifiers titdughlinmlysis dfable aén-tdadiciteX?, Wher ein
training the grammar correction nodel finthe conprises identifying a
conbi ned wei ght value that represents a first weight val ue el enen
i dertli. f i €Fhet inethod loftddmad| wisdréinahe lihearndassifedy fiethet Exthpidda e Tadlo Wei ght
val ue c& onent he% IS i glent ified by analyzing a | earner text by m nim zing
an &RgP |2 PREX ot Wraght daetors34. An” apparatus, conprising: at |east one
processor and a nenory device coupled to the at | east one processor, in
which the _ai |east qne processor s c_or_lfi%ured: to receive a natural

[

| angage Thexmsthgd,of ¢laim {3y whergin: traimigg ithe rggaramgr mcticummlzdei durthe whi ch
i .1 i . | et . ot
G heolpReSherfotfind ¥ Singhlaf b aFRTCORD o (95) oh ME Mt or Ul IGE. | O,

that is assuned to be free of grammatical errors, wherein for each
selegti o a | asSi-f1 el reg edicts a.class used in the non;sl ner
Foxt ot o Tisn Moo Sl o, WRRERC i e A ERilaF Rheatolo Bt JFARESY ner
t extcomphisesidentifying ackomisiné® icight Vahsk that ebptesents £rfirt’ WBRRHE VaRieCélahien Used
in the | egrégrer text; to train a grammar correction nodel using a set of

bi ndfiptified datopgh the; amlysis s tharaon-framer froit aud a serong vmightivajpesompenenttthsn
t asks;RAGHLEy RldlAhg i Yeater 6 b ﬁlhﬂlﬁzﬁg%%mpqlq&l risk function.

34.  An apparatus, comprising:

at least one processor and a memory device coupled to the at least one pfocessor, in which the a
least one processor is configured: |
to receive a natural language text input, the text inputl comprising a grammatical error ir
which a portion of the input text comprises a class from a set of classes;
| to generate a plurality of selection tasks from a corpus of non-learner text that is assumed
to be free of grammatical errors, wherein for each selection task a classifier re-
predicts a class used in the non-learner text; .
to generate a plurality of correction tasks from a corpus of learnér text, wherein for each
correction task a classifier proposes a class used in the learner text;
to train a grammar correction model using a set of binary classification problems that
include the plurality of selection tasks and the plurality of correction tasks; and
to use the trained grammar correction model to predict a class for the text input from the

set of possible classes.
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to use the trained grammar correction nodel to predict a class for the text
input fromthe set of possible classes. WD 2012/039686PCT/ SG2011/ 000331
35. The apparetaisesef claim 34, further conprising outpuPCirisg2a190ep3est i on
to change the cla of the text input to the predicted class if the predicted

class.is di.fferent t .the class in the te input. 36. The apparatus of
ol o s, UkaPhiats b ciish M frBeS comrishe bfiavBhe i oaeistsn frosianet Medaaed

COr I @€ theCteRSiBputdé-thd PrRARPGPEIMSUS tHR prédidied Bids iVfRinf tﬁagechs %«,ﬁ&s il the 3¢
article associated wth a noun phrase the input text. 8. e appar atus of
cl ai M., further conprising extracting feature functions for tF
classifiers fromnoun phrases in the non-learner text and the | earner text.
39. The apparatus of claim 34, wherein the class is a preposition

assodbat edheiapharptus pfsilaimo fdy wheremstheilaarhbretext iniandotated by4Dteadlieg wigpar at us
of clai magb f%:ﬁﬁher conprising extracting feature functions for th

cl as& e SOFF a[§?’eposi tional phrases in the non-learner text and the

| earner text. 41. The apparatus of claim 34, wherein the non-I|earner text
and e |l earner text_.have_ differe feat.ure space, the feature space of the
| ear hZT t FaP%?tﬂﬂPﬁga‘t“hég’v%b‘ﬁelﬂé clgss is aparticle associsted yith apquRivass | of

cl ai Redffputwb@r ei n training the grammar correction nodel conprise m nim zing
a loss function on the training data. 43. The apparatus of claim 34,
wherein training the granmar correction nodel furthe conprises identifying
a plygali AR Sk . S, O. - text.
347 The Lyohe PopraRBTOL BIARSRY, Rtk Sompil Brig ek R BionE b o
conpelassifiers fwoimmunfphcases imthe nde-dearmer dextand ithe lefiresteghit factors. WO

2012/ 039686PCT/ SG2011/ 000331

39.  The apparatus of claim 34, wherein the class is a preposition associated with

prepositional phrase in the input text.

40.  The apparatus of claim 39, further comprising extracting feature functions for th

classifiers from prepositional phrases in the non-learner text and the learner text.

41.  The apparatus of claim 34, wherein the non-learner text and the learner text have

different feature space, the feature space of the learner text including the word used by a writer.

42.  The apparatus of claim 34, wherein training the grammar correction model comprise

minimizing a loss function on the training data.

43.  The apparatus of claim 34, wherein training the grammar correction model furthe

comprises identifying a plurality of linear classifiers through analysis of the non-learner text.

44.  The apparatus of claim 43, wherein the linear classifiers further comprise a weight facto

included in a matrix of weight factors.
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45. The apparatus of claim 44, wherein training the grammar correction
nodel furthe conprises performng a Singular Value Deconposition (SVD) on
t he mat riwoabi1vesheght factors. 46. The apparatus of cl aPeTAS20Mve0331 N
training the grammar correction nodel furthe conprises identifying a

conbj ned | ght val ue. that represents a.first weight val ue el epen

i dent1'fi eﬁﬁ? %Pgﬁaﬁlst i edaﬂjél{lzgi‘gﬁ%?mt %mH‘@nﬂ'?ee ary egrrechAn lﬁoaacm.fw.ei ght
val U@W@P&ﬁmﬁﬂ%a ISngutl® 'Malid BecotpoBitRhYBVIY of theRhR oft\#ei%ht_t}xctmst“ m zi ng
an enpirical risk function. 47. A nethod for correcting semantic
collocation errors conprising: automatically identifying one or nore
trangd.at i Phe GRpAh@RL S clafin 455 RAREEnt RaifliR! e aﬁﬂlgfﬁowé-

paral l el -lan gg%g text conducted i E aalp{r_i%cessgrng evi ce; t-lglfétnel?%lntﬁl%l,e
t he gmurises iideptifing cecombinedtwrightagalee that erdpresanis eafirist weight [valueoklemen

candi ; nerating,a.s of one or re. wei ght values froma corpus of

| ear's gﬁﬁfegxtﬁ? oé'llg!} %éedar?‘#'s;’s %Iatpg ng?'g‘?agbeé t%&.\?f‘g g;se%}%l welght yalys ?P@{‘quﬁph@a a

pr ocig $ddntified BY afidlyzifg 8 tetrRerftedt byakinimizing ¥ @MAriedl ¥R Ffendiibans! ati ot
candidates in response to the feature associated with each translation
candi dat ( and the set of one or nore weight values. 48. The nmethod of
claiqn 47, AWRER& for co@EdtinkseMantR\@1REatiB &rdré %ﬁ%ﬁéihé’.n candi date: conprises:
selecting a parallel corpus of text froma database of parallel texts, each
par al | el auseznaticshpadentifyjng ere opmage trandatidnacagdisdgtes am desponseds pnalysisft ext  of

a second | angu , nf{i.na the text of the first. | anguage using the
processi ng devclaoggl;is ?ﬁﬁf&laﬁguﬁﬁge’fté’??d‘bqe({lﬁ@ Iggﬁeﬁﬂﬂgﬁﬁﬁﬁﬁage usi ng the
processi niptetgiiniag, usibg Ql’fatﬂré‘@biiﬂ% alevidR] AfenRirél asdodiatdde whth 8dch! B¥hsldi h

words in the second text using the processing device; extracting phrases
fromthe aligrf@@diftesls in the first text and in the second text using the

e al i grides st te: econd text “usi
o1 ababi | 105 oG &iocf QERRELEHCR: bRfkoy NB2 bl BORERT 19t T Fivelldne 1

the first textdatnstiorapgedevicetané phrases in the second text. WO

2012/ 039686PCT/ SG2Q11/ 000331, .
- - calcuiating, using a processing device, a score for each of the one or more translatior

usi ng

candidates in response to the feature associated with each translation candidat

and the set of one or more weight values.

48.  The method of claim 47, wherein identifying one or more translation candidates
comprises:
selecting a parallel corpus of text from a database of parallel texts, each parallel text
comprising text of a first language and corresponding text of a second language;
segmenting the text of the first language using the processing device;
tokenizing the text of the second language using the processing device;
automatically aligning words in the first text with words in the second text using the
| processing device; |
extracting phrases from the aligned words in the first text and in the second text using the
processing device; and
calculating, using the processing device, a probability of a paraphrase match associated
with one or more phrases in the first text and one or more phrases in the second

text.
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49. The nethod of claim48, wherein the feature associated with each

transl ation candidate the probability of a paraphrase match. 50. The net hod
of cl ai mwd,2018e66Nn t he set of one or nore wei ght val uesTiSs2edloces3at ed
usin a mnimum error rate traini ng ( MERT) operation on a.corpus of Iearner

text 4o51. m. 47 rt her I n phr ase

t abl 39 avt[?t;g%}:o 9%%a algl @Or ec‘tl?alhe m%asf*%%%ﬁﬁ hd%f:]?g' 1% %ﬁ%é‘glélﬁ % ng

edi t théigrbbubility of 2 paraphiaséniabehd of claim 47, further conprising generating a
phrase tabl e having collocatio corrections wth features derived froma

honmophone dictionary. 53. The nethod of claim47, further conprising
genesal i NTha mkHaSsT dlak 47, Wf%ﬂﬁ@el%é&xﬁ&%%@&%ﬂt%ﬁwﬂé&lé Ly §if

derived from synonym di ctionary 54. The net hod claima47 urt

conp? MminiReng erer wts wnmg{MERD enetitionteaa eegpusaifllearneritextcor r ect i ons WI th
features derived from native | anguage-i nduced paraphrases. 55. The net hod
of any one of clains 50-54, wherein the phrase table conprises one or nor
penaﬁi/y f €he mredwdf afrclaiged T, rfurtbﬂrwmpnsmg gehaapng)bq:lhrdse tableohaving asliyzhatias e

ratu east one processor and a nenory
deV| %(grecgloﬁﬁ ‘gi}h? \feg;{‘gqr}gap]@ubggcﬁé ®in which the at |east one
processor is conflgured to performthe steps of thi met hod of .clains 47-55.
57. tan bI e e dabl e nedi um conpr.i sin ter .readabl e code
Chat S2-uheT hE UL St f Ml Gompasing Seorates hpdes AR Boins Fachto
oper @dﬁ&ﬁ&nﬁﬁﬁh fednki@s B&iveddrdth a hbloPhdie didtionary.

53.  The method of claim 47, further comprising generating a phrase table having colloca'tio‘
corrections with features derived from synonym dictionary.

54.  The method of claim 47, further comprising generating a phrase table having collocatio:

corrections with features derived from native language-induced paraphrases.

55.  The method of any one of claims 50-54, wherein the phrase table comprises one or mor

penalty features for use in calculating the probability of a paraphrase match.

56.  An apparatus, comprising at least one processor and a memory device coupled to the a
least one processor, in which the at least one processor is configured to perform the steps of th
method of claims 47-55.

57. A tangible computer readable medium comprising computer readable code that, wher

executed by a computer, cause the computer to perfbrrn the operations as in the method of claim
47-55.
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