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Why are you not (yet) using MI?

J Why do you use translation menories?

JPerfect transl ations?
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Outline

J Quality Estimation (QE) for Machine
Transl ati on (MT)

J Applications

d General approach

d What aspect of quality we want to
esti mte and how to represent it

d How we assess quality estimation systens



QE for MI

J Goal: given the output of an MI system
for a given input, provide an estinmte of

its quality

J Motivations: assessing the quality of
transl ations is

O Time consum ng, tedious, not worth it

Une i nterdiction gouvernenment al e sur | a non-UE
conjoints étrangers de moins de 21 a venir au Royaunme-
Uni, qui a été introduit par |le Labour en 2008 et vise

un partenaire étranger de | 'extérieur de |"UE ne
pouvait pas se joindre a |leurs partenaires au Royaume-
Uni si elles étaient nmoins de 21 ans, est illégale,

di sent |l es juges haut.

O Not always possible
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QE for MI
J Main applications:

Is it worth providing this translation to
a professional translator for post-editing?

Should this translation be highlighted as
“not reliable” to a reader?

ven multiple translation options for a given input
can we select the best one?

s this sentence good enough for publishing as is?l



QE for MI

MI system QE system

/ cource / ranslation
sentence .
/ sentence / /(éallty SCOI'/Q/

BDifferent from MI' evaluation (BLEU, NIST,
etc):

®MI system in use, translating unseen text

¢Translation unit: sentence - not about average
quality

¢ | ndependent from MI system (post -MT)



General approach

1. Decide which aspect of quality to estimate

2. Decide how to represent this aspect of

quality

3. Collect exanples of translations with

different levels of quality

4. ldentify and extract indicators that

represent this quality

5. Apply an algorithmto induce a nodel to

predict quality scores for new transl ations

6 Fvaluate thiec model on new tran<l ati one



General approach

1. Decide which aspect of quality to

“post-edititon effort”

Exanpl es of

transl ations
MI' system QE system + Scores

/ source / ranslation ndi cators
sentence /sentence/ of quality /éality scor/i/




How is quality defined?

1. Good vs bad translations: good for what ?
(Blatz et al. 2003)

2. MT1 vs MIT 2: is MI1 better than MI2. Yes,

but is MI1 good enough? (Blatz et al. 2003; He et
al ., 2010)

3. Perfect vs not perfect translations: can we

publish this translation as is? (Soricut and
Echi habi 2010)

Define “quality” in ternms of post-editing

effort

4. Which transl ati ons are good enougegh for bpost -



How is quality defined?
VWhat |l evels of quality can we expect from an
MI system?
1. Perfect: no post -editing needed at all

2. Good: some post -editing needed, but

faster/easier than translating from scratch

3. Bad: too much post -editing needed,

faster /easier to translate from scratch

We expect the machine to estimate this well,

hiit can humane do it well ?



How is quality defined?

The court said that the rule was unjustified.

La cour a déclaré que la regle était

i njustifiée.

"l basically felt like |I'd been exiled from ny
country and in forcing himto |leave they d also

forced me to | eave,"” she said.

"J' ai essentiellement ressenti si j avais été
exil & de mon pays et dans |le forcant a quitter

| eur avais m a aussi forcé de partir”, dit-



How is quality defined?

Tomorrow, and tomorrow, and tonorrow,
Creeps in this petty pace from day to day,
To the | ast syllable of recorded ti me;
And all our yesterdays have |lighted fools

The way to dusty death. Out, out, brief
candl el

Pour demain, et demain, et demain,

Creeps dans cette petite cadence de jour en
jour,

Pour | a derniéere syllabe du tenps enregistré;
Et tous nos hiers ont éclairé |les fous

Le chem n de |la mort poussi éreuse. Dehors,
dehors. bougi e bref |



How do humans perforny

umans are good at identifying perfect

transl ations, as well as terribly bad

transl ati ons

ut medium quality transl ations are nore
difficult: “good enough” depends on the

transl at or

Very experienced translators: may prefer only

close to perfect transl ations

|l ecc exnerienced trancl atore: mv benefit from



How do QE systens perform

¢ Humans: agreenment on en-es Europarl: 85%
(prof., 2 an.)

¢ Humans: agreement on en-pt subtitles of TV
series: 850 sentences (non prof, 3 an.)
- 351 cases (41%) have full agreenment
~ 445 cases (52%) have partial agreenment

- 54 cases (7%) have null agreement

* Agreement by

59% 41 %
3 35% 65%
2 23% (%

1 50% 50%



How do QE systens perfornt

implify the task, if we know how experi enced

t he trancl atnr ice: hinarv nronhlem —> onnd
Languages | MT system| Accurac Mos t Sentence

y f requent |l ength
score
en-es MT 1 70% 52% 36%
en-es MT 2 ‘7% ’4% 21 %
en-es MT 3 66 % 57% 30%

en-es MT 4 94 % 94 % /0%



How do QE systens perforn?

¢ Evaluation in ternms of classification

accuracy -> clear
Upper bound =100%

50% = we are selecting 50% of the bad cases
as good / of the good cases as bad

¢ |s ~70% accuracy enough?

¢ A different perspective: precision/recall by

cat egory:

How many bad translations the system says
are good (false rate)

How many good the system says are bad (mss
rate)



How do QE systens perforn?

MSelecting only good translations: [3-4]
(en-es)

€ Niimher nf nonnd t ransl ati nns I n t he t an n

t
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Are 2/4 discrete scores enough?

We want to estimate: 1,2 or 1, 2, 3, 4

It’s |ike saying you can get, froma TM
Only 0% match or 100% match
Or the following (fuzzy) match |evels: 0%,
50%, 75%, 100%

lsn’t there anything in between?

Estimate a conti nuum: a real

nunmber in [1,4]



Estimating a continuous score

WEnglish-Spanish Europarl data
¢4 SMTI systems, 4 sets of 4,000 translations

MWQuality score: 1-4

1: requires conplete
retransl ati on

2: a lot of post-editing
needed, but quicker than
retransl ation

need

en-—-es
en-—-es
en-—-es

en-—-es

Xerox 6“)

3: alittle post-editing

PA
TSI

fit for purpose

0.653
MT 2 0.718
MT 3 0. 706
MT 4 0.603



|s a nunber in [1,4] informative?

an we see this nunmber as a fuzzy match

| evel ?

Not really... How nmuch work to do on a 3.2

transl ation?

ry more objective ways of.representing

HTER = . : :
quality: # words 1n post-edited version

Edit distance (HTER): distance (in [0,1])
bet ween original MI and post -edited
version. What is the proportion of edits
(words ) will | have to performto correct



|s a nunber in [1,4] informative?

Time : how many seconds will it take to post -
edit this sentence?

- Time varies considerably from annotator to

annot at or
9.00

8.00

7.00

6.00

5.00

= Annotator1

4.00 = Annotator2

300 - N _ == Annotator3

2.00 |

1.00

0.00

—_—_—_—_—_—_r— T T T T T T T T T T T T T T T T T—T— T T T — —

2

——— — —

This annotation is cheap and easy to obtain
if translators already post-edit MI



her ways of representing

quallty
English-Spanish, French-English news

articles
® 1,500-2,500 translations

B Quality scores:
¢Score1 = HTER
¢Score2 = [1-4]
¢Score3 = tinme

B Annotation tool to collect data from
transl ators



her ways of representing

quality
¥ Results

¢ Each nmodel trained on exanples froma single
transl ator

Di st ance 0.18
en-es [1-4] 0. 55
Ti me 1.97




her ways of representing
quality

B So we are alnmpbst happy:
¢ We can estimte an aspect of quality that

is clear and objective (time, distance) V

B But do these error metrics say somet hing
about how good the QE nodel is? Or which

model is better? X



Eval uati on by ranking

ank translations by their QE scores (best

first)

ased on the quality of the MI system for a
smal | devel opment dat a, find t he
percentage of “good enough” translations,
usi ng any annotation scheme. E.g. 30% of
the transl ation are good

easure i nprovenment of top 30% according to
QE scores:

® Comhare averaoce aualitv of full dataset



Eval uati on by ranking

Languages Delta [1-4] |Delta Delta Time
Distance | l
[0, 1] (sec/word)
fr-en (70% 0. 07 -0.02 -0. 11
good )
en-es (40% 0. 20 -0. 06 -0.19
good )

Languages Delta [1-4] |Delta Delta Time

Di stance | |
[0, 1] (sec/word)
fr-en 0.16 -0. 04 -0. 20

en-es 0.15 -0. 04 -0. 26




Extrinsic evaluation by ranking

easure post-editing time to correct top 30%
translations selected according to QE scores

Conpare it against post-editing tinme of

randomly selected 30% transl ations

f can’t decide on the %, measure nunber of
words that can be post-edited in a fixed
amount of time from best to worse

transl ati ons ranked according to QE model

Comhare it aadai nst niimber of word<s post -



Extrinsic evaluation by ranking

® Eval uati on:

Model 1 Model 2 Model 3
( HTER) (1-4 scores (Ti me)

A




Extrinsic evaluation by ranking

® Post -editing in 1 hour:

MI' System / Dataset
d

S6 fr-en HTER (0-1) 0. 96
S6 fr-en [1-4] 0. 91
S6 fr-en tinme 1. 09

(sec/word)

ystem/ ataset
d

S7 en-es HTER (0-1) 0. 41
S7 en-es [1-4] 0.43
S7 en-es time 0. 57

(sec/word)
S7 en-es no CE 0. 32



Extrinsic evaluation by ranking

umm ng up:
¢ The aspect of quality we estimate is cl ear

(time, distance)

¢ The nunber ng-based (esp.
extrinsic somet hi ng about

how good :



How about other users?

B Post-editing time/distance/[1-4] scores
have a good (pearson) correlation:

¢ Distance and [1-4 ] = 0.75 - 0. 82
¢ Time and [1-4] = 0.50 - 0.60

(the small er values are when scores are
given by different translators)

B |f we correlate post-editing time/distance
and [1-4] scores reflecting adequacy (not
post —editing effort)

¢ Distance and [1-4 ] Adequacy = 0.55
¢ Time and [1-4] Adequacy = 0. 40



|s this enough?

M|s an accurate QE system at the sentence
| evel enough?

BWQE should also indicate, for sentences that
are not perfect, what the bad parts are

¢ —
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Concl usions

M|t is possible to estimate the quality of

MI systems with respect to post-editing
needs

BMeasuring and estimating post-editing time
seems to be the best way to build and
eval uate QE systens

®Transl ator-dependent measure: build a model

per transl at or or proj ect t he time
di fferences

®Extrinsic eval uati on usi ng time IS
expensive, not feasible to conpare many QE
systens

14 Al ternati ve: intrinsic ranki ng- bas ed



Concl usions

B QE is a relatively new area

B |t has a great potential to make MI nore
useful to end-users:

¢ Translation: mnimze post-editing time,
allow for fair pricing nodels

¢ J|ocalization: keep the “brand” of the
product /company

¢ G sting: avoid m sunderstandi ngs

¢®Di ssem nation of [|arge amounts of content,
e.g.: user reviews



Adverti senent:

BShared task on QE
*Most likely with WMI at NAACL, June 2012

¢Sentence-level: classification, regression
and ranking

BWe will provide:
®Training sets annotated for quality
®Basel i ne feature sets
®Basel i ne systens to extract features

®Test sets annotated for quality



Questions?

Luci a Speci a

| .specia@wl v.ac. uk



En-Es Europarl - [1- 4]

BRegression + Confidence Machines to define
the splitting point according to expected

conf .
I =k z=F-_ . 2
0.8F B i I - _j
0.7
Tt N
06F T - T T S
0.5f 1 B _ [ }
| 1 B L T=3
04+ T B T
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Xerox G:) (MT Summit 2009)



En-Es Europarl -

[1- 4]

HQE score X MT

correl ati on across

different MI systens:

IllliiiiliiillllIliiiiiiiﬁliiill

metrics:
dat aset s

Pearson’s

produced Dby

Pearson QE
and human

S3 en-es S1 en-es 0.478
S2 en-es 0.517
|S3 en-es O.542|
S4 en-es 0.423

S2 en-es S1 en-es 0. 531
ISZ en-es O.562|
S3 en-es 0. 547
S4 en-es 0. 442

(Journal of MT 2010)



Feat ures

Adequacy
i ndi cator

S

Source text Transl ati on
system

Quality??

Fl uency

i ndi cator
S

e
i ndi cator

* Shallow vs linguistically notivated
* MT system dependent vs independent



Source features

dSource sentence | ength
dLanguage nodel of source

JAverage number  of possi ble translations per

source word

d% of n-grams belonging to different frequency
quartiles of the source side of the parallel

cor pus

JAverage source word | ength

..



Target features

dTar get sentence | ength
dLanguage model of target
dProportion of untransl ated words
dGrammar checki ng

M smat chi ng opening/closing brackets, quotation

symbol s

dCoherence of the target sentence

a..



MI features (confidence)

ASMT model gl obal score and internal features
dDi stortion count, phrase probability,

d% search nodes aborted, pruned, reconbi ned

dLanguage model using n-best |ist as corpus

dDi stance to centre hypothesis in the n-best |ist

HdRel ative frequency of t he wor ds i N t he
translation in the n-best |i st

UdRatio of SMI nmodel score of the top translation
to the sum of the scores of all hypothesis i

t he n—-best |1 st

Q.



Source-target features

B Rati o between source and target sentence | engths
®Punctuati on checking (target vs source)

W Correct translation of pronouns

®Mat chi ng of phrase/POS tags

B Mat chi ng of dependency rel ations

B Mat ching of named entities

B Mat ching of semantic role | abels

BWAlignment of these and other linguistic markers



MI system sel ection

B Approach:

¢ Train QE model s for each MT system
(individually)

¢ Use all MI systenms to translate each input
segment

¢ Estimate the QE score for each alternative
transl ati on

¢ Select the translation with the highest CE
score

BExperi ments:
¢ En-Es Europarl [1-4] datasets, 4 MI systens

BResults:



How do QE systens perforn?

BSel ecting only good translations: [3-4]
(en-es)
nnnnnnn LI InAC ooy e L i a + Aan n + v anrnel oF L Ao .
*f - Averagescore: x TOPN
3.7 15 OHuman
3.6 H mCE
3.5 H OAborted nodes
34 H OSMT score

@ Ratio scores

— OLMtarget

@M source

averagetop 100

OBi-phrase prob

| TM

averagetop 200

I BSentlength I
mBAD 117
OBAD 76

average top 300

averagetop 500
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