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Why ar e you not  ( yet )  us i ng MT?

 Why do you us e t r ans l at i on memor i es ?

Per f ect  t r ans l at i ons ?



Out l i ne

 Qual i t y Es t i mat i on ( QE)  f or  Mac hi ne 
Tr ans l a t i on (MT)

 Appl i cat i ons  

 Gener a l  appr oach
 
 What  as pect  of  qual i t y we want  t o 
es t i mat e and how t o r epr es ent  i t

 How we as s es s qual i t y  es t i mat i on s y s t ems



QE f or  MT
 Goal :  gi v en t he out put  of  an MT s y s t em 
f or  a gi v en i nput ,  pr ov i de an es t i mat e of  
i t s  qual i t y

 Mot i vat i ons :  as s es s i ng t he qual i t y  of  
t r ans l a t i ons i s

 Ti me cons umi ng,  t edi ous ,  not  wor t h i t
Une i n t e r d i c t i on gouv er nement a l e s ur  l a non-UE 
c onj o i n t s  ét r anger s  de moi ns de 21  à v eni r  au Roy aume-
Uni ,  qu i  a ét é i n t r odu i t  par  l e Labour  en 2008 et  v i s e 
un par t ena i r e ét r anger  de l ' ex t ér i eur  de l ' UE ne 
pouv a i t  pas s e j o i ndr e à l eur s  par t ena i r es  au Roy aume-
Uni  s i  e l l es  ét a i ent  moi ns  de 21  ans ,  es t  i l l éga l e,  
d i s en t  l es  j uges haut .

  Not  al ways  pos s i bl e
个非欧盟国家的外国配偶来英国，这是在 2008年由劳工处推出，这意味着
从欧盟以外的外国合作伙伴不能参加他们的合作伙伴在英国 21 岁下的政府
禁令，如果他们 21 岁以下，是非法的，说的最高法官。



QE f or  MT
 Mai n appl i cat i ons :

I s  i t  wor t h pr ovi di ng t hi s  t r ans l at i on t o 
a pr of es s i onal  t r ans l at or  f or  pos t - edi t i ng?

Shoul d t hi s  t r ans l at i on be hi ghl i ght ed as  
“not  r el i abl e” t o a r eader ?

Gi ven mul t i pl e t r ans l at i on opt i ons  f or  a gi ven i nput ,
can we s el ect  t he bes t  one?

I s  t hi s  s ent ence good enough f or  publ i s hi ng as  i s ?



Di f f er ent  f r om MT eval uat i on ( BLEU,  NI ST,  

et c ) :  

MT s y s t em i n us e,  t r ans l a t i ng uns een t ext

Tr ans l at i on uni t :  s ent ence  not  about  aver age 
qual i t y

 I ndependent  f r om MT s y s t em (pos t -MT)

QE f or  MT

Sour ce
s ent ence

MT s ys t em

Tr ans l at i on 
s ent ence

QE s ys t em

Qual i t y s cor e



Gener al  appr oach

1 . Dec i de whi ch as pect  of  qual i t y t o es t i mat e

2. Dec i de how t o r epr es ent  t h i s  as pec t  of  

qual i t y

3. Col l ec t  exampl es of  t r ans l a t i ons wi t h 

di f f er ent  l ev el s  of  qual i t y

4. I dent i f y  and ex t r ac t  i ndi cat or s  t hat  

r epr es ent  t h i s  qual i t y

5. Appl y  an al gor i t hm t o i nduc e a model  t o 

pr edi c t  qual i t y  s c or es f or  new t r ans l a t i ons

6. Eval uat e t h i s  model  on new t r ans l a t i ons



1 . Dec i de whi ch as pect  of  qual i t y t o es t i mat e:  

“pos t - edi t i t on ef f or t ”

2. Dec i de how t o r epr es ent  t h i s  as pec t  of  

qual i t y

3. Col l ec t  exampl es of  t r ans l a t i ons wi t h 

di f f er ent  l ev el s  of  qual i t y

4. I dent i f y  and ex t r ac t  i ndi cat or s  t hat  

r epr es ent  t h i s  qual i t y

5. Appl y  an al gor i t hm t o i nduc e a model  t o 

pr edi c t  qual i t y

6. Eval uat e t h i s  model  on new t r ans l a t i ons :  “ i s  

i t  good enough?  /  i s  model  A bet t er  t han 

model  B? ”

Gener al  appr oach

Sour ce
s ent ence

MT s ys t em

Tr ans l at i on 
s ent ence

QE s ys t em

Qual i t y s cor e

Exampl es  of  
t r ans l at i ons  

+ s cor es

I ndi cat or s  
of  qual i t y



How i s  qual i t y def i ned?

1. Good v s bad t r ans l a t i ons :  good f or  what ? 
(Bl at z  et  al .  2003)

2. MT1 v s MT 2:  i s  MT1  bet t er  t han MT2.  Yes ,  

but  i s  MT1  good enough? (Bl at z  et  al .  2003;  He et  
al . ,  201 0)

3. Per f ect  v s not  per f ect  t r ans l a t i ons :  c an we 

publ i s h t h i s  t r ans l a t i on as i s? (Sor i c ut  and 
Echi habi  201 0)

Def i ne “qual i t y” i n t er ms  of  pos t - edi t i ng 

ef f or t

4. Whi c h t r ans l a t i ons ar e good enough f or  pos t -

edi t i ng.  But :   

 St i l l  need t o def i ne “good enough”

 I s  “good enough” good enough f or  al l  

t r ans l at or s?



How i s  qual i t y def i ned?

What  l ev el s  of  qual i t y  c an we ex pec t  f r om an 

MT s y s t em?

1. Per f ect :  no pos t -edi t i ng needed at  al l

2. Good:  s ome pos t -edi t i ng needed,  but  

f as t er / eas i er  t han t r ans l a t i ng f r om s c r at c h

3. Bad:  t oo much pos t -edi t i ng needed,  

f as t er /eas i er  t o t r ans l a t e f r om s c r at c h

We ex pec t  t he machi ne t o es t i mat e t h i s  wel l ,  

but  c an humans do i t  wel l ?



How i s  qual i t y def i ned?

The c our t  s a i d t hat  t he r u l e was un j us t i f i ed.  

La c our  a déc l a r é que l a r èg l e ét a i t  

i n j us t i f i ée.

" I  bas i c a l l y  f e l t  l i k e I ' d been ex i l ed f r om my 

c ount r y  and i n f or c i ng h i m t o l eav e t hey ' d al s o 

f or c ed me t o l eav e, " s he s ai d.

"J ' a i  es s ent i e l l ement  r es s ent i  s i  j ' av a i s  ét é 

ex i l é de mon pay s et  dans l e f or ç an t  à qui t t e r  

l eur  av a i s  m' a aus s i  f or c é de par t i r " ,  d i t -

e l l e.



How i s  qual i t y def i ned?
Tomor r ow,  and t omor r ow,  and t omor r ow,  
Cr eeps i n t h i s  pet t y  pac e f r om day t o day ,
To t he l as t  s y l l ab l e of  r ec or ded t i me;  
And al l  our  y es t er day s hav e l i ght ed f oo l s  
The way t o dus t y  deat h.  Out ,  out ,  br i e f  
c andl e! …

Pour  demai n,  et  demai n,  et  demai n,
Cr eeps dans c et t e pet i t e c adenc e de j our  en 
j our ,

Pour  l a der n i èr e s y l l abe du t emps enr eg i s t r é;
Et  t ous nos h i er s  ont  éc l a i r é l es f ous
Le c hemi n de l a mor t  pous s i é r eus e.  Dehor s ,  
dehor s ,  bougi e br ef ! …



How do humans  per f or m?

H

umans  ar e good at  i dent i f y i ng per f ect  

t r ans l a t i ons ,  as wel l  as  t er r i b l y  bad 

t r ans l a t i ons 

B

ut  medi um qual i t y  t r ans l a t i ons  ar e mor e 

di f f i c u l t :  “good enough” depends on t he 

t r ans l a t o r

• Ver y exper i enced t r ans l a t or s :  may pr ef er  onl y  

c l os e t o per f ec t  t r ans l a t i ons

• Les s  exper i enced t r ans l a t or s :  may benef i t  f r om 

medi um qual i t y  t r ans l a t i ons

W

e i nt r oduc e anot her  l ev el  of  di s t i nc t i on:

• Li t t l e pos t - edi t i ng needed;  s ome pos t - edi t i ng 

needed



How do QE s ys t ems  per f or m?
 Humans :  agr eement  on en- es  Eur opar l :  85% 

(pr of . ,  2 an. )
 Humans :  agr eement  on en- pt  s ubt i t l es  of  TV 

ser i es :  850 sent enc es (non pr of ,  3 an. )
– 351  c as es (41 %) hav e f ul l  agr eement
– 445 c as es (52%) hav e par t i al  agr eement
– 54 c as es (7%) hav e nul l  agr eement

 Agr eement   by s c or e:

• C
omput er s :  t he t as k i s  t o di f f i c u l t  – t e l l  
ex ac t l y  whi c h c at egor y a t r ans l a t i on bel ongs 
t oo

Scor e Ful l Par t i al

4 59% 41 %
3 35% 65%
2 23% 77%
1 50% 50%



How do QE s ys t ems  per f or m?

S

i mpl i f y  t he t as k ,  i f  we k now how ex per i enc ed 

t he t r ans l a t or  i s :  b i nar y  pr ob l em -> good 

enough v s not  good enough
Languages MT s ys t em Accur ac

y
Mos t  

f r equent  
s cor e

Sent ence 
l engt h

en-es MT1 70% 52% 36%
en-es MT2 77% 74% 21 %
en-es MT3 66% 57% 30%
en-es MT4 94% 94% 70%



How do QE s ys t ems  per f or m?

 Eval uat i on i n t er ms of  cl as s i f i cat i on 

accur acy  cl ear
• Upper  bound =1 00%
• 50%  = we ar e s el ec t i ng 50% of  t he bad c as es 

as good / of  t he good c as es as bad

 I s  ~70% accur acy enough?

 A di f f e r ent  per s pec t i v e:  pr eci s i on/ r ecal l  by 

c at egor y :
• How many bad  t r ans l a t i ons t he s y s t em s ay s 

ar e good ( f al s e r at e)
• How many good t he s y s t em s ay s ar e bad ( mi s s  

r at e)



How do QE s ys t ems  per f or m?
Sel ec t i ng onl y good t r ans l a t i ons :  [3-4] 
(en-es)
 Number  of  good t r ans l a t i ons i n t he t op n 
t r ans l a t i ons (pr ec i s i on):

80
100
120
140
160
180
200
220
240
260
280
300
320
340
360

how  many 3-4 top 100 how  many 3-4 top 200 how  many 3-4 top 500

Human

CE

Aborted N

Length



Ar e 2/ 4 di s cr et e s cor es  enough?

• We want  t o es t i mat e:  1, 2  or  1,  2,  3,  4

• I t ’ s  l i k e s ay i ng y ou c an get ,  f r om a TM:

• Onl y 0% mat ch or  100% mat ch

• Or  t he f o l l owi ng (f uz z y) mat c h l ev el s :  0%,  

50%,  75%,  100%

• I s n’ t  t her e any t h i ng i n bet ween? 

Es t i mat e a c ont i nuum:  a r eal  

number  i n [ 1 , 4]



Es t i mat i ng a cont i nuous  s cor e
Engl i s h- Spani s h Eur opar l  dat a

4 SMT s y s t ems ,  4 s et s of  4, 000 t r ans l at i ons

Qual i t y  s c or e:  1- 4

1 :  r equ i r es  c ompl e t e 
r et r ans l a t i on

2:  a l o t  of  pos t -ed i t i ng 
needed,  but  qu i c k er  t han 
r et r ans l a t i on

3:  a l i t t l e pos t -ed i t i ng 
needed

4:  f i t  f or  pur pos e

Languages MT Sys t em Er r or

en-es MT1 0. 653
en-es MT2 0. 71 8
en-es MT3 0. 706
en-es MT4 0. 603



I s  a number  i n [ 1, 4]  i nf or mat i ve?

C

an we see t h i s  number  as a f uz z y mat c h 

l ev el ? 

• Not  r ea l l y . . .  How muc h wor k  t o do on a 3. 2 

t r ans l a t i on?

T

r y  mor e obj ec t i v e way s of  r epr es ent i ng 

qual i t y :  
• Edi t  di s t anc e (HTER):  di s t anc e (i n [0, 1 ]) 

bet ween or i g i na l  MT  and pos t -edi t ed 
v er s i on.  What  i s  t he pr opor t i on of  edi t s  
(wor ds) wi l l  I  hav e t o per f or m t o c or r ec t  
t r ans l a t i on.  Edi t s :

– Del et i on,  i ns er t i on,  s ubs t i t u t i on and s hi f t

# editsHTER = 
# words in post-edited version



I s  a number  i n [ 1, 4]  i nf or mat i ve?
• Ti me :  how many s ec onds wi l l  i t  t ak e t o pos t -

edi t  t h i s  s ent enc e?
– Ti me var i es  c ons i der abl y  f r om annot at or  t o 

annot at or  

Thi s  annot a t i on i s  cheap and eas y t o obt a i n 
i f  t r ans l a t o r s  al r eady pos t -edi t  MT



Ot her  ways  of  r epr es ent i ng 
qual i t y
 Engl i s h- Spani s h,  Fr ench- Engl i s h news 

ar t i c l es
 1, 500- 2, 500 t r ans l a t i ons

 Qual i t y  s c or es :  
Scor e1 = HTER
Scor e2 = [ 1- 4]
Scor e3 = t i me 

 Annot at i on t ool  t o c ol l ec t  dat a f r om 
t r ans l a t or s



Ot her  ways  of  r epr es ent i ng 
qual i t y
 Resul t s

 Eac h model  t r a i ned on ex ampl es f r om a s i ngl e 
t r ans l at or

Dat as et Er r or   ↓

f r -en
Di s t anc e 0. 1 6
[ 1 -4] 0. 66
Ti me 0. 65

en-es
Di s t anc e 0. 1 8
[ 1 -4] 0. 55
Ti me 1 . 97



Ot her  ways  of  r epr es ent i ng 
qual i t y
 So we ar e al mos t  happy :  

 We can es t i mat e an as pec t  of  qual i t y  t hat  
i s  c l ear  and obj ec t i v e (t i me,  di s t anc e) ν

 But  do t hes e er r or  met r i c s  s ay s omet h i ng 
about  how good t he QE model  i s? Or  whi c h 
model  i s  bet t er ? x



Eval uat i on by r anki ng

R

ank t r ans l at i ons  by t hei r  QE s c or es (bes t  

f i r s t )
B

as ed on t he qual i t y  of  t he MT s y s t em f or  a 
smal l  dev el opment  dat a,  f i nd t he 
per c ent age of  “good  enough” t r ans l a t i ons ,  
us i ng any annot at i on s c heme.  E. g.  30% of  
t he t r ans l a t i on ar e good

M
eas ur e i mpr ov ement  of  t op 30% ac c or d i ng t o 
QE s c or es :  

 Compar e aver age qual i t y of  f ul l  dat as et  

agai ns t  aver age qual i t y of  t op 30% (Radu 
Sor i c ut ,  Language Weav er ) 



Eval uat i on by r anki ng

U

s i ng t hr es ho l d bas ed on t he qual i t y  on a 

dev el opment  dat a:

I

f  c annot  f i nd t h i s  t hr es ho l d,  c omput e av er age 

i mpr ov ement  ov er  di f f e r ent  quant i l es :  E. g. :  

25%,  50% and 75%

Languages Del t a [ 1- 4]  
↑

Del t a 
Di s t ance ↓

[ 0, 1]

Del t a Ti me 
↓
( s ec/ wor d)

f r -en (70% 
good)

0. 07 -0. 02 -0. 1 1

en-es (40% 
good)

0. 20 -0. 06 -0. 1 9

Languages Del t a [ 1- 4]  
↑

Del t a 
Di s t ance ↓

[ 0, 1]

Del t a Ti me 
↓
( s ec/ wor d)

f r -en 0. 1 6 -0. 04 -0. 20
en-es 0. 1 5 -0. 04 -0. 26



Ext r i ns i c eval uat i on by r anki ng

M

eas ur e pos t - edi t i ng t i me t o c or r ec t   t op 30% 

t r ans l at i ons  s e l ec t ed  ac c or d i ng t o QE s c or es

• Compar e i t  agai ns t  pos t -edi t i ng t i me of  

r andoml y s el ect ed 30% t r ans l at i ons

I

f  c an’ t  dec i de on t he %,  meas ur e number  of  

wor ds  t hat  can be pos t - edi t ed i n a f i xed 

amount  of  t i me f r om bes t  t o wor s e 

t r ans l a t i ons r ank ed ac c or d i ng t o QE model

• Compar e i t  agai ns t  number  of  wor ds pos t -

edi t ed f r om r andoml y s el ec t ed s ent enc es i n 

t he s ame amount  of  t i me



Ext r i ns i c eval uat i on by r anki ng

 Eval uat i on:

Model  1 
( HTER)

Model  2 
( 1- 4 s cor es )

Model  3 
( Ti me)

2. 4 K new
t r ans l at i ons

600
t r ans l at i ons

600
t r ans l at i ons

600
t r ans l at i ons

600
t r ans l at i ons

Sor t ed 600
t r ans l at i ons

Sor t ed 600
t r ans l at i ons

Sor t ed 600
t r ans l at i ons

# wor ds ?# wor ds ? # wor ds ? # wor ds ?



Ext r i ns i c eval uat i on by r anki ng
 Pos t -edi t i ng i n 1  hour :

 

MT Sys t em /  Dat as et Wor ds / s econ
d

S6 f r -en HTER (0-1 ) 0. 96
S6 f r -en [ 1 -4] 0. 91
S6 f r -en t i me 
(sec/wor d)

1. 09

S6 f r -en no CE 0. 75MT Sys t em /  Dat as et Wor ds / s econ
d

S7 en-es HTER (0-1 ) 0. 41
S7 en-es  [ 1 -4] 0. 43
S7 en-es t i me 
(sec/wor d)

0. 57

S7 en-es no CE 0. 32



Ext r i ns i c eval uat i on by r anki ng

S

ummi ng up:  

 The as pec t  of  qual i t y  we es t i mat e i s  c l ear  

(t i me,  di s t anc e) 

 The number s  f r om t he r ank i ng-bas ed (es p.  

ex t r i ns i c) ev al uat i ons s ay s omet h i ng about  

how good a QE model  i s



How about  ot her  us er s ?
 Pos t -edi t i ng t i me/di s t anc e/[ 1 -4] s c or es 

hav e a good (pear s on) cor r e l a t i on:
 Di s t ance and  [ 1- 4 ]  = 0. 75 –  0. 82
 Ti me and  [ 1- 4]  = 0. 50 –  0. 60

(t he smal l er  v al ues ar e when s c or es ar e 
gi v en by di f f er ent  t r ans l a t or s)

 I f  we c or r e l a t e pos t -edi t i ng t i me/ di s t ance 
and [ 1 -4] s c or es r ef l ec t i ng adequacy (not  
pos t -edi t i ng ef f or t )

 Di s t ance and  [ 1- 4 ]  Adequacy = 0. 55
 Ti me and  [ 1- 4]  Adequacy = 0. 40



I s  t hi s  enough?
 I s  an ac c ur at e QE s y s t em at  t he s ent enc e 
l ev el  enough? 

QE shoul d al s o i ndi c at e,  f or  s ent enc es t hat  
ar e not  per f ec t ,  what  t he bad par t s  ar e
 Sub-s ent enc e l ev el  QE / er r or  det ec t i on i n 
t r ans l a t i ons

(Xi ong et  al . ,  201 0):  l i nk gr ammar :  mos t l y  wor ds
(Bac h et  al . ,  201 1 ):  edi t  di s t anc e



Concl us i ons
 I t  i s  pos s i b l e t o es t i mat e t he qual i t y  of  
MT s y s t ems wi t h r es pec t  t o pos t - edi t i ng 
needs

Meas ur i ng and es t i mat i ng pos t -edi t i ng t i me 
s eems t o be t he bes t  way t o bui l d  and 
eval uat e QE s y s t ems
Tr ans l at or - dependent  meas ur e:  bui l d a model  
per  t r ans l a t or  or  pr o j ec t  t he t i me 
di f f er enc es

Ex t r i ns i c  ev al uat i on us i ng t i me i s 
expens i ve,  not  f eas i b l e t o c ompar e many QE 
s y s t ems

 Al t er nat i v e:  i nt r i ns i c r anki ng- bas ed 
met r i cs  bas ed on a pr e-annot at ed t es t  s et :  
Del t a X,  X = [ 1 -4] ,  Ti me,  BLEU,  et c .



Concl us i ons
 QE i s a r e l a t i v e l y  new ar ea

 I t  has a gr eat  pot ent i a l  t o mak e MT mor e 
us ef ul  t o end-us er s :
 Tr ans l a t i on:  mi n i mi z e pos t -edi t i ng t i me,  
al l ow f or  f a i r  pr i c i ng model s

 Loc al i z at i on:  k eep t he “br and” of  t he 
pr oduc t /c ompany

 Gi s t i ng:  av oi d mi s under s t andi ngs
Di s s emi nat i on of  l ar ge amount s of  c ont ent ,  
e. g. :  us er  r ev i ews



Adver t i s ement :

Shar ed t as k on QE 
Mos t  l i k e l y  wi t h WMT at  NAACL,  J une 201 2
Sent ence- l evel :  c l as s i f i c at i on,  r egr es s i on 
and r ank i ng

We wi l l  pr ov i de:  
Tr a i n i ng s et s  annot at ed f or  qual i t y
Bas el i ne f eat ur e s et s
Bas el i ne s y s t ems t o ex t r ac t  f eat ur es 
Tes t  s et s  annot at ed f or  qual i t y

Luc i a Spec i a and Radu Sor i c ut  



Ques t i ons ?

Luc i a Spec i a
l . s pec i a@wl v . ac . uk



En- Es  Eur opar l  -  [ 1-  4]
Regr es s i on + Conf i denc e Machi nes t o def i ne 
t he s pl i t t i ng poi nt  ac c or d i ng t o ex pec t ed 
c onf i denc e l ev e l

(MT Summi t  2009)

S3
S3
S1
S1
S2
S2



En- Es  Eur opar l  -  [ 1-  4]
QE s c or e x MT met r i c s :  Pear s on’ s 
c or r e l a t i on ac r os s dat as et s  pr oduc ed by 
di f f er ent  MT s y s t ems :

(Jour nal  of  MT 201 0)

Tes t  s et Tr ai ni ng s et Pear s on QE 
and  human

S3 en- es S1  en-es 0. 478
S2 en-es 0. 51 7
S3 en-es 0. 542
S4 en-es 0. 423

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



Sour ce t ext Tr ans l at i onMT 
s ys t em

Conf i denc
e 

i ndi cat or
s

Compl exi t
y 

i ndi cat or
s

Fl uency 
i ndi cat or

s

Adequacy
i ndi cat or

s

Qual i t y? ? ?

Feat ur es  

• Shal l ow vs  l i ngui s t i cal l y mot i vat ed 
• MT s ys t em- dependent  vs  i ndependent



Sour ce f eat ur es  

Sour c e sent enc e l engt h

Language model  of  s our c e 

Aver age number  of  pos s i b l e t r ans l a t i ons per  

s our c e wor d

% of  n-gr ams bel ongi ng t o di f f er ent  f r equenc y 

quar t i l es  of  t he s our c e  s i de of  t he par a l l e l  

c or pus

Aver age s our c e wor d l engt h

… 



Tar get  f eat ur es  

Tar get  s ent enc e l engt h

Language model  of  t ar get

Pr opor t i on of  unt r ans l at ed wor ds

Gr ammar  c hec k i ng

Mi smat c hi ng openi ng/c l os i ng br ac k et s ,  quot at i on 

s ymbol s

Coher enc e of  t he t ar get  s ent enc e

…



MT f eat ur es  ( conf i dence)

SMT model  gl oba l  s c or e and i nt er nal  f eat ur es

 Di s t or t i on c ount ,  phr as e pr obabi l i t y ,  . . .

% sear c h nodes abor t ed,  pr uned,  r ec ombi ned … 

Language model  us i ng n-bes t  l i s t  as c or pus 

Di s t anc e t o c ent r e hy pot hes i s i n t he n-bes t  l i s t

Rel at i v e f r equenc y of  t he wor ds i n t he 

t r ans l a t i on i n t he n-bes t  l i s t  

Rat i o of  SMT model  s c or e of  t he t op t r ans l a t i on 

t o t he s um of  t he s c or es of  al l  hy pot hes i s  i n 

t he n-bes t  l i s t

…



Sour ce- t ar get  f eat ur es  

Rat i o bet ween s our c e and t ar get  s ent enc e l engt hs

Punc t uat i on c hec k i ng (t ar get  v s s our c e)

Cor r ec t  t r ans l a t i on of  pr onouns

Mat c hi ng of  phr as e/POS t ags

Mat c hi ng of  dependenc y r e l a t i ons

Mat c hi ng of  named ent i t i es

Mat c hi ng of  s emant i c  r ol e l abe l s

Al i gnment  of  t hes e and ot her  l i ngui s t i c  mar k er s

…



MT s ys t em s el ect i on
Appr oach:  

 Tr ai n  QE model s  f or  eac h MT s y s t em 
(i ndi vi dual l y)

 Use al l  MT s y s t ems t o t r ans l at e  eac h i nput  
s egment  

 Es t i mat e  t he QE s c or e f or  eac h al t er nat i v e 
t r ans l a t i on

 Sel ect  t he t r ans l a t i on wi t h t he hi ghes t  CE 
s cor e

Exper i ment s :
 En- Es  Eur opar l  [ 1- 4]  dat as et s ,  4 MT s y s t ems

Resul t s :  
 77% ac c ur ac y i n s el ec t i ng t he best  t r ans l at i on 
• Bas el i ne:  54% (maj or i t y  c l as s :  best  syst em)



How do QE s ys t ems  per f or m?
Sel ec t i ng onl y good t r ans l a t i ons :  [3-4] 
(en-es)
 Av er age human s c or es i n t he t op n t r ans l a t i ons :

2.5

2.6

2.7

2.8

2.9

3

3.1

3.2

3.3

3.4

3.5

3.6

3.7

average top 100 average top 200 average top 300 average top 500

Average scores x TOP N

Human

CE

Aborted nodes

SMT score

Ratio scores

LM target

LM source

Bi-phrase prob

TM

Sent length

BAD 117

BAD 76


