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More	  data	  is	  be?er
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Few	  languages	  have	  sufficient	  
amounts	  of	  data

Urdu
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Parliament
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Goals	  for	  this	  lecture

• Introduce	  you	  to	  crowdsourcing	  via	  Amazon’s	  
Mechanical	  Turk

• Can	  we	  create	  training	  data	  for	  SMT?	  
– How	  good	  are	  non-‐professional	  translators?
– How	  much	  would	  it	  cost	  to	  create	  a	  parallel	  corpus?
– Can	  we	  find	  speakers	  for	  low	  resource	  languages?
– Can	  we	  train	  an	  SMT	  system	  from	  this	  data?

• What	  would	  low	  cost,	  high	  quality	  transla&ons	  
enable	  us	  to	  do?
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Who	  are	  the	  Turkers?
• Requesters	  are	  given	  very	  li?le	  informa&on	  about	  
Turkers	  -‐	  basically	  just	  a	  serial	  number

• No	  names,	  no	  demographic	  informa&on	  (like	  what	  
languages	  they	  speak)

• Cannot	  assume	  that	  they	  have	  a	  par&cular	  set	  of	  
skills	  

• They	  should	  be	  treated	  as	  non-‐experts
• Quality	  control	  is	  a	  major	  challenge
• It	  important	  to	  design	  tasks	  to	  be	  simple	  and	  easy	  to	  
understand
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Other	  NLP	  applica&ons

• Workshop	  on	  Using	  Mechanical	  Turk	  for	  
Speech	  and	  Language	  Applica&ons

• 35	  researchers	  spent	  $100,	  wrote	  papers,	  and	  
distributed	  their	  data

• Mark	  Dredze	  and	  I	  wrote	  an	  overview	  paper	  
diges&ng	  the	  results	   9



$100	  Shared	  Task

10

• Traditional NLP tasks
‣ WSD, RTE, NLG, common 

sense knowledge

• Speech and Vision
‣ Transcribed speech, accented 

speech, handwriting OCR

• Sentiment, Polarity, Bias
‣ Cross language, blogs

• Information Retrieval
‣ TREC style annotations

• Information Extraction
‣ Relation extraction, NER

• Machine Translation
‣ Paraphrases, alignments, 

training and eval sets, rule 
cleaning



Leaderboard	  
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Transla&on	  on	  
Mechanical	  Turk

• Can	  Turkers	  do	  tasks	  as	  complex	  as	  
transla&on?

• How	  do	  we	  design	  the	  task	  to	  thwart	  chea&ng?
• What	  mechanisms	  can	  we	  use	  to	  ensure	  high	  
quality	  transla&ons?
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Machine Translate

<script language="Javascript">
<!--
function getUserInfo() {
	
 var userDisplayLanguage = navigator.language ? navigator.language : navigator.userDisplayLanguage;
	
 var country = sGeobytesCountry;
	
 var city = sGeobytesCity;
	
 var region = sGeobytesRegion;

	
 document.mturk_form.userDisplayLanguage.value = userDisplayLanguage;
	
 document.mturk_form.country.value = country;
	
 document.mturk_form.city.value = city;
	
 document.mturk_form.region.value = region;
}

getUserInfo();
// -->









In 1994, the remains of 
pre-historic man, which 

are believed to be 
800,000 years old were 

discovered and they were 
named ‘Home Antecessor’ 

meaning ‘The Founding 
Man’.  Prior to that 6 lac 
years old humans, named 

as Homogenisens in 
scientific terms, were 

beleived to be the 
oldest dewellers of this 

area. 

Professionals	  v.	  Turkers

1994 میں اس خطے میں 
ابتدائی انسانوں کی باقیات 
جو تقریبـاً 8 ;کھ سال پرانی 
مانی جاتی ہے، دریافت کی 

گئیں جنہیں ہومو اینٹی 
سیسر یعنی ’بانی انسان‘ کا 

نام دیا گیا۔
اس سے قبل 6 ;کھ پرانے 

انسان جنہیں سائنسی 
اصطTح میں ہومو 

ہیڈلبرجینسس کہا جاتا ہے، 
اس خطے کے قدیم ترین 

In 1994, the remains of 
early human beings who 
were believed to be eight 
hundred thousand years 
old were discovered who 

were given the name 
homo antecessor meaning 

the 'founder man'.
Prior to this, the six 

hundred thousand years 
old man, called homo 
heidelebergenisis in 
scientific terms, was 

believed to be the earliest 
resident of this area.

Urdu LDC Translation Turk Translation
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Measuring	  Transla&on	  Quality
• We’d	  like	  to	  quan&fy	  how	  good	  (or	  bad)	  the	  
transla&ons	  are

• Automa&c	  metrics	  (like	  Bleu)	  compare	  a	  
transla&on	  against	  a	  set	  of	  reference	  transla&ons

• Generally	  used	  to	  measure	  machine	  transla&on	  
quality	  but	  we	  apply	  them	  to	  humans

• Measure	  one	  professional	  translator’s	  transla&ons	  
against	  three	  other	  professionals
– Gives	  us	  a	  range	  of	  what	  to	  expect	  in	  good	  transla&ons

18
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(professional	  v	  Turk	  w/o	  QC)
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Improving	  quality	  through	  
redundancy

• We	  have	  collected	  mul&ple	  transla&ons	  for	  each	  
source	  segment
– 4	  transla&ons,	  a	  total	  of	  10	  edits

• Selec&on	  strategies
– Pick	  best	  on	  a	  sentence-‐by-‐sentence	  basis	  
– try	  to	  pick	  the	  best	  Turker

• Goal:	  use	  machine	  learning	  to	  predict	  
transla&on	  goodness

20



Avoiding dieting to 
prevent from flu

abstention from 
dieting in order to 

avoid Flu

Abstain from decrease 
eating in order to 
escape from flue

In order to be safer 
from flu quit dieting

This research of 
American scientists 
came in front after 
experimenting on 

mice.

This research from 
the American 

Scientists have come 
up after the 

experiments on rats.

This research of 
American scientists 

was shown after 
many experiments 

on mouses.

According to the 
American Scientist 
this research has 

come out after much 
experimentations on 

rats.

Experiments proved 
that mice on a lower 

calorie diet had 
comparatively less 

ability to fight the flu 
virus.

in has been proven 
from experiments 

that rats put on diet 
with less calories 
had less ability to 

resist the Flu virus.

It was proved by 
experiments the low 

calories eaters 
mouses had low 

defending power for 
flue in ratio.

Experimentaions have 
proved that those 

rats on less calories 
diet have developed a 

tendency of not 
overcoming the flu 

virus.

research has proven 
this old myth wrong 
that its better to fast 

during fever.

Research disproved 
the old axiom that " 
It is better to fast 

during fever"

The research proved 
this old talk that 
decrease eating is 

useful in fever.

This Research has 
proved the very old 
saying wrong that it 
is good to starve 

while in fever.
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Bleu	  Scores	  
(ORACLE	  selec&on)
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average
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sentence
Oracle
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Turker
Oracle

.41.44.28.42
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Quality	  Control	  Model

• Model	  assigns	  a	  score	  to	  transla&ons	  based	  on	  
weighted	  features

• 4	  groups	  of	  features	  
– Sentence	  features
– Turker	  features
– Ranking	  featured	  (based	  on	  second	  pass	  vote)
– Calibra&on	  feature	  (Bleu	  against	  professionals)

• Weights	  are	  set	  on	  a	  dev	  set	  of	  professional	  
transla&ons

27



JOHNS HOPKINS
U N I V E R S I T Y

Quality	  Control	  Model

• Sentence	  Features
– Language	  model	  probability
– Ra&o	  of	  source	  /	  target	  sentence	  lengths
–Web	  n-‐gram	  match	  percentage
– Transla&on	  edit	  rate	  to	  other	  translators

28
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Quality	  Control	  Model

• Worker	  Features
– Aggregate	  of	  sentence	  feature	  scores
– Self-‐reported	  language	  abili&es	  (Is	  na&ve	  
speaker?	  How	  long	  speaking?)

–Worker	  loca&on	  (Pakistan?	  India?)

29
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Quality	  Control	  Model

• Ranking	  features
– Average	  rank:	  averaged	  over	  the	  five	  rank	  
labels	  for	  this	  transla&on

– Is-‐Best	  percentage
– Is-‐Be?er	  percentage	  

31
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.37

.42
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Turker 
average
(random 
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selection by 
other Turkers

.37.34.28

Baseline	  selec&on	  method	  
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%	  of	  LDC	  data	  used	  
for	  calibra&on

0.37

0.38

0.39

0.39

0.40

0.0 0.2 0.4 0.6 0.8 1.034

10%	  calibra&on	  +	  other	  features

Calibra&on	  only
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Post-‐Edi&ng

• The	  transla&ons	  were	  produced	  by	  non-‐na&ve	  
English	  speakers

• Pre?y	  obvious	  that	  they	  have	  spelling	  and	  
grammar	  errors
– US-‐based	  Turkers	  to	  the	  rescue!	  

• Each	  transla&ons	  was	  post-‐edited	  by	  3	  other	  
Turkers	  

• How	  much	  of	  a	  difference	  did	  it	  make?

35
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Why	  didn’t	  edi&ng	  help	  more?

• Post-‐edi&ng	  improves	  results	  by	  ~1	  Bleu	  point
• Because	  there	  are	  many	  easy-‐to-‐correct	  
gramma&cal,	  spelling	  errors,	  we	  should	  get	  more

• One	  problem	  is	  the	  design	  of	  the	  edi&ng	  HIT
– Free	  form	  text	  box	  

• We	  have	  no	  good	  mechanism	  for	  quality	  control	  
– Turkers	  tend	  to	  be	  lazy	  and	  make	  few/no	  corrects
– So	  taking	  a	  consensus	  of	  the	  edits	  doesn’t	  work

37



A	  be?er	  edi&ng	  HIT

• Include	  controls	  in	  the	  edi&ng	  HIT	  to	  dis&nguish	  
good/bad	  editors

• Create	  a	  sentence	  with	  a	  known	  set	  of	  correc&ons:	  
– Start	  with	  a	  gramma&cal	  English	  sentence
– Make	  several	  transforma&ons	  to	  it	  

• Break	  subject-‐verb	  agreement	  /	  change	  preposi&ons	  /	  etc

• Measure	  how	  many	  transforma&ons	  are	  fixed
• Easier	  if	  we	  require	  structured	  correc&ons

38



ESL	  HIT

39



ESL	  HIT

40

Word choice/
Awk phrases

Spelling and 
capitalization

Wrong/missing 
determiners
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Quality	  wrap	  up
• Crowdsourced	  transla&ons	  can	  reach	  high	  
quality	  amer	  quality	  control
– Gather	  redundant	  transla&ons
– Calibrate	  against	  small	  amount	  of	  professional	  
transla&ons

– Do	  second	  passes	  over	  the	  data	  where	  other	  
Turkers	  select	  best	  transla&ons

– Post-‐edit	  the	  non-‐na&ve	  transla&ons
• In	  the	  future:	  explicitly	  deal	  with	  ESL

41
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Cost

• Single-‐pass	  Mechanical	  Turk	  transla&on	  is	  60	  &mes	  
less	  expensive	  than	  professional	  transla&on

• I	  pay	  ~$1	  per	  10	  sentences	  =	  $0.005	  /	  per	  word
• Addi&onal	  costs:

– 4x	  redundancy	  on	  transla&on
– Second-‐pass	  selec&on
– Edi&ng	  by	  na&ve	  English	  speakers

• Mechanical	  Turk	  is	  s&ll	  an	  order	  of	  magnitude	  
cheaper	  than	  professionals
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Cost

• Paid	  $1	  to	  translate	  10	  sentences,	  $0.25	  to	  edit	  
them,	  and	  $0.15	  to	  rank	  them

• With	  Amazon’s	  10%	  fee	  our	  total	  <$1,500	  for	  7k	  
transla&ons,	  17k	  edited	  sentences,	  35k	  ranks

• For	  10%	  calibra&on	  data,	  cost	  increases	  by	  $1k

43

Done	  once w/	  redundancy
Transla&on	   $179.20 $716.80
Edi&ng $44.75 $447.50
Ranking $26.88 $134.40
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Cost	  Reduc&on

• Current	  pipeline	  is	  dominated	  by	  cost	  of	  
professional	  transla&on	  used	  for	  calibra&on
– Can	  we	  reduce	  this	  by	  using	  a	  small	  %	  of	  that	  data?
– Can	  we	  further	  reduce	  by	  using	  1	  ref	  instead	  of	  4?
– Can	  we	  get	  away	  with	  no	  calibra&on	  at	  all?
– Does	  calibra&on	  data	  have	  to	  come	  from	  the	  
current	  test	  set?	  	  Or	  can	  we	  just	  have	  one	  
calibra&on	  set	  per	  language	  for	  all	  &me?
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Cost	  Reduc&on

• In	  terms	  of	  the	  crowdsourced	  components,	  the	  
most	  costly	  part	  is	  redundancy	  in	  transla&on
– Do	  we	  need	  redundant	  transla&ons	  of	  every	  
sentence?

– Can	  we	  tell	  whether	  one	  transla&on	  is	  “good	  
enough”?

– I.e.	  can	  we	  predict	  if	  we	  solicit	  another	  transla&on	  
whether	  it	  will	  be	  be?er	  than	  the	  ones	  we	  have?

– Can	  we	  iden&fy	  good	  Turkers	  and	  incen&vize	  them	  
to	  do	  more,	  so	  that	  we	  can	  reduce	  redundancy?
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Cost	  Variance

• Some	  language	  pairs	  may	  be	  more	  costly	  than	  
others
– Some	  countries	  have	  higher	  costs	  of	  living	  than	  
others

– Some	  languages	  are	  not	  as	  well	  represented	  on	  
Mechanical	  Turk	  (classic	  supply	  and	  demand)

• Speed	  /	  quality	  may	  be	  affected	  by	  payment
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Less	  Commonly	  Taught	  /	  Low	  
Resource	  Languages	  

• I	  would	  like	  to	  use	  this	  as	  a	  resource	  for	  crea&ng	  
data	  for	  low	  resource	  languages

• Low	  resource	  languages	  are	  ones	  where	  we	  do	  
not	  have	  much	  parallel	  data	  

• Therefore	  transla&ng	  sta&s&cal	  machine	  
transla&on	  models	  is	  problema&c
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Volume	  Study
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Quality	  v	  quan&ty	  when	  
training	  sta&s&cal	  models

• Inves&ng	  more	  money	  results	  in	  higher	  quality	  
transla&on,	  but	  we	  get	  fewer	  items

• When	  training	  a	  sta&s&cal	  model,	  how	  much	  
should	  we	  spend	  to	  ensure	  high	  quality	  
transla&ons?

• How	  robust	  	  to	  noise	  are	  our	  models?
• ASR	  experiments	  suggested	  not	  worth	  worrying	  
too	  much	  about	  quality
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Comparing Cost of Reducing WER
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Cost.per.Hour.of.Transcription.(log.scale)

$150/hr.E Professional

$90/hr.E CastingWords

$5/hr.E Mechanical.Turk

$15/hr.E Mturk.w/.Oracle.QC

Quality	  v	  quan&ty	  when	  
training	  sta&s&cal	  models

high	  quality	  professional	  transcrip&on
mturk	  transcrip&on,	  no	  QC

mturk	  with	  QC

20hrs	  =	  $300	  

60hrs	  =	  $300
20hrs	  =	  $3000
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Arabic	  Dialects
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Maghrebi Egyptian

Levantine Iraqi

Gulf

Other

Arabic has different varieties.  MSA is the standardized form 
but there are many distinct regional dialects. 



Transla&ng	  Dialects	  with	  MSA	  MT

MSA:

Levantine:

PT: Quando veremos esse grupo de criminosos serem julgados? 
ES-EN: Quando esse group of criminals see Serem julgados?



Arabic	  Dialect	  in	  Online	  Comments
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MSA Article body (        )

Reader comments





Crowdsourcing	  Dialect	  ID

• Labeled	  142k	  comments	  gathered	  from	  three	  
online	  newspapers:
– Al-‐Ghad		,)الغد(    a	  Jordanian	  newspaper

– Al-‐Riyadh		,)الرياض(    a	  Saudi	  newspaperMSA

– Al-‐Youm	  Al-‐Sabe'		,(اليوم  	السابع)    an	  Egyp&an	  newspaper

• 59%	  MSA,	  41%	  dialect	  
• Trained	  classifiers	  with	  80-‐90%	  accuracy

59

Full	  details	  in	  Zaidan	  and	  Callison-‐
Burch	  (ACL	  2011b)

EGY 

LEV 

GLF 

MSA 

MSA 

MSA 



Label	  Distribu&on
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(a)	  All	  sources (b)	  Al-‐Ghad

(c)	  Al-‐Riyadh (d)	  Al-‐Youm



Automa&c	  dialect	  ID

61

Baselines
Majority	  class:	  	  59%

OOV	  wrt	  Arabic	  
GigaWord:	  66%

1	  le?er	  model	  
trained	  on	  our	  data:	  

68%
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“Dialectness”	  factor
Extremely	  dialectal	  
Levan&ne	  words

Extremely	  MSA	  words	  
(i.e.	  very	  unlikely	  in	  
dialectal	  context)



What	  is	  this	  useful	  for?

• Characterizing	  communicants
–What	  is	  this	  writer’s	  na&ve	  dialect?
–Where	  are	  they	  from?
– Informal	  rela&on	  with	  their	  interlocutor

• Harves&ng	  wri?en	  dialect	  from	  large	  web	  crawls
– Useful	  for	  training	  dialect	  language	  models	  for	  ASR?

• Iden&fying	  dialect	  sentence	  to	  then	  translate	  
– Training	  data	  for	  a	  sta&s&cal	  machine	  transla&on
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Crowdsourcing	  Transla&on

• Translated	  dialect-‐labeled	  segments

• 121	  workers	  completed	  20+	  assignments
• 200,000	  words	  translated	  per	  week
• Trained	  BBN’s	  machine	  transla&on	  system	  64

EGY LEV 

Dialect	  Classifica=on	  HIT $10,064
Sentence	  Segmenta=on	  HIT $1,940
Transla=on	  HIT $32,061
Total	  Cost $44,065
Num	  words	  translated 1,516,856
Cost	  per	  word 2.9	  cents/word



Examples	  of	  Dialect	  Transla&on

65

Dialect Input MSA system Dialect system Reference

           ااننتت ببتتععممـــلل 
للـهه ااععـــللاانن ووللاا 

ااييــهه ؟ !! 

You are working for 
a declaration and 
not?

You are making the 
advertisement for 
him or what?

Are you promoting it 
or what?!!

           ننففسسيي 
ااططممئئنن ععللييهه ببععدد مماا 

ششاافف االلصصووررهه دديي 

Myself feel to see 
this image.

I wish to check on 
him after he saw this 
picture.

I want to be sure that 
he is fine after he 
saw the images.

           للههييكك االلججوو 
ككتتييييييرر ككوووووولل 

God you the 
atmosphere.

This is why the 
weather is so cool

This is why the 
weather is so cool

           ططوولل ببااللكك ععمم 
ننممززحح 

Do you think about 
a joke long.

Calm down we are 
kidding

Calm down, we are 
only kidding

EGY 

EGY 

LEV 

LEV 



Dialect	  versus	  MSA
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Matsoukas,	  Schwartz,	  Makhoul,	  Zaidan,	  &	  Callison-‐
Burch	  (NAACL	  2012)
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Value	  of	  MSA	  diminishes	  as	  
dialect	  data	  increases
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Dialect	  v.	  MSA	  takeaway

68

Arabic	  
Dialect-‐English

1.5M

MSA-‐English

200M+

2	  months 5	  years
$44k $10s	  of	  millions

+6	  Bleu no	  added	  Bleu

>

For	  dialect	  transla=on



Implica&ons	  of	  low	  cost,	  high	  
quality	  transla&ons	  for	  research



The Los Angeles Times reported that at about 5:20 
P.M. on Tuesday March 4, 2003, a bomb concealed 
in a backpack exploded at the airport in Davao City, 
the second largest city in the Philippines. At least 23 
people were reported dead, with more than 140 
injured, and President Arroyo of the Philippines 
characterized the blast as a terrorist act. 

With the 13 hour time difference, it was then at 4:20 
A.M on the same date in Washington, DC. Twenty-
four hours later, at 4:13 A.M. on March 5, 
participants in the Translingual Information 
Detection, Extraction and Summarization (TIDES) 
program were notified that Cebuano had been chosen 
as the language of interest for a “surprise language” 
practice exercise that had been planned quite 
independently to begin on that date. The notification 
observed that Cebuano is spoken by 24% of the 
population of the Philippines and that it is the lingua 
franca in the south Philippines, where the event 
occurred.

We	  want	  to	  respond	  to	  a	  
“Surprise	  Language”



JOHNS HOPKINS
U N I V E R S I T Y

100	  languages
• Microsom	  translator	  does	  35	  languages
• Google	  does	  57	  languages
• The	  DoD’s	  Center	  for	  Applied	  MT	  does	  64
• There	  is	  not	  enough	  data	  to	  reach	  
acceptably	  high	  quality	  in	  new	  languages

• I	  want	  us	  to	  do	  100	  languages
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Ques&ons?


