
1 Thanks to Chris Dyer and Marcello Federico for sharing slides and ideas. 



• Mo#va#on	
  
– Why	
  Machine	
  Transla#on?	
  

– Do	
  we	
  need	
  research	
  in	
  Machine	
  Transla#on?	
  
– Why	
  is	
  Machine	
  Transla#on	
  so	
  Difficult?	
  

•  Approaches	
  to	
  MT	
  

• Machine	
  Transla#on	
  Evalua#on	
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•  Informa#on	
  society	
  and	
  produc#on	
  of	
  mul#lingual	
  
content	
  	
  
– 7	
  billion	
  people	
  -­‐	
  193	
  countries	
  -­‐	
  over	
  150	
  official	
  
languages	
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  and	
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•  Informa#on	
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  mul#lingual	
  
content	
  	
  
– 7	
  billion	
  people	
  -­‐	
  193	
  countries	
  -­‐	
  over	
  150	
  official	
  
languages	
  

•  Globaliza#on	
  and	
  demand	
  for	
  transla#on	
  services	
  
– >	
  1,000	
  global	
  companies	
  opera#ng	
  in	
  at	
  least	
  160	
  
countries	
  

•  Size	
  of	
  worldwide	
  transla#on	
  market	
  
– 12.5	
  billion	
  $	
  per	
  year	
  ≈	
  34	
  million	
  $	
  per	
  day	
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•  Size	
  of	
  transla#on	
  industry	
  	
  
–  >	
  3,000	
  transla#on	
  companies	
  	
  
–  >	
  250,000	
  translators	
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•  MT	
  can	
  improve	
  produc#vity	
  of	
  human	
  translators	
  
–  integra#on	
  of	
  MT	
  with	
  human	
  transla#on	
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–  integra#on	
  of	
  MT	
  with	
  human	
  transla#on	
  (post-­‐edi#ng)	
  

•  MT	
  can	
  supply	
  cheap	
  gist	
  transla#on	
  
–  compe##ve	
  quality-­‐cost-­‐speed	
  trade-­‐off	
  

•  …	
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  improve	
  produc#vity	
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–  integra#on	
  of	
  MT	
  with	
  human	
  transla#on	
  (post-­‐edi#ng)	
  

•  MT	
  can	
  supply	
  cheap	
  gist	
  transla#on	
  
–  compe##ve	
  quality-­‐cost-­‐speed	
  trade-­‐off	
  

•  …	
  

Source:	
  Common	
  Sense	
  Advisory,	
  2010	
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14 

Chinglish examples, 
some of which 
resulting from MT 
errors. 
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•  Chinese	
  –	
  English	
  
– difficult	
  transla#on	
  direc#on	
  

– different	
  alphabet	
  	
  
– several	
  Chinese	
  dialects	
  
– less	
  resources	
  than	
  other	
  direc#ons	
  
– …	
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•  High	
  quality	
  human	
  transla#on	
  implies:	
  
–  deep	
  and	
  rich	
  understanding	
  of	
  source	
  language	
  and	
  text	
  	
  
–  sophis#cated	
  and	
  crea#ve	
  command	
  of	
  target	
  language	
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  and	
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  understanding	
  of	
  source	
  language	
  and	
  text	
  	
  
– sophis#cated	
  and	
  crea#ve	
  command	
  of	
  target	
  language	
  

•  Feasible	
  goals	
  for	
  machine	
  transla#on	
  are	
  tasks	
  where:	
  
– even	
  approximate	
  transla#on	
  are	
  helpful	
  (gist	
  transla#on)	
  
– professional	
  translators	
  can	
  take	
  advantage	
  of	
  it	
  (computer	
  
assisted	
  transla#on)	
  	
  

–  linguis#c	
  domain	
  is	
  very	
  focused	
  and	
  limited	
  (apps	
  for	
  
travelers)	
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•  High	
  quality	
  human	
  transla#on	
  implies:	
  
–  deep	
  and	
  rich	
  understanding	
  of	
  source	
  language	
  and	
  text	
  	
  
–  sophis#cated	
  and	
  crea#ve	
  command	
  of	
  target	
  language	
  

•  Feasible	
  goals	
  for	
  machine	
  transla#on	
  are	
  tasks	
  were:	
  
–  even	
  approximate	
  transla#on	
  are	
  helpful	
  (gist	
  transla#on)	
  
–  professional	
  translators	
  can	
  take	
  advantage	
  of	
  it	
  (computer	
  

assisted	
  transla#on)	
  	
  
–  linguis#c	
  domain	
  is	
  very	
  focused	
  and	
  limited	
  (apps	
  for	
  travelers)	
  

•  Difficulty	
  of	
  transla#ng	
  depends	
  on	
  how	
  similar	
  the	
  target	
  and	
  
source	
  languages	
  are	
  in	
  their	
  vocabulary,	
  grammar,	
  and	
  
conceptual	
  structure.	
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Gist	
  transla#on	
  for	
  social	
  media	
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Gist	
  transla#on	
  for	
  social	
  media	
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Speech	
  Transla#on	
  app.	
  

Carrier 12:00 PM

Carrier12:00 PM
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Integration of MT into computer assisted translation 
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•  Universal	
  communica#ve	
  role	
  of	
  language	
  
– names	
  for	
  people,	
  words	
  for	
  talking	
  about	
  women,	
  men,	
  
children	
  	
  

– every	
  language	
  seems	
  to	
  have	
  nouns	
  and	
  verbs	
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•  Differences/similari#es	
  across	
  large	
  classes	
  of	
  languages:	
  
– Morphology:	
  	
  
one	
  vs.	
  many	
  morphemes	
  per	
  words,	
  agglu#na#on	
  vs.	
  fusion	
  

– Syntax:	
  	
  
Subj-­‐Verb-­‐Obj	
  structure	
  (E)	
  vs.	
  SOV	
  (J)	
  vs.	
  VSO	
  (Irish)	
  

– Seman#cs:	
  	
  
mapping	
  of	
  seman#c	
  roles	
  and	
  meaning	
  of	
  words	
  	
  

	
   e.g.	
  direc#on/manner	
  of	
  mo#on	
  indicated	
  by	
  verb/satellite	
  in	
  
the	
  boele	
  floated	
  out	
  (E)	
  →	
  la	
  botella	
  salio	
  flotando	
  (S)	
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•  Lexical	
  divergence	
  between	
  languages:	
  
– Seman#cs:	
  
there	
  is	
  no	
  corresponding	
  word	
  with	
  the	
  same	
  meaning	
  	
  

	
   wall	
  (E)	
  →	
  Wand/Mauer	
  (D,	
  inside/outside)	
  

– Syntax:	
  	
  
a	
  word	
  is	
  beeer	
  translated	
  into	
  another	
  part-­‐of-­‐speech	
  	
  

	
   she	
  likes	
  to	
  sing	
  (E,v)	
  →	
  sie	
  singt	
  gerne	
  (D,adv)	
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•  Some	
  languages	
  make	
  dis#nc#ons	
  that	
  other	
  languages	
  
don’t	
  

•  Difficulty	
  to	
  translate	
  from	
  less	
  specific	
  into	
  more	
  specific	
  
informa#on	
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• Mo#va#on	
  
– Why	
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  Transla#on?	
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  Machine	
  Transla#on?	
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  is	
  Machine	
  Transla#on	
  so	
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•  Approaches	
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  MT	
  

• Machine	
  Transla#on	
  Evalua#on	
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•  How	
  is	
  knowledge	
  and	
  linguis#c	
  informa#on	
  
acquired	
  by	
  the	
  system?	
  	
  
– Hand-­‐craked	
  

– Machine-­‐learned	
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•  Hand-­‐craked:	
  	
  
– knowledge	
  for	
  analysis,	
  transfer,	
  genera#on,	
  
meaning	
  representa#on,	
  or	
  direct	
  transla#on	
  is	
  
manually	
  developed	
  
• most	
  of	
  commercial	
  MT	
  systems	
  fall	
  into	
  this	
  category	
  

•  requires	
  lots	
  of	
  human	
  labor	
  and	
  exper#se	
  	
  

•  includes:	
  rule-­‐based	
  MT	
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• Machine-­‐learned:	
  	
  
– representa#ons	
  are	
  implemented	
  by	
  mathema#cal	
  
models	
  learnable	
  from	
  data	
  
• much	
  less	
  human	
  effort	
  is	
  needed	
  

•  requires	
  huge	
  amounts	
  of	
  data	
  (parallel	
  corpora	
  of	
  human	
  
transla#ons),	
  the	
  more,	
  the	
  beeer!	
  

•  	
  includes:	
  sta#s#cal	
  MT	
  and	
  example-­‐based	
  MT	
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•  before	
  1900	
  -­‐	
  various	
  sugges#ons	
  about	
  “mechanic”	
  transla#on	
  

•  1940s	
  –	
  computers used to crack the German Enigma code in World War II 	
  

•  1947	
  -­‐	
  Weaver	
  leeer	
  outlining	
  transla#on	
  as	
  a	
  problem	
  in	
  cryptography	
  

•  1954	
  -­‐	
  Georgetown	
  Experiments	
  showed	
  “promise”	
  of	
  Russian-­‐English	
  MT	
  

•  1966	
  -­‐	
  ALPAC	
  report	
  shiks	
  funding	
  to	
  basic	
  research	
  in	
  computa#onal	
  linguis#cs	
  

•  1968	
  -­‐	
  MT	
  company	
  SYSTRAN	
  founded	
  (s#ll	
  in	
  existence)	
  

•  1970s	
  -­‐	
  advances	
  in	
  formal	
  languages	
  and	
  automata	
  theory;	
  development	
  of	
  sta$s$cal	
  speech	
  
recogni$on	
  techniques	
  at	
  IBM	
  and	
  Princeton	
  

•  1993	
  -­‐	
  Weaver’s	
  model	
  of	
  transla#on	
  prototyped	
  by	
  IBM;	
  sta$s$cal	
  revolu$on	
  

•  1999	
  -­‐	
  Open	
  source	
  reimplementa#on	
  of	
  IBM	
  models	
  

•  2000s	
  -­‐	
  Major	
  modeling	
  advances,	
  rediscovery	
  of	
  syntax,	
  large	
  scale	
  funding	
  

•  2006	
  -­‐	
  Open	
  source	
  Moses	
  decoder	
  development	
  begins	
  

•  2006	
  -­‐	
  Google	
  Translate	
  launches	
  
•  2010	
  -­‐	
  SDL	
  acquires	
  Language	
  Weaver	
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One naturally wonders if the 
problem of translation could 
conceivably be treated as a 
problem in cryptography.  When I 
look at an article in Russian, I 
say: ‘This is really written in 
English, but it has been coded in 
some strange symbols. I will now 
proceed to decode.’ 
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Claude Shannon. “A Mathematical Theory of 
Communication” 1948. 
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Claude Shannon. “A Mathematical Theory of 
Communication” 1948. 
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Sent 
transmission 
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Claude Shannon. “A Mathematical Theory of 
Communication” 1948. 

Message 
Received 
transmission 

Sent 
transmission 
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Claude Shannon. “A Mathematical Theory of 
Communication” 1948. 

Message Recovered 
message 

Received 
transmission 

Sent 
transmission 
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Claude Shannon. “A Mathematical Theory of 
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Claude Shannon. “A Mathematical Theory of 
Communication” 1948. 

Message Recovered 
message 

Received 
transmission 

Shannon’s theory tells us:  

1.  how much data you can send 
2.  the limits of compression 
3.  why your download is so slow 
4.  how to translate 

Sent 
transmission 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 
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transmission 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 

I can help 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 

Denominator does not depend on y 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 

English Italian English’ 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 

English Italian English’ 

translation model 
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Recovered 
message 

Sent 
transmission 

Received 
transmission 

English Italian English’ 

translation model 
language model Introduction to Machine Translation – Turchi 



•  provides	
  transla#on	
  back	
  into	
  the	
  source	
  
•  learned	
  from	
  parallel	
  data	
  

–  target	
  literally	
  transla#on	
  of	
  the	
  source	
  

•  guarantees	
  adequacy	
  of	
  transla#on	
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•  probability	
  of	
  finding	
  a	
  sequence	
  of	
  words	
  in	
  the	
  
target	
  language	
  

–  guarantees	
  fluency	
  of	
  transla#on	
  

•  supports	
  difficult	
  decisions	
  in	
  word	
  order	
  and	
  
word	
  transla#on	
  	
  

•  learned	
  from	
  any	
  target	
  language	
  corpus	
  

•  Tues.,	
  9th	
  Kenneth	
  Heafield	
  -­‐	
  Language	
  modelling	
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Greek 

Egyptian 



•  Parallel	
  sentences	
  

61 

orientaleventofreddounsoffieràdomanidiseratadalla

blowwillwindchillyeasternaneveningtomorrowsince eastern Alpstheaffectsbreezecoolan

un Alpileinteressaestdafreddovento
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•  Parallel	
  sentences	
  and	
  word	
  alignment	
  	
  

•  Mon.,	
  8th	
  Mark	
  Fishel	
  -­‐	
  Word	
  Alignment	
  

62 

orientaleventofreddounsoffieràdomanidiseratadalla

blowwillwindchillyeasternaneveningtomorrowsince

un Alpileinteressaestdafreddovento

eastern Alpstheaffectsbreezecoolan
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orientaleventofreddounsoffieràdomanidiseratadalla

blowwillwindchillyeasternaneveningtomorrowsince

un Alpileinteressaestdafreddovento

eastern Alpstheaffectsbreezecoolan

•  Word	
  transla#on	
  probabili#es	
  

15 0.15chill

...... ...

probs

0.43
0.10

0.2828cool
cold 43

10chilly

counts
translations of
freddo

•  Parallel	
  sentences	
  and	
  word	
  alignment	
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orientaleventofreddounsoffieràdomanidiseratadalla

blowwillwindchillyeasternaneveningtomorrowsince

un Alpileinteressaestdafreddovento

eastern Alpstheaffectsbreezecoolan

•  Word	
  transla#on	
  probabili#es	
  

15 0.15chill

...... ...

probs

0.43
0.10

0.2828cool
cold 43

10chilly

counts
translations of
freddo

.........

59 0.59wind

probs

0.2626breeze

counts
translations of
vento

•  Parallel	
  sentences	
  and	
  word	
  alignment	
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orientaleventofreddounsoffieràdomanidiseratadalla

blowwillwindchillyeasternaneveningtomorrowsince

un Alpileinteressaestdafreddovento

eastern Alpstheaffectsbreezecoolan

•  Word	
  transla#on	
  probabili#es	
  

15 0.15chill

...... ...

probs

0.43
0.10

0.2828cool
cold 43

10chilly

counts
translations of
freddo

.........

59 0.59wind

probs

0.2626breeze

counts
translations of
vento

5 0.05eastern cool

...eastern ... ...

probs

0.12
0.10

0.077eastern breeze
eastern wind 12

10eastern chilly

counts
bigrams with
eastern

•  Parallel	
  sentences	
  

•  Word concatenation probabilities	
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15 0.15chill

...... ...

probs

0.43
0.10

0.2828cool
cold 43

10chilly

counts
translations of
freddo

.........

59 0.59wind

probs

0.2626breeze

counts
translations of
vento

5 0.05eastern cool

...eastern ... ...

probs

0.12
0.10

0.077eastern breeze
eastern wind 12

10eastern chilly

counts
bigrams with
eastern

•  Given	
  word	
  transla#on	
  and	
  concatena#on	
  probabili#es	
  	
  	
  

•  generate	
  possible	
  transla#ons	
  of	
  the	
  source	
  sentence	
  	
  
un freddo vento da est
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15 0.15chill

...... ...

probs

0.43
0.10

0.2828cool
cold 43

10chilly

counts
translations of
freddo

.........

59 0.59wind

probs

0.2626breeze

counts
translations of
vento

5 0.05eastern cool

...eastern ... ...

probs

0.12
0.10

0.077eastern breeze
eastern wind 12

10eastern chilly

counts
bigrams with
eastern

•  Given	
  word	
  transla#on	
  and	
  concatena#on	
  probabili#es	
  	
  	
  

•  generate	
  possible	
  transla#ons	
  of	
  the	
  source	
  sentence	
  	
  

0.10 an eastern chilly wind
0.09 a eastern cool wind

 ... ...
an eastern chilly breeze 0.05
a cold eastern wind 0.12

 0.08un freddo vento da est a cool eastern breeze
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0.10 an eastern chilly wind
0.09 a eastern cool wind

 ... ...
an eastern chilly breeze 0.05
a cold eastern wind 0.12

 0.08un freddo vento da est a cool eastern breeze

68 

15 0.15chill

...... ...

probs

0.43
0.10

0.2828cool
cold 43

10chilly

counts
translations of
freddo

.........

59 0.59wind

probs

0.2626breeze

counts
translations of
vento

5 0.05eastern cool

...eastern ... ...

probs

0.12
0.10

0.077eastern breeze
eastern wind 12

10eastern chilly

counts
bigrams with
eastern

•  Given	
  word	
  transla#on	
  and	
  concatena#on	
  probabili#es	
  	
  	
  

•  generate	
  possible	
  transla#ons	
  of	
  the	
  source	
  sentence	
  	
  

•  return	
  the	
  best	
  scoring	
  transla#on	
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•  Phrase:	
  	
  
–  sequence	
  of	
  words	
  without	
  any	
  linguis#c	
  no#on	
  

•  Phrases	
  as	
  atomic	
  elements	
  
– words	
  not	
  be	
  the	
  best	
  atomic	
  units,	
  due	
  to	
  many	
  to	
  many	
  mapping.	
  

•  Advantages:	
  
–  transla#ng	
  word	
  groups	
  helps	
  to	
  resolve	
  transla#on	
  ambigui#es	
  
–  given	
  a	
  large	
  training	
  corpora,	
  longer	
  and	
  longer	
  phrases	
  can	
  be	
  

learnt.	
  

•  Wed.,	
  10th	
  Ulrich	
  Germann	
  -­‐	
  Phrase	
  based	
  model	
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•  Discon#nuous	
  phrases,	
  i.e.	
  phrases	
  with	
  gaps	
  

•  Long-­‐range	
  reordering	
  rules	
  

•  Formalized	
  as	
  synchronous	
  context-­‐free	
  grammars	
  

•  no	
  linguis#c	
  syntax,	
  just	
  a	
  formally	
  syntac#c	
  model	
  	
  

•  The	
  model	
  is	
  fully	
  machine	
  learnable!	
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•  Linguis#c	
  syntax	
  

•  Non-­‐terminals	
  for	
  words	
  and	
  phrases:	
  np,	
  vp,	
  pp,	
  
adj,	
  ...	
  

•  Corpus	
  annotated	
  with	
  syntac#c	
  parsers	
  	
  

•  Thurs.,	
  11th	
   Marcello	
  Federico	
  -­‐	
  Hierarchical	
  and	
  
Syntac$c	
  Models	
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• Mo#va#on	
  
– Why	
  Machine	
  Transla#on?	
  

– Do	
  we	
  need	
  research	
  in	
  Machine	
  Transla#on?	
  
– Why	
  is	
  Machine	
  Transla#on	
  so	
  Difficult?	
  

•  Approaches	
  to	
  MT	
  

• Machine	
  Transla#on	
  Evalua#on	
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•  Automa#c	
  Evalua#on	
  of	
  MT	
  output	
  

	
  Source	
  
Lang.	
  
Test	
  Set	
  

Translated	
  
Test	
  Set	
  	
  

SMT	
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•  Human	
  presence	
  

	
  Source	
  
Lang.	
  
Test	
  Set	
  

Translated	
  
Test	
  Set	
  	
  

SMT	
  

•  …	
  but	
  it	
  is:	
  
•  subjec#ve	
  
•  #me	
  consuming	
  

•  difficult	
  

•  not	
  replicable	
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  Source	
  
Lang.	
  
Test	
  Set	
  

Test	
  Set	
  

Reference	
  
Test	
  Set	
  	
  

Translated	
  
Test	
  Set	
  	
  

SMT	
  

BLEU	
  
WER	
  
TER	
  

Meteor	
  
HMEANT	
  

…	
  

Score	
  

•  Reference	
  Test	
  set:	
  human	
  transla#on	
  of	
  
the	
  source	
  language	
  test	
  set	
  into	
  the	
  
target	
  language.	
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•  Large	
  amount	
  of	
  parallel	
  test	
  sets	
  in	
  different	
  languages	
  

•  Automa#c	
  Scoring	
  Methods	
  (Bleu,	
  TER,	
  WER,	
  Meteor):	
  
–  low	
  cost	
  (wrt	
  human	
  evalua#on)	
  
– objec#ve	
  (unbiased)	
  
–  informa#ve	
  (for	
  system	
  developers):	
  to	
  profile	
  system	
  
behavior	
  

– discrimina#ve:	
  to	
  tell	
  if	
  and	
  where	
  improvements	
  are	
  
– effec#ve	
  and	
  replicable:	
  to	
  be	
  computed	
  quickly	
  and	
  oken	
  

•  Tues.,	
  9th	
   Maja	
  Popovic	
  -­‐	
  MT	
  evalua$on,QE	
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•  Transla#on	
  into	
  and	
  from	
  morphologically	
  rich	
  languages	
  
– Philip	
  Williams	
  -­‐	
  Morphology	
  in	
  SMT	
  

•  Training	
  and	
  test	
  data	
  sampled	
  for	
  different	
  domains	
  
– Marine	
  Carpuat	
  -­‐	
  Domain	
  adapta#on	
  in	
  MT	
  

•  Model	
  able	
  to	
  beeer	
  generalize	
  from	
  training	
  data	
  
– Holger	
  Schwenk	
  -­‐	
  Deep	
  Learning	
  for	
  MT	
  

•  Transla#on	
  of	
  specific	
  texts	
  
– Bruno	
  Pouliquen	
  -­‐	
  Patent	
  transla#on	
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•  Document	
  transla#on	
  
–  Bonnie	
  Webber	
  -­‐	
  Discourse	
  in	
  SMT	
  

•  Transla#on	
  from	
  the	
  crowd	
  
–  Joao	
  Graca	
  -­‐	
  Crowdsourching	
  for	
  MT	
  

•  Interac#on	
  between	
  Human	
  and	
  Machine	
  Transla#on	
  System	
  
–  Francisco	
  Casacuberta	
  -­‐	
  Interac#ve	
  MT	
  

•  Post-­‐edi#ng	
  Machine	
  Translated	
  Output	
  
–  Sharon	
  O'Brien	
  -­‐	
  Post-­‐edi#ng	
  
– Marco	
  Trombex	
  -­‐	
  CAT	
  tools	
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80 Thanks to Chris Dyer and Marcello Federico for sharing slides and ideas. 


