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Sentence	  aligned	  bitexts
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EnglishFrench

L' Espagne a refusé de confirmer que l' 
Espagne avait refusé d' aider le Maroc.

Nous voyons que le gouvernement 
français a envoyé un médiateur.   

Force est de constater que la situation 
évolue chaque jour. 
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Spain declined to confirm that Spain 
declined to aid Morocco.

We see that the French government has 
sent a mediator.

We note that the situation is changing 
every day.

Torture is still being practised on a wide 
scale.

Arrest and detention without cause take 
place routinely.

This is a time for vision and political 
courage 

. . . . . .

EnglishArabic

. . . . . .

我国 能源 原材料 工� 生� 大幅度 增� .

非国大 要求 阻止 更 多 被 拘留 人� 死亡 .

China's energy and raw materials 
production up.

ANC calls for steps to prevent deaths in 
police custody .

EnglishChinese

. . . . . .
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Goals	  for	  today’s	  lecture

• Understand	  how	  to	  mine	  bitexts	  from	  the	  web
• Web	  Crawling	  101
• Review	  recent	  research	  into	  extrac,ng	  parallel	  
documents	  from	  the	  web	  and	  from	  unstructured	  
collec,ons

• What	  to	  do	  if	  you’re	  Google	  and	  you’re	  worried	  
about	  harves,ng	  your	  own	  machine	  transla,on	  
output
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The	  Web	  as	  a	  Parallel	  Corpus

• Old	  idea:
• Philip Resnik, "Parallel Strands: A Preliminary Investigation into Mining the Web for 

Bilingual Text", in Machine Translation and the Information Soup: Third Conference of 
the Association for Machine Translation in the Americas (AMTA-98), October, 1998. 

• Heuris,cally	  iden,fy	  web	  pages	  that	  are	  
poten,al	  transla,ons	  of	  each	  other

• Download	  them	  
• Do	  filtering	  to	  check	  whether	  they	  are	  really	  
transla,ons
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Heuris,c	  iden,fica,on

• Use	  link	  text
• If	  a	  page	  is	  wriOen	  in	  English,	  and	  contains	  a	  link	  
with	  the	  text	  Français

• If	  the	  target	  page	  is	  wriOen	  in	  French	  and	  
contains	  a	  link	  with	  the	  text	  English

• Then	  the	  pair	  of	  documents	  may	  be	  transla,ons	  
of	  each	  other
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Check	  for	  transla,on	  equivalence

• How	  would	  you	  check	  to	  see	  if	  two	  documents	  
were	  transla,ons	  of	  each	  other	  or	  not?

• How	  would	  your	  strategy	  differ	  if
–	  you	  didn’t	  have	  any	  bilingual	  resources
–	  you	  had	  a	  normal	  bilingual	  dic,onary
–	  you	  had	  a	  small	  amount	  of	  bitexts	  already

• Discuss	  with	  your	  neighbor
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Page	  structure	  similarity
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Resnik and Smith The Web as a Parallel Corpus

Owing to the combinatorics (an exponential number of possible substitutions), only a
fixed number of substitution combinations can be tried per English URL; however, in
Section 4.3 we describe a more scalable URL-matching algorithm.

Another possible criterion for matching is the use of document lengths. Texts
that are translations of one another tend to be similar in length, and it is reasonable to
assume that for text E in language 1 and text F in language 2, length(E) ≈ C · length(F),
where C is a constant tuned for the language pair. The use of a document length filter
is described in Smith (2001), in which such a filter is shown, at the sentence level,
to reduce the size of the search space exponentially in the confidence p in a (1 − p)
confidence interval for a linear regression model with only linear loss of good pairs.

2.1.3 Structural Filtering. The heart of STRAND is a structural filtering process that
relies on analysis of the pages’ underlying HTML to determine a set of pair-specific
structural values, and then uses those values to decide whether the pages are transla-
tions of one another. The first step in this process is to linearize the HTML structure
and ignore the actual linguistic content of the documents. We do not attempt to exploit
nonlinear structure (e.g., embedded chunks), for two reasons. First, we suspect that
many HTML authors use tags for formatting text rather than for indicating document
structure; therefore any “tree” structure is likely to be inconsistent or poorly matched.
Second, we required the matching algorithm to be fast, and algorithms for aligning
tree structures are more demanding than those for linear structures.

Both documents in the candidate pair are run through a markup analyzer that
acts as a transducer, producing a linear sequence containing three kinds of token:

[START:element_label] e.g., [START:A], [START:LI]
[END:element_label] e.g., [END:A]
[Chunk:length] e.g., [Chunk:174]

The chunk length is measured in nonwhitespace bytes, and the HTML tags are nor-
malized for case. Attribute-value pairs within the tags are treated as nonmarkup text
(e.g., <FONT COLOR="BLUE"> produces [START:FONT] followed by [Chunk:12]).

The second step is to align the linearized sequences using a standard dynamic pro-
gramming technique (Hunt and McIlroy 1975). For example, consider two documents
that begin as follows:

<HTML> <HTML>
<TITLE>Emergency Exit</TITLE> <TITLE>Sortie de Secours</TITLE>
<BODY> <BODY>
<H1>Emergency Exit</H1> Si vous êtes assis à
If seated at an exit and côté d’une . . .
...

...

The aligned linearized sequence would be as follows:

[START:HTML] [START:HTML]
[START:TITLE] [START:TITLE]
[Chunk:13] [Chunk:15]
[END:TITLE] [END:TITLE]
[START:BODY] [START:BODY]
[START:H1]
[Chunk:13]
[END:H1]
[Chunk:112] [Chunk:122]



STRAND

• %	  of	  non-‐shared	  material
• number	  of	  aligned	  non-‐markup	  text	  chunks	  that	  
are	  different	  in	  length

• correla,on	  of	  lengths	  of	  the	  text	  chunks
• significance	  level	  of	  the	  correla,on

–Set	  the	  value	  of	  each	  of	  those	  elements	  empirically	  
against	  a	  set	  of	  manually	  classified	  real-‐world	  pages
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Bilingual	  dic,onary

• Use	  a	  bilingual	  dic,onary	  to	  do	  a	  word-‐for-‐word	  
lookup	  of	  all	  the	  words	  in	  document	  A,	  compare	  
them	  to	  document	  B

• In	  addi,on	  to	  dic,onary	  transla,ons,	  can	  also	  
count	  iden,cal	  strings	  (numbers	  and	  names)	  or	  
near	  iden,cal	  strings	  (cognates)

11
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Resnik and Smith The Web as a Parallel Corpus

ria improved the quality of their parallel English-Chinese corpus by 8% (F-measure)
at the text level.

Bilingual Internet Text Search (BITS) (Ma and Liberman 1999) starts with a given
list of domains to search for parallel text. It operates by sampling pages from each
domain and identifying their languages; if a domain is deemed to be multilingual,
all pages on the site are crawled exhaustively. BITS appears to consider all possible
combinations of Web page pairs in the two languages (i.e., the full cross product within
each site) and filters out bad pairs by using a large bilingual dictionary to compute a
content-based similarity score and comparing that score to a threshold. For each page
pair, the similarity score is

similarity(A, B) =
number of translation token pairs

number of tokens in A
(1)

Translation token pairs are considered within a fixed window (i.e., a distance-based
measure of co-occurrence is used).5 In addition to cross-lingual lexical matching, BITS
filters out candidate pairs that do not match well in terms of file size, anchors (num-
bers, acronyms, and some named entities), or paragraph counts. Using an English-
German bilingual lexicon of 117,793 entries, Ma and Liberman report 99.1% precision
and 97.1% recall on a hand-picked set of 600 documents (half in each language) con-
taining 240 translation pairs (as judged by humans). This technique yielded a 63MB
parallel corpus of English-German.

Other work on Web mining has been done by Jinxi Xu of BBN (personal com-
munication), who began with our STRAND implementation and added a module for
automatically learning string substitution patterns for URLs and also implemented
a different dynamic programming algorithm for assessing structural alignment. Xu
used the modified STRAND to obtain 3,376 Chinese-English document pairs, which
we evaluated formally (see above), determining that the set has 98% precision and
61% recall.

In addition, STRAND has been reimplemented by David Martinez and colleagues
at Informatika Fakultatea in the Basque Country (personal communication), in order
to perform exploratory experiments for discovering English-Basque document pairs.

It is worth noting that STRAND, PTMiner, and BITS are all largely independent of
linguistic knowledge about the particular languages, and therefore very easily ported
to new language pairs. With the exception of the use of a bilingual dictionary (in BITS
and later versions of PTMiner), these systems require, at most, a set of URL substring
patterns for the URL pattern-matching stage (e.g., big5 ∼ english in the example above;
see further discussion in Section 4.3), and a modest amount of monolingual data for
training n-gram-based language identifiers (typically 50,000 to 100,000 characters of
text per language).

Word-level translations are worth exploiting when they are available. In Section 3
we describe a bitext-matching process using a content-based similarity score grounded
in information theory, and in Section 5 we show how structural and content-based
criteria can be combined in order to obtain performance superior to that obtained
using either method alone.

5 Many details of this technique are left unspecified in Ma and Liberman (1999), such as the threshold
for the similarity score, the distance threshold, and matching of non-one-word to one-word entries in
the dictionary.



URL	  similarity
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www.aecb.org/fra/publisher.asp?id=4090        
www.aecb.org/eng/publisher.asp?id=4090

portal.unesco.org/fr/ev.php-URL_ID=3737 
portal.unesco.org/en/ev.php-URL_ID=3737

www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp  
www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_e.asp

www.ecml.at/edl/detailsprint.asp?l=F&e=2406   
www.ecml.at/edl/detailsprint.asp?l=E&e=2406

www.rwanda-botschaft.de/embassy3/pages/
341763a3c5e7f86ced395a8f0e32b8d7nw.php?
lg=fr&src=ns0000501151840&nId=44&diflg=nodif    
www.rwanda-botschaft.de/embassy3/pages/
341763a3c5e7f86ced395a8f0e32b8d7nw.php?
lg=en&src=ns0000501151840&nId=44&diflg=nodif
www.fao.org/tc/tci/ruralinvest_fr.asp www.fao.org/tc/tci/
ruralinvest_en.asp

What about translated URLs?

www.banqueducanada.ca/2012/04/discours/vieillir-
en-beaute-inevitable-evolution/
www.bankofcanada.ca/2012/04/speeches/aging-
gracefully-canadas-inevitable/

http://www.aecb.org/fra/publisher.asp?id=4090
http://www.aecb.org/fra/publisher.asp?id=4090
http://www.aecb.org/eng/publisher.asp?id=4090
http://www.aecb.org/eng/publisher.asp?id=4090
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.csps-efpc.gc.ca/about/dthe-dfva/ex_year_f.asp?id=34&quarter=1&year=2008.sent
http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
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http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=F&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=E&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=E&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=E&e=2406
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http://www.ecml.at/edl/detailsprint.asp?l=E&e=2406
http://www.ecml.at/edl/detailsprint.asp?l=E&e=2406
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=fr&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=fr&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=fr&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=fr&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=fr&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=fr&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=en&src=ns0000501151840&nId=44&diflg=nodif
http://www.rwanda-botschaft.de/embassy3/pages/341763a3c5e7f86ced395a8f0e32b8d7nw.php?lg=en&src=ns0000501151840&nId=44&diflg=nodif


Sites	  with	  translated	  content
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93236 rparticle.web-p.cisti.nrc.ca
53973 www.ec.gc.ca
52318 www.hc-sc.gc.ca
45118 portal.unesco.org
42737 www.cra-arc.gc.ca
34617 www.dfo-mpo.gc.ca
29445 www.canadianheritage.gc.ca
28170 www.idrc.ca
26823 www.agr.gc.ca
21255 www.dfait-maeci.gc.ca
19827 www.forces.gc.ca
16922 www.ic.gc.ca
16492 www.ceaa-acee.gc.ca
16289 www.gg.ca
15002 www.canadianencyclopedia.ca

14380 www2.parl.gc.ca
14089 www.fin.gc.ca
13706 www.aecb.org
13264 www.cihr-irsc.gc.ca
12161 www.cprn.org
12145 www.civilisations.ca
11632 www.cbsa.gc.ca
11632 www.cbsa-asfc.gc.ca
11005 www.hockeycanada.ca
10382 www.crr.ca
10338 www.commonlaw.uottawa.ca
10150 www.ourroots.ca
9224 www.cws-scf.ec.gc.ca
8440 www.elections.ca
8099 www.collectionscanada.gc.ca

http://www.ec.gc.ca
http://www.ec.gc.ca
http://www.hc-sc.gc.ca
http://www.hc-sc.gc.ca
http://www.cra-arc.gc.ca
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http://www.forces.gc.ca
http://www.ic.gc.ca
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http://www.canadianencyclopedia.ca
http://www.canadianencyclopedia.ca
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http://www.aecb.org
http://www.aecb.org
http://www.cihr-irsc.gc.ca
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http://www.cws-scf.ec.gc.ca
http://www.elections.ca
http://www.elections.ca
http://www.collectionscanada.gc.ca
http://www.collectionscanada.gc.ca


Web	  Crawling	  101

• Mirror	  web	  sites
• Extract	  text	  page	  contents
• Perform	  language	  ID
• Segment	  into	  sentences
• Align	  document	  pairs
• Align	  sentences
• Remove	  duplicates
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Mirror	  web	  sites

• We	  would	  like	  to	  crawl	  the	  web,	  saving	  pages	  to	  
extract	  translated	  documents	  from

• Useful	  cross-‐pladorm	  GNU	  u,lity	  called	  wget
• Basic	  usage	  to	  download	  a	  single	  file:
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  wget http://europa.eu/

• Download	  an	  en,re	  web	  site,	  preserving	  
directory	  structures:	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  wget --mirror http://europa.eu/

15

http://europa.eu
http://europa.eu
http://europa.eu
http://europa.eu


No	  robots
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There is a protocol that 
web sites use to instruct 
search engines and 
other web crawlers not 
to index certain pages.  

Sites contain a file called 
robots.txt that indicates 
who is allowed to look at 
what.



That’s	  robo-‐prejudice!

• wget	  lets	  you	  ignore	  this	  protocol:
   wget -robots=off --mirror http://akhbarlive.com/

• Some	  sites	  will	  block	  wget	  directly,	  you	  can	  
pretend	  to	  be	  some	  other	  browser:
   wget -robots=off --mirror  -U "Mozilla/5.0 (compatible; 
Konqueror/3.2; Linux)"  http://akhbarlive.com

• Don’t	  do	  this.	  But	  if	  you	  do,	  please	  do	  this	  too:
   wget --wait=5 --random-wait --limit-rate=512k --
timeout=5  -robots=off --mirror  -U "Mozilla/5.0 
(compatible; Konqueror/3.2; Linux)"  http://akhbarlive.com

17
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Extract	  text	  content

• For	  bilingual	  parallel	  corpora,	  we	  really	  only	  care	  
about	  the	  text.	  	  HTML	  markup	  will	  mess	  us	  up.

• Convert	  web	  pages	  to	  text	  (surprisingly	  not	  easy)
• I	  use	  two	  programs

–	  Apple’s	  textu,l	  for	  HTML	  and	  Word
–	  XPDF	  for	  PDF

18



Perform	  language	  ID

• How	  do	  we	  know	  that	  a	  page	  is	  wriOen	  in	  the	  
language	  that	  we	  are	  expec,ng?

• HTML	  “meta”	  tag	  with	  ISO	  639	  2-‐leOer	  language	  
codes:
<meta http-equiv="content-language" content="en">
<meta http-equiv="content-language" content="fr">

• This	  meta-‐data	  is	  oken	  missing	  or	  in	  accurate
• Sta,s,cal	  NLP	  to	  the	  rescue!

19



Sta,s,cal	  language	  ID

• Intui,on:	  some	  character	  strings	  are	  more	  
probable	  in	  one	  language	  than	  in	  others

20

Language char	  sequence
Dutch vnd
English ery
French eux
Gaelic mh
German der
Italian cchi
Portuguese seu
Serbo-‐croat lj
Spanish ir



Dunning	  (1994)

21

3 STATISTICAL APPROACH BY TED DUNNING 6

data like English occurring in the Spanish texts to provide ideal testing conditions. Dun-

ning compared different training and testing sizes. His findings for small training data

are that they work better with bi-grams and tri-grams. This means that k=1 or k=2,

so that only the previous or the two previous characters are taken into account. He also

conducted a test with DNA sequences, stating that it is similar to language identification.

Here the task was to extract sequences of yeast from human sequences. Dunning showed

that his approach could also be used extract foreign sequences.

A detailed list of his results can be seen in Figure 1. As with all statistical methods,

results can improve as more training data is available, which in this case are just sample

texts from a language. The input size is also of concern. (Dunning 94) reports an accuracy

of 92% with 20 bytes of text and 500K of training data. As the amount of text to be

examined grows, he reports 99,9% accuracy for 500 bytes of text to be classified. The

advantages of statistical methods are manifold. No linguistic knowledge is needed to

perform identification and the input can be character based. This way the approach can

also be used for documents written in languages which cannot be easily tokenized and no

preprocessing is needed. I will come back to this point in Section 6.

Figure 1: Testing results in (Dunning 94)

3 STATISTICAL APPROACH BY TED DUNNING 5

Now given our observation X, one needs to find out which phenomenon caused it, the

phenomenon being the language to be found (the language model). (Dunning 94) provides

an example for that. Given two phenomena A and B and an observation X the task is to

find out which of them caused the observation. Using Bayes Theorem, we get:

p(A,X) = p(A | X)p(X) = p(X | A)p(A) (2)

which can be reduced to

p(A | X) = p(X | A)p(A) (3)

as the observation p(X) = 1 occured

As we do not know the prior probability of A, we assume a uniform probability for A and

B. Now the probability that a string S has been produced by the language model A can

be computed as follows:

p(S | A) = p(s1 . . . s
k

| A)
NY

i=k+1

p(s
i

| s
i−k

. . . s
i−k

| A) (4)

(Dunning 94) reports that it is better to compare logarithms of the conditional probabil-

ities in order to avoid numeric underflow. Rearranging equation 4 gives us the following

formula to calculate the probability of string S given the language model A.

log p(S | A) =
X

w1...wk+1�S

T (w1 . . . w
k+1, S)logp(w

k+1 | w1 . . . w
k

| A) (5)

where T (w1 . . . w
k+1, S) stands for the number of times that the k+1 gram w1 . . . w

k+1

occurs in S.

The probability p(S | languagemodel) is computed for all models. The highest probability

indicates the model that produced the string. The discussion about the estimation of the

model parameters is left out here and can be read in (Dunning 94).

3.2 Evaluation of Dunnings approach

For training his algorithm (Dunning 94) used 50 training texts containing 1000, 2000,

5000, 10000 and 50000 bytes. The testing involved 100 texts with lengths 20, 50, 100, 200,

and 500 bytes. To prevent the results from being falsified by the topic of the training data,

Dunning used a parallel translated corpus of English and Spanish. After extraction of the

text from the corpus, the documents were manually checked to filter out any unwanted

k



Segment	  into	  sentences

• But	  Prof.	  Callison-‐Burch,	  Yahoo!	  answers.com	  tells	  
me	  that	  this	  is	  a	  99.66%	  of	  the	  ,me	  this	  is	  super	  
easy	  to	  do...
But	  Prof.
Callison-‐Burch,	  Yahoo!
answers.
com	  tells	  me	  that	  this	  is	  a	  99.
66%	  of	  the	  ,me	  this	  is	  super	  easy	  to	  do.
.
.
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Sentence	  segmenters

• NLTK	  has	  one	  called	  PUNKT	  that	  is	  trainable	  to	  
other	  languages

• Download	  several	  from	  the	  WMT	  workshops
–	  hOp://statmt.org/wmt08/scripts.tgz

23

http://statmt.org/wmt08/scripts.tgz
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Align	  document	  pairs

• Write	  a	  regular	  expression	  to	  find	  pairs	  of	  URLs	  
that	  are	  equivalent	  (s/_e/_f/)	  and	  see	  if	  there	  
are	  matching	  files	  from	  your	  crawl

• Use	  link	  structure	  across	  pages	  with	  the	  STRAND	  
trick

• Validate	  that	  the	  document	  pairs	  are	  plausible

24



Align	  sentences

• Aker	  we	  have	  iden,fied	  parallel	  documents	  we	  
need	  to	  align	  the	  sentences	  within	  them

• This	  is	  not	  straighdorward	  because	  human	  
translators	  do	  not	  always	  translate	  things	  in	  a	  1-‐
to-‐1	  fashion
–	  Sentences	  tend	  to	  be	  translated	  in	  same	  order	  linear
–	  Can	  join	  two	  sentences	  into	  one
–	  Can	  split	  one	  sentence	  into	  two
–	  Can	  omit	  a	  sentence	  (by	  mistake)
–	  Can	  add	  a	  sentence	  (for	  elabora,on) 25



Sentence	  alignment

• Use	  dynamic	  programming	  to	  find	  the	  best	  
alignment	  between	  sentences	  in	  a	  document
–	  Use	  sentence	  lengths	  in	  absence	  of	  other	  info
–	  Use	  bilingual	  dic,onaries	  to	  score	  alignments
–	  Use	  Model-‐1	  probabili,es	  to	  score	  alignments

• Jason	  Smith	  will	  discuss	  this	  topic	  in	  more	  depth	  
on	  Tuesday

• Open	  source	  tool	  from	  Bob	  Moore:
hOp://research.microsok.com/en-‐us/downloads/
aafd5dcf-‐4dcc-‐49b2-‐8a22-‐f7055113e656/ 26



Remove	  duplicates

• With	  large	  scale	  crawls,	  there	  are	  oken	  duplicates	  at	  
page	  level	  or	  sub-‐page	  level
–with	  www.	  prefix	  and	  without
–printable	  versions	  of	  ar,cles	  and	  regular	  versions
–template	  text	  like	  budgets	  that	  vary	  only	  in	  $	  amount
–naviga,on	  gets	  replicated	  across	  an	  en,re	  site
–remove	  text	  that	  is	  lek	  untranslated

• We	  would	  like	  to	  remove	  duplicate	  pages,	  or	  beOer	  
yet,	  duplicate	  sentences

• Problem:	  too	  much	  data	  to	  store	  in	  a	  HashTable/
HashSet	  and	  check	  strings	  against 27
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Lossy	  data	  structures

• Lossy	  data	  structures	  like	  Bloom	  Filters	  are	  a	  
poten,al	  solu,on

• Bloom	  Filters	  allow	  you	  to	  test	  for	  set	  
membership

• Instead	  of	  storing	  the	  object	  itself	  (String)	  they	  
store	  a	  highly	  compressed	  bit	  signature	  

• One	  tailed	  error:	  never	  have	  false	  nega,ves,	  
have	  false	  posi,ves	  with	  some	  small,	  
quan,fiable	  probability	  

29



Harves,ng	  data	  from	  the	  Web

• Mirror	  web	  sites
• Extract	  text	  page	  contents
• Perform	  language	  ID
• Segment	  into	  sentences
• Align	  document	  pairs
• Align	  sentences
• Remove	  duplicates
• ...	  Profit!

30



What	  I	  did

31

French-English 
10^9 word webcrawl

1000M

European
Parliament

50M



What	  Google	  does

32

Jakob Uszkoreit, Jay Ponte, Ashok Popat, Moshe Dubiner

Large Scale Parallel Document Mining
for Machine Translation

2.5 billion general web pages
• Czech, English, French, German, Hungarian and Spanish

1.5 million OCRed public-domain books
• English, French and a few Spanish volumes



How	  is	  this	  different?

• How	  is	  the	  Google	  set-‐up	  different	  from	  mine?
• What	  resources	  and	  data	  do	  they	  have	  that	  I	  
don’t?

• How	  do	  you	  think	  this	  might	  change	  their	  
strategy?

• Discuss	  with	  your	  neighbor.

33



High	  level	  strategy

• Document	  transla,on	  pairs	  are	  simply	  near-‐
duplicates,	  albeit	  annoyingly	  in	  different	  
languages

• Use	  machine	  transla,on	  system	  to	  factor	  out	  
differences	  in	  language	  and	  apply	  IR-‐inspired	  
near	  duplicate	  detec,on	  techniques

• Pick-‐out	  small	  candidate	  sets	  of	  documents	  
sharing	  a	  few	  rare	  matching	  features

• Score	  all	  pairs	  of	  documents	  in	  every	  candidate	  
set	  using	  full	  features 34



Step	  1:	  Transla,on

• Translate	  all	  input	  documents	  into	  a	  single	  
language	  (e.g.	  English)

• Transla,on	  quality	  has	  only	  limited	  effect	  on	  
data	  quality

• we’ll	  see	  that	  later	  in	  numbers
• Preprocess	  transla,ons	  by	  removing	  stopwords	  
and	  ‘boilerplate’	  text

35



Step	  2:	  Feature	  Extrac,on

• Extract	  2	  types	  of	  features	  from	  translated	  documents
• Matching	  features	  such	  that

–Every	  transla,on	  pair	  is	  likely	  to	  have	  some	  of	  these	  features	  
in	  common

–Any	  given	  feature	  is	  unlikely	  to	  be	  shared	  by	  many	  documents
–They	  use:	  5-‐grams

• Scoring	  features
–With	  higher	  overlap	  between	  the	  contents	  of	  two	  transla,ons
–Without	  frequency	  constraints
–They	  use:	  bigrams

36



Step	  2:	  Feature	  Extrac,on

• Generate	  two	  indexes
• Inverted	  index	  with	  every	  n-‐gram	  lis,ng	  all	  
document	  IDs	  with	  that	  n-‐gram

• Forward	  index	  with	  the	  set	  of	  scoring	  n-‐grams	  
for	  each	  document

• (Embarrassingly	  parallel	  task)

37



Step	  3:	  Prune	  Indexes

• Discard	  matching	  n-‐grams	  from	  inverted	  index
–That	  are	  shared	  by	  more	  than	  a	  few	  (50)	  documents
–That	  do	  not	  occur	  in	  more	  than	  one	  language

• Efficient	  opera,on	  on	  inverted	  index
• In	  parallel,	  annotate	  every	  occurrence	  of	  each	  scoring	  
n-‐gram	  in	  the	  forward	  index	  with	  global	  informa,on	  
from	  the	  inverted	  index
–Frequency
–Number	  of	  original	  languages
–Prune	  very	  frequent	  scoring	  n-‐grams	  (>	  100,000	  occurrences)
–Prune	  scoring	  n-‐grams	  that	  occur	  only	  in	  one	  language38



Step	  4:	  Pairwise	  Scoring

• Get	  all	  pairs	  of	  document	  IDs	  that
–share	  a	  given	  minimum	  number	  of	  matching	  n-‐grams
–have	  similar	  lengths
–are	  in	  two	  different,	  original	  languages

• Since	  frequent	  n-‐grams	  have	  been	  discarded,	  
this	  generates	  rela,vely	  few	  candidate	  pairings	  
and	  prevents	  N2	  explosion	  of	  comparisons

• Gather	  all	  candidate	  pairs	  for	  each	  document	  ID

39



Step	  4:	  Pairwise	  Scoring

• Score	  candidate	  pairings	  and	  genera,ng	  one	  n-‐
best	  list	  per	  document,	  per	  language
–Cosine	  similarity	  between	  idf	  n-‐gram	  vectors

• Further	  filter	  pairings	  by	  looking	  at	  rela,ve	  order	  
of	  shared	  n-‐grams

• (Again	  straighdorward	  to	  parallelize	  -‐-‐	  Google	  
loves	  that!)

40



Final	  Steps

• Discard	  pairings	  with	  scores	  below	  a	  threshold
• Discard	  pairings	  that	  are	  not	  symmetric

–Document	  A	  is	  required	  to	  be	  in	  n-‐best	  list	  of	  
document	  B	  and	  vice-‐versa

• Sentence-‐align	  the	  original	  documents	  using	  a	  
standard	  dynamic	  programming	  algorithm

• Do	  lang	  ID	  and	  discard	  sentence	  pairs	  that	  are	  
not	  detected	  to	  be	  in	  two	  different	  languages

• Discard	  those	  that	  with	  low	  IBM	  Model	  1	  probs
41
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Number of words of mined English-foreign parallel text

On the web data set, the system
• extracts 430 billion distinct 5-grams
• stores 500 billion bigram occurrences in forward index
• but performs less than 50 billion pairwise comparisons

Takes less than 24h on a cluster of 2,000 state-of-the-art CPUs

baseline books web
Czech 27.5M - 271.9M
French 479.8M 228.5M 4,914.3M
German 54.2M - 3,787.6M
Hungarian 26.9M - 198.9M
Spanish 441.0M 15.0M 4,846.8M



How	  much	  data	  did	  they	  get?

• Number	  of	  words	  of	  mined	  English-‐X	  parallel	  text

• On	  the	  web	  data	  set,	  the	  system
–extracts	  430	  billion	  dis,nct	  5-‐grams
–stores	  500	  billion	  bigram	  occurrences	  in	  forward	  index
–but	  performs	  less	  than	  50	  billion	  pairwise	  comparisons

• Takes	  less	  than	  24h	  on	  a	  cluster	  of	  2,000	  CPUs43

baseline books web
Czech 27.5M - 271.9M
French 479.8M 228.5M 4,914.3M
German 54.2M - 3,787.6M
Hungarian 26.9M - 198.9M
Spanish 441.0M 15.0M 4,846.8M



How	  much	  did	  it	  improve	  their	  MT?

baseline +books +web
Czech English 16.46 - 23.25 (+6.76)
German English 20.03 - 23.35 (+3.32)
Hungarian English 11.02 - 14.68 (+3.66)
French English 26.39 27.15 (+0.76) 28.34 (+1.95)
Spanish English 26.88 27.16 (+0.28) 28.50 (+1.62)

baseline +books +web
Czech English 21.59 - 29.26 (+7.67)
German English 27.99 - 32.35 (+4.36)
French English 34.26 34.73 (+0.47) 36.65 (+2.39)
Spanish English 43.67 44.07 (+0.40) 46.21 (+2.54)

Test Set 1

Test Set 2



Google’s	  approach	  is	  great!

• Google’s	  approach	  is	  computa,onal	  efficient	  and	  
is	  embarrassingly	  simple	  to	  parallelize

• Generalizes	  across	  different	  types	  of	  documents
• Does	  not	  require	  presence	  of	  any	  metadata	  or	  
document	  structure

• It	  employs	  many	  simple	  queries	  (matching	  n-‐
grams)

• It	  has	  been	  applied	  to	  truly	  web-‐scale	  input	  data
• BUT	  there	  is	  a	  problem...
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Problem:	  Everyone	  loves	  Google!

• There’s	  a	  problem:	  Google	  Translate	  is	  too	  good
• Everyone	  is	  using	  it	  to	  translate	  their	  web	  sites

• ...	  So	  Google	  ends	  up	  harves,ng	  its	  own	  
transla,ons	  as	  parallel	  corpora	  to	  train	  its	  
system!

• When	  they	  train	  a	  new	  version	  of	  the	  system	  it	  
reverts	  back	  to	  behaving	  like	  the	  old	  version

46



Solu,on:	  Digital	  Watermarking
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Watermarking	  SMT	  output

48

Watermarking the output of Structured Prediction 
with an application in Statistical Machine Translation
Ashish Venugopal, Jakob Uszkoreit, David Talbot, Franz J. Och, Juri Ganitkevitch

Language pair % in set / all identified

Tagalog-English 50.6%

Hindi-English 44.5%

Galician-English 41.9%

“Back-of-the-envelope” study: 

Corpora identified by Uskzoreit et al 2010

Pages using translate plugins to serve content in multiple languages
\



Task:	  Iden,fy	  One’s	  Own	  MT	  output

49

selected from:

Intuition: rather than simply selecting the “best” tranlsation according to the 
model, systematically select alternative results such that we can identify 
them.

Assumption: each translation output has k relatively similar alternatives

q

...

⇢

Dk(q)

�



Watermarking	  Selec,on

• r:	  the	  machine	  translated	  output	  sentence
• h:	  a	  random	  hash	  func,on
• w:	  a	  selector	  func,on	  to	  choose	  from	  the	  set	  of	  k	  
alterna,ves

50

w(r,Dk(q), h)argmax

r 2 Dk(q)

r0 =



Watermarking	  Evalua,on

• False	  Posi,ve	  Rate:	  how	  oken	  are	  non-‐
watermarked	  collec,ons	  falsely	  iden,fied	  as	  
watermarked

• Recall	  Rate:	  how	  oken	  watermarked	  collec,ons	  
are	  correctly	  iden,fied	  as	  watermarked

• Quality	  Degrada,on:	  how	  does	  the	  selected	  
transla,on	  differ	  from	  best	  transla,on	  under	  
BLEU?
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Random	  Hashing	  

52

X ⇠ Binomial(p = 0.5, n = |h(Cn)|)

h 010011010111100100

h 001001111010110010

A good h produces independent bits, implying the number of #1s:

h 111000011010110000

Cn
q1
q2

qn

h 111000011010110000



Random	  Hashing

53

Cn
q1
q2

qn

h 111000011010110000

Null Hypothesis: an un-marked collection would generate bit
sequences where #1s follows:

X ⇠ Binomial(p = 0.5, n = |h(Cn)|)



Systema,cally	  Selec,ng	  Improbable	  Results

54

q

...

⇢

Dk(q)

�

0011...1001

0011...1001

1111...1101 Improbable result
lots more 1s.



Evalua,on:	  False	  Posi,ve	  Rates

55

Language False Positive Rate: 
full sentences: %

False Positive Rate: 
using 3-5 grams 

Arabic 2.4 5.8

French 1.8 7.5

Hindi 5.6 3.5

Turkish 5.5 6.2

BLEU loss can be held to -0.2 for most languages



Evalua,on:	  Bound	  at	  -‐0.2	  BLEU	  Loss

56
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Watermarking	  wrap	  up

• On	  several	  languages	  it	  is	  possible	  to	  achieve:
–high	  recall	  rates	  (over	  80%)
–low	  false	  posi,ve	  rates	  (5-‐8%)
–minimal	  quality	  degrada,on	  (-‐0.2	  BLEU)	  
–allowing	  for	  local	  edit	  opera,ons

• Problem	  solved!	  	  Your	  TA	  is	  a	  hero!
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Ques,ons?
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