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STATISTICAL METHOD AND APPARATUS FOR 
LEARNING TRANSLATION RELATIONSHIPS 

AMONG PHRASES 

[0001] The present application is a continuation of and 
claims priority of US. patent application Ser. No. 10/300, 
309, ?led Nov. 20, 2002, the content of Which is hereby 
incorporated by reference in its entirety. 

[0002] Reference is hereby made to related US. patent 
application Ser. No. 10/173,252, entitled STATISTICAL 
METHOD AND APPARATUS FOR LEARNING TRANS 
LATION RELATIONSHIPS AMONG WORDS and ?led on 
Jun. 17, 2002. 

BACKGROUND OF THE INVENTION 

[0003] The present invention relates to learning relation 
ships among phrases. More speci?cally, the present inven 
tion relates to a statistical approach for learning translation 
relationships among phrases in different languages. 

[0004] Machine translation systems are systems that 
receive a textual input in one language, translate it to a 
second language, and provide a textual output in the second 
language. In doing this, such systems typically use a trans 
lation lexicon to obtain correspondences, or translation 
relationships, betWeen content Words Which are obtained 
during training. 

[0005] A common approach to deriving translation lexi 
cons from empirical data involves choosing a measure of a 
degree of association betWeen Words in a ?rst language, L1, 
and Words in a second language, L2, in aligned sentences of 
a parallel bilingual corpus. Word pairs (consisting of a Word 
from L1 and a Word from L2) are then ordered by rank 
according to the measure of association chosen. A threshold 
is chosen and the translation lexicon is formed of all pairs of 
Words Whose degree of association is above the threshold. 

[0006] For example, in one prior art approach, the simi 
larity metric (the measure of degree of association betWeen 
Words) is based on hoW often Words co-occur in correspond 
ing regions (e.g., sentences) of an aligned parallel text 
corpus. The association scores for the different pairs of 
Words are computed and those Word pairs are sorted in 
descending order of their association score. Again, a thresh 
old is chosen and the Word pairs Whose association score 
exceeds the threshold become entries in the translation 
lexicon. 

[0007] This type of method, hoWever, has disadvantages. 
One problem is that the association scores are typically 
computed independently of one another. For example, 
assume the Words in language L1 are represented by the 
symbol Vk, Where k is an integer representing different 
Words in L1; and Words in language L2 are represented by 
Wk, Where k is an integer representing different Words in L2. 
Thus, sequences of the V’s and W’s represent tWo aligned 
text segments. If Wk and Vk occur in similar bilingual 
contexts (e.g., in the aligned sentences), then any reasonable 
similarity metric Will produce a high association score 
betWeen them, re?ecting the interdependence of their dis 
tributions. 

[0008] HoWever, assume that Vk and Vk+l also appear in 
similar contexts (e.g., in the same sentence). That being the 
case, there is also a strong interdependence betWeen the 

Jan. 17, 2008 

distributions of Vk and Vk+l. Thus, the problem results that 
if Wk and Vk appear in similar contexts, and Vk and Vk+l 
appear in similar contexts, then Wk and Vk+l Will also appear 
in similar contexts. This is knoWn as an indirect association 
because it arises only by virtue of the associations betWeen 
Wk and Vk and betWeen Vk+l and Vk. Prior methods that 
compute association scores independently of each other 
cannot distinguish betWeen a direct association (e.g., that 
betWeen Wk and Vk) and an indirect association (e.g., that 
betWeen Wk and Vk+l). Not surprisingly, this produces 
translation lexicons replete With indirect associations, Which 
are likely incorrect as Well. 

[0009] As a concrete example of an indirect association, 
consider a parallel French-English corpus, consisting pri 
marily of translated computer softWare manuals. In this 
corpus, the English terms “?le system” and “system ?les” 
occur very often. Similarly, the corresponding French terms 
“systeme de ?chiers”, and “?chiers systeme” also appear 
together very often. Because these monolingual co-locations 
are common, the spurious translation pairs ?chier/system 
and systeme/?le also receive rather high association scores. 
These scores may be higher, in fact, than the scores for many 
true translation pairs. 

[0010] This de?ciency has been addressed by some prior 
techniques. For example, Melamed, Automatic Construction 
of Clean Broad-Coverage Translation Lexicons, Second 
Conference of the Association for Machine Translation in 
the America’s (AMTA 1996), Montreal Canada, is directed 
to this problem. 

[0011] Melamed addresses this problem by disregarding 
highly associated Word pairs as translations if they are 
derived from aligned sentences in Which there are even more 
highly associated pairs involving one or both of the same 
Words. In other Words, it is assumed that stronger associa 
tions are also more reliable and thus direct associations are 
stronger than indirect associations. Therefore, if a segment 
(or sentence) containing V is aligned With a segment (or 
sentence) containing both W and W' the entries (V,W) and 
(V,W') should not both appear in the translation lexicon. If 
they do, then at least one is likely incorrect. Since We assume 
there is a tendency for direct associations to be stronger than 
indirect associations, then the entry With the highest asso 
ciation score is the one chosen as the correct association. 

[0012] In the example discussed above, in parallel English 
and French sentences containing “?chier” and “systeme” on 
the French side and “?le” and “system” on the English side, 
the associations of ?chier/ system and systeme/?le Will be 
discounted, because the degree of association for “?chier/ 
?le” and “systeme/ system” Will likely be much higher in the 
same aligned sentences. 

[0013] While this approach is reported to extend high 
accuracy output to much higher coverage levels than previ 
ously reported, it does have disadvantages. For example, it 
is quite complex and cumbersome to implement, and it is 
believed to be quite time consuming to run. 

[0014] Another di?iculty encountered in learning transla 
tion relationships among Words involves compounds (or 
multi-Word sequences Which are taken together to form 
compounds). Such compounds may translate to a single 
Word in the other language, or to multiple Words in the other 
language. Prior techniques assumed that lexical translation 
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relationships involved only single words. Of course, as 
shown from the following list of compounds, this is mani 
festly untrue: 

[0015] Base_de_donnees/database 
[0016] Mot_de_passe/password 
[0017] Sauvegarder/back_up 

[0018] Annuler/roll_back 
[0019] Ouvrir_session/log_on 
[0020] In the ?rst four pairs listed above, a compound in 
one language is translated as a single word in another 
language. However, in the last example, a compound in one 
language is translated as a compound in the other language, 
and each of the individual components of the compound 
cannot be translated in any meaningful way into one of the 
individual components in the other compound. For example, 
“ouvrir” which is typically translated as “open”, cannot be 
reasonably translated as either “log” or “on”. Similarly, 
“session” which is typically translated as “session” also 
cannot be reasonably translated as either “log” or “on”. 

[0021] One prior attempt to address this problem is also 
discussed by Melamed, Automatic Discovery of Non-Com 
positional Compounds in Parallel Data, Conference on 
Empirical Methods in Natural Language Processing 
(EMNLP 97) Providence, RI. (1997). Melamed induces two 
translation models, a trial translation model that involves a 
candidate compound and a base translation model that does 
not. If the value of Melamed’s objective function is higher 
in the trial model than in the base model, then the compound 
is deemed valid. Otherwise, the candidate compound is 
deemed invalid. However, the method Melamed uses to 
select potential compounds is quite complex and computa 
tionally expensive, as is his method of veri?cation by 
construction of a trial translation model. 

[0022] Learning translation relationships for larger 
phrases has received even less attention. Phrase translation 
has been viewed as either asymmetrical or symmetrical and 
either directed at ?xed phrases or more ?exible collocations. 
A system is asymmetrical if it assumes a set of phrases is 
given in a source language and the task is to ?nd a translation 
in a target language, while a symmetrical system views the 
problem as ?nding phrases in both languages. Similarly, a 
system is directed to ?xed phrases if it assumes that a 
translation of a source language phrase is a contiguous 
sequence of words in the target language. 

[0023] The only previous work that is both asymmetrical 
and targeted at ?xed phrases is set out in Dagan and Church, 
Termight: Coordinating Humans and Machine in Bilingual 
Terminology Acquisition, Machine Translation, 12189-107, 
(1997). The system is an automated assistant for a lexicog 
rapher and proposes technical terms extracted from a corpus 
using monolingual methods, and for those approved by the 
user, proposes possible translations from a parallel corpus. 

[0024] An example of an asymmetrical system directed to 
?exible collocations is set out in Smadja et al., Translating 
Collocations for Bilingual Lexicons: A Statistical Approach, 
Computational Linguistics, 22(1):1-38 (1996). Examples of 
symmetrical systems are set out in: J. Kupiec, An Algorithm 
for Finding Noun Phrase Correspondences in Bilingual 
Corpora, Proceedings of 31st Annual Meeting of Associa 
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tion for Computational Linguistics, Columbus, Ohio pp. 
17-22 (1993); and K. Yamamoto et al., A Competitive Study 
on Translational Units for Bilingual Lexicon Extraction, 
Proceedings of the Workshop on Data-Driven Machine 
Translation, 39th Annual Meeting of Association for Com 
putational Linguistics, Toulouse, France pp. 87-94 (2001). 

SUMMARY OF THE INVENTION 

[0025] The present invention learns phrase translation 
relationships by receiving a parallel aligned corpus with 
phrases to be learned identi?ed in a source language. Can 
didate phrases in a target language are generated and an 
inside score is calculated based on word association scores 
for words inside the source language phrase and candidate 
phrase. An outside score is calculated based on word asso 
ciation scores for words outside the source language phrase 
and candidate phrase. The inside and outside scores are 
combined to obtain a joint score. 

[0026] In one embodiment, the combined scores are modi 
?ed based on how the phrase is being translated across the 
entire corpus. The inside score is modi?ed and weighted 
based on the cross-corpus data. 

[0027] In another embodiment, the modi?ed scores are 
then converted to a convenient translation con?dence met 
ric, such as a log-likelihood-ratio metric. 

[0028] Another aspect of the present invention includes a 
phrase translation learning system that includes three mod 
els. The ?rst model is an individual word association model 
that calculates a score for a candidate phrase based on 
individual word association scores. The second model modi 
?es the scores calculated by the ?rst model based on 
cross-sentence data indicative of how the source language 
phrase is being translated across the corpus. The third model 
is a metric conversion model that converts the phrase 
translation scores from the second model into a desired 
con?dence metric, accounting for possible changes in the 
most likely phrase translations based on the conversion. 

[0029] Another embodiment of the invention also includes 
a method and system for learning phrase translations that 
includes looking at translation data across the entire corpus 
(based on inside and outside scores), modifying and weight 
ing the inside scores and converting the scores to a desired 
con?dence metric. 

[0030] Another embodiment is a system and method for 
generating candidate phrases in a phrase translation learning 
component. Candidate phrases are generated that begin and 
end with only words that are most strongly associated with 
a word in the source language phrase, or vice versa. Option 
ally, candidate phrases can be generated that begin with a 
capitaliZed word in the target language sentence. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0031] FIG. 1 is a block diagram of a general context in 
which the present invention can be used. 

[0032] FIG. 2A is a more detailed block diagram of a 
general machine translation architecture in which the present 
invention can be used. 

[0033] FIG. 2B is a block diagram of a phrase translation 
learning system that can be used in accordance with one 
embodiment of the present invention. 
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[0034] FIG. 3 is a block diagram of a phrase translation 
learner in accordance With one embodiment of the present 
invention. 

[0035] FIG. 4 is a How diagram illustrating the overall 
operation of the phrase translation learner shoWn in FIG. 3. 

[0036] FIGS. 5A and 5B shoW a How diagram illustrating 
the operation of an individual Word association score model 
in accordance With one embodiment of the present inven 
tion. 

[0037] FIG. 6 illustrates the calculation of an inside score 
in accordance With one embodiment of the present inven 
tion. 

[0038] FIG. 7 illustrates calculation of an outside score in 
accordance With one embodiment of the present invention. 

[0039] FIG. 8 is a How diagram illustrating the generation 
of candidate phrases in accordance With one embodiment of 
the present invention. 

[0040] FIGS. 9A and 9B illustrate aligned sentences pro 
cessed to generate candidate phrases. 

[0041] FIG. 10 is a How diagram illustrating the operation 
of a cross-sentence model in accordance With one embodi 
ment of the present invention. 

[0042] FIG. 11 is a How diagram illustrating operation of 
a con?dence measure conversion model in accordance With 
one embodiment of the present invention. 

DETAILED DESCRIPTION OF ILLUSTRATIVE 
EMBODIMENTS 

[0043] The discussion of FIG. 1 beloW is simply to set out 
but one illustrative environment in Which the present inven 
tion can be used, although it can be used in other environ 
ments as Well. 

[0044] FIG. 1 is a block diagram of a computer 20 in 
accordance With one illustrative embodiment of the present 
invention. FIG. 1 and the related discussion are intended to 
provide a brief, general description of a suitable computing 
environment in Which the invention may be implemented. 
Although not required, the invention Will be described, at 
least in part, in the general context of computer-executable 
instructions, such as program modules, being executed by a 
personal computer. Generally, program modules include 
routine programs, objects, components, data structures, etc. 
that perform particular tasks or implement particular abstract 
data types. Moreover, those skilled in the art Will appreciate 
that the invention may be practiced With other computer 
system con?gurations, including hand-held devices, multi 
processor systems, microprocessor-based or programmable 
consumer electronics, netWork PCs, minicomputers, main 
frame computers, and the like. The invention may also be 
practiced in distributed computing environments Where 
tasks are performed by remote processing devices that are 
linked through a communications netWork. In a distributed 
computing environment, program modules may be located 
in both local and remote memory storage devices. 

[0045] In FIG. 1, an exemplary system for implementing 
the invention includes a general purpose computing device 
in the form of a conventional personal computer 20, includ 
ing processing unit 21, a system memory 22, and a system 
bus 23 that couples various system components including 
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the system memory to the processing unit 21. The system 
bus 23 may be any of several types of bus structures 
including a memory bus or memory controller, a peripheral 
bus, and a local bus using any of a variety of bus architec 
tures. The system memory includes read only memory 
(ROM) 24 a random access memory (RAM) 25. A basic 
input/output 26 (BIOS), containing the basic routine that 
helps to transfer information betWeen elements Within the 
personal computer 20, such as during start-up, is stored in 
ROM 24. The personal computer 20 further includes a hard 
disk drive 27 for reading from and Writing to a hard disk (not 
shoWn), a magnetic disk drive 28 for reading from or Writing 
to removable magnetic disk 29, and an optical disk drive 30 
for reading from or Writing to a removable optical disk 31 
such as a CD ROM or other optical media. The hard disk 
drive 27, magnetic disk drive 28, and optical disk drive 30 
are connected to the system bus 23 by a hard disk drive 
interface 32, magnetic disk drive interface 33, and an optical 
drive interface 34, respectively. The drives and the associ 
ated computer-readable media provide nonvolatile storage 
of computer readable instructions, data structures, program 
modules and other data for the personal computer 20. 

[0046] Although the exemplary environment described 
herein employs a hard disk, a removable magnetic disk 29 
and a removable optical disk 31, it should be appreciated by 
those skilled in the art that other types of computer readable 
media Which can store data that is accessible by a computer, 
such as magnetic cassettes, ?ash memory cards, digital 
video disks, Bernoulli cartridges, random access memories 
(RAMs), read only memory (ROM), and the like, may also 
be used in the exemplary operating environment. 

[0047] A number of program modules may be stored on 
the hard disk, magnetic disk 29, optical disk 31, ROM 24 or 
RAM 25, including an operating system 35, one or more 
application programs 36, other program modules 37, and 
program data 38. A user may enter commands and informa 
tion into the personal computer 20 through input devices 
such as a keyboard 40 and pointing device 42. Other input 
devices (not shoWn) may include a microphone, joystick, 
game pad, satellite dish, scanner, or the like. These and other 
input devices are often connected to the processing unit 21 
through a serial port interface 45 that is coupled to the 
system bus 23, but may be connected by other interfaces, 
such as a sound card, a parallel port, a game port or a 
universal serial bus (USB). A monitor 47 or other type of 
display device is also connected to the system bus 23 via an 
interface, such as a video adapter 48. In addition to the 
monitor 47, personal computers may typically include other 
peripheral output devices such as a speaker and printers (not 
shoWn). 
[0048] The personal computer 20 may operate in a net 
Worked environment using logic connections to one or more 
remote computers, such as a remote computer 49. The 
remote computer 49 may be another personal computer, a 
server, a router, a netWork PC, a peer device or other 
netWork node, and typically includes many or all of the 
elements described above relative to the personal computer 
20, although only a memory storage device 50 has been 
illustrated in FIG. 1. The logic connections depicted in FIG. 
1 include a local are netWork (LAN) 51 and a Wide area 
netWork (WAN) 52. Such netWorking environments are 
commonplace in of?ces, enterprise-Wide computer netWork 
intranets and the Internet. 
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[0049] When used in a LAN networking environment, the 
personal computer 20 is connected to the local area netWork 
51 through a netWork interface or adapter 53. When used in 
a WAN networking environment, the personal computer 20 
typically includes a modem 54 or other means for establish 
ing communications over the Wide area netWork 52, such as 
the Internet. The modem 54, Which may be internal or 
external, is connected to the system bus 23 via the serial port 
interface 46. In a netWork environment, program modules 
depicted relative to the personal computer 20, or portions 
thereof, may be stored in the remote memory storage 
devices. It Will be appreciated that the netWork connections 
shoWn are exemplary and other means of establishing a 
communications link betWeen the computers may be used. 

[0050] The present invention can be utiliZed to derive 
translation relationships among phrases in substantially any 
environment or context. The machine translation architec 
ture about to be described is but one environment or context. 

[0051] While logical forms are not required for the present 
invention, they are discussed in relation to the machine 
translation architecture shoWn in FIG. 2A. Therefore, prior 
to discussing that architecture in greater detail, a brief 
discussion of a logical form Will be helpful. A full and 
detailed discussion of logical forms and systems and meth 
ods for generating them can be found in US. Pat. No. 
5,966,686 to Heidorn et al., issued Oct. 12, 1999 and entitled 
METHOD AND SYSTEM FOR COMPUTING SEMAN 
TIC LOGICAL FORMS FROM SYNTAX TREES. Brie?y, 
hoWever, logical forms are generated by performing a mor 
phological analysis on an input text to produce conventional 
phrase structure analyses augmented With grammatical rela 
tions. Syntactic analyses undergo further processing in order 
to derive logical forms Which are graph structures that 
describe labeled dependencies among content Words in the 
textual input. Logical forms normalize certain syntactical 
alternations, (e.g., active/passive) and resolve both intrasen 
tential anaphora and long distance dependencies. 

[0052] Speci?cally, a logical relation consists of tWo 
Words joined by a directional relation type (e.g., Part, Time, 
Hypernym, LogicalSubject, Cause, Domain, Location, Man 
ner, Material, Means, Modi?er, Possessor, Purpose, Quasi 
hypemym, Synonym, LogicalObject, and User). A logical 
form is a graph of connected logical relations representing a 
single textual input, such as a sentence. It minimally consists 
of one logical relation. The logical form portrays structural 
relationships (i.e., syntactic and semantic relationships), 
particularly argument and/or adjunct relation betWeen 
important Words in an input string. 

[0053] In one illustrative embodiment of the machine 
translation architecture, the particular code that builds logi 
cal forms from syntactic analyses is shared across the 
various source and target languages that the machine trans 
lation system operates on. The shared architecture greatly 
simpli?es the task of aligning logical form segments from 
different languages since super?cially distinct constructions 
in tWo languages frequently collapse onto similar or iden 
tical logical form representations. 

[0054] FIG. 2A is a block diagram of architecture of a 
machine translation system 200 Which de?nes one embodi 
ment of an environment for the present invention. System 
200 includes parsing components 204 and 206, statistical 
Word association learning component 208, logical form 
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alignment component 210, lexical knoWledge base building 
component 212, bilingual dictionary 214, dictionary merg 
ing component 216, transfer mapping database 218 and 
updated bilingual dictionary 220. During run time, the 
system utiliZes analysis component 222, matching compo 
nent 224, transfer component 226 and generation component 
228. 

[0055] In one illustrative embodiment, a bilingual corpus 
is used to train the system. The bilingual corpus includes 
aligned translated sentences (e.g., sentences in a source or 
target language, such as English, aligned With their transla 
tions in the other of the source or target language, such as 
Spanish or French, etc.) in Which source language phrases 
for Which translation relationships are to be learned are 
identi?ed or somehoW marked. During training, sentences 
are fed from the aligned bilingual corpus into system 200 as 
source language sentences 230 (the sentences to be trans 
lated), and as target language sentences 232 (the translation 
of the source language sentences). Parsing components 204 
and 206 parse the sentences from the aligned bilingual 
corpus to produce source logical forms 234 and target 
logical forms 236. During parsing, the Words in the sen 
tences are converted to normaliZed Word forms (lemmas) 
and are fed into statistical Word association learning com 
ponent 208. Both single Word and multi-Word associations 
are iteratively hypothesiZed and scored by learning compo 
nent 208 until a reliable set of each is obtained. Statistical 
Word association learning component 208 outputs learned 
single Word translation pairs 238 as Well as multi-Word pairs 
240. The multi-Word pairs 240 are provided to a dictionary 
merge component 216 that is used to add additional entries 
into bilingual dictionary 214 to form updated bilingual 
dictionary 220. The neW entries are representative of the 
multi-Word pairs 240. The single Word pairs 238, along With 
source logical forms 234 and target logical forms 236 are 
provided to logical form alignment component 210. Com 
ponent 210 ?rst establishes tentative lexical correspon 
dences betWeen nodes in the source and target logical forms 
230 and 236, respectively. This is done using translation 
pairs from a bilingual lexicon (or bilingual dictionary) 214 
Which are augmented With the single Word translation pairs 
238 from statistical Word association learning component 
208. Dictionary 214 is also augmented With phrase transla 
tion pairs described With respect to FIG. 2B. After estab 
lishing possible correspondences, alignment component 210 
aligns logical form nodes according to both lexical and 
structural characteristics and creates logical form transfer 
mappings 242. 

[0056] Basically, alignment component 210 draWs links 
betWeen logical forms using the bilingual dictionary infor 
mation 214, single Word pairs 238 and phrase pairs dis 
cussed beloW. The transfer mappings are ?ltered based on a 
frequency With Which they are found in the source and target 
logical forms 234 and 236 and are provided to a lexical 
knoWledge base building component 212. 

[0057] In one example, if the transfer mapping is not seen 
at least tWice in the training data, it is not used to build 
transfer mapping database 218, although any other desired 
frequency can be used as a ?lter as Well. It should also be 
noted that other ?ltering techniques can be used as Well, 
other than frequency of appearance. For example, transfer 
mappings can be ?ltered based upon Whether they are 
formed from complete parses of the input sentences and 
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based upon Whether the logical forms used to create the 
transfer mappings are completely aligned. 

[0058] Component 212 builds transfer mapping database 
218 Which contains transfer mappings that basically link 
logical forms, or parts thereof, in one language, to logical 
forms, or parts thereof, in the second language. With transfer 
mapping database 218 thus created, system 200 is noW 
con?gured for runtime translations. 

[0059] During run time, a source language sentence 250, 
to be translated, is provided to analysis component 222. 
Analysis component 222 receives source language sentence 
250 and accesses a monolingual dictionary discussed beloW 
and parses the source language sentence 250 to create a 
source logical form 252 based upon the source language 
sentence input. 

[0060] The source logical form 252 is provided to match 
ing component 224. Matching component 224 attempts to 
match the source logical form 252 to logical forms in the 
transfer mapping database 218 in order to obtain a linked 
logical form 254. Multiple transfer mappings may match 
portions of source logical form 252. Matching component 
224 searches for the best set of matching transfer mappings 
in database 218 that have matching lemmas, parts of speech, 
and other feature information. Larger (more speci?c) trans 
fer mappings may illustratively be preferred to smaller 
(more general) transfer mappings. Among mappings of 
equal siZe, matching component 224 may illustratively 
prefer higher frequency mappings. Mappings may also 
match overlapping portions of the source logical form 252 
provided that they do not con?ict in any Way. 

[0061] After an optimal set of matching transfer mappings 
is found, matching component 224 creates links on nodes in 
the source logical form 252 to copies of the corresponding 
target logical form segments received by the transfer map 
pings, to generate linked logical form 254. 

[0062] Transfer component 226 receives linked logical 
form 254 from matching component 224 and creates a target 
logical form 256 that Will form the basis of the target 
translation. This is done by performing a top doWn traversal 
of the linked logical form 254 in Which the target logical 
form segments pointed to by links on the source logical form 
252 nodes are combined. When combining together logical 
form segments for possibly complex multi-Word mappings, 
the sublinks set by matching component 224 betWeen indi 
vidual nodes are used to determine correct attachment points 
for modi?ers, etc. Default attachment points are used if 
needed. 

[0063] In cases Where no applicable transfer mappings are 
found, the nodes in source logical form 252 and their 
relations are simply copied into the target logical form 256. 
Default single Word and phrase translations may still be 
found in transfer mapping database 218 for these nodes and 
inserted in target logical form 256. HoWever, if none are 
found, translations can illustratively be obtained from 
updated bilingual dictionary 220 Which Was used during 
alignment. 

[0064] Generation component 228 is illustratively a rule 
based, application-independent generation component that 
maps from target logical form 256 to the target string (or 
output target language sentence) 258. Generation compo 
nent 228 may illustratively have no information regarding 
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the source language of the input logical forms, and Works 
exclusively With information passed to it by transfer com 
ponent 226. Generation component 228 also illustratively 
uses this information in conjunction With a monolingual 
(e.g., for the target language) dictionary to produce target 
language sentence 258. One generic generation component 
228 is thus suf?cient for each language. 

[0065] FIG. 2B is a more detailed block diagram of a 
system 300 for learning phrase translations and augmenting 
the monolingual and bilingual dictionaries used in the sys 
tem shoWn in FIG. 2A. System 300 learns phrase transla 
tions from an aligned bilingual corpus and is used to 
augment bilingual dictionary 216 to obtain updated bilingual 
dictionary 220, and to augment monolingual dictionary 302 
to obtain updated monolingual dictionary 304, Which is used 
by parsing component 204 and/or 242 (shoWn in FIG. 2A) 
at training time and analysis component 222 (also shoWn in 
FIG. 2A) during run time. A number of the items are the 
same as those described in FIG. 2A and are similarly 
numbered. 

[0066] Source language sentences 230 and target language 
sentences 232 are, as described With respect to FIG. 2A, 
aligned sentences from an aligned training corpus. Sen 
tences 230 and 232 are provided to parsing components 204 
and 242. Parsing components 204 and 242 parse the sen 
tences and tokeniZe those sentences by marking multiWord 
phrases. The tokeniZed sentences are indicated by tokeniZed 
source language sentences 310 and tokeniZed target lan 
guage sentences 312. The parser can mark a variety of 
multiWord phrases. 

[0067] The tokeniZed sentences 310 and 312 are input to 
phrase translation learning component 400. Phrase transla 
tion learning component 400 selects phrases of interest from 
the tokeniZed source language sentence 310. Phrase trans 
lation learning component 400 then learns the associations 
betWeen the selected marked source language phrases and 
their translations in the aligned target language sentences, 
and outputs the translation pairs and their association scores, 
as indicated by block 410. 

[0068] The phrase pairs and associated scores 410 are 
provided to dictionary merge component 216 Which merges 
the phrase pairs and scores into bilingual dictionary 216 to 
create updated bilingual dictionary 220. Dictionary merge 
component 216 also augments monolingual target language 
dictionary 302 With the target language phrases that have 
been identi?ed as translations of the selected source lan 
guage phrases, to obtain updated monolingual target lan 
guage dictionary 304. This updated monolingual dictionary, 
With the neWly learned target language phrases incorporated 
therein, can thus perform better in parsing the input sen 
tences for logical form alignment as discussed With respect 
to FIG. 2A. In addition the learned translation relationships 
in the updated bilingual dictionary improve the performance 
of alignment itself. 

[0069] With the above context in mind, the present dis 
cussion noW proceeds more speci?cally With respect to 
learning phrase translations. The present invention can be 
used to address a problem that arises in parsing raW input 
text. As discussed in the background section, very little Work 
has been done in translating phrases. This problem is made 
even more di?icult because, in many types of text, particu 
larly certain types of technical texts, phrases are not used in 
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their usual way, but are instead used as the name of some 
thing in that particular domain. For example, the sentence 
“Click to remove the View As Web Page check mark.” 
includes the term “View As Web Page” which has the 
syntactic form of a non?nite verb phrase. However, in the 
sentence, it is used as if it is a proper name. If the parser does 
not recogniZe this special use of the phrase, it is virtually 
impossible to parse the sentence correctly. 

[0070] In the English language, expressions of this type 
can be handled in a straight-forward manner, primarily 
because capitaliZation conventions in English make these 
types of phrases easy to recogniZe. The tokeniZer used to 
tokeniZe the input text prior to parsing hypothesiZes that 
sequences of capitaliZed words, such as “View As Web 
Page” should be treated as lexicaliZed multi-word expres 
sions. This subclass of multi-words is referred to herein as 
“captoids”. 

[0071] Identifying translations of these captoids, however, 
is very dif?cult. This is primarily because the capitaliZation 
conventions in other languages (such as French or Spanish, 
for example) only capitaliZe the ?rst word of such an 
expression. Therefore, while it is relatively straight-forward 
in the English language to determine where a captoid begins 
and ends, it is very dif?cult in other languages. 

[0072] The present invention can be used to identify 
translations of captoids, and add them to the monolingual 
lexicon used by the parser and to the bilingual lexicon used 
at various other places in the machine translation system 
such that captoids can be accurately parsed and translated. 
The present invention takes advantage of the fact that, in the 
English language, such captoids can be identi?ed in a 
straight-forward manner and also takes advantage of the 
features of the present invention which can be used to 
identify compounds. FIG. 3 illustrates phrase translation 
learning component 400 in greater detail in accordance with 
one embodiment of the present invention. Phrase translation 
learning component 400 is suitable for learning associations 
between phrases which involve captoids, but substantially 
any other phrases as well. 

[0073] FIG. 3 illustrates that component 400 receives 
tokeniZed sentences 310 and 312 and provides the tokeniZed 
aligned sentences to three different models for processing. 
First, the aligned sentences 310 and 312 are provided to an 
individual word association score model 404 and then to a 
cross-sentence model 406 and ?nally to a con?dence mea 
sure conversion model 408 which outputs translation pairs 
and associated scores 410. 

[0074] Component 400 receives the aligned, tokeniZed 
sentences 310 and 312 with phrases identi?ed in the source 
language sentence and then automatically learns the corre 
sponding phrases in the target language sentence. The target 
language phrases can be extracted from the translation pairs 
and associated scores 410 and added to the lexicon used in 
parsing the target language during training and runtime. In 
addition, the translation pairs can be added to bi-lingual 
translation dictionary 214 (also shown in FIG. 2A and 2B). 

[0075] Component 400 can also operate on logical forms 
instead of tokeniZed sentences. In addition, component 400 
can be used outside of a machine translator. For example, 
component 400 can be used in forming a dictionary or to 
simply generate phrase translation scores or relationships. 
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[0076] FIG. 4 is a ?ow diagram better illustrating the 
overall operation of component 400 shown in FIG. 3. 
Component 400 ?rst receives the parallel aligned sentences 
with phrases to be translated identi?ed in the source lan 
guage. This is indicated by block 420. It should be noted that 
the phrases to be translated are assumed to be translated into 
the target language as a contiguous sequence of words in the 
target language. In addition, if the phrase to be translated 
occurs in exactly the same form in the target language 
sentences as in the source language sentence, it is assumed 
that the corresponding phrase in that sentence is the desired 
translation with a probability of 1.0. 

[0077] In any case, the aligned parsed and tokeniZed 
sentences are provided to individual word association score 
model 404 in system 400. Model 400 can illustratively 
correspond to the portion of statistical word association 
learner 208 that computes word association scores for indi 
vidual word pairs and multi-word pairs previously 
described, except that multi-words are broken down into 
their constituent single words before word association scores 
are computed. In other words, the degree of association 
between a word (WS) in the source language sentence and a 
word (Wt) in the target language sentence is computed in 
terms of the frequencies with which WS occurs in sentences 
of the source language (S) part of the corpus and Wt occurs 
in sentences of the target language (T) part of the corpus, 
compared to the frequency with which WS and Wt co-occur 
in aligned sentences of the corpus. 

[0078] Word association metrics have been used that pro 
vide a score indicative of a statistical word association 
between word pairs in a training corpus. One such metric is 
the log-likelihood-ratio statistic discussed by Dunning in 
Dunning, Accurate Methods for the Statistics of Surprise 
and Coincidence, Computational Linguistics, l9(l):6l 
74(1993). This statistic is used to compare the overall 
frequency of a word or lemma in language 1 (WLl) in the 
training data to the frequency of a word or lemma in 
language 1 (WLl) given a word or lemma in language 2 
(WL2) (i.e., the frequency with which WLl occurs in sen 
tences of L1 that are aligned with sentences of L2 in which 
WL2 occurs). Applying the log-likelihood-ratio static there 
fore provides a measure of the likelihood that an observed 
positive association between WLl and WL2 is not accidental. 

[0079] The list of word pairs for which association scores 
are computed can also be pruned. In other words, the process 
of computing the word association scores generates asso 
ciation scores for a large number of word (or lemma) pairs 
for a large training corpus. Therefore, in one illustrative 
embodiment, the set of word pairs is pruned to restrict 
further processing to those pairs having at least some chance 
of being considered as translation pairs. One illustrative 
heuristic sets this threshold to be the degree of association of 
a pair of words or lemmas that have one co-occurrence, plus 
one other occurrence each. 

[0080] Model 404 thus computes word association scores 
for pairs of words in the aligned sentences using the log 
likelihood-ratio statistic. This is illustrated by block 422 in 
FIG. 4. 

[0081] Based on these scores, individual word association 
score model 404 hypothesiZes a candidate phrase in the 
target language sentence for each identi?ed phrase in the 
source language sentence. Model 404 then partitions the 
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sentence pair into the portion of the sentence pair lying 
Within the identi?ed source language phrase and the candi 
date phrase, and to the portion of the sentences lying outside 
the identi?ed source language phrase and the candidate 
phrase. 
[0082] While the log-likelihood-ratio statistic has proven 
to be an excellent basis for learning single-Word translation 
relationships (the higher the score, the more likely the 
association is to be a true translation relation), it is di?icult 
to combine the scores for individual Word pairs into a 
composite score for phrase translation candidates. 

[0083] Therefore, model 404 generates probabilities 
(Which can be easily combined) from the Word association 
scores for the inside and outside partitions. This is discussed 
in greater detail With respect to FIGS. 5A and 5B. Brie?y, 
hoWever, model 404 computes a joint probability score for 
the inside partition of the target language sentence by 
summing the logarithm of the association probability for the 
strongest associations that can be found betWeen Words in 
the source language phrase and the candidate phrase trans 
lation, and vice versa. This joint probability is referred to as 
the inside score. The inside score is added to the sum of the 
logarithms of the association probabilities for the strongest 
associations that can be found for the source language Words 
not in the identi?ed source language phrase to the target 
language Words not in the candidate phrase translation, and 
vice versa. This is referred to as the outside score. Thus, if 
a target language Word not in the candidate translation has 
a high probability of associating With a source language 
Word in the identi?ed source language phrase, that candidate 
translation is likely to obtain a loWer score than another 
candidate translation that does include the particular target 
language Word. 

[0084] Model 404 then optionally computes and applies a 
capitaliZation probability score Which is added to the inside 
score and is a log probability estimated for several capitali 
Zation patterns. This is also discussed beloW in greater detail 
With respect to FIGS. 5A and 5B. Application of model 404 
is illustrated by block 424 in FIG. 4. 

[0085] The partition scores are then provided to cross 
sentence model 406. Model 406 has the effect of considering 
tendencies in the translation of particular phrases across all 
sentences in the aligned corpus. If a given phrase has a 
clearly preferred translation in several sentences, that can be 
taken into account in choosing a translation for the phrase in 
a sentence Where the individual Word association probabili 
ties leave the translation of the phrase unclear. 

[0086] While application of model 406 is described in 
greater detail With respect to FIG. 10, it is brie?y described 
here for the sake of clarity. Model 406 replaces the inside 
score generated in model 404 by the logarithm of the product 
of a direct estimate of the conditional probability of the 
candidate phrase occurring given the source language phrase 
and a direct estimate of the conditional probability of the 
source language phrase occurring given the candidate 
phrase. The revised inside score is then scaled and combined 
With the original Word-association-based outside score. The 
initial values for the revised inside scores are estimated 
using model 404 and are iteratively re-estimated using the 
EM algorithm. This is done illustratively by treating the 
composite scores as if they Were log probabilities, and 
normalizing them across a set of candidate translations for 
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each source language phrase carried forWard from estimat 
ing model 404. Applying cross-sentence model 406 is illus 
trated by block 426 in FIG. 4. 

[0087] The revised scores are then provided to con?dence 
measure conversion model 408, Which is applied to those 
scores. This is described in greater detail With respect to 
FIG. 11. Brie?y, model 408 replaces the combination of 
conditional probabilities for the identi?ed phrase in the 
source language, and its candidate translation in the target 
language, With the log-likelihood-ratio metric based on the 
entire phrase, and the context outside of the phrase and the 
candidate translation is eliminated. The model parameters 
are iteratively recomputed using the Viterbi re-estimation. 
When the re-estimation converges, the ?nal set of phrase 
translation scores is obtained in terms of the log-likelihood 
ratio metric for the entire phrases. This generates a consis 
tent set of log-likelihood-ratio scores to use as a con?dence 
measure for the phrase translation pairs 410. Application of 
model 408 is illustrated by block 428 in FIG. 4. The ?nal 
phrase translation pairs and related scores are output as 
illustrated by block 430 in FIG. 4. 

[0088] The phrase translation aspect of the present inven 
tion Will noW be described in greater detail. FIGS. 5A and 
5B are ?oW diagrams better illustrating the operation of 
model 404 in accordance With one embodiment of the 
present invention. Recall that prior to applying model 404, 
all of the single Word associations have been computed as 
discussed above. In addition, all phrases in the source 
language sentences for Which translations are to be obtained 
have been identi?ed. 

[0089] To derive combinable probabilities from Word 
association scores, model 404 ?rst selects a pair of sentences 
(i.e., one sentence in the source language and its aligned 
sentence in the target language). This is indicated by block 
500 in FIG. 5A. Then, for each Word (WS) in the source 
language sentence, model 404 identi?es the Word (Wt) in the 
target language sentence that is most strongly associated 
With WS, keeping a count of those most strong associations. 
This is indicated by block 502 in FIG. 5A. 

[0090] Then, for each Word (Wt) in the target language 
sentence, model 404 identi?es the Word (WS) in the source 
language sentence that is most strongly associated With Wt, 
again keeping a count of the most strong associations. This 
is indicated by block 504. This is done for each aligned 
sentence pair as indicated by block 506. 

[0091] Since the Word association scores are in terms of 
log-likelihood-ratio, they are di?icult to combine With one 
another to obtain phrase translations. Therefore, model 404 
then estimates probabilities from the counts since probabili 
ties can be easily combined. Speci?cally, from the counts 
generated, and for each Word WS, model 404 estimates a 
probability that an occurrence of WS Will have a given Word 
Wt as its most strongly associated Word in the corresponding 
aligned sentence. This is indicated by block 508. 

[0092] Similarly, from the counts, for each Word Wt, 
model 404 estimates the probability that an occurrence of Wt 
Will have a given Word WS as its most strongly associated 
Word in the corresponding aligned sentence. This is indi 
cated by block 510. 

[0093] The probabilities estimated are then smoothed 
using a knoWn smoothing technique such as the Well knoWn 










