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Taruh di mana? Di mana ia pergi? ✘ 
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Saan mo ilalagay ito? Saan pumunta? ✘ 
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O​ù est-ce que ça va? Où faut-il aller? ✘ 

Vart ska det? Vart tar det vägen? ✘ 
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A for all English-Chinese lexical translations

A for all English vocabulary

A for all Chinese vocabulary

Figure 2: A simple constituent-matching ITG.

The algorithms in this paper assume that ITGs are in this normal form, with one slight relaxation. Lexical

productions of the form A may generate multiple-word sequences, i.e., and may each be more

than one word. This does not affect the generative power, but allows probabilities to be placed on collocation

translations. The form is called lexical normal form.

ITGs impose two desirable classes of constraints on the space of possible matchings between sentences.

Crossing constraintsprohibit arrangements where thematchings between subtrees cross each another, unless

the subtrees’ immediate parent constituents are alsomatched to each other. Aside from linguisticmotivations

stemming from the compositionalityprinciple, this constraint is important for computational reasons, to avoid

exponential bilingual matching times. Fanout constraints limit the number of direct sub-constituents of any

single constituent, i.e., the number of subtrees whose matchings may cross at any level. We have shown

that ITGs inherently permit nearly free matchings for fanouts up to four, with strong constraints thereafter

creating a rapid falloff in the proportion of matchings permitted (Wu 1995a). This characteristic gives ITGs

just the right degree of flexibility needed to map syntactic structures interlingually.

3 Coarse Bilingual Grammars

Because the expressiveness of ITGs naturally constrains the space of possible matchings in a highly appro-

priate fashion, the possibility arises that the information supplied by a word-translation lexicon alone may be

adequately discriminating to match constituents, without language-specific monolingual grammars for the

source and target languages, simply by bringing the ITG constraints to bear in tandemwith lexical matching.

That is, the bilingual SITG parsing algorithm can perform constituent identification and matching using only

a generic, language-independent bracketing grammar.

Several earlier experiments (Wu1995a) tested out variants of this hypothesis, using generic SITGs similar

to the one shown in Figure 2, which employs only one nonterminal category. The first two productions

are sufficient to generate all possible matchings of ITG expressiveness (this follows from the normal form

theorem). The remaining productions are all lexical. Productions of the A form list all word

translations found in the translation lexicon, and the others list all potential singletonswithout corresponding

translations. Thus, a parser with this grammar can build a bilingual parse tree for any possible ITG matching

on a pair of input sentences.

Probabilities on the grammar are placed as follows. The distribution encodes the English-Chinese

translation lexicon with degrees of probability on each potential word translation. A small -constant can be

chosen for the probabilities and , so that the optimal matching resorts to these productions only when it

is otherwise impossible to match the singletons. The result is that the maximum-likelihood parser selects the

parse tree that best meets the combined lexical translation preferences, as expressed by the probabilities.

Performance, as reported in Wu (1995a), was encouraging, with precision on automatically-filtered
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form is a no tewor thy  characteristic of ITGs; no such normal  form is available for 
unrestr icted context-free (syntax-directed) t ransduct ion g r a m m a r s  (Aho and Ul lman 
1969b). The proof  closely follows that  for s tandard  CFGs, and  the proofs  of the l emmas  
are omitted.  

L e m m a  
For any  
duct ion 

1 
inversion t ransduct ion g r a m m a r  G, there exists an equivalent  inversion trans- 
g r a m m a r  G' where  T(G) = T(G'),  such that: 

. 

. 

If ¢ E LI(G) and ¢ C L2(G), then G' contains a single product ion  of the 
fo rm S ~ ~ c/c, where  S ~ is the start  symbol  of G ~ and  does not  appea r  on 
the r ight-hand side of any  product ion  of G'; 

o therwise  G' contains no product ions  of the fo rm A ~ c/c. 

n e m m a  
For any  
duct ion 
duct ion 

2 
inversion t ransduct ion g r a m m a r  G, there exists an equivalent  inversion trans- 
g r a m m a r  G' where  T(G) = T(G'),  such that  the r ight-hand side of any  pro-  
of G t contains either a single terminal-pair  or a list of nonterminals .  

L e m m a  
For any  
duct ion 
tions of 

3 
inversion t ransduct ion g r a m m a r  G, there exists an equivalent  inversion trans- 
g r a m m a r  G t where  T(G) -- T(G'),  such that  G' does not contain any  produc-  
the fo rm A ~ B. 

Theorem 1 
For any  inversion t ransduct ion g r a m m a r  G, there exists an equivalent  inversion trans- 
duct ion g r a m m a r  G t in which every product ion  takes one of the fol lowing forms: 

s c/c A x/c A IBC] 
A x/y A ¢/y A (BC) 

Proof 
By Lemmas  1, 2, and 3, we  m a y  assume  G contains only product ions  of the fo rm 
S ~ c/c, A --~ x /y ,  A ~ x /G A ---* ~/y, A ~ [BIB2], A --~ (BIB2), A ~ [B1... Bn], and 
A ---* (B1 . . .  B,) where  n _> 3 and  A ~ S. Include in G ~ all product ions  of the first six 
types. The remaining two types  are t rans formed as follows: 

For each product ion  of the form A --~ [B1...  Bn] we introduce new nonterminals  
X1 . . .  X,_2 in order to replace the product ion  wi th  the set of rules A --* [B1X1],X1 ---+ 
[ B 2 X 2 ]  . . . . .  X n - 3  --+ [ B n - 2 X n - a ] , X n - 2  ---+ [Bn-IB,]. Let (e,c) be any  str ing-pair  deriv- 
able f rom A ~ [ B 1 . "  Bn], where  e is ou tpu t  on s t ream 1 and  c on s t ream 2. Define 
e i a s  the substr ing of e der ived f rom Bi ,  and similarly define c i. Then Xi generates  
( e  i + 1 . .  . e n ,  c i+1 . . . C  n) for all 1 ~ i < n - 1, so the new product ion  A --+ [ B I X 1 ]  also 
generates  (e, c). No addit ional  str ing-pairs  are genera ted  due to the new product ions  
(since each Xi is only reachable f rom Xi-1 and X1 is only reachable f rom A). 

For each product ion  of the form A -~ (B1 . . .  Bn) we replace the product ion  wi th  
the set of rules A ~ ( B1Y1) , Y1 --~ ( B2 Y 2 )  , . . . , Y n -  3 ---+ ( B n -  R Y n -  2) ,  Y n -  2 --~ ( B n -  I Bn) .  Let 
(e, c) be any  str ing-pair  derivable f rom A ~ (B1 ' ' .  B n ) ,  where  e is ou tpu t  on s t ream 
1 and c on s t ream 2. Again define e i and  c i as the substr ings der ived f rom Bi, but  
in this case (e, c) = (e 1 • • • e ", c" • • • c 1 ). Then Y i  generates  ( e  i+1  • • • e n, c n • • • c i+1  ) for all 
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Kâtip uyku dan ,uyan miş gösleri mahmur

The scribe had woken up from his sleep , with sleepy eyes

(b) Turkish-English character/word/phrase alignment
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[These/~_- a~ arrangements /~J~ will/c c/~-J enhance/]JIl~ o u r / ~  ([¢/~ ability/~ll~ 
~]  [to/e e / E t ~  m a i n t a i n / , . ~  m o n e t a r y / ~  s t a b i l i t y / l ~  in the years to come/el) 
./o ] 
[The/¢ A u t h o r i t y / ~  w i l l / ~  ([be/e a c c o u n t a b l e / ~ ]  [to the/¢ ¢ / ~  
F i n a n c i a l / ~  Secretary/~]/  ./o ] 
[They/~d~ ( are/e right/iE~tf e /nL~ to/e  d o / ~  e/~_~!J~ so/e ) ./o ] 
[([ Even/e more/~l~ impor t an t /~ l~  ] [,/¢ however/{EI ]) [,/c e/B-~, i s / ~  to make the 
very best of our/e  e/~ '~=JE~ own/T];~ e/IY'J talent/,k:q- 1-/o ] 
[ I / ~  hope/c  e /<>~ e m p l o y e r s / ~ E  w i l l / ~  make full/e e / ~ : ~  u s e / ~  [of/e 
those/~]l~-aZ a] (([~/f~J-r w h o / X ]  [have acquired/e e/~-~] new/~J~ skills/~]l~ ]) 
[ th rough/~ i~  t h i s / L ~  programme/~illl]]/ ./o 1 
[I/~J~ have/~,  <> at/e length/~-~,~l]t ( on/e  how/,a~,~ w e / ~  e/-~l~,,~) [can/~--JJ)~ 
boost/e e / ~ j ~  our/2~i'~ e / ~  prosperity/~l~i~] ./o I 

Figure 11 
Bracketing output examples. (<> = unrecognized input token.) 

8. Alignment 

8.1 Phrasal Alignment 
Phrasal translation examples at the subsentential level are an essential resource for 
many MT and MAT architectures. This requirement is becoming increasingly direct 
for the example-based machine translation paradigm (Nagao 1984), whose translation 
flexibility is strongly restricted if the examples are only at the sentential level. It can 
now be assumed that a parallel bilingual corpus may be aligned to the sentence level 
with reasonable accuracy (Kay and Ri3cheisen 1988; Catizone, Russel, and Warwick 
1989; Gale and Church 1991; Brown, Lai, and Mercer 1991; Chen 1993), even for lan- 
guages as disparate as Chinese and English (Wu 1994). Algorithms for subsentential 
alignment have been developed as well as granularities of the character (Church 1993), 
word (Dagan, Church, and Gale 1993; Fung and Church 1994; Fung and McKeown 
1994), collocation (Smadja 1992), and specially segmented (Kupiec 1993) levels. How- 
ever, the identification of subsentential, nested, phrasal translations within the parallel 
texts remains a nontrivial problem, due to the added complexity of dealing with con- 
stituent structure. Manual phrasal matching is feasible only for small corpora, either 
for toy-prototype testing or for narrowly restricted applications. 

Automatic approaches to identification of subsentential translation units have 
largely followed what  we might call a "parse-parse-match" procedure. Each half of 
the parallel corpus is first parsed individually using a monolingual grammar. Subse- 
quently, the constituents of each sentence-pair are matched according to some heuristic 
procedure. A number  of recent proposals can be cast in this framework (Sadler and 
Vendelmans 1990; Kaji, Kida, and Morimoto 1992; Matsumoto, Ishimoto, and Utsuro 
1993; Cranias, Papageorgiou, and Peperidis 1994; Grishman 1994). 

The parse-parse-match procedure is susceptible to three weaknesses: 

Appropriate, robust, monolingual grammars may not be available. This 
condition is particularly relevant for many non-Western European 
languages such as Chinese. A grammar for this purpose must  be robust 
since it must  still identify constituents for the subsequent matching 
process even for unanticipated or ill-formed input sentences. 
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Given an induced bilexicon, multitoken alignment of any sentence pair can then be obtained by
computing a minimum-cost bisegmentation, for example by using the dynamic programming method of
the ITG biparsing model (Section 16.6) or greedy or heuristic variants.

16.5 Structure and Tree Alignment

A structure alignment algorithm produces an alignment between constituents (or sentence substructures)
within sentence pairs of a bitext. The segments to be aligned are labeled by the nodes in the constituent
analyses of the sentences; the output set A contains pairs of labeled segments (p, r) corresponding to the
coupled nodes. All existing techniques process the bitext one bisentence at a time, so sentence alignment
always precedes structure alignment. Coupled constituents may be useful in translators’ concordances,
but they are usually sought for use as examples in EBMT systems (Nagao 1984), phrase-based SMT
systems (Koehn et al. 2003), and tree-based SMT systems like those of Wu (1997) and Chiang (2005).
Alternatively, the examples constitute training data for machine learning of transfer patterns.

Tree alignment is the special case of structure alignment where the output A must be a strictly
compositional, hierarchical alignment. (The same constraint is applicable to dependency tree models.)
This means that tree alignment obeys the following:

Crossing constraint
Suppose two nodes in language-0 p0 and p1 correspond to two nodes in language-0 r0 and r1
respectively, and p0 dominates p1. Then r0 must dominate r0.

In other words, couplings between subtrees cannot cross each another, unless the subtrees’ immediate
parent nodes are also coupled to each other. Most of the time this simplifying assumption is accurate, and
it greatly reduces the space of legal alignments and thereby the search complexity. An example is shown
in Figure 16.10, where both Security Bureau and police station are potential lexical couplings to 公安局,

station .The security Bureau granted authority to the police

FIGURE 16.10 The crossing constraint.
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1% in real 1 % ~ ] ~  
Would you ~ _ ~ ;  
an acceptable starting point for this new policy ~ ~ I J ~ ~  
are about 3 . 5  million p k ~ - 3 5 0 ~  
born in Hong ~ ~ ~ 
for Hong ~ 
have the right to decide our ~ J ~ m ~ J ~  
in what way the Government would increase ~ ( J ~ { ~ t ~ } J l l ~ ~ @ ; ~  

their job opportunities ; and 
last month _L~ J~ 
never to say " never " ~ - ~ " ~ "  
reserves and surpluses ~ ] ~ [ I ~ ,  
starting point for this new policy ~ _ ~ ~  
there will be many practical difficulties in terms ] ~ @ ~ - ~ I ~ , ~ t  

of implementation 
year ended 3 1 March 1 9 9 1 ~ _ ~ P h ~ J ~  --n u -  

Figure 12 
Examples of extracted phrasal translations. 

8.2 Word Alignment 
Under the ITG model, word alignment becomes simply the special case of phrasal 
alignment at the parse tree leaves. This gives us an interesting alternative perspective, 
from the standpoint of algorithms that match the words between parallel sentences. By 
themselves, word alignments are of little use, but they provide potential anchor points 
for other applications, or for subsequent learning stages to acquire more interesting 
structures. 

Word alignment is difficult because correct matchings are not usually linearly 
ordered, i.e., there are crossings. Without some additional constraints, any word po- 
sition in the source sentence can be matched to any position in the target sentence, 
an assumption that leads to high error rates. More sophisticated word alignment al- 
gorithms therefore attempt to model the intuition that proximate constituents in close 
relationships in one language remain proximate in the other. The later IBM models are 
formulated to prefer collocations (Brown et al. 1993). In the case of word_align (Dagan, 
Church, and Gale 1993; Dagan and Church 1994), a penalty is imposed according to 
the deviation from an ideal matching, as constructed by linear interpolation? 

From this point of view, the proposed technique is a word alignment method that 
imposes a more realistic distortion penalty. The tree structure reflects the assumption 
that crossings should not be penalized as long as they are consistent with constituent 
structure. Figure 7 gives theoretical upper bounds on the matching flexibility as the 
lengths of the sequences increase, where the constituent structure constraints are re- 
flected by high flexibility up to length-4 sequences and a rapid drop-off thereafter. In 
other words, ITGs appeal to a language universals hypothesis, that the core arguments 
of frames, which exhibit great ordering variation between languages, are relatively 
few and surface in syntactic proximity. Of course, this assumption over-simplistically 

4 Direct comparison with word_align should be avoided, however, since it is intended to work on corpora 
whose sentences are not aligned. 

398 

tree#alignment#
aim(
•  automa=cally#map#cons=tuents#between#input#and#output#
sequences#

Input(
•  bisequence,#where#input#and#output#sequences#have#been#parsed#
•  token#transla=on#lexicon#
•  languageEindependent#bracke0ng(ITG#(only#1#generic#nonterminal#A)#

output(
•  recursively#aligned#bisequence#

Implementa0on(
•  biparser#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

transduc=on##(“decoding”)#
aim(
•  translate#a#sequence#from#an#input#representa=on#to#an#output#
representa=on,#with#zero#syntac=c#knowledge#

Input(
•  input#language#sequence#
•  token#transla=on#lexicon#
•  languageEindependent#bracke0ng(ITG#(only#1#generic#nonterminal#A)#

Output(
•  output#language#sequence#that#is#a#transla=on#of#the#input#sequence#

Implementa0on(
•  CKY#style#BITG#transducer#with#output#language#nEgram#model#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

(Wu,#ACL#1996)#

Enigma 
)()|(maxarg

)(
)()|(

maxarg)|(maxarg* ePecP
cP
ePecPcePe

eee
===

optimal German 
decrypt 
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transla=on#channel#

an effective language is elegant 

an effective representation is elegant Turing machines are 
too inefficient to learn 

how#children#learn#languages#

Prof#Dekai#Wu##HKUST# Language#structures#thought!##Learning#rela=onships#in#big#data#
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Secretary#of#
Finance#when#
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•  sense English representations of environment 
•  correlate with the Chinese they hear 



)()|(maxarg
)(
)()|(

maxarg)|(maxarg* ePecP
cP
ePecPcePe

eee
===

optimal English 
translation 

Chinese input 
sentence 

translation 
channel 

language 
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transla=on#channel#

transduc=on##(“decoding”)#
aim(
•  translate#a#sequence#from#an#input#representa=on#to#an#output#
representa=on,#with#zero#syntac=c#knowledge#

input(
•  input#language#sequence#
•  token#transla=on#lexicon#
•  languageEindependent#bracke0ng(ITG#(only#1#generic#nonterminal#A)#

output(
•  output#language#sequence#that#is#a#transla=on#of#the#input#sequence#

implementa0on(
•  CKY#style#BITG#transducer#with#output#language#nEgram#model#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

(Wu,#ACL#1996)#

transduc=on##(“gramma=cal#channel”)#
aim(
•  translate#a#sequence#from#an#input#representa=on#to#an#output#
representa=on,#knowing#only#the#output(language#syntax#

input(
•  input#language#sequence#
•  token#transla=on#lexicon#
•  output#language#CFG,#with#each#rule#mirrored#into#straight#&#inverted#ITG#rules#

output(
•  output#language#sequence#that#is#a#transla=on#of#the#input#sequence#

implementa0on(
•  Earley#style#ITG#transducer#with#output#language#nEgram#model#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

(Wu#&#Wong,#ColingEACL#1998)#

we’ve barely scratched the surface of the many 
applications of stochastic transduction grammars 

 

•  grammar induction:  automatically decomposing both sides of a parallel corpus 
(“bilingual bracketing”)  

•  biparsing:  bilingual parsing of both sides of a parallel corpus  
•  tree alignment under various constraints to extract or induce transduction rules 

(patterns, transfer rules, examples, templates) 

•  segmentation:  translation-driven word segmentation (“phrase-based”) 

•  coercion or projection:  parsing one language using the grammar of another 
language  

•  Earley-style biparsing & decoding:  particularly useful for linguistic grammars 
(which are often not binarized)  

•  training:  polynomial-time EM parameter estimation  
•  translation or decoding:  polynomial-time statistical translation  
•  grammatical decoding:  even faster, grammatical statistical machine translation 

(incorporating linguistic grammars)  
•  transduction grammar induction:  fully unsupervised learning of relations 

   Efficient polynomial-time algorithms for FSTG, LTG, and ITG 
learning of structural relationships are possible because of the 
evolutionary drive toward restricted expressiveness of practical 
languages and concepts in common use 

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

transduc=on#grammar#induc=on#
aim(
•  go#from#a#parallel#corpus#to#a#transduc=on#grammar#
•  which#can#then#be#used#as#a#transducer#(transla=on#system)#
(
input(
•  bicorpus#(large#set#of#bisequences)#

output(
•  transduc=on#grammar#(typically#an#ITG)#

implementa0on(
•  incrementally#learn#TGs#from#simple#to#complex#
•  gradually#climb#up#the#complexity#hierarchy#for#transduc=ons#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

but#a#lot#of#SMT#today#

• relies#excessively#on#
• memorizing#long#lexical#transla=ons#

•  …#or#heavily#lexicalized#long#transduc=on#rules#

• rather#than#
•  generalizing#abstract#pajerns#
•  reusing#short#lexical#transla=ons#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#
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assigned a slightly smaller probability in order to break ties in favor of straight matchings. Probabilitieswere

placed on the lexical productions as discussedabove,with the following additional provisions. The translation

lexiconwas automatically learned from theHKUSTEnglish-ChineseParallel BilingualCorpus via statistical

sentence alignment (Wu 1994) and statistical Chinese word and collocation extraction (Fung & Wu 1994;

Wu & Fung 1994), followed by an EM word-translation learning procedure (Wu & Xia 1994). The latter

stage gives us the lexical translation probabilities. The translation lexicon contained approximately 6,500

English words and 5,500 Chinese words, and was not manually corrected for this experiment, having about

86% translation accuracy. The English part-of-speech lexicon with relative frequencies was derived from

the English portion of our corpus as tagged by Brill’s (1993) tagger.

Our preliminary experiments show improved parsing behavior in general, compared to generic bracketing

grammars. Examples of the output are shown in Figure 6. The latter example shows problematic behavior on

the example given earlier in Figure 3 of sentence pairs without sufficient ordering discrimination. Although

an attempt is made in this case to fit the English constraints, the main difficulty is that the translation “so/

” was missing from the automatically-learned lexicon; also, the simple grammar lacks infinitival clauses.

4 An EM Algorithm for Training SITGs

An unavoidable consequence of usingmore structured, complex grammars—coarse though they may be—is

that the bilingual matching process becomes more sensitive to the syntactic production probabilities than

under the earlier generic bracketing grammar approaches. Performance therefore suffers if the probabilities

are not appropriate, a serious problem given that the syntactic production probabilities above are manually,

and arbitrarily, set to be uniform.

It therefore becomes desirable to find means to tune the syntactic production probabilities automatically,

so as to be optimal with respect to some training data set. Note that we do not expect the parallel training

corpus to be parsed or otherwise syntactically annotated beforehand. To this end we present an EM

(expectation-maximization) algorithm for iteratively improving the syntactic production parameters of a

SITG, according to a likelihood criterion. The method is a generalization of the inside-outside algorithm for

SCFG estimation (Baker 1979; Lari & Young 1990).

A few notational preliminaries: we will denote the sentence pairs by E C where the English sentence

E e e and the corresponding Chinese sentence C c c are vectors of observed symbols

(that is, lexemes or words). As an abbreviation we write e for the sequence of words e e e ,

and similarly for c . It will be convenient to use a 4-tuple of the form to identify each node

of the parse tree, where the substrings e and c both derive from the node . Denote the nonterminal

label on by or , with the convention that means that e and c are not

derived from a single common nonterminal.

The inside probabilities, defined as:

e c(1)

are computed recursively as follows.

1. Basis

(2)

e c(3)
WVLC-3 WU 10

2. Recursion

(4)

(5)

(6)

Subsequent to the inside computation, the outside probabilities, defined as:

S e e c c(7)

are also computed recursively:

1. Basis

if S

otherwise
(8)

(9)

2. Recursion

(10)

(11)

(12)

The estimation procedure for adjusting themodel parameter set is defined in terms of the inside and outside

probabilities. We begin by considering for each nonterminal the probability of its use in a derivation of the

observed sentence-pair:

WVLC-3 WU 11

used S E C

S E C

S E C
(13)

S E C
(14)

The probability of using each straight production rule in a derivation of the observed sentence-pair is:

used S E C e c S E C(15)

S E C
(16)

Similarly for each inverted production rule:

used S E C e c S E C(17)

S E C
(18)

By definition, the syntactic production probabilities are:

used used S E C(19)

used used S E C(20)

Substitution yields a re-estimation procedure for :

(21)

(22)

The behavior of a typical training run is shown in Figure 7. The relative movement of the log likelihood

is what is important here. The absolute magnitudes are not meaningful since they are largely determined

by the fixed lexical translation probabilities. What is significant is that due to the relatively small number

of parameters being trained, convergence is achieved within two or three iterations. (The rise in perplexity

afterwards is caused by numerical error on overtrained parameters; we terminate training as soon as this

occurs.)

WVLC-3 WU 10

2. Recursion

(4)

(5)

(6)

Subsequent to the inside computation, the outside probabilities, defined as:

S e e c c(7)

are also computed recursively:

1. Basis

if S

otherwise
(8)

(9)

2. Recursion

(10)

(11)

(12)

The estimation procedure for adjusting themodel parameter set is defined in terms of the inside and outside

probabilities. We begin by considering for each nonterminal the probability of its use in a derivation of the

observed sentence-pair:

(Wu,#WVLC#1995)#

EM#algorithm#for#ITGs#



bootstrapping#

Prof#Dekai#Wu##HKUST# Language,#music,#and#crea=vity##Transduc=on#grammar#induc=on#&#applica=ons#

(Saers,#Addanki#&#Wu,#Coling#2012)#

wait…#

you#wanna#translate#with#finiteEstate#transducers?!#

•  no!#
•  FSTs#are#useless#for#anything#but#the#most#simple,#monotone#transla=on#
tasks#

•  but…#
•  complex#transla=on#tasks#are#made#up#of#simple,#monotone#transla=on#
tasks#

review#

a#grammar#generates#a#language(
…#which#is#a#set#of#sentences&

#
a#transduc0on(grammar(generates#a#transduc0on(

…#which#is#a#set#of#sentence&pairs&

                                     SEGMENTAL 
Monolingual              Bilingual 

Languages       Transductions 
regular or 

finite-state languages 
FSA 
or 

CFG that is 
right or left linear or regular 

 
linear languages 

LG 
or 

CFG that is 
linear or unary 

 
context-free languages 

CFG 

regular or 
finite-state transductions 

FST 
or 

SDTG that is 
right or left linear or regular 

 
linear transductions 

LTG 
or 

SDTG that is 
linear or unary 

 
inversion transductions 

ITG 
or 

SDTG that is 
binary or ternary or inverting 

 
syntax-directed transductions 

SDTG 
(or synchronous CFG) 

O(n2n+2) 

O(n6) 

O(n4) 

O(n3) 

O(n2) 

O(n4) O(n2) 

finite-state 
!  finite-state grammar 

!  S → A 
A → ε 
A → e B 

!  finite-state transduction grammar 
!  S → A 

A → ε/ε 
A → e/f B substitution 
A → e/ε B 
A → ε/f B 

 
 
insertion 
deletion 

example sentence 

how 

�� 

long will it take on foot ?

� �� � � � � 

FSTG alignments 

how 

�� 

long will it take on foot ?

� �� � � � � 

FSTG alignments 

how 

�� 

long will it take on foot ?

� �� � � � � 

FSTG alignments 

how 

�� 

long will it take on foot ?

� �� � � � � 



Linear 
!  Linear grammar 

!  S → A 
A → ε 
A → e B 
A → B e 

!  Linear transduction grammar 
!  S → A 

A → ε/ε 
A → e/f B 
A → B e/f 

A → [ε/f B] 
A → [e/ε B] 
A → [B ε/f] 
A → [B e/ε] 

A → [e/f B] 
A → ‹e/f B› 
A → [B e/f] 
A → ‹B e/f› 

A → ‹ε/f B› 
A → ‹e/ε B› 
A → ‹B ε/f› 
A → ‹B e/ε› 

 
P → e/ε 
P → ε/f 

Lots of rule forms… 
!  … for the same token pairs (biterminals) 
!  Risks diluting the statistics 
!  Introduce preterminalized transduction 

grammars 
!  Linear transduction grammar 

!  S → A 
A → ε/ε 
A → [e/f B] 
A → ‹e/f B› 
A → [B e/f] 
A → ‹B e/f› 

S → A 
A → ε/ε 
A → [P B], P → e/f 
A → ‹P B›, P → e/f 
A → [B P], P → e/f 
A → ‹B P›, P → e/f 

P → e/f 

PLITG parsing 

how 
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PLITG parsing 
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PLITG parsing 
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PLITG parsing 

how 

�� 

long will it take on foot ?
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PLITG parsing 

how 

�� 

long will it take on foot ?
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PLITG parsing 

how 

�� 

long will it take on foot ?
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ITG 

!  context-free grammar (2-normal form) 
!  S → A 

A → B C 
A → e 

!  inversion transduction grammar 
!  S → A 

A → [B C] 
A → ‹B C› 
A → e/f 
A → e/ε 
A → ε/f 

ITG parsing 

how 

�� 

long will it take on foot ?

� �� � � � � 

Roadmap 

Grammar conversion: PFSTG-PLITG 

!  PFSTG 
!  S → A 

A → ε/ε 
A → P B 
 
 
 
P → e/f 

!  PLITG 
!  S → A 

A → ε/ε 
A → [P B] 
A → ‹P B› 
A → [B P] 
A → ‹B P› 
P → e/f 

Grammar conversion: PLITG-ITG 

!  Not as straight forward 
!  Idea: “promote” preterminals 

to be proper nonterminals 
!  P → e/f becomes P → e/f and P → A 
!  p’(e/f|P) = α p(e/f|P), 

p’(A|P) = (1 - α) β(A|P) p(e/f|P) 
!  α = 0.5, 
β(A|P) = uniform over nonterminals 

!  Perform standard grammar normalization 
to eliminate nullary and unary rules 

Grammar conversion: PFSTG-ITG 

!  Cheat! 
!  Compose the previous conversions 

PFSTG-PLITG • PLITG-ITG 
gives 
PFSTG-ITG 

!  No training at the PLITG stage 



roadmap Fun with simple grammars 
!  Splitting 

!  Split one nonterminal or preterminal 
symbol into n new symbols 

!  Apply controlled perturbation to split the 
probability mass 

!  (See the paper for details) 

Splitting helps! 
!  Assume two rules: 

!  A → [P A] 
!  P → will/� 

!  We want to: 
!  Split A into A and B 
!  Split P into P and Q 

!  Resulting rules: 
!  A → [P A], A → [P B], A → [Q A], A → [Q B] 

B → [P A], B → [P B], B → [Q A], B → [Q B] 
!  P →  will/�, Q →  will/� 

 

Fun with simple grammars 
!  Chunking 

!  Any sequence of two contiguous terminal 
productions found in the parse forest could 
be one production 

!  Each round of chunking doubles the 
potential phrase length 

!  Time consuming on large forests 
!  (See our EAMT and Interspeech paper 

from last year for details) 

Chunking helps! 
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Chunking helps! 
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Chunking helps! 

how 
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Chunking helps! 

how 

�� 
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experimental setup 
!  Initialize a PFSTG from a parallel corpus 

!  IWSLT07 Chinese-English 

!  Chunk and split to your heart’s desire 
!  Move to PLITG then to ITG 

or move straight to ITG 
!  Traverse the roadmap 

!  Train at each stage 
!  Measure cross-entropy 

why is cross-entropy on 
the training set important? 

!  Low cross-entropy may be indicative of 
over-fitting 

!  Over-fitting to a lower cross-entropy is 
indicative of model fit 

!  PFSTGs are unable to over-fit to the 
same level that ITGs are able to 

!  Indicates that ITGs as a model is a 
better fit to the problem 

lessons 
ways to lower the entropy 

!  Baseline: cross-entropy 110.2 (PFSTG) 
!  Best: cross-entropy 32.8 

PFSTG-chunk-chunk-split-split-split-ITG 
!  Nice: still fits in 16Gb RAM 

!  Promising candidate: cross-entropy 35.9  
PFSTG-chunk-chunk-chunk-ITG 
!  After only 1 chunk: 60.7 
!  After chunk-chunk: 36.5 (already mostly there!) 
!  Unfortunately, couldn’t split after 

chunk-chunk-chunk within 16Gb RAM 

lessons 
ways to lower the entropy 

!  In general 
!  ITG is better than PFSTG and PLITG 
!  Chunking helps 
!  Splitting helps 

remember what we want 
!  big parallel corpus � small transduction grammar 

!  learn lexical phrase translations 
(i.e. a segmental transduction grammar) 

!  compact generalization of the translation knowledge 
encoded in the corpus 

!  unsupervised learning of transduction grammar rules 
without Giza, Moses, parsers, or anything else 

why? 
!  rearchitecting the SMT core:  “Machine Learning 101” 

!  Do training and testing on the same model 
!  Get the inductive bias right:  core internal representation designed 

from the start for learning semantic frame generalizations 
!  Emphasis on generalizing rather than memorizing 
!  Minimum description length / MAP " Occam’s razor for model size 

!  evaluated in pure, unadulterated form 
!  Not as a preprocessing subroutine (eg, for word alignment) within an 

off-the-shelf “stack-of-hacks” SMT spaghetti architecure 
!  ITG decoder matched to ITG learner 
!  We’d rather see lower BLEU scores temporarily, so we can better 

understand transduction grammar induction behavior 
!  Don’t obscure your model by burying it within a big “stack-of-hacks”! 



common SMT training pipeline 

!  Long pipeline propagates errors: risk of premature commitment  
!  no way to recover from mistakes in earlier steps 

!  No credit/blame assignment during learning! 
!  To try to compensate: 

!  massively over-generate phrases 
!  result: heavy bias toward memorizing huge corpus 

instead of learning the right abstract generalizations  

!  Same pipeline problem for Hierarchical/Syntactic 
          {tree, string} to {tree, string} 

!  parse parallel corpus where the trees go 
!  replace ”phrases” with TG rules 

parallel 
corpus 

word 
align 

extract 
phrases 

score 
phrases 

translation 
model 

sym- 
metrize 

our training ”pipeline” 

!  No pipeline 
!  No risk of premature commitment 
!  Replaces many intermediate learning steps 

!  … which, admittedly, have been engineered with 
 heuristic tweaks over a long time 

!  worth it to carefully understand correct 
 unsupervised learning of generalizations 

parallel 
corpus ITG learning algorithm translation 

model 

our specific SSBITG model 
!  Unsupervised induction of stochastic segmental 

bracketing inversion transduction grammars 

has probabilities 

phrasal translation 
lexicon 

lacks nonterminal 
categories 

Our specific SSBITG model 
!  Unsupervised induction of stochastic segmental 

bracketing inversion transduction grammars 
!  Compact generalization of the translation knowledge 

encoded in the corpus 

Our specific SSBITG model 
!  Unsupervised induction of stochastic segmental 

bracketing inversion transduction grammars 
!  Compact generalization of the translation knowledge 

encoded in the corpus 

!  Bayesian learning objective 
!  Closely related to minimum description length 
!  Structural prior based on minimum description length 
!  Dirichlet parameter prior 
!  Fixed model type prior 

Our specific SSBITG model 
!  Unsupervised induction of stochastic segmental 

bracketing inversion transduction grammars 
!  Compact generalization of the translation knowledge 

encoded in the corpus 

!  Bayesian learning objective 
!  Closely related to minimum description length 
!  Structural prior based on minimum description length 
!  Dirichlet parameter prior 
!  Fixed model type prior 

!  Structural search based on 
iteratively segmenting sentence pairs 

How to induce transduction rules? 

!  Can we beat our COLING 2012 bottom-up 
chunking method? 

!  Test by using induced transduction grammar 
directly to translate unseen sentences 

Opposite search strategy ”directions” for 
learning transduction rules 

!  Chunk rules bottom-up                         (COLING 2012) 
!  Start with very small lexical equivalences (biterminals) 
!  Look for promising chunks during biparsing 
!  Make the chunks explicit biterminals 
!  Repeat 

!  Segment rules top-down                        (IJCNLP 2013) 
!  Start with all sentence pairs as biterminals 
!  Segment the existing biterminals into smaller chunks 
!  Make the smaller chunks explicit biterminals 
!  Repeat 

Bottom-up rule chunking strategy 

1.  initialize a token-based FSTG 
2.  parse the bicorpus 
3.  assume that any two adjacent lexical productions could have 

been generated with a single chunked rule, and add them 
4.  train the FSTG using EM 
5.  transform the FSTG into an LITG and train using EM 
6.  transform the LITG into an ITG and train using EM 

Saers, Markus, Karteek Addanki & Dekai Wu (2012) 
“From Finite-State to Inversion Transductions: Toward 
Unsupervised Bilingual Grammar Induction” in COLING 2012 



Opposite search strategy ”directions” for 
learning transduction rules 

!  Chunk rules bottom-up                         (COLING 2012) 
!  Start with very small lexical equivalences (biterminals) 
!  Look for promising chunks during biparsing 
!  Make the chunks explicit biterminals 
!  Repeat 

!  Segment rules top-down                        (IJCNLP 2013) 
!  Start with all sentence pairs as biterminals 
!  Segment the existing biterminals into smaller chunks 
!  Make the smaller chunks explicit biterminals 
!  Repeat 

Opposite search strategy ”directions” for 
learning transduction rules 

!  Chunk rules bottom-up                         (COLING 2012) 
!  Start with very small lexical equivalences (biterminals) 
!  Look for promising chunks during biparsing 
!  Make the chunks explicit biterminals 
!  Repeat 

!  Segment rules top-down                        (IJCNLP 2013) 
!  Start with all sentence pairs as biterminals 
!  Segment the existing biterminals into smaller chunks 
!  Make the smaller chunks explicit biterminals 
!  Repeat 

Segmentation, intuitively 
!  five thousand yen is my limit 
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!  the total fare is five thousand yen 
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Segmentation, intuitively 
!  is my limit 


�� 

!  the total fare is 
	����� 

!  five thousand yen 
���� 

New search strategy 
Top-down rule-segmenting strategy 

1.  initialize an ITG containing each sentence pair as a biterminal 
2.  foreach “frequently shared biaffix” 
3.       hypothesize the set of segmentations that it suggests 
4.       evaluate the delta in ITG “goodness” the set would cause* 
5.  commit greedily to good hypothesis sets 
6.  goto 2 

* for present purposes, “goodness” = description length 

Iterative rule segmentation 
as phrasal translation lexicon search  

Q. How to suggest possible ways to 
segment rules? 
A. Look for frequently shared biaffixes 
!  Each biaffix suggests a set of 

rule segmentation hypotheses 
!  4 types of rule segmentations can be suggested 

 
 

!  Can be efficiently computed 
!  Estimate delta in objective function for each 

“Goodness” of an ITG 
If objective function is description length... 

!  #bits needed 
to encode the model DL($)

!  $'= model = ITG 

 plus… 

!  #bits needed 
for the model to encode the data DL(D|$)

!  D = data = parallel training corpus 

Top-down rule segmentation 

S � A  
A � five thousand yen is my limit/

������ 
 
 
 
A � the total fare is five thousand yen/	��������� 

31 
symbols 

Top-down rule segmentation 

S � A  
A � five thousand yen is my limit/

�������
A � AA  
A � five thousand yen/���� 
A � is my limit/

�� 
A � the total fare is five thousand yen/	��������� 
A � [AA] 
A � the total fare is/	����� 
A � five thousand yen/���� 

31 
symbols 



Top-down rule segmentation 

S � A  
 
A � AA  
A � five thousand yen/���� 
A � is my limit/

�� 
 
A � [AA] 
A � the total fare is/	����� 
A � five thousand yen/���� 

24 
symbols 

Description length of an ITG 
!  Serialize grammar into a message 
!  Measure number of bits needed to encode the message 
!  Example: 

!  Becomes the message: 

!  Assume each symbol requires –lg 1/N bits 
(where N is the total number of symbols) 

!  The above message contains 8 unique symbols � 3 bits each 
!  The message is 23 symbols long, 

and needs (23 · 3 =) 69 bits to encode 

Minimum Description Length objective 

!  Want:  
 
!    

!    
 
!                 #bits needed to encode model 

argmin
Φ

DL(Φ,D)

DL(Φ,D)∝DL(D |Φ)+DL(Φ)

DL(D |Φ) = − lgP(D |Φ)

DL(Φ) ≈

MAP vs. MDL 
!  Maximum a posteriori probability 
!  Minimum description length 
!  Relationship: 

!  DL(x) = −lg P(x) 
!  P(x) = 2−DL(x) 

!  Enables: 
!  probabilistic formulation 

of description length search 
!  description length formulation 

of probabilistic search 

Bayesian search (MAP) 
!  Maximize a posteriori probability of the model given 

the parallel corpus: 

!  Decompose the model prior such that: 

= bracketing inversion transduction grammar 

= symmetric Dirichlet distribution (α=2) 

Bayesian search (MAP) 
!  Full search problem: 

!  In MDL: 

evaluating the delta in P(D|Φ) 

!  Requires biparsing for every 
hypothesized new Φ 

!  Intractable 

!  … must approximate 

estimating the delta in P(D|Φ) 
!  Assume that r0 is segmented into r1, r2 and r3 

!  Approximation assumption: 

!  The new rule probability function p̂’ will be: 

transduction grammar induction by 
top-down segmenting transduction rules 
G                           // The grammar 
biaffixes_to_rules    // Maps biaffixes to the rules they occur in 
biaffixes_delta = []  // Hypothesized biaffixes’ impact on P(D|G) 
for each biaffix b : 
   delta = eval_dl(b, biaffixes_to_rules[b], G) 
   if (delta < 0) 
      biaffixes_delta.push(b, delta) 
sort_by_delta(biaffixes_delta) 
for each b:delta pair in biaffixes_delta : 
   real_delta = eval_dl(b, biaffixes_to_rules[b], G) 
   if (real_delta < 0) 
      G = make_segmentations(b, biaffixes_to_rules[b], G) 



impact of model structure 
a posteriori probability during learning (log domain) 

Impact of model structure 
rule count during learning (log domain) BLEU score 

NIST score (in table form) MDL/MAP transduction grammar induction 

!  Bayesian MAP quite promising for driving ITG induction via top-down 
segmentation of rules 

!  closely related to MDL (DL is more natural for ITG structure prior) 

!  Beats bilingual lexical chunking driven by ML 
!  learns a much smaller ITG… 
!  … that performs better on held-out test data 

!  New!  even better results combining chunking and segmentation 
!  Rearchitecting the SMT core:  “Machine Learning 101” 

!  inductive bias – internal representation is set up from the start for 
learning semantic frame generalizations 

!  learns small models – less reliance on memorizing huge corpora 
!  rapidly improving – newer results already into mid-20s BLEU range without 

Giza, Moses, parsers, or anything else 
!  representational transparency – error analyses to understand learning 

properties 
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Can#the#same#exact#core(capability#be#used#not#only#for#
conven=onal#AI#tasks,#but#also#for#all#sorts#of#crea=ve#tasks?#
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transduc=on#grammars#simultaneously#model#
Boden’s#(1992)#three#types#of#crea=vity#

combina0onal##new#combina=ons#of#familiar#ideas##
#
exploratory##genera=on#of#new#ideas#by#explora=on#of#a#space#
of#concepts##
#
transforma0onal##involves#a#transforma=on#of#the#search#space#
so#new#kinds#of#ideas#can#be#generated#
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the#many#languages#of#music#

lyrics#
melodies#

chord#progressions#
rhythms#
meters#

os=natos#
stanzas#
verses#
songs#

dynamics#
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sequences#of#words#
sequences#of#notes#
sequences#of#chords#
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os=natos#
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verses#
songs#

dynamics#
#

sequences#of#words#
sequences#of#notes#
sequences#of#chords#
sequences#of#percussive#hits#
sequences#of#pulses#
sequences#of#repe==ons#
sequences#of#lines#
sequences#of#stanzas#
sequences#of#verses#
sequences#of#volumes#

Prof#Dekai#Wu##HKUST# Language#structures#thought!##Learning#rela=onships#in#big#data#

if#you#master#one#of#
these#languages,#
are#you#a#musician?#

it’s#about#the#rela=onships#
•  the#rela=onships#between#mul=ple#different#musical#languages#
differen=ate#aesthe=cally#pleasing#music#from#jarring#noise#

•  internalizing#these#rela=onships#accounts#for#
•  expecta=on#
•  surprise#
•  resolu=on#

Prof#Dekai#Wu##HKUST# Language#structures#thought!##Learning#rela=onships#in#big#data#

#
learning#the#rela=onships#

between#
different#languages#

#
technically:##learning#the#transduc=on##

that#relates#two#languages###

Prof#Dekai#Wu##HKUST# Language#structures#thought!##Learning#rela=onships#in#big#data#

Why#apply#NLP#to#music?#
• Music##

•  is#a#form#of#language#
•  has#had#major#impact#across#all#human#cultures#
•  emerges#from#similar#cogni=ve#process#as#speech#and#
wrijen#language#(McMullen#and#Saffran#2004)#

• Applying#NLP#to#music#
•  similar#generaliza=ons#to#be#captured#in#music#and#natural#language#
•  dis=nguishes#wellEmo=vated#learning#methods#from#language#specific#
fixes#

•  adapta=on#of#sta=s=cal#NLP#models#presents#interes=ng#challenges#

Hong#Kong#University#of#
Science#&#Technology# 131#

Hip hop is spoken language. 
!  rap is one of the world’s most popular forms of 

spoken language (for decades!) – arguably spoken 
language’s most significant development in ages 

!  yet inexplicably ignored in language research 
!  musical lyrics way more challenging than classical 

poetry due to absence of traditional constraints  
!  far fewer meter restrictions 
!  variable rhyme schemes 
!  unusual vocabulary (Bill Gates ≈ 40 ill dates)  

!  user generated content available online 
!  but off-the-shelf NLP tools not suitably designed 

freestyling 

freestyling 
!  freestyle:  improvisational style of rap performed 

“off the top of the head” with no previously 
composed lyrics 

!  freestyle battle:  contest of rappers dueling by 
challenging and responding using improvised lyrics  

Hong Kong University of Science & Technology 

freestyling 
!  freestyle:  improvisational style of rap performed 

“off the top of the head” with no previously 
composed lyrics 

!  freestyle battle:  contest of rappers dueling by 
challenging and responding using improvised lyrics  

Steve Jobs vs. Bill Gates                        (source: Epic Rap Battles) 
 

Jobs  A man uses the machines you built to sit down and pay his taxes 
 A man uses the machines I built to listen to the Beatles while he relaxes 

Gates  Well Steve, you steal all the credit for work that other people do 
 Did your fat beard Wozniak write these raps for you too? 

Hong Kong University of Science & Technology 



verse vs. stanza vs. line 

Hong Kong University of Science & Technology 

verse 

All right stop collaborate and listen 
Ice is back with my brand new invention 
Something grabs a hold of me tightly 
Flow like a harpoon daily and nightly 
Will it ever stop yo, I don't know 
Turn off the lights, and I'll glow 
To the extreme I rock a mic like a vandal 
Light up a stage and wax a chump like a candle 
Dance go rush to the speaker that booms 
I'm killing your brain like a poisonous mushroom 
Deadly when I play a dope melody 
Anything less than the best is a felony 
Love it or leave it you better gain weight 
You better hit bull's eye the kid don't play 
If there was a problem, yo I'll solve it 
Check out the hook while my DJ revolves it 

verse vs. stanza vs. line 

Hong Kong University of Science & Technology 

verse 

All right stop collaborate and listen 
Ice is back with my brand new invention 
Something grabs a hold of me tightly 
Flow like a harpoon daily and nightly 
Will it ever stop yo, I don't know 
Turn off the lights, and I'll glow 
To the extreme I rock a mic like a vandal 
Light up a stage and wax a chump like a candle 
Dance go rush to the speaker that booms 
I'm killing your brain like a poisonous mushroom 
Deadly when I play a dope melody 
Anything less than the best is a felony 
Love it or leave it you better gain weight 
You better hit bull's eye the kid don't play 
If there was a problem, yo I'll solve it 
Check out the hook while my DJ revolves it 

stanza AABA 

stanza AA 

verse vs. stanza vs. line 
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verse 

All right stop collaborate and listen 
Ice is back with my brand new invention 
Something grabs a hold of me tightly 
Flow like a harpoon daily and nightly 
Will it ever stop yo, I don't know 
Turn off the lights, and I'll glow 
To the extreme I rock a mic like a vandal 
Light up a stage and wax a chump like a candle 
Dance go rush to the speaker that booms 
I'm killing your brain like a poisonous mushroom 
Deadly when I play a dope melody 
Anything less than the best is a felony 
Love it or leave it you better gain weight 
You better hit bull's eye the kid don't play 
If there was a problem, yo I'll solve it 
Check out the hook while my DJ revolves it 

stanza AABA 

stanza AA 
line 

freestyling 
as 

transduction 

(Wu, Addanki, Beloucif, Saers; EMNLP 2013, Interspeech 2013, LREC 2014, IJCAI 2015, ICMC 2015) 

FREESTYLE model 
hip hop challenge-response as MT 

!  approach – learn to “translate” any line of hip hop 
to produce improvised, rhyming lyrics 

!  requirements – the underlying model must have 
!  strong enough inductive bias for learning to generate 

responses even without any linguistic or phonetic knowledge 
!  sufficient expressive capacity to represent structural 

relationship between lyrical lines 

!  model – bracketing inversion transduction grammar 
(BITG) induction 
!  rule learning via chunking vs segmentation 
!  data selection via adjacent lines vs rhyme scheme detection 
!  for English vs Maghrebi French hip hop 
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freestyling 
by 

learning 
transduction 
grammars 

FREESTYLE model 
learning to transduce challenges into responses 

!  transduction – a relation between languages 
!  transduction grammar – ideal for representing 

structural relationships between lyrical lines 
!  model associations between words/chunks to generate 

fluent and rhyming responses 

!  transduction grammar induction – learn relation 
between challenges and responses 
!  good inductive bias for generating lyrics without any prior 

linguistic or phonetic knowledge 

!  transduce – use induced transduction grammar to 
respond to any challenge rap with an improvised, 
rhyming response 

Hong Kong University of Science & Technology 

experiments 

transducing challenges to responses 
!  HKUST ITG decoder 

!  bottom-up CKY style parsing algorithm with cube pruning (Chiang 2008) 

!  monotonic constraint 
!  bias to match the rhyming order of challenge 

Hong Kong University of Science & Technology 



transducing challenges to responses 
!  HKUST ITG decoder 

!  Earley style transducer supports arbitrary non-normal-form, non-binarized 
ITGs of any rank with mixed terminals/nonterminals in rules (Wu & Wong 1998) 

!  segmental ITGs support any length lexical phrase translations (Wu 1997) 
!  cube pruning (Chiang 2008) 

!  penalize reflexive rules like A � yeah / yeah 
!  challenge and response identical in ~5% of training instances (chorus lines) 
!  danger: reflexive rules that map a line back to itself get induced 
!  so decoder penalizes responses too similar to the challenges 
!  also decoder can penalize inverted rules as a bias to match rhyming order 

Hong Kong University of Science & Technology 

challenge response 

hello hello hello hello hello hello hello hello hello hello 

yeah yeah yeah yeah yeah yeah yeah yeah yeah yeah 

they call me superman… they call me superman… 

now can i get it yo now can i get it yo 

issues for evaluation 
!  systems to be judged on quality of responses 
!  but what is “quality of responses”? 

!  absence of improvised “references” 
!  extremely subjective akin to “translation” 
!  no automatic metrics like BLEU exist 
!  multiple evaluation criterion 
!  larger context necessary for evaluation 

evaluation criterion 
!  human evaluators  

!  native English speakers 
!  frequent hip hop listeners  

!  humans asked to evaluate system responses on  
!  rhyming – degree of rhyming with challenge 
!  fluency – “sing”-ability of the challenge-response pair 

!  each system response was rated good, acceptable or 
bad for both criterion 

the good, the bad, and the acceptable 
challenge response fluency rhyming 
cause you and your friends ain’t 
nothing but fiends 

you know that you me can you a 
dream 

acceptable bad 

cause you ain’t going home till the 
early morn 

and the you this alone i i gotta on bad acceptable 

created different elements and they 
travelled abroad 

so you rather to the well land good acceptable 

man i die to see em all thun i just 
don’t care 

in the sky and me the in polla and 
the you there 

acceptable good 

what would i do just me and you good good 

almost a thought what is this good bad 

we fell off into a club to try to pop it 
to daz 

you was a of the love i like a stop 
the the i 

bad good 

corpus & contrastive baseline 
!  data 

!  52,000 lyrics, 260,000 verses 
!  4.2M tokens and 153,000 token types 
!  Small fraction of Arabic, French and Spanish lyrics 

!  phrase based SMT baseline (PBSMT) 
!  evaluate out-of-the-box SMT performance 
!  standard Moses baseline 
!  4-gram LM trained on all the lyrics 

data selection? 

disfluency in hip hop lyrics 
!  ~10% of data had successive repetitions of words like the and I 
!  disfluencies typically result from repetitive chants, exclamations, 

and interjections in lyrics 

!  compare two disfluency handling strategies 
!  filtering – remove lines with disfluencies 
!  correction – replace all successive repetitions (the the the � the) 

 chorus style lyrics   “hypeman” style backing vocal lyrics 
i i i I      hey hey like like like that like that  
oh oh oh oh ahhh 
rock rock rock the boat 
i i i i i ice-t ice-t 
yes yes yes a yes yes y'all 

creating training data 
how do we select challenge-response pairs? 

!  need – lots of training examples consisting of 
!  a line of rap, with 
!  a fluent and salient rhyming response 

!  naïve approach – all pairs of lines in the same stanza 
!  explodes the training data size 
!  does not capture rhyming dependencies 

!  better approach 1 – all successive line pairs in the same stanza 
!  keeps training set size proportional to rap corpus size 
!  but still does not ensure that training examples rhyme 

!  better approach 2 (“RS”) – only successive line pairs that rhyme 
!  but how can we know which line pairs actually rhyme? 

Hong Kong University of Science & Technology 

rhyme 
scheme 

detection 



rhyme scheme detection 
(Addanki & Wu, SLSP 2013) 

!  in keeping with our linguistics-lite model – we don’t 
use a pronunciation dictionary 
!  hip hop rhyming often defies mainstream pronunciations 
!  want a language-independent model 

!  instead – identify rhyming lines using a 
rhyme scheme detector     (Addanki & Wu, SLSP 2013) 

 

generative model for verses 
!  generated by a fully connected HMM 

Hong Kong University of Science & Technology 

verse vs. stanza vs. line 
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verse 

All right stop collaborate and listen 
Ice is back with my brand new invention 
Something grabs a hold of me tightly 
Flow like a harpoon daily and nightly 
Will it ever stop yo, I don't know 
Turn off the lights, and I'll glow 
To the extreme I rock a mic like a vandal 
Light up a stage and wax a chump like a candle 
Dance go rush to the speaker that booms 
I'm killing your brain like a poisonous mushroom 
Deadly when I play a dope melody 
Anything less than the best is a felony 
Love it or leave it you better gain weight 
You better hit bull's eye the kid don't play 
If there was a problem, yo I'll solve it 
Check out the hook while my DJ revolves it 

stanza AABA 

stanza AA 
line 

rhyme scheme detection 
(Addanki & Wu, SLSP 2013) 

Hong Kong University of Science & Technology 

S t = -1 

AA t = 0 

AA t = 1 

AABA t = 2 

listen 
invention 

nightly 
tightly 

yo  
know 
lights 
flow 

p listen, invention | SAA( )

p nightly, tightly | SAA( )

p yo,know, lights, flow | SAABA( )

generative model for verses 
!  generated by a fully connected HMM 
!  each state Sr is a stanza with a particular rhyme 

scheme r 
!  emissions are a sequence of final tokens x1…n in each 

line of the stanza 
!  a single textual line of lyrics might contain two lyrical 

lines separated by a comma 

Hong Kong University of Science & Technology 

rhyme scheme detection 
(Addanki & Wu, SLSP 2013) 

!  uses an HMM based generative model for verses 
!  no prior linguistic or phonetic information 
!  partitions each verse into stanzas with different 

rhyme schemes 
!  f-score – 44.06% as evaluated by humans 

result — data selection 
disfluency correction + rhyme scheme detection 
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!  disfluency correction is better than disfluency filtering 
!  improves both fluency and (surprisingly?) rhyming 

!  rhyme scheme detection 
!  improves fluency for both TG and PBSMT models 
!  improves the fraction of sentences with ≥ acceptable rhyming 
!  similar results can be observed for ISTG models also (coming up) 
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����� RI WKH UHVSRQVHV WKDW DUH UDWHG JRRG E\ WKH
KXPDQ HYDOXDWRUV RQ WKH FULWHULRQ RI IOXHQF\ DQG
UK\PLQJ UHVSHFWLYHO\� $ERXW ����� DQG ��� RI
WKH UHVSRQVHV DUH UDWHG DV �DFFHSWDEOH� 7KHVH QXP�
EHUV DUH HQFRXUDJLQJ JLYHQ WKH QRLV\ O\ULFV DQGPXFK
VPDOOHU DPRXQW RI WUDLQLQJ GDWD� 6RPH H[DPSOHV RI
WKH FKDOOHQJH�UHVSRQVH SDLUV DQG OHDUQHG WUDQVGXF�
WLRQ UXOHV LQ )UHQFK DUH VKRZQ LQ 7DEOHV � DQG ��

)URP 7DEOH �� ZH FDQ VHH WKDW UHVSRQVHV JHQHU�
DWHG E\ WKH V\VWHP UK\PH ZLWK WKH FKDOOHQJHV� 7KH
ILUVW UHVSRQVH LV IOXHQW DQG QRW RQO\ SHUIHFWO\ UK\PHV
ZLWK WKH FKDOOHQJH EXW DOVR VHPDQWLFDOO\ YDOLG� ,Q WKH
VHFRQG H[DPSOH� WKH PRGHO UHDOL]HV D OHVV FRPPRQ
$$%$ UK\PH VFKHPH WKURXJK WKH UHVSRQVH� 7KH UH�

chunking vs 
segmentation? 

 
transduction grammar 

induction 

transduction grammar induction 
!  bracketing inversion transduction grammars (BITG)         (Wu 1997) 

!  empirically high coverage, accuracy across various NLP tasks 
!  sufficient expressiveness to handle word associations between lines 
!  efficient induction and decoding algorithms 

!  compare two approaches, trained on same amount of data 
!  TG  token-based BITG 
!  ISTG  interpolated segmental BITG 

!  token-based BITG captures word associations better 
!  efficient induction algorithm using 

!  EM 
!  beam pruning 
!  bootstrapped induction           (Saers, Addanki & Wu, COLING 2012) 

!  segmental BITG captures phrasal associations better 
!  efficient induction algorithm using 

!  greedy iterative segmentation of transduction rules 
!  MDL driven induction             (Saers, Addanki & Wu, SSST 2013) 



bottom-up transduction rule chunking 
induction by bootstrapping  (Saers, Addanki & Wu, COLING 2012) 
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token-based vs. segmental grammars 
!  transduction grammar rules can contain 

!  rules    A → [B A “long”/“wrong”] 
    A → ⟨A “felt bad”/“what I really had” B⟩ 

!  lexical rules     A → “long”/“wrong”   
    A → “felt bad”/“what I really had” 

!  structural rules  A → [A A] 
    A → ⟨A B⟩ 
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token-based vs. segmental grammars 
!  transduction grammar rules can contain 

!  rules    A → [B A “long”/“wrong”] 
    A → ⟨A “felt bad”/“what I really had” B⟩ 

!  lexical rules     A → “long”/“wrong”   
    A → “felt bad”/“what I really had” 

!  structural rules  A → [A A] 
    A → ⟨A B⟩ 

!  token-based transduction grammars 
!  biterminals contain at most one token in each language 

    A → e/f  |  e/ε  |  ε/f 
!  simple and efficient learning algorithms 
!  suffer from a lack of fluency in the output 
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token-based vs. segmental grammars 
!  transduction grammar rules can contain 

!  rules    A → [B A “long”/“wrong”] 
    A → ⟨A “felt bad”/“what I really had” B⟩   

!  lexical rules     A → “long”/“wrong”   
    A → “felt bad”/“what I really had” 

!  structural rules  A → [A A] 
    A → ⟨A B⟩ 

!  token-based transduction grammars 
!  biterminals contain at most one token in each language 

    A → e/f  |  e/ε  |  ε/f 
!  simple and efficient learning algorithms 
!  suffer from a lack of fluency in the output 
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token-based vs. segmental grammars 
!  transduction grammar rules can contain 

!  rules    A → [B A “long”/“wrong”] 
    A → ⟨A “felt bad”/“what I really had” B⟩ 

!  lexical rules     A → “long”/“wrong”   
    A → “felt bad”/“what I really had” 

!  structural rules  A → [A A] 
    A → ⟨A B⟩ 

!  segmental transduction grammars 
!  biterminals can contain multiple tokens in each language 

    A → e0..1/f0..2  |  e0..1/ε  |  ε/f0..2           (Wu 1997) 
!  models phrases for more fluent output 
!  but unsupervised learning algorithms not as well developed… 
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learning segmental bigrammars 

!  unfortunately there still aren’t many algorithms for 
segmental transduction grammar induction that 
!  are purely unsupervised  
!  assume the same matched training and testing models 

!  most SMT approaches instead 
!  use heuristics to extract segments from token alignments 
!  typ. justified by BLEU motivations not applicable to our task 
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segmental model 

!  segmental ITG learned using a top-down rule 
segmenting approach driven by a MAP/minimum 
description length objective  (Saers, Addanki & Wu, IJCNLP 2013) 
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interpolated segmental model 

!  segmental ITG learned using a top-down rule 
segmenting approach driven by a MAP/minimum 
description length objective  (Saers, Addanki & Wu, IJCNLP 2013) 

!  aim: balance fluency and expressivity by interpolating 
the token-based ITG Ga with a segmental ITG Gb  
!  interpolation parameter    controls mixture  
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α
pa+b (r) = αpa (r) + (1− α)pb (r)

result — English hip hop 
challenge-response test examples 
challenge man i die to see em all thun i just don’t care 
FREESTYLE in the sky and me the in pollan and the you there 

PBSMT man i live to see em all i just don’t care 

challenge did a twelve year bid in the streets and held it down 

FREESTYLE to the girls here kid the and to the thought the now 

PBSMT did a year in the streets and it down 

challenge oh i believe in yesterday 
FREESTYLE can you see the day 

PBSMT oh i believe in tomorrow 

challenge what would i do 

FREESTYLE just me and you 

PBSMT what would you do 

challenge cause you ain’t going home till the early morn 
FREESTYLE and the you this alone i i gotta on 
PBSMT cause you and your friends aint nothing but 



result 
learned transduction grammar rule examples 
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7DEOH �� 3HUFHQWDJH RI �JRRG DQG �DFFHSWDEOH �L�H�� HLWKHU JRRG RU DFFHSWDEOH� UHVSRQVHV RQ IOXHQF\ DQG UK\PLQJ
FULWHULD� 3%607� 7* DQG ,67* PRGHOV WUDLQHG XVLQJ FRUSXV JHQHUDWHG IURP DOO DGMDFHQW OLQHV LQ D YHUVH� 3%607�56�
7*�56� ,67*�56 DUH PRGHOV WUDLQHG RQ UK\PH VFKHPH EDVHG FRUSXV VHOHFWLRQ VWUDWHJ\� 'LVIOXHQF\ FRUUHFWLRQ VWUDWHJ\
ZDV XVHG LQ DOO FDVHV�

PRGHO IOXHQF\ ��JRRG� IOXHQF\ ��DFFHSWDEOH� UK\PLQJ ��JRRG� UK\PLQJ ��DFFHSWDEOH�
3%607 ����� ����� ����� �����
7* ������ ������ ������ ������
,67* ������ ������ ������ ������
3%607�56 ������ ������ ����� �����
7*�56 ������ ������ ������ ������
,67*�56 ������ ������ ������ ������

7DEOH �� 7UDQVGXFWLRQ UXOHV OHDUQHG E\ ,67* PRGHO�
WUDQVGXFWLRQ JUDPPDU UXOH ORJ SURE�
$ ĺ ORQJ�ZURQJ ��������
$ ĺ UK\PH�WLPH ��������
$ ĺ IHOW EDG�FRXOGQ
W VHH ZKDW L UHDOO\ KDG ��������
$ ĺ PDWWHU ZKDW \RX VD\�OHDYLQJ DQ\ZD\ ��������
$ ĺ DUK\WKDPDWLF�WKLV UK\WKP LV VLFN ��������

WKH ,67*PRGHO SURGXFHV D VLJQLILFDQWO\ KLJKHU IUDF�
WLRQ RI VHQWHQFHV UDWHG JRRG ������� YV� �������
DQG �DFFHSWDEOH ������� YV� �������� +LJKHU IUDF�
WLRQ RI UHVSRQVHV JHQHUDWHG E\ WKH ,67* PRGHO DUH
UDWHG DV JRRG ������� YV� ������� DQG �DFFHSWDEOH
������� YV� ������� FRPSDUHG WR WKH 7* PRGHO�
%RWK 7* DQG ,67* PRGHO SHUIRUP VLJQLILFDQWO\ EHW�
WHU WKDQ WKH 3%607 EDVHOLQH� 8SRQ LQVSHFWLQJ WKH
OHDUQHG UXOHV� ZH QRWLFHG WKDW WKH ,67* PRGHOV FDS�
WXUH UK\PLQJ FRUUHVSRQGHQFHV ERWK DW WKH WRNHQ DQG
VHJPHQWDO OHYHOV� 7DEOH � VKRZV VRPH H[DPSOHV
RI WKH WUDQVGXFWLRQ UXOHV OHDUQHG E\ ,67* JUDPPDU
WUDLQHG XVLQJ UK\PH VFKHPH GHWHFWLRQ�

� 'DWD VHOHFWLRQ YLD UK\PH VFKHPH
GHWHFWLRQ YV� DGMDFHQW OLQHV

:H QRZ FRPSDUH WZR GDWD VHOHFWLRQ DSSURDFKHV IRU
JHQHUDWLQJ WKH WUDLQLQJ GDWD IRU WUDQVGXFWLRQ JUDP�
PDU LQGXFWLRQ YLD D UK\PH VFKHPH GHWHFWLRQ PRGXOH
DQG FKRRVLQJ DOO DGMDFHQW OLQHV LQ D YHUVH� :H DOVR
EULHIO\ GHVFULEH WKH WUDLQLQJ RI WKH UK\PH VFKHPH
GHWHFWLRQ PRGXOH DQG GHWHUPLQH WKH HIILFDF\ RI RXU
GDWD VHOHFWLRQ VFKHPH E\ WUDLQLQJ WKH ,67* PRGHO�
7* PRGHO DQG WKH 3%607 EDVHOLQH RQ WUDLQLQJ GDWD
JHQHUDWHG ZLWK DQG ZLWKRXW HPSOR\LQJ WKH UK\PH

VFKHPH GHWHFWLRQ PRGXOH� $V WKH UXOH VHJPHQWLQJ
DSSURDFK ZDV LQWHQGHG WR LPSURYH WKH IOXHQF\ DV RS�
SRVHG WR WKH UK\PLQJ QDWXUH RI WKH UHVSRQVHV� ZH
RQO\ WUDLQ WKH UXOH VHJPHQWLQJ PRGHO RQ WKH UDQ�
GRPO\ FKRVHQ VXEVHW RI DOO DGMDFHQW OLQHV LQ WKH YHUVH�
)XUWKHU� DGGLQJ DGMDFHQW OLQHV DV WKH WUDLQLQJ GDWD WR
WKH VHJPHQWLQJ PRGHO PDLQWDLQV WKH FRQWH[W RI WKH
UHVSRQVHV JHQHUDWHG WKHUHE\ SURGXFLQJ KLJKHU TXDO�
LW\ UHVSRQVHV� 7KH VHJPHQWDO WUDQVGXFWLRQ JUDPPDU
PRGHO ZDV FRPELQHG ZLWK WKH WRNHQ EDVHG WUDQVGXF�
WLRQ JUDPPDU PRGHO WUDLQHG RQ GDWD VHOHFWHG ZLWK
DQG ZLWKRXW XVLQJ UK\PH VFKHPH GHWHFWLRQ PRGHO�

��� 5K\PH VFKHPH GHWHFWLRQ

$OWKRXJK RXU DSSURDFK DGDSWV D WUDQVGXFWLRQ JUDP�
PDU LQGXFWLRQ PRGHO WRZDUG WKH SUREOHP RI JHQHUDW�
LQJ IOXHQW DQG UK\PLQJ KLS KRS UHVSRQVHV� LW ZRXOG
EH XQGHVLUDEOH WR WUDLQ WKH PRGHO GLUHFWO\ RQ DOO WKH
VXFFHVVLYH OLQHV RI WKH YHUVHV²DV GRQH E\ -LDQJ DQG
=KRX ������²GXH WR YDULDQFH LQ KLS KRS UK\PLQJ
SDWWHUQV� )RU H[DPSOH� DGGLQJ VXFFHVVLYH OLQHV RI D
VWDQ]D ZKLFK IROORZV $%$% UK\PH VFKHPH DV WUDLQ�
LQJ LQVWDQFHV WR WKH WUDQVGXFWLRQ JUDPPDU FDXVHV LQ�
FRUUHFW UK\PH FRUUHVSRQGHQFHV WR EH OHDUQHG� 7KH
IDFW WKDW D YHUVH �ZKLFK LV XVXDOO\ UHSUHVHQWHG DV
D VHSDUDWH SDUDJUDSK� PD\ FRQWDLQ PXOWLSOH VWDQ]DV
RI YDU\LQJ OHQJWK DQG UK\PH VFKHPHV ZRUVHQV WKLV
SUREOHP� $GGLQJ DOO SRVVLEOH SDLUV RI OLQHV LQ D YHUVH
DV WUDLQLQJ H[DPSOHV QRW RQO\ LQWURGXFHV D ORW RI
QRLVH EXW DOVR H[SORGHV WKH VL]H RI WKH WUDLQLQJ GDWD
GXH WR WKH ODUJH VL]H RI WKH YHUVH�
:H HPSOR\ D UK\PH VFKHPH GHWHFWLRQ PRGHO �$G�

GDQNL DQG :X� ����� LQ RUGHU WR VHOHFW WUDLQLQJ LQ�
VWDQFHV WKDW DUH OLNHO\ WR UK\PH� /LQHV EHORQJLQJ WR
WKH VDPH VWDQ]D DQG PDUNHG DV UK\PLQJ DFFRUGLQJ

result — token-based vs segmental 
segmental TG improves fluency and rhyming 7DEOH �� 3HUFHQWDJH RI �JRRG DQG �DFFHSWDEOH �L�H�� HLWKHU JRRG RU DFFHSWDEOH� UHVSRQVHV RQ IOXHQF\ DQG UK\PLQJ

FULWHULD� 3%607� 7* DQG ,67* PRGHOV WUDLQHG XVLQJ FRUSXV JHQHUDWHG IURP DOO DGMDFHQW OLQHV LQ D YHUVH� 3%607�56�
7*�56� ,67*�56 DUH PRGHOV WUDLQHG RQ UK\PH VFKHPH EDVHG FRUSXV VHOHFWLRQ VWUDWHJ\� 'LVIOXHQF\ FRUUHFWLRQ VWUDWHJ\
ZDV XVHG LQ DOO FDVHV�

PRGHO IOXHQF\ ��JRRG� IOXHQF\ ��DFFHSWDEOH� UK\PLQJ ��JRRG� UK\PLQJ ��DFFHSWDEOH�
3%607 ����� ����� ����� �����
7* ������ ������ ������ ������
,67* ������ ������ ������ ������
3%607�56 ������ ������ ����� �����
7*�56 ������ ������ ������ ������
,67*�56 ������ ������ ������ ������

7DEOH �� 7UDQVGXFWLRQ UXOHV OHDUQHG E\ ,67* PRGHO�
WUDQVGXFWLRQ JUDPPDU UXOH ORJ SURE�
$ ĺ ORQJ�ZURQJ ��������
$ ĺ UK\PH�WLPH ��������
$ ĺ IHOW EDG�FRXOGQ
W VHH ZKDW L UHDOO\ KDG ��������
$ ĺ PDWWHU ZKDW \RX VD\�OHDYLQJ DQ\ZD\ ��������
$ ĺ DUK\WKDPDWLF�WKLV UK\WKP LV VLFN ��������

WKH ,67*PRGHO SURGXFHV D VLJQLILFDQWO\ KLJKHU IUDF�
WLRQ RI VHQWHQFHV UDWHG JRRG ������� YV� �������
DQG �DFFHSWDEOH ������� YV� �������� +LJKHU IUDF�
WLRQ RI UHVSRQVHV JHQHUDWHG E\ WKH ,67* PRGHO DUH
UDWHG DV JRRG ������� YV� ������� DQG �DFFHSWDEOH
������� YV� ������� FRPSDUHG WR WKH 7* PRGHO�
%RWK 7* DQG ,67* PRGHO SHUIRUP VLJQLILFDQWO\ EHW�
WHU WKDQ WKH 3%607 EDVHOLQH� 8SRQ LQVSHFWLQJ WKH
OHDUQHG UXOHV� ZH QRWLFHG WKDW WKH ,67* PRGHOV FDS�
WXUH UK\PLQJ FRUUHVSRQGHQFHV ERWK DW WKH WRNHQ DQG
VHJPHQWDO OHYHOV� 7DEOH � VKRZV VRPH H[DPSOHV
RI WKH WUDQVGXFWLRQ UXOHV OHDUQHG E\ ,67* JUDPPDU
WUDLQHG XVLQJ UK\PH VFKHPH GHWHFWLRQ�

� 'DWD VHOHFWLRQ YLD UK\PH VFKHPH
GHWHFWLRQ YV� DGMDFHQW OLQHV

:H QRZ FRPSDUH WZR GDWD VHOHFWLRQ DSSURDFKHV IRU
JHQHUDWLQJ WKH WUDLQLQJ GDWD IRU WUDQVGXFWLRQ JUDP�
PDU LQGXFWLRQ YLD D UK\PH VFKHPH GHWHFWLRQ PRGXOH
DQG FKRRVLQJ DOO DGMDFHQW OLQHV LQ D YHUVH� :H DOVR
EULHIO\ GHVFULEH WKH WUDLQLQJ RI WKH UK\PH VFKHPH
GHWHFWLRQ PRGXOH DQG GHWHUPLQH WKH HIILFDF\ RI RXU
GDWD VHOHFWLRQ VFKHPH E\ WUDLQLQJ WKH ,67* PRGHO�
7* PRGHO DQG WKH 3%607 EDVHOLQH RQ WUDLQLQJ GDWD
JHQHUDWHG ZLWK DQG ZLWKRXW HPSOR\LQJ WKH UK\PH

VFKHPH GHWHFWLRQ PRGXOH� $V WKH UXOH VHJPHQWLQJ
DSSURDFK ZDV LQWHQGHG WR LPSURYH WKH IOXHQF\ DV RS�
SRVHG WR WKH UK\PLQJ QDWXUH RI WKH UHVSRQVHV� ZH
RQO\ WUDLQ WKH UXOH VHJPHQWLQJ PRGHO RQ WKH UDQ�
GRPO\ FKRVHQ VXEVHW RI DOO DGMDFHQW OLQHV LQ WKH YHUVH�
)XUWKHU� DGGLQJ DGMDFHQW OLQHV DV WKH WUDLQLQJ GDWD WR
WKH VHJPHQWLQJ PRGHO PDLQWDLQV WKH FRQWH[W RI WKH
UHVSRQVHV JHQHUDWHG WKHUHE\ SURGXFLQJ KLJKHU TXDO�
LW\ UHVSRQVHV� 7KH VHJPHQWDO WUDQVGXFWLRQ JUDPPDU
PRGHO ZDV FRPELQHG ZLWK WKH WRNHQ EDVHG WUDQVGXF�
WLRQ JUDPPDU PRGHO WUDLQHG RQ GDWD VHOHFWHG ZLWK
DQG ZLWKRXW XVLQJ UK\PH VFKHPH GHWHFWLRQ PRGHO�

��� 5K\PH VFKHPH GHWHFWLRQ

$OWKRXJK RXU DSSURDFK DGDSWV D WUDQVGXFWLRQ JUDP�
PDU LQGXFWLRQ PRGHO WRZDUG WKH SUREOHP RI JHQHUDW�
LQJ IOXHQW DQG UK\PLQJ KLS KRS UHVSRQVHV� LW ZRXOG
EH XQGHVLUDEOH WR WUDLQ WKH PRGHO GLUHFWO\ RQ DOO WKH
VXFFHVVLYH OLQHV RI WKH YHUVHV²DV GRQH E\ -LDQJ DQG
=KRX ������²GXH WR YDULDQFH LQ KLS KRS UK\PLQJ
SDWWHUQV� )RU H[DPSOH� DGGLQJ VXFFHVVLYH OLQHV RI D
VWDQ]D ZKLFK IROORZV $%$% UK\PH VFKHPH DV WUDLQ�
LQJ LQVWDQFHV WR WKH WUDQVGXFWLRQ JUDPPDU FDXVHV LQ�
FRUUHFW UK\PH FRUUHVSRQGHQFHV WR EH OHDUQHG� 7KH
IDFW WKDW D YHUVH �ZKLFK LV XVXDOO\ UHSUHVHQWHG DV
D VHSDUDWH SDUDJUDSK� PD\ FRQWDLQ PXOWLSOH VWDQ]DV
RI YDU\LQJ OHQJWK DQG UK\PH VFKHPHV ZRUVHQV WKLV
SUREOHP� $GGLQJ DOO SRVVLEOH SDLUV RI OLQHV LQ D YHUVH
DV WUDLQLQJ H[DPSOHV QRW RQO\ LQWURGXFHV D ORW RI
QRLVH EXW DOVR H[SORGHV WKH VL]H RI WKH WUDLQLQJ GDWD
GXH WR WKH ODUJH VL]H RI WKH YHUVH�
:H HPSOR\ D UK\PH VFKHPH GHWHFWLRQ PRGHO �$G�

GDQNL DQG :X� ����� LQ RUGHU WR VHOHFW WUDLQLQJ LQ�
VWDQFHV WKDW DUH OLNHO\ WR UK\PH� /LQHV EHORQJLQJ WR
WKH VDPH VWDQ]D DQG PDUNHG DV UK\PLQJ DFFRUGLQJ
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!  interpolated segmenting TG (ISTG) produces more fluent 
responses than token-based TG on both data sets (more later) 

!  ISTG also produces better rhyming responses (surprising?) 
!  results also demonstrate that off-the-shelf phrase-based SMT 

systems (PBSMT) cannot be directly adopted for this task 

Maghrebi 
French 
hip hop 

learning to freestyle in Maghrebi French 

!  advantage of our linguistics-lite model is that it 
should work independent of language 

!  test if it can learn to generate response lyrics in 
languages other than English 

!  initial experiments on Maghrebi French hip hop lyrics 
!  our model performs surprisingly well despite 

!  no special adaptation 
!  much smaller training data size 
!  diverse and noisy training data 
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Maghrebi French hip hop corpus 

!  about 1300 hip hop song lyrics 
!  majority in Maghrebi French:  French interspersed 

with romanized Arabic, Berber and English phrases  
!  De la traversée du désert au bon couscous de Yéma  

(Yéma = My mother)  
!  a yemmi ino = my son  / a thizizwith = a bee 
!  T'es game over, game over / Le son de Chicken wings  

!  linguistically complex – language dependent models 
will be hard to adapt 

!  47,000 sentence pairs selected using rhyme scheme 
detection 
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result — Magrebi French hip hop 
encouraging results despite sparse data 

!  FREESTYLE produces responses rated 
!  good – 9.2% (fluency), 14.5% (rhyming) 
!  ≥acceptable – 30.2% (fluency), 38% (rhyming)  

!  encouraging results despite small and diverse training 
corpus causing sparse data issues 

!  error analysis on responses indicates 
!  realization of less common rhyme schemes like ABAB 
!  responses with semantically related terms 
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result — Magrebi French hip hop 
learned transduction grammar rule examples 

7DEOH �� )UHQFK KLS KRS FKDOOHQJH�UHVSRQVH H[DPSOHV�
FKDOOHQJH 6L MH PH WURPSH
UHVSRQVH IDXW TXH MH UDFRQWH
FKDOOHQJH 8Q MRXU MH VXLV XQ OLYUH
UHVSRQVH HW FH TXH MH GH YLYUH
FKDOOHQJH 3DFKD PDPD LOV QH YRLHQW SDV WD VRXIIUDQFH
UHVSRQVH &RPEDW QL OHXU GH YRXODLW GH OD GpFDGHQFH
FKDOOHQJH OD SDOHVWLQH Q
HWDLW SDV XQH WHUUH VDQV SHXSOH�
UHVSRQVH OH GDUIRXU G
DXWUH GH OD JXHUUH RQ HVW
FKDOOHQJH 8QH EDQOLHXH TXL PHXW
UHVSRQVH OHV \HX[ HW

7DEOH �� 7UDQVGXFWLRQ UXOHV IRU 0DJKUHEL )UHQFK KLS KRS�
WUDQVGXFWLRQ JUDPPDU UXOH ORJ SURE�
$ ĺ WHUUH�OD JXHUUH �������
$ ĺ KDLQH�SHLQH ��������
$ ĺ PDO�SD\V QDWDO ��������
$ ĺ MH IULVVRQQH�PL FRUD]RQ ��������
$ ĺ JUDWWHXUV�UDSSHXUV ��������

VSRQVH LQ WKH WKLUG H[DPSOH� H[KLELWV VWURQJ UK\PLQJ
ZLWK WKH FKDOOHQJH DQG ERWK WKH FKDOOHQJH DQG WKH
UHVSRQVH FRQWDLQ ZRUGV OLNH VRXIIUDQFH� FRPEDW DQG
GpFDGHQFH ZKLFK DUH UHODWHG� 6LPLODUO\ LQ WKH IRXUWK
H[DPSOH� WKH FKDOOHQJH DQG UHVSRQVH DOVR FRQWDLQ VH�
PDQWLFDOO\ UHODWHG WRNHQV ZKLFK DOVR UK\PH� 7KHVH
H[DPSOHV LOOXVWUDWH WKDW RXU WUDQVGXFWLRQ JUDPPDU
IRUPDOLVP FRXSOHG ZLWK RXU UK\PH VFKHPH GHWHFWLRQ
PRGXOH GRHV FDSWXUH WKH QHFHVVDU\ FRUUHVSRQGHQFHV
EHWZHHQ OLQHV RI KLS KRS O\ULFV ZLWKRXW DVVXPLQJ DQ\
ODQJXDJH VSHFLILF UHVRXUFHV�

� &RQFOXVLRQ

:H SUHVHQWHG D QHZ PDFKLQH OHDUQLQJ DSSURDFK IRU
LPSURYLVLQJ KLS KRS UHVSRQVHV WR FKDOOHQJH O\ULFV
E\ LQGXFLQJ VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV� DQG
GHPRQVWUDWHG WKDW LQGXFLQJ WKH WUDQVGXFWLRQ UXOHV E\
LQWHUSRODWLQJ ERWWRP�XS WRNHQ EDVHG UXOH LQGXFWLRQ
DQG UXOH VHJPHQWDWLRQ VWUDWHJLHV RXWSHUIRUPV D WRNHQ
EDVHG EDVHOLQH� :H FRPSDUHG WKH SHUIRUPDQFH RI
RXUPRGHO DJDLQVW D ZLGHO\ XVHG RII�WKH�VKHOI SKUDVH�
EDVHG 607 PRGHO� VKRZLQJ WKDW 3%607 IDOOV VKRUW
LQ WDFNOLQJ WKH QRLV\ DQG KLJKO\ XQVWUXFWXUHG GR�
PDLQ RI KLS KRS O\ULFV� :H VKRZHG WKDW WKH TXDO�
LW\ RI UHVSRQVHV LPSURYHV ZKHQ WKH WUDLQLQJ GDWD IRU
WKH WUDQVGXFWLRQ JUDPPDU LQGXFWLRQ LV VHOHFWHG XV�
LQJ D UK\PH VFKHPH GHWHFWRU� 6HYHUDO GRPDLQ UH�
ODWHG RGGLWLHV VXFK DV GLVIOXHQFLHV DQG EDFNLQJ YR�
FDOV KDYH EHHQ LGHQWLILHG DQG VRPH VWUDWHJLHV IRU DO�
OHYLDWLQJ WKHLU HIIHFWV KDYH EHHQ FRPSDUHG� :H DOVR

UHSRUWHG UHVXOWV RQ )UHQFK KLS KRS O\ULFV ZKLFK LQGL�
FDWH WKDW RXU PRGHO ZRUNV VXUSULVLQJO\ ZHOO ZLWK QR
VSHFLDO DGDSWDWLRQ IRU ODQJXDJHV RWKHU WKDQ (QJOLVK�
,Q WKH IXWXUH� ZH SODQ WR LQYHVWLJDWH DOWHUQDWLYH WUDLQ�
LQJ GDWD VHOHFWLRQ WHFKQLTXHV� GLVIOXHQF\ KDQGOLQJ
VWUDWHJLHV� VHDUFK KHXULVWLFV� DQG QRYHO WUDQVGXFWLRQ
JUDPPDU LQGXFWLRQ PRGHOV�

$FNQRZOHGJHPHQWV
7KLV PDWHULDO LV EDVHG XSRQ ZRUN VXSSRUWHG LQ SDUW E\
WKH +RQJ .RQJ 5HVHDUFK *UDQWV &RXQFLO �5*&� UHVHDUFK
JUDQWV *5)������� *5)������� *5)������� E\ WKH
'HIHQVH $GYDQFHG 5HVHDUFK 3URMHFWV $JHQF\ �'$53$�
XQGHU %2/7 FRQWUDFW QR� +5��������&������ DQG *$/(
FRQWUDFW QRV� +5��������&����� DQG +5��������&�
����� DQG E\ WKH (XURSHDQ 8QLRQ XQGHU WKH )3� JUDQW
DJUHHPHQW QR� ������� $Q\ RSLQLRQV� ILQGLQJV DQG FRQ�
FOXVLRQV RU UHFRPPHQGDWLRQV H[SUHVVHG LQ WKLV PDWHULDO
DUH WKRVH RI WKH DXWKRUV DQG GR QRW QHFHVVDULO\ UHIOHFW WKH
YLHZV RI WKH 5*&� (8� RU '$53$�

5HIHUHQFHV
$QDQWK 5DPDNULVKQDQ $�� 6DQNDU .ǠǛǛǌǙ� DQG

/DOLWKD 'HYL 6ǚǍǓǌ� ³$XWRPDWLF JHQHUDWLRQ RI
7DPLO O\ULFV IRU PHORGLHV�´ :RUNVKRS RQ &RPSXWD�
WLRQDO $SSURDFKHV WR /LQJXLVWLF &UHDWLYLW\ �&$/&�����
�����

.DUWHHN $ǏǏǌǙǖǔ DQG 'HNDL:Ǡ� ³8QVXSHUYLVHG UK\PH
VFKHPH LGHQWLILFDWLRQ LQ KLS KRS O\ULFV XVLQJ KLGGHQ
0DUNRY PRGHOV�´ �VW ,QWHUQDWLRQDO &RQIHUHQFH RQ 6WD�
WLVWLFDO /DQJXDJH DQG 6SHHFK 3URFHVVLQJ �6/63 ������
�����

*DEULHOH %ǌǝǍǔǐǝǔ� )UDQoRLV 3ǌǎǓǐǟ� 3LHUUH 5ǚǤ� DQG
0LUNR 'ǐǒǗǔ (ǞǛǚǞǟǔ� ³0DUNRY FRQVWUDLQWV IRU JHQ�
HUDWLQJ O\ULFV ZLWK VW\OH�´ ��WK (XURSHDQ &RQIHUHQFH
RQ $UWLILFLDO ,QWHOOLJHQFH� �(&$, ������ �����

'DYLG &ǓǔǌǙǒ� ³+LHUDUFKLFDO SKUDVH�EDVHG WUDQVODWLRQ�´
&RPSXWDWLRQDO /LQJXLVWLFV� ������ �����

-RKQ &ǚǎǖǐ� 3URJUDPPLQJ ODQJXDJHV DQG WKHLU FRPSLO�
HUV� 3UHOLPLQDU\ QRWHV� &RXUDQW ,QVWLWXWH RI0DWKHPDW�
LFDO 6FLHQFHV� 1HZ <RUN 8QLYHUVLW\� �����

3�$� 'ǐǡǔǕǐǝ� ³%DXP¶V IRUZDUG�EDFNZDUG DOJRULWKP UH�
YLVLWHG�´ 3DWWHUQ 5HFRJQLWLRQ /HWWHUV� ����� �����

'� *ǐǙǥǐǗ� -� 8Ǟǥǖǚǝǐǔǟ� DQG )� 2ǎǓ� ³3RHWLF VWDWLVWL�
FDO PDFKLQH WUDQVODWLRQ� UK\PH DQG PHWHU�´ ���� &RQ�
IHUHQFH RQ (PSLULFDO 0HWKRGV LQ 1DWXUDO /DQJXDJH
3URFHVVLQJ �(01/3 ������ $VVRFLDWLRQ IRU &RPSXWD�
WLRQDO /LQJXLVWLFV� �����

(� *ǝǐǐǙǐ� 7� %ǚǏǝǠǘǗǠ� DQG .� .ǙǔǒǓǟ� ³$XWR�
PDWLF DQDO\VLV RI UK\WKPLF SRHWU\ ZLWK DSSOLFDWLRQV
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result — Magrebi French hip hop 
challenge-response test examples 
challenge Si je me trompe  
response faut que je raconte 

challenge Un jour je suis un livre 
response et ce que je de vivre 
challenge Pacha mama ils ne voient pas ta souffrance 

response Combat ni leur de voulait de la décadence 
challenge le palestine n’etait pas une terre sans peuple 

response le darfour d’autre de la guerre on est 

challenge Une banlieue qui meut 
response les yeux et 
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conclusions 
!  FREESTYLE:  first known model for learning how to rap battle 

!  transduces challenge lyrics to improvised responses 
!  transduction grammar induction is fully unsupervised 
!  learns fluent, rhyming responses absent linguistic knowledge 

!  new MDL driven learning of hip hop ITG rules by segmentation 
!  segmental grammars improve on token-based grammars 
!  both outperform off-the-shelf PBSMT contrastive baseline 

!  hip hop domain specific models against very noisy training data 
yield more fluent and better rhyming responses 

!  data selection via unsupervised rhyme scheme detection model 
!  disfluency correction 

!  completely unsupervised generation of hip hop challenge 
responses without linguistic knowledge despite the noisy domain 

!  generalizes to non-English hip hop:  encouraging results on 
Maghrebi French validate language independence assumptions 



maximum a posteriori objective 

putting everything together, we want 

*prior constructed in terms of the grammar’s description length 

bilingual corpus 
likelihood prior 

MTG 

DL prior* 

Dirichlet prior 

PXVLF LPSURYLVDWLRQ FRQYHQWLRQV�DQ DSSURDFK IXUWKHU H[�
SORUHG E\ )UDQoRLV HW DO� >�@ DQG >�@� $ JUDPPDU LQGXFWLRQ
DSSURDFK IRU OHDUQLQJ MD]] JUDPPDUV XQGHU 0DUNRYLDQ DV�
VXPSWLRQV LV SURSRVHG E\ *LOOLFN HW DO� >��@� 5HODWLYHO\
OLWWOH KDV EHHQ GRQH RQ PXVLFDO VWUXFWXUH PRGHOLQJ XVLQJ
VWRFKDVWLF FRQWH[W�IUHH JUDPPDUV >��@� 5HODWHG ZRUN RQ
XQVXSHUYLVHG OHDUQLQJ RI &&0V �D YDULDQW RI 6&)*V� IRU
PXVLFDO JUDPPDUV LQFOXGHV WKDW RI 6ZDQVRQ HW DO� >��@� RU
WKH 'DWD 2ULHQWHG 3DUVLQJ DSSURDFK RI %RG >�@�

6WRFKDVWLF JUDPPDUV DUH H[FHOOHQW IRU GHVFULELQJ LQGL�
YLGXDO DVSHFWV RI PXVLF� 0XFK RI PXVLF� KRZHYHU� LV DERXW
WKH ORRVHO\ FRXSOHG UHODWLRQVKLSV EHWZHHQ PXOWLSOH VWUDQGV
RI GLIIHUHQW NLQGV RI VHTXHQFHV WDNLQJ SODFH LQ SDUDOOHO�

2XU QHZ DSSURDFK GLIIHUV IURP SUHYLRXV VWRFKDVWLF JUDP�
PDWLFDO PRGHOV RI PXVLF LQ WKDW ZH ��� VKLIW WR ELOLQJXDO
VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV LQVWHDG RI FRQYHQWLRQDO
PRQROLQJXDO VWRFKDVWLF JUDPPDUV� DOORZLQJ XV WR PRGHO
OHDUQLQJ VWUXFWXUDO UHODWLRQV EHWZHHQ GLIIHUHQW PXVLFDO ODQ�
JXDJHV RI VHSDUDWH SHUFXVVLYH IODPHQFR SDUWV� DQG ��� DS�
SO\ D QHZ JUDPPDU LQGXFWLRQ VWUDWHJ\ WKDW VHDUFKHV IRU WKH
%D\HVLDQ0$3 �PD[LPXP D SRVWHULRUL� PRGHO HQFRPSDVV�
LQJ PHWULFDO UHODWLRQV� K\SHUPHWULFDO UHODWLRQV� DQG SURED�
ELOLVWLF WUDQVGXFWLRQ UHODWLRQV LQ D VLQJOH LQWHJUDWHG SURFHVV�

�� 672&+$67,& 75$16'8&7,21 *5$00$56

,Q FODVVLF IRUPDO ODQJXDJH WKHRU\� D WUDQVGXFWLRQ LV D
UHODWLRQ EHWZHHQ WZR ODQJXDJHV� ZKLFK LV H[DFWO\ ZKDW ZH
ZLVK WR LQGXFH� $ WUDQVGXFWLRQ JUDPPDU RU WUDQVODWLRQ
JUDPPDU �7*� LV D ELOLQJXDO JUDPPDU RI WUDQVGXFWLRQV�
DQG GHVFULEHV VWUXFWXUHG UHODWLRQV EHWZHHQ WZR ODQJXDJHV
>�@� >��@� �$Q HTXLYDOHQW WHUP ³V\QFKURQRXV JUDPPDU´ XVHG
RQO\ LQ FRPSXWDWLRQDO OLQJXLVWLFV LV QRW DV ORQJ HVWDEOLVKHG
RU ZLGHO\ XQGHUVWRRG WKURXJKRXW FRPSXWHU VFLHQFH��

7KXV VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV DUH SUREDELOLV�
WLF ELOLQJXDO JUDPPDUV RI WUDQVGXFWLRQV� DQG GHVFULEH VWUXF�
WXUHG UHODWLRQV EHWZHHQ WZR ODQJXDJHV SUREDELOLVWLFDOO\²
ZKLFK PHDQV WKDW VWRFKDVWLF 7*V GR QRW VXIIHU IURP WKH
RYHUO\ ULJLG FRQVWUDLQWV RI QRQ�VWRFKDVWLF WUDQVGXFWLRQPRG�
HOV� DQG FDQ EH DXWRPDWLFDOO\ OHDUQHG >��@� ,Q D VWRFKDV�
WLF WUDQVGXFWLRQ JUDPPDU� D SUREDELOLW\ GLVWULEXWLRQ LV LP�
SRVHG RYHU WKH VSDFH RI SRVVLEOH GHULYDWLRQV� 7KLV LV W\S�
LFDOO\ GRQH E\ DVVRFLDWLQJ D FRQGLWLRQDO SUREDELOLW\ ZLWK
HDFK UXOH� UHSUHVHQWLQJ WKH SUREDELOLW\ WKDW DQ\ QRQWHUPLQDO
V\PERO PDWFKLQJ WKH OHIW�KDQG�VLGH RI WKH UXOH JHQHUDWHV
FKLOGUHQ PDWFKLQJ WKH ULJKW�KDQG�VLGH RI WKH UXOH� 7HFK�
QLTXHV KDYH EHHQ GHYHORSHG IRU QXPHURXV WDVNV XWLOL]LQJ
VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV LQFOXGLQJ DOLJQLQJ ELOLQ�
JXDO FRUSRUD� XQVXSHUYLVHG VHJPHQWDWLRQ DQG DQQRWDWLRQ RI
ELOLQJXDO FRUSRUD� DXWRPDWLF LQGXFWLRQ RI ELOLQJXDO FRUUH�
VSRQGHQFHV� JUDPPDU LQGXFWLRQ IRU VWRFKDVWLF 7*V� DQG VR
RQ >��@�

,Q WKLV SDSHU ZH ZLOO PDNH XVH RI VWRFKDVWLFPRQRWRQLF
WUDQVGXFWLRQ JUDPPDUV� ZKLFK LQ WHUPV RI JHQHUDWLYH FD�
SDFLW\ VLW LQ WKH KLHUDUFK\ RI WUDQVGXFWLRQ JUDPPDUV EH�
WZHHQ VWRFKDVWLF ILQLWH�VWDWH WUDQVGXFHUV DQG OLQHDU LQYHU�
VLRQ WUDQVGXFWLRQ JUDPPDUV� DV GHWDLOHG LQ >��@�

$ PRQRWRQLF WUDQVGXFWLRQ JUDPPDU RU 07* �HTXLYD�
OHQW WR WKH ³VLPSOH V\QWD[�GLUHFWHG WUDQVGXFWLRQ JUDPPDU´

RU ³VLPSOH 6'7*´ RI $KR DQG 8OOPDQ� LQ QRUPDO IRUP LV
D WXSOH ⟨N,Σ,∆, S,R⟩ ZKHUH N LV D ILQLWH QRQHPSW\ VHW
RI QRQWHUPLQDO V\PEROV� Σ LV D ILQLWH QRQHPSW\ VHW RI LQSXW
ODQJXJH V\PEROV�∆ LV D ILQLWH QRQHPSW\ VHW RI RXWSXW ODQ�
JXDJH V\PEROV� S ∈ N LV WKH GHVLJQDWHG VWDUW V\PERO� DQG
R LV D ILQLWH QRQHPSW\ VHW RI V\QWD[�GLUHFWHG WUDQVGXFWLRQ
UXOHV RQ WKH IRUPV�

S → A, A → ϕ, A → e/f

ZKHUH A ∈ N � ϕ ∈ NNN∗� DQG e DQG f DUH WHUPLQDO
V\PEROV UHSUHVHQWLQJ PXVLFDO HYHQW VHJPHQWV DV IROORZV�

6WULQJV LQ ERWK WKH ODQJXDJHV UHSUHVHQW VHTXHQFHV RI V\P�
EROLF PXVLFDO HYHQW WRNHQV� $ ³VHQWHQFH´ LV D IXOO PXVLFDO
SDVVDJH IRU D VLQJOH LQVWUXPHQWDO SDUW� ZKHUHDV D ³ELVHQ�
WHQFH´ LV D PDWFKHGPXVLFDO SDVVDJH ZLWK ERWK LQVWUXPHQWDO
SDUWV� )RU FRQYHQLHQFH RI PXVLFDO LQWHUSUHWDWLRQ� LQVWHDG RI
ZULWLQJ PXVLFDO VHTXHQFHV XVLQJ OLQJXLVWLF VWULQJ QRWDWLRQ�
ZH VKDOO XVH FRQYHQWLRQDO PXVLF VWDII QRWDWLRQ IRU PXVLFDO
HYHQW VHJPHQWV e DQG f � DV LQ )LJXUH �� -XVW DV ZH FRQVLGHU
WKH PRQROLQJXDO WHUPLQDO V\PEROV e DQG f WR UHSUHVHQW PX�
VLFDO HYHQW VHJPHQWV� ZH FRQVLGHU WKH ELOLQJXDO e/f QRWD�
WLRQ WR GHQRWH D ELWHUPLQDO V\PERO UHSUHVHQWLQJ D SDUDO�
OHO SDLU RI PXVLFDO HYHQW VHJPHQWV IURP GLIIHUHQW PXVLFDO
LQVWUXPHQWV� 7HFKQLFDOO\� e/f ∈ (Σ∗ × ∆∗) − (ϵ/ϵ)� LQ
ZKLFK ZH H[FOXGH WKH GHJHQHUDWH FDVH RI SDLULQJ D ]HUR�
OHQJWK HPSW\ VHJPHQW ϵ ZLWK DQRWKHU ]HUR�OHQJWK HPSW\
VWULQJ ϵ WR DYRLG XQQHFHVVDU\ FRPSOLFDWLRQV DULVLQJ IURP
LQILQLWH UHFXUVLRQ�

�� 75$16'8&7,21 *5$00$5 ,1'8&7,21

,Q WKLV VHFWLRQ ZH GHVFULEH RXU QHZ PRGHO IRU XQVXSHU�
YLVHG LQGXFWLRQ RI VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV� )RU
FRQFUHWH H[DPSOHV RI WKH DEVWUDFW PRGHO� VHH 6HFWLRQ ��

0LQLPL]LQJ GHVFULSWLRQ OHQJWK :H EHJLQ ZLWK WKH RYHU�
DOO %D\HVLDQ PRGHO ZKRVH SRVWHULRU ZH ZLVK WR PD[LPL]H�
:H VHHN WKH PD[LPXP D SRVWHULRUL �0$3� PRGHO JLYHQ WKH
GDWD� WKDW LV� ZH DWWHPSW WR RSWLPL]H WKH SRVWHULRU SUREDELO�
LW\ IROORZLQJ %D\HV¶ UXOH

P (Φ | D) =
P (Φ)P (D | Φ)

P (D)

ZKHUH Φ LV WKH PRGHO DQGD LV WKH WUDLQLQJ GDWD� 7KH SULRU
SUREDELOLW\ RI WKH GDWD LV FRQVWDQW GXULQJ VHDUFK� ZKLFK JLYHV
XV WKH IROORZLQJ VHDUFK SUREOHP�

DUJPD[
Φ

P (Φ)P (D | Φ)

,Q RXU FDVH� WKH SUREDELOLW\ RI WKH GDWD JLYHQ WKH PRGHO
FDQ EH GHWHUPLQHG WKURXJK SDUVLQJ VLQFH LW LV D JUDPPDU�
7KH SULRU RI WKH PRGHO LV� KRZHYHU� VRPHZKDW PRUH FRP�
SOLFDWHG EHFDXVH LW PXVW LQFRUSRUDWH WKH HIIHFW RI ERWK WKH
VWUXFWXUH DQG WKH SDUDPHWHUV RI WKH PRGHO�

P (Φ) = P (ΦG)P (ΦS | ΦG)P (θΦ | ΦS ,ΦG)

ΦG LV D JOREDO SULRU RYHU SRVVLEOH PRGHO IRUPDOLVPV�
ZKLFK ZH VHW WR EH WKH VSDFH RI SRVVLEOH PRQRWRQLF WUDQV�
GXFWLRQ JUDPPDUV� P (ΦS | ΦG) LV D SULRU RQ WKH PRGHO

PXVLF LPSURYLVDWLRQ FRQYHQWLRQV�DQ DSSURDFK IXUWKHU H[�
SORUHG E\ )UDQoRLV HW DO� >�@ DQG >�@� $ JUDPPDU LQGXFWLRQ
DSSURDFK IRU OHDUQLQJ MD]] JUDPPDUV XQGHU 0DUNRYLDQ DV�
VXPSWLRQV LV SURSRVHG E\ *LOOLFN HW DO� >��@� 5HODWLYHO\
OLWWOH KDV EHHQ GRQH RQ PXVLFDO VWUXFWXUH PRGHOLQJ XVLQJ
VWRFKDVWLF FRQWH[W�IUHH JUDPPDUV >��@� 5HODWHG ZRUN RQ
XQVXSHUYLVHG OHDUQLQJ RI &&0V �D YDULDQW RI 6&)*V� IRU
PXVLFDO JUDPPDUV LQFOXGHV WKDW RI 6ZDQVRQ HW DO� >��@� RU
WKH 'DWD 2ULHQWHG 3DUVLQJ DSSURDFK RI %RG >�@�

6WRFKDVWLF JUDPPDUV DUH H[FHOOHQW IRU GHVFULELQJ LQGL�
YLGXDO DVSHFWV RI PXVLF� 0XFK RI PXVLF� KRZHYHU� LV DERXW
WKH ORRVHO\ FRXSOHG UHODWLRQVKLSV EHWZHHQ PXOWLSOH VWUDQGV
RI GLIIHUHQW NLQGV RI VHTXHQFHV WDNLQJ SODFH LQ SDUDOOHO�

2XU QHZ DSSURDFK GLIIHUV IURP SUHYLRXV VWRFKDVWLF JUDP�
PDWLFDO PRGHOV RI PXVLF LQ WKDW ZH ��� VKLIW WR ELOLQJXDO
VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV LQVWHDG RI FRQYHQWLRQDO
PRQROLQJXDO VWRFKDVWLF JUDPPDUV� DOORZLQJ XV WR PRGHO
OHDUQLQJ VWUXFWXUDO UHODWLRQV EHWZHHQ GLIIHUHQW PXVLFDO ODQ�
JXDJHV RI VHSDUDWH SHUFXVVLYH IODPHQFR SDUWV� DQG ��� DS�
SO\ D QHZ JUDPPDU LQGXFWLRQ VWUDWHJ\ WKDW VHDUFKHV IRU WKH
%D\HVLDQ0$3 �PD[LPXP D SRVWHULRUL� PRGHO HQFRPSDVV�
LQJ PHWULFDO UHODWLRQV� K\SHUPHWULFDO UHODWLRQV� DQG SURED�
ELOLVWLF WUDQVGXFWLRQ UHODWLRQV LQ D VLQJOH LQWHJUDWHG SURFHVV�

�� 672&+$67,& 75$16'8&7,21 *5$00$56

,Q FODVVLF IRUPDO ODQJXDJH WKHRU\� D WUDQVGXFWLRQ LV D
UHODWLRQ EHWZHHQ WZR ODQJXDJHV� ZKLFK LV H[DFWO\ ZKDW ZH
ZLVK WR LQGXFH� $ WUDQVGXFWLRQ JUDPPDU RU WUDQVODWLRQ
JUDPPDU �7*� LV D ELOLQJXDO JUDPPDU RI WUDQVGXFWLRQV�
DQG GHVFULEHV VWUXFWXUHG UHODWLRQV EHWZHHQ WZR ODQJXDJHV
>�@� >��@� �$Q HTXLYDOHQW WHUP ³V\QFKURQRXV JUDPPDU´ XVHG
RQO\ LQ FRPSXWDWLRQDO OLQJXLVWLFV LV QRW DV ORQJ HVWDEOLVKHG
RU ZLGHO\ XQGHUVWRRG WKURXJKRXW FRPSXWHU VFLHQFH��

7KXV VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV DUH SUREDELOLV�
WLF ELOLQJXDO JUDPPDUV RI WUDQVGXFWLRQV� DQG GHVFULEH VWUXF�
WXUHG UHODWLRQV EHWZHHQ WZR ODQJXDJHV SUREDELOLVWLFDOO\²
ZKLFK PHDQV WKDW VWRFKDVWLF 7*V GR QRW VXIIHU IURP WKH
RYHUO\ ULJLG FRQVWUDLQWV RI QRQ�VWRFKDVWLF WUDQVGXFWLRQPRG�
HOV� DQG FDQ EH DXWRPDWLFDOO\ OHDUQHG >��@� ,Q D VWRFKDV�
WLF WUDQVGXFWLRQ JUDPPDU� D SUREDELOLW\ GLVWULEXWLRQ LV LP�
SRVHG RYHU WKH VSDFH RI SRVVLEOH GHULYDWLRQV� 7KLV LV W\S�
LFDOO\ GRQH E\ DVVRFLDWLQJ D FRQGLWLRQDO SUREDELOLW\ ZLWK
HDFK UXOH� UHSUHVHQWLQJ WKH SUREDELOLW\ WKDW DQ\ QRQWHUPLQDO
V\PERO PDWFKLQJ WKH OHIW�KDQG�VLGH RI WKH UXOH JHQHUDWHV
FKLOGUHQ PDWFKLQJ WKH ULJKW�KDQG�VLGH RI WKH UXOH� 7HFK�
QLTXHV KDYH EHHQ GHYHORSHG IRU QXPHURXV WDVNV XWLOL]LQJ
VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV LQFOXGLQJ DOLJQLQJ ELOLQ�
JXDO FRUSRUD� XQVXSHUYLVHG VHJPHQWDWLRQ DQG DQQRWDWLRQ RI
ELOLQJXDO FRUSRUD� DXWRPDWLF LQGXFWLRQ RI ELOLQJXDO FRUUH�
VSRQGHQFHV� JUDPPDU LQGXFWLRQ IRU VWRFKDVWLF 7*V� DQG VR
RQ >��@�

,Q WKLV SDSHU ZH ZLOO PDNH XVH RI VWRFKDVWLFPRQRWRQLF
WUDQVGXFWLRQ JUDPPDUV� ZKLFK LQ WHUPV RI JHQHUDWLYH FD�
SDFLW\ VLW LQ WKH KLHUDUFK\ RI WUDQVGXFWLRQ JUDPPDUV EH�
WZHHQ VWRFKDVWLF ILQLWH�VWDWH WUDQVGXFHUV DQG OLQHDU LQYHU�
VLRQ WUDQVGXFWLRQ JUDPPDUV� DV GHWDLOHG LQ >��@�

$ PRQRWRQLF WUDQVGXFWLRQ JUDPPDU RU 07* �HTXLYD�
OHQW WR WKH ³VLPSOH V\QWD[�GLUHFWHG WUDQVGXFWLRQ JUDPPDU´

RU ³VLPSOH 6'7*´ RI $KR DQG 8OOPDQ� LQ QRUPDO IRUP LV
D WXSOH ⟨N,Σ,∆, S,R⟩ ZKHUH N LV D ILQLWH QRQHPSW\ VHW
RI QRQWHUPLQDO V\PEROV� Σ LV D ILQLWH QRQHPSW\ VHW RI LQSXW
ODQJXJH V\PEROV�∆ LV D ILQLWH QRQHPSW\ VHW RI RXWSXW ODQ�
JXDJH V\PEROV� S ∈ N LV WKH GHVLJQDWHG VWDUW V\PERO� DQG
R LV D ILQLWH QRQHPSW\ VHW RI V\QWD[�GLUHFWHG WUDQVGXFWLRQ
UXOHV RQ WKH IRUPV�

S → A, A → ϕ, A → e/f

ZKHUH A ∈ N � ϕ ∈ NNN∗� DQG e DQG f DUH WHUPLQDO
V\PEROV UHSUHVHQWLQJ PXVLFDO HYHQW VHJPHQWV DV IROORZV�

6WULQJV LQ ERWK WKH ODQJXDJHV UHSUHVHQW VHTXHQFHV RI V\P�
EROLF PXVLFDO HYHQW WRNHQV� $ ³VHQWHQFH´ LV D IXOO PXVLFDO
SDVVDJH IRU D VLQJOH LQVWUXPHQWDO SDUW� ZKHUHDV D ³ELVHQ�
WHQFH´ LV D PDWFKHGPXVLFDO SDVVDJH ZLWK ERWK LQVWUXPHQWDO
SDUWV� )RU FRQYHQLHQFH RI PXVLFDO LQWHUSUHWDWLRQ� LQVWHDG RI
ZULWLQJ PXVLFDO VHTXHQFHV XVLQJ OLQJXLVWLF VWULQJ QRWDWLRQ�
ZH VKDOO XVH FRQYHQWLRQDO PXVLF VWDII QRWDWLRQ IRU PXVLFDO
HYHQW VHJPHQWV e DQG f � DV LQ )LJXUH �� -XVW DV ZH FRQVLGHU
WKH PRQROLQJXDO WHUPLQDO V\PEROV e DQG f WR UHSUHVHQW PX�
VLFDO HYHQW VHJPHQWV� ZH FRQVLGHU WKH ELOLQJXDO e/f QRWD�
WLRQ WR GHQRWH D ELWHUPLQDO V\PERO UHSUHVHQWLQJ D SDUDO�
OHO SDLU RI PXVLFDO HYHQW VHJPHQWV IURP GLIIHUHQW PXVLFDO
LQVWUXPHQWV� 7HFKQLFDOO\� e/f ∈ (Σ∗ × ∆∗) − (ϵ/ϵ)� LQ
ZKLFK ZH H[FOXGH WKH GHJHQHUDWH FDVH RI SDLULQJ D ]HUR�
OHQJWK HPSW\ VHJPHQW ϵ ZLWK DQRWKHU ]HUR�OHQJWK HPSW\
VWULQJ ϵ WR DYRLG XQQHFHVVDU\ FRPSOLFDWLRQV DULVLQJ IURP
LQILQLWH UHFXUVLRQ�

�� 75$16'8&7,21 *5$00$5 ,1'8&7,21

,Q WKLV VHFWLRQ ZH GHVFULEH RXU QHZ PRGHO IRU XQVXSHU�
YLVHG LQGXFWLRQ RI VWRFKDVWLF WUDQVGXFWLRQ JUDPPDUV� )RU
FRQFUHWH H[DPSOHV RI WKH DEVWUDFW PRGHO� VHH 6HFWLRQ ��

0LQLPL]LQJ GHVFULSWLRQ OHQJWK :H EHJLQ ZLWK WKH RYHU�
DOO %D\HVLDQ PRGHO ZKRVH SRVWHULRU ZH ZLVK WR PD[LPL]H�
:H VHHN WKH PD[LPXP D SRVWHULRUL �0$3� PRGHO JLYHQ WKH
GDWD� WKDW LV� ZH DWWHPSW WR RSWLPL]H WKH SRVWHULRU SUREDELO�
LW\ IROORZLQJ %D\HV¶ UXOH

P (Φ | D) =
P (Φ)P (D | Φ)

P (D)

ZKHUH Φ LV WKH PRGHO DQGD LV WKH WUDLQLQJ GDWD� 7KH SULRU
SUREDELOLW\ RI WKH GDWD LV FRQVWDQW GXULQJ VHDUFK� ZKLFK JLYHV
XV WKH IROORZLQJ VHDUFK SUREOHP�

DUJPD[
Φ

P (Φ)P (D | Φ)

,Q RXU FDVH� WKH SUREDELOLW\ RI WKH GDWD JLYHQ WKH PRGHO
FDQ EH GHWHUPLQHG WKURXJK SDUVLQJ VLQFH LW LV D JUDPPDU�
7KH SULRU RI WKH PRGHO LV� KRZHYHU� VRPHZKDW PRUH FRP�
SOLFDWHG EHFDXVH LW PXVW LQFRUSRUDWH WKH HIIHFW RI ERWK WKH
VWUXFWXUH DQG WKH SDUDPHWHUV RI WKH PRGHO�

P (Φ) = P (ΦG)P (ΦS | ΦG)P (θΦ | ΦS ,ΦG)

ΦG LV D JOREDO SULRU RYHU SRVVLEOH PRGHO IRUPDOLVPV�
ZKLFK ZH VHW WR EH WKH VSDFH RI SRVVLEOH PRQRWRQLF WUDQV�
GXFWLRQ JUDPPDUV� P (ΦS | ΦG) LV D SULRU RQ WKH PRGHO

bilingual corpus 
likelihood 

prior 

VWUXFWXUH JLYHQ WKH PRGHO IRUPDOLVP� DQG P (θΦ | ΦS ,ΦG)
LV D SULRU RYHU WKH PRGHO SDUDPHWHUV JLYHQ WKH IRUPDOLVP
DQG WKH VWUXFWXUH� :H DSSUR[LPDWH WKH SULRU RYHU WKH PRGHO
VWUXFWXUH XVLQJ WKH GHVFULSWLRQ OHQJWK RI WKH PRGHO�

−ORJ2 (P (ΦS | ΦG)) ∝ '/ (ΦS)

7KH GHVFULSWLRQ OHQJWK RI DPRGHO LV FDOFXODWHG E\ VXPPLQJ
WKH OHQJWK RI DOO WKH UXOHV� ZKHUH HDFK XQLTXH �PRQROLQ�
JXDO� WHUPLQDO VHJPHQW LV HIILFLHQWO\ JLYHQ D XQLTXH +XII�
PDQ HQFRGLQJ� 7KLV DYRLGV UHGXQGDQW GRXEOH�FRXQWLQJ RI
WHUPLQDO VHJPHQWV WKDW DSSHDU LQ PRUH WKDQ RQH UXOH� 7KH
OHQJWK RI D V\PERO LV SURSRUWLRQDO WR −ORJ2

(
1
M

)
ZKHUH

M = 2 + N + Σ + ∆ LV WKH WRWDO QXPEHU RI V\PEROV
�N LV WKH QXPEHU RI QRQWHUPLQDOV� Σ LV WKH VL]H RI WKH L0

YRFDEXODU\ DQG ∆ LV WKH VL]H RI WKH L1 YRFDEXODU\�� 7KXV�
IRU H[DPSOH� UHGXFLQJ WKH QXPEHU RI GLVWLQFW QRQWHUPLQDOV
LQ D JUDPPDU UHGXFHV LWV GHVFULSWLRQ OHQJWK�

:H VHW WKH SULRU RYHU WKH PRGHO SDUDPHWHUV WR EH D XQL�
IRUP 'LULFKOHW GLVWULEXWLRQ RYHU ULJKW�KDQG VLGHV JLYHQ OHIW�
KDQG VLGHV�

P (θΦ | ΦS ,ΦG) =
N−1∏

i=0

1

B(α0,α1, ...,αRni−1)

Rni−1∏

j=0

θni
Φ (j)

ZKHUH N LV WKH QXPEHU RI QRQWHUPLQDOV� Rni LV WKH VHW RI
UXOHV ZKHUH ni LV WKH OHIW�KDQG VLGH� DQG θni

Φ LV D IXQFWLRQ
WKDW JLYHV WKH UXOH SUREDELOLWLHV IRU UXOH ZKHUH WKH OHIW�KDQG
VLGH LV ni� )OHVKLQJ RXW WKH VHDUFK SUREOHP� ZH KDYH�

DUJPD[
ΦG,ΦS ,θΦ

P (ΦG)P (ΦS | ΦG)P (θΦ | ΦS ,ΦG)P (D | ΦG,ΦS , θΦ)

5HFDOO WKDW DUH UHVWULFWLQJ ΦG WR PRQRWRQLF WUDQVGXFWLRQ
JUDPPDUV� :H IXUWKHU GLYLGH WKH VHDUFK LQWR WZR SKDVHV�
D WRS�GRZQ UXOH VHJPHQWDWLRQ SKDVH� ZKLFK IRFXVHV RQ WKH
VWUXFWXUDO LQGXFWLRQ WR RSWLPL]H P (ΦS | ΦG) DQG P (D |
ΦG,ΦS , θΦ)� DQG D SDUDPHWHU WXQLQJ SKDVH� ZKLFK IRFXVHV
RQ P (θΦ | ΦS ,ΦG) DQG P (D | ΦG,ΦS , θΦ)�

,QLWLDOL]LQJPRGHO VWUXFWXUH7KH LQGXFWLRQ SURFHGXUH VWDUWV
ZLWK D WUDQVGXFWLRQ JUDPPDU WKDW PHPRUL]HV WKH WUDLQLQJ
GDWD DV ZHOO DV SRVVLEOH� DQG JHQHUDOL]HV IURP WKHUH� 7KH
WUDQVGXFWLRQ JUDPPDU WKDW EHVW ILWV WKH WUDLQLQJ GDWD LV WKH
RQH ZKHUH WKH VWDUW V\PERO UHZULWHV WR WKH IXOO VHQWHQFH
SDLUV WKDW LW KDV WR JHQHUDWH� ,W LV DOVR SRVVLEOH WR DGG DQ\
QXPEHU RI QRQWHUPLQDO V\PEROV LQ WKH OD\HU EHWZHHQ WKH
VWDUW V\PERO DQG WKH ELVHQWHQFHV ZLWKRXW DOWHULQJ WKH SURE�
DELOLW\ RI WKH WUDLQLQJ GDWD� :H WDNH LQLWLDO DGYDQWDJH RI WKLV
E\ DOORZLQJ IRU RQH LQWHUPHGLDWH V\PERO VR WKDW WKH VWDUW
V\PERO FRQIRUPV WR WKH QRUPDO IRUP DQG DOZD\V UHZULWHV
WR SUHFLVHO\ RQH QRQWHUPLQDO V\PERO�

2XU LQLWLDO PRGHO WKXV FRQVLVWV RI WKH UXOH S → A SOXV
QXPHURXV UXOHV RI WKH IRUP A → e0..T /f0..V ZKHUH S LV
WKH VWDUW V\PERO�A LV WKH QRQWHUPLQDO� T LV WKH OHQJWK RI WKH
RXWSXW VHQWHQFH� DQG V LV WKH OHQJWK RI WKH LQSXW VHQWHQFH�

*HQHUDOL]LQJ PRGHO VWUXFWXUH ,Q RUGHU WR JHQHUDOL]H WKH
LQLWLDO PRQRWRQLF WUDQVGXFWLRQ JUDPPDUZH QHHG WR LGHQWLI\

SDUWV RI WKH H[LVWLQJ ELWHUPLQDOV WKDW FRXOG EH YDOLGO\ XVHG
LQ LVRODWLRQ� DQG DOORZ WKHP WR FRPELQH ZLWK RWKHU VHJ�
PHQWV� 7KLV LV WKH YHU\ IHDWXUH WKDW DOORZV D ILQLWH WUDQVGXF�
WLRQ JUDPPDU WR JHQHUDWH DQ LQILQLWH VHW RI VHQWHQFH SDLUV�
ZKHQ ZH GR WKLV� ZH PRYH VRPH RI WKH SUREDELOLW\ PDVV
ZKLFKZDV FRQFHQWUDWHG LQ WKH WUDLQLQJ GDWD RXW WR RWKHU GDWD
WKDW DUH VWLOO XQVHHQ²L�H� ZH JHQHUDOL]H IURP WKH WUDLQLQJ
GDWD� 7KH JHQHUDO VWUDWHJ\ LV WR SURSRVH D QXPEHU RI VHWV RI
ELWHUPLQDO UXOHV DQG D SODFH WR VHJPHQW WKHP� HVWLPDWH WKH
SRVWHULRU JLYHQ WKH VHWV DQG FRPPLW WR WKH EHVW VHW� 7KDW
LV� ZH GR D JUHHG\ VHDUFK RYHU WKH SRZHU VHW RI SRVVLEOH
VHJPHQWDWLRQV RI WKH UXOH VHW� 7KLV LQWUDFWDEOH SUREOHP FDQ
EH UHDVRQDEO\ HIILFLHQWO\ DSSUR[LPDWHG�

7KH NH\ FRPSRQHQW LQ WKH DSSURDFK LV WKH DELOLW\ WR HYDO�
XDWH WKH FKDQJH LQ D SRVWHULRUL SUREDELOLW\ LI D VSHFLILF VHJ�
PHQWDWLRQ ZDV PDGH LQ WKH JUDPPDU� 7KLV FDQ WKHQ EH
H[WHQGHG WR D VHW RI VHJPHQWDWLRQV� ZKLFK RQO\ OHDYHV WKH
SUREOHP RI JHQHUDWLQJ VXLWDEOH VHWV RI VHJPHQWDWLRQV� $Q\
VHJPHQW WKDW FDQ EH UHXVHG PD[LPL]HV WKH PRGHO SULRU� 7KH
PRUH UXOHVZH FDQ ILQGZLWK VKDUHG ELDIIL[HV� WKHPRUH OLNHO\
ZH DUH WR ILQG D JRRG VHW RI VHJPHQWDWLRQV�

2XU DOJRULWKP WDNHV DGYDQWDJH RI WKH DERYH REVHUYDWLRQ
E\ IRFXVLQJ RQ ERWK WKH PRQROLQJXDO DQG ELOLQJXDO DIIL[HV
�L�H�� SUHIL[HV RU VXIIL[HV� IRXQG LQ WKH WUDLQLQJ GDWD� (DFK
DIIL[ RU ELDIIL[ GHILQHV D VHW RI OH[LFDO UXOHV SDLUHG XS ZLWK
D SRVVLEOH VHJPHQWDWLRQ� :H HYDOXDWH WKH �EL�DIIL[HV E\ HV�
WLPDWLQJ WKH FKDQJH LQ SRVWHULRU SUREDELOLW\ DVVRFLDWHG ZLWK
FRPPLWWLQJ WR DOO WKH VHJPHQWDWLRQV GHILQHG E\ D �EL�DIIL[�
7KLV DOORZV XV WR ILQG WKH EHVW VHW RI VHJPHQWDWLRQV� DQG
FRPPLW WR DV PDQ\ RI WKHP DV SRVVLEOH� 0RUHRYHU� DV ZH
JHQHUDWH QHZ QRQWHUPLQDO FDWHJRULHV GXULQJ WKLV SURFHVV�
ZH DOVR XVH DIIL[HV DQG ELDIIL[HV WR VXJJHVW SRVVLEOH PHUJHV
RI WKH QRQWHUPLQDO FDWHJRULHV� 7KLV PLQLPL]HV WKH SDUVLQJ
HIIRUWV� ZKLFK DUH PRUH H[SHQVLYH� $ SULRULW\ TXHXH EDVHG
DJHQGD NHHSV WUDFN RI SRVVLEOH FDQGLGDWHV IRU UXOH VHJPHQ�
WDWLRQ DQG QRQWHUPLQDO FDWHJRU\ DFWLRQV� DQG DOZD\V JUHHG�
LO\ FRPPLWV DW HDFK VWHS WR WKH DFWLRQ WKDW EHVW LPSURYHV
RYHUDOO SRVWHULRU SUREDELOLW\�
*  WKH WUDQVGXFWLRQ JUDPPDU
ELDIIL[HVBWRBUXOHV  LQGH[ RI *
V WUDQVGXFWLRQ UXOHV E\ WKHLU �EL�DIIL[HV
OKVBWRBUXOHV  LQGH[ RI *
V WUDQVGXFWLRQ UXOHV E\ WKHLU /+6 QRQWHUPV
DJHQGD  >@ �� 3ULRULW\ TXHXH RI DFWLRQV E\ WKHLU '/ LPSDFW RQ *
IRU HDFK DIIL[ RU ELDIIL[ [ LQ * �

GHOWD  HYDOBVHJBSRVW�[� ELDIIL[HVBWRBUXOHV>[@� *�
LI �GHOWD � ��

DJHQGD�DGG�6(*0(17� [� GHOWD�
ZKLOH DJHQGD�SRS�DFW� [� � � �

LI �DFW   6(*0(17�
UHDOBGHOWD  HYDOBVHJBSRVW�[� ELDIIL[HVBWRBUXOHV>[@� *�
LI �UHDOBGHOWD � ��
*� PRGLILHGBUXOHV  VHJPHQWBUXOHV�[� ELDIIL[HVBWRBUXOHV>[@� *�
IRU HDFK SDLU \ RI QRQWHUPV VHUYLQJ DV /+6 RI PRGLILHGBUXOHV

WKDW VKDUH D FRPPRQ �PRQROLQJXDO RU ELOLQJXDO� 5+6 �
GHOWD  HYDOBPHUJHBSRVW�[� ELDIIL[HVBWRBUXOHV>[@� *�
DJHQGD�DGG�0(5*(� \� GHOWD�

HOVH LI �DFW   0(5*(�
UHDOBGHOWD  HYDOBPHUJHBSRVW�\� OKVBWRBUXOHV>\@� *�
LI �UHDOBGHOWD � ��

*  PHUJHBQRQWHUPV�\� OKVBWRBUXOHV>\@� *�

1RWH WKDW ERWK DIIL[HV DQG ELDIIL[HV DUH KDQGOHG LQ ELDI�
IL[HVBWRBUXOHV �VLQFH DQ DIIL[ FDQ EH UHJDUGHG DV D VSH�
FLDO FDVH RI D ELDIIL[ ZKHUH RQH RI WKH WZR DIIL[HV LV WKH
HPSW\ VWULQJ ϵ�� :H KDYH ZULWWHQ HYDOBVHJBSRVW DQG VHJ�
PHQWBUXOHV DV VKRUWKDQG IRU WKH DERYH�GLVFXVVHG HYDOXD�
WLRQ RI WKH LPSDFW RI D UXOH VHJPHQWDWLRQ DFWLRQ XSRQ WKH

VWUXFWXUH JLYHQ WKH PRGHO IRUPDOLVP� DQG P (θΦ | ΦS ,ΦG)
LV D SULRU RYHU WKH PRGHO SDUDPHWHUV JLYHQ WKH IRUPDOLVP
DQG WKH VWUXFWXUH� :H DSSUR[LPDWH WKH SULRU RYHU WKH PRGHO
VWUXFWXUH XVLQJ WKH GHVFULSWLRQ OHQJWK RI WKH PRGHO�

−ORJ2 (P (ΦS | ΦG)) ∝ '/ (ΦS)

7KH GHVFULSWLRQ OHQJWK RI DPRGHO LV FDOFXODWHG E\ VXPPLQJ
WKH OHQJWK RI DOO WKH UXOHV� ZKHUH HDFK XQLTXH �PRQROLQ�
JXDO� WHUPLQDO VHJPHQW LV HIILFLHQWO\ JLYHQ D XQLTXH +XII�
PDQ HQFRGLQJ� 7KLV DYRLGV UHGXQGDQW GRXEOH�FRXQWLQJ RI
WHUPLQDO VHJPHQWV WKDW DSSHDU LQ PRUH WKDQ RQH UXOH� 7KH
OHQJWK RI D V\PERO LV SURSRUWLRQDO WR −ORJ2

(
1
M

)
ZKHUH

M = 2 + N + Σ + ∆ LV WKH WRWDO QXPEHU RI V\PEROV
�N LV WKH QXPEHU RI QRQWHUPLQDOV� Σ LV WKH VL]H RI WKH L0

YRFDEXODU\ DQG ∆ LV WKH VL]H RI WKH L1 YRFDEXODU\�� 7KXV�
IRU H[DPSOH� UHGXFLQJ WKH QXPEHU RI GLVWLQFW QRQWHUPLQDOV
LQ D JUDPPDU UHGXFHV LWV GHVFULSWLRQ OHQJWK�

:H VHW WKH SULRU RYHU WKH PRGHO SDUDPHWHUV WR EH D XQL�
IRUP 'LULFKOHW GLVWULEXWLRQ RYHU ULJKW�KDQG VLGHV JLYHQ OHIW�
KDQG VLGHV�

P (θΦ | ΦS ,ΦG) =
N−1∏

i=0

1

B(α0,α1, ...,αRni−1)

Rni−1∏

j=0

θni
Φ (j)

ZKHUH N LV WKH QXPEHU RI QRQWHUPLQDOV� Rni LV WKH VHW RI
UXOHV ZKHUH ni LV WKH OHIW�KDQG VLGH� DQG θni

Φ LV D IXQFWLRQ
WKDW JLYHV WKH UXOH SUREDELOLWLHV IRU UXOH ZKHUH WKH OHIW�KDQG
VLGH LV ni� )OHVKLQJ RXW WKH VHDUFK SUREOHP� ZH KDYH�

DUJPD[
ΦG,ΦS ,θΦ

P (ΦG)P (ΦS | ΦG)P (θΦ | ΦS ,ΦG)P (D | ΦG,ΦS , θΦ)

5HFDOO WKDW DUH UHVWULFWLQJ ΦG WR PRQRWRQLF WUDQVGXFWLRQ
JUDPPDUV� :H IXUWKHU GLYLGH WKH VHDUFK LQWR WZR SKDVHV�
D WRS�GRZQ UXOH VHJPHQWDWLRQ SKDVH� ZKLFK IRFXVHV RQ WKH
VWUXFWXUDO LQGXFWLRQ WR RSWLPL]H P (ΦS | ΦG) DQG P (D |
ΦG,ΦS , θΦ)� DQG D SDUDPHWHU WXQLQJ SKDVH� ZKLFK IRFXVHV
RQ P (θΦ | ΦS ,ΦG) DQG P (D | ΦG,ΦS , θΦ)�

,QLWLDOL]LQJPRGHO VWUXFWXUH7KH LQGXFWLRQ SURFHGXUH VWDUWV
ZLWK D WUDQVGXFWLRQ JUDPPDU WKDW PHPRUL]HV WKH WUDLQLQJ
GDWD DV ZHOO DV SRVVLEOH� DQG JHQHUDOL]HV IURP WKHUH� 7KH
WUDQVGXFWLRQ JUDPPDU WKDW EHVW ILWV WKH WUDLQLQJ GDWD LV WKH
RQH ZKHUH WKH VWDUW V\PERO UHZULWHV WR WKH IXOO VHQWHQFH
SDLUV WKDW LW KDV WR JHQHUDWH� ,W LV DOVR SRVVLEOH WR DGG DQ\
QXPEHU RI QRQWHUPLQDO V\PEROV LQ WKH OD\HU EHWZHHQ WKH
VWDUW V\PERO DQG WKH ELVHQWHQFHV ZLWKRXW DOWHULQJ WKH SURE�
DELOLW\ RI WKH WUDLQLQJ GDWD� :H WDNH LQLWLDO DGYDQWDJH RI WKLV
E\ DOORZLQJ IRU RQH LQWHUPHGLDWH V\PERO VR WKDW WKH VWDUW
V\PERO FRQIRUPV WR WKH QRUPDO IRUP DQG DOZD\V UHZULWHV
WR SUHFLVHO\ RQH QRQWHUPLQDO V\PERO�

2XU LQLWLDO PRGHO WKXV FRQVLVWV RI WKH UXOH S → A SOXV
QXPHURXV UXOHV RI WKH IRUP A → e0..T /f0..V ZKHUH S LV
WKH VWDUW V\PERO�A LV WKH QRQWHUPLQDO� T LV WKH OHQJWK RI WKH
RXWSXW VHQWHQFH� DQG V LV WKH OHQJWK RI WKH LQSXW VHQWHQFH�

*HQHUDOL]LQJ PRGHO VWUXFWXUH ,Q RUGHU WR JHQHUDOL]H WKH
LQLWLDO PRQRWRQLF WUDQVGXFWLRQ JUDPPDUZH QHHG WR LGHQWLI\

SDUWV RI WKH H[LVWLQJ ELWHUPLQDOV WKDW FRXOG EH YDOLGO\ XVHG
LQ LVRODWLRQ� DQG DOORZ WKHP WR FRPELQH ZLWK RWKHU VHJ�
PHQWV� 7KLV LV WKH YHU\ IHDWXUH WKDW DOORZV D ILQLWH WUDQVGXF�
WLRQ JUDPPDU WR JHQHUDWH DQ LQILQLWH VHW RI VHQWHQFH SDLUV�
ZKHQ ZH GR WKLV� ZH PRYH VRPH RI WKH SUREDELOLW\ PDVV
ZKLFKZDV FRQFHQWUDWHG LQ WKH WUDLQLQJ GDWD RXW WR RWKHU GDWD
WKDW DUH VWLOO XQVHHQ²L�H� ZH JHQHUDOL]H IURP WKH WUDLQLQJ
GDWD� 7KH JHQHUDO VWUDWHJ\ LV WR SURSRVH D QXPEHU RI VHWV RI
ELWHUPLQDO UXOHV DQG D SODFH WR VHJPHQW WKHP� HVWLPDWH WKH
SRVWHULRU JLYHQ WKH VHWV DQG FRPPLW WR WKH EHVW VHW� 7KDW
LV� ZH GR D JUHHG\ VHDUFK RYHU WKH SRZHU VHW RI SRVVLEOH
VHJPHQWDWLRQV RI WKH UXOH VHW� 7KLV LQWUDFWDEOH SUREOHP FDQ
EH UHDVRQDEO\ HIILFLHQWO\ DSSUR[LPDWHG�

7KH NH\ FRPSRQHQW LQ WKH DSSURDFK LV WKH DELOLW\ WR HYDO�
XDWH WKH FKDQJH LQ D SRVWHULRUL SUREDELOLW\ LI D VSHFLILF VHJ�
PHQWDWLRQ ZDV PDGH LQ WKH JUDPPDU� 7KLV FDQ WKHQ EH
H[WHQGHG WR D VHW RI VHJPHQWDWLRQV� ZKLFK RQO\ OHDYHV WKH
SUREOHP RI JHQHUDWLQJ VXLWDEOH VHWV RI VHJPHQWDWLRQV� $Q\
VHJPHQW WKDW FDQ EH UHXVHG PD[LPL]HV WKH PRGHO SULRU� 7KH
PRUH UXOHVZH FDQ ILQGZLWK VKDUHG ELDIIL[HV� WKHPRUH OLNHO\
ZH DUH WR ILQG D JRRG VHW RI VHJPHQWDWLRQV�

2XU DOJRULWKP WDNHV DGYDQWDJH RI WKH DERYH REVHUYDWLRQ
E\ IRFXVLQJ RQ ERWK WKH PRQROLQJXDO DQG ELOLQJXDO DIIL[HV
�L�H�� SUHIL[HV RU VXIIL[HV� IRXQG LQ WKH WUDLQLQJ GDWD� (DFK
DIIL[ RU ELDIIL[ GHILQHV D VHW RI OH[LFDO UXOHV SDLUHG XS ZLWK
D SRVVLEOH VHJPHQWDWLRQ� :H HYDOXDWH WKH �EL�DIIL[HV E\ HV�
WLPDWLQJ WKH FKDQJH LQ SRVWHULRU SUREDELOLW\ DVVRFLDWHG ZLWK
FRPPLWWLQJ WR DOO WKH VHJPHQWDWLRQV GHILQHG E\ D �EL�DIIL[�
7KLV DOORZV XV WR ILQG WKH EHVW VHW RI VHJPHQWDWLRQV� DQG
FRPPLW WR DV PDQ\ RI WKHP DV SRVVLEOH� 0RUHRYHU� DV ZH
JHQHUDWH QHZ QRQWHUPLQDO FDWHJRULHV GXULQJ WKLV SURFHVV�
ZH DOVR XVH DIIL[HV DQG ELDIIL[HV WR VXJJHVW SRVVLEOH PHUJHV
RI WKH QRQWHUPLQDO FDWHJRULHV� 7KLV PLQLPL]HV WKH SDUVLQJ
HIIRUWV� ZKLFK DUH PRUH H[SHQVLYH� $ SULRULW\ TXHXH EDVHG
DJHQGD NHHSV WUDFN RI SRVVLEOH FDQGLGDWHV IRU UXOH VHJPHQ�
WDWLRQ DQG QRQWHUPLQDO FDWHJRU\ DFWLRQV� DQG DOZD\V JUHHG�
LO\ FRPPLWV DW HDFK VWHS WR WKH DFWLRQ WKDW EHVW LPSURYHV
RYHUDOO SRVWHULRU SUREDELOLW\�
*  WKH WUDQVGXFWLRQ JUDPPDU
ELDIIL[HVBWRBUXOHV  LQGH[ RI *
V WUDQVGXFWLRQ UXOHV E\ WKHLU �EL�DIIL[HV
OKVBWRBUXOHV  LQGH[ RI *
V WUDQVGXFWLRQ UXOHV E\ WKHLU /+6 QRQWHUPV
DJHQGD  >@ �� 3ULRULW\ TXHXH RI DFWLRQV E\ WKHLU '/ LPSDFW RQ *
IRU HDFK DIIL[ RU ELDIIL[ [ LQ * �

GHOWD  HYDOBVHJBSRVW�[� ELDIIL[HVBWRBUXOHV>[@� *�
LI �GHOWD � ��

DJHQGD�DGG�6(*0(17� [� GHOWD�
ZKLOH DJHQGD�SRS�DFW� [� � � �

LI �DFW   6(*0(17�
UHDOBGHOWD  HYDOBVHJBSRVW�[� ELDIIL[HVBWRBUXOHV>[@� *�
LI �UHDOBGHOWD � ��
*� PRGLILHGBUXOHV  VHJPHQWBUXOHV�[� ELDIIL[HVBWRBUXOHV>[@� *�
IRU HDFK SDLU \ RI QRQWHUPV VHUYLQJ DV /+6 RI PRGLILHGBUXOHV
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1RWH WKDW ERWK DIIL[HV DQG ELDIIL[HV DUH KDQGOHG LQ ELDI�
IL[HVBWRBUXOHV �VLQFH DQ DIIL[ FDQ EH UHJDUGHG DV D VSH�
FLDO FDVH RI D ELDIIL[ ZKHUH RQH RI WKH WZR DIIL[HV LV WKH
HPSW\ VWULQJ ϵ�� :H KDYH ZULWWHQ HYDOBVHJBSRVW DQG VHJ�
PHQWBUXOHV DV VKRUWKDQG IRU WKH DERYH�GLVFXVVHG HYDOXD�
WLRQ RI WKH LPSDFW RI D UXOH VHJPHQWDWLRQ DFWLRQ XSRQ WKH

MTG 
DL prior* 

Dirichlet prior 

VWUXFWXUH JLYHQ WKH PRGHO IRUPDOLVP� DQG P (θΦ | ΦS ,ΦG)
LV D SULRU RYHU WKH PRGHO SDUDPHWHUV JLYHQ WKH IRUPDOLVP
DQG WKH VWUXFWXUH� :H DSSUR[LPDWH WKH SULRU RYHU WKH PRGHO
VWUXFWXUH XVLQJ WKH GHVFULSWLRQ OHQJWK RI WKH PRGHO�

−ORJ2 (P (ΦS | ΦG)) ∝ '/ (ΦS)

7KH GHVFULSWLRQ OHQJWK RI DPRGHO LV FDOFXODWHG E\ VXPPLQJ
WKH OHQJWK RI DOO WKH UXOHV� ZKHUH HDFK XQLTXH �PRQROLQ�
JXDO� WHUPLQDO VHJPHQW LV HIILFLHQWO\ JLYHQ D XQLTXH +XII�
PDQ HQFRGLQJ� 7KLV DYRLGV UHGXQGDQW GRXEOH�FRXQWLQJ RI
WHUPLQDO VHJPHQWV WKDW DSSHDU LQ PRUH WKDQ RQH UXOH� 7KH
OHQJWK RI D V\PERO LV SURSRUWLRQDO WR −ORJ2

(
1
M

)
ZKHUH

M = 2 + N + Σ + ∆ LV WKH WRWDO QXPEHU RI V\PEROV
�N LV WKH QXPEHU RI QRQWHUPLQDOV� Σ LV WKH VL]H RI WKH L0

YRFDEXODU\ DQG ∆ LV WKH VL]H RI WKH L1 YRFDEXODU\�� 7KXV�
IRU H[DPSOH� UHGXFLQJ WKH QXPEHU RI GLVWLQFW QRQWHUPLQDOV
LQ D JUDPPDU UHGXFHV LWV GHVFULSWLRQ OHQJWK�

:H VHW WKH SULRU RYHU WKH PRGHO SDUDPHWHUV WR EH D XQL�
IRUP 'LULFKOHW GLVWULEXWLRQ RYHU ULJKW�KDQG VLGHV JLYHQ OHIW�
KDQG VLGHV�

P (θΦ | ΦS ,ΦG) =
N−1∏

i=0

1

B(α0,α1, ...,αRni−1)

Rni−1∏

j=0

θni
Φ (j)

ZKHUH N LV WKH QXPEHU RI QRQWHUPLQDOV� Rni LV WKH VHW RI
UXOHV ZKHUH ni LV WKH OHIW�KDQG VLGH� DQG θni

Φ LV D IXQFWLRQ
WKDW JLYHV WKH UXOH SUREDELOLWLHV IRU UXOH ZKHUH WKH OHIW�KDQG
VLGH LV ni� )OHVKLQJ RXW WKH VHDUFK SUREOHP� ZH KDYH�

DUJPD[
ΦG,ΦS ,θΦ

P (ΦG)P (ΦS | ΦG)P (θΦ | ΦS ,ΦG)P (D | ΦG,ΦS , θΦ)

5HFDOO WKDW DUH UHVWULFWLQJ ΦG WR PRQRWRQLF WUDQVGXFWLRQ
JUDPPDUV� :H IXUWKHU GLYLGH WKH VHDUFK LQWR WZR SKDVHV�
D WRS�GRZQ UXOH VHJPHQWDWLRQ SKDVH� ZKLFK IRFXVHV RQ WKH
VWUXFWXUDO LQGXFWLRQ WR RSWLPL]H P (ΦS | ΦG) DQG P (D |
ΦG,ΦS , θΦ)� DQG D SDUDPHWHU WXQLQJ SKDVH� ZKLFK IRFXVHV
RQ P (θΦ | ΦS ,ΦG) DQG P (D | ΦG,ΦS , θΦ)�

,QLWLDOL]LQJPRGHO VWUXFWXUH7KH LQGXFWLRQ SURFHGXUH VWDUWV
ZLWK D WUDQVGXFWLRQ JUDPPDU WKDW PHPRUL]HV WKH WUDLQLQJ
GDWD DV ZHOO DV SRVVLEOH� DQG JHQHUDOL]HV IURP WKHUH� 7KH
WUDQVGXFWLRQ JUDPPDU WKDW EHVW ILWV WKH WUDLQLQJ GDWD LV WKH
RQH ZKHUH WKH VWDUW V\PERO UHZULWHV WR WKH IXOO VHQWHQFH
SDLUV WKDW LW KDV WR JHQHUDWH� ,W LV DOVR SRVVLEOH WR DGG DQ\
QXPEHU RI QRQWHUPLQDO V\PEROV LQ WKH OD\HU EHWZHHQ WKH
VWDUW V\PERO DQG WKH ELVHQWHQFHV ZLWKRXW DOWHULQJ WKH SURE�
DELOLW\ RI WKH WUDLQLQJ GDWD� :H WDNH LQLWLDO DGYDQWDJH RI WKLV
E\ DOORZLQJ IRU RQH LQWHUPHGLDWH V\PERO VR WKDW WKH VWDUW
V\PERO FRQIRUPV WR WKH QRUPDO IRUP DQG DOZD\V UHZULWHV
WR SUHFLVHO\ RQH QRQWHUPLQDO V\PERO�

2XU LQLWLDO PRGHO WKXV FRQVLVWV RI WKH UXOH S → A SOXV
QXPHURXV UXOHV RI WKH IRUP A → e0..T /f0..V ZKHUH S LV
WKH VWDUW V\PERO�A LV WKH QRQWHUPLQDO� T LV WKH OHQJWK RI WKH
RXWSXW VHQWHQFH� DQG V LV WKH OHQJWK RI WKH LQSXW VHQWHQFH�

*HQHUDOL]LQJ PRGHO VWUXFWXUH ,Q RUGHU WR JHQHUDOL]H WKH
LQLWLDO PRQRWRQLF WUDQVGXFWLRQ JUDPPDUZH QHHG WR LGHQWLI\

SDUWV RI WKH H[LVWLQJ ELWHUPLQDOV WKDW FRXOG EH YDOLGO\ XVHG
LQ LVRODWLRQ� DQG DOORZ WKHP WR FRPELQH ZLWK RWKHU VHJ�
PHQWV� 7KLV LV WKH YHU\ IHDWXUH WKDW DOORZV D ILQLWH WUDQVGXF�
WLRQ JUDPPDU WR JHQHUDWH DQ LQILQLWH VHW RI VHQWHQFH SDLUV�
ZKHQ ZH GR WKLV� ZH PRYH VRPH RI WKH SUREDELOLW\ PDVV
ZKLFKZDV FRQFHQWUDWHG LQ WKH WUDLQLQJ GDWD RXW WR RWKHU GDWD
WKDW DUH VWLOO XQVHHQ²L�H� ZH JHQHUDOL]H IURP WKH WUDLQLQJ
GDWD� 7KH JHQHUDO VWUDWHJ\ LV WR SURSRVH D QXPEHU RI VHWV RI
ELWHUPLQDO UXOHV DQG D SODFH WR VHJPHQW WKHP� HVWLPDWH WKH
SRVWHULRU JLYHQ WKH VHWV DQG FRPPLW WR WKH EHVW VHW� 7KDW
LV� ZH GR D JUHHG\ VHDUFK RYHU WKH SRZHU VHW RI SRVVLEOH
VHJPHQWDWLRQV RI WKH UXOH VHW� 7KLV LQWUDFWDEOH SUREOHP FDQ
EH UHDVRQDEO\ HIILFLHQWO\ DSSUR[LPDWHG�

7KH NH\ FRPSRQHQW LQ WKH DSSURDFK LV WKH DELOLW\ WR HYDO�
XDWH WKH FKDQJH LQ D SRVWHULRUL SUREDELOLW\ LI D VSHFLILF VHJ�
PHQWDWLRQ ZDV PDGH LQ WKH JUDPPDU� 7KLV FDQ WKHQ EH
H[WHQGHG WR D VHW RI VHJPHQWDWLRQV� ZKLFK RQO\ OHDYHV WKH
SUREOHP RI JHQHUDWLQJ VXLWDEOH VHWV RI VHJPHQWDWLRQV� $Q\
VHJPHQW WKDW FDQ EH UHXVHG PD[LPL]HV WKH PRGHO SULRU� 7KH
PRUH UXOHVZH FDQ ILQGZLWK VKDUHG ELDIIL[HV� WKHPRUH OLNHO\
ZH DUH WR ILQG D JRRG VHW RI VHJPHQWDWLRQV�

2XU DOJRULWKP WDNHV DGYDQWDJH RI WKH DERYH REVHUYDWLRQ
E\ IRFXVLQJ RQ ERWK WKH PRQROLQJXDO DQG ELOLQJXDO DIIL[HV
�L�H�� SUHIL[HV RU VXIIL[HV� IRXQG LQ WKH WUDLQLQJ GDWD� (DFK
DIIL[ RU ELDIIL[ GHILQHV D VHW RI OH[LFDO UXOHV SDLUHG XS ZLWK
D SRVVLEOH VHJPHQWDWLRQ� :H HYDOXDWH WKH �EL�DIIL[HV E\ HV�
WLPDWLQJ WKH FKDQJH LQ SRVWHULRU SUREDELOLW\ DVVRFLDWHG ZLWK
FRPPLWWLQJ WR DOO WKH VHJPHQWDWLRQV GHILQHG E\ D �EL�DIIL[�
7KLV DOORZV XV WR ILQG WKH EHVW VHW RI VHJPHQWDWLRQV� DQG
FRPPLW WR DV PDQ\ RI WKHP DV SRVVLEOH� 0RUHRYHU� DV ZH
JHQHUDWH QHZ QRQWHUPLQDO FDWHJRULHV GXULQJ WKLV SURFHVV�
ZH DOVR XVH DIIL[HV DQG ELDIIL[HV WR VXJJHVW SRVVLEOH PHUJHV
RI WKH QRQWHUPLQDO FDWHJRULHV� 7KLV PLQLPL]HV WKH SDUVLQJ
HIIRUWV� ZKLFK DUH PRUH H[SHQVLYH� $ SULRULW\ TXHXH EDVHG
DJHQGD NHHSV WUDFN RI SRVVLEOH FDQGLGDWHV IRU UXOH VHJPHQ�
WDWLRQ DQG QRQWHUPLQDO FDWHJRU\ DFWLRQV� DQG DOZD\V JUHHG�
LO\ FRPPLWV DW HDFK VWHS WR WKH DFWLRQ WKDW EHVW LPSURYHV
RYHUDOO SRVWHULRU SUREDELOLW\�
*  WKH WUDQVGXFWLRQ JUDPPDU
ELDIIL[HVBWRBUXOHV  LQGH[ RI *
V WUDQVGXFWLRQ UXOHV E\ WKHLU �EL�DIIL[HV
OKVBWRBUXOHV  LQGH[ RI *
V WUDQVGXFWLRQ UXOHV E\ WKHLU /+6 QRQWHUPV
DJHQGD  >@ �� 3ULRULW\ TXHXH RI DFWLRQV E\ WKHLU '/ LPSDFW RQ *
IRU HDFK DIIL[ RU ELDIIL[ [ LQ * �
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1RWH WKDW ERWK DIIL[HV DQG ELDIIL[HV DUH KDQGOHG LQ ELDI�
IL[HVBWRBUXOHV �VLQFH DQ DIIL[ FDQ EH UHJDUGHG DV D VSH�
FLDO FDVH RI D ELDIIL[ ZKHUH RQH RI WKH WZR DIIL[HV LV WKH
HPSW\ VWULQJ ϵ�� :H KDYH ZULWWHQ HYDOBVHJBSRVW DQG VHJ�
PHQWBUXOHV DV VKRUWKDQG IRU WKH DERYH�GLVFXVVHG HYDOXD�
WLRQ RI WKH LPSDFW RI D UXOH VHJPHQWDWLRQ DFWLRQ XSRQ WKH

challenges with symbolic ITGs 
!  unsupervised ITG induction remains hard 

!  extremely large model space! 

!  nonterminals don’t capture context efficiently 
!  intractable – each context has explicit nonterminal 
!  solution: replace nonterminals with feature vectors 

!  new idea: apply TRAAM, a distributed representation for ITGs 
we began developing for statistical MT (Addanki & Wu 2014) 
!  bilingual recursive neural network model  
!  uses both input & output language contexts 

modeling recursive structures 
!  TRAAM goes beyond neural network approaches that model 

monolingual recursive structures 

!  neural language models and SRNs  (Bengio et al. 2003) 
!  contextual history modeled by a RNN 

!  convolutional networks  (Collobert & Weston 2008) 
!  learn vector representations of words 
!  used in NLP tasks such as POS tagging, chunking and SRL 

!  RAAM and recursive autoencoders (RAE)  (Pollack 1990, Socher et al. 2011) 
!  can be more flexible than convolutional networks 
!  RAEs have been successfully applied to sentiment prediction 

bilingual vector space models 
!  dearth of vector space models for compositional learning of bilingual 

relations 
  
!  predominantly augment “shake-n-bake” SMT modeling assumptions 

using feature vectors  

!  n-gram translation models (Son et al., 2012) 
!  bilingual generalization of class based n-grams using distributed 

representations 
!  fails to model compositionality and cross-lingual reordering 

!  bilingual word embeddings (Zou et al., 2013) 
!  recurrent NNLM model with SMT word alignments 
!  only learns non-compositional features 

bilingual vector space models 

!  NNLMs + input language context  (Devlin et al. 2014) 
!  does not model input and output language features simultaneously 

!  recurrent probabilistic models  (Kalchbrenner & Blunsom 2013) 
!  generates an input sentence representation that generates an output 

sentence 
!  lacks structural constraints and relies on a LM to reorder output 

!  reordering prediction using RAEs  (Li et al. 2013) 
!  monolingual RAEs to predict reordering in a maxent ITG model 
!  uses only input language context 

TRAAM 
model definition 

!  bilingual recursive neural network 
!  fully bilingual generalization of monolingual RAAM model 
!  vectors represent bilingual constituents 

 
!  uniform feature vector dimension 

!  task-dependent representation learning 
!  similar biconstituents have similar vectors 
!  feature vector clusters represent soft bilingual categories 

!  generates feature vectors recursively from smaller 
biconstituents 
!  language bias via dimensionality reduction 

BITG � TRAAM 
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TRAAM 
model training 

!  TRAAM network contains a compressor and a reconstructor 
network 
!  generalizes RAAM to represent bilingual sequences 
!  for bracketing ITGs, reordering can be represented by a single bit 

(straight vs. inverted) 

!  biparses from a BITG are used to learn the network weights 
!  compressor network generates feature vectors recursively 
!  objective – to ensure the context of children is captured efficiently 
!  reconstructor network provides the loss function 

!  backpropagation with structure is used to compute gradients 
!  L-BFGS can be used to optimize network weights (Goller & Kulcher 

1996) 

TRAAM forward propagation 
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= compressor 
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Permutation order straight 

= Compressor 

Permutation order inverted 

TRAAM backpropagation 

 
 
 

 
 
 
 

 
 
 
 

= Reconstructor 

Compute error δ 

TRAAM 
improvisation using transduction engine 

!  reconstruction error used as a feature for transduction (decoding) 
!  provides the context that symbolic ITGs lack 
!  used in a log-linear combination with grammar and LM score 

!  transduction heuristics similar to Wu et al. (2013) also applied 
!  rules mapping a surface form to itself were penalized 
!  singleton rules were penalized 

!  our ITG transducer (decoder) is capable of handling features 
!  cube pruning (Chiang 2008) used to generate k-best hypotheses  
!  feature weights were determined via manual inspection on a small 

development set 

challenges in flamenco 

!  no clear boundary between music and dance 
!  “constrained improvisation” 
!  regular and irregular hypermetrical structures 
!  rapid switching between 3/4 and 6/8 meters 
!  heavy syncopation 
!  sudden, misleading off-beat accents and patterns 
!  frequent eliding of downbeat accents (which humans and automatic 

meter-finding algorithms typically rely on) 
 

!  expert musicians rely on  
!  complex hypermetrical knowledge  
!  syncopated meter patterns  
!  irregular real-time clues 

     to dynamically recognize when to switch meters/patterns 
 

learning flamenco hypermetrical structure 

!  simultaneous learning of 
!  metrical structure 
!  hypermetrical structure 
!  multipart structural relations 

!  learn the relationship between parallel frames of 
reference 

 

(Wu, ISMIR 2013, SMPC 2015) 



learning flamenco hypermetrical structure 

initial transduction grammar is just the parallel training corpus 
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initial transduction grammar is just the parallel training corpus 
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initial transduction grammar is just the parallel training corpus 
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