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Machine Translation

• A data-driven approach to MT

• We learn parameters from data assuming a “model”

data

learner

model

decoder

The United Inspection Department 
of Heishantou Port has shortened 
the procedures for leaving and 
entering the territory from originally 
2 - 3 days to 1 day.

黑山头口岸联检部門将原来要二至
三天办完的出入境手续改为一天办
完。



Bilingual Data

(part of LDC2007T02, English translation of Chinese treebank)

1.上海浦东开发与法制建设同步
2.新华社上海二月十日电（记者谢金虎、张持坚）
3.上海浦东近年来颁布实行了涉及经济、贸易、建设、
规划、科技、文教等领域的七十一件法规性文件，确保
了浦东开发的有序进行。
4.浦东开发开放是一项振兴上海，建设现代化经济、贸
易、金融中心的跨世纪工程，因此大量出现的是以前不
曾遇到过的新情况、新问题。
5.对此，浦东不是简单的采取“干一段时间，等积累了经
验以后再制定法规条例”的做法，而是借鉴发达国家和深
圳等特区的经验教训，聘请国内外有关专家学者，积
极、及时地制定和推出法规性文件，使这些经济活动一
出现就被纳入法制轨道。
6.去年初浦东新区诞生的中国第一家医疗机构药品采购
服务中心，正因为一开始就比较规范，运转至今，成交
药品一亿多元，没有发现一例回扣。

1.The development of Shanghai's Pudong is in step with the 
establishment of its legal system
2.Xinhua News Agency, Shanghai, February 10, by wire 
(reporters Jinhu Xie and Chijian Zhang)
3.In recent years Shanghai's Pudong has promulgated and 
implemented 71 regulatory documents relating to areas 
such as economics, trade, construction, planning, science and 
technology, culture and education, etc., ensuring the orderly 
advancement of Pudong's development.
4.Pudong's development and opening up is a century-
spanning undertaking for vigorously promoting Shanghai and 
constructing a modern economic, trade, and financial center. 
Because of this, new situations and new questions that have 
not been encountered before are emerging in great 
numbers. 
5.In response to this, Pudong is not simply adopting an 
approach of "work for a short time and then draw up laws 
and regulations only after waiting until experience has been 
accumulated." Instead, Pudong is taking advantage of the 
lessons from experience of developed countries and special 
regions such as Shenzhen by hiring appropriate domestic 
and foreign specialists and scholars, by actively and promptly 
formulating and issuing regulatory documents, and by 
ensuring that these economic activities are incorporated 
into the sphere of influence of the legal system as soon as 
they appear.
6.Precisely because as soon as it opened it was relatively 
standardized, China's first drug purchase service center for 
medical treatment institutions, which came into being at the 
beginning of last year in the Pudong new region, in operating 
up to now, has concluded transactions for drugs of over 100 
million yuan and hasn't had one case of kickback.



X

Channel Model

process Y

4



Channel Model

• Employed in: ASR, OCR, MT...

+ noise

channelY Xencoder decoder

5

ŷ = argmax
y

Pr(y|x)

= argmax
y

Pr(x|y)Pr(y)

Pr(x)

= argmax
y

Pr(x|y)Pr(y)
f = source
e = target ê = argmax

e
Pr(f |e)Pr(e)



Translation Model

• Translation Model: adequacy of translation

• Language Model: grammatical correctness, consistent 
style, fluency

Language ModelTranslation Model

ˆ = Pr( | ) Pr( )

(Brown et al., 1990)
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Language Model

• Likelihood of a string of English words

• Usually modeled by ngrams

Pr(I do not know) = ?

Pr(I not do know) = ?

W = w1, w2, w3, · · ·wN

p(W ) = p(w1, w2, w3, · · · , wN )

= p(w1)p(w2|w1)p(w3|w1, w2) · · ·
p(wN |w1, w2, w3, · · · , wN�1)
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ngram Language Model

• Markov assumption: only n-word history is 
memorized

• Bigram:

• Training: Maximum likelihood estimate + 
smoothing (Good-Turing, Witten-Bell, 
Kneser-Ney etc.)

p(I do not know) = p(I)p(do|I)p(not|do)p(know|not)



Larger Data, Better LM

(Brants et al., 2007)

 50

 100

 150

 200

 250

 300

 350

 10  100  1000  10000  100000  1e+06
 0

 0.1

 0.2

 0.3

 0.4

 0.5

 0.6
Pe

rp
le

xi
ty

Fr
ac

tio
n 

of
 c

ov
er

ed
 5

-g
ra

m
s

LM training data size in million tokens

+.022/x2

+.035/x2

+.038/x2

+.026/x2

target KN PP
ldcnews KN PP

webnews KN PP
target C5

+ldcnews C5
+webnews C5

+web C5

Figure 4: Perplexities with Kneser-Ney Smoothing
(KN PP) and fraction of covered 5-grams (C5).

7.3 Perplexity and n-Gram Coverage
A standard measure for language model quality is
perplexity. It is measured on test data T = w|T |

1 :

PP (T ) = e
� 1

|T |

|T |

i=1
log p(wi|wi�1

i�n+1) (7)

This is the inverse of the average conditional prob-
ability of a next word; lower perplexities are bet-
ter. Figure 4 shows perplexities for models with
Kneser-Ney smoothing. Values range from 280.96
for 13 million to 222.98 for 237 million tokens tar-
get data and drop nearly linearly with data size (r2 =
0.998). Perplexities for ldcnews range from 351.97
to 210.93 and are also close to linear (r2 = 0.987),
while those for webnews data range from 221.85 to
164.15 and flatten out near the end. Perplexities are
generally high and may be explained by the mix-
ture of genres in the test data (newswire, broadcast
news, newsgroups) while our training data is pre-
dominantly written news articles. Other held-out
sets consisting predominantly of newswire texts re-
ceive lower perplexities by the same language mod-
els, e.g., using the full ldcnews model we find per-
plexities of 143.91 for the NISTMT 2005 evaluation
set, and 149.95 for the NIST MT 2004 set.
Note that the perplexities of the different language

models are not directly comparable because they use
different vocabularies. We used a fixed frequency
cutoff, which leads to larger vocabularies as the
training data grows. Perplexities tend to be higher
with larger vocabularies.
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Perplexities cannot be calculated for language
models with Stupid Backoff because their scores are
not normalized probabilities. In order to neverthe-
less get an indication of potential quality improve-
ments with increased training sizes we looked at the
5-gram coverage instead. This is the fraction of 5-
grams in the test data set that can be found in the
language model training data. A higher coverage
will result in a better language model if (as we hy-
pothesize) estimates for seen events tend to be bet-
ter than estimates for unseen events. This fraction
grows from 0.06 for 13 million tokens to 0.56 for 2
trillion tokens, meaning 56% of all 5-grams in the
test data are known to the language model.
Increase in coverage depends on the training data

set. Within each set, we observe an almost constant
growth (correlation r2 ≥ 0.989 for all sets) with
each doubling of the training data as indicated by
numbers next to the lines. The fastest growth oc-
curs for webnews data (+0.038 for each doubling),
the slowest growth for target data (+0.022/x2).

7.4 Machine Translation Results
We use a state-of-the-art machine translation system
for translating from Arabic to English that achieved
a competitive BLEU score of 0.4535 on the Arabic-
English NIST subset in the 2006 NIST machine
translation evaluation8 . Beam size and re-ordering
window were reduced in order to facilitate a large

8See http://www.nist.gov/speech/tests/mt/
mt06eval official results.html for more results.
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Better LM, Better MT
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Word-based MT

(Brown et al., 1993)



Phrase-based MT

(Koehn et al., 2003)



Hierarchical PBMT

(Chiang, 2007)



Syntax-based MT

(Galley et al., 2004)



SMT2012

• Tutorial

• Phrase-based MT 

• Tree-based MT

• Recent Topics

• Phrase/rule induction

• Tuning



Why Phrases?
• Grammar-less approach to MT

• Use phrases as a unit of translations

• Directly handle many-to-many word 
correspondence + local reordering

• Allow local context + non-compositional phrases

• Employed in many systems, including Google, 
NICT(VoiceTra, TexTra) and open-source, Moses 
(http://www.statmt.org/moses/)

16

http://www.statmt.org/moses/
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Phrase-based Model

• Generative story:

• f is segmented into phrases

• Each phrase is translated

• Translated phrases are reordered
17

ウィンドー の 品物 を 見せ て下さい



Phrase-based Model

• Maximization of a log-linear combination of 
multiple feature functions h(e, Φ, f)

• Φ: phrasal partition of f and e

• w: weight of feature functions

ê = argmax
e

exp
�
w� · h(e, �, f)

�
�

e�,�� exp (w� · h(e�, ��, f))

= argmax
e

w� · h(e, �, f)

18



Questions

• Training: How to learn phrases and 
parameters (Φ and h)? 

• Decoding (or search): How to find the best 
translation (argmax)? 

• Tuning (or optimization): How to learn the 
scaling of features (w)?

19

ê = argmax
e

w� · h(e, �, f)



Training

• Learn phrase pairs from 

• A standard heuristic approach

• Compute word alignment

• Extract phrase pairs

• Score phrases

D = 〈F , E〉

20

(Koehn et al., 2003)



Word alignment

(Example from Huang and Chiang, 2007)

21



Extract Phrase Pairs

• From word alignment, extract a phrase pair 
consistent with word alignment

22



Exhaustive Extraction

• Exhaustively extract phrases from f, e
23



Features from Phrases

• Collect all the phrase pairs from the data

• Maximum likelihood estimates by relative 
frequencies

• Employ scores in two directions

log p�(f̄ |ē) = log
count(ē, f̄)�
f̄ � count(ē, f̄ �)

log p�(ē|f̄) = log
count(ē, f̄)�
ē� count(ē�, f̄)

24



Features from Alignment

• Lexical weighing which scores by word translation 
probabilities

• Idea: counts for rare phrase pairs are unreliable

• Smoothing effect by decomposing into word pairs

log plex(f̄ |ē, ā) = log

|ē|�

i

1

| {j|(i, j) � ā} |
�

�(i,j)�ā

t(ei|fj)

log plex(ē|f̄ , ā) = log

|f̄ |�

j

1

| {i|(j, i) � ā} |
�

�(j,i)�ā

t(fj |ei)
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Example: Phrase Table
一直 往 里 走 ||| go along the inside to ||| -1.2729656758 -14.9932759574 0.0 -15.5778679932

一直 往 里 走 ||| go along the inside to the ||| -1.9195928407 -18.045853471 0.0 -15.6358281685

一直 往 里 走 ||| go inside and find it in the ||| -1.9195928407 -21.0681860363 0.0 -16.7303209435

一直 往 里 走 ||| go straight inside to ||| -1.2729656758 -9.7770695282 0.0 -12.525701484

一直 往 里 走 ||| go straight inside to the ||| -1.9195928407 -12.8296470418 0.0 -12.5836616593

不 熟悉 ||| 'm not familiar ||| -1.4859937213 -7.2301988107 -0.3036824138 -3.0311892056

不 熟悉 ||| do n't know ||| -1.2064088591 -5.3571402084 -3.4402617349 -6.8870595804

不 熟悉 ||| i 'm not familiar ||| -2.522085653 -9.1804032749 -1.06784063 -3.0311892056

不 熟悉 ||| it will be great ||| -2.522085653 -20.871716142 0.0 -11.4593095552

不 熟悉 ||| not accustomed ||| -2.522085653 -5.5628513514 -0.6931471806 -2.2177906617

不 熟悉 ||| not accustomed to ||| -2.522085653 -8.5631752395 0.0 -2.2177906617

不 熟悉 ||| not familiar ||| -1.8754584881 -3.4150084505 -0.4212134651 -2.4210642434



Features for Distortion

• Distance-based distortion modeling

+2

±0

-5

d(f , �, e) = | + 2| + |0| + | � 5| = 7
27



Features for Reordering

• Fine grained reordering features:

• Either monotone, swap, discontinuous

log po(o � {m, s, d} |f̄ , ē)

d

m

d

28



Other Features

• log of ngram language model(s)

• word count: bias for ngram language model(s)

• phrase count: shorter or longer phrases

29



Direct Training

• Instead of word alignment + extraction pipeline, 
directly learn phrase-pairs (Marcu and Wong, 2002)

• Bayesian approach + blocked Gibbs sampling to learn 
parameters (Blunsom et al., 2009)

• Exhaustively memorize longer phrases (Neubig et 
al., 2011)

30



Questions

• Training: How to learn phrases and 
parameters (Φ and h)? 

• Decoding (or search): How to find the best 
translation (argmax)? 

• Tuning (or optimization): How to learn the 
scaling of features (w)?

31

ê = argmax
e

w� · h(e, �, f)



Decoding

• Given an input sentence f and phrasal model h and w, 
find e with the highest score

• Potential errors:

•  Search error: we cannot find the best scored 
hypothesis

• Translation error: highest scored hypothesis is bad

ê = argmax
e

exp
�
w� · h(e, �, f)

�
�

e�,�� exp (w� · h(e�, ��, f))

= argmax
e

w� · h(e, �, f)

32



Enumerate Phrase Pairs

• Given a input sentence f, we can enumerate all 
possible phrases that match with the source side

• Choose the best phrase pair + ordering

bushi yu shalong juxing le huitan

Bush and

with

Sharon

held

held a talk

talkshold

with Sharon

Bush and

talked

meeting

33



Phrase-based Search Space

• Node: bit-vector representing covered source words

• Edge: phrasal translations, strictly left-to-right + score

• Search space: O(2n),Time: O(2nn2) (Why?)

bushi yu shalong juxing le huitan

------

Bush held a talk

Sharon

●----- ●--●●●

●-●●●●

with
●●-●●●

Sharon
--●---

held
--●●●-

and

talks
--●●●● Bush

34
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h(&YWL, FYWLM)
+h(LIPH�E�XEPO, NY\MRK�PI�LYMXER)
+h([MXL, ]Y)
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Traveling Salesman Problem
• NP-hard problem: visit each city only once

• MT as a Traveling Salesman Problem (Knight, 1999)

• Each source word corresponds to a city

• A Dynamic Programming solution:

• State: visited cities (bit-vector)

• Search space: O(2n)

• Distortion limit to reduce search space

●----- ●----●i.e. long distortion:
35



Non-local features

• Features that requires scoring out of phrases: bigram 
language model

• Additional state representation required for “future 
scoring”: 1-word for bigram LM

• Space: O(2n Vm-1), Time: O(2nVm-1n2) for m-gram LM

------:<s>

Bush
held a talk

●-----:Bush ●--●●●:talk

Sharon
--●---:Sharon held --●●●-:held

●--●●-:held
held

p(&YWL|�W�)

p(LIPH|&YWL)

p(7LEVSR|�W�)
p(LIPH|7LEVSR)

p(LIPH|&YWL)p(E|LIPH)p(XEPO|E)

36



Phrase-based Decoding

• Re-organize the search space by the cardinality (= # 
of covered source words)

• Expand hypotheses from the smallest cardinality first

------

●-----

●--●●●--●---

--●●●-

●--●●-

-----●
-----●

---●-- --●--●

●----●
●--●--

--●--●
●----●

--●●●-

--●●-●

●--●-● ●--●●●
●-●-●●
●-●●●-
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Pruning

• Prune low scored hypotheses in a bin sharing the 
same cardinality

• Expand survived hypotheses only (Koehn et al., 
2003; Och and Ney, 2004)

------

●-----

●--●●●--●---

--●●●-

●--●●-

-----●
-----●

---●-- --●--●

●----●
●--●--

--●--●
●----●

--●●●-

--●●-●

●--●-● ●--●●●
●-●-●●
●-●●●-
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Questions

• Training: How to learn phrases and 
parameters (Φ and h)? 

• Decoding (or search): How to find the best 
translation (argmax)? 

• Tuning (or optimization): How to learn the 
scaling of features (w)?

39

ê = argmax
e

w� · h(e, �, f)



Tuning

• Three popular objectives (in SMT) for tuning w

• (Direct) Error Minimization (Och, 2003)

• Maximum Entropy (Och and Ney, 2002)

• Large Margin (Watanabe et al., 2007; Chiang 
et al., 2008; Hopkins and May, 2011)

ê = argmax
e

exp
�
w� · h(e, �, f)

�
�

e�,�� exp (w� · h(e�, ��, f))

= argmax
e

w� · h(e, �, f)
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(Direct) Minimum Error

• MERT (Minimum ERror Training)

• Standard in SMT (but not in other NLP areas, such 
as tagging etc.)

• We can incorporate arbitrary error functions, l

• “Summation” can be replaced by document-wise 
BLEU specific summation

• 10+ real valued features

ŵ = argmin
w

S∑

s=1

l(argmax
e

w! · h(e, fs), es)

41



n-best Approximation

• N iterations, with each iteration, n-bests are 
generated and merged

• K iterations, with each iteration, M dimensions are 
tried (M = # of features), and w is updated

1: procedure MERT({(es, fs)}S
s=1)

2: for n = 1...N do
3: Decode and generate nbest list using w
4: Merge nbest list
5: for k = 1...K do
6: for each parameter m = 1...M do
7: Solve one dimensional optimization
8: end for
9: update w

10: end for
11: end for
12: end procedure

42



Efficient Line Search

• If we choose one dimension m, and others fixed, 
we can treat each hypothesis e as a “line”

• Compute convex hull of a set of “lines”

wm

sc
or

e

wm

er
ro

r
ê = argmax

e
w!

m · hm(e, fs)︸ ︷︷ ︸
slope

+w!
m · hm (e, fs)︸ ︷︷ ︸

constant
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Error Surface

 9400

 9410

 9420

 9430

 9440

 9450

 9460

 9470

 9480

-4 -3 -2 -1  0  1  2  3  4

er
ro

r c
ou

nt

 

unsmoothed error count
smoothed error rate (alpha=3)

 9405

 9410

 9415

 9420

 9425

 9430

 9435

 9440

 9445

 9450

-4 -3 -2 -1  0  1  2  3  4

er
ro

r c
ou

nt

 

unsmoothed error count
smoothed error rate (alpha=3)

Figure 1: Shape of error count and smoothed error count for two different model parameters. These curves
have been computed on the development corpus (see Section 7, Table 1) using alternatives per source
sentence. The smoothed error count has been computed with a smoothing parameter .

and try to find a better scoring point in the param-
eter space by making a one-dimensional line min-
imization along the directions given by optimizing
one parameter while keeping all other parameters
fixed. To avoid finding a poor local optimum, we
start from different initial parameter values. A major
problem with the standard approach is the fact that
grid-based line optimization is hard to adjust such
that both good performance and efficient search are
guaranteed. If a fine-grained grid is used then the
algorithm is slow. If a large grid is used then the
optimal solution might be missed.

In the following, we describe a new algorithm for
efficient line optimization of the unsmoothed error
count (Eq. 5) using a log-linear model (Eq. 3) which
is guaranteed to find the optimal solution. The new
algorithm is much faster and more stable than the
grid-based line optimization method.

Computing the most probable sentence out of a
set of candidate translation (see
Eq. 6) along a line with parameter
results in an optimization problem of the following

functional form:

(8)

Here, and are constants with respect to .
Hence, every candidate translation in corresponds
to a line. The function

(9)

is piecewise linear (Papineni, 1999). This allows us
to compute an efficient exhaustive representation of
that function.
In the following, we sketch the new algorithm

to optimize Eq. 5: We compute the ordered se-
quence of linear intervals constituting for ev-
ery sentence together with the incremental change
in error count from the previous to the next inter-
val. Hence, we obtain for every sentence a se-
quence which denote the
interval boundaries and a corresponding sequence
for the change in error count involved at the corre-
sponding interval boundary .
Here, denotes the change in the error count at

(Och, 2003)



MERT in Practice
• Many random starting points (Macherey et al., 2008; 

Moore and Quirk, 2008)

• Many random directions (Macherey et al., 2008)

• Error count smoothing (Cer et al., 2008)

• Regularization (Hayashi et al., 2009)

• Multi-dimensional search by efficiently computing 
convex hull (Galley and Quirk, 2011)

• MERT at least 3 times, and report average BLEU 
(Clark et al., 2011)
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Answered?
• Grammar-less model (but very strong)

• Fast decoding

• Why MERT? (Good for non-binary, numerical 
features)

• Software: Moses: http://www.statmt.org/moses/

• Further readings:
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SMT2012

• Tutorial

• Phrase-based MT 

• Tree-based MT

• Recent Topics

• Phrase/rule induction

• Tuning



Tree-based MT

• Backgrounds

• CFG, parsing, hypergraph, deductive 
system semirings

• Tree-based SMT

• Synchronous-CFG

• String-to-Tree, Tree-to-String
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Backgrounds: CFG

• parsing = intersection of CFG with a string 
(regular grammar)

S � NP VP

NP � NNP

NP � NP PP

NP � DP NN

NP � DT NN

VP � VBD NP

NNP � Bush

VBD � held
...
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Parsing: CKY

• O(n3) : For each length n, for each position i, 
for each rule X → Y Z, for each split point k

• (Bottom-up) topological order

2,4 4,6

2,6

2,4 4,6

2,6

2,4 4,6

2,6

i,k k,j

i,j

i,k k,j

i,j

X � Y Z
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Hypergraph

• Generalization of graphs:

• h(e): head node of hyperedge e

• T(e): tail node(s) of hyperedge e, arity = |T(e)|

• hyperedge = instantiated rule

• Represented as and-or graphs

0,6

0,1

0,1

1,6

1,2 2,6

e = � 1,6� �� �
h(e)

, { 1,2, 2,6}� �� �
T (e)

�

1,6

�

1,2 2,6

(Klein and Manning, 2001)
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Deductive System

• Parsing algorithm as a deductive system

•  We start from initial items (axioms) until we 
reach a goal item

• If antecedents are proved, its consequent is proved

• deduction = hyperedge

.
.

..VP1,6

.
.

.
.

.
..VBD1,2 .

..NP2,6

antecedents︷ ︸︸ ︷
VBD1,2 NP2,6

VP1,6︸ ︷︷ ︸
consequent

VP[i,j] → VBZ[j,k] NP[i,k]

(Shieber et al., 1995)
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Packed Forest

• A polynomial space encoding of exponentially 
many parses by sharing common sub-derivations

• Single derivation = tree

(Klein and Manning, 2001; Huang and Chiang, 2005)

VBD1,2
NP2,4 PP4,6

NP2,6

VP1,6

VBD1,2 NP2,4 PP4,6

VP1,6

1,6

1,2 2,6

2,4 4,6

1,6

1,2 2,6

2,4 4,6
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Summary of Formalisms
hypergraph AND/OR 

graph
CFG deductive 

system
vertex OR-node symbol item

source-vertex leaf OR-node terminal axiom

target-vertex root OR-node start symbol goal item

hyperedge AND-node production instantiated 
deduction

〈v, {u1, u2}〉 v → u1 u2
u1 u2

v
v

�

u1 u2
54



Weights and Semirings

• Associate weights as in WFST

• ⊗ : extension (multiplicative), ⊕ : summary (additive)

55

VP
w1� VBD NP

NP
w2� NP PP

.

.

..NP2,6 : w2 � a � b

.
.

.
.

.
..NP2,4 : a

.
..PP4,6 : b

NP2,4 : a PP4,6 : b

NP2,6 : w2 ⊗ a⊗ b
: w2

.

.

..VP1,6 : w1 � c � d

.
.

.
.

.
..VBD1,2 : c

.
..NP2,6 : d

VBD1,2 : c NP2,6 : d

VP1,6 : w1 ⊗ c⊗ d
: w1



• The weight of a hyperedge is dependent on antecedents 
(non-monotonic)

• The weight of a derivation is the product of hyperedge 
weights

• The weight of a vertex is the summary of 
(sub-)derivation weights

v

u1 u2
u3 u4

e1 e2

d(v) = (w(e1, u1, u2)⇥ d(u1)⇥ d(u2))

� (w(e2, u3, u4)⇥ d(u3)⇥ d(u4))

Weights and Semirings
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Semirings

57

semiring K ⊕ ⊗ 0 1
Viterbi [0,1] max × 0 1

Real R + x 0 1

Log R logsumexp + +∞ 0

Tropical R min + +∞ 0

Expectation <P,R>
<p1⊕p2, 
r1⊕r2>

<p1⊗p2, 
p1⊗r2⊕p2⊗r1>

<0,0> <1,0>

K = �K, �, �,0,1�



Conclusion

• Review important concepts from “parsing”

• CFG, parsing, hypergraph, deductive 
system, weights, semirings
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Tree-based MT

• Backgrounds

• CFG, parsing, hypergraph, deductive 
system semirings

• Tree-based SMT

• Synchronous-CFG

• String-to-Tree, Tree-to-String
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Synchronous-CFG

• D: a single derivation constructed by intersecting 
SCFG with input string

ê = argmax
e

exp
�
w� · h(e, D, f)

�
�

e�,D� exp (w� · h(e�, D�, f))

= argmax
e

w� · h(e, D, f)

1

2

を⅏

3

4

₝㼨爨

⃍嫛 5

ℕ↩店

1

2 3

5 4

1

2

を⅏

3

4

₝㼨爨

⃍嫛 5

ℕ↩店

1

2 3

5 4

1

2

を⅏

3

4

₝㼨爨

⃍嫛 5

ℕ↩店

1

2 3

5 4

1

2

を⅏

3

4

₝㼨爨

⃍嫛 5

ℕ↩店

1

2 3

5 4

1

2

を⅏

3

4

₝㼨爨

⃍嫛 5

ℕ↩店

1

2 3

5 4

1

2

を⅏

3

4

₝㼨爨

⃍嫛 5

ℕ↩店

1

2 3

5 4
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Synchronous-CFG: Model

• We use two categories, S and X (Chiang, 2007)

• Or, borrow linguistic categories from syntactic parse 
(Zollman and Venugopal, 2006)

VP �
�
VBD 1 NP 2 , NP 2 VBD 1

�

NP �
�
NP 1 PP 2 , NP 1 PP 2

�

VP �
�
VBD 1 NP 2 PP 3 , NP 2 PP 3 VBD 1

�

�
�

1 2 , 1 2

�

�
�

1 , 1

�

�
�

1 ⃍嫛 2 , 2 1

�

�
�
₝㼨爨,

�
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Rule Extraction

• As in phrase-based models, extract phrases then, use 
sub-phrases as non-terminals, aka Hiero (Chiang, 2007)

を⅏ ₝ 㼨爨⃍嫛 ℕ ↩店

(Example from Huang and Chiang, 2007)

�
�

1 2 ℕ↩店, 2 1

�

〈
, ⃍嫛

〉

〈 ,
₝㼨爨⃍嫛ℕ↩店

〉

〈
,₝㼨爨

〉
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Syntactic Categories

• Borrow syntactic categories either from source/
target side, aka SAMT(Zollman and Venugopal, 2006)

を⅏ ₝ 㼨爨⃍嫛 ℕ ↩店

PP

VP
VBD

NP

〈 ,
₝㼨爨⃍嫛ℕ↩店

〉

〈
, ⃍嫛

〉

〈
,₝㼨爨

〉

VP →VBD a talk PP, PP VBD 了 会谈

VBD+NP
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Exhaustive Extraction

• Exhaustively extract rules as in phrase-based MT

• + glue rules

を⅏ ₝ 㼨爨⃍嫛 ℕ ↩店
1 2 ℕ↩店 2 1

1 2 ↩店 2 1

1 2 ↩店 2 1

1 ⃍嫛 2 2 1

1 ⃍嫛ℕ 2 2 1

₝㼨爨 1 1

₝ 1 2 2 1

�
�

1 2 , 1 2

�

�
�

1 , 1

�
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Features from Rules

• Collect all the rules (α, β) from the data:

• α = source side string, β = target side string

• Maximum likelihood estimates by relative frequencies

• Employ scores in two directions

log pr(�̄|�̄) = log
count(�̄, �̄)�
�̄� count(�̄, �̄�)

log pr(�̄|�̄) = log
count(�̄, �̄)�
�̄� count(�̄�, �̄)

65



Example: Grammar
[x] ||| [x,1] 给 我 [x,2] 。 ||| [x,1] 'd like some [x,2] . ||| -1.4853690183 -10.1479974813 0.0 -3.7423198799

[x] ||| [x,1] 给 我 [x,2] 。 ||| [x,1] 'll have [x,2] . ||| -1.6548831288 -7.0498958791 0.0 -4.2061890092

[x] ||| [x,1] 给 我 [x,2] 。 ||| [x,1] show me [x,2] . ||| -1.6145807498 -5.0981314097 0.0 -1.7266717936

[x] ||| [x,1] 给 我 [x,2] 。 ||| [x,2] , [x,1] . ||| -0.9584345257 -1.4907203037 -1.0686157177 -3.958028322

[x] ||| 我 不 [x,1] 说 过 [x,2] 了 ||| i said i [x,2] n't [x,1] ||| 0.0 -5.3472963389 0.0 -8.2260811313

[x] ||| 我 不 [x,1] 说 过 [x,2] 了 吗 ||| i said i [x,2] n't [x,1] it ||| 0.0 -8.7156056227 0.0 -11.0837696086

[x] ||| 我 不 [x,1] 说 过 不要 [x,2] 吗 ||| i said [x,2] do n't [x,1] it ||| 0.0 -5.7738835319 0.0 -9.4922428063

[x] ||| 我 不 [x,1] 说 过 不要 了 [x,2] ||| i said i do n't [x,1] [x,2] ||| 0.0 -5.3472963389 0.0 -10.4427474019

[x] ||| 我 不 [x,1] 说 过 不要 了 吗 ？ ||| i said i do n't [x,1] it . ||| 0.0 -11.9166721472 0.0 -17.1218716285

[x] ||| 我 不 是 [x,1] 不要 了 [x,2] ||| i [x,1] i do n't need [x,2] ||| 0.0 -8.3177521678 0.0 -9.4746990247

[x] ||| 我 不 是 [x,1] 不要 了 吗 ？ ||| i [x,1] i do n't need it . ||| 0.0 -14.8871279762 0.0 -16.1538232513

[x] ||| 我 不 是 [x,1] 吗 [x,2] ||| i [x,1] n't need it [x,2] ||| 0.0 -8.7443393608 0.0 -6.3075281585

[x] ||| 可以 ||| can ||| -1.1143606456 -0.5135029225 -0.716677678 -1.1056222421

[x] ||| 可以 ||| can i ||| -1.1143606456 -1.9504120512 -0.4212134651 -1.1056222421

[x] ||| 可以 ||| may ||| -1.7609878106 -1.4225938319 0.0 0.0

[x] ||| 可以 ||| may i ||| -1.7609878106 -2.8595029606 0.0 0.0



Remarks on Rules
• Too many rules extracted (Chiang, 2007):

• at most two non-terminal symbols

• at least one terminal between non-terminals in 
the source side

• Span at most 15 words for “holes”

• Fractional counts (Chiang, 2007):

• Each phrases counted in phrase-based MT

• Fractional counts for rules sharing the same 
source/target span
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Other Features

• Lexical weights as used in phrase-based MT

• ngram language model(s)

• word count: bias for ngram language model(s)

• rule count: shorter or longer phrases

• glue-rule counts: bias for monotonic glue rules
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Synchronous-CFG: Parsing

• Parse input sentence using the source side, and 
construct a translation forest by target side

bushi

yu shalong

juxing

le huitan

X4,6

X1,6

X0,6

X3,4

Bush
with Sharon

talks

X0,1 X1,3

� � 1 2 ,

2 1 �

X3,4 X1,3

hold

X4,6X0,1

X1,6

held
a talk

X0,6

� � 1 2 ,

2 1 �
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Synchronous-CFG: Parsing

• Translation by SCFG = monolingual parsing 
using the source side grammar

• Construct forest by the projected target 
side

• From forests, compute the best derivation 
(Huang and Chiang, 2005)

• Complexity: O(n3) as in monolingual CKY
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Non-Local Features

• non-local features which requires out-of-span 
context, i.e. bigram LM

X1,6

X1,3X3,4

with Sharon
and Sharon
Sharon with
Sharon and

a talk
talks
meeting
meetings

� � 1 2 ,

2 1 �

held a talk with Sharon
held talks with Sharon
held a talk and Sharon
held meeting Sharon with

p(talk | a) p(Sharon | with)
p(Sharon | and)
p(with | Sharon)
p(and | Sharon)

Update boundary 
words only
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Bigram Features

• We keep only bigram states: (Why 2 words?)

X1,6

X1,3X3,4

with * Sharon
and * Sharon
Sharon * with
Sharon * and

a * talk
talks
meeting
meetings

� � 1 2 ,

2 1 �

held * Sharon
held * Sharon
held * Sharon
held * with
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Language Model Updates

• Each hypothesis keeps two contexts:

• Prefix: ngrams to be scored with antecedents

• Suffix: contexts for future ngrams (i.e. Phrase-
based MT)

• Complexity: O(n3V2(m-1))

• Very inefficient: we need to explicitly enumerate 
all the hypotheses in antecedents
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Forest Rescoring

• Translation by SCFG = monolingual parsing 
using the source side grammar

• Construct forest by the projected target 
side

• From forests, compute the best derivation 
(Huang and Chiang, 2005)

• Complexity: O(n3) as in monolingual CKY

74
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Cube Pruning

• For each hyperedge, create a “cube” representing 
combinations of antecedents (Huang and Chiang, 2007)

� � 1 2 ,

2 1 �

2.5 2.7 3.6 4.2

2.8 3.0 3.9 4.5

3.7 3.9 4.8 5.4

4.1 4.3 5.2 5.8

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2
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Cube Pruning

• Bigrams require contexts from antecedents: 
non-monotonic scoring

� � 1 2 ,

2 1 �

2.5 2.7 3.6 4.2

2.8 3.0 3.9 4.5

3.7 3.9 4.8 5.4

4.1 4.3 5.2 5.8

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

+0.5

+0.3

+0.5

+0.3

+1.0

+1.5

+1.0

+1.5

+1.5

+2.0

+1.5

+2.0

+1.5

+2.0

+1.5

+2.0
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best:

(0,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)

(0,1)(1,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1)

(1,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1 4.5

4.2

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1)

(1,0)(0,2) (1,1)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7

3.1 4.5

4.2

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0)

(0,2) (1,1)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7 5.1

3.1 4.5

4.2

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0)

(0,2) (1,1)(3,0)

83



Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7 5.1

3.1 4.5

4.2

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0) (0,2)

(1,1)(3,0)
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Cube Pruning

• Starting from the upper-left corner, enumerate 
antecedent combinations

3.0 3.7 5.1

3.1 4.5

4.2 4.9

4.4

a * talk

talks

meeting

meetings

with * S
haro

n

and * S
haro

n

Sharo
n * w

ith

Sharo
n * a

nd

1.0

1.3

2.2

2.6

1.5 1.7 2.6 3.2

queue:
k-best: (0,0)(0,1) (1,0) (0,2)

(1,1) (3,0)(0,4) (1,2)
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Multiple Rules

• Multiple rules sharing the same span are queued

• Each rule is associated with a cube

• hypothesis = hyperedge + cube-position

X4,6 X1,3
X3,4

X1,6

a talk
held
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Further Faster Pruning
• Cube Growing (Huang and Chiang, 2007)

• Top-down pruning combined with heuristic 
estimates

• Faster Cube Pruning (Gesmundo and Henderson, 
2010)

• Eliminate bookkeeping for inserted hypotheses by 
determining the ordering of cube enumerations

• Push minimum hypotheses by looking up ancestors

• Top-down decoding (Watanabe et al., 2006; Huang 
and Mi, 2010; Yang et al., 2012)87



Conclusion

• Synchronous-CFG

• paired CFG + shared non-terminal symbols

• Training is based on phrase-based MT by 
treating sub-phrase as a non-terminal

• Decoding: monolingual parsing

• An efficient antecedent combination via 
cube-pruning
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Tree-based MT

• Backgrounds

• CFG, parsing, hypergraph, deductive 
system semirings

• Tree-based SMT

• Synchronous-CFG

• String-to-Tree, Tree-to-String
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{Tree,String}-to-{Tree,String}

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

• Each synchronous rule has a subtree structure

• Flat structure + sharing the same non-terminal 
symbols = synchronous-CFG

x1

x2 x3

x5

x6

x4

x7
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Tree-to-String Rules

x1

� x1�

x1

� x1

x1

� x1

x1

x2 x3

� x1 x3 x2

x1

x2

� x2 x191



Rule Extraction

• Compute “minimum rules” as in phrase-based 
MT (or, compute phrasal-match)

(Galley et al., 2004)
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Rule Extraction

• Compute “spans” by propagating alignment in 
bottom-up

(0)

(4) (5) (1) (1) (3)

(4,5) (1,3)

(1,3,4,5)

(0,1,3,4,5)

(Galley et al., 2004)
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Rule Extraction

• Compute “complements” in top-down

(0)

(4) (5) (1) (1) (3)

(4,5) (1,3)

(1,3,4,5)

(0,1,3,4,5)()

(1,3,4,5) (0)

(0,4,5)(0,1,3)

(0,1,3,4)
(0,1,3,5) (0,1,4,5)

(0,1,3,4,5)(0,1,3,4,5)
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Rule Extraction

• Compute “frontiers”: The nodes in which  the 
intersection of “spans” and “complements” is empty

(0)

(4) (5) (1) (1) (3)

(4,5) (1,3)

(1,3,4,5)

(0,1,3,4,5)()

(1,3,4,5) (0)

(0,4,5)(0,1,3)

(0,1,3,4)
(0,1,3,5) (0,1,4,5)

(0,1,3,4,5)(0,1,3,4,5)
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Rule Extraction

• Extract minimum rules using frontiers

x1 x1

� x2 x1
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Rule Extraction

• Extract minimum rules using frontiers

�
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Rule Extraction

• Extract minimum rules using frontiers

x1

� x1
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Rule Extraction

• Extract “compound rules” by combining 
minimum rules (i.e. longer phrases)

(Galley et al., 2006)

x1

x2

� x2 x1
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Example: Grammar
[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](小))) ||| [x]([x,1] minimum) ||| 0.0 -6.0493246701 -1.2862109026 -2.0951197555 -8.8956296271 -13.5950647026

[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](所有))) ||| [x]([x,1] all) ||| 0.0 -0.4491434583 -4.3555426458 -2.8899812337 -9.5422567921 -11.1594765255

[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](抱歉))) ||| [x]([x,1] , but) ||| -1.9195928407 -5.5287820969 -2.1972245773 -4.0379367632 -7.6774721878 

-13.3468850731
[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](抱歉))) ||| [x]([x,1] but) ||| -1.9195928407 -2.6030938064 -2.9348235205 -4.0379367632 -7.6774721878 

-12.6054711516
[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](抱歉))) ||| [x]([x,1] sorry but) ||| -1.9195928407 -3.3153733014 -2.2655438213 -2.3741149248 -7.6774721878 

-13.2426240628
[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](抱歉))) ||| [x]([x,1] sorry) ||| -1.9195928407 -0.712279495 -4.3786117196 -1.7804642018 -7.6774721878 

-11.0996500752
[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](抱歉))) ||| [x](sorry [x,1]) ||| -0.8835009091 -0.712279495 -4.1415974471 -1.7804642018 -7.6774721878 

-10.312883511
[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](正式))) ||| [x]([x,1] formal) ||| 0.0 -0.4767629775 -1.6959115104 -1.4531858426 -8.5061648604 -12.7763402147

[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](现代))) ||| [x]([x,1] modern) ||| 0.0 -0.4035171952 0.0 -0.3294117036 -9.5422567921 -15.4598493069

[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](耐用))) ||| [x]([x,1] durable) ||| 0.0 -0.324508026 0.0 -0.5357159117 -9.5422567921 -15.4598493069

[ADJP]([ADVP]([AD,1]) [ADJP]([JJ](重要))) ||| [x]([x,1] important) ||| 0.0 -0.3380531821 -2.8699628863 -0.0405166154 -9.5422567921 -12.6054711516

[NP]([ADJP]([JJ,1]) [NP]([NN](曲线) [NN](球))) ||| [x]([x,1] ball) ||| -0.1953087523 -0.3300015301 -0.1953087523 -2.6137082997 -11.7142174428 

-13.7468707155
[NP]([ADJP]([JJ,1]) [NP]([NN](曲线) [NN](球))) ||| [x](ball [x,1]) ||| -1.7292391122 -0.3300015301 0.0 -2.6137082997 -11.7142174428 -15.4598493069

[NP]([ADJP]([JJ,1]) [NP]([NN](机构))) ||| [x]([x,1] branch) ||| 0.0 -1.7874404239 -2.929980896 -4.6254673582 -13.4271960342 -12.5544396716

[NP]([ADJP]([JJ,1]) [NP]([NN](机票))) ||| [x]([x,1] airplane ticket) ||| -0.3079667436 -4.0611521158 0.0 -2.0898991524 -11.4306421523 -13.7468707155

[NP]([ADJP]([JJ,1]) [NP]([NN](机票))) ||| [x]([x,1] ticket already issued) ||| -2.020945335 -12.2678308429 0.0 -2.9984937374 -11.4306421523 

-15.4598493069
[NP]([ADJP]([JJ,1]) [NP]([NN](机票))) ||| [x]([x,1] ticket) ||| -2.020945335 -0.7597181833 -3.6774507583 -2.1219967549 -11.4306421523 

-11.815111746
[NP]([ADJP]([JJ,1]) [NP]([NN](杯))) ||| [x]([x,1] ,) ||| 0.0 -2.7742246718 -7.3946394365 -6.4934017099 -12.7805688693 -7.4339465274



Decoding: String-{String,Tree}

• Similar to SCFG decoding: Use the “collapsed” 
source side rule to perform CKY parsing

• Construct a translation forest using the target side

x1

� x1

x1

x2

� x2 x1

〈 → 1,
x → x1〉

〈 → 1 2,
x → x2 x1〉
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Decoding: Tree-{String,Tree}

• First, an input sentence is parsed

• Input tree is transformed into a translation forest by 
tree rewriting (Huang et al., 2006; Zhang et al., 2009)

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7

x1

x2 x3

x5

x6

x4

x7
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Forest Rescoring
• Translation by {tree,string}-to-{tree,string}

• string-to-{tree,sting}: parsing using the 
source-side grammar

• tree-to-{tree,string}: parse input 
sentences + tree-match-rewrite

• Construct forest by the projected target 
side

• From forests, compute the best derivation 
(Huang and Chiang, 2005)
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Conclusion

• {String,Tree}-to-{String,Tree} translation models

• Rules extraction by GHKM (Galley et al., 2004)

• Galley M, Hopkins M, Knight K, Marcu D, 2004

• Decoding:

• String-to-{String, Tree} by CKY

• Tree-to-{String,Tree} by tree-rewrite
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More on Tree-based Models
• Forest-based approach: instead of 1-best parse, use 

forest encoding k-bests (Mi and Huang, 2008; Mi et 
al., 2008)

• “Binarized forest” as an alternative to represent 
multiple parses (Zhang et al., 2011) 

• Fuzzy tree-to-tree as a way to overcome 
“stricktness” of tree-based models (Chiang, 2010)

• Use of dependency (Mi and Liu, 2010; Xie et al., 2011)

• Grammar encoding (Zhang et al., 2009; Ghodke et 
al., 2011)
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Software
• synchronous-CFG

• Moses: http://www.statmt.org/moses/

• cdec: http://cdec-decoder.org/

• joshua: http://joshua-decoder.org/

• jane: http://www.hltpr.rwth-aachen.de/jane

• synchronous-TSG

• NONE (You can find a private implementation, 
though)

http://www.statmt.org/moses/
http://www.statmt.org/moses/
http://cdec-decoder.org
http://cdec-decoder.org
http://joshua-decoder.org
http://joshua-decoder.org
http://www.hltpr.rwth-aachen.de/jane
http://www.hltpr.rwth-aachen.de/jane


Tree-based MT

• Backgrounds

• CFG, parsing, hypergraph, deductive 
system semirings

• Tree-based SMT

• Synchronous-CFG

• String-to-Tree, Tree-to-String
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SMT2012

• Tutorial

• Phrase-based MT 

• Tree-based MT

• Recent Topics

• Phrase/rule induction

• Tuning



Phrase/Rule Induction

• Starting from bilingual data, annotate word 
alignment, extract phrases/rules.... Is it correct?

• MaxLike estimate from counts... Is it correct?

• A solution: non-parametric Bayesian approach

data aligner modelextract

pφ(f̄ |ē) =
count(ē, f̄)

∑
f̄ ′ count(ē, f̄ ′)
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non-parametric Bayesian

• Tutorial (w/o theory)

• Phrase-pair induction



Dice...

• If you throw a dice 6 times and observed only “2”

• What is the probability of observing 2?

observed data X = 2, 2, 2, 2, 2, 2

parameter � = P (X = 2) =???
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Dice...
• Maximum Likelihood(ML):

• Maximum A Posterior(MAP):

• We know a dice has 6 faces: prior distribution 
of parameter

• This dice may be skewed: observation likelihood

• Derive a posterior: 

• Take a maximum:

P (X = 2) = θ =
6

6
= 1

P (X|θ)
P (θ|X) ∝ P (X|θ)P (θ)

P (θ =
1

6
) = 0.999

P (X = 2) = θ̂ = argmax
θ

P (X|θ)P (θ)
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Dice...

• MAP considers a single Θ

• Bayesian:

• Consider all possible Θ

• a dice may be old/new, defects etc.

P (X = 2) =

∫

θ
P (X|θ)P (θ) dθ
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Bayesian for NLP

• Zipf’s law: power-low distribution, richer-
get-richer effect for word distribution
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Probabilities for words

• Assign probabilities for words x given x1, x2, ... xN

• We cannot explicitly compute summation of all 
possible parameters.

• Obtain “samples” (a sequence of x) from a model 
assuming a “distribution of a distribution”.

P (x|x1, x2, . . . , xN ) =

�

�
P (x|�)P (�|x1, x2, . . . , xN ) d�

= ?
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Dirichlet Process

• DP can be viewed as back-off smoothing

• We ignore theoretical details...

• If “strength” s = 0? 

• What is Pbase(x)?

c(x) = frequency of x

c( ) =
�

x

c(x)

PML(x| . . . ) =
c(x)

c( )

PDP(x| . . . ) =
c(x)

c( ) + s
+

s

c( ) + s
Pbase(x| . . . )
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Base Measure

• Prior beliefs on the distribution of words:

• All the words are equally likely.

• the, a, of, etc. appears more frequently.

• Newswire starts with headline, timeline etc.

{the, dog, blue} = {0.33, 0.33, 0.33}
= {0.7, 0.15, 0.15}
= {?, ?, ?}
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Pitman-Yor Process

• PYP can be viewed as “better” back-off smoothing

• We will often write: Θ (a set of parameters for 
PPY(x|...)) is “drawn” from PY process.

• d = discount, s = strength

• What are t(x) and t(_) ?

PPY(x| . . . ) =
c(x)− d · t(x)

c( ) + s
+

d · t( ) + s

c( ) + s
Pbase(x| . . . )

θ ∼ PY(d, s, Pbase)
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Chinese Restaurant Process

• A Chinese restaurant has multiple tables for each 
“dish” (= token type) which is served for each customer

• t(x) = # of tables for x, t(_) = total # of tables in the 
restaurant

• What is PPY(bleu)? (assume Pbase=0.25, d=0.9, s=1)

dog dog dog dog

blue

dog

blue

the the the

I want “blue”

?
??



Chinese Restaurant Process

• When a new customer x enters the restaurant:

• Seat at an existing table by:

• And, select the ith table proportional to its 
popularity (richer-get-richer!) by:

• Or, create a new table by:

• NOTE: we need to re-normalize the probabilities for 
the existing/new selection

c(x)− d · t(x)
c( ) + s

d · t( ) + s

c( ) + s
Pbase(x| . . . )

ci(x)− d

c(x)− d · t(x)

PPY(x| . . . ) =
c(x)− d · t(x)

c( ) + s
+

d · t( ) + s

c( ) + s
Pbase(x| . . . )
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Chinese Restaurant Process

• When a customer x exit the restaurant:

• Choose a customer x equally likely... (Customers have 
no choice!)

• If a table becomes empty, remove it.

• If we consider the discount (d), this will lead to biased 
distribution.

PPY(x| . . . ) =
c(x)− d · t(x)

c( ) + s
+

d · t( ) + s

c( ) + s
Pbase(x| . . . )
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Gibbs Sampling

x1, x2, . . . xN

add it in the 
restaurant

remove it from 
the restaurant

Choose a word, x

--c(x)
(and --t(x),
when required)

++c(x)
(and ++t(x),
when required)
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Unigram to Bigram

• h = previous word (in our example, xN)

• bigram model can fallback to unigram model (as in 
n-gram language models)

• Restaurant for each h

• If t(x) and t(x|h)is always 1, then it is identical to 
Kneser-Ney smoothing (Kneser and Ney, 1995)

P 2
PY(x| . . . ) =

c(x|h) � d2 · t(x|h)

c( |h) + s2
+

d2 · t( |h) + s2

c( |h) + s2
P 1

PY (x| . . . )

P 1
PY(x| . . . ) =

c(x) � d1 · t(x)

c( ) + s1
+

d1 · t( ) + s1

c( ) + s1
Pbase(x| . . . )
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Hierarchical Update

x1, x2, . . . xN

add it in the 
restaurant

remove it from 
the restaurant

Choose a bigram, h x

++c(x|h)

restaurant for h restaurant for 
unigram

--c(x|h)
when -- t(x|h),
-- c(x) (and -- t(x))

when ++ t(x|h),
++ c(x) (and ++ t(x))
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PYP n-gram Language Model

• Hierarchically draw parameters for n-gram 
language model (with uniform distribution: Θ0) 
(Teh, 2006)

�n
h1,...,hn�1

� PY(dn, sn, �n�1
h2,...,hn�1

)

�n�1
h2,...,hn�1

� PY(dn�1, sn�1, �n�2
h3,...,hn�1

)

...

�2
hn�1

� PY(d2, s2, �1)

�1 � PY(d1, s1, �0)
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Hyperparameters: d, s

• We can manually set hyperparameters: d and s

• A standard practice is to sample from “restaurants” 
assuming some distributions... (But we will omit it 
for brevity... see Teh (2006))

• NOTE: We have multiple gamma distribution 
definitions, Here: a = shape parameter, b = rate 
parameter (or, inverse scale parameter)

dn � Beta(�n, �n)

sn � Gamma(an, bn)
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Software

• LM-related implementation

• Latent word LM (Deschacht and Moens, 2009): 
http://chasen.org/~daiti-m/dist/lwlm/

• Word segmentation LM (Mochihashi et al., 
2009): http://www.phontron.com/latticelm/

http://chasen.org/~daiti-m/dist/lwlm/
http://chasen.org/~daiti-m/dist/lwlm/
http://www.phontron.com/latticelm/
http://www.phontron.com/latticelm/


non-parametric Bayesian

• Tutorial (w/o theory)

• Phrase-pair induction



Phrase-pair Induction

• Directly learns Θ for phrase pairs from bilingual 
data w/o word alignment (DeNero et al., 2008; 
Arun et al., 2009; Neubig et al., 2011)

• EM-algorithm suffers serious de-generation 
problem (Marcu and Wong, 2002)

• non-parametric Bayesian for assuming priors for 
parameters (or, place stronger preferences for de-
composed phrases)

P (�|�F, E�) � P (�F, E�|�)P (�)

=
�

�f,e���F,E�

P (�f, e�|�)P (�)
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PYP for Phrase Pairs

• x: phrase pair, Pbase(x): IBM Model 1 + unigram LM

• In contrast with the n-gram language model, phrasal 
segmentation is “hidden”

• We compute the derivations Φ for all the bilingual 
data by Gibbs sampling

PPY(x| . . . ) =
c(x)− d · t(x)

c( ) + s
+

d · t( ) + s

c( ) + s
Pbase(x| . . . )

= Φ
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Gibbs for Phrase Pairs

Bilingual data 
with derivations

{. . . , �f, e, ��, . . . }

1. Choose data
2. Choose operator
3. Choose a part of 
the derivation Φi

decrement 
for Φi 

increment 
for new Φi 

Update derivation

Compute PPY(x) 
for all possible 
derivations

Choose new Φi
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A Sample Gibbs (SWAP)

• Decrement old Φi and Φi+1

• Choose by PPY(Φi, Φi+1) and PPY(Φ’i, Φ’i+1) 
(normalize the probabilities before selection!)

• Φi, Φi+1, Φ’i, Φ’i+1: do not affect other derivations!

• Increment new Φi and Φi+1

Φi and Φi+1 Φ’i and Φ’i+1

(DeNero et al., 2008)
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Sampling for Phrase Pairs

• Swap, Flip, Toggle, Move operators (DeNero et al., 
2008)

• Requires many (100 to 1,000) iterations

• Essentially, NP-hard problem for phrase alignment

• ITG to restrict the alignment with a Polynomial 
algorithm
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ITG

• Inversion Transduction Grammar (ITG) (Wu, 1997) 
which is an instance of synchronous-CFG

• Exploited for word alignment (Wu, 1997; Zhang and 
Gildea, 2005; Haghighi et al., 2009), phrase alignment 
(Cherry and Lin, 2007; Zhang et al., 2008), constraints 
for decoding (Zens and Ney, 2003; Zens et al., 2004; 
Cherry et al., 2012)

�
�

1 2 , 1 2

�

�
�

1 2 , 2 1

�

� �f, e�

X � [X X] | �X X� | f/e

134



ITG for Phrase Induction

• Phrasal alignment by ITG (Cherry and Lin, 2007)

• “parsing” for efficient sampling
135
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Bitext Parsing

• Intersection between SCFG and two texts

• O(N3 M3)  for ITG (Wu, 1997)  

• For each length n and m, for each position i and j, 
for each rule X ➔ YZ、for each split k and l
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Span Pruning

• You do not have to visit all the span pairs

• Use figure-of-merit to prune spans

• O(n4) for a naive algorithm (Zhang and Gildea, 2005)

• O(n3) for a DP-based algorithm (Zhang et al., 2008)
137

smaller than the possible scriptO(n4), where n is
the average sentence length. Pruning the span pairs
(bitext cells) that can participate in a tree (either as
terminals or non-terminals) serves to not only speed
up ITG parsing, but also to provide a kind of ini-
tialization hint to the training procedures, encourag-
ing it to focus on promising regions of the alignment
space.
Given a bitext cell defined by the four boundary

indices (i, j, l, m) as shown in Figure 1a, we prune
based on a figure of merit V (i, j, l, m) approximat-
ing the utility of that cell in a full ITG parse. The
figure of merit considers the Model 1 scores of not
only the words inside a given cell, but also all the
words not included in the source and target spans, as
in Moore (2003) and Vogel (2005). Like Zhang and
Gildea (2005), it is used to prune bitext cells rather
than score phrases. The total score is the product of
the Model 1 probabilities for each column; “inside”
columns in the range [l, m] are scored according to
the sum (or maximum) of Model 1 probabilities for
[i, j], and “outside” columns use the sum (or maxi-
mum) of all probabilities not in the range [i, j].
Our pruning differs from Zhang and Gildea

(2005) in two major ways. First, we perform prun-
ing using both directions of the IBMModel 1 scores;
instead of a single figure of merit V , we have two:
VF and VB . Only those spans that pass the prun-
ing threshold in both directions are kept. Second,
we allow whole spans to be pruned. The figure of
merit for a span is VF (i, j) = maxl,m VF (i, j, l, m).
Only spans that are within some threshold of the un-
restricted Model 1 scores VF and VB are kept:

VF (i, j)

VF
≥ τs and

VB(l, m)

VB
≥ τs.

Amongst those spans retained by this first threshold,
we keep only those bitext cells satisfying both

VF (i, j, l, m)

VF (i, j)
≥ τb and

VB(i, j, l, m)

VB(l, m)
≥ τb.

4.1 Fast Tic-tac-toe Pruning
The tic-tac-toe pruning algorithm (Zhang and
Gildea, 2005) uses dynamic programming to com-
pute the product of inside and outside scores for
all cells in O(n4) time. However, even this can be
slow for large values of n. Therefore we describe an

Figure 1: (a) shows the original tic-tac-toe score for a
bitext cell (i, j, l,m). (b) demonstrates the finite state
representation using the machine in (c), assuming a fixed
source span (i, j).

improved algorithm with best case n3 performance.
Although the worst case performance is alsoO(n4),
in practice it is significantly faster.
To begin, let us restrict our attention to the for-

ward direction for a fixed source span (i, j). Prun-
ing bitext spans and cells requires VF (i, j), the score
of the best bitext cell within a given span, as well
as all cells within a given threshold of that best
score. For a fixed i and j, we need to search over
the starting and ending points l and m of the in-
side region. Note that there is an isomorphism be-
tween the set of spans and a simple finite state ma-
chine: any span (l, m) can be represented by a se-
quence of l OUTSIDE columns, followed bym−l+1
INSIDE columns, followed by n − m + 1 OUT-
SIDE columns. This simple machine has the re-
stricted form described in Figure 1c: it has three
states, L, M , and R; each transition generates ei-
ther an OUTSIDE column O or an INSIDE column
I . The cost of generating an OUTSIDE at posi-
tion a is O(a) = P (ta|NULL) +

∑
b !∈[i,j] P (ta|sb);

likewise the cost of generating an INSIDE column
is I(a) = P (ta|NULL) +

∑
b∈[i,j] P (ta|sb), with



Beam Pruning

• Re-organize the search space by the cardinality (= # 
of source/target words parsed) (Saers et al., 2009)

• Prune by the cardinality: Complexity O(bn3)

• Simple look-ahead (Neubig et al., 2012)
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Block Sampling

Bilingual data 
with derivations

{. . . , �f, e, ��, . . . }

Choose data
decrement 
for Φ 

increment 
for new Φ’ Update derivation

Compute PPY(x) 
for all possible 
derivations

Choose new Φ’

“parsing” or compute 
inside probabilities

“sampling” by 
outside computation
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Block Sampling

• Instead of considering a single variable, or a single 
operator, sample a new “sentence-wise” derivation Φ’

• Bottom-up to compute span-probabilities, top-down for 
sampling using the computed span-probabilities

• Span probabilities are normalized, then, draw sample
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PPY(Φ1)/Z

PPY(Φ4)/Z

PPY(Φ2)/Z PPY(Φ3)/Z

PPY(Φ5)/Z PPY(Φ6)/Z

Z = PPY(Φ1) + PPY(Φ2) + PPY(Φ3)
   + PPY(Φ4) + PPY(Φ5) + PPY(Φ6)



MH Step

• Metropolis-Hastings to “judge” whether to accept the 
proposal distribution with new Φ’ in the restaurant

• q: a distribution from which we draw Φ’ (normalized 
inside scores)

• Why? Heuristic pruning may draw parameters from an 
unknown distribution: MH step to assure sampling from 
the model
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accept φ′? ∼ min

{
1,

π1q(φ|φ′)

π0q(φ′|φ)

}

�0 = PPY(�|current restaurant)

�1 = PPY(��|proposal restaurant)



Minimum Phrases

• Sampled derivations contain only minimum phrases

• Longer phrases are heuristically extracted (DeNero 
et al., 2008; Zhang et al., 2008; Blunsom et al., 2009)

px(reg)

px(term)

pt( )

px(inv)

px(reg)

px(term)

pt( )

px(term)

pt( )

px(reg)

px(term)

pt( )

px(term)

pt( )

++ bush/Bush

++ yu/with
++ shalong/Sharon

++ juxing le/held
++ huitan/a talk
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Fallback Modeling

• Hierarchical PYP as in PYP n-gram LM!(Neubig et al., 
2011; Neubig et al., 2012)

• “Base measure” encodes multiple splitting choice

PPY(x| . . . ) =
c(x)− d · t(x)

c( ) + s
+

d · t( ) + s

c( ) + s
Pdac(x| . . . )

Pdac(x| . . . ) =






Px(base)Pbase(x| . . . )
Px(str)PPY(y| . . . )PPY(z| . . . )
Px(inv)PPY(y′| . . . )PPY(z′| . . . )

px(str) px(str) px(inv)
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Exhaustive ITG Phrases

• Recursively divide-and-conquer

• Increment table-count at all the granularities
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++ bush/Bush

++ yu/with

++ shalong/Sharon

++ juxing le/held ++ huitan/a talk

++ juxing le huitan/
held a talk

++ yu shalong/
wih Sharon

++ yu shalong juxing le huitan/
held a talk with Sharon

++ bush yu shalong juxing le huitan/
Bush held a talk with Sharon



Experiments
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Neubig et al. - An Unsupervised Model for Joint Phrase Alignment and Extraction

Results

● GIZA++ uses heuristic extraction, others use model probabilities

● Same accuracy as GIZA++, phrase table smaller

● Higher accuracy than FLAT (when using model probs.)

de-en es-en fr-en ja-en
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• Smaller model, competitive to baselines
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(Neubig et al., 2011)
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Conclusion

• non-parametric Bayesian is a powerful method for 
unsupervised learning

• Already exploited for: synchronous-CFG (Blunsom 
et al., 2009; Levenberg et al., 2012) and 
synchronous-TSG (Cohn and Blunsom, 2009) in a 
limited fashion

• Further readings:

http://research.microsoft.com/en-us/um/people/cmbishop/prml/
http://research.microsoft.com/en-us/um/people/cmbishop/prml/


SMT2012

• Tutorial

• Phrase-based MT 

• Tree-based MT

• Recent Topics

• Phrase/rule induction

• Tuning



Tuning

• Linear model: features are scaled by w

• Problem 1: many alternative translations (e) possible 
with many alternative “hidden variables” (Φ)

• We cannot enumerate all possible variables

• Problem 2: translation error metric is corpus-wise, 
not sentence-wise (i.e. BLEU; Papineni et al., 2002)

ê = argmax
e

exp
�
w� · h(e, �, f)

�
�

e�,�� exp (w� · h(e�, ��, f))

= argmax
e

w� · h(e, �, f)
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Evaluation: ngram precision

• I 'd like to stay there for five nights , from October twenty 
fifth to the thirtieth .

• I want to stay for five nights , from October twenty fifth to 
the thirtieth .

• I 'd like to stay for five nights , from October twenty fifth to 
the thirtieth .

• I would like to reserve a room for five nights , from October 
twenty fifth to the thirtieth .

Well , I 'd like to stay five nights beginning 
October twenty-fifth to thirty .
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Evaluation: ngram precision
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Evaluation: ngram precision

• I 'd like to stay there for five nights , from October twenty 
fifth to the thirtieth .

• I want to stay for five nights , from October twenty fifth to 
the thirtieth .

• I 'd like to stay for five nights , from October twenty fifth to 
the thirtieth .

• I would like to reserve a room for five nights , from October 
twenty fifth to the thirtieth .

Well , I 'd like to stay five nights beginning 
October twenty-fifth to thirty .

p1 =
11

15
p2 =

5

14
p4 =

2

12
p3 =

3

13
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Evaluation: BLEU

• (Uniformly) weighted combination of precision 
(Papineni et al., 2002)

• brevity penalty: penalize too short sentences

• r = reference length, c = candidate length

• If we have multiple “r”, choose the closest-shortest 
reference to “c”

• Both factors are computed over the whole document
154

exp

(
N∑

n=1

wn log pn +min(1− r

c
, 0)

)



Why BLEU?

• Used as a standard metric for more than 10 years: 
Progress of SMT is due by BLEU!

• Easy to compute ngram statistics

• However, non-linear decomposition into sentences: 
corpus-wise metric, thus, harder to optimize

• BP-problem(Chiang et al., 2009): You can generate 
spuriously long translations together with a highly 
confident short translations.

• An alternative to BLEU is a good research topic!
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A Bad Example

• Both shared the same # of words, and the 
same # of matches

“we come from the land of the ice and snow”
“from the midnight sun where the hot springs flow”

xxx xxx xxx xxx land xxx xxx ice xxx snow
xxx xxx midnight xxx xxx xxx hot xxx flow

x come x x land x x ice x snow x x x x x
from xxx sun xxx

system 1

system 2



Tuning

• Batch learning

• Online learning



k-best approximation

• k-best merging approach (Och and Ney, 2002)

• We can plug-in any loss + optimization algorithms

1: procedure BatchLearn(�F, E� =
�

�f (i), e(i)�
�N

i=1
)

2: w(0) � �
3: C = {�}N

i=1 � k-best list
4: for t � {1 . . . T} do
5: for i � {1 . . . N} do
6: kbest(i) � GEN(f (i), w(t�1)) � decode using w(t�1)

7: c(i) � c(i) � kbest(i) � merge k-best
8: end for
9: w(t) � arg minw�W �(F, E, C; w) + ��(w) � optimize

10: end for
11: return w(T )

12: end procedure
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Maximum Entropy

• Minimize negative conditional log-likelihood (Och 
and Ney, 2002) 

• Derive ORACLE, a set of correct translation 
candidates, from GEN, a k-best list

• A standard optimization package: LBFGS, SGD

• Many sparse features
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ŵ = argmin
w

λ

2
‖w‖2 −

S∑

s=1

log

∑

e∗∈ORACLE(fs)

exp
(
w" · h(e∗, fs)

)

∑

e′∈GEN(fs)

exp
(
w" · h(e′, fs)

)



Why Not MaxEnt?

• They select single oracle translation by WER(Och and 
Ney, 2002):  This is difficult (non-decomposable to 
sentence-wise metric)

• summation problem: k-best (merging) approximation is 
not a true sample from the model (parameter)

Table 3: Effect of different error criteria used in training on the test corpus. Note that better results corre-
spond to larger BLEU and NIST scores and to smaller error rates. Italic numbers refer to results for which
the difference to the best result (indicated in bold) is not statistically significant.

error criterion used in training mWER [%] mPER [%] BLEU [%] NIST # words
confidence intervals +/- 2.7 +/- 1.9 +/- 0.8 +/- 0.12 -

MMI 68.0 51.0 11.3 5.76 21933
mWER 68.3 50.2 13.5 6.28 22914

smoothed-mWER 68.2 50.2 13.2 6.27 22902
mPER 70.2 49.8 15.2 6.71 24399

smoothed-mPER 70.0 49.7 15.2 6.69 24198
BLEU 76.1 53.2 17.2 6.66 28002
NIST 73.3 51.5 16.4 6.80 26602

recognition community (Duda and Hart, 1973;
Juang et al., 1995; Schlüter and Ney, 2001).
Paciorek and Rosenfeld (2000) use minimum clas-
sification error training for optimizing parameters
of a whole-sentence maximum entropy language
model.
A technically very different approach that has a

similar goal is the minimum Bayes risk approach, in
which an optimal decision rule with respect to an
application specific risk/loss function is used, which
will normally differ from Eq. 3. The loss function is
either identical or closely related to the final evalua-
tion criterion. In contrast to the approach presented
in this paper, the training criterion and the statisti-
cal models used remain unchanged in the minimum
Bayes risk approach. In the field of natural language
processing this approach has been applied for exam-
ple in parsing (Goodman, 1996) and word alignment
(Kumar and Byrne, 2002).

9 Conclusions

We presented alternative training criteria for log-
linear statistical machine translation models which
are directly related to translation quality: an un-
smoothed error count and a smoothed error count
on a development corpus. For the unsmoothed er-
ror count, we presented a new line optimization al-
gorithm which can efficiently find the optimal solu-
tion along a line. We showed that this approach ob-
tains significantly better results than using the MMI
training criterion (with our method to define pseudo-
references) and that optimizing error rate as part of
the training criterion helps to obtain better error rate

on unseen test data. As a result, we expect that ac-
tual ’true’ translation quality is improved, as previ-
ous work has shown that for some evaluation cri-
teria there is a correlation with human subjective
evaluation of fluency and adequacy (Papineni et al.,
2001; Doddington, 2002). However, the different
evaluation criteria yield quite different results on our
Chinese–English translation task and therefore we
expect that not all of them correlate equally well to
human translation quality.
The following important questions should be an-

swered in the future:

How many parameters can be reliably esti-
mated using unsmoothed minimum error rate
criteria using a given development corpus size?
We expect that directly optimizing error rate for
many more parameters would lead to serious
overfitting problems. Is it possible to optimize
more parameters using the smoothed error rate
criterion?

Which error rate should be optimized during
training? This relates to the important question
of which automatic evaluation measure is opti-
mally correlated to human assessment of trans-
lation quality.

Note, that this approach can be applied to any
evaluation criterion. Hence, if an improved auto-
matic evaluation criterion is developed that has an
even better correlation with human judgments than
BLEU and NIST, we can plug this alternative cri-
terion directly into the training procedure and opti-
mize the model parameters for it. This means that
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All Derivations

• Blunsom et al. (2008): Optimized toward multiple 
derivations computed from a forest

• However, the correct translations are those exactly 
matched with reference translations (not 
computed by BLEU)
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Grammar Rules ML MAP
(�2 =�) (�2 = 1)

�X���carte, map� 1.0 0.5
�X���carte, notice� 0.0 0.5
�X���sur, on� 1.0 1.0
�X���la, the� 1.0 1.0
�X���table, table� 1.0 0.5
�X���table, chart� 0.0 0.5
�X���carte sur, notice on� 1.0 0.5
�X���carte sur, map on� 0.0 0.5
�X���sur la, on the� 1.0 1.0
�X���la table, the table� 0.0 0.5
�X���la table, the chart� 1.0 0.5
Training data:

carte sur la table� map on the table
carte sur la table� notice on the chart

Table 2. Comparison of the susceptibility to degenerate
solutions for a ML and MAP optimised model, using a sim-
ple grammar with one parameter per rule and a monotone
glue rule: �X� � �X 1 X 2 , X 1 X 2 �

teriori model avoids such solutions.
This is illustrated in Table 2, which shows the

conditional probabilities for rules, obtained by lo-
cally normalising the rule feature weights for a sim-
ple grammar extracted from the ambiguous pair of
sentences presented in DeNero et al. (2006). The
first column of conditional probabilities corresponds
to a maximum likelihood estimate, i.e., without reg-
ularisation. As expected, the model finds a degener-
ate solution in which overlapping rules are exploited
in order to minimise the entropy of the rule trans-
lation distributions. The second column shows the
solution found by our model when regularised by a
Gaussian prior with unit variance. Here we see that
the model finds the desired solution in which the true
ambiguity of the translation rules is preserved. The
intuition is that in order to find a degenerate solu-
tion, dispreferred rules must be given large negative
weights. However the prior penalises large weights,
and therefore the best strategy for the regularised
model is to evenly distribute probability mass.

Translation comparison Having demonstrated
that accounting for derivational ambiguity leads to
improvements for our discriminative model, we now
place the performance of our system in the context
of the standard approach to hierarchical translation.
To do this we use our own implementation of Hiero
(Chiang, 2007), with the same grammar but with the
traditional generative feature set trained in a linear
model with minimum BLEU training. The feature
set includes: a trigram language model (lm) trained

System Test (BLEU)
Discriminative max-derivation 25.78
Hiero (pd, gr, rc, wc) 26.48
Discriminative max-translation 27.72
Hiero (pd, pr, plex

d , plex
r , gr, rc, wc) 28.14

Hiero (pd, pr, plex
d , plex

r , gr, rc, wc, lm) 32.00

Table 3. Test set performance compared with a standard
Hiero system

on the English side of the unfiltered Europarl corpus;
direct and reverse translation scores estimated as rel-
ative frequencies (pd, pr); lexical translation scores
(plex

d , plex
r ), a binary flag for the glue rule which al-

lows the model to (dis)favour monotone translation
(gr); and rule and target word counts (rc, wc).

Table 3 shows the results of our system on the
test set. Firstly we show the relative scores of our
model against Hiero without using reverse transla-
tion or lexical features.7 This allows us to directly
study the differences between the two translation
models without the added complication of the other
features. As well as both modelling the same dis-
tribution, when our model is trained with a single
parameter per-rule these systems have the same pa-
rameter space, differing only in the manner of esti-
mation.

Additionally we show the scores achieved by
MERT training the full set of features for Hiero, with
and without a language model.8 We provide these
results for reference. To compare our model directly
with these systems we would need to incorporate ad-
ditional features and a language model, work which
we have left for a later date.

The relative scores confirm that our model, with
its minimalist feature set, achieves comparable per-
formance to the standard feature set without the lan-
guage model. This is encouraging as our model was
trained to optimise likelihood rather than BLEU, yet
it is still competitive on that metric. As expected,
the language model makes a significant difference to
BLEU, however we believe that this effect is orthog-
onal to the choice of base translation model, thus we
would expect a similar gain when integrating a lan-
guage model into the discriminative system.

An informal comparison of the outputs on the de-
velopment set, presented in Table 4, suggests that the

7Although the most direct comparison for the discriminative
model would be with pd model alone, omitting the gr, rc and
wc features and MERT training produces poor translations.

8Hiero (pd, pr, p
lex
d , plex

r , gr, rc, wc, lm) represents state-
of-the-art performance on this training/testing set.
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Ranking Approach

• pair-wise comparison via (smoothed) sentence-BLEU 
+ sampling (Hopkins and May, 2011)

• Use any binary classifier (here, logistic-loss) + 
linearly interpolated with parameters from previous 
iterations
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Results

• Performed similarly with MIRA, MERT
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Figure 5: Comparison of MERT, PRO, and MIRA on tuning Urdu-English SBMT systems, and test results at every
iteration. PRO performs comparably to MERT and MIRA.

We used the following feature classes in PBMT
extended scenarios only:

• Unigram word pair features for the 80 most fre-
quent words in both languages plus tokens for
unaligned and all other words (cf. Watanabe et
al. (2007), Section 3.2.1)11

• Source, target, and joint phrase length fea-
tures from 1 to 7, e.g. “tgt=4”, “src=2”, and
“src/tgt=2,4”

The feature classes and number of features used
within those classes for each language pair are sum-
marized in Table 3.

5.4 Tuning settings
Each of the three approaches we compare in this
study has various details associated with it that may
prove useful to those wishing to reproduce our re-
sults. We list choices made for the various tuning
methods here, and note that all our decisions were
made in keeping with best practices for each algo-
rithm.

5.4.1 MERT
We used David Chiang’s CMERT implementation

of MERT that is available with the Moses system
(Koehn et al., 2007). We ran MERT for up to 30 it-
erations, using k = 1500, and stopping early when

11This constitutes 6,723 features in principle (822 � 1 since
“unaligned-unaligned” is not considered) but in practice far
fewer co-occurrences were seen. Table 3 shows the number of
actual unigram word pair features observed in data.

the accumulated k-best list does not change in an it-
eration. In every tuning iteration we ran MERT once
with weights initialized to the last iteration’s chosen
weight set and 19 times with random weights, and
chose the the best of the 20 ending points according
to G on the development set. The G we optimize
is tokenized, lower-cased 4-gram BLEU (Papineni et
al., 2002).

5.4.2 MIRA
We for the most part follow the MIRA algorithm

for machine translation as described by Chiang et al.
(2009)12 but instead of using the 10-best of each of
the best hw, hw +g, and hw-g, we use the 30-best
according to hw.13 We use the same sentence-level
BLEU calculated in the context of previous 1-best
translations as Chiang et al. (2008b; 2009). We ran
MIRA for 30 iterations.

5.4.3 PRO
We used the MegaM classifier and sampled as de-

scribed in Section 4.2. As previously noted, we used
BLEU+1 (Lin and Och, 2004) for g. MegaM was
easy to set up and ran fairly quickly, however any
linear binary classifier that operates on real-valued
features can be used, and in fact we obtained simi-

12and acknowledge the use of David Chiang’s code
13This is a more realistic scenario for would-be implementers

of MIRA, as obtaining the so-called “hope” and “fear” transla-
tions from the lattice or forest is significantly more complicated
than simply obtaining a k-best list. Other tests comparing these
methods have shown between 0.1 to 0.3 BLEU drop using 30-
best hw on Chinese-English (Wang, 2011).
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Risk Minimization

• smoothing by γ, regularization by entropy H(.), 
cooling by temperature T(Smith and Eisner, 2006)

• How to compute loss?: BLEU is non-linear!

min
γ,w

Epγ,w [!(es)]− T ·H(pγ,w)

Ep�,w [�(es)] =
�

s

�

i

�(ei
s)p�,w(ei

s|fs)

p�,w(ei
s|fs) =

exp
�
�w� · h(ei

s, fs)
�

�
i� exp (�w� · h(ei�

s , fs))
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Tailor series approximation

• Approximate the gain by BLEU by changing the 
statistics from cn into c’n (Tromble et al., 2008)

• Smith and Eisner (2006) approximated BLEU itself

log Bleu� � log Bleu �
4�

n=0

(c�
n � cn)

� log Bleu�

�c�
n

����
c�

n=cn

= �c�
0 � c0

c0
+

1

4

4�

n=1

c�
n � cn

cn
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Results

• Similar to MERT

• Better results by computing over hypergraph

7.4 Experimental Results
7.4.1 Experimental Setup
We built a translation model on a corpus for
IWSLT 2005 Chinese-to-English translation task
(Eck and Hori, 2005), which consists of 40k pairs
of sentences. We used a 5-gram language model
with modified Kneser-Ney smoothing, trained on
the bitext’s English using SRILM (Stolcke, 2002).

7.4.2 Tuning a Small Number of Features
We first investigate how minimum-risk training
(MR), with and without deterministic annealing
(DA), performs compared to regular MERT. MR
without DA just fixes T = 0 and � = 1 in (14).
All MR or MR+DA uses an approximated BLEU
(Tromble et al., 2008) (for training only), while
MERT uses the exact corpus BLEU in training.

The first five rows in Table 5 present the results
by tuning the weights of five features (✓ 2 R5). We
observe that MR or MR+DA performs worse than
MERT on the dev set. This may be mainly because
MR or MR+DA uses an approximated BLEU while
MERT doesn’t. On the test set, MR or MR+DA
on an n-best list is comparable to MERT. But our
new approach, MR or MR+DA on a hypergraph,
does consistently better (statistically significant)
than MERT, despite approximating BLEU.17

Did DA help? For both n-best and hypergraph,
MR+DA did obtain a better BLEU score than plain
MR on the dev set.18 This shows that DA helps
with the local minimum problem, as hoped. How-
ever, DA’s improvement on the dev set did not
transfer to the test set.

7.4.3 Tuning a Large Number of Features
MR (with or without DA) is scalable to tune a
large number of features, while MERT is not. To
achieve competitive performance, we adopt a for-
est reranking approach (Li and Khudanpur, 2009;
Huang, 2008). Specifically, our training has two
stages. In the first stage, we train a baseline system
as usual. We also find the optimal feature weights
for the five features mentioned before, using the
method of MR+DA operating on a hypergraph. In
the second stage, we generate a hypergraph for
each sentence in the training data (which consists
of about 40k sentence pairs), using the baseline

17Pauls et al. (2009) concurrently observed a similar pat-
tern (i.e., MR performs worse than MERT on the dev set, but
performs better on a test set).

18We also verified that MR+DA found a better objective
value (i.e., expected loss on the dev set) than MR.

Training scheme dev test
MERT (Nbest, small) 42.6 47.7
MR (Nbest, small) 40.8 47.7
MR+DA (Nbest, small) 41.6 47.8

NEW! MR (hypergraph, small) 41.3 48.4
NEW! MR+DA (hypergraph, small) 41.9 48.3
NEW! MR (hypergraph, large) 42.3 48.7
Table 5: BLEU scores on the Dev and test sets under different
training scenarios. In the “small” model, five features (i.e.,
one for the language model, three for the translation model,
and one for word penalty) are tuned. In the “large” model,
21k additional unigram and bigram features are used.

system. In this stage, we add 21k additional uni-
gram and bigram target-side language model fea-
tures (cf. Li and Khudanpur (2008)). For example,
a specific bigram “the cat” can be a feature. Note
that the total score by the baseline system is also
a feature in the second-stage model. With these
features and the 40k hypergraphs, we run the MR
training to obtain the optimal weights.

During test time, a similar procedure is fol-
lowed. For a given test sentence, the baseline sys-
tem first generates a hypergraph, and then the hy-
pergraph is reranked by the second-stage model.
The last row in Table 5 reports the BLEU scores.
Clearly, adding more features improves (statisti-
cally significant) the case with only five features.
We plan to incorporate more informative features
described by Chiang et al. (2009).19

8 Conclusions

We presented first-order expectation semirings
and inside-outside computation in more detail
than (Eisner, 2002), and developed extensions to
higher-order expectation semirings. This enables
efficient computation of many interesting quanti-
ties over the exponentially many derivations en-
coded in a hypergraph: second derivatives (Hes-
sians), expectations of products (covariances), and
expectations such as risk and entropy along with
their derivatives. To our knowledge, algorithms
for these problems have not been presented before.

Our approach is theoretically elegant, like other
work in this vein (Goodman, 1999; Lopez, 2009;
Gimpel and Smith, 2009). We used it practically to
enable a new form of minimum-risk training that
improved Chinese-English MT by 1.0 BLEU point.
Our implementation will be released within the
open-source MT toolkit Joshua (Li et al., 2009a).

19Their MIRA training tries to favor a specific oracle
translation—indeed a specific tree—from the (pruned) hyper-
graph. MR does not commit to such an arbitrary choice.

50

(Li and Eisner, 2009)
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Expected BLEU

• Maximize expected BLEU (Pauls et al., 2009; Rosti et 
al., 2010; Rosti et al., 2011)

• compute BLEU from the expectation E[.] of ngram gn

• Similar to Smith and Eisner (2006)
167
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clip?

• Required for the expected BLUE over lattice/
forest(Rosti et al., 2011)

• NOTE: BUG in equation (15) of Rosti et al. (2011)
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Results

• System combination result by optimization 
over lattice (Rosti et al., 2011)

• Efficient computation by expectation-semiring

tune cz-en de-en es-en fr-en
System TER BLEU TER BLEU TER BLEU TER BLEU
worst 66.03 18.09 69.03 16.28 60.56 21.02 62.75 21.83
best 53.75 28.36 58.39 24.28 50.26 30.55 50.48 30.87
latBLEU 53.99 29.25 56.70 26.49 48.34 34.55 48.90 33.90
nbExpBLEU 54.43 29.04 56.36 27.33 48.44 34.73 48.58 34.23
latExpBLEU 53.89 29.37 56.24 27.36 48.27 34.93 48.53 34.24

test cz-en de-en es-en fr-en
System TER BLEU TER BLEU TER BLEU TER BLEU
worst 65.35 17.69 69.03 15.83 61.22 19.79 62.36 21.36
best 52.21 29.54 58.00 24.16 50.15 30.14 50.15 30.32
latBLEU 52.80 29.89 55.87 26.22 48.29 33.91 48.51 32.93
nbExpBLEU 52.97 29.93 55.77 26.52 48.39 33.86 48.25 32.94
latExpBLEU 52.68 29.99 55.74 26.62 48.30 34.10 48.17 32.91

Table 1: Case insensitive TER and BLEU scores on newssyscombtune (tune) and newssyscombtest (test)
for combinations of outputs from four source languages. Three tuning methods were used: lattice BLEU (latBLEU),
N-best list based expected BLEU (nbExpBLEU), and lattice expected BLEU (latExpBLEU).

3.4 Entropy on a graph

Expanding the joint lattice to n-gram orders above
n = 2 is often impractical without pruning. If the
edge posteriors are not reliable, which is usually
the case for unoptimized weights, pruning might re-
move good quality paths from the graph. As a com-
promise, an incremental expansion strategy may be
adopted by first expanding and re-scoring the lattice
with a bi-gram, optimizing weights for xBLEU-2,
and then expanding and re-scoring the lattice with
a 5-gram. Pruning should be more reliable with the
edge posteriors computed using the tuned bi-gram
weights. A second set of weights may be tuned with
the 5-gram graph to maximize xBLEU-4.

When the bi-gram weights are tuned, it may be
beneficial to increase the edge score scaling factor
to focus the edge posteriors to the 1-best path. On
the other hand, a lower scaling factor may be bene-
ficial when tuning the 5-gram weights. Rosti et al.
(2010) determined the scaling factor automatically
by fixing the perplexity of the merged N -best lists
used in tuning. Similar strategy may be adopted in
incremental n-gram expansion of the lattices.

Entropy on a graph can also be computed using
the expectation semiring formalism (Li and Eisner,
2009) by defining sl = �pl, rl� where pl = e�sil and

rl = log pl. The entropy is given by:

Hi = log p(�0) �
r(�0)
p(�0)

(24)

where p(�0) and r(�0) extract the p and r elements
from the 2-tuple �0, respectively. The average target
entropy over all sentences was set manually to 3.0
in the experiments based on the tuning convergence
and size of the pruned 5-gram lattices.

4 Experimental Evaluation

System outputs for all language pairs with En-
glish as the target were combined (cz-en,
de-en, es-en, and fr-en). Unpruned English
bi-gram and 5-gram language model compo-
nents were trained using the WMT11 corpora:
EuroParl, GigaFrEn, UNDoc Es, UNDoc Fr,
NewsCommentary, News2007, News2008,
News2009, News2010, and News2011.
Additional six Gigaword v4 components in-
cluded: AFP, APW, XIN+CNA, LTW, NYT, and
Headlines+Datelines. The total number
of words used to train the LMs was about 6.4
billion. Interpolation weights for the sixteen
components were tuned to minimize perplexity on
the newstest2010-ref.en development set.
The modified Kneser-Ney smoothing (Chen and
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Tuning

• Batch learning

• Online learning



Online Learning

• Randomly split training data into M batches

• Decode sentences in a batch, and optimize (+ 
parallel training) 172

1: procedure OnlineLearn(�F, E� =
�

�f (i), e(i)�
�N

i=1
)

2: w(0) � �
3: j � 1
4: for t � {1 . . . T} do

5: Choose Bt = {b(t)
1 , · · · b(t)

M } � randomly choose M batch
6: for b � Bt do � b = {. . . , �f , e�, . . . }
7: c � GEN(b, w(j�1)) � decode using w(j�1)

8: w(j) � arg minw�W �(b, c; w) + ��(w) � optimize
9: j � j + 1

10: end for
11: end for
12: return w(T ·M)

13: end procedure



Online Large Margin

• Optimize by MIRA(Crammer et al., 2006)
(Watanabe et al., 2007; Chiang et al., 2008)

• Defined as an instance of structured Ramp loss 
minimization (Gimpel and Smith, 2012)

• How to compute BLUE?
173
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Pseudo BLEU

• Memorize BLEU statistics for each sentence (1-
best, or oracle candidate)

• Given a new k-best list, update the pseudo 
document statistics (Watanabe et al., 2007)

174

e∗1, · · · ,





e1s
...
eis
...
ens




, · · · , e∗S

GEN(fs,w)



Decayed Pseudo BLEU

• Previously merged BLEU statistics are 
“decayed” (Chiang et al., 2008)

• argmax considering error counts
175

b � 0.9 � (b + c(e))

l � 0.9 � (l + |f |)

B(e) = (l + |f |) � Bleu(b + c(e))

ês = argmax
e

�B(e) + ŵ · h(e, fs)

e�
s = argmax

e
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Results

• statistically significant better results over 
the MERT baseline with feature engineering

System Training Features # Tune Test
Hiero MERT baseline 11 35.4 36.1

MIRA syntax, distortion 56 35.9 36.9⇤

syntax, distortion, discount 61 36.6 37.3⇤⇤

all source-side, discount 10990 38.4 37.6⇤⇤

Syntax MERT baseline 25 38.6 39.5
MIRA baseline 25 38.5 39.8⇤

overlap 132 38.7 39.9⇤

node count 136 38.7 40.0⇤⇤

all target-side, discount 283 39.6 40.6⇤⇤

Table 1: Adding new features with MIRA significantly improves translation accuracy. Scores are case-insensitive IBM
Bleu scores. ⇤ or ⇤⇤ = significantly better than MERT baseline (p < 0.05 or 0.01, respectively).

the syntax-based system, we ran a reimplementation
of the Collins parser (Collins, 1997) on the English
half of the bitext to produce parse trees, then restruc-
tured and relabeled them as described in Section 3.2.
Syntax-based rule extraction was performed on a 65
million word subset of the training data. For Hiero,
rules with up to two nonterminals were extracted
from a 38 million word subset and phrasal rules were
extracted from the remainder of the training data.

We trained three 5-gram language models: one on
the English half of the bitext, used by both systems,
one on one billion words of English, used by the
syntax-based system, and one on two billion words
of English, used by Hiero. Modified Kneser-Ney
smoothing (Chen and Goodman, 1998) was applied
to all language models. The language models are
represented using randomized data structures simi-
lar to those of Talbot et al. (2007).

Our tuning set (2010 sentences) and test set (1994
sentences) were drawn from newswire data from the
NIST 2004 and 2005 evaluations and the GALE pro-
gram (with no overlap at either the segment or doc-
ument level). For the source-side syntax features,
we used the Berkeley parser (Petrov et al., 2006) to
parse the Chinese side of both sets.

We implemented the source-side context features
for Hiero and the target-side syntax features for the
syntax-based system, and the discount features for
both. We then ran MIRA on the tuning set with 20
parallel learners for Hiero and 73 parallel learners
for the syntax-based system. We chose a stopping it-
eration based on the Bleu score on the tuning set,
and used the averaged feature weights from all iter-

Syntax-based Hiero
count weight count weight
1 +1.28 1 +2.23
2 +0.35 2 +0.77
3–5 �0.73 3 +0.54
6–10 �0.64 4 +0.29

5+ �0.02

Table 2: Weights learned for discount features. Nega-
tive weights indicate bonuses; positive weights indicate
penalties.

ations of all learners to decode the test set.
The results (Table 1) show significant improve-

ments in both systems (p < 0.01) over already very
strong MERT baselines. Adding the source-side and
discount features to Hiero yields a +1.5 Bleu im-
provement, and adding the target-side syntax and
discount features to the syntax-based system yields a
+1.1 Bleu improvement. The results also show that
for Hiero, the various classes of features contributed
roughly equally; for the syntax-based system, we see
that two of the feature classes make small contribu-
tions but time constraints unfortunately did not per-
mit isolated testing of all feature classes.

6 Analysis

How did the various new features improve the trans-
lation quality of our two systems? We begin by ex-
amining the discount features. For these features,
we used slightly di↵erent schemes for the two sys-
tems, shown in Table 2 with their learned feature
weights. We see in both cases that one-count rules
are strongly penalized, as expected.
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Intricacy of BLEU

• Optimization for a sentence-wise BLEU 
≠optimal for a document-wise BLEU

• BLEU on a larger batch: better document-wise 
BLEU estimates

• However, requiring more iterations

• Previous work: Pseudo-document, Decayed 
BLEU (Watanabe et al., 2007, Chiang et al., 2008)
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SGD

• Solve a “batch local” objective in each update

• When updating: set learning rate + update by 
a sub-gradient + projection into a L2-ball

• hinge-loss: each loss-term is scaled by a 
constant

argmin
w

λ

2
‖w‖22 + "(w; b)

wk+ 1
2
← (1− ληk)wk +

∑

(f,e)∈b,e∗,e′

ηk
M(wk; b)

Φ(f, e∗, e′)
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Optimized Update

• 2-step update: suffer sub-gradient from L2 
+ solve a QP (Watanabe, 2012)

• Similar to MIRA: global L2 + directly use 
the learning rate as a hyperparameter

wk+ 1
4
← (1− ληk)wk

argmin
w

1

2
‖w −wk+ 1

4
‖22 + ηk

∑

(f,e)∈b,e∗,e′

ξf,e∗,e′

w��(f, e�, e�) � 1 � �f,e�,e�

�f,e�,e� � 0
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Rescale Sub-Gradients

• We use Dual Coordinate Descent (Hsieh et 
al., 2008 )

• If τ is set to η/M, then, we recover the original 
update formula

∑

(f,e)∈b,e∗,e′

τe∗,e′ ≤ ηk

wk+ 1
2
← wk+ 1

4
+

∑

(f,e)∈b,e∗,e′

τe∗,e′Φ(f, e
∗, e′)

wk+ 1
2
← wk+ 1

4
+

∑

(f,e)∈b,e∗,e′

ηk
M(wk; b)

Φ(f, e∗, e′)
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Parallel Learning

• Split data into S shards (McDonald et al., 2010)

• Each shard learns locally

• Averaging in each round

1: w1 � 0
2: for t = 1, ..., T do
3: wt,s � wt

4: Each shard learns wt+1,s using Ds

5: wt+1 � 1/S
�

s wt+1,s

6: end for
7: return wT+1
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Additional Line Search

• Line search to determine ρ (Watanabe, 2012)

• The same as the procedure in MERT

• Directly use document-BLEU as an 
objective using n-bests in each round

1: w1 � 0
2: for t = 1, ..., T do
3: wt,s � wt

4: Each shard learns wt+1,s using Ds

5: wt+ 1
2 � 1/S

�
s wt+1,s

6: wt+1 � (1 � �)wt + �wt+ 1
2

7: end for
8: return wT+1
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Experiments

• NIST Chinese-to-English translation task

• Tune on MT02, development testing on 
MT06, testing on MT08

183
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Feature Selections

• Watanabe et al. (2007) presented millions of 
feature approach

• However, pre-selecting features are better (Chiang 
et al., 2008, Chiang et al., 2009, Xiao et al., 2011)

• Any automatic way to select features?

ei�1 ei ei+1 ei+2 ei+3 ei+4

f j�1 f j f j+1 f j+2 f j+3
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Tuning as Multitask Learning

• Separate w for each sentence and enforce 
agreement by a regularizer (Duh et al., 2010)

• l1/l2 regularization to derive “agreed features”

w1 w2 w3 w4 w5 w1 w2 w3 w4 w5

wz1 [ 6 4 0 0 0 ] [ 6 4 0 0 0 ]
wz2 [ 0 0 3 0 0 ] [ 3 0 0 0 0 ]
wz3 [ 0 0 0 2 3 ] [ 2 3 0 0 0 ]

column �2 norm: 6 4 3 2 3 7 5 0 0 0
�1 sum: � 18 � 12

Figure 2: �1/�2 regularization enforcing feature selection.

Our algorithm is related to Obozinski et al.
(2010)’s approach to �1/�2 regularization where fea-
ture columns are incrementally selected based on the
�2 norms of the gradient vectors corresponding to
feature columns. Their algorithm is itself an exten-
sion of gradient-based feature selection based on the
�1 norm, e.g., Perkins et al. (2003).4 In contrast to
these approaches we approximate the gradient by us-
ing the weights given by the ranking algorithm itself.
This relates our work to weight-based recursive fea-
ture elimination (RFE) (Lal et al., 2006). Further-
more, algorithm 4 performs feature selection based
on a choice of meta-parameter of K features instead
of by thresholding a regularization meta-parameter
�, however, these techniques are equivalent and can
be transformed into each other.

5 Experiments

5.1 Data, Systems, Experiment Settings

The datasets used in our experiments are versions
of the News Commentary (nc), News Crawl (crawl)
and Europarl (ep) corpora described in Table 1. The
translation direction is German-to-English.

The SMT framework used in our experiments
is hierarchical phrase-based translation (Chiang,
2007). We use the cdec decoder5 (Dyer et al.,
2010) and induce SCFG grammars from two sets of
symmetrized alignments using the method described
by Chiang (2007). All data was tokenized and
lowercased; German compounds were split (Dyer,
2009). For word alignment of the news-commentary
data, we used GIZA++ (Och and Ney, 2000); for
aligning the Europarl data, we used the Berke-
ley aligner (Liang et al., 2006b). Before train-
ing, we collect all the grammar rules necessary to

4Note that by definition of ||W||1,2, standard `1 regulariza-
tion is a special case of `1/`2 regularization for a single task.

5
cdecmetaparameters were set to a non-terminal span limit

of 15 and standard cube pruning with a pop limit of 200.

translate each individual sentence into separate files
(so-called per-sentence grammars) (Lopez, 2007).
When decoding, cdec loads the appropriate file im-
mediately prior to translation of the sentence. The
computational overhead is minimal compared to the
expense of decoding. Also, deploying disk space
instead of memory fits perfectly into the MapRe-
duce framework we are working in. Furthermore,
the extraction of grammars for training is done in
a leave-one-out fashion (Zollmann and Sima’an,
2005) where rules are extracted for a parallel sen-
tence pair only if the same rules are found in other
sentences of the corpus as well.

3-gram (news-commentary) and 5-gram (Eu-
roparl) language models are trained on the data de-
scribed in Table 1, using the SRILM toolkit (Stol-
cke, 2002) and binarized for efficient querying using
kenlm (Heafield, 2011). For the 5-gram language
models, we replaced every word in the lm training
data with <unk> that did not appear in the English
part of the parallel training data to build an open vo-
cabulary language model.

HI

MID

LOW

Figure 3: Multipartite pairwise ranking.

Training data for discriminative learning are pre-
pared by comparing a 100-best list of transla-
tions against a single reference using smoothed per-
sentence BLEU (Liang et al., 2006a). From the
BLEU-reordered n-best list, translations were put
into sets for the top 10% level (HI), the middle
80% level (MID), and the bottom 10% level (LOW).
These level sets are used for multipartite ranking
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(Simianer et al., 2012)
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argmin
w(1),...,w(N)

N∑

i=1

!(f (i), e(i), c(i);w(i)) + λΩ(w(1), . . . ,w(N))



Features among Shards

• Compute column-l2 of parameters among shards

• Keep only K-best features (Simianer et al., 2012)

1: w1 � 0
2: for t = 1, ..., T do
3: wt,s � wt

4: Each shard learns wt+1,s using Ds

5: W =
�
wt+1,1| . . . |wt+1,S

�

6: Choose top K features by column-�2 norm of W
7: wt+1 � 1/S

�
s wt+1,s

8: end for
9: return wT+1

186



Results
Algorithm Tuning set Features #Features devtest-nc test-nc

MIRA dev-nc default 12 – 27.10

1

dev-nc default 12 25.88 28.0
dev-nc +id 137k 25.53 27.6†23

dev-nc +ng 29k 25.82 27.42†234

dev-nc +shape 51 25.91 28.1
dev-nc +id,ng,shape 180k 25.71 28.15

34

2

train-nc default 12 25.73 27.86
train-nc +id 4.1M 25.13 27.19†134

train-nc +ng 354k 26.09 28.03

134

train-nc +shape 51 26.07 27.913

train-nc +id,ng,shape 4.7M 26.08 27.8634

3

train-nc default 12 26.09 @2 27.94†

train-nc +id 3.4M 26.1 @4 27.97†12

train-nc +ng 330k 26.33 @4 28.3412

train-nc +shape 51 26.39 @9 28.312

train-nc +id,ng,shape 4.7M 26.42 @9 28.55

124

4
train-nc +id 100k 25.91 @7 27.82†2

train-nc +ng 100k 26.42 @4 28.37†12

train-nc +id,ng,shape 100k 26.8 @8 28.81

123

Table 2: BLEU-4 results for algorithms 1 (SGD), 2 (MixSGD), 3 (IterMixSDG), and 4 (IterSelSGD) on news-
commentary (nc) data. Feature groups are 12 dense features (default), rule identifiers (id), rule n-gram (ng), and
rule shape (shape). Statistical significance at p-level < 0.05 of a result difference on the test set to a different algo-
rithm applied to the same feature group is indicated by raised algorithm number. † indicates statistically significant
differences to best result across features groups for same algorithm, indicated in bold face. @ indicates the optimal
number of epochs chosen on the devtest set.

pergraph as is done in the cdec implementation of
MIRA. We found similar fluctuations for the cdec
implementations of PRO (Hopkins and May, 2011)
or hypergraph-MERT (Kumar et al., 2009) both of
which depend on hypergraph sampling. In contrast,
the perceptron is deterministic when started from a
zero-vector of weights and achieves favorable 28.0
BLEU on the news-commentary test set. Since we
are interested in relative improvements over a stable
baseline, we restrict our attention in all following ex-
periments to the perceptron.7

Table 2 shows the results of the experimental
comparison of the 4 algorithms of Section 4. The

7Absolute improvements would be possible, e.g., by using
larger language models or by adding news data to the ep train-
ing set when evaluating on crawl test sets (see, e.g., Dyer et al.
(2011)), however, this is not the focus of this paper.

default features include 12 dense models defined on
SCFG rules;8 The sparse features are the 3 templates
described in Section 3. All feature weights were
tuned together using algorithms 1-4. If not indicated
otherwise, the perceptron was run for 10 epochs with
learning rate � = 0.0001, started at zero weight vec-
tor, using deduplicated 100-best lists.

The results on the news-commentary (nc) data
show that training on the development set does not
benefit from adding large feature sets – BLEU re-
sult differences between tuning 12 default features

8negative log relative frequency p(e|f); log count(f ); log
count(e, f ); lexical translation probability p(f |e) and p(e|f)
(Koehn et al., 2003); indicator variable on singleton phrase e;
indicator variable on singleton phrase pair f, e; word penalty;
language model weight; OOV count of language model; num-
ber of untranslated words; Hiero glue rules (Chiang, 2007).
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Conclusion

• Batch/online training for tuning

• The “hidden variable” for MT is very large

• translation error metric approximation

• k-best merging approximation

• online approximation



SMT2012

• Tutorial

• Phrase-based MT 

• Tree-based MT

• Recent Topics

• Phrase/rule induction

• Tuning



Research on MT

• Reading: at least 50 papers are related to MT 
“every year”

• Solve a sub-problem as a specialist

• Keep the whole picture



6IJIVIRGIW
%VYR� %�� (]IV� '�� ,EHHS[� &�� &PYRWSQ� 4�� 0STI^� %���
�/SILR� 4� ������ .YRI
� 1SRXI�GEVPS�MRJIVIRGI

ERH�QE\MQM^EXMSR� JSV� TLVEWI�FEWIH� XVERWPEXMSR� -R 4VSG�� SJ� GSRPP����� �TT� ��������
� &SYPHIV�
'SPSVEHS� 6IXVMIZIH�JVSQ

&PYRWSQ� 4�� 'SLR� 8�� (]IV� '��� 
�3WFSVRI� 1� ������ %YKYWX
� % KMFFW�WEQTPIV�JSV�TLVEWEP�W]R�
GLVSRSYW�KVEQQEV�MRHYGXMSR� -R 4VSG��SJ�EGP�MNGRPT����� �TT� ��������
� 7YRXIG� 7MRKETSVI� %WWS�
GMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

&PYRWSQ� 4�� 'SLR� 8���
�3WFSVRI� 1� ������ .YRI
� % HMWGVMQMREXMZI�PEXIRX�ZEVMEFPI�QSHIP�JSV�WXEXMWXMGEP
QEGLMRI� XVERWPEXMSR� -R 4VSG�� SJ� EGP���� ,PX �TT� ��������
� 'SPYQFYW� 3LMS� 6IXVMIZIH� JVSQ

&VERXW� 8�� 4STEX� %� '�� <Y� 4�� 3GL� *� .��� 
�(IER� .� ������ .YRI
� 0EVKI� PERKYEKI�QSHIPW� MR�QE�
GLMRI�XVERWPEXMSR� -R 4VSGIIHMRKW�SJ�XLI������NSMRX�GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR�REXYVEP�PERKYEKI
TVSGIWWMRK�ERH�GSQTYXEXMSREP�REXYVEP� PERKYEKI� PIEVRMRK��IQRPT�GSRPP
 �TT� ��������
� 4VEKYI� '^IGL
6ITYFPMG� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

&VS[R� 4� *�� 'SGOI� .�� 4MIXVE� 7� %� (�� 4MIXVE� :� .� (�� .IPMRIO� *�� 0EJJIVX]� .� (�� ©�6SSWWMR� 4� 7�
������ .YRI
� % WXEXMWXMGEP�ETTVSEGL�XS�QEGLMRI�XVERWPEXMSR� 'SQTYXEXMSREP�0MRKYMWXMGW� ����
� �������
6IXVMIZIH�JVSQ

&VS[R� 4� *�� 4MIXVE� :� .� (�� 4MIXVE� 7� %� (���
�1IVGIV� 6� 0� ������ .YRI
� 8LI�QEXLIQEXMGW�SJ�WXEXMWXMGEP
QEGLMRI�XVERWPEXMSR� TEVEQIXIV�IWXMQEXMSR� 'SQTYXEXMSREP�0MRKYMWXMGW� ����
� ��������� 6IXVMIZIH
JVSQ

'IV� (�� .YVEJWO]� (���
�1ERRMRK� '� (� ������ .YRI
� 6IKYPEVM^EXMSR�ERH�WIEVGL�JSV�QMRMQYQ�IVVSV�VEXI
XVEMRMRK� -R 4VSG��SJ�WQX����� �TT� ������
� 'SPYQFYW� 3LMS� 6IXVMIZIH�JVSQ

'LIVV]� '��� 
� 0MR� (� ������ %TVMP
� -RZIVWMSR� XVERWHYGXMSR�KVEQQEV� JSV� NSMRX�TLVEWEP� XVERWPEXMSR
QSHIPMRK� -R 4VSG�� SJ� WWWX� ���� �TT� ������
� 6SGLIWXIV� 2I[�=SVO� 6IXVMIZIH� JVSQ



'LIVV]� '�� 1SSVI� 6� '���
�5YMVO� '� ������ .YRI
� 3R�LMIVEVGLMGEP�VI�SVHIVMRK�ERH�TIVQYXEXMSR
TEVWMRK� JSV� TLVEWI�FEWIH� HIGSHMRK� -R 4VSGIIHMRKW� SJ� XLI� WIZIRXL�[SVOWLST� SR� WXEXMWXMGEP�QEGLMRI
XVERWPEXMSR �TT� ��������
� 1SRXVqEP� 'EREHE� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH
JVSQ

'LMERK� (� ������ .YRI
� ,MIVEVGLMGEP�TLVEWI�FEWIH�XVERWPEXMSR� 'SQTYXEXMSREP�0MRKYMWXMGW� ����
� ����
����� 6IXVMIZIH�JVSQ HSM� ��������GSPM
��������������

'LMERK� (� ������ .YP]
� 0IEVRMRK�XS�XVERWPEXI�[MXL�WSYVGI�ERH�XEVKIX�W]RXE\� -R 4VSG�� SJ� EGP� ����
�TT� ����������
� 9TTWEPE� 7[IHIR� 6IXVMIZIH�JVSQ

'LMERK� (�� /RMKLX� /���
�;ERK� ;� ������ .YRI
� �������RI[�JIEXYVIW�JSV�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR�
-R 4VSG��SJ�REEGP�LPX����� �TT� ��������
� &SYPHIV� 'SPSVEHS� 6IXVMIZIH�JVSQ

'LMERK� (�� 1EVXSR� =���
�6IWRMO� 4� ������ 3GXSFIV
� 3RPMRI�PEVKI�QEVKMR�XVEMRMRK�SJ�W]RXEGXMG�ERH
WXVYGXYVEP�XVERWPEXMSR�JIEXYVIW� -R 4VSG��SJ�IQRPT����� �TT� ��������
� ,SRSPYPY� ,E[EMM� 6IXVMIZIH
JVSQ

'PEVO� .� ,�� (]IV� '�� 0EZMI� %���
�7QMXL� 2� %� ������ .YRI
� &IXXIV�L]TSXLIWMW�XIWXMRK�JSV�WXEXMWXM�
GEP�QEGLMRI�XVERWPEXMSR� 'SRXVSPPMRK�JSV�STXMQM^IV�MRWXEFMPMX]� -R 4VSG��SJ�EGP����� �TT� ��������
�
4SVXPERH� 3VIKSR� 97%�

'SLR� 8���
�&PYRWSQ� 4� ������ %YKYWX
� % &E]IWMER�QSHIP�SJ�W]RXE\�HMVIGXIH�XVII�XS�WXVMRK�KVEQQEV
MRHYGXMSR� -R 4VSG��SJ�IQRPT����� �TT� ��������
� 7MRKETSVI� 6IXVMIZIH�JVSQ

'VEQQIV� /�� (IOIP� 3�� /IWLIX� .�� 7LEPIZ�7L[EVX^� 7���
�7MRKIV� =� ������ 1EVGL
� 3RPMRI�TEWWMZI�
EKKVIWWMZI�EPKSVMXLQW� .SYVREP�SJ�1EGLMRI�0IEVRMRK�6IWIEVGL� �� ���������

(I2IVS� .�� &SYGLEVH�'|Xq� %���
�/PIMR� (� ������ 3GXSFIV
� 7EQTPMRK�EPMKRQIRX�WXVYGXYVI�YRHIV�E
&E]IWMER�XVERWPEXMSR�QSHIP� -R 4VSG��SJ�IQRPT����� �TT� ��������
� ,SRSPYPY� ,E[EMM� %WWSGMEXMSR
JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ



(IWGLEGLX� /��� 
� 1SIRW� 1��*� ������ %YKYWX
� 7IQM�WYTIVZMWIH� WIQERXMG� VSPI� PEFIPMRK� YWMRK� XLI
0EXIRX�;SVHW�0ERKYEKI�1SHIP� -R 4VSGIIHMRKW�SJ�XLI������GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR�REXYVEP
PERKYEKI�TVSGIWWMRK �TT� ������
� 7MRKETSVI� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH
JVSQ

(YL� /�� 7YHSL� /�� 8WYOEHE� ,�� -WS^EOM� ,���
�2EKEXE� 1� ������ .YP]
� 2�FIWX�VIVEROMRK�F]�QYPXMXEWO
PIEVRMRK� -R 4VSGIIHMRKW�SJ�XLI�NSMRX�½JXL�[SVOWLST�SR�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR�ERH�QIXVMGWQEXV �TT�
��������
� 9TTWEPE� 7[IHIR� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

*IRK� =�� 0MY� =�� 0MY� 5���
�'SLR� 8� ������ .YP]
� 0IJX�XS�VMKLX�XVII�XS�WXVMRK�HIGSHMRK�[MXL�TVIHMG�
XMSR� -R 4VSGIIHMRKW�SJ�XLI������NSMRX�GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR�REXYVEP�PERKYEKI�TVSGIWWMRK
ERH�GSQTYXEXMSREP�REXYVEP� PERKYEKI� PIEVRMRK �TT� ����������
� .INY� -WPERH� /SVIE� %WWSGMEXMSR� JSV
'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

+EPPI]� 1�� +VEILP� .�� /RMKLX� /�� 1EVGY� (�� (I2IIJI� 7�� ;ERK� ;���
�8LE]IV� -� ������ .YP]
� 7GEPEFPI
MRJIVIRGI�ERH�XVEMRMRK�SJ�GSRXI\X�VMGL�W]RXEGXMG�XVERWPEXMSR�QSHIPW� -R 4VSG��SJ�EGP�GSPMRK����� �TT�
��������
� 7]HRI]� %YWXVEPME� 6IXVMIZIH�JVSQ
HSM� �����������������������

+EPPI]� 1�� ,STOMRW� 1�� /RMKLX� /��� 
�1EVGY� (� ������ 1E]��� ��1E]��
� ;LEX�W� MR� E� XVERWPEXMSR
VYPI# -R�(� 1� 7YWER (YQEMW�
�7� 6SYOSW��)HW�
� 4VSG��SJ�LPX�REEGP����� �TT� ��������
� &SWXSR�
1EWWEGLYWIXXW� 97%��%WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW�

+EPPI]� 1��� 
�5YMVO� '� ������ .YP]
� 3TXMQEP�WIEVGL� JSV�QMRMQYQ�IVVSV�VEXI�XVEMRMRK� -R 4VSG�� SJ
IQRPT����� �TT� ������
� )HMRFYVKL� 7GSXPERH� 9/�� 6IXVMIZIH�JVSQ

+IWQYRHS� %���
�,IRHIVWSR� .� �����
� *EWXIV�'YFI�4VYRMRK� -R 4VSG��SJ�M[WPX����� �TT� ��������
�
+LSHOI� 7�� &MVH� 7���
�>LERK� 6� ������ 2SZIQFIV
� % FVIEHXL�½VWX�VITVIWIRXEXMSR�JSV�XVII�QEXGLMRK

MR�PEVKI�WGEPI�JSVIWX�FEWIH�XVERWPEXMSR� -R 4VSGIIHMRKW�SJ��XL�MRXIVREXMSREP�NSMRX�GSRJIVIRGI�SR�REXYVEP
PERKYEKI�TVSGIWWMRK �TT� ��������
� 'LMERK�1EM� 8LEMPERH� %WMER�*IHIVEXMSR�SJ�2EXYVEP�0ERKYEKI
4VSGIWWMRK� 6IXVMIZIH�JVSQ

+MQTIP� /���
�7QMXL� 2� %� ������ .YRI
� 7XVYGXYVIH�VEQT�PSWW�QMRMQM^EXMSR�JSV�QEGLMRI�XVERWPEXMSR�



-R 4VSGIIHMRKW�SJ� XLI������GSRJIVIRGI�SJ� XLI�RSVXL�EQIVMGER�GLETXIV�SJ� XLI�EWWSGMEXMSR� JSV�GSQTYXE�
XMSREP� PMRKYMWXMGW� ,YQER� PERKYEKI�XIGLRSPSKMIW �TT� ��������
� 1SRXVqEP� 'EREHE� %WWSGMEXMSR� JSV
'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

,EKLMKLM� %�� &PMX^IV� .�� (I2IVS� .���
�/PIMR� (� ������ %YKYWX
� &IXXIV�[SVH�EPMKRQIRXW�[MXL�WYTIVZMWIH
MXK�QSHIPW� -R 4VSG��SJ�EGP�MNGRPT����� �TT� ��������
� 7YRXIG� 7MRKETSVI� 6IXVMIZIH�JVSQ

,E]EWLM� /�� ;EXEREFI� 8�� 8WYOEHE� ,���
�-WS^EOM� ,� �����
� 7XVYGXYVEP�7YTTSVX�:IGXSV�1EGLMRIW�JSV
0SK�0MRIEV�%TTVSEGL�MR�7XEXMWXMGEP�1EGLMRI�8VERWPEXMSR� -R 4VSG��SJ�M[WPX����� �T� �������
� 8SO]S�
.ETER�

,STOMRW� 1��� 
� 1E]� .� ������ .YP]
� 8YRMRK� EW� VEROMRK� -R 4VSG�� SJ� IQRPT� ���� �TT� ����������
�
)HMRFYVKL� 7GSXPERH� 9/�� %WWSGMEXMSR� JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH� JVSQ

,WMIL� '��.�� 'LERK� /��;�� 0MR� '��.�� /IIVXLM� 7� 7��� 
� 7YRHEVEVENER� 7� �����
� % HYEP�GSSVHMREXI
HIWGIRX�QIXLSH�JSV�PEVKI�WGEPI�PMRIEV�WZQ� -R 4VSG�� SJ� MGQP� ��� �TT� ��������
� ,IPWMROM� *MRPERH�
6IXVMIZIH�JVSQ HSM� LXXT���HSM�EGQ�SVK���
���������������������

,YERK� 0��� 
� 'LMERK� (� ������ 3GXSFIV
� &IXXIV�O�FIWX�TEVWMRK� -R 4VSG�� SJ� M[TX��� �TT� ������
�
:ERGSYZIV� &VMXMWL�'SPYQFME� 6IXVMIZIH�JVSQ

,YERK� 0��� 
�'LMERK� (� ������ .YRI
� *SVIWX�VIWGSVMRK� *EWXIV�HIGSHMRK�[MXL� MRXIKVEXIH� PERKYEKI
QSHIPW� -R 4VSG��SJ�EGP����� �TT� ��������
� 4VEKYI� '^IGL�6ITYFPMG� %WWSGMEXMSR�JSV�'SQTYXEXMSREP
0MRKYMWXMGW� 6IXVMIZIH�JVSQ

,YERK� 0�� /RMKLX� /���
�.SWLM� %� �����
� 7XEXMWXMGEP�W]RXE\�HMVIGXIH�XVERWPEXMSR�[MXL�I\XIRHIH�HSQEMR
SJ�PSGEPMX]� -R -R�TVSG��EQXE����� �TT� ������
�

,YERK� 0���
�1M� ,� ������ 3GXSFIV
� )J½GMIRX�MRGVIQIRXEP�HIGSHMRK�JSV�XVII�XS�WXVMRK�XVERWPEXMSR� -R
4VSG��SJ�IQRPT����� �TT� ��������
� 'EQFVMHKI� 1%� 6IXVMIZIH�JVSQ

/PIMR� (���
�1ERRMRK� '� (� �����
� 4EVWMRK�ERH�L]TIVKVETLW� -R 4VSG��SJ�M[TX����� �TT� ��������
�



/RIWIV� 6���
�2I]� ,� ������ 1E]
� -QTVSZIH�FEGOMRK�SJJ�JSV�Q�KVEQ�PERKYEKI�QSHIPMRK� -R -R�TVSGIIHMRKW
SJ�XLI�MIII�MRXIVREXMSREP�GSRJIVIRGI�SR�EGSYWXMGW� WTIIGL�ERH�WMKREP�TVSGIWWMRK �:SP� -��T� �������
� (IXVSMX�
1MGLMKER�

/RMKLX� /� ������ (IGIQFIV
� (IGSHMRK�GSQTPI\MX]�MR�[SVH�VITPEGIQIRX�XVERWPEXMSR�QSHIPW� 'SQTY�
XEXMSREP�0MRKYMWXMGW� ��� ��������� 6IXVMIZIH�JVSQ

/SILR� 4�� 3GL� *� .���
�1EVGY� (� ������ 1E]�.YRI
� 7XEXMWXMGEP�TLEVWI�FEWIH�XVERWPEXMSR� -R 4VSG�� SJ
,08�2%%'0 ���� �TT� ������
� )HQSRXSR�

0IZIRFIVK� %�� (]IV� '��� 
� &PYRWSQ� 4� ������ .YP]
� % FE]IWMER�QSHIP� JSV� PIEVRMRK�WGJKW�[MXL�HMW�
GSRXMKYSYW�VYPIW� -R 4VSGIIHMRKW�SJ�XLI������NSMRX�GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR�REXYVEP�PERKYEKI
TVSGIWWMRK�ERH�GSQTYXEXMSREP�REXYVEP�PERKYEKI�PIEVRMRK �TT� ��������
� .INY�-WPERH� /SVIE� %WWSGMEXMSR
JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

0M� >���
�)MWRIV� .� ������ %YKYWX
� *MVWX��ERH�WIGSRH�SVHIV�I\TIGXEXMSR�WIQMVMRKW�[MXL�ETTPMGEXMSRW
XS�QMRMQYQ�VMWO�XVEMRMRK�SR�XVERWPEXMSR�JSVIWXW� -R 4VSG�� SJ� IQRPT����� �TT� ������
� 7MRKETSVI�
6IXVMIZIH�JVSQ

1EGLIVI]� ;�� 3GL� *�� 8LE]IV� -���
�9W^OSVIMX� .� ������ 3GXSFIV
� 0EXXMGI�FEWIH�QMRMQYQ�IVVSV�VEXI
XVEMRMRK�JSV�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR� -R 4VSG��SJ�IQRPT����� �TT� ��������
� ,SRSPYPY� ,E[EMM�
6IXVMIZIH�JVSQ

1EVGY� (��� 
�;SRK� (� ������ .YP]
� % TLVEWI�FEWIH�NSMRX�TVSFEFMPMX]�QSHIP�JSV�WXEXMWXMGEP�QEGLMRI
XVERWPEXMSR� -R 4VSGIIHMRKW�SJ�XLI������GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR�REXYVEP�PERKYEKI�TVSGIWWMRK
�TT� ��������
� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

HSM� �����������������������
1G(SREPH� 6�� ,EPP� /���
�1ERR� +� ������ .YRI
� (MWXVMFYXIH�XVEMRMRK�WXVEXIKMIW�JSV�XLI�WXVYGXYVIH

TIVGITXVSR� -R 4VSG��SJ�REEGP�LPX����� �TT� ��������
� 0SW�%RKIPIW� 'EPMJSVRME�
1M� ,��� 
�,YERK� 0� ������ 3GXSFIV
� *SVIWX�FEWIH� XVERWPEXMSR�VYPI�I\XVEGXMSR� -R 4VSG�� SJ� IQRPT

���� �TT� ��������
� ,SRSPYPY� ,E[EMM� 6IXVMIZIH�JVSQ

1M� ,�� ,YERK� 0���
�0MY� 5� ������ .YRI
� *SVIWX�FEWIH�XVERWPEXMSR� -R 4VSG��SJ�EGP���� ,PX �TT� ��������
�



'SPYQFYW� 3LMS� 6IXVMIZIH�JVSQ
1M� ,���
�0MY� 5� ������ .YP]
� 'SRWXMXYIRG]�XS�HITIRHIRG]�XVERWPEXMSR�[MXL�JSVIWXW� -R 4VSG�� SJ� EGP

���� �TT� ����������
� 9TTWEPE� 7[IHIR� 6IXVMIZIH�JVSQ

1SGLMLEWLM� (�� =EQEHE� 8���
�9IHE� 2� ������ %YKYWX
� &E]IWMER�YRWYTIVZMWIH�[SVH�WIKQIRXEXMSR
[MXL�RIWXIH�TMXQER�]SV�PERKYEKI�QSHIPMRK� -R 4VSGIIHMRKW�SJ�XLI�NSMRX�GSRJIVIRGI�SJ�XLI���XL�ERRYEP
QIIXMRK�SJ�XLI�EGP�ERH�XLI��XL�MRXIVREXMSREP�NSMRX�GSRJIVIRGI�SR�REXYVEP�PERKYEKI�TVSGIWWMRK�SJ�XLI�EJRPT
�TT� ��������
� 7YRXIG� 7MRKETSVI� %WWSGMEXMSR� JSV�'SQTYXEXMSREP� 0MRKYMWXMGW� 6IXVMIZIH� JVSQ

1SSVI� 6� '��� 
�5YMVO� '� ������ %YKYWX
� 6ERHSQ�VIWXEVXW� MR�QMRMQYQ�IVVSV� VEXI� XVEMRMRK� JSV
WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR� -R 4VSG��SJ�GSPMRK����� �TT� ��������
� 1ERGLIWXIV� 9/� 6IXVMIZIH
JVSQ

2IYFMK� +�� ;EXEREFI� 8�� 1SVM� 7���
�/E[ELEVE� 8� ������ .YP]
� 1EGLMRI�XVERWPEXMSR�[MXLSYX�[SVHW
XLVSYKL�WYFWXVMRK�EPMKRQIRX� -R 4VSGIIHMRKW�SJ� XLI���XL�ERRYEP�QIIXMRK�SJ� XLI�EWWSGMEXMSR� JSV�GSQ�
TYXEXMSREP� PMRKYMWXMGW� �ZSPYQI� �� 0SRK� TETIVW
 �TT� ��������
� .INY� -WPERH� /SVIE� %WWSGMEXMSR� JSV
'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

2IYFMK� +�� ;EXEREFI� 8�� 7YQMXE� )�� 1SVM� 7���
�/E[ELEVE� 8� ������ .YRI
� %R�YRWYTIVZMWIH�QSHIP
JSV�NSMRX�TLVEWI�EPMKRQIRX�ERH�I\XVEGXMSR� -R 4VSG��SJ�EGP�LPX����� �TT� ��������
� 4SVXPERH� 3VI�
KSR� 97%��%WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

3GL� *� .� ������ .YP]
� 1MRMQYQ�IVVSV�VEXI�XVEMRMRK�MR�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR� -R 4VSGIIHMRKW�SJ�XLI
��WX�ERRYEP�QIIXMRK�SJ�XLI�EWWSGMEXMSR�JSV�GSQTYXEXMSREP�PMRKYMWXMGW �TT� ��������
� 7ETTSVS� .ETER� %W�
WSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

HSM� �����������������������
3GL� *� .���
�2I]� ,� ������ .YP]
� (MWGVMQMREXMZI�XVEMRMRK�ERH�QE\MQYQ�IRXVST]�QSHIPW�JSV�WXEXMWXMGEP

QEGLMRI�XVERWPEXMSR� -R 4VSG��SJ�EGP����� �TT� ��������
� 4LMPEHIPTLME� 4IRRW]PZERME� 97%� 6IXVMIZIH
JVSQ HSM� �����������������������

3GL� *� .��� 
�2I]� ,� ������ (IGIQFIV
� 8LI�EPMKRQIRX� XIQTPEXI�ETTVSEGL� XS�WXEXMWXMGEP�QEGLMRI



XVERWPEXMSR� 'SQTYXEXMSREP�0MRKYMWXMGW� ����
� ��������� 6IXVMIZIH�JVSQ
HSM� ������������������������

4ETMRIRM� /�� 6SYOSW� 7�� ;EVH� 8���
�>LY� ;��.� ������ .YP]
� &PIY� E�QIXLSH�JSV�EYXSQEXMG�IZEPYEXMSR�SJ
QEGLMRI�XVERWPEXMSR� -R 4VSG��SJ�EGP����� �TT� ��������
� 4LMPEHIPTLME� 4IRRW]PZERME� 97%��%WWSGMEXMSR
JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ
HSM� �����������������������

4EYPW� %�� (IRIVS� .��� 
� /PIMR� (� ������ %YKYWX
� 'SRWIRWYW� XVEMRMRK� JSV� GSRWIRWYW� HIGSHMRK� MR
QEGLMRI�XVERWPEXMSR� -R 4VSG��SJ�IQRPT����� �TT� ����������
� 7MRKETSVI� 6IXVMIZIH�JVSQ

6SWXM� %��:�� >LERK� &�� 1EXWSYOEW� 7���
�7GL[EVX^� 6� ������ .YP]
� &FR�W]WXIQ�HIWGVMTXMSR�JSV�[QX��
W]WXIQ�GSQFMREXMSR�XEWO� -R 4VSGIIHMRKW�SJ�XLI�NSMRX�½JXL�[SVOWLST�SR�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR�ERH
QIXVMGWQEXV �TT� ��������
� 9TTWEPE� 7[IHIR� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH
JVSQ

6SWXM� %��:�� >LERK� &�� 1EXWSYOEW� 7���
�7GL[EVX^� 6� ������ .YP]
� )\TIGXIH�FPIY�XVEMRMRK�JSV�KVETLW�
&FR�W]WXIQ�HIWGVMTXMSR�JSV�[QX���W]WXIQ�GSQFMREXMSR�XEWO� -R 4VSGIIHMRKW�SJ�XLI�WM\XL�[SVOWLST�SR
WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR �TT� ��������
� )HMRFYVKL� 7GSXPERH� %WWSGMEXMSR�JSV�'SQTYXEXMSREP
0MRKYMWXMGW� 6IXVMIZIH�JVSQ

7EIVW� 1�� 2MZVI� .���
�;Y� (� ������ 3GXSFIV
� 0IEVRMRK�WXSGLEWXMG�FVEGOIXMRK�MRZIVWMSR�XVERWHYGXMSR
KVEQQEVW�[MXL�E�GYFMG�XMQI�FMTEVWMRK�EPKSVMXLQ� -R 4VSG�� SJ� M[TX��� �TT� ������
� 4EVMW� *VERGI�
6IXVMIZIH�JVSQ

7LMIFIV� 7� 1�� 7GLEFIW� =���
�4IVIMVE� *� '� 2� ������ .YP]��%YKYWX
� 4VMRGMTPIW�ERH�MQTPIQIRXEXMSR�SJ
HIHYGXMZI�TEVWMRK� .SYVREP�SJ�0SKMG�4VSKVEQQMRK� �������
� ������

7MQMERIV� 4�� 6MI^PIV� 7���
�(]IV� '� ������ .YP]
� .SMRX�JIEXYVI�WIPIGXMSR�MR�HMWXVMFYXIH�WXSGLEWXMG�PIEVRMRK
JSV�PEVKI�WGEPI�HMWGVMQMREXMZI�XVEMRMRK�MR�WQX� -R 4VSGIIHMRKW�SJ�XLI���XL�ERRYEP�QIIXMRK�SJ�XLI�EWWSGMEXMSR
JSV�GSQTYXEXMSREP�PMRKYMWXMGW��ZSPYQI��� 0SRK�TETIVW
 �TT� ������
� .INY�-WPERH� /SVIE� %WWSGMEXMSR�JSV
'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

7QMXL� (� %���
�)MWRIV� .� ������ .YP]
� 1MRMQYQ�VMWO�ERRIEPMRK�JSV�XVEMRMRK�PSK�PMRIEV�QSHIPW� -R 4VSG��SJ
XLI�GSPMRK�EGP����� �TT� ��������
� 7]HRI]� %YWXVEPME� 6IXVMIZIH�JVSQ



8IL� =�;� �����E
� % FE]IWMER�MRXIVTVIXEXMSR�SJ�MRXIVTSPEXIH�ORIWIV�RI] �8IGL��6IT�
� 7GLSSP�SJ�'SQTYXMRK�
2EXMSREP�9RMZIVWMX]�SJ�7MRKETSVI� �8IGLRMGEP�6ITSVX�86%����


8IL� =� ;� �����F� .YP]
� % LMIVEVGLMGEP�FE]IWMER�PERKYEKI�QSHIP�FEWIH�SR�TMXQER�]SV�TVSGIWWIW� -R
4VSGIIHMRKW�SJ�XLI���WX�MRXIVREXMSREP�GSRJIVIRGI�SR�GSQTYXEXMSREP�PMRKYMWXMGW�ERH���XL�ERRYEP�QIIXMRK�SJ
XLI�EWWSGMEXMSR�JSV�GSQTYXEXMSREP�PMRKYMWXMGW �TT� ��������
� 7]HRI]� %YWXVEPME� %WWSGMEXMSR�JSV�'SQ�
TYXEXMSREP� 0MRKYMWXMGW� 6IXVMIZIH� JVSQ HSM�
�����������������������

8VSQFPI� 6�� /YQEV� 7�� 3GL� *���
�1EGLIVI]� ;� ������ 3GXSFIV
� 0EXXMGI�1MRMQYQ�&E]IW�6MWO�HIGSHMRK
JSV�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR� -R 4VSG��SJ�IQRPT����� �TT� ��������
� ,SRSPYPY� ,E[EMM� 6IXVMIZIH
JVSQ

;EXEREFI� 8� ������ .YRI
� 3TXMQM^IH�SRPMRI�VERO�PIEVRMRK�JSV�QEGLMRI�XVERWPEXMSR� -R 4VSGIIHMRKW�SJ�XLI
�����GSRJIVIRGI�SJ�XLI�RSVXL�EQIVMGER�GLETXIV�SJ�XLI�EWWSGMEXMSR�JSV�GSQTYXEXMSREP�PMRKYMWXMGW� ,YQER
PERKYEKI�XIGLRSPSKMIW �TT� ��������
� 1SRXVqEP� 'EREHE� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW�
6IXVMIZIH�JVSQ

;EXEREFI� 8�� 7Y^YOM� .�� 8WYOEHE� ,���
� -WS^EOM� ,� ������ .YRI
� 3RPMRI�0EVKI�1EVKMR�8VEMRMRK� JSV
7XEXMWXMGEP�1EGLMRI�8VERWPEXMSR� -R 4VSG��SJ�IQRPT�GSRPP����� �TT� ��������
� 4VEKYI� '^IGL�6ITYFPMG�

;EXEREFI� 8�� 8WYOEHE� ,���
�-WS^EOM� ,� ������ .YP]
� 0IJX�XS�6MKLX�8EVKIX�+IRIVEXMSR�JSV�,MIVEVGLMGEP
4LVEWI�&EWIH�8VERWPEXMSR� -R 4VSG��SJ�EGP�GSPMRK����� �TT� ��������
� 7]HRI]� %YWXVEPME� 6IXVMIZIH
JVSQ HSM� �����������������������

;Y� (� ������ 7ITXIQFIV
� 7XSGLEWXMG�MRZIVWMSR�XVERWHYGXMSR�KVEQQEVW�ERH�FMPMRKYEP�TEVWMRK�SJ�TEV�
EPPIP�GSVTSVE� 'SQTYXEXMSREP�0MRKYMWXMGW� ����
� ��������� 6IXVMIZIH� JVSQ

<MES� <�� 0MY� =�� 0MY� 5���
�0MR� 7� ������ .YP]
� *EWX�KIRIVEXMSR�SJ�XVERWPEXMSR�JSVIWX�JSV�PEVKI�WGEPI�WQX
HMWGVMQMREXMZI�XVEMRMRK� -R 4VSGIIHMRKW�SJ�XLI������GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR�REXYVEP�PERKYEKI
TVSGIWWMRK �TT� ��������
� )HMRFYVKL� 7GSXPERH� 9/�� %WWSGMEXMSR� JSV�'SQTYXEXMSREP�0MRKYMWXMGW�
6IXVMIZIH�JVSQ

<MI� .�� 1M� ,��� 
� 0MY� 5� ������ .YP]
� % RSZIP�HITIRHIRG]�XS�WXVMRK�QSHIP� JSV�WXEXMWXMGEP�QEGLMRI



XVERWPEXMSR� -R 4VSG�� SJ� IQRPT� ���� �TT� ��������
� )HMRFYVKL� 7GSXPERH� 9/�� 6IXVMIZIH� JVSQ

>IRW� 6���
�2I]� ,� ������ .YP]
� % GSQTEVEXMZI�WXYH]�SR�VISVHIVMRK�GSRWXVEMRXW�MR�WXEXMWXMGEP�QEGLMRI
XVERWPEXMSR� -R 4VSGIIHMRKW�SJ�XLI���WX�ERRYEP�QIIXMRK�SJ�XLI�EWWSGMEXMSR�JSV�GSQTYXEXMSREP�PMRKYMWXMGW �TT�
��������
� 7ETTSVS� .ETER� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

HSM� �����������������������
>IRW� 6�� 2I]� ,�� ;EXEREFI� 8���
�7YQMXE� )� ������ %YK�����%YK���
� 6ISVHIVMRK�'SRWXVEMRXW�JSV

4LVEWI�&EWIH� 7XEXMWXMGEP�1EGLMRI�8VERWPEXMSR� -R 4VSG�� SJ� '30-2+ ���� �TT� ��������
� +IRIZE�
7[MX^IVPERH�

>LERK� ,�� *ERK� 0�� <Y� 4��� 
�;Y� <� ������ .YRI
� &MREVM^IH�JSVIWX�XS�WXVMRK�XVERWPEXMSR� -R 4VSG�� SJ
EGP�LPX����� �TT� ��������
� 4SVXPERH� 3VIKSR� 97%� 6IXVMIZIH�JVSQ

>LERK� ,���
�+MPHIE� (� ������ .YRI
� 7XSGLEWXMG�PI\MGEPM^IH�MRZIVWMSR�XVERWHYGXMSR�KVEQQEV�JSV�EPMKR�
QIRX� -R 4VSGIIHMRKW�SJ�XLI���VH�ERRYEP�QIIXMRK�SJ�XLI�EWWSGMEXMSR�JSV�GSQTYXEXMSREP�PMRKYMWXMGW��EGP���

�TT� ��������
� %RR�%VFSV� 1MGLMKER� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

HSM� �����������������������
>LERK� ,�� 5YMVO� '�� 1SSVI� 6� '���
�+MPHIE� (� ������ .YRI
� &E]IWMER�PIEVRMRK�SJ�RSR�GSQTSWMXMSREP

TLVEWIW�[MXL�W]RGLVSRSYW�TEVWMRK� -R 4VSGIIHMRKW�SJ�EGP���� ,PX �TT� �������
� 'SPYQFYW� 3LMS� %W�
WSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ

>LERK� ,�� >LERK� 1�� 0M� ,��� 
�8ER� '� 0� ������ %YKYWX
� *EWX�XVERWPEXMSR�VYPI�QEXGLMRK�JSV�W]RXE\�
FEWIH�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR� -R 4VSGIIHMRKW�SJ�XLI������GSRJIVIRGI�SR�IQTMVMGEP�QIXLSHW�MR
REXYVEP�PERKYEKI�TVSGIWWMRK �TT� ����������
� 7MRKETSVI� %WWSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW�
6IXVMIZIH�JVSQ

>SPPQERR� %��� 
�:IRYKSTEP� %� ������ .YRI
� 7]RXE\�EYKQIRXIH�QEGLMRI�XVERWPEXMSR�ZME�GLEVX�TEVWMRK�
-R 4VSGIIHMRKW�SR�XLI�[SVOWLST�SR�WXEXMWXMGEP�QEGLMRI�XVERWPEXMSR �TT� ��������
� 2I[�=SVO�'MX]� %W�
WSGMEXMSR�JSV�'SQTYXEXMSREP�0MRKYMWXMGW� 6IXVMIZIH�JVSQ


