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The U.S. island of Guam is maintaining a high
state of alert after the Guam airport and its offices
both received an e-mail from someone calling
himself the Saudi Arabian Osama bin Laden and
threatening a biological/chemical attack against
public places such as the airport.

“§&. Phrase-Based SMT in a Nutshell

Training: .
: oerien I II .II ! Translation
millions of | natuerlic spass am | | spie | Model
aligned i
parallel v i Reordering
sentences | of coursel I has I Ifun with theI Igamel i Model
billions of i |of course john has ! Target
target course john has fun i Language
language john has fun with i Model
sentences :

. Model Size

Phrase tables
+ 2 phrase translation probabilities
» 2 lexical translation weights
Language models
+ 1 probability per known N-gram
* backoff probabilities, unknown word probabilities

Example: English - French trained on Europarl
* 114 million phrase translations
» 113 million 5-gram probabilities in language model
+ 133 million backoff probabilities in language model

. Decoding Complexity

Naively, in a sentence of N words with T translation options for
each phrase, we can have

« O(2N) phrase segmentations,

« O(TN) sets of phrase translations,
* O(N!) word reordering permutations
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“§A. Translation Options

Get (all) translation options for all possible segmentations of the

input sentence to be translated!

er geht ja nicht nach hause
( he ) (C is ) (_yes ) ( not ) (_after ) (_house )
C it ) C are ) is (__donot ) ( fo ) home )
C A ) (__goes ) ( _ofcourse ) (_doesnot ) (C accordingfo ) (__chamber )
[¢ he D) ( go ) ) (Csnot ) in ) (Cathome )
C 7S DI Mot Yy Fome D)
C he will be ) ( is not ) under house D
C it goes ) C does not ) C refurn home D)
C he goes ) [¢ do not ) ( do not )
C 5 Y © )
are ) following )
C is after all D I ¢ not after D)
C does ) not o )
C not D)
C is not )
C are not )
C is nota )
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% Decoding by Hypothesis Expansion

Using the available translation options
create translation hypothesis from left to right:

er geht ja nicht nach hause

yes \EE

[TTT] Y

he r:-:w
goes home

i
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. Exploiting Model Locality

‘B akomHhusetHhittadeHpolisen‘

‘Behind”thelhouse policeroundD|

What we need to score a new hypothesis‘iS/

» the score of the previous hypothesis

mingd narkotika .

given

« the translation model Score g context
independent

* the new language model score
\ limited

window

Choices are independent of everything beyond this window
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* Hypothesis Recombination

Example:

» Three hypotheses with the same coverage
» trigram language model

(A frrdibho | |

e thenousepotee

‘Behind”the houserolice‘ Score =-11.2
Heh e howsalnolical Q 99N
u TrICTTIIoas Poacc OLUIT — O

Competing hypotheses can be discarded because they will
never beat the winning one later on!
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% Hypothesis Recombination

In the search graph: Combine branches

[TTT1T he —> does not [TTT1T he —> does not
it does not it

It is a form of dynamic programming
* substantial reduction of the search space
+ search is still optimal

“* Hypothesis Recombination

Combine branches greatly reduces the search space

goes
|| p:-1.648

1-0.556 —
[TTT
it

ome
| ——¥|p:-5.012
to house
. 0es not go ,/*_:-4.334
-2.72p>| p:-1.664 p:-2.743

— Y
[T1 H P
p:-1.388 p:-2.839 go
p:-4.087 ouse
p:-5.912

HE

:-0.484

Y

But decoding is still exponential
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. Stack Decoding

define stack
limits

N\

[ ] [ 1]

no word one word two words three words
translated translated translated translated

t

sorted by the number of input words covered by the given hypothesis

‘;* Pruning

Histogram Pruning

» keep no more that n hypotheses per stack
» Parameter: Stack size n

Threshold Pruning

» discard hypotheses with low scores compared to the score
of the best hypothesis on the same stack h*

» Score(h) <a * Score(h”)
» Parameter: threshold factor a
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“§A. Distortion Limits

Limit reordering reduces search space dramatically
» most partial hypotheses cover the same input
+ search complexity: linear in sentence length

Is it OK to do that?
« for closely related languages: most reordering is local
* could do pre-ordering if necessary

Bakom hittade|polisenfen stor mingd narkotika .

’Behind”the houserolice‘ \

limited distortion window
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“§A. Take Home Messages

Translation as decoding
+ optimise the search problem
* hypothesis expansion and recombination
* pruning and beam search

Links
» Moses decoder: http://www.statmt.org/moses/
» other tools: http://www.statmt.org
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Hierarchical Models
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‘ Hierarchical Phrase-Based Models

Like phrase pairs. . .

[brmsche Skandale ] ist [ dieser ][nlcht besonders schlupfrlg ]

[ British political scandals ][ go , this one ] is [not partlcularly] juicy

But with nesting:

Fur | britische Skandale

As[ British political scandals ]go

ist dieser | nicht besonders- ’
N\
, this one is | not particularly ’
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‘% Hierarchical Phrase-Based Models

standard phrase-based models = one level of hierarchy
HIERO = any kind of tree depth
Represented as Synchronous Context-Free Grammars (SCFGs)

/ only one non-terminal X
Xa (linked between source
and target)

TS
§(3 / \x:s
l AN
X2 X1 X2
\ |

das Tor geht schnell auf the door opens quickly

X1
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‘i Hierarchical Phrase-Based SMT

deshalb @ die [ Werbung ] ’ [unzutreffend ] und [ irrefihrend ]’

VA 1

| A L\

therefore the [advertise/ment] [ was ] [ unfotlmded ] and [ misleading ]’

Synchronous re-write rules:

X — deshalb Xy die Xy | therefore the X2 X3

X — XjundXy | Xy andXg

Add probabilities derived from statistics for each rule
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* Hierarchical Phrase Extraction

werde

Ihnen
entsprechenden
Anmerkungen
aushandigen

Ich
die

shall
be
passing p» werde Ihnen die entsprechenden
i Anmerkungen aushéndigen
= shall be passing on to you
to some comments

you
some
comments
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‘ Hierarchical Phrase Extraction

o)

S €

c O &

225

o 2 T

o X c .
85 aog subtracting
S2E85&3 subphrase

I

shall

be
passing
on

to

you

some
comments

» werde X aushéndigen
= shall be passing on X
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% Linguistically Motivated Syntax * Learning Syntactic Rules

String-to-Tree models
» train on parsed parallel corpora (at least target language)

o

« extract hierarchical SCFG rules

)

» translate plain text input Z B A 2
E38, “zg

. 1 hEE
Tree-to-String and Tree-to-Tree models c5202E9
L 2 £ BT o< ®

+ train on parsed parallel corpora

PRP |
« extract synchronous tree-substitution rules (STSGs) S< ﬁ D shall
VP:

. VB be
« translate parsed input vBG passing
VP, R
RP ONn PP‘{O - /PP\
VP T0 tOo Thnen TO PRP
PP(PRP you ! ‘
to you
N DT some
NNS comments

& Learning Syntactic Rules % Learning Syntactic Rules

Rl
o

S

Zn:/—];\> = /]\>
EEE 22'0' E§ §z> . . .
i £, 28 E2a .23 Rule with this phrase pair
LW <5 . o T - =
° c oo < ] . )
co202E%3 °T§5 FEG requires syntactic context
S2£565<3d s8c2tc 3 q Y

L 2T o< ®

vB be SN N

VP;
VP, BG passing . VAFIN VP MD VP
RP ON VP, BG passing | | N
RP ON werde — shall vB vp
VP K |

Vi
v
TO to
PP P T0 to
<PRP you PP< be

PRP you

DT some
N ‘/ DT some
NNS comments N

NNS comments

PRP |
C MD shall F U DN I O DR > English span not a constituent s PRP |
vD shall SOE FOES EE S8 CO0) EEETRRE > VP VP
VP VB be no rule extracted S




“§&. Parameter Estimation

Extract all rules
+ from large aligned (possibly parsed) parallel data
* rule extraction heuristics

Score rules
» count statistics
* maximum-likelihood estimation

Decoding Hierarchical
Models

. Generating Strings with SCFGs

Input jemand muBte Josef K. verleumdet haben
T NP —  Josef K. | Josef K.
ro: VBN —  verleumdet | slandered
rs: VBN —  verleumdet | defamed
Grammar T4 VP — mufite X1 X haben | must have VBN2 NPy
5 S — jemandXy | someone VPy
re: s — jemand mufite X1 Xo haben | someone must have VBNy NPy
T s — jemand mufite X1 Xo haben | NPy must have been VBN; by someone

0.90
0.40
0.20
0.10
0.60
0.80
0.05

. Generating Strings with SCFGs

Input jemand muBte Josef K. verleumdet haben
=i NP —  Josef K. | Josef K.
=71y VBN — wverleumdet | slandered
rs: VBN — wverleumdet | defamed
Grammar = 4 VP —  mufite X1 Xo haben | must have VBNy NPy
= ry S — jemandX; | someone VPy
76 s — jemand mufte X; X2 haben | someone must have VBN NPy
r S — jemand mufite X; X haben | NPy must have been VBN; by someone
Source Target
X s
Derivation 1 ,em{\x soméons W
mufte X X haben mist have VBN NP
Joef K. ver\eu‘mdet slandered Josef K.
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0.10
0.60
0.80
0.05



‘* Generating Strings with SCFGs

Input jemand muBte Josef K. verleumdet haben

0.90
0.40
0.20
0.10
0.60
0.80

=r: NP —  Josef K. | Josef K.
r9: VBN —  werleumdet | slandered
= r3: VBN — wverleumdet | defamed
Grammar = 1y VP —  muffte X; X2 haben | must have VBN2 NPy
= r5: S — jemandX; | someone vPy
re! S — jemand mufte X; Xo haben | someone must have VBNy NPy
7 s — jemand mufte X; Xo haben | NPy must have been VBN by someone 0.05
Source Target
X s
H H X soméone VP
Derivation 2 femand
mute X >‘< haben mdst  have vs‘m NP
Josef K. verleumdet defamed Josef K.
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% Generating Strings with SCFGs

Input jemand muBte Josef K. verleumdet haben
=y NP —  Josef K. | Josef K. 0.90
r9: VBN —  wverleumdet | slandered 0.40
=rs: VBN — wverleumdet | defamed 0.20
Grammar Ty VP —  mufte Xy X2 haben | must have VBN NPy 0.10
75! S — jemandX; | someone VPy 0.60
Te: s — jemand mufte X; X2 haben | someone must have VBNy NPy 0.80
= re s — jemand mufte X; X2 haben | NP1 must have been VBN; by someone 0.05

Source Target
X s
Derivation 6 jemand muBte X X haben NP must have been VBN by someone

Josef K. verleumdet Josef K. defamed
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. Translating with SCFGs

Objective Find the highest-scoring synchronous derivation d*

Solution

1. Project grammar
Project weighted SCFG to weighted CFG
f: G — G’ (many-to-one rule mapping)

2. Parse
Find Viterbi parse of sentence wrt G’

3. Translate

Produce synchronous tree pair by applying inverse

projection f’

HELSINGIN YLIOPISTO
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* Translating = Parsing

Use synchronous CFG like monolingual CFG

qi: NP —  Josef K.
q2: VBN —  wverleumdet
G/ qs3: VP  —  mufite NP VBN haben
qa: S — jemand VP
qs: S — jemand mufite NP VBN haben

Use standard algorithms for probabilistic parsing
» CKY, CKY+, Earley

Keep track of target side of applied rules

or reconstruct synchronous derivation
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MT Evaluation
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“§A. What Is The Problem?

A typical example from the 2001 NIST evaluation set:

XA WY 8 e TE & Des Tm M .

Israeli officials are responsible for airport security.

Israel is in charge of the security at this airport.

The security work for this airport is the responsibility of the Israel government.
Israeli side was in charge of the security of this airport.

Israel is responsible for the airport’s security.

Israel is responsible for safety work at this airport.

Israel presides over the security of the airport.

Israel took charge of the airport security.

The safety of this airport is taken charge of by Israel.

This airport’s security is the responsibility of the Israeli security officials.
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. Evaluation Metrics

Subjective judgements by human evaluators
« translation quality
* grammaticality and style
* inter-annotator agreement

Automatic evaluation metrics
* based on reference translations
« linguistic resources to account for natural variation

Task-based evaluation, e.g.
« estimate post-editing effort
« information preservation for cross-lingual IR
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. Adequacy and Fluency

Adequacy Fluency
5 all meaning 5 flawless English
4 | most meaning 4 good English
3 | much meaning 3 | non-native English
2 | little meaning 2 | disfluent English
1 none 1 | incomprehensible
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“§A. Evaluators Disagree “&. Automatic Evaluation

Histogram of adequacy judgments by different evaluators:

test set 5
est se MT

l

reference system
translations translations

12345 12345 12345 12345 \ /

(from WMT 2006 evaluation)

compare =——» score

. Word Error Rate . BLEU (Bilingual Evaluation Understudy)

System A System B

reference .
translation £ / \ o N-gram overlap between MT output and reference translation
e e . .. .
-2 o cZ._2 & Geometric mean of n-gram precisions (typically 1 to 4)
gcg 83 8382, 8
5505w 8 AR . — - —
ol1]12]3l4]5]6 ol1]2]3l4]5]6 P = \/pTBCZS’LO’rLl * PreciSiong x ... % PreciSiony,
Israeli | 1 1|12|3]4]|5 Israeli [1]1]2 3|45 n i
officials | 2 1L1 2(a4 officials [2 [2 |23 [Bl 3 | 4 . . . 1 .
= TECLS10N T * PrectSiong * ... * Precision, )" = TECLSION;
are[3[2]1[1]2]3]4 are[3[3]3]|3|3 A3 (p 1*p 2 P n) (1:[12) l)
responsible |4 |3 (22|23 |4 | responsible (4 (4]|4]|4]4]|3 =
for|5|4[3]3|a]a]4 for[5|5[5[5[5[4]3 N . .
airport [6 |5 |4 |4 | 4 [ER 4 airport [6 IR 6665 |4 Additional brevity penalty for short translation (recall)
security 7 |6 |5|5(5(4 |4 security 7 | 6 6(7(6[5
Metric System A | System B 1 if output-length ¢ > reference-length r
exp(l —r/c) if output-length ¢ < reference-length r

word error rate (WER) 57% 71%
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A Example “§&. Multiple Reference Translations

svsTEMA: [Tsraeli officials | responsibility of safety Account for variability: Use multiple reference translations
2-GRAMMATCR 1-GRAM MATCH * N-grams may match in any of the reference
REFERENCE: Israeli officials are responsible for airport security » closest reference length is used for brevity penalties
SYSTEMB: |airport security | [Israeli officials are responsible |
2-GRAM MATCH 4-GRAM MATCH Example:
Metric System A | System B
precision (1gram) 3/6 6/6 SYSTEM: Israeli officials | [ responsibility of | [airport | safety
precision (2gram) 1/5 4/5 AT ’ _ ) _
precision (3gram) 0/4 2/4 Islraell qfﬂqals are re?ponsmle fpr gpL'rt sgcurlty
= REFERENCES: _ srael is in c_harge_g the secunty g.t this airport
precision (4gram) 0/3 1/3 The security work for this airport is the responsibility of the Israel government
brevity penalty 6/7 6/7 Israeli side was in charge of the security of this airport
BLEU 0% 52%

. Correlation with Human Judgement . Typical BLEU Scores
| | | |
= BLEU scores for 110 SMT systems (Koehn 2005)
E + Adequacy

= | @ Fluency % | da de el en es fr fi it nl pt sv
£ da| - 184 211 285 264 287 142 222 21.4 243 283
2 de | 223 - 207 253 254 277 11.8 213 234 232 205
. el [ 227 174 - 272 312 321 114 268 200 276 21.2
g en | 252 176 232 - 301 311 13.0 253 21.0 27.1 248
E | e pa— o es | 241 182 283 305 - 402 125 323 214 359 239
z fr [ 23.7 185 26.1 30.0 384 - 126 324 21.1 353 226
) fi | 200 145 182 218 21.1 224 - 183 17.0 19.1 188
°e it |21.4 169 248 278 340 360 11.0 - 200 31.2 202
* nl [ 205 183 17.4 23.0 229 246 103 200 - 207 19.0
pt | 232 182 264 301 379 390 11.9 320 202 - 219
sv |303 189 228 302 286 297 153 239 219 259 -

Human Judgments
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“§A. Take Home Messages

Manual evaluation
» adequacy and fluency
« difficult and expensive

Automatic Evaluation
» comparison to human reference translations
» fast, reusable but not always reliable

Links
* WMT evaluation campaigns: http://www.statmt.org/wmt16/
* IWSLT (spoken MT): http://workshop2016.iwslt.org
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language

“&. Running Experiments "7

CORPUSabcha LMameba

translation parameter
model tuning
TG oG

[[pospce-dma fst-align 1) | ™| pasc-relax |

translating &
evaluation /

EVALUATION 1aiocb]

symmetrize-fast-align (1)

build-lex-trans 1)

sigtest-ilier-reondering

build-rable 1)

sigiesi-filter ible

filier (1)

]
RSITET|

Running Experiments
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iINKI

. Next Sessions

MWEs and SMT
* handle MWEs in machine translation
« find MWEs in parallel data sets

Train and use your own SMT model
* language modeling
» word alignment
« translation modeling
« translating test sets and evaluate
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