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Core component in SMT

The IBM 3 (and other) SMT translation models P(f|e) can be
complex

A lot can go wrong = the translation model can (and will!)
produce lots of strange looking e’s

Of course we hope that the probabilities for the parameters used
In modelling P(f|e) will produce some good ones ...

Still we need a bit more help ...

The Language Model
Recall: é = argmax, P(e|f) = argmax, P(f|e) X P(e)
P(e) trained on good English text (mono-lingual)
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Language Models

é = argmax, P(e|f) = argmax, P(f|e) X P(e)

Just an aside:

If we'd reason directly about P(e|f) (rather than go through
noisy channel model with Baysian inversion) our probability
estimates better be very good!

P(e f)
P(f)

P(elf) =

B Going through noisy channel + inversion allows P(f|e) to be a
bit more lax/crazy (and easier to build) as it is being kept in
check by P(e).
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Language Models

B Whatis P(e)?
H ... the probability of English sentences

B E.g. suppose we have a million (1,000,000) English sentences

B Suppose the sentence “How's it going? ” occurs 56 times in the
data

B Then we could use MLE to estimate
56

1,000,000

P(How's it going?) =

B That seems reasonable ...

Josef.van_Genabith@dfki.de Language Technology Il (SS 2014): Statistical Machine Translation 6



Language Models

= UNIVERSITAT
DES
¥ SAARLANDES

Is this reasonable?
Do we only want to look at full sentences in the data?
And do we only assign P(e) to grammatically correct sentences?

No!

We’'ll never see all possible English sentences in the data
So a perfectly good but unseen sentence will just get P(e) =0

Also P(f|e) will produce quite a bit of junk and even the best
may not be 100% grammatical

People sometimes say things that are ungrammatical ...
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Language Models

B So how do we build these models?

B \We break things (sentences) down into (sequences) of words =
n-grams

B Use these as building blocks for our P(e) model
single word  unigram
two words bigram
three words  trigram

n words n-gram

B |dea: if a string has many reasonable n-grams, it is possibly ok.
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Language Models

B A first go: let’'s use the chain rule

P(W1W2W3 WTL)
= P(w1) X P(wy|wy) X P(ws|wywy) X - X P(Wp|wq ... Wy_q)

B Not bad. Each of the parameters of the factors can be estimated
using MLE with counts from large sets of mono-lingual data:

#(w) #(wjw;)
b(w) = total word tokens in data b(wi|Wj ) B #Hw;

#(Wk W]Wl)
#(wg ... wj)

B Trouble: many longer b(w;|wy ...w;) will never be seen in data
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Language Models

B Problem is estimating these long “histories”
B Apply the Markov assumption: limited history/memory
B [nstead of
P(W1W2W3 WTL)
= P(w1) X P(wy|wy) X P(ws|wywy) X - X P(Wp|wq ... Wy_q)
B We do sth. like
P(W1W2W3 Wn)

~ P(wy) X P(wy|wy) X P(ws|wy) X --- X P(Wy|Wp_1)
B Decompose string into sequences of bigrams
B Often with “invisible” beginning and end of sentence marker:

P(W1W2W3 Wn)
~ P(wy](s)) X P(wz|wq) X P(wsz|wy) X+ X P(Wp|wy_1)

X P({/s})wp)
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Language Models

P(wyiw,o,ws ...wy,)
~ P(w1|(s)) X P(wz|lwy) X P(Wz|wy) X -+ X P(Wy|Wy_1)

X P({/s)|wn)
B Bigram LM, first-order Markov Model:
n
P(wiwows ...wp) = l_[P(Wi|Wi—1)
i=1
B Trigram LM, second-order Markov Model:

n
P(wiwws ...wy) = HP(Wi|Wi—2 Wi—1)
i=1
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Language Models

B Let b(y|x) be the probability that word y follows word x

B ) is a parameter of a generative probabilistic model that
generates English strings and assigns probabilities to them

B We need to estimate b from data: lots of English text
B Using MLE, an estimator could look like this

count("xy") #("xy")
count("x")  #("x")

b(ylx) =
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Language Models

P(I like snakes that are not poisonous.) =7

P(I like snakes that are not poisonous .) =
P(I|start—of—sentence) X
P(like|l) X
P(snakes|like) X
P(that|snakes) X
P(are|that) X
P(not|are) X
P(poisonous|not) X
P(.|poisonous) X
P(end—of—sentence]|.)
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Language Models

P(How's it going ?) =7?

P(How 's it going ?) =~
P(How/|start—of—sentence) X
P('s|How) X
P(it|'s) X
P(goingl|it) X
P(?|going) X
P(end—of—sentence|?)

B This is a bigram model
B Only remembers the previous word ...
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B Trigram model:

P(How 's it going ?) =

Josef.van_Genabith@dfki.de

P(How|start—of—sentence start—of—sentence) X
P('s|start—of—sentence How) X

P(it|How 's) X

P(going|'s it) X

P(?|it going) X

P(end—of—sentence|going ?) X
P(end—of—sentence end—of—sentence|?)
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N-gram models can assign probabilities to sentences they have
never seen

By piecing things together from n-grams

They generalise much better to unseen data than direct
estimation of complete sentences from data

But: they can also assign probability 0 to some perfectly good
sentences:

A bi-gram model will assign a sentence probability 0 if there is at
least one single bi-gram in the sentence it never saw In training:
If y never followed x in our training data, then P(y|x) =0 ...

Same for trigram models: if z never followed x y in our training
data, then P(z|x y) =0 ...
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Language Models: Smoothing

B |nstead of

#(x y z)
b(z|xy) =
#(x y)
B We can use sth. like
b(z|xy) =
#(xy z) :
0.95 X o + (trigram)
#(y z) :
0.04 X ) + (bigram)
#(2) :
0.008 x Fwords) (unigram)
0.002 (if all else falils)

B Note: (i) this assigns non-zero probabilities to all strings (also
ungrammatical strings); (ii) smoothing coefficients sum to 1

B Thisis not (!) the best way! There is a lot more to LMs than we can
cover here ...!
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Language Models: Training

B How do we estimate b parameters?
B Just count n-grams in large data sets and divide ...

B Fairly easy ... but you need to be a bit careful to scale this to
very large data sets

B Consistent and sensible tokenisation ...
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Language Models: Evaluation

® Model
B Generative story + parameter values

B How do we know one model is better than another?

B One way to compare them: select some new testdata; what is
the probability of a model given the testdata?

P(model|testdata)
B Apply Bayes

P(testdata|model) X P(model)
P(testdata)

P(model|testdata) =
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Language Models: Evaluation

P(testdata|model) X P(model)

P(model|testdata) = P(testdata)

B The best model is the one that maximises P(model|testdata).
B P(testdata) is the same here
B Assume P(model) is the same too

B Then the best model is the one that maximises
P(testdata|model)

B P(testdata|lmodel) Is easy to compute:

P(testdata|model) = P(e), where e = testdata
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Language Models: Evaluation

B Trigram models generally better than bigram
B A test sentence like

I hire men who is good pilots

B Will get fairly high probability by bigram model
b(who|men) b(is|who)

B But not by trigram model
b(is|men who)

Josef.van_Genabith@dfki.de Language Technology Il (SS 2014): Statistical Machine Translation 21



= UNIVERSITAT
DES
¥ SAARLANDES

Language Models: Evaluation

B Perplexity per word: N is number of words in e = wyw, ...wy

ppL = 2~ E5E _ -y log P(e)

B |f a model assigns high P(e) to some unseen data e, it is not
very surprised by the data and perplexity is low

As P(e) increases, perplexity decreases
Better models have lower perplexity
—log, P(e) optimal (= minimal) number of bits to code e
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Language Models: Evaluation Example

2~ —logzNP(e) — 2—% log, P(e)

B Suppose we have a unigram language model with

1 1
p(x) — Z;p(Y) — EJP(Z) — 4
B What is the perplexity of the string “x y z" ?

1.1 1 1
XoXo=— and log, P(e) = logz(3;) = =5

Sl

P(e) =
1 5
—%logz P(e) = —% —5= g and 27~ '082P(¢) = 23 ~ 3,175

23
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Language Models

2_—10g2NP(e) — 2—% log, P(e)

log, P(e)

P(e) = P(wiwy ...wy,)
= P(wq) X P(Wa|wy) X --- X P(Wp Wy ... wp_1)

log, P(e) = log, P(Wyw, ...wy,)

= log, (P(wy) X P(w|wy) X -« X P(wy|wy ...wpy_1))
= log, P(wq) + log, P(wy|wy) + -+ + log, P(wy[wy ... wy_q)

n
= 2 log, P(w;|lwyq ...w;_1)
=1
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Language Models

log, P(e 1 1
5~ gzN (e) _ 2_N10g2 P(e) _ Z—Nzli\illogz P(wilwq..wi_q1)

_1oq 1
(P(W1W2 Wy, )) n =

\ P(wyw, ...wy, )

a¥ = eln(ax) — eXIn(a)

B Perplexity Intuition: average number of choices/branching factor
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Evaluating (S)MT

B What do we want to know?
- How good is the (S)MT output?
s a system useful?
lIs one system better than another?

B When is a translation a good translation?
] Equivalent in meaning to source text: Adequacy

 Fluent in target language: Fluency

B How many good translations are there?
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Evaluating (S)MT

B Why do we want to evaluate (S)MT?
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Data
Collection

Training

Test

Error

Analysis

Better
Models

|

Better
Tramning

Better

Search

More
Data

|

Better
Preproc.

|

Figure 3.1: Development cycle of a statistical MT system.
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(Och 2000)
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Evaluating (S)MT

B How do we evaluate (S)MT?
- Manual (“subjective”)
J Automatic (“objective”)

B Manual
) Human professional translators
1 People proficient in source and target language at stake
] People who only understand target but have access to a reference?
] Can be time consuming and expensive
] Not easy to reproduce: rater/inter-annotator agreement
1 MT output sometimes so bad, hard to rate ...
) Still: the yardstick, the gold-standard, the ideal ...
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Human Evaluation

B Guidelines

B Adequacy (Scale of 5)

1. All meaning

2. Most meaning

3. Much meaning

4. Little meaning

5. none
B Fluency (Scale of 5)

1. Flawless (English)
Good (English)
Non-native (English)
Disfluent (English)
Incomprehensible

a bk oW
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Human Evaluation

Judge Sentence

You have already judged 14 of 3064 sentences, taking 86.4 seconds per sentence.
Source: les deux pays constituent plutdt un laboratoire nécessaire au fonctionnement interne de 1 ' ue .

Reference: rather . the two countries form a laboratory needed for the internal working of the eu .

Translation Adequacy Fluency
CCCCF CCCCE
both countries are rather a necessary laboratory the internal operation of the eu .
1 2 3 4 5 1 2 3 4 5
CC & C ¢ CC & CC
both countries are a necessary laboratory at internal functioning of the eu .
1 2 3 4 5 1 2 3 4 5
CCCFEC CCCFC
the two countries are rather a laboratory necessary for the internal workings of the eu .
1 2 3 4 5 1 2 3 4 5
CCECC CCCCE
the two countries are rather a laboratory for the internal workings of the eu .
1 2 3 4 5 1 2 3 4 5
CC & C C CC & CC
the two countries are rather a necessary laboratory internal workings of the eu .
1 2 3 4 5 1 2 3 4 5
Annotator: Philipp Koehn Task: WMTO06 French-English Annotate I
5= All Meaning 5= Flawless English
4= Most Meaning |4= Good English
Instructions 3= Much Meaning |3= Non-native English
2= Little Meaning |2= Disfluent English
I= None 1= Incomprehensible |
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Human Evaluation

B Very hard to do for humans

B Juggle 5 (possibly equally miserable or good) automatic
translations (for possibly long sentences)

B With respect to 2 dimensions on a scale of 5 each ...
B Miserable inter-annotator/rater agreement
B Don’'t know what is wrong or why a system is good or bad ..

Judge Sentence

You have already judged 14 of 3064 sentences, taking 86.4 seconds per sentence

Source: les deux pays constituent plutdt un laboratoire nécessaire au fonctionnement interne de 1" ue .

Reference: rather , the two countries form a laboratory needed for the internal working of the eu

Translation Adequacy Fluency
[l [l

both countries are rather a necessary laboratory the internal operation of the eu .
1 23 435 1 2 3 435
cCCECC CCECC

ecessary laboratory at internal functioning of the eu .

12345 12345
CCCEC CCCEC
1 23 45 1 23 4S5
CCECC [ Y

the two countries are rather a laboratory necessary for the internal workings of the eu .

the two countries are rather a laboratory for the internal workings of the eu .

1 23 435 1 23 435
cCCECC CCECC
the two countries are rather a necessary laboratory internal workings of the eu .
- - 1 23 45 1 2 3 45
Annotator: Philipp Koehn Task: WMTO06 French-English Annotate
5= All Meaning
4= Most M i
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Human Evaluation

Appraise (Christian Federmann 2012)

UNIVERSITAT

3-Way Ranking

001/200

Thanks to grant funding (subsidy of 2.8 million) Dank dieser Finanzierung (Zuschiisse in Hohe
they were able to purchase equipment and for von 2, 8 Mio. CZK) konnten die notwendigen
the period of two years provide qualified Einrichtungen und die Ausstattung beschafft
personnel and operation. The European Union werden und fiir die Dauer von 2 Jahren ist fir
announces having allocated in 2010 2.2 thousand qualifiziertes Personal und fiir den Betrieb
million Euros, a good token of observance of its gesorgt. Die EU verklindet, im Jahre 2010 2,2
promise of 7.2 thousand million Euros in 2012. Milliarden Euro freigesetzt zu haben, was sie auf den

richtigen Weg zur Respektbezollung ihres
Engagements von 7,2 Milliarden im Jahre 2012
bringt.

Dank Subventionsfinanzierung (Subvention von 2.8 Millionen) konnten sie Ausstattung kaufen und sorgen fiir
den Zeitraum von zwei Jahren fiir qualifiziertes Personal und Operation.

Dank Subventionsfinanzierung (Subvention von 2.8 Millionen) waren sie fahig, um Ausstattung zu kaufen, und
sorgen fiir den Zeitraum von zwei Jahren fiir qualifiziertes Personal und Operation.

OA>B QA=B QA<B © Flag Error
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Human Evaluation

B Error classifications (Vilar et al. 2006):

. . _— Content Words
Missing Words =—— )
e Filler Words

— Word Level =—_
Word Order <

__— Local Range

Phrase Level =—_

—_— LU]-I }’_}’ R(I] lp,(—"

Errors Sense =——_

_— Incorrect Form
—— Extra Words
Style

[dioms

Incorrect Words

_ _—— Unknown Stem
Unknown Words =—"___ .
— Unseen Forms

Punctuation

Figure 1: Classification of translation errors.
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__— Local Range

—— Long Range

__— Wrong Lexical Choice

—— Incorrect Disambiguation
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B Error classification MOQM QTLaunchPad (Lommel et al. 2013):

Normative terminology

Qverly literal
False friend |

Should not have been translated®

Date/time*
Unit conversion™

Number®

Entity (such as name or place}* J

Graphic

Color

Global font choice |

Footnote/endnote format

Headers and footers \1\ Overall design (layout)
Margins {
Widows/orphans
Page break /-"

Text alignment

\.

Paragraph indentation

Bold/italic

Wrong size .‘, Font kLDmIfﬂrmatting
single/double-width (CJK only}) |

Kerning

Leading /
Inconsistent markup

Misplaced )

Added

Missing

Markup* |

Questionable
Whitespace” :I
Position i
Missing .‘, Graphics and tables _.-‘
Call-outs and caption _," |

fl
Trunctation/text expansion® ||

Length® _-"

N .
| Design / \

\ [

\| (mono-and/orbi-lingual) ./ \

Internationalization

Josef.van_Genabith@dfki.de

Other /|

".Issue Types )

Variants/slang

Company style

4 Style guide

Monolingual terminology” Normative monalingual terminology

[ Abbreviations®

"_ (Mechanical)

Image vs. text
Discourse

-

\ Duplication*®

| Ambiguity Unclear reference

Capitalization

Spelling*

. Diacritics
aphy® Punctuation
Typogr: o
I‘ —————{ Unpaired quate marks or brackets

I Marphology (word form)
I S

/" partof speech

Grammar® | Agreement

Word order

Function words

Date format

ime format

" Measurement format
- . Mumber format
Quote mark type

| National language standard
Character encoding®

Nonallowed characters®

Pattern problem®

| Sorting®
Corpus conformance®

Document-internal

Link/cr ference*

Document-external
Page references

| Index/TOC* [ Index/TOC format

\ Missing /incorrect item

Lists

4 Procedures

Language Technology Il (SS 2014): Statistical Machine Translation
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Human Evaluation

B Error classification MQM Core QTLaunchPad (Lommel et al.
2013):

Register*
Terminology*
(Content) Style*
Mistranslation .
Inconsistency
Omission* Accuracy
Addition* .
Issue Types Fluency Spelling*
Untranslated*
. Typography*
Completeness (Mechanical)
Grammar*

Legal requirements Verity Locale violation*
ocale violation

Locale applicability Unintelligible
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Human Evaluation

B Error classification MQM MT Subset (Lommel et al. 2013):

(Content) | Style®

& ! Q

Terminology* | e
. | spelling® _ Capitalization
Mistranslation S —_—
. TFP"'!I"F"-‘#"G

Omission* “’ Accuracy ."fi.:-'.sue Typﬂ;;\“'. Fluency ,
L\ A A / / Morphology (word form)

Addition* | T~ h ' .
] o III" iMechanical) [ Part of speech
Untranslated* "~ ! .

I | Grammar* | Agreement
[ .

[ L Function waords
1 L

Word order

Josef.van_Genabith@dfki.de Language Technology Il (SS 2014): Statistical Machine Translation 36



=» UNIVERSITAT

Human Evaluation

B Error classification MQM mapping to SAE J2450 (Lommel et al.
2013):

Menelingual terminology
[=Wrong termj

Omission A R [ spelling
ccuracy
[(=0Omission) A Y ( =Misspelling)
_— { Issue Types | Fluency -
Other " ———  Typography
[(=Miscellanecus error} T I\ [= Punctuation Error)
i I
. Grammar Meorphology (word form)
\ (=Syntactic Error) (=Word structure or agreement error)
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Human Evaluation

B Error classification MQM mapping to ITS 2.0 (Lommel et al.
2013):

Register

[register)
P
[ stye
Con | style)
) Conterrt) | ————
Telm_lnnlng)' /" Inconsistency
fterminology) . ':\ [inconsistency)

Number ".I |I | Duplication
inumbers) _ Mistranslation | ' Iduplication)
Entity (such as name or place) ":,M N !
(inconsistent-entities) ) |
: o | Accuracy ) [ Spelling
Omission Y [misspelling}
[omission) ) kY | h
- \ [ Typography
Addition | Fluency III | (typographical)
laddition) /| | P | I —
— | "--H\_.r 1 [ Grammar
Untranslated | ( Issue Types | {l lgrammar)
[untranslated) g I " Locale viola
- T — |I'. I-,.1»_.‘.-_:‘-_',-'.:;.T,u_:,-';_'l-F,-:.' Locale violation
Markup | . . llocale-violation)
{markup}) \ L
. s . i | | Nonallowed characters
Whitespace | Design A | . lcharacters)
(whitespace) | (formattingl .~ [/ \
7 - I | | | Pattern problem
Length | | (pattern-problem)
flength) / \ |
- [ | Corpus conformance
internationalization  / | ' (non-confarmance)
{internationalization) ./ | | ’
oth - | | Unintelligible
ther \ \ i
; \ \ (uncategorized)
(other) / \ =
E— Legal requirements
(legall

. Verity -
—\ Locale applicability
(locale-specific-content)

M
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Human Evaluation:

Time Consuming

Expensive

Difficult to define and operationalise

Hard to reproduce: inter-rater agreement

Hard to scale: though see crowd-sourcing (Chris Callison-Burch
papers)

Still: indispensable and the yardstick

All “serious” MT shared tasks/competitions (such as WMT,
IWSLT, NIST, ...) do a human evaluation track

B and, of course, they also do automatic evaluation ...
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Automatic Evaluation

The basic idea

Given a reference translation (or several reference translations),
compare MT output against

How?

How similar are they?

Word, n-gram, string-overlap (surface string similarity)

More sophisticated stuff (not just surface string matching based)

] Stemming, morphological analysis, synonyms, paraphrases,
syntactic and semantic structure, etc.
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Automatic Evaluation: F-Measure

Reference: Israeli officials are responsible for airport security
System A: Israeli officials responsibility of airport safety

B Word overlap: precision, recall and f-measure

B Precision: how many of the words in output are correct?
# correct words in output __ 3

==-=0.5

# total words in output 6

B Recall: how many of the words in reference are in the output?
# correct words in output 3 __ 0.43
# total words inreference 7

B F-measure: harmonic mean of precision and recall

2 X precision X recall 0.46
score = = 0.
/- precision + recall
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Automatic Evaluation: F-Measure

Reference: Israeli officials are responsible for airport security
System A: Israeli officials responsibility of airport safety
System B: airport security Israeli officials are responsible
System C: security Israeli are officials responsible airport

_ [SystemA |SystemB_[SystemC

precision 0.50 1.00 1.00

recall 0.43 0.86 0.86

f-score 0.46 0.86 0.86

B Problem: f-measure can reward unintelligible word salad if
individual words are O.K. ...

B Fails to reflect word order
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Automatic Evaluation: BLEU

Reference: Israeli officials are responsible]for(airport security
System A: Israeli officials responsibility of airport safety
System B: alrport securitylisraeli officials are responsible
System C: security Israeli are officials responsible airport

B Look at n-gram overlap, not just words

B n-gram precision (n =1 ...4), plus brevity penalty
4

BLEU = min(1 , |reference]| 1—[ . %
= min(1, exp( output] (] | n— gram precision)

n=1
B BLEU = 0 if the hypothesis does not have a matching n-gram for
any ofthen =1 ..4: System A and C!
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Automatic Evaluation: BLEU

Reference: Israeli officials are responsible]for(airport security
System A: Israeli officials responsibility of airport safety
System B: alrport securitylisraeli officials are responsible
System C: security Israeli are officials responsible airport

4

BLEU = min(1 . |reference] 1—[ o %
= min(1, exp( loutput] (] | n— gramprecision)

n=1
1 6 4 2 1

4
1 1
— 4=(=—X=X—X=-)4 = 4 =
(Hn gram prec) (6X5><4><3) 0.1333 0.60
n=

_ |referencel _ 7
min| 1,exp| 1 — =min| 1l,exp|1——=])=0.87
loutput| 6

BLEUg = 0.87 X 0.60 = 0.52
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Automatic Evaluation: BLEU

Reference: Israeli officials are responsible for airport security
System A: Israeli officials responsibility of airport safety
System B: airport security Israeli officials are responsible
System C: security Israeli are officials responsible airport
_ [SystemA |SystemB_[SystemC
f-score 0.46 0.86 0.86
BLEU 0 0.52 0

B Problem: BLEU assigns 0 to many hypotheses
B Meant to work on document, not sentence, level
B sBLEU for sentence level ...
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Automatic Evaluation: BLEU

4
BLEU — min(1 . |reference| 1—[ . %
= min(1, exp( loutput] ))( 1n gram precision)
n=
B Fancy way of writing BLEU:
|reference| 1

BLEU = min(1, exp(1 —

4
loutput| ) (exp z Ap X log(n — gram prec) |)4
n=1

B A; usually 1...
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Automatic Evaluation: BLEU

Correlation with Human Judgement
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Automatic Evaluation: BLEU

Evidence of Shortcomings of Automatic Metrics

Post-edited output vs. statistical systems (NIST 2005)
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Evidence of Shortcomings of Automatic Metrics

Rule-based vs. statistical systems

45 T T T T I I
Adequacy e
Fluency @
4 + *
* SMT System 1 g
Rule-based System
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S 35
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£
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Automatic MT Evaluation Metrics

B Treat all words as strings: no difference between function and content
words

Do not consider global grammaticality
Do not consider meaning

Yesterday John resigned from the company
John quit the company yesterday

Scores by themselves do not mean much
Human translators score low on BLEU

But: many references
METEOR, MEANT, Karolina Owczarzack ...
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