Low Cost Portability for Statistical Machine Translation
based on N-gram Frequency and TF-IDF

Matthias Eck, Stephan Vogel and Alex Waibel

Interactive Systems Laboratories
Carnegie Mellon University
Pittsburgh, PA, 15213, USA

matteck@cs.cmu.edu, vogel+@cs.cmu.edu, waibel@cs.cmu.edu

Abstract

Statistical machine translation relies heavily be fvailable
training data. In some cases it is necessary tio fira amount
of training data that can be created for or acguadled by the
systems. We introduce weighting schemes which aliewo

sort sentences based on the frequency of unseeanrsgA
second approach uses TF-IDF to rank the senterddts.

sorting we can select smaller training corpora amcare able
to show that systems trained on much less trairdata
achieve a very competitive performance comparegiateline
systems using all available training data.

1. Introduction

The goal of this research was to decrease the ammiun
training data that is necessary to train a conipetgtatistical
translation system regardless of the actual tetd da its
domain. “Competitive” here means that the systenuishnot
produce significantly worse translations compared system
trained on a significantly larger amount of data.

It is important to note that this is not an addéptatpproach
as we assume that the test data (and its domairgtiknown
at the time we select the actual training data.

Statistical machine translation can be described formal
way as follows:

t" = argmaxP(t | s) = argmaxP(s|t) [P(t)
t t

Here t is the target sentence, and s is the s@@mence. P(t)
is the target language model and P(s|t) is thestadan model
used in the decoder.

Statistical machine translation searches for thst b@rget
sentence from the space defined by the target &ygymodel
and the translation model.

Statistical translation models are usually eithérape- or
word-based and include most notably IBM1 to IBM4 and
HMM ([1], [2], [3]). Some recent developments foedson
online phrase extraction ([4], [5]).

All models use available bilingual training datatlire source
and target languages to estimate their parametads a
approximate the translation probabilities.

One of the main problems of Statistical Machinen&tation
(SMT) is the necessity to have large parallel coapo
available. This might not be a big issue for magrguages,
but it certainly is a problem for languages withwée
resources ([6], [7]). To improve the data situatfon these
languages it is necessary to hire human translasirs

enormous costs who translate corpora that canbiateised to
train SMT systems.

Our idea focuses on sorting the available sourcgerees
that should be translated by a human translatoordity to
their approximate importance. The importance ismeged
using a frequency based and an information retrieva
approach.

2. Motivation

There are three inherently different motivationstfee goal of
limiting the amount of necessary training data far
competitive translation system. We described those
motivations and their applications already in thper [8].

Application 1: Reducing Human Translation Cost

The main problem of portability of SMT systems tewn
languages is the involved cost to generate parhllgigual

training data as it is necessary to have sentenaeslated by
human translators.

An assumption could be that a 1 million word corpegds to
be translated to a new language in order to buiddaent SMT
system.

A human translator could charge in the range of@pmately

0.10-0.25 USD per word depending on the involvedjleges
and the difficulty of the text. The translation afl million

word corpus would then cost between 100,000 and0RB0
uUsD.

The concept here is to select the most importantesees
from the original 1 million word corpus and havelyothose
translated by the human translators. If it wouill Isé possible
to get a similar translation performance with angigantly

lower translation effort, a considerable amounmohey could
be saved.

This could especially be applied to low densitygiaages with
limited resources ([6], [7]).

Application 2: Translation on Small Devices

Another possible application is the usage of staikmachine
translation on portable small devices like PDAselt phones.
Those devices tend to have a limited amount of nmgmo
available which limits the size of the models thevide can
actually hold and a larger training corpus will aky result in

a larger model. The more recent approaches to@mplhrase
extraction for SMT make it necessary to have thepus
available (and in memory) at the time of transkafig!], [5]).
Given the upper example, a small device might moalble to
hold a 1 million word bilingual corpus but e.g. yrd corpus



with 200,000 words. The question is now which pHrthe
corpus (especially which sentences) should beteglend put
on the device to get the best possible translatystem.

Application 3: Standard Translation System

Even on larger devices that do not have rigid htigns of
memory, the approach could be helpful. The compleaf
online phrase extraction and standard training ralyos
depends mainly on the size of the bilingual trajnidata.
Limiting the size of the training data with the satranslation
performance on these devices would speed up thelatéons.

Another problem is that the still widely used 32t bi
machines like the Intel Pentium 4 and AMD Athlon Xé&ies
can only address up to 4 gigabytes of memory. Tlaee
already bilingual corpora in excess of 4 gigabyeailable
and therefore it is necessary to select the mogiitant
sentences from these corpora to be able to holch time
memory. (The last issue will certainly be resolMey the
widespread introduction of 64 bit machines whichn ca
theoretically address 17 million terabytes of meyrjor

3. Previous Work

This research can generally be regarded as an éxahp
active learning. This means the machine learniggrahm
does not just passively train on the availablentrgj data but
plays an active role in selecting the best trairdata.

Active learning, as a standard method in machiaenlag,
has been applied to a variety of problems in nafarguage
processing, for example to parsing ([9]) and toomatic
speech recognition ([10]).

It is important to note the difference between #pproach
and approaches to Translation Model Adaptation J{[Tt
simple subsampling techniques that are based oradhel
test data. Here we assume that the test data iknootn at
selection time so the intention is to get the hesssible
translation system for every possible test data.

Our previous work in this area focused on improwimg n-
gram (type-) coverage by selecting the sentencesdban the
number of previously unseen n-grams they contaih [8
Section 4.2 will give a short overview over our\pogis best
method.

4. Description of sentence sorting

4.1. Algorithm

The sentences are sorted according to the followiegy
simple algorithm.

For all sentences that are not in the sorted list
Calculate weight of sentences
Find sentence with highest weight
Add sentence with highest weight to sorted list

The interesting part is the calculation of the vaeigf each
sentence. The weight of a sentence will generadiyedd on
the previously selected sentences.

We present three different schemes to calculaténthertance
of a sentence. Section 4.2 presents our previosissieéection

approach and section 4.3 an approach that weightersces
based on the frequency of the unseen n-grams.nigtieod in
section 4.4 uses TF-IDF to find sentences thatdéferent
from the already seen sentences.

4.2. Previous Best Weighting Scheme

As stated earlier our previous work in this areaufed on
optimizing the sorting of the sentences based enntigram
coverage.
The best results were achieved using the followieighting
term:
2
#(unseem - grams)

previous_bst_weightsentencp= =

|sentende

This means for each sentence, which had not begedsget,

the number of unseen uni- and bigrams was calallated

divided by the length of the sentence (in wordg)isTgave

significantly better results than the baseline eayst where the
sentences were not weighted.

4.3. Weighting of Sentences Based on N-gram Frequency

The problem with the previous best system is thatre
unseen unigram gets the same weight. Words thgt aodur
once in the whole training data will be given tlaeng value as
higher frequent and probably more important wotide same
is certainly true for low- and high-frequency bigra
This is why we wanted to make sure that our newghteig
schemes focus on high-frequency n-grams and psitwegght
on lower frequency n-grams. This means the goa enot
necessarily to optimize the coverage of the typetsdh the
tokens.
We use the frequency of the n-grams in the trairdata to
estimate their importance. The first term just swwer the
frequencies for every unseen n-gram to get theesest
weight.
j

weight. (sentence= frequencyf — gram)

J n=1 unseenn—-grams

The parameterj here determines the n-grams that are
considered and was set to values of 1, 2 and 3hen t
experiments.

This means an unseen sentence ‘likihere is the hotel?'will
have a high weight, especially for data in the ismardomain
because we can assume that every n-gram in thiersmnis
rather frequent.

These simple weighting schemes already show impnents
over the baseline systems as shown in the latds pdrthe
paper but they have various shortcomings. They alotake
the actual translation cost of the sentence intoouwat.
(Translators generally charge per word and notseetence).
This leads to the fact that longer sentences terget higher
weights than shorter sentences, because they wiitam
more, and possibly higher frequent, unseen n-graims focus
on token-coverage is certainly very helpful but den
sentences are more difficult for the training oétistical
translation models. (When training the translatioodel
IBM1 for example every possible word alignment bedw
sentences is considered.)



To fix these shortcomings we changed the weightmms to
incorporate the actual length of a sentence byddigithe sum
of the frequencies of the unseen n-grams by thetteof the
sentence:

frequencyf — gram)

n=1l unseenn-grams

|sentende

Weightj (sentence=

This changes the weight to — informally speakingnewly
covered tokens in the training data per word todiae”.
As noted earlier the algorithms for training tratisin models
in statistical machine translation usually work teet(and
faster) on shorter sentences. For this reason s taked to
divide by the square of the length of a sentencielwprefers
even shorter sentences.
Overall the weighting terms can be written as:
i

frequencyf - gram)
n=1 unseenn—-grams

weighri -(sentenck= i
2 |sentende

We introduce the second parametehere to indicate the
exponent of the sentence length (values used in
experiments were 0, 1 and 2).

It is certainly possible to use higher valuesifandj but the
results indicated that higher values would not poedbetter
results.

4.4. Weighting of sentences based on TF-IDF

The second approach for the weighting of sentercéssed
on a different idea and uses an information resdiewethod
(TF-IDF) to attach a weight to sentences.

TF-IDF similarity measure

TF-IDF is a similarity measure widely used in infation
retrieval. The main idea of TF-IDF is to represeasech
document by a vector in the size of the overallamdary.
Each documentD (this will be a sentence or a set of

sentences in our case) is then represented as #®rvec
(M,Wz,...,Wm) if mis the size of the vocabulary. The entry

W is calculated as:
w, = tfy * log(idfy )
e tf, is the term frequency (TF) of the k-th word in
the vocabulary in the documeit i.e. the number

of occurrences.
e idfy is the inverse document (IDF) frequency of the
k-th term, given as
idf,, = #documents
#documentsontainingk - th term

The similarity between two documents is then defias the
cosine of the angle between the two vectors.

Sentence weighting with TF-IDF

The idea now is to use TF-IDF to find the mattferent
sentence compared to the already selected sentandegive

the

this one the highest importance - this means wesgigct the
sentence with the lowest TF-IDF score (comparedtht®
already selected sentences) next.

The first sentence here has to be randomly seldmteduse
there is nothing to compare the available senteagamst in
the first step. The randomly selected sentenceddoeil

[ 1. | Where is the hotel? |

In the next step the TF-IDF score for every stifitable
sentence compared to this sentence is calculated.
Sentences that do not have a single common word this
sentence will get the lowest possible TF-IDF scof® and
one of those will again be selected, for example:

1. Where is the hotel?
2. | had soup for dinner.

At some point there will be no more sentencestledt only
contain unseen words so every sentence will getsitipe TF-
IDF score. The lowest TF-IDF score will then ber fo
sentences that have the fewest number of alreaaty werds
and the highest document frequency for these woAds.
selected sentence in this example could be:

1. Whereis the hotel?
2. | had soup for dinner.
3. Thisis fine.

This sentence only shares the wdid’ with the already
sorted sentences. The wdfid” most likely has a very high
document frequency, thus a low IDF score which detdan
overall low score for this particular sentence.

A sentence liké'We ate dinner at a restaurant.Will get a
higher score because the shared wlidner” is certainly
less frequent thatis” and will get a higher IDF score.

The TF score in this example would be the same san be
ignored. In the next iteration the TF score f@” in the
sorted sentences will be higher, which in turn Imsvéhe
chances to select another sentence Yisth

This means overall that this weighting scheme mitlke sure
that at the beginning new and unseen words areedand it
will give more weight to higher frequent words laterhich is
the same behavior as the weighting schemes preksénte
section 4.3.

A more information-retrieval centered motivatiorr the TF-
IDF method could be: We always select the sentaitethe
topic that is‘furthest away” from the topic(s) of the sentences
we already sorted. This will make sure that we coak
possible topics that are in our training data amghincome up
in the test data.

Generalizing TF-IDF for N-grams

TF-IDF can easily be generalized to n-grams byaisivery n-
gram as an entry in the document vectors (instdadnty
using words). We tried this for n-grams up to bmsaand plan

on doing experiments with higher n-grams.

The following section 5 will give an overview ovehe
experiments that were done using the three pradente
approaches to sort sentences according to theimagst
importance.



5. Experiments English-Spanish

5.1. Test and Training Data

The full training data for the translation experitteconsisted
of 123,416 English sentences with 903,525 Englisirde/
(tokens). This data is part of the BTEC corpus Jf2&ith
relatively simple sentences from the travel domaime whole
training data was also available in Spanish (852)86rds).

The testing data which was used to measure the ingch
translation performance consisted of 500 linesatddrom the
medical domain.

All translations in this task were done translatigglish to
Spanish.

5.2. Machine Translation System

The applied statistical machine translation systeses an
online phrase extraction algorithm based on IBMsiclen

probabilities ([3], [13]). The language model istrigram

language model with Kneser-Ney-discounting builthnihe

SRI-Toolkit ([14]) using only the Spanish part bkttraining

data.

We applied the standard metrics introduced for rimech
translation, NIST ([15]) and BLEU ([16]).

5.3. Baseline and Previous Best Systems

The baseline system that uses all available trginiata
achieved a NIST score of 4.19 [4.03; 4238#Hd a BLEU score
o0f 0.141 [0.129; 0.154]

For the baseline systems that do not use all dfaifxaining
data we selected sentences based on the origidet of the
training corpus and trained the smaller systemm filois data.
The second “baseline” systems were trained usiagtavious
best approach presented in section 4.2.

Translation systems trained on these (smaller) dets give
the scores shown in diagrams 1 and 2. The diagckeasly
illustrate that after a rather steep increase efdbores until
the translation of approximately 400,000 words s$heres of
the baseline increase only slightly until they reabe final
score for the system using all available trainiagad

The previous best selection especially benefits tlat
beginning for a lower number of translated wordd &its a
NIST score of 4.0 at 170,000 translated words, Wwiigcvery
close to the confidence interval and only aboutvBéfse than
the best overall score. A NIST score of 4.1 isadseachieved
at 220,000 translated words and 2% worse than it f
baseline of 4.19. At 10,000 translated words tlevipus best
system achieves a NIST score of 2.56, comparedbimsaline
of 2.04.

1 959% confidence intervals

— Baseline Previous best

NIST score
PENNNNNWWWWw
ODOONARODOONDD®

™~

600000 800000

translated words

200000 400000

o

Diagram 1: NIST scores for Baseline and
Previous best

The picture is similar for the BLEU scores. Thevyiwes best
selection reached a BLEU score of 0.13 at 400, 0&dstated
words. The reason for the necessity to translate mords to
reach a BLEU score in the confidence interval of fmal
system could be that the BLEU score puts highemimamce
on fluency. Larger systems might benefit from moobust
estimations of the larger language models.

‘ —Baseline Previous best ‘

0.16
0.14 M
0.12

0.10 /M

0.08

0.06 Ij

0.04 17
0.02

BLEU score

0.00 T T T
400000 600000 800000

translated words

0 200000

Diagram 2: BLEU scores for Baseline and
Previous best

5.4. Translation Results

Because of the limited space we will only show daags for

the NIST scores for each experiment. This can béfigd as
the graphs for the BLEU scores showed basically stiae
behavior.

We did also not include the graph for the previbast system
in the diagrams because the new approaches didlways

clearly improve over the previous best system sl would

have led to even more close-packed diagrams.

Results for term weight

Diagram 3 illustrates the NIST scores for systerhena the
sentences were sorted according to wegjght

If the optimization only uses the frequency sunpaviously
unseen unigrams to rank sentences, the systemse scor
significantly higher than the baseline for very #naanounts

of training data. But the steep increase stops seon and the
systems fall slightly below the baseline, recov@wards the
end, and finish on the same scores.

These problems are clearly fixed by incorporating bi- and
trigrams into the optimization process. The scaredonger



fall beyond the scores of the baseline systems stay
consistently higher.

The systems optimized on uni- and bigrams (wgigtdare not
significantly different from the systems for uni-/b and
trigrams (weighgs) but show a very similar performance with
slight advantages for the uni- and bigram-systems.
Unfortunately both systems do not outperform thevimus
best method as they reach a NIST score of 4.0@&028 and
240,000 translated words and a score of 4.1 at0800and
320,000 translated words. However all three systacdhseve
better NIST scores at very small amounts of trgjrdata with
the same NIST score of 2.72 for 10,000 translatedis:

‘7 Baseline = unigram == uni-/bigram uni-/bi-/trigram ‘
4.4
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Diagram 3: NIST scores for sentences sorted
according to weighy

Results for term weight

The difference between the temieight ; andweight,; is the
incorporation of the length of a sentence. Theesgy sum
of the unseen n-grams is divided by the number @t in
the respective sentence to get the weight fore¢héesce.
Diagram 4 illustrates the associated NIST scores.

‘7 Baseline = unigram == uni-/bigram uni-/bi-/trigram ‘
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Diagram 4: NIST scores for sentences sorted
according to weigh;

A comparison with Diagram 3 shows that the NISTresdor
the sorting of the sentences according to weighte even
better than for the term weiglt

We see a very similar behavior for the unigrams amnd
improvement for the optimizations based on uni- bigtams
and uni-/bi- and trigrams compared to wejght

We also do not see any significant differences betwthe
scores for those two optimizations. The perforneaiscvery
similar with only slight advantages for the optiatibn based

on uni- and bi-grams (weigfy). For this system a NIST score

of 4.0 was already reached at 140,000 translateddsvo
(190,000 for weights) while 4.1 was reached at 300,000
translated words (280,000 for weight It is again possible to
outperform the baseline and previous best systeni® 800
translated words with a NIST scores of 2.64 (weightind
2.97 (weight , and weight 5).

Results for term weight

As explained in section 4.3 we tried to prefer s$frosentences

in term weighy; by dividing the frequency sum of the unseen
n-grams by the square of the number of words in the
respective sentence. Diagram 5 illustrates thoseesc

The scores overall are similar to the earlier diatg. The term
weight ;reaches a NIST score of 4.0 at 180,000 (220,000 for
weight 5) translated words, and a NIST score of 4.1 at
220,000 translated words (270,000 for wejght

The systems again outperform the other systems G¢d00
translated words with NIST scores of 3.02 for weigland
2.98 for weight, (weight ;gets a NIST score of only 2.56).
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Diagram 5: NIST scores for sentences sorted
according to weighj

Results for TF-IDF based sorting

Diagram 6 shows the scores for the optimizatioream TF-
IDF for unigrams and uni-/bigrams.

In this case the original TF-IDF (based only onguamns)
slightly outperforms the TF-IDF based on uni- arigrdms
but both approaches do not show better resultsttieearlier
weighting terms.

‘7 Baseline unigram = uni-/bigram
44
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0 200000 400000 600000 800000
translated words

Diagram 6: NIST scores for sentences sorted
according to TF-IDF



5.5. Overview

Table 1 compares the results achieved by the difter

methods with a special focus on small amounts ¢d.d&/e
give NIST scores for 10,000; 20,000; 50,000 and,d@®
translated words. The last 2 columns show the nurolbe
translated words (in thousands) necessary to aehMI&T
scores of 4.0 and 4.1. (Best values for each colararprinted
bold.)

Score for 10k translated words
Score for 20k translated words
Score for 50k translated words
Score for 100k translated words
Translated words for 4.0 (NIST)
Translated words for 4.1 (NIST)

Baseline 204 | 240 | 258 | 3.34

Previous best 2.56 | 305 | 356 | 381

weighto,1 (unigram) 272 | 300 | 331 | 342

weighto2 (uni-/bigram) 272 [ 302 | 349 | 372

weighto,s (uni-/bi-/trigram) 272 [ 300 | 350 | 371

weight,1 (unigram) 2.64 | 205 | 340 | 355

(
weighty.2 (uni-/bigram) 297 | 325 | 363 | 3.86
weightu,3 (uni-/bi-/trigram) 297 [ 329 | 363 | 3.85

weightz,1 (unigram) 256 | 298 | 336 | 357

(
weightz,2 (uni-/bigram) 298 | 330 | 3.65 | 3.80

weighta,3 (uni-/bi-ftrigram) | 3.02 | 3.27 | 3.62 | 3.77

TF-IDF (unigram) 263 | 290 | 3.23 | 353

TF-IDF (uni-/bigram) 257 | 282 | 319 | 350

Table 1: Performance Overview

One might argue that improvements at very smal détes
are not relevant, as the translations will stillieey deficient.
This might be the case, but there are applicatwimsre even
a low-quality translation can be helpful ([17]). d\ras we
showed in [8] - some translations are surprisirggpd, even
for very small amounts of training data.

6. Future Work

The presented weighting schemes could certainlgrparate

other features of the original training data.

The pure frequency based approach “tries” to cawary n

gram once and then does not consider it anymoraight be

helpful to have a goal of covering every n-gramuanher of

times to get better estimates of translation prdivials.

The TF-IDF based sorting did not yet show improvetse
over the earlier approaches. We hope that it vélbleneficial

to further investigate this idea and maybe comlitivéith the

other methods.

Both presented methods give a high weight to femctiords

at the beginning. This is not necessarily desirablét could

be helpful to lower the impact of function wordsdaincrease
the weight of (high-frequent) content words. Esplégithe

NIST score could benefit from correctly translateghtent
words, as it incorporates the information gain fre tscore
calculation.

It might be reasonable for some applications to alsnsider
the target language part of the training data wéaning the
sentences. This is certainly not possible if thalge to limit

the effort for human translators and the targeteswes are

not even available at selection time. It could hesvebe
included in the selection of training data for dnwdvices
because here the translations will already be avizil

7. Conclusion

We presented two new weighting schemes to sorhitrgi
sentences for statistical machine translation altiagrto their
importance for the translation performance.

The first method mainly tries to improve the tokeoverage
while taking the sentence length into account. \\éeable to
outperform our baseline and our previously bestesysand
see especially nice improvement for very small ditas. The
focus on token coverage is achieved by using #guEncy of
the previously unseen n-grams as the basis forséimence
weight.

We also presented a second idea that bases tliegsoftthe
sentences on the similarity measure TF-IDF, butdige not

see improvements over the first method.
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