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Abstract
Language modeling is an important part for bothesperecognition and machine translation systemsapfdion has been
successfully applied to language models for speechgnition. In this paper we present experimeptgcerning language model
adaptation for statistical machine translation. #&eelop a method to adapt language models usingation retrieval methods. The
adapted language models drastically reduce petplexer a general language model and we can shatnittis possible to improve
the translation quality of a statistical machirenslation using those adapted language modelsthsfea general language model.

1. Introduction 1.2. Previous Work

Statistical translation systems use the well-knowgram The main idea is based on the paper by Mahajan,
language models to predict words.  Typically, there  Beeferman and Huang (1999) in which they used amil
data used to estimate the parameters of the laaguatgchniques for language model adaptation. Mahajan,
model, the better the translation results. Beeferman and Huang applied the adapted language
The main problem is that a general language moode$ d models on speech recognition and they could sianifly
not adapt to the topic or the style of individuakts. It is  reduce perplexity in this task.
also obvious that during a longer text the topic of
discussion will change. Other methods for language model adaptation are
Experience for speech recognition indicates thatnev presented and reviewed in the paper by DeMori and
better results might be possible with adapted laggu Federico (1999) and in the paper by Janiszek, DeMut
models. Bechet (2001).

According to Janiszek, DeMori and Bechet the foltay
In the experiments reported in this paper, the &eit basic approaches to language model adaptation exist
consisted of texts from Chinese and Arabic newssyir

where different news stories cover different topicBhe e Training a language model in a new domain if
adaptation of the language models is done by taajec sufficient data is available.
for each news story, or even each sentence, sistiaies * Pooling data of many domains with the data of
or sentences from a large English news corpus,gusin the new domain.
methods of information retrieval, and building sk@al * Linear interpolation of a general and a domain
but more specific, language models. specific model (Seymore, Rosenfeld, 1997).

» Back-off of domain specific probabilities with
The questions we tried to answer were which kind of those of a specific model (Besling, Meier, 1995).
adaptation unit (news story or sentence) would st b * Retrieval of documents pertinent to the new
suited for this idea and how much data should leel disr domain and training an language model on-line
the adapted language models. with those data (lyer, Ostendorf, 1999).
Other points to examine are the effect of the armmatfin * Maximum entropy, minimum discrimination
data that is used to select the language modats &nad adaptation (Chen, Seymore, Rosenfeld, 1998).
the effect of the quality of the translations uasdjuery. e Adaptation by linear transformation of vectors of

bigram counts in a reduced space (DeMori,

It is also interesting to see if some special apgines, that Federico, 1999).

showed good improvements in information retrievié |
the usage of stemmers and stopword-lists can have Here we try to apply the approach “Retrieval of

positive effect in this adaptation task. documents pertinent to the new domain and trairdng
language model on-line with those data” on a mazhin
11 Basic Idea translation task.
We also use a local index unlike the approach ptede
for each test document by Zhu and Rosenfeld in (2001), who query web gearc
. trgn%hte with general Tanguage engines to improve their language models.
mode

* use this translation to select most
similar documents

e build adapted language model using
these similar documents

* re-translate with adapted Tanguage
model

(documents can be stories or individual sentences)



2. Language M odel Adaptation based on
Information Retrieval

2.1.  Sdecting similar documents

with TF-IDF
For the first experiments we used the TF-ID
similarity measure. TF-IDF is a way of weightingeth
relevance of a query to a document.

TF-IDF is widely used in information retrieval. The

main idea of TF-IDF is to represent each documgna b

2.3. L anguage Moded Adaptation using

story-level retrieval

In the first experiment the index contained apprataty
180 000 stories with 40 million words. We calculatkd
perplexity of the adapted language models withtdipelO,
ptop 100 and top 1000 stories for each 105 stonesfar a
general language model using all 40 million words.
The story selection for the adapted language model
done based on the reference translation. This shawe
perplexity reduction of up to 39%.

vector in the size of the overall vocabulary. Ea IE_;'\eAntgrpaTLM Average pig;lezgtyvalues 100%
document D; is then represented as a vect Top 10 LM 125.93 63%
(vvil,vviz,...,vvin) if n is the size of the vocabulary. The Top 100 LM 147.30 74%

. Top 1000 LM 120.68 61%
entry W; is calculated as:

w; =tf; * log(idf;) .

Table 1: Perplexity results for 40 million word edand
reference translation (LM: language model)

tf is the term frequency of the j-th word in the

vocabulary in the documenD, i.e. the number of

occurrences.
idf; is the inverse document frequency of the j-th

term, given as
idf = #documents

™ #documentsontainingj - th term

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

2.2. Test and training data

The test data for all experiments translating frohin€se
to English consisted of 993 sentences in 105 néwvies.
(TIDES test data December 2001)

The data for the information retrieval index isalétom
Xinhua news service from the years 1991-2001. tker
200 million word index we used all available datsda
only a part of this data for the 40 million wordlex. For
all information retrieval applications the Lemurélkit
(Lemur Toolkit) was used.

Using a larger index of 200 million words (1 miliio
documents) we could reduce the perplexity by 32%.

LM type Average perplexity values

General LM 143.30 100%
Top 10 LM 100.89 70%
Top 100 LM 118.79 83%
Top 1000 LM 96.84 68%

Table 2: Perplexity results for 200 million wordiex and
reference translation

It is not realistic to use the reference transtatie a query
so besides using the reference translation we wdsol
automatic translations with NIST scores (mteval riogt
of 7.18 and 7.90 respectively.

LM type Average perplexity values

General LM 143.30 100%
Top 10 LM 110.28 7%
Top 100 LM 129.32 90%
Top 1000 LM 117.59 82%

Table 3: Perplexity results for 200 million wordiex and
7.18 translation

LM type Average perplexity values

General LM 143.30 100%
Top 10 LM 102.95 72%
Top 100 LM 128.56 90%
Top 1000 LM 113.72 79%

Table 4: Perplexity results for 200 million wordiex and
7.90 translation

As expected the perplexity reduction was lower tivan
the preceding experiments using the reference |lat@os
as queries. But 28% perplexity reduction was still
possible when using the translation with a NISTrecuf
7.90.

The translation with a score of 7.18 gave a peifylex
reduction of up to 23%.
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Figure 1: Overview of perplexity reduction usingd20
million word index

A final experiment using story-level retrieval stemivthat
the highest reduction of 39% was possible at 9sttfes.

We used only the first 20 test documents and catiedl
perplexities for top10,20, 30...1000, 1100, 1200000,

But even when using those language models with minima
perplexity the translation quality did not improve.

24. Language Model Adaptation using
sentence-level retrieval

Using the same index of 200 million words (and his t
case 7 million sentences) of Xinhua news data we did
similar experiments using sentences as documesmts, i.
building an individual language model for each eané

to be translated.

We used two different translation systems for these
experiments, an ChineseEnglish system, that had a

baseline score of 7.12 (NIST) and an

Arabic>English system with a baseline score of 7.32
(NIST).

In this case perplexity reduction of up to 81% was
observed at 1000 sentence size of the language model

Table 5 shows the actual numbers for different agg

11000, 12000...100000 language models. Figure ®sho model sizes and the graph in Figure 4 illustrates th

the sum of the perplexity percentages (comparethéo

relationships.

general language model with 1 000 000 documents). Th

perplexity graphs for each story do not show arcle
picture (Figure 2 shows graphs for 4 differentis&r
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Figure 2: Perplexity percentage for 4 news stories

Figure 3 shows the sum of the perplexity percestage

(compared to the general language model with Janill
documents). Here we get a nice graph and cleammami

at around 10 000 (exact number: 9 700) news storits

an average reduction in perplexity of 39%.
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Figure 3: Perplexity percentage sum for first 2@se
stories

ALM type Average perplexity values

7.12 translation 7.32 translation

Chinese->English Arabic>English
General LM 203.79 100% | 380.33 100%
Top 100 LM 52.00 26% 93.39 25%
Top 1000 LM 39.47 19% | 188.76 50%
Top 10000 LM 42.61 21% | 199.43 52%
Top 100000 LM 83.87 41% | 348.60 92%

Table 5: Perplexity results for 200 million wordiex and
7.12 translation/7.32 translation
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Figure 4: Perplexity results for 7.12 translatiand 7.32
translation

As the perplexity results in the document-level
experiments did not show any significant correlatio
the later translation performance we did not caleul
further perplexity values but relied more on actual
translation experiments.

In these translation experiments for Chinese tolikmg
translation we compared the translation resultgusir?0
million word general language model with the traticies



when using specific language models. Starting feom

initial  translation scoring 7.12 (NIST) the best 3. Conclusion

improvement could be observed when using 1500, this paper we have shown that language model
sentences to build the adapted language models. adaptation can be successfully applied to stadistic
However, the improvement of 0.06 in NIST score @ n machine translation. Not only did the adapted laggu
statistically significant. models drastically reduce perplexity but also a Né8dre
Using the same index data but in this case tranglfiom  improvement of up to 0.29 was possible.

Arabic to English we could improve the translatgnore

from 7.32 to 7.61 (NIST). In this case, the immment The results show that sentence level adaptation
is highly significant. outperforms document level adaptation.

The results also indicate that the correlation betw

LM type Translation scores perplexity of a language model and actual improvene
7.12 translation 7.32 translation rather weak.
Chinese>English | Arabic>English
General LM 7.12 7.32 When even better translations are possible to se a
Top 1000 LM 6.98 7.25 queries this should further improve.
Top 10000 LM | 7.17 7.54
Top 15000LM |7.18 7.61
Top 20000 LM | 7.17 7.61 4. References
Top 50000 LM 7.06 7.19
Table 5: Translation scores for 200 million wordBesling S. and Meier H.G. (1995),anguage model
index and 7.12 translation/7.32 translation :/lpezke(; Sadaptation, Proceedings Eurospeech 1995,
adrid, Spain.
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