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Abstract results for the WBW translation from English to Icelandic
Text corpus size is an important issue when building a lan- Where the spoken evaluation corpus is larger. This paper
guage model (LM). This is a particularly important issue glso pr_ovides WBW translation results when LM clustering
for languages where little data is available. This paper in- iS applied.
troduces a LM adaptation technique to improve a LM built
using a small amount of task dependent text with the help of 2. Adaptation Method

a machine-translated text corpus. Icelandic perplexity an hod invol daoti K d d hat i
word error rate experiments were performed using data, ma.Our method involves adapting a task dependent LM that is

chine translated (MT) from English to Icelandic on a word- created from a sparse amount of text using alarge tra_mslated
by-word basis. The baseline word error rate was 40.2%. LM text (_TRT)’ wherel'RT c_ien(_)tgs the machine traqslatlon of
interpolation reduced word error rate significantly to 36.2 the rich corpu;ET), which is in the same domgln area as
Index Terms. Language Model Adaptation, Automatic the task: This involves two steps.shovyn. graphically in E|g-
Speech Recognition, Machine Translation, Sparse Text Cor.re 1. First of all the sparse text is split into two, a tragnin

pus, Resource Deficient Languages. text corpus §7) and a development text corpuSp). A
language model LM1 is created froffi’, and LM2 from

TRT. TheT RT can either be obtained from SBS or WBW
translation. TheS'D set is used to optimize the weight)(
Statistical language modeling is well known to be very im- used in Step 2.
portant in large vocabulary speech recognition but crgatin Step 2 involves first optionally combining th#l" and
a robust language model (LM) typically requires a large the SD corpora and building a new language model, LM3
amount of training text. Therefore it is difficult to create from them. LM3 and LM2 are then linearly interpolated
a statistical LM for resource deficient languages. using Equation (1),

However, using text translated from other languages
may possibly improve the resource deficient LM either Poomp(wilh) = X - Pyr(w;i|h) + (1 — N Pa(w;]h), (1)
using sentence-by-sentence (SBS) translation or word-by-
word (WBW) translation. WBW translation only requires whereh is the history.P; is the probability from either LM1
a dictionary whereas SBS machine translation (MT) needsor LM3 and P, is the probability from LM2
a large sentence-aligned parallel corpus, which is expensi The final perplexity value is calculated using the evalu-

to obtain, to train the MT system. The WBW approach is ation set fval) which is disjoint from all other data sets.
expected to be successful only for closely related languiage

Methods have been proposed in the literature to improve
statistical language modeling in a resource-deficient lan-
guage using cross-lingual information retrieval [1]. Amet 3.1. Experimental Data: LM
method proposes using latent semantic analysis for cross-
lingual modeling which does not require a sentence-alignedThe weather information domain was chosen for the Ice-
corpus [2] but searches for similar types of texts in two lan- landic experiments and translation from Englistict) to
guages. LM adaptation with target task machine-translatedicelandic gparse) using WBW. For the experiments the
text is addressed in [3] but without speech recognition ex- Jupiter corpus [5] was used. It consists of 67116 unique
periments. sentences gathered from actual users’ utterances. A set of

In [4], we proposed a method to improve the LM built 1960 sentences were manually translated from English to
on a task-dependent corpus using MT which is similar to Icelandic and split inte5T;, SD and Eval sets as shown in
[3]. This paper extends our speech recognition experimentTable 1, wheresT; corresponds to the Icelandic version of

1. Introduction

3. Experimental Work



Y

T Table 3: Some attributes of the Jensson phonetically bal-
rch corpus anced |celandic text corpus.
®D | Attribute | Text Corpus]
Training set from No. sentences 290
the Ty No. words 1375
Traning st o No. phones 8407
"C(“;g;;s PB unit biphone
No. unique PB units 916
2 Avg. no of words / sentence 4.7
Avg. no of phones / word 6.1

Il

Step 1
Compute
weight

Development
set from the

sparse corpus

(sb) | Table 4: Some attributes of the Jensson |celandic acoustic
training corpus.
| g | Attribute

| Acoustic Corpus|

Step 2
Combine LM2 No. male Speakers 13
ang LS and Eval No. female Speakers 7
perplexity Time (hours) 3.8

Figure 1: Data diagram ) .
3.2. Experimental Data: Acoustic Model

A phonetically balanced (PB) Icelandic text corpus, the
Jensson PB corpus, was used to create an acoustic training

Table 1:Data sets.
| Corpus Set] Sentenceg Words |

ST300 300| 1736 corpus. A text-to-phoneme translation tool was created for
ST00 500| 2869 this purpose based on [6]. Some attributes of the PB corpus
S7°700 700 | 4009 are given in Table 3. The acoustic training corpus was then
STZQOO 900| 5173 recorded. Table 4 describes some attributes of the Jensson
gTillOOO 1000| 5820 acoustic training corpus.
SD 300 | 1729
FEval 660 | 3767 3.3. Evaluation Speech Corpus

An evaluation speech corpus, Thor, was recorded using sen-
tences from thévval set. There were 660 sentences in total
but divided into sets of 220 sentences for each speaker, over
lapping every 110 sentences. The final speech evaluation
A vocabulary of all unique words was then manually corpus was stripped down to 200 sentences for each speaker
created from the Jupiter corpus. Names of places weresince several utterances were deemed unusable. Some at-
identified and then replaced randomly with Icelandic place tributes of the corpus are presented in Table 5. None of the
names since the task is in the weather information domain.speakers in the evaluation speech corpus are in the acoustic
The English to Icelandic vocabulary was then used to au-training corpus described in Section 3.2.
tomatically translateR1T" creatingT RT.;, whereei corre-
sponds to a translation from English to Icelandic. Table 2
shows some attributes of the WBW translated R ;.

ST defined in Section 2. 63116 sentences were usétfas

3.4. Results

In total two different experiments were performed. The,
FEval andT RT,; sets were identical for all the experiments
but theST; set size varied from 300 to 1000 sentences and
the vocabulary varied. Interpolation of the language medel
was done slightly differently to that explained in Section 2
If the SD corpus were added to th€7; corpus to make
LM3 the weights calculated in Step 1 would be inaccurately

Table 2:Trand ated data set.
| Corpus Set| Sentenceg Words | Unique Words|

[ TRI. | 60358] 392734] 1893




Table 5: Some attributes of the Thor Icelandic evaluation Table 7:Results for experiment 2. The unique words found

speech corpus. in both the ST corpus and the T'RT; corpuswas used as
| Attribute | Evaluation Speech Corpys aVoc.
No. utterances 4000 i
No. male speakers 10 | Attribute | sz | srpoo | szpo0 [ sp7oo [ splooo ]
No. female Speakers 10 Voc size 1893 | 1942 | 1987 | 2089 2134
PPInt 161| 29.1| 25.6| 22.2| 214
PP Imp (%) NA | 33.3| 20.2| 94 6.1
OO0V (%) 10.2| 58| 42| 33 3.0
optimized for the combined set especially sinceSfié cor- WER ST;(%) 73.7| 44.6| 38.8| 24.7| 24.2
pus is small. Therefore LM1 was used instead of LM3. In | WER Int (%) 50.8| 39.1| 36.2| 24.9| 24.2
the following textV oc is defined as vocabulary, PP as per- | WER I'mp (%) | 31.1| 12.3 67! -08 0

plexity, Int as interpolation of th&T; and thel' RT;, Imp
as improvement, OOV as out of vocabulary rate and WER

as word error rate. ssp . : .
Experiment 1 used the unique words found in tisg’; o et 3 Iermolaton
set as the vocabularysr,. The results are shown in Ta- 503‘
ble 6. The WER improvement is positive whéfl; com-
prises 300 sentences but as more sentences are added to th g **
ST; combination leads to the WER improvement becoming ¢
negative. 2
£
L 35+
Table 6:Results for experiment 1. The unique words found g
inthe ST, corpuswas used asa V oc. =
["Attribute [ 5700 | s | sr7o0 [ saioo |
Voc size 190 333] 535] 614
PPST; 20.2| 21.0| 19.3| 1856 " ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
P P Int 16 i 8 18 i 9 18 i 1 18 i O 0 100 200 300 400 500 600 700 800 900 1000
PP Imyp (%) 16.8| 100 6.2 3.2 Number of ST sentences
OO0V (%) 155 9.3 6.0 5.2 Figure 2: Word error rate results using the baseline from
WER S5T;(%) 4701 402 235) 231 experiment 1 and the interpolation results from experiment
WER Int (%) | 45.3| 39.1| 24.2| 23.7 9
WER I'mp (%) 36| 27| -3.0| -2.6

Experiment 2 used the set of unique words from the Pus andl'RT is defined as a clustered LM trained from
TRT,; set combined witt/s7.. These results are shown theTRT corpus. First a baseline PP was calculated for an
in Table 7. As expected the WER improvement gradually interpolation of ST', ST,y andT'RT. The TRT,, corpus
reduces for most experiments as more manually transcribedvas then introduced and PP calculated from the interpola-
data is added to th&7; set. Comparing Table 6 with Ta-  tion of ST, STy, TRT andT'RT;. All the models where
ble 7 shows that a lower WER can be obtained using thetrained using tri-gram LM. The vocabulary for this experi-
combined vocabulary as performed in Experiment 2. Fig- mental set was a combination of the words fr6ffi” and
ure 2 shows the WER from Experiments 1 and 2 graphi- 7'RT corpora wherer runs from 200 sentences to 900 sen-

cally. Addition to Table 6 and Table 7, Figure 2 shows the tencesin an interval of 100 sentences. The results inaudin
WER for ST200, ST400, G500 G600 | G800 and S 77900, the relative PP improvements are presented in Table 8.

3.5. Resultsusing LM clustering 4. Discussion

Word clustering LM [9] was applied to th&T andT'RT The improvement of the Icelandic LM with translated En-
and then interpolated to the standard tri-gram versions ofglish text/data was confirmed by reduction in PP and WER.
the ST andT RT language models. In the following text As Table 7 shows, PP improvement with WBW translation
ST, is defined as a clustered LM trained from th& cor- varies from 33.3% to 6.1% when 100 and 1000 manually



Table 8: Perplexity results using LM clustering
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. PP
Attribute ST+ ST, + ST+ ST, + PPImp (%)
TRT TRT +TRT,
ST?00 20.94 20.76 0.9
ST300 19.95 19.81 0.7
STA00 17.51 17.42 0.5
STp00 15.28 15.28 0.0
STE00 14.23 14.19 0.3
ST00 12.84 12.81 0.2 [1]
ST800 11.88 11.89 -0.1
STH0 11.03 11.05 -0.2

(2]

translated sentences were used respectively. The OOV rate
is reduced as well from 9.3% to 4.2% when the unique trans- (3]
lated words are added to ti#g2%° set. The speech recog-
nition WER is reduced by 6.7% in experiment 2 when us-
ing ST but the improvement reduced to 0% when 700
more manually translated sentences are usesiZit?° in [4]
the same experimental set.

The results from experiment 1 and experiment 2 should

be compared together since the baseline in experiment 1

does not assume any foreign translation, while experiment[s]
2 includes the translated words in its vocabulary. When the
baseline in experiment 1 is compared with the interpolated
results in experiment 2 we get a WER 40.2% reduced to
36.2% respectfully, an 11.0% relative improvement when
using ST2%. The relative improvement reduces as more
ST; sentences are added to the system and reaches a negps]
tive improvement when 700 sentences are added to the sys-

tem.
7
The improvement of using LM clustering was not con- 7]

siderably large. This could be since th&T' corpus used in
the experiment is a large corpus for this domain and already
covers most sentence variations.

(8]
5. Conclusions

The results presented in this paper show that a LM can be
improved considerably using WBW translation. The WBW [9]
translation is especially important for resource deficiant
guages such as Icelandic that do not have SBS machine
translation tools available. The work for applying WBW
translated text is reduced if the translated corpus is lange

the manual work needed to create the dictionary is small.

Future work involves applying the WBW translation
method to a larger domain such as broadcast news.
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