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Introduction

[] Motivation :

[1 Success of statistical modeling techniques
[1 Development of modeling and automatic learning
techniques
[] A large amount of data for training is available
[] Most resources on English, French and German

[1 How to construct stochastic models in resource-deficient
languages? 1 Bootstrap from other languages, e.qg.

[1 Universal phone-set for ASR (Schultz & Waibel, 98,
Byrne et al, 00)

[1 Exploit parallel texts to project morphological analyzers,
POS taggers, etc. (Yarowsky, Ngai & Wicentowski, 01)

[ Language modeling (this talk)

|
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[1 We present:

[] An approach to sharpen an LM in a resource-deficient
language using comparable text from resource-rich
languages
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[1 We present:

[] An approach to sharpen an LM in a resource-deficient
language using comparable text from resource-rich
languages

[] Story-specific language models from contemporaneous
text
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[1 We present:

[] An approach to sharpen an LM in a resource-deficient
language using comparable text from resource-rich
languages

[] Story-specific language models from contemporaneous
text

[1 Integration of machine translation (MT), cross-language
Information retrieval (CLIR), and language modeling
(LM)
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[1 We present:

[] An approach to sharpen an LM in a resource-deficient
language using comparable text from resource-rich
languages

[] Story-specific language models from contemporaneous
text

[1 Integration of machine translation (MT), cross-language
Information retrieval (CLIR), and language modeling
(LM)

[1 Cross-lingual lexical triggers instead of MT dictionary [
Document-aligned corpus
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Cross-Lingual LM for ASR
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Model Estimation

[ Assume document correspondence, d¥ « d¢, is known for
Chinese test doc df’,

Pet-unigram ( C‘dE Z Pr(cle) |dE) VeelC
ecf

[1 Cross-Language LM construction
[0 Build story-specific cross-language LMs, P(c|d¥)
[1 Linear interpolation with the baseline trigram LM

E
PCL-interpoIated (Ck: ’Ck—lv Ck—2, di )

— APCL-unigram (Ck‘df]) + (1 — )‘)P(Ck‘ck—la Ck—2)

|
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Model Estimation

[ Document correspondence [ obtained by CLIR

[ For each Chinese test doc d’, create English
bag-of-words

PeL-unigram |dC Z IPaple C|dc)
ceC

[1 Use it to find the English doc with the highest cosine
similarity (TF-IDF weight)

dv];E — argmax Sim(PCL-unigram@‘dzC)aP(eydf))'
i

|
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Translation Lexicons

[1 Estimation of Pr(c|e) and Pr(e|c) O GIZA++ translation
table

[1 GIZA++ : statistical MT tool based on IBM model-4

(I Input : Hong Kong news Chinese-English parallel corpus
[1 18K docs, 200K sents, 4M wds each

[1 Output : MT system with several tables
[1 Only translation tables are used : P(e|c) and P(cl|e)

[1 Sentence-aligned parallel corpus is needed

|
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Cross-Lingual Lexical Triggers

[1 Translation lexicons . expensive to aquire

[1 Mutual information-based lexical triggers : successful in a
monolingual setting (Tillmann & Ney, 97)

[1 Cross-lingual triggers : a trigger pair consists of (e, c)
[1 ldentification of CL triggers : Average Mutual Information

Ie;e)=  Ple,c)log B9 4 P(e,e)log L2
+ P(e,c)log Pfﬁf'j) + P(e,c) log Pfﬁ(_'é?
where P(e,c) = #d](\‘;’c) and P(e,¢) = #d](\‘;@

P(e) = #%e) and P(cle) = Ple.c)

|
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Estimation of Trigger LM Probs

(1 Maximum likelihood estimation vs. ad hoc estimation

Piig” (cle) Licdpoe T O
D e 2 dF e Nag ()
I(e;c)
Dwecl(e;d)

[] Interpolation with trigram model :

d h
Pryig “(cle)

PTrlg unlgram C‘dE Z PTrlg C‘ ‘dE)
ect

E
B ierpeled (@ [ @51 G2, @)

)\PTrig—unigram(Ck|dzE) + (1 — )\)P(Ck|ck—17 Ck—Q)

|
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Topic-Dependent LMs

[1 Topic clustering : standard K-means clustering
[1 100 classes for target lang : Chinese
[1 Interpolation with baseline trigram LM

PTopic-trigram (Ck ‘Ck:—l y Ck—2, ti)

= AP (cklek—1,cp—2) + (1 — A)P(ck|ck—1,ck—2)
[ Interpolation with baseline trigram LM + CL-unigram

PTOpiC+CL(Ck |Ck—17 Ck—2, tz)
= M P, (crlcr—1,ck—2) + Ao Pcl-unigram (ck|d”) +
(1 — )\1 — )\Q)P(Ck‘(jk_l, Ck_g)

|
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Training and Test Corpora

[1 Acoustic model training
[1 HUB4-NE Mandarin training data (96K wds) ~ 10 hours

[1 Chinese monolingual language model training
[1 XINHUA : 13M wds
[ HUB4-NE : 96K wds

[ ASR test set : NIST HUB4-NE test data (only FO portion)
1263 sents, 9.8K wds (1997 ~ 1998)

[1 English CLIR corpus : NAB-TDT
[0 NAB (1997 LA, WP) + TDT-2 (1998 APW, NYT)
[1 45K docs, 30M wds

[1 Vocab : 51K for Chinese

|
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ASR Experimental Results : Baseline

[1 Bigrams LMs used for for each lattice generation
[] 300-best list rescoring
[1 Single English document and global A are used

Language model | Perplexity | WER | p-value
XINHUA trigram 426 | 49.9% —
CL-interpolated 375 | 49.5% | 0.208
HUB-4NE trigram 1195 | 60.1% —
CL-interpolated 750 | 59.3% | < 0.001

[1 Trigger probability estimation

0 Ad hoc (P oc) is slightly better than MLE (P{iE"

(367 vs. 370 on XINHUA, 727 vs. 736 on HUB4-NE)
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Likelihood-Based Selection of English Doc and \
PCL-interpoIated (Ck|Ck—1a Ck—2, dqj,E)

)\PCL-unigram (Ck|dfj) T (1 - )\)P(Ck|ck—1a Ck—2)
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Likelihood-Based Selection of English Doc and \
PCL-interpoIated (Ck|Ck—1a Ck—2, d?)

)\df?PCL-unigram(CHdF) + (1 — )\df)P<Ck|Ck—17 Ck—2)
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ASR Experimental Results

[1 LM text : XINHUA corpus (13M wds)

[] Lattices generated from XINHUA bigram LM

[1 Topic clustering with XINHUA corpus

Language model Perplexty WER CER  p-value
XINHUA trigram 426 49.9% 28.8% —
Topic-trigram 381 49.1% 28.4% 0.003
Trig-interpolated 367 49.1% 28.6% 0.004
CL-interpolated 346 48.8% 28.4% < 0.001
Topic + Trig-interp. 340 48.7% 28.4% < 0.001
Topic + CL-interp. 326 418.5% 28.2% < 0.001
Topic + Trig- + CL-interp. 320 48.3% 28.1% < 0.001
[———
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Experiments in a Resource-Deficient Setting

[1 Extreme case . HUB-4 acoustic model training data

[ Lattices generated from HUB-4 bigram LM

[1 Topic clustering with HUB-4 corpus [ topic doesn’t help

Language model Perplexity WER CER  p-value
HUBA4-NE trigram 1195 60.1% 44.1% -
Topic-trigram 1122 60.0% 44.1% 0.660
Trig-interpolated 127 58.8% 43.3% < 0.001
CL-interpolated 630 58.8% 43.1% < 0.001
Topic + Trig-interp. 730 59.2% 43.5% 0.002
Topic + CL-interp. 631 59.0% 43.3% < 0.001
Topic + Trig- + CL-interp. 627 59.0% 43.3% < 0.001
===
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Conclusions

[1 Exploits side-information from contemporaneous articles
[1 useful for resource-deficient languages

[1 Statistically significant improvements in ASR WER (1.4%
absolute)

[1 Comparable improvements over within-language
topic-dependant LMs; further gains from combination

[1 Use of CL trigger pairs LI sentence-aligned corpus is no
longer needed
[1 Future work
[ Maximum entropy models
[1 Application to other languages : e.g. Arabic
[1 Application to other tasks : e.g. machine translation

|
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