Theoretical Models of Text Normalization

e 0 = Observations/raw text, e.g., . .. 3BR, 2BA,

e W = pronounced word sequence, e.g.,
...three bedroom, two bath ,

two approaches

e the speech recognition approach
— source-channel model

w = arg maxp(w|o) = arg max p(o|w)p(w)
W W

e the non-speech recognition approach
— “direct” model

W = arg max p(w|o)
W
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Source-Channel Modeling

abbreviation expansion < speech recognition

e construct lattice of possibilities: p(BR|bedr oom) < acoustic model

bear appetite

Y

two apartment
brewski applet
2 BR apt.

e find best path in lattice using language model:
p(apart nent |t wo bedr oom) < language model
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Direct Modeling

Why use direct modeling?

w = arg max p(w|o) L arg max p(o|w)p(w)
W W

e Why not?
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Direct Modeling

Hidden variable: tags t, e.g., ASWD, LSEQ, EXPN
arg maxp(wlo) = argmax ) p(w,t|o)
W W t

= argmax )y _p(tlo)p(wlt, o)
w t

e pick most probable tag for each word using decision tree

NUM
lives at 123 Norman St.

e given tag, use deterministic function to generate pronounced words

p(one hundred twenty three|123,NUM) = 1

Text Normalization
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Supervised vs. Unsuper vised Training

e direct model p(w|o)
— maximize likelihood of pronounced words w =- supervised training

e source-channel model p(o|w)p(w)
— find pronounced words w to maximize likelihood of raw text o
— can use (unsupervised) Expectation-Maximization training
* use better models p(o|w), p(w) to find better abbreviation
expansions

* Use better abbreviation expansions to train better p(o|w), p(w)

c:j:'/—---»\;
(6]

Text Normalization



Other Directions

source-channel | direct

p(tlo)  tagging v v
p(w|t,0) abbr. expansion Vv

e use of source-channel model to predict tags
— mixed tag/raw word language model

e maximum entropy modeling vs. decision trees
— performed slightly better in predicting which letters in a word are
deleted in abbreviations (15.1% vs. 16.0% error)
— performed slightly worse in predicting the tags of numbers (1.07%
vs. 0.82% error)
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Evaluation of Text Normalization

goal: evaluate the performance of various text normalization systems

e Linguistic Data Consortium text normalization tools
— primary tools used to condition news text in speech recognition
community

e Festival text normalization tools
— publically-available speech synthesis package

e OUr system

easy”?
e we have hand-labeled text as the reference to score against

e use existing speech recognition tools to calculate WER'’s
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Truth

hand-labeled reference text, a.k.a. Truth, is only an approximation of the
truth

e incomplete labeling
— common expansions, e.g., 2 BR=two bedr oomortwo bedr oons?

— punctuation, e.g.,
Main St. = “Main Street”or“Main Street . "?

e acceptable alternatives

— Apt. for rent. 2 BR, 2 BA. ; the token BA can be read as
bat h, bat hs, bat hr oom or bat hr oons

— context dependent: | arge 2BR apt. w 2BA

e labeling error
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Truth

cannot use Truth as our reference text for (official) scoring
e evaluate the error of Truth as well

e produce reference text by hand?
— Including all valid alternatives (in a context-dependent manner)

— enough data to get reasonable estimates of the potentially very low
error rates

— for all four domains examined

e fundamental problem: we are very lazy
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Proposed Methodology

e judging acceptability vs. enumerating alternatives
— instead of preparing reference text and use program to score
— have human rate correctness of each token

e statistical sampling — randomly select tokens to score
— want large test set to cover wide range of phenomena
— don’t need exact error rate over test set

e importance sampling — judicious selection of tokens to score can
reduce number of samples needed

— e.g., hews text, ~1% error rate — sample 500 tokens, see 5 errors
— sample more where the errors are
x sample 250 words and 250 numbers, see 25 errors
x scale number of errors in each category appropriately to
calculate overall error rate
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Presenting Samples to a Human

3300+ *sf 10 Rm 5BR,
three thou...dred PLUS SQUARE FOOT ten ROOM, five BEDR. ..

e need to align raw text with normalized text
— alignment information is difficult to extract when using LDC tools

e build simple “translation” model
— parallel corpora, aligned by paragraph
— words with same spelling are translations of each other

— words that tend to co-occur in corresponding paragraphs are
translations of each other

* 0 = zer o, hundr ed, t housand, one, dol | ars, ...
* BA = BATHROOM N=- Nort h, + = PLUS
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Results

e ~500 samples per box, 10 hours human labeling overall

e token error rate: fraction of space-separated tokens in raw text
conditioned completely correctly

e punctuation must be correct as well, e.g.,
“& ndr - pkg. ” should be expanded as “and i1 ndoor par ki ng

e paired significance tests

classifieds news text pcll0 news recipes

Festival | 34.5% 1.8% | 0.7% 0.7% | 59% 1.1% | 42% 1.0%

LDC 324% 1.8% | 0.2% 06% | 6.3% 1.1% | 3.0% 1.0%

m4 12.3% 1.5% | 0.4% 0.7% | 3.4% 1.0% | 2.6% 0.9%

Truth 9.6% 1.4% | 03% 06% |22% 0.9% | 2.6% 0.9%
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Analysis of Error in Truth

e classifieds
— punctuation after abbreviations: “St . 7 = “St r eet
— failure to detect non-standard words: CH, SE, PH, ac

e news text
— numeric tokens (monetary, sports-related)?

e pcll0 net news
— URLs, E-mail addresses: http://cgi . ebay. com aw cqgi /

e recipes
— plural/singular: 3g =t hree gram
— formatting punctuation: - - - -------------------
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Discussion

(official) evaluation methodology

e Importance sampling
— small startup cost, requires work for each system evaluated

e having reference text with acceptable alternatives

— requires a Brobdingnagian amount of work initially, no work
thereafter

results
e Truth is imperfect but useful

e our m4 system significantly outperforms LDC and Festival, and is not
much worse than Truth
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