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Introduction

= Over 7000 languages spoken around the world

= over 90% used by less than 100,000 people
= not viable to develop bespoke systems/collect data
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Introduction

= Over 7000 languages spoken around the world

= over 90% used by less than 100,000 people
= not viable to develop bespoke systems/collect data

= Restrict languages to those with a written form

NIVERSITY OF




Spoken Language Processing Framework

Speech Downstream

W — Recognition Task —

= First stage of speech processing usually speech recognition

= vyields (at least) word-sequences for downstream task
= output may be significantly richer (lattices)

= Can be viewed as adding structure to the audio
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Automatic Speech Recogni
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Automatic Speech Recognition: Lattices
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= A lattice, £, comprises:

= nodes (sometimes called state): associated with time stamps
= arcs: have labels and scores (not shown)




Low Resource Speech Processing

Low-resource can refer to various elements:

acoustic model training data

audio transcriptions

lexicon (phonetic lexicon)

language model training data

language processing resources (parsers/PoS tagger)
downstream task training data



Low Resource Speech Processing

= Low-resource can refer to various elements:
= acoustic model training data
= audio transcriptions
= lexicon (phonetic lexicon)
= language model training data
= language processing resources (parsers/PoS tagger)
= downstream task training data

= Systems often have high error rates (at all stages)
= need to mitigate impact of errors on downstream stages
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“Traditional” Speech Recognition Framework
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“End-to-End” Speech Recognition Framework
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Speech Recognition Components
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“Traditional” Speech Recognition [6]

= For input x71.7 output the word sequence:

W = arg mMz}x{P(W|X1;T)} =arg mMé}X{P(W)P(X1:T|W)}

= arg max P(w) Z p(x1.7,01.7)
01:T€@w

= The components are
= language model: P(w)
= lexicon: valid set of states for word sequence w, Oy
= acoustic model: p(x1.7,01.7)
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Talk Overview

= Language Model
= Lexicon

= Acoustic Model

= Downstream Speech Procesing Tasks

= key-word and phrase spotting
= cross-language information retrieval




Language Model
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Language Modelling

= Component of many speech/language applications

"it’s very cheaper for customer"
! \I/'

Given a sequence, what is the next word
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Language Modelling

= Component of many speech/language applications

"it’s very cheaper for customer"
! \I/'

Given a sequence, what is the next word

= Statistical approaches have dominated for many years:

P(W,'|W17 PN W,'_1) = P(W,'lWl:,'_l)
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Language Modelling

= Component of many speech/language applications

"it’s very cheaper for customer"
! \I/'

Given a sequence, what is the next word

= Statistical approaches have dominated for many years:

:D(W,'|W17 PN W,'_1) = P(W,'lWl:,'_l)

= Sometimes need the probability of the words sequence

L
P(wi.r) = P(w1) 11 P(wilwy.i-1)
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Language Model Training Data

Word
statistics

/ Vocabulary

LM probabilities

= Text data essential for current ASR systems

= determines the possible vocabulary for the systems
impacts Out Of Vocabulary (OOV) rate
= quantity of data determines accuracy (and order) of LMs
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The World Wide Web
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Web Training Data: Wikipedia

Logarithmic graph of the 20 largest language editions of
(as of 19 February 2020)[147]
(millions of articles)
01 | 03 | 1 | 3 |
| \ \ |
English 6,017,142
Cebuano 5,378,789

Swedish 3,744,691
German 2,369,142
French 2,158,772 Distribution of the 51,542,106
o807 e
Russian 1,580,853 2020)4!
Italian 1,567,400 W eroish 1.7
Spanish 1,559,898 Cebuano (10.4%)
Polish 1,370,677 Swedish (7.3%)
Waray 1,263,825 . German (4.6%)
Vietnamese 1,237,722 D French (4.2%)
Japanese 1,178,504
Chinese 1,083,357 [ russien (3.1%)
Arabic 1,016,152 [ atian (6%)
Portuguese 1,015,397 = ‘:Zi::;(:::
Ukrainian 957,668 Waray (2.5%)
e siani01:220 [l Victnamese 2.4%)
Catalan 630,533 [ vapanese 23%)

Serbian 626,783

The unit for the numbers in bars is articles.
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Web Training Data: Wikipedia

Logarithmic graph of the 20 largest language editions of Wikipedia
(as of 19 February 2020)!147]
(millions of articles)
01 | 03 | 1 | 3 |
\
English 6,017,142
Cebuano 5,378,789
Swedish 3,744,691

German 2,369,142
French 2,158,772
Dutch 1,983,751
Russian 1,580,853
Italian 1,567,400
Spanish 1,559,898
Polish 1,370,677
Waray 1,263,825
Vietnamese 1,237,722
Japanese 1,178,594
Chinese 1,083,357
Arabic 1,016,152
Portuguese 1,015,397
Ukrainian 957,668
Persian 701,220
Catalan 630,533
Serbian 626,783

The unit for the numbers in bars is articles.

Distribution of the 51,542,106
articles n different language
editions (as of February 19,
2020)(149)

. English (11.7%)

Cebuano (10.4%)
Swedish (7.3%)

. German (4.6%)

[ ]French (a.2%)

. Dutch (3.8%)

[ Russian (3.1%)

. ‘Spanish (3%)

W roisn 27%)

. Waray (2.5%)

[l Vietnamese (2.4%)
D Japanese (2.3%)
hinese (2.19%)
D Other (36.9%)

Can we make use of web-data for language model training?
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Nature of Web Text Data [7, 1, 10]

= Most text on the data “written” not speech transcripts
= significant mismatch with conversational form
= closer match to broadcast news
= Wikipedia not a perfect match!
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Nature of Web Text Data [7, 1, 10]

= Most text on the data “written” not speech transcripts
= significant mismatch with conversational form
= closer match to broadcast news
= Wikipedia not a perfect match!

= A number of issues need to be considered
= sources of data to use
= ensure match to target language (language identification)
= select data that matches target domain
= tidying data
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Nature of Web Text Data [7, 1, 10]

= Most text on the data “written” not speech transcripts
= significant mismatch with conversational form
= closer match to broadcast news
= Wikipedia not a perfect match!

= A number of issues need to be considered

= sources of data to use

= ensure match to target language (language identification)
= select data that matches target domain

= tidying data

» Build language model source components/interpolate
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Language Model Interpolation [13]

Language
Identification

Build LM
Component

Language
Identification

Build LM
Component

Interpolate

Final
LM

Language
Identification

Build LM
Component

= Using limited held-out data to compute weights

= weights will indicate how source matches domain
also influenced by data quantity




Language Model Interpolation [13]

Language
Identification

Build LM
Component

Language
Identification

Build LM
Component

Interpolate

Final
LM

Language
Identification

Build LM
Component

= Using limited held-out data to compute weights

= weights will indicate how source matches domain
also influenced by data quantity

= Can use untranscribed audio data ...




Low Resource Web Scraping [10]

= Sources can be split into two broad classes:

= General search strategies: use Bing/Google to search web
= extract search terms from limited available data
= generates large quantities of data
= language filtering becomes important
(Mandarin/Cantonese, Kazakh/Russian)




Low Resource Web Scraping [10]

= Sources can be split into two broad classes:

= General search strategies: use Bing/Google to search web

= extract search terms from limited available data

= generates large quantities of data

= language filtering becomes important
(Mandarin/Cantonese, Kazakh/Russian)

= Directed Searches: use known language sources
= examples: Wikipedia, Blogs, News Forums, Twitter, TED talks
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Document Filtering

= Filtering approaches aim to match target domain

= build language model using limited available data
= filter documents using perplexity and OOV rates

= Perplexity: average number of following words

= using the in-domain language model
= compute perplexity of the document word sequence w1,

L
PPL(wy. ) = exp (—% Z; |0g(P(Wi|W1:i—1)))

= OOV rate: percentage of words missing from LM vocabulary
= simply computed for the document wy;;
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Web Data Statistics

Language LM Data (K) FLP OO0V (%)
words | vocab || Weight || ASR  KWS
Pacht FLP 535 | 144 — 196 11.38
MO \Web || 104624 | 3763 || 0981 || 068  3.05
Ambaric | TLP 388 | 350 — 980 1542
MNANC \Web || 13911 | 2236 || 0976 || 567 9.16
Dol FLP 467 | 175 — 326 12.17
OO Web 1217 | 18.8 || 0.998 || 3.01 10.73

* FLP is the (matched) in-domain CTS data
= Quantity of web-data available highly dependent on language

= interpolation weight (“match”) web data: range ~ 0.1 to 0.001
= large impact on OOV rates
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Impact of Web Data: Lithuanian

Data LM | OOV (%) WER (%)

FLP 7.7 37.1
NB +Web 4.6 34.3
FLP 23.4 52.3
we +Web 4.7 25.9

= Evaluated on two types of data

= NB: narrow-band data from conversational telephone speech
= WB: wide-band data from news/topical speech data

= Significant gains on WB, small gains on NB
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Pronunciation Lexicon
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Phonetic Lexicons

= Most speech recognition systems use a phonetic lexicon:

A ax
A ey
A. ey
A'S ey z
AAH aa

= Each phone has attributes used for decision tree questions

ax Vowel V-Back Back Short Medium Unrounded
ey Vowel Short Dipthong Front-Start Fronting Medium Unrounded
z Fricative Central Lenis Coronal Anterior Continuent Strident

NIVERSITY OF




Phonetic Lexicons

= Most speech recognition systems use a phonetic lexicon:

A ax
A ey
A. ey
A'S ey z
AAH aa

= Each phone has attributes used for decision tree questions

ax Vowel V-Back Back Short Medium Unrounded
ey Vowel Short Dipthong Front-Start Fronting Medium Unrounded
z Fricative Central Lenis Coronal Anterior Continuent Strident

= Initial phonetic lexicon generated manually
= add terms using grapheme-to-phoneme (G2P) systems
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Graphemic Lexicons [8]

= As well as manual cost other issues with phonetic lexicons
= inconsistencies depending on the phonetician
= sometimes transcriptions generated for particular speaker

= An alternative is to generate a graphemic lexicon
A a’l
A. a’l;B
A'S a"ILBAs"F
AAH a"la"M h"F

= deterministic process - no manual/G2P system required
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Graphemic Lexicons [8]

= As well as manual cost other issues with phonetic lexicons
= inconsistencies depending on the phonetician
= sometimes transcriptions generated for particular speaker

= An alternative is to generate a graphemic lexicon
A a’l
A. a’l;B
A'S a"ILBAs"F
AAH a"la"M h"F

= deterministic process - no manual/G2P system required

« CUED system additional markers added (phonetic possible)

= A - apostrophe following the letter
= B - abbreviation (A., B. etc)
= position - | (initial), M (middle), F (final)
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Performance on English - Non-Native Learners [9]

— 00 Phonetic
50 0 Graphemic ||
x
x 40 .
18]
=
| | | |
Al A2 B1 B2 C

= For “beginners” graphemic systems outperform phonetic

= as ability improves ASR performance improves
= graphemic systems can be useful for (even) English!
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Writing Systems

= English/European languages Latin script is used

What about general languages world-wide?

= There are a range of writing schemes used:
= Pictographic - graphemes represent concepts
= Logographic - graphemes represent words of morphemes
= Syllabries - graphemes represent syllables
= Segmental - form examined on the Babel project
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Writing Systems

= English/European languages Latin script is used
What about general languages world-wide?

= There are a range of writing schemes used:
= Pictographic - graphemes represent concepts
= Logographic - graphemes represent words of morphemes
= Syllabries - graphemes represent syllables
= Segmental - form examined on the Babel project

= Segmental writing systems can be further partitioned as

= alphabet - consonants and vowels both written
= abugida - vowels marked as diacritics on consonants
= abjad - only the consonants are written
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Example Writing Schemes

Script Graphemes

Language System

Pashto Abjad

Tagalog Alphabet
Tamil Abugida
Zulu Alphabet

Kazakh Alphabet
Telugu Abugida
Ambharic Abugida
Mongolian  Alphabet

Arabic

Latin

Tamil

Latin
Cyrillic/Latin
Telugu
Ethiopic
Cyrillic

47
53t
48
521
126f
60
247
66

= Count excludes apostrophe, hyphen, punctuation ...
= includes capitals for Latin/Cyrillic scripts
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Graphemic System Attributes [4, 15]

= Often no attributes associated with graphemes

= limits decision tree questions to grapheme
= no attributes such as voiced/unvoiced
* how to handle very rare graphemes?

= Interesting to examine additional attributes

= bottom-up clustering of observed graphemes
= make use of attributes of the unicode coding
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Graphemic System Attributes [4, 15]

= Often no attributes associated with graphemes

= limits decision tree questions to grapheme
= no attributes such as voiced/unvoiced
* how to handle very rare graphemes?

= Interesting to examine additional attributes

= bottom-up clustering of observed graphemes
= make use of attributes of the unicode coding

= Diacritics not always marked on found data
= can yield mismatch in vocabulary and pronunciation
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Kazakh Lexicon

= Mixture of Cyrillic and Latin script
= use unicode descriptors to map between forms

G67D2D3D6 LATIN SMALL LETTER I
G67D8D3D6 LATIN CAPITAL LETTER I
G67D1D2D3 CYRILLIC SMALL LETTER I
G6,D1D2D3D4 CYRILLIC SMALL LETTER I WITH GRAVE

G6;D1D2D3D5 CYRILLIC SMALL LETTER SHORT I

=N o=

e

where the following attributes are defined

D]. CYRILLIC D2 SMALL D3 LETTER D4 WITH GRAVE
D5 SHORT D6 LATIN D8 CAPITAL

= Able to relate accented letters to root grapheme
= also delete diacritics from actual graphemes




Phonetic vs Graphemic Performance

. WER (%)

Language  Script Phon Grph ‘ Comb
Tok Pisin  Latin 40.6 411 | 394
Kazakh Cyrillic/Latin || 53.5 52.7 | 51.5
Telugu Telugu 69.1 695 | 67.5

= Comparable performance of graphemic/phonetic systems
= graphemic/phonetic systems are complementary to one another

= Similar trend observed over many other languages

;l; UNIVERSITY OF

CAMBRIDGE




Acoustic Model
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Speech Data
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Acoustic Model Training

The cat sat on the mat

= Acoustic models training with supervised training
= pairs: (parametrised) waveform & orthographic transcription
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Handling Limited Training Data

= Increased training data yields performance gains

= but collecting data may be expensive (depending on language)
= manually transcribing data expensive ( alt. crowd-sourcing)

= Interested in approaches that increase data quantity
= without incurring significant costs
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Handling Limited Training Data

= Increased training data yields performance gains

= but collecting data may be expensive (depending on language)
= manually transcribing data expensive ( alt. crowd-sourcing)

= Interested in approaches that increase data quantity
= without incurring significant costs

= Approaches discussed here
= data perturbation (artificially generate data)
= multi-language acoustic models
= semi-supervised training (use untranscribed data)
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Data Perturbation [14]

Train
Acoustic Models

Perturb Data

= Perturb data with speaker perturbation

= synthesise data at a range of VTLN warp factors
= also possible to use speed and noise perturbation

= Transcription is known!
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SpecAugment [12]

= Motivated by computer vision occlusion
= mask regions of time/frequency in the training data
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Multi-Language Framework [3]

I
Tansior| | AudoLior
S

= Data from non-target language used to train model:

= train complete acoustic model (see later)
= train DNN to extract multi-language features
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Multi-Language Bottleneck Features

Hidden Layers Targets
Bottleneck o
Input Layer Layer S
o
=1
Input 'U
Features 2
[+
3
o
[]
2
DNN HMMs

- Language Dependent Bottleneck
PLP—»
Language Independent Pitch

= Generate features from multiple languages
= aim to make feature extractor language independent
= all layers other than output layer shared over all languages
= output-layer language-specific - “hat-swapping”

UNIVERSITY OF
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Multi-Language Acoustic Models

Hidden Layers  Targets T

Input Layer

Input
Features

juspuadag-ixejuod

- Language Dependent

Language Independent

= Shared layer of networks over multiple acoustic models
= output-layer language-specific - “hat-swapping”
= can “fine-tune” parameters to target language

UNIVERSITY OF
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Multilingual System Performance

TDNN-LSTM

System Language (WER %)
Bulgarian Lithuanian Tagalog
— 39.3 41.1 41.1
ML-Feature 35.2 38.1 39.5
ML-Model 37.2 39.3 39.6

= Multi-Language models based on 20+ languages

= performance gains for all set-ups using multi-lingual data
= Contrast of features and models

= additional hyper-parameter tuning needed for ML-Model
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Semi-Supervised Training: Framework

Tune to Semi-Supervised
Supervised Data Acoustic Models
Baseline Supervised Run Speech Segment

Acoustic Models Recognition Selection

= Segment level selection of data to use
= use confidence scores in data selection
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Semi-Supervised Training: Criterion/Regularisation

= Split data according to training criterion

1. train network using all data using cross-entropy criterion
2. train network using transcribed data and sequence training




Semi-Supervised Training: Criterion/Regularisation

Split data according to training criterion

1. train network using all data using cross-entropy criterion
2. train network using transcribed data and sequence training

= Use unsupervised trained network as a prior

1. train network using all data (Mpyior)
2. train network using transcribed data using Mpyior as prior

= For CE training this yields

Mx

FM =Yt

=1

tix log (P (wi|xi, M))

x
I
—

K
+a > > P(wilxi, Mprior) log(P(wi|xi, M))

k=1

M~

Il
[ury

i
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Semi-Supervised Learning: Multi-Task Criterion

Input
Features

_

s)abie] pasinadnsun  syebie) pasiasadng

= Have two separate output layers:
= targets associated with transcribed training data
= targets associated with untranscribed training data

= The training utterance transcription determines output layer
= simple form of “hat-swapping” (change output layer)
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Example Data Source: BBC Pashto

NS & y30 2 Jsirs> sily 3ib 3
(2 Ahyo 4 5] Alpe 055 (S
035 (557 s s J> (53w >

ol 2,855 o2 b gl 50 (JsS 0,5

P )
EEME NEWS s bbc.com/pashto
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Semi-Supervised Porting

* Possible mismatch between transcribed/evaluation data

= transcribed data: narrow-band conversational telephone speech
= evaluation data: wide-band broadcast and podcast speech




Semi-Supervised Porting

* Possible mismatch between transcribed/evaluation data

= transcribed data: narrow-band conversational telephone speech
= evaluation data: wide-band broadcast and podcast speech

= Train acoustic and language models on available data
1. collect text web-data for target domain
2. down-sample evaluation data to narrow-band - recognise data
3. select data for model training - use wide-band parameters
4. train model - no use of transcribed data
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Semi-Supervised Porting: Narrow-to-Wide Band

TDNN-F

Language (WER %)
System Bulgarian Tagalog Somali
NB NB NB
ML-Feature || 34.3 39.2 52.7
ML-Model 35.7 39.2 52.2
Comb 32.9 37.3 50.0

= Multi-Language models based on 20+ languages

= performance gains for all set-ups using multi-lingual data
= additional hyper-parameter tuning needed for ML-Model
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Semi-Supervised Porting: Narrow-to-Wide Band

TDNN-F

Language (WER %)
System Bulgarian Tagalog Somali
WB WB WB
ML-Feature 23.6 36.0 59.0
ML-Model 23.0 37.0 53.7
Comb 21.4 345 53.7

= Multi-Lingual models based on 204 languages

= performance gains for all set-ups using multi-lingual data
= additional hyper-parameter tuning needed for ML-Model

= Down-sample WB data to allow NB models to be used
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Confidence-Based Data Selection

100 - ) N
. 80
X
— 60
oS SRR R R WS
A 40
3 20 — Lithuanian
0 —— Bulgarian
<
@ 0
n

0 0.2 0.4 0.6 0.8 1
1-Best Confidence Threshold
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Confidence-Based Data Selection

. 80

X

— 60

oS SRR R
s 40

3 5 — Lithuanian

S 01— Bulgarian

g 0

n

0 0.2 0.4 0.6 0.8 1
1-Best Confidence Threshold

= Select data with the highest confidence score
= compute average confidence score for each utterance
= automatically does language verification per utterance
= Alternative approach is to use lattices during training
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Wide-Band Performance
TDNN-F

Language YT (hrs)
Avl  Sel

Bulgarian 2382 1444
Lithuanian || 805 439

WER %
NB YT
23.6 17.8
25.9 20.6

» Use ML-features to transcribe WB YouTube (YT) data

= select 50% of data using confidence scores

= train model only on WB data
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Downstream
Processing
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Task: Key Word (Phrase) Spotting [5]

I need to find
mentions of cell

phones Keyword Search Task

Hit:

ES RS

Query:

Thousands of Hours

Indexer of Indexed Audio

OF X3 % A T 0

ERELEW
Speech-To-Text Task




Key Word (Phrase) Spotting: Assessment

Ground truth derived

10 soconts from force-aligned,
full
Reference Occ. Y &y A 5 Irmascipts,
sysam Oce. IAANTES..
(detection YOE; YOEGS fo‘l40 3150 ﬁwlng aclcounting
threshold © = 0.6 7 p - . temporal overlap
4 Hit FA Miss Miss S0d detection Score
Miss
System-specified,
o type optimized, detection,
m!“ ‘Actual” threshold

Performance
calculations

« Term Weighted Value (TWV) - official metric (5 =999.9)
* TWV(0) =1~ [Pumiss(0) + BPra(6)]




Key Word (Phrase) Spotting: Framework

A

Speech
Recognition

ned

Generate
Index

Search

KWS

hits

f

Query




Key Word (Phrase) Spotting: Framework

A

f

Query

W Speech e » KWS
Wﬁ - Recognition Search hits

Generate
Index

= Key problems are:

= ASR systems with very limited training data available
= ASR systems for highly diverse languages

= KWS systems with high out-of-vocabulary query terms
= KWS for low accuracy ASR systems
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Lattices

ELABORATE

BUT

T T
0.00 050 1.00 150 225 2585
Time (s)

= A lattice, £, comprises:

= nodes (sometimes called state): associated with time stamps
= arcs: have labels and scores (not shown)




Word Search Strategy

= Initially just consider detecting whether a word, W, occurs

1. retrieve all arcs, a, in the index for which a € Z(w)
(grouped according to time-stamp information as well)

2. compute the posterior for that arc in the lattice P(a|£(a))

3. construct the probability for word W in lattice £

Pwic)=" % P(alL(a))

aeZ(w):L(a)=L

4. define a threshold of P(Ww|L) for existence of word in utterance

= Yields count for a particular word for a lattice.
= how to obtain the posterior efficiently and handle phrases
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WFST Index Implementation [2]
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Highly Diverse Lan

uages - ASR/KWS Performance
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Task: Cross Language Information Retrieval [11]

LRL Documents

Annotated Documents English Query

Passage ; @ !
Segmentation

LRL Query

Speech Text
Processing Processing

Relevanti ... j
LRL Distributed

English
Summary

o e | Morph. | [ English | LRL IRLIRL | [avery|sum. |Doc.
used for Training | Data Docs Docs Speech [Transcript

= Find documents in source language relevant to English query




CLIR: Search Options

~e DT £
d «——— d

Queries: English (q°) translate (QT) Source (§)
Document:  Source (df) translate (DT) English (d®)
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CLIR: framework

A q h Ranked
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W, Recognition Search Documents
Generate Machine

Index Translation
. Quer
English Query = Proces‘s,ing

= Only consider search in source language




CLIR: framework

A Q

h
1

Ranked
> Documents

- P h
W, Recognition Searc
Generate Machine
Index Translation
. Query
English Query = Processing

= Only consider search in source language

= Additional challenge

= limited machine translation data
= need to generalise beyond word/phrase occurrences




Generative CLIR

« Compute probability generating query q° from document d*

P(a°ld) = T [(1-a)P(wd") + aP(w[g®)]

weeqe
= g° general English model - used for smoothing
= « tunable model (usually small 0.1)
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Generative CLIR

« Compute probability generating query q° from document d*

P(a°ld) = T [(1-a)P(wd") + aP(w[g®)]

weeqe
= g° general English model - used for smoothing
= « tunable model (usually small 0.1)

* Need to find P(w®|d®) from spoken document
= from ASR df - £*

P(wid®) = 5 P(wiw")P(w'|LT)

wielf

= P(w®|w®) word-level translation table - requires limited data
= P(w?|LT) similar to word-level KWS
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Information Retrieval Assessment

True

positives 1 2/4 % 0/6 0

Predicted
positives

AP@1 AP@2 AP@3 .eer  seee seen AP@K....

Overall AP =% (1/1+0/2+0/3+2/4+%+0...+0)=

= Use mean average precision to assess system performance
= standard information retrieval metric
= only assesses the ranking of the documents retrieved




CLIR Performance

Language  ASR System WER % mAP
NB WB | 1-Best Lat
Swabhili CUED 36.0 31.5 | 0.2058 0.2088
Bulgarian  CUED 326 189 | 0.7366 0.7413
CUED1 41.8 24.4 | 0.6466 0.7049
Lithuanian CUED?2 37.4 214 | 0.6666 0.7477
CUED3 35.8 20.6 | 0.6948 0.7440

= Consistent gains using lattices over 1-best

= lattice search less sensitive to ASR accuracy
= but need to control lattice size
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Conclusions

= “Plug and Play"” systems built for diverse languages
= graphemic lexicons worked well for all languages

= Multi-language acoustic models important
= either bottleneck features, or “complete” models

= Data augmentation approaches important
= semi-supervised training can handle acoustic mismatch

= Use “rich” output from ASR system (lattices)
= improves downstream application performance
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Thank-you!
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