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Il. Improving end-to-end speech recognition (20*4=80 min) 15-minute break
1. Data-efficiency
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4. Language modeling
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.1 PGM

Probabilistic Framework

Learning

l p(h|x;8)

Human knowledge
+ Data | > Model >

p(x, h; 0): Generative model, e.g., Hidden Markov Model (HMM)
p(h|x; 6): Discriminative model, e.g., Conditonal Random Field (CRF)

We need probabilistic models, besides neural nets.



Probabilistic Graphical Modeling (PGM) Framework ™

* Directed Graphical Models / Bayesian Networks (BNs)

= Self-normalized/Local-normalized @ @
» e.g. Hidden Markov Models (HMMs), Neural network (NN) based

classifiers, Variational AutoEncoders (VAEs), Generative Adversarial

Networks (GANs), auto-regressive models (e.g. RNNs/LSTMs) @ @

p(x1, X2, %3,%4) = p(x1)p(x2|x1)p(x3|x2) 0 (%4]%1, X3)

* Undirected Graphical Models / Random Fields (RFs) / Energy-based models

= Involves the normalizing constant Z / Globally-normalized @ @
= e.g. Ising model, Conditional Random Fields (CRFs)

1
p(x1, X3, X3,X4) = ECD(xl,xZ)CD(xZ,x3)CD(x3,x4)(D(x1,x4) @ @



HMM Viewed as Directed Graphical Model

T

The joint probability distribution of a hidden Markov model (HMM) :

T—-1

p(TTy.r, X1.7) = P(7T1)l | p(Tryq|me)

P

T

lp(xt

t=1

State Initial State Transition State

Distr. Distr.

)

'T\

Observation
Distr.

.1 PGM



1.2 Classic
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ASR: Basics .2 Classic

ASR (Automatic Speech Recognition) is a seq. discriminative problem

= For acoustic observations x = x4, -+, xr, find the most likely labelsy = y,, -, y;

1. How to obtain p(y | x) - Separate
neural network architectures

and probabilistic model definitions !

2. How to handle alighment, since L # T

Labels
y L#+T

[
V1

YL

Observations x = x4 -* xp

Example of alignment



GMM-HMM: state transitions 2 Classic

Acoustic HMM states  Phonetic context-dependency Lexicon Language model
it i t
vy QQAQ, . 0%0-0
) t-1y+n t
tly+ng Q»Q»Q» iy 4t-iy+n9 T 0500
f-iy+l Q,Q,Q, Ifl:llzI if'iyﬂ Ifl:llzI 900d @ 49 L9-9@ E[Ilj
syl ARG, sy

we OHOH0

2 /

State transitions in T are determined by a state transition graph (WFST), constrained by T

l:<eps=>/0
1;jill/0.405
m:jim/1.098

f:fled/2.284

iy:read/0.805
ow:wrote/2.237

A path T £ 1, -, w7 uniquely determines a label sequence vy, but not vice versa.
1 T

e



GMM-HMM .2 Classic

b:bill/1.386
jh:<eps=>/0.287

iy:read/0.805
ow:wrote/2.237

A path T uniquely determines y via mapping Byuu

T~

P Training: Maximum likelihood p(y,x) = ... BHMM(n)=yp(n" X) via the forward-backward algo.

P Inference: Viterbi Decoding via max p (7, x)
T 11



WEST

 WFSTs (weighted finite-state transducers) for Viterbi decoding
= Pioneered by AT&T in late 1990’s [Mohri et al., 2008]

1.2 Classic

Acoustic HMMs: H  Phonetic context-dependency: C Lexicon: L Language model: G

[e_g

/ e
XX/ e_y %/
. _y XX/y_X -
s o — o 0 Xxly &
(&7 [ xwe x x¥xx o y.x [ x.e
WEx o = —
XXX Y N YYXX
\ x xy
(5 gy YVYX
\

wyw,/ip(wy I w))
W)
%

Composed and optimized into a single WFST
N = min(det(H odet(Codet(LoG))))

which represents p(m;,¢|m;) and is used in Viterbi decoder.

Well implemented in Kaldi toolkit https://github.com/kaldi-asr/kaldi

M. Mohri, et al., "Speech Recognition with Weighted Finite-State Transducers", 2008.
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https://github.com/kaldi-asr/kaldi

DN N-HMM .2 Classic

e ASR state-of-the-art: DNNs of various network architectures (MLP, LSTM, CNN,
Transformer, etc.), initially DNN-HMM

Transition Probabilities

State posterior prob.
estimated from the DNN, which needs Can be ignored.

frame-level alignments o
D (x,|1,) = p (1|2 )p (xe) .
t t _— ht.\!i — Observation
p (T[t) | \V.u Probabilities
~S—m — pM
State prior prob. DNN
estimated from the training data h" -
! i
e Conventionally, multi-stage e v ~—
monophone GMM-HMM T U, P L %Ob .
. . o £ Baggs f.?‘_é,i:’;. § i '.- “9; servation
- alignment & triphone tree building PR ae mlm 2l IR e 8
— alignment
> triphone DNN-HMM G. Dahl, et al., "Context-dependent pre-trained deep neural networks for 13

large-vocabulary speech recognition", TASLP, 2012.



Advancing to end-to-end ASR: motivation

 End-to-end in the sense that:

* Eliminate the construction of GMM-HMMSs and phonetic decision-trees, and can be
trained from scratch (flat-start or single-stage)

* In @ more strict/ambitious sense:

 Remove the need for a pronunciation lexicon and, even further, train the acoustic and
language models jointly rather than separately

* Trained to optimize criteria that are related to the final evaluation metric that we are
interested in (typically, word error rate)

* Motivation

* Simplify system pipeline, reduce expert knowledge and labor (such as compiling the
ProLex, building phonetic decision trees)

14



Advancing to end-to-end ASR: techniques

ASR is a sequence discriminative problem

» For acoustic observations x = x4, -+, x7, find the most likely labels y = y4, -, y;

1. How to obtain p(y | x) :

2. How to handle alighment, since L # T

Need a differentiable sequence-
level loss of mapping acoustic
sequence y to label sequence x

AN

* Explicitly: introduce hidden state sequence m, as in
Connectionist Temporal Classification (CTC),
RNN Transducer (RNNT), CRF

* Implicitly: as in Attention based Encoder-Decoder
(AED)

Labels

y
|

V1

YL

L#+T

Observations x = x4 -- xp
Example of explicit alignment

15




History

DNN-HMM AED
(2009) (2015)
- o——o —
GMM-HMM CTC RNN-T LF-MMI  CTC-CRF
(IBM, AT&T, 1980s) (2006) (2012) (2016)  (2019)

* [CTC] Graves, et al., “Connectionist Temporal Classification: Labelling unsegmented sequence data with
RNNs”, ICML 2006.

 [DNN-HMM] A. Mohamed, et al., “Deep belief networks for phone recognition”, NIPS Workshop Deep
Learning for Speech Recognition and Related Applications, 20009.

 [RNNT] A. Graves, “Sequence transduction with recurrent neural networks”, ICML 2012 Workshop on
Representation Learning.

* [AED] D. Bahdanau, et al., “Neural machine translation by jointly learning to align and translate”, ICLR 2015.

* [LF-MMI] D. Povey, et al., "Purely sequence-trained neural networks for ASR based on lattice-free MMI",
INTERSPEECH 2016.

* [CTC-CRF] Xiang&Ou. "CRF-based Single-stage Acoustic Modeling with CTC Topology", ICASSP, 2019.

16
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1.3 CTC

CTC: introducing blank symbol

* Motivation: training p(y | x) without the need for frame-level alignments
between the acoustics x and the transcripts y

» Introduce a state sequence ™ £ my, -, wr, Where m; € the-alphabet-of-labels U <b>

p (11 |x) p(me|x) p(mr|x) -
A A A Linear&Softmax Layer
Path posterior T State posterior zy = Wh, € RK*1
p(m|x) = | [p(melx) . . - :
t=1 = k|x) = 2PED_ s ke e
"} S A e Rl

_ prob. of observing label k at time t
Acoustic Encoder :
The un-normalized outputs z; are
le xt x/; often called logits.

Graves, et al., “Connectionist Temporal Classification: Labelling unsegmented sequence data with RNNs”, ICML 2006. 18



CTC topology

1.3 CTC

= State topology refers to the state transition structure in 1T, which basically determines

the mapping B.rc frommtoy

Path posterior

CTC topology : a mapping By maps Tto y by
1. reducing repetitive symbols to a single symbol;

2. removing all blank symbols.
B(—CC — —AA—-T —) = CAT

T
p(eln) = | [prlo
t=1

Label-seq posterior

p(y|x) = 2 p(7t|x)

O

o O
o o
o O
[
O

T-2 T-1 T

1: Berc(m)=y
Summing over all possible paths, which map to y

B B cBBaaasB
B

B t
B cec B aZBRB B t

B cBBaBBT&tt?B

19



1.3 CTC

CTC: the gradient & the forward-backward algorithm
Forlogitz¥,1 <t <T

dlogp(y|x) . dlogp(rr|x)
azf — Fp(m|xy) az[f

] > Fisher Equality [Ou, arxiv 2018]

dlogp; A
= p(n|x,y>l azlft ] » p(r| x)=ﬂpft
t=1

— Ep(nlx,y) [6(m, = k) — pﬂ

i.e., the error signal received by the acoustic
= p(m, = k|x,y) — pf< encoder NN during training

i.e., y¢, the posterior state occupation probability, calculated using the alpha-beta variables
from the forward-backward algorithm [Rabiner, 1989]

Providing easy derivation and giving insight, not appeared in [Graves, et al., 2006] and elsewhere

Z. Ou. "A Review of Learning with Deep Generative Models from Perspective of Graphical Modeling", arXiv, 2018. 20




CTC: LM integration with WFSTs oo

* Best-path-decoding or Prefix-search-decoding
max p (| x) myaxp(ylx)

* Incorporate lexicon and LM to improve best-path-decoding
m;lX p(1|x) LM (Berc (7))

WFST representing CTC topology: T Lexicon: L Language model: G
b:bill o ih:<eps> o l:<eps> 40-<eps>

Composed and optimized into a single WFST 21



i]3 CTC

WEST representation of CTC topology [Xiang&Ou, 2019

A:<eps>

C.C

<blk>:<eps>
B:

B

<eps>:<eps>

EESEN T.fst Corrected T.fst
WEST : dev - 1 test - WEST TLG size  decoding time
clean otner clean otner
Eesen Tfst | 3.90% 1032% 4.11% 10.68% CEese“ rg-fStf %‘gM gogs
Corrected T.fst | 3.87% 10.28% 4.09% 10.65% orrected T.1st M 72s

Using corrected T.fst performs slightly better; The decoding graph size smaller, and the decoding speed faster.

* Miao, et al., “EESEN: End-to-end speech recognition using deep RNN models and WFST-based decoding ”, ASRU 2015.

22
e Xiang&Ou. "CRF-based Single-stage Acoustic Modeling with CTC Topology", ICASSP, 2019.



CTC: Label units e

* For WERs in apple-to-apple comparisons
* mono-phone clearly better mono-char, over WSJ-80h, Switchboard-300h, Librispeech-960h [Xiang&Ou, 2019]
* For low degree of grapheme-phoneme correspondence (e.g., English), wordpiece slightly worse than mono-
phone; For high degree (e.g., German), equally strong [Zheng, et al., 2021]
* Longer span, more training data needed
* Word-level CTC targets, trained on 3,400 hours of speech [Li et al., 2018]

Basic Units of
Labels

Label Sequence

DHAE1 TN IY1 DH EROAH1V DH EH1 M HH AE1
phoneme DKRAO1STDHAHOTHREH1SHOW2LDSIH1
NSDHAHODAA1RKDEY1
that _neither_of them_had _cros

/C?:ric;crire sed_the_threshold_since_the_dar
srap k day_
subword that_neither_of them_ had crossed the
/wordpiece th re shold_since_the_dark_day_
word that neither of them had crossed the threshold

since the dark day

* Zheng, et al., "Advancing CTC-CRF Based End-to-End Speech Recognition with Wordpieces and Conformers", 2021.

e J.Li, etal., "Advancing acoustic-to-word CTC model", ICASSP 2018. 23



: .3 CTC
CTC: shortcoming
_
o _ . RNN-T
* Conditional independence assumption | Overcome > <
r _ CTC-CRF
p(l ) = | | pGrlo)
t=1
p(71|x) p(:|x) p(mr|x)
T 00 e () e
Us
) 7 ) f
h1 ht hT
A A A
Acoustic Encoder X
T 7 7
0 K.

Computational flow Graphical Model Representation
24
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AED: basics

.4 AED

L
P(y1.Llx1.7) = 1_[ 1P(yi|x1:T:y1:i—1)
L=

v

fnC henc h%nC
A A A
Encoder
) ) )
X1 Xt XT

y; = Generate(yi_l,hflec, cl-),i =1,-,L
hie¢ = Decoder(h{$, y;_1,¢; )
= T_ a; :hE", or simply as, ¢; = Attend(h%§, h¢7¢

a;; = AttentionWeight( %S, h¢"¢),t = 1: T

hi’* = Encode(x;.7)

Emerged first in the context of NMT, then applied to ASR
* D. Bahdanau, et al, “Neural machine translation by jointly learning to align and translate”, ICLR 2015.

* W. Chan, et al.,
 J. Chorowski, et al.,

"Listen, attend and spell: A neural network for large vocabulary conversational speech recognition", ICASSP 20166.
"Attention-based models for speech recognition", NIPS 2015.



On 1.4 AED

» Encoder (analogous to AM):
* Transforms input speech into higher-

> pdec level representation

P Attention (alignment model):

* |dentifies encoded frames that are
relevant to producing current output

%/ﬁ
W pene . P Decoder (analogous to LM):

A * Operates autoregressively by
Encoder predicting each output token, as a
K) Kj function of the previous predictions
JR A

27



AED: shortcoming .4 AED

L
P(y1.plx1.r) = 1_[ 1P(3’i|x1:T»Y1:i—1)
1=

\hdec > pdec @’@

hfnc hgnc .
A A Graphical Model Representation
Encoder
x/g x1; x1; * As directed sequential model /Auto-regressive

model, AED potentially suffers from Label Bias
and Exposure Bias
* AED is not streaming; there are efforts...

Computational flow

28
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RNNT: introducing prediction network for labels™ "
* Motivation: extending CTC by considering output-output dependencies

* Introduce the prediction network, which attempts to model each output in y;.; given
the previous ones

Yy > > g, Defines the conditional output
5 distribution at (¢, u):
% JointNet(- |t,u)
S : S which is a softmax over K + 1
Yy~ ; ~ g, —> JointNet PNT— |7 7 _
| @ units, including a blank ¢,
;> S > and used to determine the state
e 91 transition probabilities in a lattice.
<S>—> > g
° fi = fe B T
Yo is the special token <s> A A A In the original paper, f;, g,, € RE*1
AM Encoder and f; + g, directly defines the
R R A logits for the softmax layer.
xl .o xt xT

A. Graves, “Sequence transduction with recurrent neural networks,” ICML 2012 Workshop on Representation Learning. 30



.5 RNNT

RNNT: introducing a new definition of path

* Introduce the state sequence (a path) T = 4, -+, Ty for input x;.7 and output y,.y
over a lattice
 Each state T is a tuple (tj,uj, Oj), namely an arc

starting from (tj, uj) and associated with an output

label o, either being ¢ or from y,.y
* A path 7 consists of T horizontal and U vertical arcs.

Path posterior T+N
P(my.ryulxir) = 1_[ ) P(”j|7T1:j—1)
]:

. A (0
P(nj|n1:j_1) = JointNet(oj|t;, u;) = p(tjj;uj)

. {yujﬂ T; is vertical
j —

) m; is horizontal

31

A. Graves, “Sequence transduction with recurrent neural networks,” ICML 2012 Workshop on Representation Learning.



.5 RNNT

RNNT: label-seq posterior

P(ﬂj|7T1:j—1)

Path posterior T+U
P(mty.r4ul|X1r) = 1_[

j=1

Label-seq posterior
P(yiulx1r) = Z P(mty.riyl|x1.7)
T1.7+U: BRNNT(T1.T+U)=Y1.U

Summing over all possible paths, which map to y;.y

RNNT topology : a mapping BryyT Maps  to y by removing
outputs from all horizontal transitions in

32

A. Graves, “Sequence transduction with recurrent neural networks,” ICML 2012 Workshop on Representation Learning.



.5 RNNT
hm

RNNT: the gradient & the forward-backward algorit

For logits z(; ;) € R**! from JointNet(- [t,u),1 <t <T,0<u<U

dlogp(y|x) _ 0 logp(”"‘) . Fisher Equality [Ou, arxiv 2018]
- P(mlxy) |7 5k
(t,u) (t, U)
T+U
. OIOQP(tJ up)| D (| x) = l_[poj
|, . - . .
p y aZ(t,u) | i=1 (t],u])

T+U - k
N 2 =1 Epmixy) [5(tj = LU =05 = k)] ~ Piew
T+U " i.e., the error signal received by the
— Z p( =tw =u0; =k|x,¥) — Pirw

j=1 acoustic encoder NN during training

i.e., yéj:,u), the posterior state occupation probability, calculated using the alpha-beta variables

: he f _bacl | algorithm [Rabiner 1989

Providing easy derivation and giving insight, not appeared in [Graves, et al., 2006] and elsewhere

Z. Ou. "A Review of Learning with Deep Generative Models from Perspective of Graphical Modeling", arXiv, 2018. 33



RNNT: intuition .5 RNNT

—> ->
Yu < Jdu
®
Q.
9
=
Yu| 2 [7 gu | JointNet
N
: = :
Y17 2 [T 9
<S>—> —> g
0
f = i fr
A A A
AM Encoder
A ) )
xl cee xt eoe xT
P Encoder (analogous to AM): P Prediction Net (analogous to LM?): P> Joint Net (Alignment model?):
Transforms input speech into higher- Operates over output tokens Determines when to emit
level representation output tokens

34



RNNT: discussion

* AM encoder initialized from CTC-trained acoustic model: generally improves performance.

.5 RNNT

* PN initialized from recurrent LM: mixed results. Reported to be helpful in [Rao et al., 2017], but not {

[E. Variani, et al., 2020]

Context 0 1 2 4 00
“PN decoder network deviates from being a language model.” Ist-pass WER | 8.5 | 74 | 6.6 | 6.6 | 6.6
posteriorcost | 34.6 | 5.6 | 52 | 47 | 4.6

Feeding limited context in PN performs as good as infinite context.

[M. Ghodsi, et al., 2020]

e K. Rao, H. Sak, R. Prabhavalkar, "Exploring Architectures, Data and Units For Streaming End-to-End Speech Recognition

Table 2: Effect of limited context history.

Our results suggest that the RNNT prediction network
does not function as the LM in classical ASR. Instead, it

merely helps the model align to the input audio, while the
RNNT encoder and joint networks capture both the acoustic
and the linguistic information.

with RNN-Transducer", ASRU, 2017.
e E. Variani, et al., "Hybrid Autoregressive Transducer (HAT)", ICASSP, 2020.
M. Ghodsi, et al., "RNN-transducer with stateless prediction network", ICASSP 2020.

35



RNNT: shortcoming

P(”J"”l:j—l(_\lj()ﬁ:ﬂxtﬂ =

T+U
P(myryylxyr) = 1_[

J=1

Marginalize

@'

Graphical Model Representation

.5 RNNT

U
P(yl |x1:T' yl:i—l)

li=

> DD

Graphical Model Representation

in [Cui, et al., 2021].

 RNNT is more suitable for streaming recognition, but as directed sequential model /Auto-
regressive model, RNNT potentially suffers from Exposure Bias and Label Bias. A recent effort

X. Cui, et al., "Reducing Exposure Bias in Training Recurrent Neural Network Transducers", INTERSPEECH 2021. 36
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1.6 CRF

Sequence discriminative training

* Historically

* GMM-HMMs are generative models

p(1te|xe)p(xe)
p(1Te)

* DNN-HMMs are interpreted as generative models (interpreting p(x;|m;) =

as pseudo-likelihood), though strictly not

* A large body of works to improve GMM-HMMSs and DNN-HMMs, by
using sequence-discriminative criteria, like

 Maximum Mutual Information (MMI), boosted MMI (BMMI), Minimum Phone Error
(MPE), Minimum Bayes Risk (MBR) [Karel, et al., 2013]

* Minimum Word Error Rate (MWER) [Stolcke, et al., 1997]

e V. Karel, et al., "Sequence-discriminative training of deep neural networks", INTERSPEECH 2013.

e A. Stolcke, et al., "Explicit word error minimization in N-best list rescoring", Eurospeech, 1997. 33



.6 CRF

MMI and CML

* MMl training of a GMM-HMM, for acoustic input x and transcript y, is equivalent to
CML (conditional maximum likelihood) training of a CRF (using 0/1/2-order features in
potential definition) [Heigold, et al., 2011].

p(xly)_l p(y|x)

]MMI = lOg p(x) = log M

Jemr = logp(y | x)

* LF-MMI: no division by the prior, uniform transition probabilities, using log-softmax prob. of states
as the log of a pseudo-likelihood [Povey, et al., 2016]

* For the two manners - indirectly formulated as MMI training of a pseudo HMM [Povey,
et al., 2016] or directly formulated as CML training of a CRF, it would be conceptually
simpler to adopt the later manner.

* G. Heigold, et al., "Equivalence of generative and log-linear models", TASLP, 2011.

* D. Povey, et al., "Purely sequence-trained neural networks for ASR based on lattice-free MMI", INTERSPEECH 2016. 39



.6 CRF

Conditional random field (CRF)

A CRF define a conditional distribution over output sequence y' given input sequence x
of length [ :

l

po(y'le') = 5o explun(als ) Zo(e!) = £, explun(a o)

Potential function: Node potential  Edge potential
) + 3 o > >
I 1 [ l
uo(z',y') =Y ¢i(yi, ') + D i(yi-1, i, ')
1=1 1=1

P CRFs was explored for phone classification, using zero, first and second

order features [Gunawardana, et al., 2005].
P CRFs can overcome “label bias” and “exposure bias”, but are hard to be Example of a linear-chain CRF

trained.
P CTC-CRF: the first CRF successfully developed for end-to-end ASR

» Lafferty, et al., "Conditional random fields: Probabilistic models for segmenting and labeling sequence data”, ICML 2001.
* A. Gunawardana, et al.,"Hidden conditional random fields for phone classification", Europspeech, 2005. 40



1.6 CRF

Label bias [Lafferty, et al., 2001]

» Word probabilities at each time-step are locally normalized, so successors of incorrect
histories receive the same mass as do the successors of the true history. [Wiseman, et al., 2016]

Training data

Correct history
.00

Tom likes tea
John likes tea
Alice like tea

Wrong history

» [Andor, et al., 2016]

* “Intuitively, we would like the model to be able to revise an earlier decision made during search, when
later evidence becomes available that rules out the earlier decision as incorrect.”

* “the label bias problem means that locally normalized models often have a very weak ability to revise
earlier decisions.”

* A proof that globally normalized models are strictly more expressive than locally normalized models.

* Wiseman, et al., "Sequence-to-sequence Learning as Beam-Search Optimization", EMNLP, 2016. 21
* Andor, et al., "Globally Normalized Transition-Based Neural Networks", ACL, 2016.



1.6 CRF

Exposure bias

P Mismatch between training (teacher forcing) and testing (prediction) of
locally-normalized sequence models:
* Training: maximize the likelihood of each successive target word,
conditioned on the gold history of the target word.
* Testing: the model predict the next step, using its own predicted samples
in testing.

P The model is never exposed to its own errors during training, and so the inferred
histories at test-time do not resemble the gold training histories. [Wiseman, et al., 2016]

P Exposure bias results from training in a certain way, Label bias results from
properties of the model itself.

 Wiseman, et al., "Sequence-to-sequence Learning as Beam-Search Optimization", EMNLP, 2016.

42
 Andor, et al., "Globally Normalized Transition-Based Neural Networks", ACL, 2016.
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H. Xiang, Z. Ou. "CRF-based Single-stage Acoustic
Modeling with CTC Topology", ICASSP, 20109.

K. An, H. Xiang, Z. Ou. "CAT: A CTC-CRF based ASR
Toolkit Bridging the Hybrid and the End-to-end
Approaches towards Data Efficiency and Low
Latency", INTERSPEECH, 2020.

Fan, et al., "The SLT 2021 children speech
recognition challenge: Open datasets, rules and
baselines", SLT, 2021.

H. Zheng, W. Peng, Z. Ou, J. Zhang. "Advancing
CTC-CRF Based End-to-End Speech Recognition
with Wordpieces and Conformers",
arXiv:2107.03007, 2021.
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Performance

Data-efficient Efriciency =

Labeling Cost

* Current ASR: heavy reliance on supervised learning and large amounts of
manually-labeled data

* Different from: computation-efficient (MIPS, million instructions per
second), power-efficient (MIPS/Watt)

— — Efficiency of learning by machines

e A spectrum of data-efficient modeling and learning methods
v Model architecture
v’ unsupervised, semi-supervised, self-supervised learning
v’ Pre-training
v’ Transfer learning
v’ Active learning
v Meta-leaning
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Motivation: data-efficient end2end

* End-to-end system:

* Eliminate the construction of GMM-HMMSs and phonetic decision-trees, and can be
trained from scratch (flat-start or single-stage)

* In @ more strict/ambitious sense:

* Remove the need for a pronunciation lexicon and, even further, train the acoustic and
language models jointly rather than separately

e Data-hungry

We need data-efficient end2end speech recognition, which uses a separate
language model (LM) with or without a pronunciation lexicon.

= Text corpus for language modeling are cheaply available.

= Data-efficient
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Motivation: bridging

Modularization promote Data-efficiency
v’ Keep necessary factorization of AM and LM

Towards Towards
simplified data
Awkward T ..
pipeline efficiency
Conventional system Data-efficient End-to-End Standard End-to-End

ﬁpeech Transcriptiona /Speech Transcriptions\ / \

GMM AM training; Speech Transcriptions
Triphone building; AM training
DNN AM training

AM and LM are

Text corpus Text corpus folded

LM training LM training

\S /) \d Nl J




CTCvs CTC-CRF

CTC

CTC-CRF

p(Y|x) = 2 r.3(m)=y P(7T|X), using CTC topology B

State Independence

T
p(lx;0) = | [prln)
t=1

e $(mx;0)
Zn'/ e¢(n',x;0)/

T log p(ms|x)
T, X;0) = Z ;
¢( ) t=1 (-I— log PLm (B(Tl’)) Edge potential,

by n-gram denominator LM of labels, like in LF-MMI

p(m|x; 0) = Node potential, by NN

dlog p(y|x; 6) dlog p(r|x; 6)

FY: = Epmiy.x0) [ PY:

dlog p(ylx; 0)
30 = Ep(mlxy;0)

dp(m, x; 0) E dp(m', x; 6)
- |
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Related work - )l

DNN-HMM
» Directed Graphical Model/Locally normalized @ @ @

» DNN-HMM : Model p(, x) as an HMM, could be
discriminatively trained, e.g. by max pe(y | x)

»CTC: p(m| x) = [T{=1 p(m¢|x)
»RNNT : p(my.74yl|X1.7) = ]T':1Up(”j|”1:j—1)

»Seq2Seq : p(y | x) = [T, pWilye, - Vie1, X)

» Undirected Graphical Model/Globally normalized

»CRF : p(1r| x) < exp[¢p(m, x)]

CTC-CRF is fundamentally different from all history models! 49




Related work (ss-LF-MMI/EE-LF-MMI)

* Single-Stage (SS) Lattice-Free Maximum-Mutual-Information (LF-MMI)

= 10 - 25% relative WER reduction on 80-h WSJ, 300-h Switchboard and 2000-h
Fisher+Switchboard datasets, compared to CTC, Seq2Seq, RNN-T.

= Cast as MMlI-based discriminative training of an HMM (generative model) with
Pseudo state-likelihoods calculated by the bottom DNN,

Fixed state-transition probabilities. - @
= 2-state HMM topology D CTC-CRF
= Including a silence label » Cast as a CRF;

= CTC topology;

. s O s No silence label.
N -

N

Hadian, et al., “Flat-start single-stage discriminatively trained HMM-based models for ASR”, T-ASLP 2018. 50



SS-LF-MMI vs CTC-CRF

State topology HMM topology with two states CTC topology

No silence labels. Use <blk> to absorb
silence.
© No need to insert silence labels to
transcripts.

Using silence labels.

Silence label | Silence labels are randomly inserted
when estimating denominator LM.

The posterior is dominated by <blk> and
Decoding No spikes. non-blank symbols occur in spikes.
© Speedup decoding by skipping blanks.

Modify the utterance length to one © No length modification; no leaky

Implementation | ¢ 5, lengths; use leaky HMM. HMM.




Experiments

* We conduct our experiments on three benchmark datasets:

e WSJ 80 hours
e Switchboard 300 hours
* Librispeech 1000 hours

e Acoustic model: 6 layer BLSTM with 320 hidden dim, 13M parameters

* Adam optimizer with an initial learning rate of 0.001, decreased to 0.0001 when
cv loss does not decrease

* Implemented with Pytorch.
* Objective function (use the CTC objective function to help convergences):

Jderc—crr + Adcrc

* Decoding score function (use word-based language models, WFST based
decoding):

logp(l|x) + Blogpy (D)

H. Xiang, Z. Ou. "CRF-based Single-stage Acoustic Modeling with CTC Topology", ICASSP, 2019.
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Experiments (Comparison with CTC, phone based)

WSJ 80h
Model Unit dev93 eval92
CTC Mono-phone 4-gram N 10.81% 7.02%I 44.4%
CTC-CRF Mono-phone 4-gram N 6.24% 3.90%‘1’
Switchboard 300h
Model Unit LM SP SW CH
CTC Mono-phone A-gram N 12.9%I 1479 23.6% I 11%
CTC-CRF Mono-phone 4-gram N 11.0%‘1' 21.0% ‘l'

Librispeech 1000h

CTC

SP

Dev Clean

Dev Other

Mono-phone

4-gram

4.64%

13.23%

Test Clean
5.06%]

Test Other

13.68%
‘ 2.1%

CTC-CRF

Mono-phone

4-gram

3.87%

10.28%

4.09%4")

70.65%

SP: speed perturbation for 3-fold data augmentation.
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Experiments (Comparison with STOA)

Switchboard 300h
Model SW CH Average Source
Kaldi chain triphone 9.6 19.3 14.5 IS 2016
Kaldi e2e chain monophone 11.0 20.7 15.9¢ | ASLP 2018, 26M
Kaldi e2e chain biphone 9.8 19.3 14.6| | ASLP 2018, 26M
CTC-CRF monophone 10.3 19.7 15.0 | ICASSP 2019, BLSTM, 13M
CTC-CRF monophone 9.8 18.8 14.3Y | IS 2020, VGG BLSTM, 16M

RWTH IS 2018, “Improved training of end-to-end attention models for speech recognition”.

RWTH IS 2019, “RWTH ASR Systems for LibriSpeech Hybrid vs Attention -- Data Augmentation”.

IBM 1S19, “Forget a Bit to Learn Better Soft Forgetting for CTC-based Automatic Speech Recognition”.
Espnet ASRU19, “Espresso: A Fast End-to-end Neural Speech Recognition Toolkit”.

Google 1S19, “SpecAugment: A Simple Data Augmentation Method for Automatic Speech Recognition”.
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Experiments (Comparison with STOA)

Librispeech 1000h

Model Test Clean Test Other Source
Kaldi chain triphone 4.28 - IS 2016
CTC-CRF monophone 4.0 10.6 ICASSP 2019, BLSTM (6,320), 13M

RWTH IS 2018, “Improved training of end-to-end attention models for speech recognition”.

RWTH IS 2019, “RWTH ASR Systems for LibriSpeech Hybrid vs Attention -- Data Augmentation”.

IBM 1S19, “Forget a Bit to Learn Better Soft Forgetting for CTC-based Automatic Speech Recognition”.
Espnet ASRU19, “Espresso: A Fast End-to-end Neural Speech Recognition Toolkit”.

Google 1S19, “SpecAugment: A Simple Data Augmentation Method for Automatic Speech Recognition”.
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Mandarin Aishell-1 results

e 170 hours mandarin speech corpus

* 400 speakers from different accent areas

* 15% CER reduction compared with LF-MMI

* 5% CER reduction compared with end-to-end transformer

Model %CER

LF-MMI with i-vector [1] 7.43
Transformer [2] 6.7
CTC-CRF [3] 6.34

[1] D. Povey, A. Ghoshal, and et al, “The Kaldi speech recognition toolkit,” ASRU 2011.

[2] S. Karita, N. Chen, and et al, “A comparative study on transformer vs RNN in speech applications,” ASRU 2019.

[3] Keyu An, Hongyu Xiang, and Zhijian Ou, “CAT: A CTC-CRF based ASR toolkit bridging the hybrid and the end-to-end
approaches towards data efficiency and low latency,” INTERSPEECH 2020.
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2021 SLT CHILDREN
SPEECH RECOGNITION CHALLENGE (CSRC)

oreanzer: (@) Fhzird @ dard O AMKE ) BERER &

* 400 hours of data, targeting to boost children speech recognition research.
* Evaluated on 10 hours of children’s reading and conversational speech.
* 3 baselines (Chain model, Transformer and CTC-CRF) are provided.

CER% 28.75 27.28 25.34

Fan Yu, Zhuoyuan Yao, Xiong Wang, Keyu An, Lei Xie, Zhijian Ou, Bo Liu, Xiulin Li, Guangiong Miao. The SLT 2021
children speech recognition challenge: Open datasets, rules and baselines. SLT 2021.




Advancing CTC-CRF Based End-to-End Speech Recognition

with Wordpieces and Conformers
Huahuan Zheng, Wenjie Peng, Zhijian Ou and Jinsong Zhang, arXiv:2107.03007

40 ms rate

Basic Units of

Label Sequence

Labels

DHAE1TNIY1DHEROAH1VDHEH1M HHAE1

phoneme DKRAO1ISTDHAHOTHREH1ISHOW2LDSIH1

NSDHAHODAA1RKDEY1
character that _neither_of _them_had _cros
Jarapheme sed the threshold _since_the dar
k day_
subword that_neither_of them_ had_crossed the_
/wordpiece threshold _since_the dark day_
word that neither of them had crossed the threshold

since the dark day

Dropout

40 ms rate T

Linear

40 ms rate
-

Convolution
Subsampling

~
10 ms rate |

SpecAug

S

10 ms rate T

1
: kﬂuhi-Head Self Attentioﬂ I
|
1

Feed Forward Module

Feed Forward Module

¥ E

{ ™
\+ € )
.

“ 1
1

1/2 )(T :
| 1

1

1

—..J 1
L 1
0 I
\+ S/ :
] .

Convolution Module

T—/

1

N 1

[+ Je—— 1

N
I

Module

S

N
N o —
A

1
1/2 XT _ :

58



Experiments (Comparison between different units, WER%)
Switchboard 300h

monophone 4-gram SP, SA 12.1 7.9 16.1
Conformer | \,5nophone Trans.* SP, SA 10.7 ¢ 6.9 14.5
(this work) :

wordpiece 4-gram SP, SA 12.7 8.7 16.5

wordpiece Trans.* SP, SA 11.1 ¢ 7.2 14.8

Librispeech 1000h

monophone 4-gram SA 3.61 8.10
Conformer monophone Trans.** SA 2.51 1 5.95 1
(this work) :

wordpiece 4-gram SA 3.59 8.37

wordpiece Trans.** SA 2.54 § 6.33

SP: speed perturbation for 3-fold data augmentation.
SA: our implementation of SpecAug with ratio
* Latest Kaldi Transformer LM rescoring

** RWTH 42-layer Transformer 29

English: a low degree of grapheme-phoneme correspondence



Experiments (Comparison between different units, WER%)

CommonVoice German 700h

25.03 char 4-gram SP, SA 12.7
25.03 char Trans. SP, SA 11.6 ¢
Conformer 25.03 monophone 4-gram SP, SA 10.7
(This work) 25.03 monophone Trans. SP, SA 10.0 ¢
25.06 wordpiece 4-gram SP, SA 10.5
25.06 wordpiece Trans. SP, SA 9.8 ¢

German: a high degree of grapheme-phoneme correspondence
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Experiments (Comparison with STOA)

Switchboard 300h
Model

H#params

LM

unit

Eval2000

RNN-T, 2021 [10] 57 RNN LM char 6.4 13.4 9.9
Conformer [9] 44.6 Trans. bpe 6.8 14.0 10.4
TDNN-F [11] - Trans.* triphone 7.2 14.4 10.8
TDNN-F [11] - Trans.** triphone 6.5 13.9 10.2 ¢
VGGBLSTM [2] 39.15 RNN LM monophone 8.8 17.4 [13.0]
Conformer 51.82 Trans. monophone 6.9 14.5 10.7 °
(This work) 51.85 Trans. wordpiece 7.2 14.8 11.1

* N-best rescoring, ** Iterative lattice rescoring

[2] “CAT: A CTC-CRF based ASR toolkit bridging the hybrid and the end-to-end approaches towards data efficiency and

low latency,” INTERSPEECH 2020.
[9] “Conformer: Convolution-augmented Transformer for Speech Recognition”, Interspeech 2020.
[10] “Advancing RNN transducer technology for speech recognition,” ICASSP 2021.

[11] “A paralleliz- able lattice rescoring strategy with neural language models,” ICASSP, 2021




Section Conclusion

* The CTC-CRF framework inherits the data-efficiency of the hybrid approach
and the simplicity of the end-to-end approach.

e CTC-CRF significantly outperforms regular CTC on a wide range of
benchmarks, and is on par with other state-of-the-art end-to-end models.

= English WSJ-80h, Switchboard-300h, Librispeech-1000h; Mandarin Aishell-170h; ...

* Flexibility
= Streaming ASR <- INTRESPEECH 2020
= Neural Architecture Search <- SLT 2021
= Children Speech Recognition <- SLT 2021
= Wordpieces, Conformer architectures
= Multilingual and Crosslingual <- ASRU2021

https://github.com/thu-spmi/cat ,


https://github.com/thu-spmi/cat
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Motivation

(

N
« End-to-end ASR reduces expert efforts by automating feature engineering, but raises

a demand for architecture engineering.
« Neural architecture search (NAS), the process of automating architecture

engineering, is an appealing next step to advancing end-to-end ASR.

9 J
1. Early NAS methods 3. (ours) Straight-Through gradient NAS (ST-NAS)
computation expensive,  (~ \ _____ @ . __ Q
controller evaluator| 1500+ GPU days @
\/‘ forward backward

Back-Prop ST gradients through the sampled edge,
Efficient in both memory and computation,

Less than 3-fold computation time ©

2. Recent gradient-based NAS methods
(DARTS, SNAS, ProxylessNAS)

Improved,
but still memory expensive (DARTS, SNAS),

or using ad-hoc trick (ProxylessNAS) & -



Gradient-based NAS: representing the search space as
a weighted directed acyclic graph (DAG)

[ directed edge:
an operation (OP)

Qi)

NN architecture as graph TheTlg/g aOrPngg:squdgéa}HQt,,
QP
:@ > wg ...... —_— oF OPl
intermediate —
features
candidate
operations Oégj) architecture weight

&

2

Qi ()

Forward computation in general

i O) > x5 = Y Qi)

Qi ,;()

e ===
I -

I .

I .
R S e — —_——— -
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Related work: DARTS, SNAS and ProxylessNAS

DARTS SNAS Ideally ProxylessNAS

7

|
ﬁ(a’-g\ﬁ(ofa@) = E.rop, () [Lo(2)

- K
DARTS B (k) (k) SNAS SN
Definition | 27 (@) = >y 0y (@) | @ ﬂy ‘( Qj(ai) = Y 27 ofy ()
k=1 P
(k) eXp( g )) (k) .
i Z _, exp(a; (ks ’)) Yij = G (k) _ 1, OPy, is sampledi ™ Multi(m;;)
- “ij 0, others

L. Continuous relaxation; ] : : elos s is hot explicitly
Limitation | |0 %o K x memory and time St z;j ~ Multi(m;;) '5‘#} Swithel original paper

[1] H Liu, K Simonyan, and Y Yang, “DARTS: Differentiable architecture search,” in ICLR, 2019.

[2] S Xie, H Zheng, et al, “SNAS: stochastic neural architecture search,” in ICLR, 2019.

[3] H Cai, L Zhu, and S Han, “ProxylessNAS: Direct neural architecture search on target task and hardware,”

in ICLR, 2019.

[4] E Jang, S Gu, and B Poole, “Categorical reparameterization with Gumbel-Softmax,” in ICLR, 2017.

[5] M Courbariaux, Y Bengio, and J David, “BinaryConnect: training deep neural networks with binary weights -
during propagations,” NIPS, 2015.



ST (Straight-Through) NAS

forward

backward

continous relaxation

Aﬁ(af9)==]Ez~pacwfﬁe( )]

straight-through gradient

Qs (zs) = Z (k) (k)(:EZ
Zij ™ M’U,lt’l,(ﬂ'f,;j)

exp(at)
— -
Zk/::[ eXp(O‘z('j ))

k)

ZJ

Using ST gradients to support sub-graph sampling is key to achieve efficient NAS beyond DARTS and SNAS.

Comparison of different gradient-based NAS methods. ( _ _ _
—— « Computation costs are estimated relative to
Methods Loss « gradient Memory ackwar training a sing le model.
computation ) o .
DARTS 2P (q.9) - == 5T * (; : the memory size for training a single model.
o, continuous 1 . . . .
SNAS £(0.0) continuous KC, O(K) C, : the average memory size for st(_)rlng the
Proxyless Lo(z)  BinaryConnect C; + (K — 1)Ca o(1) output features for all connected pairs of nodes
ST-NAS L(c, 6) ST C1+ (K —1)C2 O(1) in a sub-graph. Usually we have C, < C; .

Y Bengio, N Leonard, and A Courville, “Estimating or propagating gradients through stochastic neurons for conditional

computation,” arXiv 2013.
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ST-NAS: overview =

Objective: L(«, 6) :/EMQ(Z) [Lo(2)]

Monte Carlo estimation

-

-———

[oR-o:

TOP,

sampled sub-graph NN parameters é architecture weights

____________________________________________________

OoP, OoP,

] OP, !
: OP, /O, N OPy /o | (wamup | @ @
supernet—>y) G (o) —Gp—{Fa)—Gp (w0 i freeze

~

sampling

I P, O
2 (2P ()

_____________________________________________________

o) P,

" alternately update

T -------------------------- [ retrain ]

ST-NAS procedure -



Experiments: ASR system

Settings:

1. Datasets: 80-hour WSJ and 300-hour
Switchboard.

2. LM: n-gram model.
Conditional Random Field

3. Loss: CTC/CTC-CRF based on CAT [1].

4. Candidate operations:
« TDNN-1-1 (-{C}-{D})
« TDNN-1-2
« TDNN-2-1
« TDNN-2-2
« TDNN-3-1 (Switchboard)

output

C half of context

Overview of Backbone of supernet
training framework

CTC/CTC-CRF
loss

A

Acoustic
Model

A

[ Audio Feature ] Subsampling

« TDNN-3-2 (Switchboard) searching
5. Search space: })\%} block

- WSJ: 4° = 4096 D

« Switchboard: 6% ~ 47000 dilation
[1] K An, H Xiang, and Z Ou, “CAT: A CTC-CRF based ASR toolkit bridging the hybrid and the 70

end-to-end approaches towards data efficiency and low latency,” INTERSPEECH, 2020.



Experiments: WSJ

7 ~ 7 ~ Ve ~ TDNN 7 ~ Vs ~ Ve ~
Subsample

~TDNN-2-1_

—_ - -

The red lines indicate one of the derived single model from the 5 runs of NAS on WSJ.

2 0.5 4 — TDNN-1-1 4 - i i _
5 —— TDNN-1-2

8 0.4 4 — TDNN-2-1 i - - . -
g —— TDNN-2-2

o

o 0.3 - 1 . . . .
2

$ 0.2 ] . ] ] ]
4

<

£ 0.1+ | . | |

0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3

Step (x10%)

The evolution of architecture probabilities for the searching blocks in the NAS run that
yields the derived single model above.



Experiments: results on WSJ

outperforming all other end-to-end ASR models

WERSs on the WSJ.
Methods eval92 dev93
EE-Policy-CTC [1] 5.53 9.21
SS-LF-MMI [2] 3.0 6.0
EE-LF-MMI [3] 3.0 -
FC-SR [4] 3.5 6.8
ESPRESSO [5] 3.4 5.9
cTC BLSTM 4,93 8.57
ST-NAS 4.72+0.03  8.82+0.07
BLSTM [6] 3.79 6.23
VGG-BLSTM [7] 3.2 5.7
CTC-CRF  TDNN-D* [§] 2.91 6.24
Random search  2.82+0.01  5.71+0.03
ST-NAS 2.774£0.00 5.68+0.01
ST-NAS with fully CTC-CRF 2.81+0.01  5.7440.02

* Obtained based on our implementation of the “TDNN-D” in [8].
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Experiments: results on WSJ
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Experiments: results on Switchboard

WERS on the Switchboard.

Methods SW CH Params
TDNN-D-Small 15.2 26.8 7.64M
TDNN-D-Large 14.6 25.5 11.85M

Transferred from WSJ 12.5 23.2 n 11.89M

ST-NAS : ]
Searched on Switchboard 12.6 23.2 15.98M

The architecture searched in WSJ
IS transferable to Switchboard.

1. All experiments are trained with CTC-CRF. TDNN-D-Small is with the hidden size of 640,

which is the same as that of our searched models. TDNN-D-Large is with the hidden size of 800.

2. The transferred model is randomly taken from one of the 5 runs of NAS with CTC over WSJ,

and retrained on Switchboard.
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Section Conclusion

NAS is an appealing next step to advancing end-to-end ASR.

1. We review existing gradient-based NAS methods and develop an
efficient NAS method via Straight-Through gradients (ST-NAS).

2. We successfully apply ST-NAS to end-to-end ASR. Our ST-NAS
Induced architectures significantly outperform the human-designed
architecture across the WSJ and Switchboard datasets.

3. The ST-NAS method is flexible and can be further explored with
various backbones of the supernet and candidate operations.
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Motivation

* There are more than 7100 languages in the world, and most of them are
low-resourced languages.

* Multilingual speech recognition

» Training data from a number of languages (seen languages) are merged to train a
multilingual AM.

* Crosslingual speech recognition
= The target language is unseen in training the multilingual AM.
= |In few-shot setting , the AM can be finetuned on limited target language data.
= In zero-shot setting , the AM is directly used without finetuning*.

* Suppose that text corpus from the target language are available.
Intuitively, the key to successful multilingual and crosslingual recognition is
to promote the information sharing in multilingual training
and maximize the knowledge transferring from the well trained multilingual model to the model
for recognizing the utterances in the new language.
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Universal Phone Set

* International Phonetic Alphabet (IPA)

e Often phones are seen as being the
“atoms” of speech. But it is now widely
accepted in phonology that phones are
decomposable into smaller, more
fundamental units, sharable across all
languages, called phonological
(distinctive) features.

THE INTERNATIONAL PHONETIC ALPHABET (revised to 2020)

CONSONANTS (PULMONIC)

@0@ 2020 IPA
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Phonological features

Describe phones by phonological features

= Vowels

* vowel height
 vowel backness

s Consonants

* Place of articulation
* Manner of articulation

Phonological feature

=
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sonorant
consonantal
continuant
delayed release
lateral

nasal

strident

voice

spread glottis
constricted glottis
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coronal
distributed labial
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Phonological features: micro-decomposition of phones

* Like atoms could be split into nucleus and electrons, phones can be
expressed by phonological features.

Matter Speech
Atoms Phones
Periodic table of elements IPA table
Nucleus, electrons Phonological features
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Phonological features: promote information sharing

* Even language-specific phones are connected by using phonological features.

Spanish [talian

T O T | P Ty T 1 Sapapepeg 0,-,0,0

MM EEE s 2l WM MEEEEEE

€. +,+"a+7"'9"03+7'9"Oa'909'"9'9+,','9+a',0a0
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Related work

* Phonological features(PFs) have been applied in multilingual and crosslingual ASR

* Previous studies generally take a bottom-up approach,
and suffer from:

* The acoustic-to-PF extraction in a bottom-up way is itself
difficult.

* Do not provide a principled model to calculate the phone
probabilities for unseen phones from the new language
towards zero-shot crosslingual recognition.

Phone probabilities

t

Standard acoustic model

Feature concatenation, or
Model combination

Phonological feature posteriors
/I\voicing Thigh

Phonological feature extractor

T

Acoustic spectra
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From phonological features to phonological-vector

* Phonological-vector
= Encode each phonological feature by a 2-bit binary vector. (24PFs -> 48bits)

= Plus 3 bits to indicate <blk>, <spn>, <nsn>
= Phonological-vector: Total 51 bits
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Joining of Acoustics and Phonology (JoinAP)

e The JoinAP method

= DNN based acoustic feature extraction (bottom-up)
and phonology driven phone embedding (top-down)
are joined to calculate the logits.

* JoinAP-Linear

» Linear transformation of phonological-vector p; to define
the embedding vector for phone i:
e; = Apl (S IRH

e JoinAP-Nonlinear

= Apply nonlinear transformation, multilayered neural networks:

e; = A,0(A1p;) € RY

Phone

y

Phonological transformation

Phone embedding e;

|

Logits: z,; = eiTht

!

DNN output h;

!

DNN based feature extractor

!

Acoustic spectra
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Experiments

* Train multilingual AM on German, French, Spanish and Polish.
e Zero-shot and few-shot crosslingual ASR on Polish and Mandarin.
* Employ Phonetisaurus G2P to generate IPA lexicons

e Use CTC-CRF based ASR toolkit, CAT
* Acoustic model: 3 layer VGGBLSTM with 1024 hidden dim

* Adam optimizer: with an initial learning rate of 0.001, decreased to 1/10 until less than 0.00001
* Dropout 0.5

Language Corpora #Phones Train Dev  Test
German  CommonVoice 40 6394 247 25.1
French CommonVoice 57 465.2 219 23.0
Spanish ~ CommonVoice 30 246.4 249 25.6
[talian Common Voice 33 89.3 19.7 20.8
Polish Common Voice 46 03.2 52 6.1
Mandarin AISHELL-1 06 150.9 18.1 10.0




Experiments

* Multilingual experiments

Language  Flat-Phone Flat-Phone Flat-Phone  JoinAP-Linear JoinAP-Linear JoinAP-Nonlinear JoinAP-Nonlinear
monolingual ~ w/o finetuning  finetuning  w/o finetuning finetuning w/o finetuning finetuning
German 13.09 14.36 12.42 13.72 12.45 13.97 12.64
French 18.96 22.73 18.91 22.73 19.54 22.88 19.62
Spanish 15.11 13.93 13.06 13.93 13.19 14.10 13.26
[talian 24.57 25.97 21.77 25.85 21.70 24.06 20.29
Average 17.93 19.25 16.54 19.06 16.72 18.75 16.45

* Language-degree of a phone: how many languages a phone appears

Language-degree

4 3 2 1
Language
German 18 6 8 8
French 18 6 7 26
Spanish 18 4 1 7
[talian 18 5 4 6

On average, both JoinAP-Nonlinear and JoinAP-Linear perform better than Flat-Phone,
and JoinAP-Nonlinear is the strongest.
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Experiments

* Crosslingual experiments

= Polish: = Mandarin:
#Finetune Flat-Phone JoinAP-Linear JoinAP-Nonlinear " #Finetune  Flat-Phone  JoinAP-Linear  JoinAP-Nonlinear
0 33.15 35.73 31.80 0 97.10 89.51 88.41
10 minutes 8.70 7.50 8.10 | hour 25.39 25.21 24.86

= Statistics about Polish and Mandarin:

Language #Phones #Unseen phones
Polish 46 18
Mandarin 96 79

On average, both JoinAP-Nonlinear and JoinAP-Linear perform better than Flat-Phone,
and JoinAP-Nonlinear is the strongest.
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Experiments

* t-SNE map of Polish phone embeddings

(obtained from un-finetuned multilingual models)

(a) (b) (c)

(a) Flat phone embeddings, (b) JoinAP-Linear phone embeddings, (c) JoinAP- Nonlinear phone embeddings.
Consonants with the same manner of articulation
Consonants with the same place of articulation
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Section Conclusion

In the multilingual and crosslingual experiments, JoinAP-Nonlinear generally
performs better than JoinAP-Linear and the traditional flat-phone method on
average. The improvements for target language depend on its data amount and
language-degree.

Our JoinAP method provides a principled, data-efficent approach to
multilingual and crosslingual speech recognition.

Promising directions: exploring DNN based phonological transformation, and
pretraining over increasing number of languages.
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N-gram LMs

* Language modeling (LM) is to determine the joint probability of a
sentence, i.e. a word sequence.

* Dominant: Directed modeling approach

All previous words/history

AN /
p(leer'"'xl) — Hp(xilxl""'xi—l)
i=1

Previous n — 1 words

l
/
~ p(x;|Xi—n+1, - Xi—1)
i=1

* Using Markov assumption leads to the N-gram LMs
— One of the state-of-the-art LMs
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Recurrent Neural Nets (RNNs)/LSTM/Transformer LMs

—hiog — by —hiyy —

hzT—1Wk
p(x;|xy, -+, xi-1) = p(xi|hi_1(x1,---,xi_1)) ~

v
k=1 Ni—1Wk

®.1 Computational expensive in both training and testing *
e.g.V =10%~10° w, € R?50~1024

®.2 As directed sequential model /Auto-regressive model, potentially
suffers from Exposure Bias and Label Bias

! Partly alleviated by using un-normalized models (e.g., through NCE) or a small set of tokens (e.g., BPE).
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Trans-dimensional Random Field (TRF) LM: motivation
(x!) = L p(el) ol ©.1 Avoid local normalization
Pe x)_Zl(Q) e , XD R X, Xp, 0, X
©.2 Flexible

¢E‘;D)
s .
e S — l CNN-stack
/ o © @ weighted summation\\‘\i “™\
Type Features | | ‘ ‘ | s ‘ ‘ ‘ J | \\| ‘||
CNN layer-3
w (w 3W_2W— 11U0)(w 2w —_1wo)(w-1wo)(wo) | B } : :
| | I ‘ | ‘ ‘ ‘ CNN layer-2 | {
C (c—3c—2c—1c0)(c—2c—1¢0)(c=1c0)(co) | : ' '
ws | (w_zwo)(w—_sw—_owo)(w—_3w_1wo)(w—2wo) LTI o "\
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Trans-dimensional random fields (TRFs): model

* Assume the sentences of length [ are distributed as follows:

1 T (!
L) = LT
pl(x ’A«) ZI(A)e l 1, ---,lmax

x! 2 x,x,,---, x; is a word sequence with length ;

flxt) = (f1 (x%), ) fa (xl))Tis the feature vector;
A= (A4, ...,44)T is the parameter vector;

. Needed to be estimated
Zi(A) =X e F(*°) is the normalization constant.

* Assume length l is associated with priori probability ;. Therefore
the pair (I, xl) is jointly distributed as:
p(l,xl;/l) =Ty - Pl(xlil) 99



Feature definition

1

pi(x2) = meﬂf(xl)

. fl-(xl) returns the count of a specific phrase observed in the input sentence x*

x' = he is a teacher and he is also a good father.

fre is(x') = count of “he is” observed in x! = 2
fa teacher (xl) = count of “a teacher” observed in x! = 1
fene l-s(xl) = count of “she is” observed in x! = 0

* For example, n-grams and skip n-grams (tied or not) of orders ranging from 1
to 10, observed in the training set are added to the features.
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Review the development of TRF LMs

ACL-2015 e Discrete features
TPAMI-2018 » Augmented stochastic approximation (AugSA) for model training
ASRU-2017 * Potential function as a deep CNN.

 Model training by AugSA plus JSA (joint stochastic approximation)
ICASSP-2018 » Use LSTM on top of CNN

* NCE is introduced to train TRF LMs
SLT-2018 * Simplify the potential definition by using only Bidirectional LSTM

* Propose Dynamic NCE for improved model training



Model training

eue(x)

* The target RF model  pg(x) = 7(0)

» Treat logZ(6) as a parameter ¢ and rewrite  pg ;(x) o e*6*)~¢

* Introduce a noise distribution g,,(x), and consider a binary classification

5 N p@,((x) P(C — 1)
~ : = P(C =0]x) = ,Wh =

x P Binary . C=0 | (€= 0lx) poc ) +van ()’ T P(C =0)

o | discriminator o1 |

|t TP JTX — P(C =1|x) =1—-P(C =0]x)

* Noise Contrastive Estimation (NCE):

MaX Expo(x) llog P(C = 0]x)] + Ex~q,(x)[log P(C = 1|x)]

© pg — py (oracle), under infinite amount of data and infinite capacity of pg.

@ Reliable NCE needs a large v = 20; Overfitting. Dynamic-NCE in (Wang&Ou, SLT 2018).
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Motivation: Integrating discrete and neural features

Language models using discrete features (N-gram LMs, Discrete TRF LMs)

»« Mainly capture local lower-order interactions between words
= Better suited to handling symbolic knowledges

Language models using neural features (LSTM LMs, Neural TRF LMs)
= Able to learn higher-order interactions between words
= Good at learning smoothed regularities due to word embeddings

Interpolation of LMs?' 2: usually achieves further improvement
= Discrete and neural features have complementary strength. ©
= Two-step model training is sub-optimal. ®

1Xie Chen, Xunying Liu, Yu Wang, Anton Ragni, Jeremy HM Wong, and Mark JF Gales, “Exploiting future word contexts in neural network language
models for speech recognition,” IEEE/ACM Transactions on Audio, Speech, and Language Processing, vol. 27, no. 9, pp. 1444-1454, 2019.

2Bin Wang, Zhijian Ou, Yong He, and Akinori Kawamura, “Model interpolation with trans-dimensional random field language models for speech

recognition,” arXiv preprint arXiv:1603.09170, 2016. 103



Mixed TRF LMs: Definition

* Mixed TRF LMs:

e p(Lxin) = s, v (xn) = ATf(x') + ¢ (x5 6), n = (2,6)

Discrete n-gram features, with parameter A: Neural network features, with parameter 6
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Experiments: PTB dataset

WER curves of the three TRF LMs during the first 100 training epochs:

10 T Discrete TRE|| = Mixed TRF converges faster than
9.5k Neural TRF |- the state-of-the-art Neural TRF,
o ——Mixed TRF using only 58% training epochs.
o
Lg 8.5 " © The discrete features in Mixed
TRF lower the non-convexity of
3 the optimal problem, and reduce
751 the amount of patterns for neural
features to capture.
7 1 i 1 1
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On Google one-billion word benchmark

Training: Google One-Billion word benchmark, 0.8 billion words, 568K vocabulary
Testing: WSJ'92 test data, 330 utterances, rescoring 1000-best lists

Model WER (%) |#Param (M) Training time Inference Time

KN5 6.13 133 2.5 h(1CPU) 0.491 s (1 CPU)
LSTM-2x1024 5.551 191 144 h (2 GPUs) 0.909 s{2 GPUs)
discrete-TRF basic 6.04 102 131 h (8 cores and 2 GPUs) |0.022 s kl CPU)

neural-TRF 5.47 cod 114 336 h (2 GPUs) 0.017 s kgo()S(PUs)

mix-TRF 5.28 V¥ 2161 ,,,/297 h (8 cores and 2 GPUs) |0.024 sJ(iocore and 2 GPUs)
LSTM-2x1024+KN5 5.38 3241

Open-source LM toolkit

https://github.com/thu-spmi/SPMILM



https://github.com/thu-spmi/SPMILM

Section Conclusion

* Language models play an important role for ASR!

 Random Field language models
» Avoid local normalization

= Being flexible to integrate rich features (both discrete and neural)
= Overcome “label bias” and “Exposure bias”

* More related work

= Residual energy-based models for text generation

= Electric: an energy-based cloze model for representation learning over text

* Yuntian Deng, Anton Bakhtin, Myle Ott, Arthur Szlam, and Marc'Aurelio Ranzato. Residual energy-based models
for text generation, ICLR 2020.

e Kevin Clark, Minh-Thang Luong, Quoc V. Le, and Christopher D. Manning. Pre-training transformers as energy-

based cloze models, EMNLP 2020. 107
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|. Basics for end-to-end speech recognition
1. Probabilistic graphical modeling (PGM) framework
Classic hybrid DNN-HMM models
Connectionist Temporal Classification (CTC)
Attention based encoder-decoder (AED)
RNN transducer (RNNT)
6. Conditional random fields and sequence discriminative training
Il. Improving end-to-end speech recognition 15-minute break
1. Data-efficiency
2. Neural architecture search
3. Multilingual and crosslingual ASR
4. Language modeling
Ill. Open questions and future directions
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“WER we are and WER we think we are”

“The conclusions are clear: we are definitely not where we think we are in terms of
WERs (Word Error Rates).”

ASR CCC SWBD CallHome
ASR1 179 11.62 17.69
ASR2 192 1145 18.6
ASR3 16.5 10.2 15.85

Table 1: WER [%] comparison on benchmarks

e Test: three different state-of-the-art commercial ASR solutions
e Call Center Conversations (CCC)

 The commercial ASR systems in our evaluation achieve nearly double the error rates
(reported in the literatures) on both HUB’05 evaluation subsets.

Szymanski, et al., "WER we are and WER we think we are", EMNLP 2020. 109



New-generation ASR

noises,
HMM DNN-HMM Strongly-Generalizable < accents,
languages,
N-gram, Attention seq2seq AutoML domains,
S thi
moothing RNN Transducer Trustworthy Al
Tree based state tying
Transformer
MAP,
MLLR CRF N
fMLLR, Speaker
adaptive training » Greater representational capability of DNNs
WFST * Larger amounts of labeled speech data for supervised training
Discriminative * Powerful hardware such GPUs
Training, MMI, MPE

Zhijian Ou, Invited Talk at National Conference on Acoustics, 2021/3/29, Shanghai 110



Thanks for your attention !

Thanks to my collaborators and students :

Hongyu Xiang, Keyu An, Huahuan Zheng, Wenjie Peng, Bin Wang,
Zhigiang Tan, Silin Gao
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