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Speech recognition problem — review

® A sequence to sequence transduction problem Channel distortion + noise

® Giveny = {y;,---,ys},y €Y and
X = {x1, - ,x7}, compute P(y | X) ﬁ

® However, it is difficult

o T> Jand T can be large (>1000) - '|||‘”||III|"I'" ------ Abit signal processing
o Large size of vocabulary || ~ 60K

R . o
Uncertainty and variability in features L1, Loy T Sequence offeatures

o

Context-dependency problem

R Y1,Y2,°* yYJ  Sequence of labels
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Hidden Markov Models

e Hidden Markov Models — convert the sequence-level classification
problem into a frame-level problem

qt qt+1

qt—1
P(y | X) o p(X | y) O O
~ p(X1.7|QuT)P(y) T T

O

~ P(y) prﬂqt (qtlge-1) O O

Xt Xt+1
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Hidden Markov Models

e Problems of HMMs:
o Loss function: minimise the word error L(y, ¥) versus maximise the
likelihood p(xl;T|Q1;T)

o Conditional independence assumption
o Weak sequence model — first order Markov rule

o System complexity: monophone — alignment — triphone —
alignment — neural net — alignment — neural net

qt—1 qt Qt+1
I I M

1]}

© O O

Xi—1 Xt Xi+1
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End-to-end speech recognition

e Can we train a model that directly computes P(y | X)?
e CTC — Connectionist Temporal Classification

e Attention-based recurrent neural network (RNN) encoder-decoder
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End-to-end speech recognition

e CTC — Connectionist Temporal Classification

© Method: {ylv"' 7.yJ} — {5}17“' 7}77-} — {X]_7'~~ ,XT}
o Replicate the labels (abc — aabbb @ c) with blank symbol @
o Approximate the conditional probability

T

X) =TT PO %) (1)

t=1

Py
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End-to-end speech recognition

e Still reply on the independence assumption

e RNN may help to mitigate the problem
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End-to-end speech recognition i

o Attention-based RNN encoder-decoder

P(y | X) ~ prj|)/1a"'7yj—1vcj) (2
hi.t = RNN(Xl:T) (3)
cj = Attend(hl;T) (4)

[1] D. Bahdanau, et al, "Neural Machine Translation by Jointly Learning to Align and
Translate”, ICLR 2015

[2] J. Chorowski, et al, " Attention-Based Models for Speech Recognition”, NIPS 2015
[3] L. Lu et al, "A Study of the Recurrent Neural Network Encoder-Decoder for Large
Vocabulary Speech Recognition”, INTERSPEECH 2015

[4] W. Chan, et al, " Listen, Attend and Spell”, arXiv 2015
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End-to-end speech recognition

o Attention-based RNN encoder-decoder
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End-to-end speech recognition

o Attention-based RNN encoder-decoder
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End-to-end speech recognition

o Attention-based RNN encoder-decoder

Yo Y2 Y3
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End-to-end speech recognition

o Attention-based RNN encoder-decoder

Yi Y2 Y3 Ya
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End-to-end speech recognition

o Attention-based RNN encoder-decoder
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End-to-end speech recognition

o Attention-based RNN encoder-decoder

Y1 y2 Ys Y4 Ys

(g—-»g)—-—»g)—wg)—» Decoder P(y; | y1,--+ . Yj-1,¢;)

Attention ¢; = Attend(hy.r)

% % % Encoder hi.p = RNN(x1.7)
X9 X3 X4 X5
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End-to-end speech recognition

e In this paper, we look at three aspects of this model
o SGD optimisation
o Implicit language modelling

o Word vs. Character output labels

 Dataset — Switchboard (300 hours ~ 100 million frames)
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Boaset

Experiment

e SGD optimisation
o It takes around 2 week to run 15 epochs in our baseline configuration
o Tuning SGD learning rate is expensive
o Adaptive SGD learning rate — AdaGrad, AdaDelta, Adam, ...

-10 Switch to SGD_manual
e
20 F
VY erna Yo
IR
30 F oy Pl
g L PRV Y et
2 Y
34T 2 e M
° " /
c BV
S 50 | A
el ¥4 %4
[ I oW
@ v
©-60 B
o L
)
o == SGD_joint (WER = 42.3%)
SGD_adadelta (WER = 50.4%)
—¥— SGD_manual (r=0.4,k=0.95,WER = 83.6%)
80 - =sm=== SGD_manual (r=0.4,k=0.98,WER = 67.9%)
= = = SGD_manual (=0.6,k=0.98, WER = 49.9%)
————— SGD_manual (r=0.8,k=0.98WER = 50.7%)
90 L : . . . )
0 20 40 60 80 100 120

1 ini-batch
16 of 22 x 1000 mini-batches



Experiments
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Table: Scheduling the SGD learning rates.

SGD learning rate | Feature SWB
SGD_adadelta MFCC 38.8
+ manual SGD MFCC 36.2
SGD_adadelta FBANK 347
+ manual SGD FBANK 26.8
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Experiment

e Implicit RNN language modelling

TOEY 7ire

a) Baseline decoder b) LongMem decoder c) Joint decoder
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Experiment

Table: Implicit RNN language modelling.

System Output Avg
EncDec no LM word  26.8
+ LongMem word  26.3
+ 3-gram rescoring | word 25.8
EncDec no LM char 328
+ LongMem char 30.9
+ 5-gram rescoring | char 30.5
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Experiment

e Comparison to related works
e Results on Eval2000

Table: Attention-Based RNN vs. CTC and HMM-DNN hybrid systems.

System Output SWB
HMM-DNN sMBR [Vesely 2013] - 12.6
CTC no LM [Maas 2015] char  38.0

+7-gram char 27.8

+RNNLM (3 hidden layers) char 214
Deep Speech [Hannun 2014] char  20.0
CTC+WEFST decoder [Miao 2016] | phone 14.5
EncDec no LM word  26.3
EncDec no LM char 27.3

20 of 22
EEEEE————————————————————————



:‘\)\K‘l/“’,\ THE U\IIVFRSITYq[FDINBURGH
| u . .
{&8): informatics

h <
e

A new model without attention

e Segmental RNN — Segmental CRF with encoder RNN

s Te

[1] L. Lu, L. Kong, et al, ”"Segmental Recurrent Neural Networks for End-to-end Speech
Recognition”, arxiv 2016
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Thank you ! Questions?
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