CTC Model and Loss
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« Phoneme
« Grapheme: ER&/N\E, ZEXR{a,...z} +H{ZEH,..}, PR {FiEF}

- Word ("73"): Degas Lexicon, 323X ~200K, §232~700K
« Morpheme: smallest meaningful unit (<word, >grapheme)

« End2End ASR 2z feature vectors B #ZMt 1 Token vectors

« J8F lexicon, )8 A wfst
- Training, decoding tE#E hybrid-system B4R Z (Fi—{EKEINN)
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Model of CTC
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AN « CTC (RNN-T)
« Can NQOT online « CAN online
« NO alignment issue « Having alignment issue

<EOS> token
max CTC distribution
Size V
Classifier
Beam Search is usually
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= Softmax( |y )
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Alignment g3 T0 (CTC)

1. Merging duplicate tokens
2. Removing ¢
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Alignment B T (CTC)
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—{& Alignment m R EES?

o T = {1y, My, W3, Ty, .., T}

: P(ﬂ'lX) — P(nllx)P(nz|7T1,X)P(7T3|T[1,HZ,X)P(ﬂ4|n1’n2’n3’X)

° P(nlx) — P(7T1|X)P(7T2|7T1,X)P(7T3|T[1, ﬂz’X)P(ﬂ4|ﬂ1in2,7‘[3,X)

« P(t|X) = P(m4|X)P (11, |X) P (15| X) P (1, ]X) -

e Exam cat

P(¢|X |gl’(CIX)P(aIX P(tIX)P(<l>|X)P(<l>IX)



P(pcatdpop|X) = P(¢|X)P(c[X)P(alX)P(t|X)P(¢|X)P(¢[X)
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BEETEP(cat|X)?
Forward/Backward DP
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Vocab = ' =5 0 F51= 'blank’.
.V = 1le n(vmab} SZEE SN, BUEHE 4 {# labels jp_E—{& blank, Hit: V=5
1 %EE@E}.*{' Bl T),ffikn 1 = [e, 3, @, 3, 0, 4, 0]
. L =len(l) =
BB :jshape= [V,T] ), E%+ T %7 input sequence &%, 5ill| y[k,t] |Z=7E5752: t, label k &

S~

token

Vocab = [o, 1 »2,3,4]

[_.-, 3, _, _', {."1 4 3 '::!] CTC distribution
V, len(UGLab}, len(l)

T = _]_2 Classifier
logits = np.random.random([V,T]) 1Tt 1

= Softmax( h h? h?

def softmax(logits):
max_value = np.max(logits, axis=0, keepdims=True) ::ﬂ
exp = np.exp(logits - max_value) ;
exp_sum = np.sum(exp, axis=0, keepdims=True) sizeV+1
dist = exp f exp_sum For on- Ilnestreamlngspeech

recognition, use uni-directional

return dist RNN

softmax(logits)
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P(334|X) = ar_41(5) + ar_,(6)



Label Label
/ index s

index t

RANE (t = 2,5 =3) HRIBEAERIVERBS



Label Label
/ index s

Bh(©)
BH(D)

0
3
0 2
3 3

4
5

end
6

Time
index t




. Vocab = [0, 1, 2, 3
vV = len(VoLab} , EM1=ELA 4 {F labels ji_t—{& blank, Hjt V=5
.1 BEEE 7), {540 1 = [e, 3, @, 3, @, 4, 0]
L = len(l) =
5. EEaEEE v (shape= [v,T] ), E& T F 7 input sequence EE, FTLL y[k,t] =FEEEE: t, label k #97

def forward(y, label):
= [0,1,2,3,4] : L = len(label)
3, 0, 4, © — v chama
- len(vocab), len(1) V, T = y.shape
alpha = np.zeros([L,T])
np.random.random([V,T]) # init first mn
def softmax(logits):
max_value = np.max(logits, axis=6, keepdims=True)
exp = np.exp(logits - max value) Y
exp_sum = np.sum(exp, axis=@, keepdims=True) for t in FEHIgEL_l,T}:.
dist = exp / exp_sum for s in range(L):
return dist

colu
alpha[e,0] /[label[@],0] # TODO
[la

alpha[l @] /[label[1],8] # TODO

# run uﬂ

y = softmax(logits)

alpha tmp += alphd[s
if s»>1 and k!=0 and k!=
alpha tmp += alphd[q
alpha[s,t] = alpha tmp*y
return alpha




Backward

. Vocab = [@, 1, 2, 3 , 55 0 F7= 'blank’.
vV = len(VoLab} , EM1=ELA 4 {F labels ji_t—{& blank, Hjt V=5
.1 BEEE 7), {540 1 = [e, 3, @, 3, @, 4, 0]
L = len(l) =
5. EEaEEE v (shape= [v,T] ), E& T F 7 input sequence EE, FTLL y[k,t] =FEEEE: t, label k #97

def backward(y,label):

= [0,1,2,3,4] L = len(label)

3, 0, 4, 0] V, T = y.shape
= len(vocab), len(l) beta = np. EEPoqf[L_'r])
# init Last column
beta[-1,-1] = y[label[-1],-
def softmax(logits): beta[-2,-1] = y[label[-2],-

max_value = np.max(logits, axis=6, keepdims=True) # run dp

exp = np.exp(logits - max value) for L
exp_sum = np.sum(exp, axis=@, keepdims=True) or t in range(T-2,-1,-1):
dist = exp / exp_sum for s in range(L):

return dist k = label[s]
f k t = ylk,t
eta tmp = be
if s<L-1:
beta _tmp += beta[s+1,t+1]
if s<L-2 and k!=0 and kl=1abel[s+
beta_tmp += beta[s+2,t+1]
beta[s,t] = beta tmp*y k t
return beta

np.random.random([V,T])

y = softmax(logits)

]
ta[s,t+1]




Verity Forward and Backward

Label Label

/ - alpha, beta DP Tables
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Time
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# Forward and Backward likelihood should be very close
alpha = forward(y,1)

likelihood by forward = |alpha[-1,-1] + alpha[-2,-1]
print('likelihood by forward = {} .format{likelihood by forward))

beta = backward(y,1)
likelihood by backword = |beta[©,8] + beta[1,@]
print(’'likelihood by backword = {} .tormat(likelihood by backword))

/11kelihnod_by_¥nrward = 3.90062058761397e-06
likelihood by backword = 3.900620587613969e-06
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alpha, beta DP Tables
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ay(3) = (“1(2) + “1(3))

y[lS=3 = 3,t = 2]
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a,(3) HCAVEXAC) (B3(3) + B5(4) + B3(5))
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P(334|X)

1. a3(3)F2(3) = Pr=p s=3(334[X)yll3, t = 2]
2. P(334[X) = ¥, P, s(334]X)

1.and 2. 5%0:
+ P(3341X) = 5, P,.1(3341X) = 5, a2 (5)B2 () /11y 2]

~

- O] DIfER MLE &1FE1ET, Gradient—bagédoptimization

.aP(334|X)_ 0 _ \\_ \ e
e = iy (@23B8:(3)/ylls,2), RIR s = 3 A




OP(334|X)

ay[l?)) 2]

- O] DIfE A MLE &E{E Y, Gradient-based optimization
. A~ é”ﬁ%h

e S OB

ay [13,2] [(21(2) + a1 (3))ylls, t = 2](B5(3) + B3(4) + ,33(5))]

= (01(2) + &1 (3))(B(3) + B3 (4) + B3(5)) s
+ = 2, (3)B(3)/( )? =




OP(334|X)

dy|3,2]

« 2T y[l1,2] = y[l3,2] = y[3,2]
« PTlA

, OP(334|X) _ 0P(334|X) |, 9P(334|X) _ az(1)B2(1) | @2(3)B2(3)
ay[3,2]  ay[l,2] ayli-,2] (1,212 (y[i5,2])2
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OP(334|X)

dy|3,2]
« 2T y[l1,2] = y[l3,2] = y[3,2]

« BT A
., OP(334]X) _ OP(334|X) | 9P(3341X) _ ax(VB(1) | a2(3)B2(3)
ay[3,2] ay[l,2] ayli-,2] (1,212 (y[l5,2])2

e F AR ST gradient AR ES

Ip(lx) 1 N o
o =z O M) (15)

Ik sclab(lk)
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- CTC Z1@ decoder &¥&1IHY linear classifier By seq2seq model

« CTC Z1@ loss function
* Lossqrc = —log P(text|{h1,h2,h3, . hT})
= —log P(text|{xt, x?% x3,...,x"},0)
- P& alignment JmEEEMZE ¢ E’J%%Elhé = text %IZ R IR O
- t5E HMM B alignment S 5& 14

« RNN-T 8835814, but EERM




Does CTC work?

H - 8= F

outputs

probability

[Graves, et al., ICML'14]
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One can increase V to obtain [Sak, et al., INTERSPEECH’15]
better performance




EA

 Very good reference: | ]
» Tensorflow 232 CTC loss Y op: £% |
Losscre BEH logits 5T& gradient: 2% |
Forward/backward E{EEERT5

- Log domain 5%,£2% | ]

- Scaling 757% (JR% paper 77 ), [
Decoding [ ], [ ]

« Greedy

« Beam search
« Prefix beam search (18 Z£H7)

RNN-TBELEZEZZZREZMNZEZ] ][ ]
« A rnn-t AR, BB 2!



https://github.com/DingKe/ml-tutorial/blob/master/ctc/CTC.ipynb
https://github.com/bobondemon/CTC_Practice/blob/master/CTC_Practice_Answer.ipynb
https://github.com/bobondemon/CTC_Practice/blob/master/CTC_Practice_Answer.ipynb
https://github.com/bobondemon/CTC_Practice/blob/master/CTC_Practice_Answer.ipynb
https://github.com/DingKe/ml-tutorial/blob/master/ctc/CTC.ipynb
https://distill.pub/2017/ctc/
https://github.com/DingKe/ml-tutorial/blob/master/ctc/CTC.ipynb
http://speech.ee.ntu.edu.tw/~tlkagk/courses/DLHLP20/ASR (v12).pdf
http://speech.ee.ntu.edu.tw/~tlkagk/courses/DLHLP20/ASR2 (v6).pdf

;T HA state-of-the-art B9 E2E ASR Z248
|
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« CTC + seg2seqg(attention)
- 3% RNN-T + seg2seq(attention)

LosScrc Lossgyg

* Loss.r¢c 2Bl encoder i 2KEY
{ht} REMBREAEE
A BB ASR

- UGB (h') 2EL e e
decoder f{ Loss,,, ELEBRE S kBB

x' xt . B




SN T ESPnet

end-to-end speech processing toolkit

- Kaldi style complete recipe

« ASR: Automatic Speech Recognition

 TTS: Text-to-speech

« ST: Speech Translation & MT: Machine Translation
« VC: Voice conversion

* DNN Framework

* Flexible network architecture thanks to chainer and pytorch


https://github.com/espnet/espnet

| ]

end-to-end speech processing toolkit

ASR: Automatic Speech Recognition

» State-of-the-art performance in several ASR benchmarks (comparable/superior to hybrid DNN/HMM and CTC)
Hybrid CTC/attention based end-to-end ASR

o Fast/accurate training with CTC/attention multitask training

o CTC/attention joint decoding to boost monotonic alignment decoding

o Encoder: VGG-like CNN + BIRNN (LSTM/GRU), sub-sampling BIRNN (LSTM/GRU) or Transformer
Attention: Dot product, location-aware attention, variants of multihead

Incorporate RNNLM/LSTMLM/TransformerLM trained only with text data
Batch GPU decoding

Transducer based end-to-end ASR

o Available: RNN-Transducer, Transformer-Transducer, mixed Transformer/RNN-Transducer

o Also support: attention mechanism (RNN-decoder), pre-init w/ LM (RNN-decoder), VGG-Transformer (encoder)



https://github.com/espnet/espnet

