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In the previous lecture

Input: xq, x5, -, X

 We wanted to build an ASR model

* We have input X1,"*, XT and label X: Mel spectrogram
Y Yu e =
» Solution:

 Build a model that predicts distribution over
vocabulary: including alphabet (or BPE
vocabulary), space, and blank

« We still don't know the alignment x; and '[y ,
but we train the model to maximize all valid
paths in the output matrix

« However, by construction, the model does not
have access to its previous predictions when
making the next prediction

0: proability
distribution

hell o 777 hell ?
H_J %—J %—J .
target What does the ctc What we want the Vocabulary. V1, V2, Vy

model see? model to see 2



Alignment problem, NLP case

e Task: machine translation ——

I saw a cute cat. J'ai vu un chat tout

« We want to transform x,---,x; to migron.
y1, -, Yy Where T # U usually

Seq2seq, NeurlPS 2014

Encoder builds a Target sentence e i e s
representation of the source [T saw a caf on a mat <eos>| ISRt m At
and gives it to the decoder T

Encoder — Decoder H
T Decoder uses this source
.l. S!, BUAEN KOTRO Ha JATE “eos | representation to generate
I" "saw” “cat” “on” "mat the target sentence
Source sentence P
v
Source: "4 suaen KOTH Ha mate <eos> Target: I saw a cat on a mat <eos>

"I" "saw" "cat” “on" "mat”

https://lena-voita.github.io/nlp _course/seg2seq and attention.html 3
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Alignment problem, NLP case

* Fixed source representation is R e i |
SuU bOpUmal: Encoder —> Decoder
 For the encoder, it is hard to compress TTITIT \ Jrtrt
the Sentence b e Problem: thisis a bottleneck!
* For the decoder, different information !
may be relevant at different steps
U SRS sLio| NYE HE 2D B
$Ste wHAl2 #|xo| ofd + S,

https://lena-voita.github.io/nlp _course/seg2seq and attention.html 4
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Alignment problem, NLP case

I saw a cm‘ on a mat eos -«

ldea |
. Use a weighted sum of the original
embeddings and recalculate the
weights for each decoding step

<bos> I saw a cut on a maf

. . . Encoder RNN Decoder RNN
according to previously predicted
tokens and the original embeddings tentonoutout e a1 a%, 43 a0 m_zag)SA
_ TsourcecowtextI‘ordecodf—:rste|:>t
(weighted
sum)
. . entionweights  a® = exp(ecorelhe, 5.)) =1.m
. Neural Machine Translation by OO T expGrorel o)
JOintIy Learning to Align and (softmax) attention weight for source token k at decoder step t”
Translate, Dzmitry Bahdanau et. al., Mtenton o score(h ek — 1
poo e
2 O 1 4 “How relevantis source token k for target step ¢?"
-6|'L'|-O| OUtpUt% Eﬁ=|_6|' | 'Cl)_l-é-H, Attention input 519525 wer S Ry W
= O|E=|_I|- | 'EI-7:”% _TI_E:I'éI;!- allencoder states __one decoder state |
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Attention mechanism

Initial RNN |© ol 1o ol [o] |o
0 ol Jol lo]| Jel .le

state(e.9., loPloPloPloPalPloPlol——
zero vector) o] o] o] |e] |e] |e| |e
| ol o] [o] [o] lo|l [o
1PUL O O ol |0 (@) @)
rad AN ’ ol o] o] o] lo|l |o
empopeaailndg 0o o o 0o o o

» ——> 4 BUAen KOTHO Ha Mdare <eos>
I\Ill I\sawll w

" w " w

cat” "on" "mat”

Encoder

Decoder

Attention output

(weighted
sum)

Attention weights

(softmax)

Attention scores

Attention input

all encoder states

(_‘(t) = agf)sl + agf)sz + ot ap(}i)sm — Z a}({t).‘i;\.
“source context for decoder step t”  © -

2O = exp(score(hy, s.)) i

Tk 7 exp(score(hy, 5;))’ "

“attention weight for source token k at decoder step t”

STcore(ht,s,c),k =1..m

“How relevant is source token k for target step t?”

51825 ves S h’t

one decoder state

https://lena-voita.github.io/nlp _course/seg2seq and attention.html
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Attention mechanism

4

" w

"T" “saw" “cat

softmax

I

Q
Initial RNN |o] o] |e] o] |e] |e| |e
(@) O @) @) O (@) O
state (e.9., loPloPloPloPlalloPlo
zero vector) (o] o] o] |o '
ol [0 [o ol [o
\put ‘ ol lo| o ol |o
. ~ lo| o o ol |o
MM D¢ al ! o o o 0o o

4

» ——> 4 BUAen KOTHO Ha Mdare <eos>

" w " w

on" "mat”

Encoder

[ccool—=| ©
o)
(@)
[Cococol—>{0000)}
v ;
[cCoo}l—={0000]
T v

<bos> I saw

Decoder

Attention output

(weighted
sum)

Attention weights

(softmax)

Attention scores

Attention input

CT“(t) = agf)sl + agf)sz + ot ap(}i)sm — Z a}({t).‘i;\.
“source context for decoder step t”  © -

2O = exp(score(hy, s.)) i

R FATTIEEE D M

“attention weight for source token k at decoder step t”

score(hy, s ), k=1..m

“How relevant is source token k for target step t?”

51825 ves S h’t

all encoder states one decoder state

empeading
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Attention output c® =a®s, +aPs, + -4+ a¥s, = Z aWs,
® o ) “source context for decoder step t” k=1
(weighted
I I sum)
exp(score(hy, s
Attention weights a,(f) = p( (e, 5:9) 1..m

f T YT exp(scorelhy, s))’

“attention weight for source token k at decoder step t”

(softmax)
Attention scores score(hy, s ), k=1..m
“How relevant is source token k for target step t?”
Attention input S10520 a5 he
allencoder states _one decoder state
.\". 28

|

Initial RNN |e] le] |e ol [o o| lo
ol Jol Jo o| Jo
zero vector) |©] |¢ o} ol o o| lo
ol o] [o] [o] lo|l [o ol |o
put v ol [0 o o] o] |o ol |o JUT| (
A > o]l lo| lo| o] lo] lo ol lo _— W
mo | [e) 9 fe) o) o) o) o o NI |
Source sentence —> N
I" "saw"” "cat” "on" "mat
Encoder Decoder
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Attention mechanism

Initial RNN
state (e.g.,
zero vector)

0000

—

4

4

softmax
I |
Q
ol (o] o] o] |o
ol Jol Jo| Jo| e
olPlePle[e o
ol lo]| o] lo] le
ol o] [0l [0l [o
ol o] lo| lo] |o
ol lo| lo| lo] |o
o 1o o lof o
L ——> 4 Buaen KoTH
" Ill \\saw" " CGT“ " On
Encoder

©0® 0 0 |—

0000

Ha Marte <eos>
mat"”

o] [0
o| |o
o[lo
o| lo
ol [o
ol |o
ol |o
o] (O

T

Attention output

(weighted
sum)

Attention weights

(softmax)

Attention scores

Attention input

c® = agt)sl + agr)sz + et a,(:l)sm = Z a}(f}s;\.

u . k=1
source context for decoder step t

@ __exp(score(y, 5,)

?( TS exp(scorelh, 5))

“attention weight for source token k at decoder step t”

1..m

score(hy, s ), k=1..m

“How relevant is source token k for target step t?”

51825 ves S h’t

all encoder states one decoder state

[coool—={0000]

[co0ol—={0000]

[c00c0o}l—={0000]

[0c00Ol—={0000]

[coo0o}l—>{o000o]——>

[c000o}l—={0000]

<bos> I saw a cat on a mat

Decoder

https://lena-voita.github.io/nlp _course/seg2seq and attention.html
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Attention output c® =a®s, +aPs, + -4+ a¥s, = Z as,

Attention mechanism

Attention weights a,” = k=
. o xm . exp(score(hy, 1))

“source context for decoder step t”

1..m

t
(softmax) “attention weight for source token k at decoder step t”
Attention scores score(hy, s ), k=1..m
score(hg, si) g _ .
o How relevant is source token k for target step t?
o Attention input S10 520 e S he
i\;tr?gttifnn <— \Whatis here? allencoder states  one decoder state
A
[5)
o| Sk
[e]
Dot-product Bilinear Multi-Layer Perceptron
T 0
ht o h? 8 W; 8 ]ht
(eeod) X (5| s, XXoSk xtanhx§
0] e o ]Sk
o)
— LT — LT
score(hs, sp) = hi sy score(h, si) = hy Wsy, score(hg, s,) = wi - tanh(W; [hy, 5,])

Various attention functions

https://lena-voita.github.io/nlp _course/seg2seq and attention.html 10
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m
Attention output LT‘(” = a&tjs‘ + am.s.] + -+ cz,()f).x',;, = Z af\t)x;,
k=1

Attention mechanism g e

“source context for decoder step t”

() exp(score(hy, s))
a, =

Attention weights k=1..m
b Th ™ exp(score(hy, 5,))’
e “attention weight for source token k at decoder step t”
(softmax)
( Attention scores score(h;, s, ), k=1..m
) ¢
t [ “How relevant is source token k for target step t?”
1
Attention input S10 520 e S hy
all encoder states one decoder state
\ 4
-t
o s 2 & 8
€ 8 € Lo} 4‘7; A Q (]
o g2 e b = = g g
U o o = O o c [o)e)) o ko) v 5 c o A
£ ODc 30 00O S o o s 9 £ = o 2 S T
FeoeoSouwu<g 3 EIA v 3 2R W55 0923 3 ¢S
v © c c
L 2 GA2SESETVSELESE .V
accord . I
sur convient
de
la noter
zone que
économique I
européenne environnement
5 marin
fii est
éete le
signé moins
en connu
ao(t de
|I
1992 ;
environnement
<end> <end>
https://arxiv.org/abs/1409.0473 11
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Attention mechanism

« How to train?

« At each moment in time, the model
predicts a probability distribution over
our vocabulary given the source context
and previously predicted target tokens

* Minimize the cross entropy between the Ao TS o T sow 0 cat on 0 mat
: : . ncoder Decoder
target and model distribution e

81, 82... S;m = Encoder( Emb (s Bugen kotio Ha mare) ) - source context
(t) c Rvocab_size
Prnodel
(t) « || b0, 9 ~ _
Priodel Yo, Y145 -« yYt—1, S1, 82-.. 8m) =
= Decoder( Yo, Y1, --- yYt—1, S1, S2--- Sm)
https://arxiv.org/abs/1409.0473 12
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Attention mechanism

« How to train?

« Minimize the cross entropy between
the target and model distribution
* Lee =—2;p() -logq(i)
* p(i): the ground truth distribution
* q(i): the predicted distribution

0.1
0.7

bird| 0.2 | 0.05|0.8
=1 =2 =3

4

ModelO| g()E 0I5
> q(i) ={0.1,0.7,0.2}

Vocab={cat, dog, bird}
i=12 M, @&0| dot
p(i) = [0,1,0]

oy= HE2FO| J|CHZL:

A AR
SUNE
HII-|n:,

https://arxiv.org/abs/1409.0473
https://lena-voita.github.io/nlp course/seg2seq and attention.html

—Zp(i) -log q(i)

l
—(0-1log0.1+1-10g0.7 + 0 - log 0.2)
—log 0.7

tro
2O FRIL LS —’F% SEEO0| ELf (MZ2
e

£ $5 Cross Entropy2| 37|= FZILCY 13

SE7t BT
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Alignment problem, Speech case

» Task: Automatic Speech Recognition

(ASR) - ¢
« We want to transform x,---,x; to

y1, -+, Yy Where T # U usually

hello world

S1, $2... S;m = AudioEncoder( Spec( wav ) ) - source context

(t) vocab_size
p model c R

t “ -~ ~
anldel(* “ Yoy Y1y -+ yYt—1, S1y S2- .. sm) =

= Decoder( Yo, Y1, --- sYt—15 S15 82 --- Sm)

https://arxiv.org/abs/1409.0473 14
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Listen, Attend and Speech (LAS)

Y2 s Ys {eos) Grapheme characters y; are

* Listen, Attend and Spell, William i B
Chan et al., Carnegie Mellon g
University, Google Brain, 2015

* The network produces character S O ) i
sequences without making any m
independence assumptions between | b \h A
the characters. ([H) Q

Long input sequence X is encoded with the pyramidal

¢ M O d u | e S: b= (hey.. o) BLSTM Listen into shorter sequence h

- Listener - encodes information about the | /\
input audio o

hy hy hy

« Attend - tells Speller what parts of input
are relevant during the current decoding
step

* Speller- decodes the latent representation
Into transcription

https://arxiv.org/abs/1508.01211 o - Ia “ ” IE - - o 15
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Listen, Attend and Speech (LAS)

Long input sequence x is encoded with the pyramidal
BLSTM Listen into shorter sequence h

» In fact, we can use arbitrary encoder
(for example Conformer), but that was Listenr /\
iIn 2015 ;

* Thus, we use LSTM in the encoder and
a pyramid structure for subsampling
since we need to reduce the time
dimension:

« RNN can't handle very long sequences

* Reduce the time dimension for Attend for
selecting the most relevant information

* Better convergence in much shorter time

 8x time reduction (4x in the image)

https://arxiv.org/abs/1508.01211 1 6
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Listen, Attend and Speech (LAS)

by argmax (greedy decoding): E E E g L

(t)

pmodel(* H yAanAla"' ,ytA—l,hl, hth) =

:Decoder(ﬁg,ﬁl, ,y,f_l,hl, hs... hU) Cq C"' ) AttentionCon tc):tf reafes
: a.nd
Y] = argmax pggdel (* || yo, h1, h2... hy) (yobos emb) o m

AN (N~ s PO
Y2 = argmax pfjc))del (* | vo, ¥1, h1, Ao ... hU) I:\J I_yT_' T 5]

{sos)

Long input sequence x is encoded with the pyramidal
b= (e, ) BLSTM Listen into shorter sequence h

* by usual beam search: /\

hy by hy

« Expand beam
* Truncate beam

https://arxiv.org/abs/1508.01211 1 7
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Listen, Attend and Speech (LAS)

« LAS quality
WER
Method Year LA (s (test-oth
-clean)
er)
Human ~200 000 b.c. 5.83 12.69
beepSpeech | 015 5.15 12.73
LAS 2015 ———= ———=
LAS without S
pecAugment* 2019 3.2 9.8

https://arxiv.org/abs/1508.01211 18
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Listen, Attend and Speech (LAS)

e CTC vs. LAS Inference

Method CTC LAS
Streaming yes no
Context no yes
Argmax Complexity O(enc + dec) O(enc + T * dec)
Beam Sea?Ch O(enc + dec + T * bs) O(enc + T * bs * dec)
Complexity

https://arxiv.org/abs/1508.01211 19
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Listen, Attend and

 Can do better?

Speech (LAS)

Method CTC LAS ?
Streaming yes no yes
Context no yes yes
Argmax Complexity O(enc + dec) O(enc + T * dec) 2
Beam Search O(enc + dec + T * bs) O(enc + T * bs * dec) ?
Complexity .

https://arxiv.org/abs/1508.01211

20
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RNN-Transducer (RNN-t)

» Sequence Transduction with Recurrent Neural Networks,
Alex Graves, University of Toronto, 2012

p(l|t,u)

 Motivation or we want:; T
- A context-dependent model SIS
« A streamable model Stu
Joint Network
. Context-aware g tr Acoustic-awar
* Architecture; model model

« Audio encoder - for acoustic features L Tetwork Encoder
 Prediction network - for text processing — T

« Joint network - for predicting with A
audio-language context

21



RNN-t Inference

<bos> — Prediction
Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
22



RNN-t Inference

go — decoder state

fo — encoder state
vocabulary + @

!

Softmax

f

Joint Network

Prediction go J

Network fO

<bos> —

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
23



RNN-t Inference

vocabulary + @

!

Softmax

|
g0 Joint Network

Prediction N fl

-—_—> D
<bos> Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
24



RNN-t Inference

. Prediction

C
e Network
Prediction
<bos> — g — c -
Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
25



RNN-t Inference

vocabulary + @

|
Softmax
o I
c — Prediction Joint Network
Network m
<bos> — Prediction o c fl
Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
26



RNN-t Inference

vocabulary + @

|
g1 Softmax
|
— Prediction 7 Joint Network
Network
<bos> — Prediction o c f2
Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
27



RNN-t Inference

. Prediction
Network

7
/
1
N\
~
- T
_____________________________________________________________________________
~
)
7’
-
--

. Prediction

(%) _—
Network a
Prediction
— (7} _—
<bos> Network c

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
28



RNN-t Inference

vocabulary + @

|
. Prediction Softmax
Network 1

Joint Network

T

. Prediction

Network "
P dT | fo
rediction
<bos> Network e C

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
29



RNN-t Inference

. Prediction
Network

d
4
’
\
~
S~ o
______
___________
/
-
-
-
-

5 . Prediction t
Network

Prediction l
Network |
Prediction

<bos> — g — C
Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
30



RNN-t Inference

vocabulary + @

!

Softmax

f

Joint Network

. Prediction
Network

T

Prediction
Network ‘

T

Prediction
Network

T | f2

Prediction
<bos> — g — C

Network

Encoder — Encoder — Encoder — Encoder — Encoder

1 1 1 1 1
x0 X1 X2 X3 x4
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RNN-t Inference

. Prediction
Network

T

Prediction
Network s

T

Prediction
Network

T

Prediction
<bos> — g — C

Network

Encoder — Encoder — Encoder — Encoder — Encoder

t t t t t

x0 X1 X2 X3 x4
32



y3. T
y2

yl.

yo =

)

Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

gs3

g2

g1

90

fo fi f2 f3 f4
Encoder — Encoder — Encoder — Encoder — Encoder

1 1 1 1 1

x0 X1 X2 X3 x4

33



Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

yo =

J
Label (HEH

gs3

g2

g1

90

fo fi f2 f3 f4
Encoder — Encoder — Encoder — Encoder — Encoder

1 1 1 1 1

x0 X1 X2 X3 x4
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y3. T
y2

yl.

yo =

)

Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

gs3

g2

g1

90

fo fi f2 f3 f4
Encoder — Encoder — Encoder — Encoder — Encoder

1 1 1 1 1

x0 X1 X2 X3 x4
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\
ys
y2 >
yl. —
yo -

/

Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

p(wlft'gu) or p(Yu+1|ft»gu)

vocabulary + @

|
g3 Softmax
|
Joint Network
g . /
g1
go Pt
fo fi f2 f3 f4
Encoder — Encoder — Encoder — Encoder — Encoder
1 1 1 1 1
x0 X1 X2 X3 x4
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3 - Prediction g3

Network

T

~ Prediction
iz "~ Network 92

T p(D|fo, 91)

Prediction

y'] —_ _—

Network

T P(}’1|f0»90)[ 129(}’1|f1;90)

Prediction

yO — g0 _—

Network
fo p (Do, 9o) fi fa f3 f4

/

Label (HEH

Encoder — Encoder — Encoder — Encoder — Encoder
1 1 1 1 1

x0 X1 X2 X3 x4
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y3. T
y2

yl.

yo =

)

Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

gs3

g2

g1

90

fo fi f2 f3 f4
Encoder — Encoder — Encoder — Encoder — Encoder

1 1 1 1 1

x0 X1 X2 X3 x4
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y3. T
y2

yl.

yo =

)

Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

gs3

g2

g1

90

fo fi f2 f3 f4
Encoder — Encoder — Encoder — Encoder — Encoder
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y3. T

y2 >

yl.

yo =
N /
Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T
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Network

gs3

g2
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90
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y3. T

y2 >

yl.

yo =
N /
Label (HEH

Prediction
Network

T

Prediction
Network

T

Prediction
Network

T

Prediction
Network

gs3

g2

g1

90

 ———— E ————  ————  ———
S —— _— —_— _—
_— E ———— —_— _
E— —_— — —_—
fo fi f2 f3 fa
Encoder — Encoder — Encoder — Encoder — Encoder
) ) ) ) )
x0 X1 X2 X3 x4
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RNN-t properties

* streamable and context dependent
 produce alignment (weak)

« it is difficult to compute efficiently

» calculation of the joint module is hard
BS = 32 ; T (after 2x stride) = 800, U (with character encoding) =
gOO(;4(5)O tokens, V = 28. Let the hidden dimension of the Joint model
e 640.
« Hidden = 32x800x450x640x4 = 29.49 Gb (fp32)
Joint = 32x800x450%x28x4 = 1.290 Gb (fp32)

* This is just for the forward pass. We need to double this memory to store
gradients.

« BS=32 ; T (after 8x stride) = 200, U (with sub-word encoding) = 100-
180 tokens, Vocabulary size V = 1024.

» Hidden = 32x200x150x640x4 2.45 Gb (fp32)
Joint = 32x200x150x1024x4 = 3.93 Gb (fp32)
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RNN-t Quality

*https: / /arxiv.org /abs /1904.08779

WER
Method Year LA (S (test-oth
-clean)
er)
Human ~200 000 b.c. 5.83 12.69
Deep gpeeCh 2015 5.15 12.73
LAS 2015 ——— ———
LAS without S
pecAugment* 2019 3.2 9.8
RNN-t 2020 2.1 4.3
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https://arxiv.org/abs/1904.08779

CTC vs. LAS vs. RNN-t

Method CTC LAS RNN-t
Streaming yes no yes
Context no yes yes
Argmax. Compl O(enc + dec) O(enc + T * dec) O(enc + T * dec)
exity
Beam Search C | =, | . qec i Txbs) | Ofenc+T*bs*dec) | Ofenc +T*bs * dec)
omplexity
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DL-based ASR

« Language models (LM) - Refresher

« motivation:
« spelling of a word heavily depends on its context
* LMs can add context dependency in CTC beam search
 external language models typically saw more data (more than decoders in LAS,
RNN-t)
« examples:
« simple: n-gramms, Kneser—-Ney smoothing and others

« complex: neural networks
e.g: Bert, GPT, LLaMA

hypo 1: let's go two a movie (am score: 0.21) P(let's go two a movie) = 0.01 (Im score)
hypo 2: let’'s go to a movie (am score: 0.19)

hypo 3: let's go too a movie (am score: 0.13) P(let's go to amovie) = 0.6 (Im score)
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DL-based ASR

« Language models (LM) - Refresher

Hypo #1

ASR Model Hypo #2

[ Training M ASR Model H Beam search }» o

[ Lol ez, H LM Model }
Training

How to integrate LM?
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DL-based ASR

« Language models (LM)

« Second pass rescoring:

Hypo #1
I\?osdzl ASR Beam Hypo #2
- Model search J Hypo #3
Training Hypo #4
[ LM Model H LM Model
Training

Best hypo

it's better to use:

e Shallow fusion: - large model (ASR) for rescoring
light model (ASR) for shallow fusion
ASR_M_odeI }—» ASR Model —>(Beam search\
Training Voo #i
“‘ ) . e
Lﬁaﬂ?:: [ LM Model ] —
\ y, \ /
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DL-based ASR

« Language models (LM) with LAS and RNN-t

« Deep Fusion:

a\

s N ([
ASR Model

ASR Model
Training

N\ 4 N\ HVDO 71
LM Model
Hypo #2
Training . LM Model y—'{ Beam search ]—> HXEO #3
Hypo #4
e Cold Fusion:
ASR Model
[ Training H ASR Model }
LM Model Hvoo f1
[ Training }4’[ LM Model ] —{ Beam searchW T
K / J Hypo #4
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