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Sequenceao-seguence modelling

A Problem:

i Asequencey 8 @ goes in

i A different sequencey 8 @ comes out
A E.g.

I Speech recognition: Speech goes in, a word sequence comes
out

A Alternately output may be phoneme or character sequence

I Machine translation: Word sequence goes in, word sequence
comes out

A Ingenerall 0
i No synchrony betweem and .



Sequence to seqguence

| ate an apple l Ich habe einen apfel gegessen

A Sequence goes in, sequence comes out
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Case 1. With alignment

Y(t) i
i ! * *
. > : . > _ _ > _ > _

X(t)

t=0

Time

A The input and output sequences happen in the same
order
I Although they may be asynchronous
I E.g. Speech recognition
A The input speech corresponds to the phoneme sequence output
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Variants on recurrent nets

one to one one to many

ages from
arpathy

A 1: Conventional MLP

A 2: Sequencgeneration e.g. image to caption

A 3: Sequence basatediction or classificatiore.g. Speech recognition,
text classification 5



Basic model

VAH]

T

TR T

A Sequence of inputs produces a single output



Training

IAH/

\T

Y(2)

T

D T

A The Divergence is only defined at the final input
0@ hd) OQEwY Q¢ & QaQ

A This divergence must propagate through the net to update
all parameters

A lgnores outputs at intermediate steps



Training

Fix: Use these iam/| lanr| AR
outputs too. |

v v
These too must - - -

ideally point to the f J f
correct phoneme Y(2)
3 3 1
i 1 1

A Exploiting the untagged inputs: assume the same output for |
entire input

A Define the divergence everywhere

O0@  h) 0 OQEMON Q¢ & Q& Q



Training

A6 LR =sE IaR7| /AR AR Blue
outputs too. , ; . ;
These too must - - - -
ideally point to the ! 1 ! 1
correct phoneme Y(2) Y(2)
A A T T
i Bt it i Bt it

6 0 € 1€Q iQw
A Define the divergence everywhere
oQd@ - h) 0 GQETON Q¢ ¢ QA Q

A Typical weighting scheme for speech: all are equally important
A Problem like question answering: answer only expected after the question e
I Only0y is high, other weights are 0 or low 5



We will initially
focus on the

class of problem
where uniform
weights are
reasonable (e.g
speech recognition)

A Define the divergence everywhere
oQd@ - h) 0 GQETON Q¢ ¢ QA Q

A Typical weighting scheme for speech: all are equally important

A Problem like question answering: answer only expected after the question e

I Only0y is high, other weights are 0 or low 0



The more complex problem

/B/ % IFI %
t [ t t
TR T TR TR T T

A Obijective: Given a sequence of inputs, asynchronously
output a sequence of symbols

I This Is just a simple concatenation of many copies of the simple
G2dziLddzi & OKS SYyR 2F UKS Ayl

A But this simple extension complicates matters..
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Thesequenceo-seguenceproblem

B/ Nyl IF/ Nyl
t 1+ t+ 1 1 1
- - —» —» - — —» - ==
TN it | (R T T

A How do we knowvhento output symbols

I In fact, the network produces outputs avery
time
I Whichof these are theeal outputs?
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IAH/
B/
/D/
IEH/
1Y/
IF/

1G/

A At each time the networ

The actual output of the network

I I I I I I I I I
SNNY NN AN Y Y Y Y

K outputs a probability for

eachoutput symbol given all inputs until that time
Ni €iw O 8

i E.g.0
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Overall objective

JAH/ | W W W W W W W W W
/B/ W W W W W W W W (&
/D/ W W W W (6 W (6 (6 W
/[EH/ | w W W W W W (6 W W
ny/ | w W (& W W W W (& W
IF/ W W W W W W W W W
G/ (6 W (& (e (& (6 (e (& W
| | I I I I I I I
— | — —] |—] |—] |—] |——] |—

A Find most likely symbol sequence given inputs
Y8 Y AO(;lM\lQElYJ’OBY 2 8 ®
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JAH/ | @ W W W W W W W W
/B/ ) W W ) W ) ) W W
/D/ W W W W W W W W
/[EH/ | @ ) W W ) W W W )
VARERE R
IF/ W W W W
e - - o | [o] [
T I I

— _— |—

W W W W N @ N &) @

Finding the best output

A Option 1: Simply select the most probable
symbol at each time
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IAH/
B/
/D/
IEH/
1Y/
IF/

1G/

Finding the best output

W W W W W W W W W
W W W W W W 0V
o | | o BB (o [0 [ o
- W W W W W W (&
t t t t 1 1 1 1 t
A Option 1: Simply select the most probable symbol at each

time

I Mergeadjacent repeated symbols, and place the actual emissiot
of the symbol in the final instant
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The actual output of the network

JAH/ | @ W W W W W W

/B/ W W W W W W W

/D/ W W W ) W ) W
W
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A Option 1: Simply select the most probable symbol at each
time
I Mergeadjacent repeated symbols, and place the actual emissiot
of the symbol in the final instant 17



The actual output of the network

JAH/ | ® W W W W W W W
/B/ W
Resulting sequence may be ni

)
/l )
[F/ . ) ‘ ' ' ) )
. , , , ; , o o
1

0))
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W

W
(6))
(6))

!

 ———

W

A Option 1: Simply select the most probable symbol at each
time
I Mergeadjacent repeated symbols, and place the actual emissiot
of the symbol in the final instant 18



The actual output of the network

JAH/ | ® W W W W W W W W
/Bl & & & & R 6
ol | @ 6 6 G B 6 &
/[EH/ | @ ) W W W W W W )
v (o | e | e o | [o
IF/ ) W ) ) ) ) ) ) )
G/ (6 (e (o (6 (& W (6 (o (e
| | I I I I I I I
o e e |—] |— e—| [—] [—

A Option 2: Impose external constraints on what sequences are
allowed
I E.g.only allow sequences corresponding to dictionary words
I E.g. Sulsymbolunits (like in HWZ, what were they?)
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The actual output of the network

JAH/ | ® W ) ) ) W ) )
D/ [ ) ) ) ) ) )
[EH/ ) ) ) )

/G/ We will refer to the process
. of obtaining an output from S
the network as decoding

-—J5 - - =0 =1 1

w
w
W
W
W
w
I

IFl | @ W W W W ) W W
(& 0
1 |

o

I—VI I

o

A Option 2: Impose external constraints on what sequences are
allowed
I E.g.only allow sequences corresponding to dictionary words
I E.g. Sulsymbolunits (like in HWZ, what were they?)
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Thesequenceo-seguenceproblem

B/ Nyl IF/ Nyl
t 1+ t+ 1 1 1
- - —» —» - — —» - ==
TN it | (R T T

A How do we knowvhesto output symbols
I In fact, the r ddv?ﬁs oduces outputs averytime
I Whichof these are theeal outputs

A How do wetrain these models?




Training

B/ I Il Iyl
t t t
- - —» —» - — —» - ==
TN it | (R T T

A Given output symbolat the right locations

I The phoneme /B/ ends at,XIY/at X,, /F/ at X,
Y[ at X



t t
TR T (E T

A Either just define Divergence as:
O 0WOQLWND) ®OQLDIOFH OQLWRQ ©QEMHO®

A Or..
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Nyl

o0 A

@

r r + tr fr 1 + 1 1 1
| -] —» —» -1 — ] —» 1 P
ol I

A Either just define Divergence as:
00w W QE&WD) OQLDIOP GQLBIQ O QEWMIOW

A Orrepeat the symbols over their duration

00w GOQLWH wd W a I Tah od Qe a
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Nyl

o0 A

@

A A T A A A T A A T
. | —» —» | - —» | |
T L | (T T [
0 0 W W ) ) W 0 0 )
O0w OQEWH wa )¢ & I T wa WE o

A The gradient w.r.t thé-th output vector®
S TT

WO wda wé a

I Zeros except at the component corresponding to the target

O0Ow|m m 8 8 Tt
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Problem: No timing information providec
Bl NI©Y] K 1Y]

[ N N N N N N

W W W W W A W W W W

A Only the sequence of output symbols is
provided for the training data

I But no indication of which one occurs where

A How do we compute the divergence?
i And how do we compute its gradient w.Icb.
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Solution 1:Guess the alignment

/Bl B/ NI Y MY I IR L IFLNNYS
O O S S Y Y S S S

A Initialize: Assign an initial alignment
I Either randomly, based on some heuristic, or any other rationale

A lterate:
I Train the network using the current alignment

I Reestimatdhe alignment for each training instance
A Using the decoding methods already discussed 27



Solution 1:Guess the alignment

/Bl B/ NI Y MY I IR L IFLNNYS
O O S S Y Y S S S

A Initialize: Assign an initial alignment
I Either randomly, based on some heuristic, or any other rationale

A lterate:
I Train the network using the current alignment

I Reestimatahe alignment for each training instance
A Using the decoding methods already discussed 28




Estimating an alignment

A Given:
i The unaligned -length symbol sequenc&y Y8 Y (e.qg./B//lY/
IF 1Y)
i AnU-lengthinput(0 0)
I And a (trained) recurrent network

A Find:
i An0 -lengthexpansion 8 i comprising the symbols in S in strict
order
A eg YYYYYY8 Y
i iei YA YRY YA YR YIB Y
A E.g. B/ 1B/ Y] Y] NYI I IFLIFLIFLNYD
i Y+ QQ
ii Yhi "YhQ Q Q a
A Outcome: aralignmentof the target symbol sequenc¥ 8 Y to
the input® 8 W



Recall: The actual output of the networl

JAH/ | @ W W W W W W W W
/B/ W W W W W W W W W
D/ ) W ) ) ) ) ) ) W
/[EH/ | @ W W W W W W W W
ny/ | w W W W W W W W W
IF/ W W W W W W W W W
G/ (6 W (6 (6 (& W (6 () (e
| | I I I I I I I
— | — —] |—] |—] |—] |——] |—

A At each time the network outputs a probability
for eachoutput symbol
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Recall: unconstrained decoding

JAH/ B R & B B
Bl | @ R @ R R @ R R R
o/ | ® R @ ® ® ® R
JEH/ | & ® @ R ® @ @ @ ®
o e R R R @ @ R
Foo| @ & & & & & n n
G/ W W W W W W (e W W

A We find the most likely sequence of symbols
i (Conditioned on inputy 8 ®

A This may not correspond to an expansion of the desired symbol
seqguence

I E.g.the unconstrained decode may be
[AH/IAH/IAH/ID/IDIIARITEINYINY]
A Contracts to /AH/ D/ IAH/ IFI /1Y]

I Whereas we want an expansion of /B//IY//F//1Y/ =



Constraining the alignment: Try 1

BLlo ] ol o] ol o]l o] o]0l o

A Block out all rows that do not include symbols
from the target sequence

I E.g. Block out rows that are not /B/ /IY/ or /F/



Blocking out unnecessary outputs

/B/ W ) ) ) ) ) ) ) )
Yl | @ W ) ) ) W ) ) W
IF/ W ) W W [ ) ) [ )
/AH/ | y8H | |y | v | 8 vt | | vEP | | véH vy || ygH
/8/ | ¥§ vy y3 y3 Vi y& yé y7 Vg
/o/ | V& yi vy vy vy ye ye vy vE
/EH/ | y§H yi? v | | vEH yi¥ v | | vé" vyt y&"
N/ | vo© yi© ys" y3© yi© y&© Ve© y7° vs©
/Fl | ¥§ yi Vs Vi Vi ye Ve y7 Vi
/G | ¥§ yi ys ys Vi ys yé vy v§
1 1 ] ] ] ] ] ] ]
| | I I I I I I I
X, X4 X, X5 X, X< X, X, X4

Compute the entire output (for all symbols)
Copy the output values for the target symbols into the secondary reduced structtire



Constraining the alignment: Try 1

B/ (6 W (o () W (6 (e W W
Nyl | w (e W (6 (6 (6 W W (6
IF/ (6 (o () (6 (6 (6 W (& W

A Only decode on reduced grid

I We are now assured that only the appropriate
symbols will be hypothesized



Constraining the alignment: Try 1

AR HEEREEE
I o | | o | o | [o]

A Only decode on reduced grid

I We are now assured that only the appropriate symbols will
be hypothesized

At N2of SYY ¢KAa adAftft R2Sa
sequence correctly expands the target symbol sequenc
I E.g. the above decode is not an expansion of /B//1Y/IFI/NY/

A Still needs additional constraints .



Try 2. Explicitly arrange the constructec
table

/B/ W ) W W W W W W W
1Y/ W W W W W W W W W
[F/ W W W W W W W W W
1Y/ W W W W W W W W W
J/AH/ | v yiH ysH vt yiH y&H y&H yiH viH
/B/ vE yB yB yB ve yo yB yB v
/D/ v vy v vy Vs ye Ve vy V&
JEH/ | y&EH yiH yiH yEH vit y&H yEH yEH yEH
Ny, | vo© vi¥ vi¥ v3r Vi© yi¥ vé¥ ¥ va©
/F/ v& vi v vy Vi ve Ve vy Vi
/G/ | Y& i v vs vi ve vé vy v§

T T T N N e L e
Arrange the constructed table so that from top to bottom it has the exact
sequence of symbols required

e e e e I e o e e e e N e e S—



Try 2: Explicitly arrange the constructec

1B/
Nyl
IF/

N

table
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Note: If a symbol occurs multiple times, we repeat the

row in the appropriate location.

E.g. the row for /IY/ occurs twice, in the 2

nd and 4t positions

/B/ Yo yT vz y3 i ys Ve y7 Vs
/D | Y5 vy vs 5 vy y& e vy vE
JEH/ | y§! i ysH yiH yvi' y&? y&" y7H vg '
Ny, | vo© vi¥ vs© vi¥ vi¥ yi¥ vé¥ yi¥ vi¥
/F/ & i vs y3 Yi y& vé y7 v
/G/ | Y& i v vs vi ve vé vy v§

e e AR AR AR AR AR AR AR

Arrange the constructed table so that from top to bottom it has the exact
sequence of symbols required

1

1

L

L

L

L

L
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Explicitly constrain alignment

IB/ -oo () W () W (6 (e W W
r r 14 \ r 14 r r 14
nl | @ W @ O~ ® W ® @ W
IFl | 6 & & & o] o 0 0 0
nl | w W W W W W W & =

A Constrain that the first symbol in the decodeistbe the top
left block

A The last symbahustbe the bottom right

A The rest of the symbols must follow a sequence that
monotonicallytravels down from top left to bottom right
I l.e. never goes up

A This guarantees that the sequenisan expansion of the
target sequence
i /Bl Y/ IF/ 1Y] In this case



1B/
1Y/

IF/
1Y/

o Do Do Do

Explicitly constrain alignment

v
v

N

>

\ SE S

W
(o
(&
(e

Compose a graph such that every path in the graph from source to sink represent:
valid alignment
i Which maps on to the target symbol sequence (/B//AH//T/)

Edge scores are 1

Node scores are the probabilities assigned to the symbols by the neural network

¢KS aaO2NBé¢ 2F F LI GK A& GKS LINRRdAzO(

Find the most probable path from source to sink using any dynamic programming

algorithm
i E.g. The Viterbi algorithm

39



Viterbi algorithm

r

/B/ w‘ioo oo\ooioo o ® ® ® @
| o o o o Aw o R o
| o @ @ @ B;oo Sww @ Soo S‘w

A At each node, keep track of
I The best incoming edge
I The score of the best path from the source to the
node
A Dynamically compute the best path from
source to sink

40



1B/
1Y/

IF/
1Y/

Viterbi algorithm

o
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AN
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(e
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(e
W

W
(e

W
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(e
W
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(6
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(&
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N
N

(e
(&

(6
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(e
W
W
W

S

W

W
W

W

NE

W
W

W
W

A First, some notation:

A o

in the &-th time (given inputs 8 ®

IS the probability of the target symbol assigned to thth row

E.g., S(0)B/

A The scores in the™row have the formw

E.g.S(1) = S(J/1Y/

A The scores in th&stand 39 rowshave the formw

E.g. S(2) #/

A The scores in th&" row have the forn
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Viterbi algorithm

<

N

) W
&) W
W W
) W

g%

N
N

W
o |
(&
W

W
W
(&
W

Ele | &|e.

Ele| & e

W
W
A Initialization:

5 AiQ & 6@ m8U p
i im o ’hé i (iR

HhQ p8U
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Viterbi algorithm

<

N

4

/B/ (& |
Nv/ R
IF W
Nv/ @

(6
W
(&
W

(&
W
(o
W

R

LA

W
(6

W
(6

W
W
(e
W

W
W
(&
W

Ele | &|e.

N
N

Ele| & e

A Initialization:
6 i
O i @'ﬂ’l’[N v)

¢ oM@ 18 v
NIRRT REE AL A(0)

A foro p87Y p
6 o TG i G

fora p8uv

A6 i co

P

6 i Gdioom

P

HhQ p80 p

i i pm "’ {——

AoUady (QGi @ phx p)

W

)

6i @ phy) a pNQa b Q
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Viterbi algorithm

<

N

4

(&
W
(o
W

W

W
3
W

LA

W
W
(e
W

W
W
(&
W

Ele | &|e.
Ele| & e

W
(6

W
(6

N
N

A Initialization:
6 i
O i @'ﬂ’l’[N v)

fora p8uv

¢ Ol@ T8 U
NIRRT REE AL A(0)
A foro p87Y p

6 o TG i Gl

P

6i i pht

AoUady (QGi @ phx p)

A6 i co

6 i Gdioom

W

P
HhQ p80 p

()

6i @ phy) a pNQa b Q
! R
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Viterbi algorithm

Ele | & e
Ele | &
Ele | &|e.
Ele| & e

W

(e
W

(e

Ele | &g
%!

RES
N6

N
oG mM8O p

O Ohe i @Y HhQ p8U p
A foro p87Y p
5o i Gt 61 G ot 0O <
fora p8u p
Aoy (QGi @ phy p) 6i @ phY)) & pNQa B Q
Adi o 61 oo o
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Viterbi algorithm

/B K R K: R R R R
Ny Blo Mo R @ R
/E/ 43 W ,S W W iw W
Ny B;oo Swoo @ @ @
A Initialization:
5 AmiQ & 6@ m8u
6i ¢ &R @R HhQ p8U P
A foro p87Y p
6o T6i i 6i i pm @’
fora p8u p

AoUady (QGi @ phx p)

A6 i co

6 i Gdioom

W

6i @ phy) a pNQa b Q
! e
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Viterbi algorithm

/B K R K: R R R R
Ny Blo Mo R @ R
/E/ 43 W ,S W W iw W
Ny B;oo Swoo @ @ @
A Initialization:
5 AmiQ & 6@ m8u
6i ¢ &R @R HhQ p8U P
A foro p87Y p
6o T6i i 6i i pm @’
fora p8u p

AoUady (QGi @ phx p)

A6 i co

6 i Gdioom

W

6i @ phy) a pNQa b Q
! e
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Viterbi algorithm

N

Ele | & e
Ele | &
Ele | &|e.
Ele| & e

W

(e
W

(e

g%

N
N

A Initialization:

5 Ui & of@ M8 U
6i im R QEHQ  HATQ p8UL p
A foro p87Y p
6o T6i i 6i i pm @’
fora p8u p
Aoy (QGi @ phy p) 6i @ phY)) & pNQa B Q
Adi o 61 oo o }@
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Viterbi algorithm

/BI R K: R R R R
Ny W N R @ R
/E/ W ,S W W § W W
Y/ W > ) @) ) S‘ W
A Initialization:
5 AmiQ & 6@ m8u
6i ¢ &R @R HhQ p8U P
A foro p87Y p B
6o T6i i 6i i pm @’
fora p8u p

AoUady (QGi @ phx p)

A6 i co

6 i Gdioom

W

)

6i @ phy) a pNQa b Q

—
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Viterbi algorithm

/BI R K: R R R R
Ny W N R @ R
/E/ W ,S W W § W W
Y/ W > ) @) ) S‘ W
A Initialization:
5 AmiQ & 6@ m8u
6i ¢ &R @R HhQ p8U P
A foro p87Y p B
6o T6i i 6i i pm @’
fora p8u p

AoUady (QGi @ phx p)

A6 i co

6 i Gdioom

W

)

6i @ phy) a pNQa b Q

—
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Viterbi algorlthm

A Initialization:
6 U & ol@ m80 p
6i ¢ &R @R HhQ p8U P
A foro p87Y p
6o T6i i 6i i pm @’
fora p8u p
Aoy (QGi @ phy p) 6i @ phY)) & pNQa B Q
Adi o 61 oo o

—
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Viterbi algorlthm

52



Viterbi algorlthm

Al Y p YO p
Aforo Y p Q¢ 0 €po €

(0 p 6006
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B o)~k | « & R & & & &
nyr | & @ }\oo & & & & B
m o (o] o | Mod-lod o] o] [0 | |«
v e | Jo | o | e | [0 [NeJ-kJ-laJ-[a]
Al Y p YO p

Aforo Y p Q¢ 0 €po €

Viterbi algorithm

(0 p 6006

1B/ 1B YT TR TECNYT YT NYT YT
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Gradients from the alignment
B o)~k | « R R R
/|E:(/ }\oo & & &

| & o | o J-llo ] | & &
v lo | o | e | e | o [Ned-leJ-leJ-[c])
[B/ 1B/ VYT TR TR NYT YT YT

006 QM ©adéa ) TG wadea )
A The gradient w.r.t thé-th output vector®
, P
OOw|m m 8 m 8 T

o wadwé a )
I Zeros except at the component corresponding to the targehe estimated
alignment
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Iterative Estimate and Training

/BI 1Bl 1Yl [FI IR YL NYE Y Y Y
O O Y S N Y S G Y

Train model with Decode to obtain

given alignments alignments

Initialize
alignments

The o0decoded6 and otrainod steps may be co
compute derivativeso -Batclreupdattsor SGD and mi



lterative update

A Option 1:
I Determine alignments for every training instance

I Train model (using SGD or your favorite approach) on
the entire training set

| lterate

A Option 2:

I During SGD, for each training instance, find the
alignment during the forward pass

I Use in backward pass



Iterative update: Problem

A Approach heavily dependent on initial
alignment

A Prone to poor local optima

A Alternate solution: Do not commit to an
alignment during any pass..



The reason fosuboptimality

/BI o k| o & & & & &
|G }\ & & & R &
Fl| @ & o | o -] |« & & R
v lo | o | e | e | o [Ned-leJ-leJ-[c])

A Wecommiti 2 (0KS aAy3aftsS aoSaidé SadAyYlrasS
I Themost likelyalignment

00w I Toon wadwé a )

I This can be way off, particularly in early iterations, or if the model is poorly initiali:

59



The reason fosuboptimality

B [ | & R R
n o | Y B & B
/E/ W W W W | W
nyr | o @ 0 R R

A Wecommiti 2 (0KS aAy3atsS aoSadéeé SadAyYlras
I Themost likelyalignment

00w I Tofoh wawé a )
I This can be way off, particularly in early iterations, or if the model is poorly initializ

A Alternate view:there is a probability distribution over alignments of the target
Symbol sequence (to the input)
I Selecting a single alignment is the same as drawing a single sample from it

I Selecting the most likely alignment is the same as deterministically always drawir

the most probable value from the distribution
60



Averagmg overll alignments

/B/ W \K W W \ W K W K W W W W
nyl | w W —Hw O Mo Mo o W W
/E/ W W W § W {3 W ,S W W § W W
nYl | w W W W 3 W > W W W S‘ W

0 1 2 3 4 5 6 7 8 |

t

A Instead of only selecting the most likely alignment, use tt
statistical expectation oveall possible allgnments

0"'0m0 I Te )

I Use theentire dlstrlbutlon of alignments
I This will mitigate the issue of suboptimal selection of alignme

61



The expectation oveall alignments

/BI co\ioo m\wiwtw @ & @
nyl | w W o O o Mo W W W
/E/ W W W § W 4> W ,S W W § W | W
nYl | o ) W W Boo S\‘oo @) ) S‘w
t 0 1 2 3 4 6 7 8 |
00w O 1 Taon )]

A Using the linearity of expectation
00w ol Tan )]
I This reduces to finding the expected divergeateach input

00w 0Oi "M 1 Tai i)
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The expectation oveall alignments

/B/ m\iw w\wiwtw R R @

oo © o o o Mo R @ R

| e R @ R soo 5400 @ 0 S‘w
0 1 2 3 4 5 6 7 8 |

t

The probability of seeing the specific symbol s at time t,
given that the symbol sequence is an expansion of

Al N "Y8'Y and giventhe input sequence 1 ® 8 ®
We need to be able to compute this

U 0w I TOOT J]
I This reduces to finding the expectecll\i&geateach input

00w 0i "M I Tagn Y




A posteriori probabilities of symbols

Bl | & \K R I ® Koo K: R R R R
nyr | & R R SRR 0 @ @
/E/ W W W W W ,soo W iw ‘ W
Nl | w [ ) ) xoo S\‘oo ) ) B‘w
{0 1 2 3 4 6 7 8 .

0i Y@M e 0i  Ymg)
A0 i "YmS) is the total probability of all valid paths

the graph for target sequenagthat go through the symbol
Y (thei ™ symbol in the sequencey 8 “Y) at timeo

A2S gAaff O2YLWziS OGXKIAG] @raNMR/¢
algorithm
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A posteriori probabilities of symbols

/B/ ) \i W > W > W K W t ) > W [ )
nl | w ) ) . ) J—» ) ) ) W
/E/ ) W ) . ) ,> W ) W W
nYl/ | @ W W ) 3 ) S\‘ ) W W 3‘ W
{0 1 2 3 4 6 7 8 .
A Decompos® i  "Ym9] as follows:
o Ymgp
o 8i H YA 8i MmN
8 o0 8§ 8 o 8

A Y indicatesthai = might either beY or Y
A Y indicates thati  might be eitherY or Y

oG 8i H YA 8i )
8 o 8 8 0 8
i Because the target symbol sequentis implicit in the synchronized sequendes8 i  which are
constrained to be expansions f 65



A posteriori probabilities of symbols

Bl | @ \K R O I @ N R K: R R R R
ny | o o R ' O <o R W R
Fl| ® ® A ] ® 5‘ R o iw L o
| o o o o Sw 5400 o o S‘w
{0 1 2 3 4 5 6 7 8 |
o "Yms) o 8i Hh YA 8 )
8 o 8 8 0 8
0G 81 A "YIROG 8i |i 8i H "YW
8 o 8 8 0 8
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A posteriori probabilities of symbols

B/ W \i W " W g KN K W t W > W W W
nyl | W W ' ® Mo W W W
/E/ W W W ’ W ,S W W W | W
Nyl | W W W 3 W > W W W 3‘ W
{0 1 2 3 4 6 7 8 |
0G  "Yms) 0G 8i H YA 8i IO
8 o 8 8 0 8
oG 8i Hh Yo o 8i i 8i *H "Y)
8 o 8 8 0 8

A For a recurrent network without feedback from the output we can make the conditional independence
assumption:

oG 81 8imM oG 8
o Yma)) 0 8i H YOG 8i i Ym)
8 °c 8 8 0 8
Note: In reality, this assumption IS not valid IT the hidden states are unknown, but
we will make it anyway




o o Do Io

Conditional independence

A 4

g€ 0080

Dependency graphinput sequencey & & 8 &  governs hidden
variables 0080

Hidden variables govern output predictioms, w, 8 w  individually
w,n,8 w are conditionally independent given

Sincet is deterministically derived from, @, ®,8 &  are also
conditionally independent given
i CKAA g2dAf RyQl 0S5 { Npm®E wéfe notMetermitiStic bri A 2

if ) is unknown .



A posteriori probabilities of symbols

Bl | & \K o O IO K o K: o o o o
n | o 0 0 ®» Mo 0 0 0
/E/ W W W w . ) ,5 W W § w | W
Y/ W W W ) Boo xoo W ) B‘oo
{0 1 2 3 4 6 7 8 |
00  "Ymg))
oG 8i H YOG 8i IR
8 o 8 8 O 8
3G 81 R YR 56 81 If)
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A posteriori probabillities of symbols

-
B NG i BN O K O K 0 R R
nyr [ oN Yo o @ ' @
—N N : : :
Fl | @ @ o w
nyr | @ & & & Soo
¢ 0 1 2 3 4 5
0@ "ymay)
o 81 H o YIpod 81 )
8 c 8 3 o 38
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B/
1Y/

IF/
Nyl

The expectation oveall alignments
‘i’,\x - B =
0 1 2 4 )
Vg

A We will call the first term théorward probability (6h )
A We will call the second term thHeackwardprobability] (oh)

oG 8i H YR
8§ o 8
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Forward algorithm

@ \K R R \oo Koo K: @ @ R o
R R ® O Mo Mo ® ® R
) W ) ) Boo xoo ) ) W
0 1 2 3 4 6 8
0G 8i H Y|}
8 8
o( 8i MO (i Y 81 M)
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Forward algorithm

& \K & G [ @ K & K: & & & &
R R 0 \oo o Mo 0 @ @
W W W W Boo xoo W W W
0 1 2 3 4 6 8
0G 81 H YR

8 8

0@ 8i MO Yl 81 M)
8

0G 81 IMOG "YIR)
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/B/
1Y/

IF/
Nny/

Forward algorithm

) \K W > W \ W K W K W > W W W
W W W W MW J—» ) W W W
) R ) ™ Boo xoo ) ™ S‘oo
0 1 2 3 A 6 7 8 |
0G 8i A  "Y|R)
8 8
0G 81 IMOG  YI]i 8i M)
8
0G 81 IMOG YR
8
( 5 AR 568t R Y |ﬁ>>6(i Y1)
8 o 8 8 o 8
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Forward algorithm

/B/ W \i W W \ W K ) t W W W W
n/ | @ W W W —*lw J—» W W W W
Eo| o R w§w§m§w wiw o
Y/ W W W W Boo xoo ) W S‘oo
0 1 2 3 4 6 7 8 |
(o) 0(i 8i Y |R)
8 8
0G 8i IMOG  YI]i 8i )
8 8
oG 8i IMOGE YR
8 8
( (i TS GG 81 R Y |ﬁ>>6(i Y 1)
8 c 8 o 8
\ ) | J /
| |
M ‘ ~ Y 75
| (0 ph) | (0 ph p) W



Forward algorithm

/B/ W \i W > W \ W K W t W > W W W
Y/ W W ) W P J—» ) W W W
IE/ ) ) ) 0 3 ) 5 ) ) O | | ®
| %) Q) » Boo xoo R ™ S‘oo
t 0 1 2 3 4 6 7 8 .,
(oh) 0G 8i H Y[R
8 o 8
0G 81 |MOG Y| 8i W)
8 o 8
oG 8i oG Y
8 o 8
( 5G 81 R VIR T I |ﬁ)>6(i v )
8 o 8 8 o 8

| @) (@ pA) (0 pi M)
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Forward algorithm

77



Forward algorithm

/B/ co\ioo w\wiwtw o o o
Y/ W W ) W —Hlw J—»oo W W W
/E/ W W W §oo ﬁa) ,S W W W W
Y/ W W ) W Boo xoo W W W
0 1 2 3 4 6 8
A Initialization:
| (mp) o R | (i) mhi p
A foro p8°Y p
op | 0 ppo’
forad ¢c8U0U
Al od | p) | phx p) @
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Forward algorithm

) [ \co Koo tw W ) )
W ) W +Plw J—»oo ) ) W
W w§w 5@ ,ﬁoo ) ) )
) ) ) 300 S\‘oo ) ) W
1 2 3 4 6 8

A Initialization:
i) oh @) il p =
A foro p8°Y p
L dp | o pp "’
forad ¢c8U0U
Al g 1@ pl) | phr p) &



Forward algorlthm

W > W t ) ) [ W
) \oo ~§oo J—»oo W ) W
) §oo 4300 ,5 W ) W W
W ) 300 S\‘oo W ) W
2 3 4 6 8
A Initialization:
| (ip) &R | (i) mhi p
A foro p8°Y p
L op 1 o ppwC’
fordc ¢80 —
Al o @ phd | phx p) & ©
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Forward algorlthm

Koo tw W W )
o Mo o @ @
4 5 6 8

A Initialization:
() ok | (i) mhi p
A foro p8°Y p
L ap 10 oo’
forad ¢c8U0U
Al o | p) | phx p) @O




Forward algorlthm

W W W
6 8

A Initialization:
() ok | (i) mhi p
A foro p8°Y p
L ap 10 oo’
forad ¢c8U0U
Al o | p) | phx p) @O




Forward algorithm

A Initialization:
() ok | (i) mhi p
A foro p8°Y p
L ap 10 oo’
fordc ¢80 —

Al o | p® | © pt p @@
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In practice..

A The recursion
du 0 el 10 el p)@®
will generally underflow

A Instead we can do it in theg domain
‘I || ;‘I"‘
T M o ) e

I This can be computed entirely without underflow



Forward algorithm

A Initialization:
| (fp) ph| (MA) mhi p

L) e po i 0
A foro p87Y p
| op | O plp
ford ¢80
Al oo | (© phd | (0 phax p)
@) @)oo poi 0

85



The forward probability

AN
/B/ t R @ @ @
nyl 1o N Yo o W W
o ® | N o Q ® @
o @ @ @ Soo

. 0 1 2 3 4 5 6 7 8
0 "Ymg)

oG 8i H YR
8§ o 8

A We will call the fir théorward probability (oh )
A We will call the se term theackwardprobability! (o )

We have seen how to compute this | (6h) -



The forward probability

Bl |\ i 6 R R R
N/ ’\¥ ' ’
/F/ W w | Yo W (6
| @ @ @ @ Soo

¢ 0 1 2 3 4 5 6 7 8 .

rm théorward probability (o )
nd term theackwardprobabilityf (oh )

A We will call the
A We will call the s

We have seen how to compute this
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The forward probability

Bl |\ i & & & &
NnyY/ oo\¥ W ) o) W
/E/ W W ¥ W W
nl | @ W W W soo

¢ 0 1 2 3 4 5 6 7 8 |

A We will call the first term thdéorward probabili
A We will call the second term theackwardprobaity! (oh )

I (ohi) Lets look at this
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Backward algorithm
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Backward algorithm
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Backward algorithm
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Backward algorithm

/B/ W \i W W \ W K ) t W W W W
Y/ W W W W —Hlw J—» W W W W
IE/ 0 it ) 0 3 0 5 ) ) o | | ®
! | o Q) Q) » Boo xoo ) ) S‘oo
¢ 0 1 2 3 4 6 7 8 ,
T (o) v 8i In)
8 o 8
O YA 81 |R) O Ao 8i IR
8 ¢} 8 8 0 8
0 (i Y IR) oG 8i i "YM)
8 o 8
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Backward algorithm

/B co\ioo w\wiwtw & & &
nyl | W W O Mo Mo o W W
/E/ W W W §oo 4300 1soo W iw ‘ W
Nyl | w W W W Boo xoo W W S‘oo
0 1 2 3 4 6 7 8 |

f@) o 1 ph) o 1 ph p)
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Backward algorithm

/B/ W \i W W \ W K W t W W W
nyl | W W O o Mo W W
/E/ W W ) § ) 4> W ,S ) ) § )
nYl | w W W W 3 W S\‘ W W W

0 1 2 3 4 6 7

A Initialization:
t (Y phv) phf (Y ph) mhi 0 —
Afordo Y cQ€ 0 &M €
o o phy @)
forac 0 p8p
Ar (i) o 1@ phi) o 1 ph p)
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Backward algorithm

/B/ W \i W W \ W K W t W W
nyl | W W O Mo Mo o
/E/ W W ) § ) 4> W ,S ) )
nYl | w W W W 3 W > W W
0 1 2 3 4 6 7 8 .

A Initialization:
t (Y phv) phf (Y ph) mhi 0
Afordo Y cQ€ 0 &M €
o o phy @)
forac 0 p8p
Ar (i) o 1@ phi) o 1 ph p)
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Backward algorithm

Bl | & \K & & \ R K :

nyl | w W W w

/E/ W W W §oo 4> .

nl | o W W W 3 '
0) 1 2 3

A Initialization:
t (Y phv) phf (Y ph) mhi 0
Afordo Y cQ€ 0 &M €
P on T o ph ol
forac 0 p8p
Ar (i) o 1@ phi) o 1 ph p)
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Backward algorithm

Bl | & \K & & \ R K :

nyl | w W W w

/E/ W W W §oo 4> .

nl | o W W W 3 '
0) 1 2 3

A Initialization:
t (Y phv) phf (Y ph) mhi 0
Afordo Y cQ€ 0 &M €
P on T o ph ol
forac 0 p8p
Ar (i) o 1@ phi) o 1 ph p)
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Backward algorithm

A Initialization:
t (Y phv) phf (Y ph) mhi 0
Afordo Y cQ€ 0 &M €
P on T o ph ol
forac 0 p8p
Ar (i) o 1@ phi) o 1 ph p)
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The joint probabillity

Bl |\ t R R o o
ny/ o’o\¥ @ @ ® o
nl | e ® ) ) Soo

¢ 0 1 2 3 4 5 6 7 8 .

A We will call the first term thdéorward probabili
A We will call the second term theackwardprobaity! (oh )

I (o) We now can compute this
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The joint probabillity

/B : \i o o o o

o N Y ® R R o
IIY/ 4 \ 14 ra r
/E/ (@) W ¥ W W W
nwl ol o ) o ) Soo

{0 1 2 3 4 5 6 7 8 |

A We will call the first term th rd p ility (Oh)
A We will call the second term Sackwairobability

T (oh)

Forward algo Backward algo
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/B/
Nyl

IF/
Nny/

0 1 2 3 4 5 6 7 8
0 "Ymg) | (G (eh)
A Theposterioris given by
¥ eptiE 0 "Yms) HCIDNCID
o YqIim) Ty i
B 0( Ymg) B | (01 )pe(dn Jee
A We can also write this as
¥ epiiE (0o T (o)
U(l Ys’]m) A ’ A A A
| (M)w f (@) B | (G1)f (o e

The posterior probability




/B/
1Y/

IF/
Nny/

The expected divergence

o o o o o Mo W o o
0 1 2 3 4 5 6 V4 8
00w o inpT Tan i)
, (o) (oh)
O0w — — I
B | (oh Jeeoh e |
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The expected divergence

/B co\ioo w\wiwtw o o o
nl | o o O o Mo Mo o o o
|6 @ o o ﬁw 5400 o o S‘m
¢ 0 1 2 3 4 5 6 7 8 |
00 OG  imET Taei i)
N8
, o) (o) L.,
000G AN A, B
B | (o Jee(an e |

A The derivative of the divergence w.r.t the outpritof the net at any time:

006 Q ’O"Oo’@’O"O(% QO Pw

I Components will be nemero only for symbols that occur in the training instance
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The expected divergence

/B co\ioo m\wiwtw o o o
nyl | o Mo o o Mo o o 0
Eo| o o w§w>¢m§¢w o o L | ®
Y/ W W W W Boo S\‘oo W W S‘w
¢ 0 1 2 3 4 5 6 7 8 |
00w o inpT Tan i)
N8
, o) (o) L.,
000 MEAN A
B | (o Jee(on e |

A The derivative of the divergence w.r.t the outp‘atof the net at any time

Must compute these
terms from here

I Components will be nemero only for symbols that occur in the training instance
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The expected divergence

Bl | ® \i © o \ R K ® o R R
oo o o © R @ @ R
w | o R R @ @ R o | |
o @ @ R @ @ @ S‘w
{0 1 2 ?%/ 4 5 6 7 8 |

The derivatives at both these locations must be summed to get —

00w

NCRC O
B | (o Jee(on e |

A The derivative of the divergence w.r.t any particular output of the network must sum o
all instances of that symbol in the target sequence
Q00w Q ( | (R (oh)
(L b(y W

B|@mﬁém>

I E.g. the derivative w.rd will sum over both rows representing /1Y/ in the above figure
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Overall training procedure for
Seq2Seqg case 1

/Bl NI [FI DY
Lo N N A A N N A

e e e e . > >

A Problem: Given input and output sequences
without alignment, train models
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Overall training procedure for
Seq2Seqg case 1

A Step 1 Setup the network “
I Typically manyayered LSTM ir)

A Step 2 Initialize all parameters of the network
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Overall Training: Forward pass

A Foreaclhtraining instance
A Step 3 Forward pass. Pass the training instance through
the network and obtain all symbol probabilities at each
time



