Module 10.4: Continuous bag of words model
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o The methods that we have seen so far are called count based models because
they use the co-occurrence counts of words
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o The methods that we have seen so far are called count based models because
they use the co-occurrence counts of words

e We will now see methods which directly learn word representations (these are
called (direct) prediction based models)
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The story ahead ...

o Continuous bag of words model
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The story ahead ...
o Continuous bag of words model

e Skip gram model with negative sampling (the famous word2vec)
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The story ahead ...

o Continuous bag of words model
e Skip gram model with negative sampling (the famous word2vec)

o GloVe word embeddings
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The story ahead ...
o Continuous bag of words model
e Skip gram model with negative sampling (the famous word2vec)
o GloVe word embeddings

o Evaluating word embeddings
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The story ahead ...
o Continuous bag of words model
e Skip gram model with negative sampling (the famous word2vec)

o GloVe word embeddings

Evaluating word embeddings
Good old SVD does just fine!!
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o Consider this Task: Predict n-th
word given previous n-1 words
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o Consider this Task: Predict n-th
word given previous n-1 words

o Example: he sat on a chair
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Sometime in the 21st centur

Joseph Cooper,
former NASA
pilot, Tuns a farm with his father-in-law Donald,

son Tom, and daughter Murphy, It is post-truth
Murphy that the Apollo missions did indee
happen) and a series of crop blights threatens hu-

manity’s survival.

. haunted by a poltergeist. When a pattern

18 F [6m] the floor, Cooper
realizes that gravity is behind its formation,
not a "ghost”.  He interprets the pattern as
binary code. ooper and Murphy follow the
coordinates to a secret NASA facility, where they
are met by Cooper’s former professor, Dr. Brand.

Some sample 4 word windows from a corpus
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o Consider this Task: Predict n-th
word given previous n-1 words

o Example: he sat on a chair

o Training data: All n-word windows
in your corpus
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Some sample 4 word windows from a corpus
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o Consider this Task: Predict n-th
word given previous n-1 words

o Example: he sat on a chair

o Training data: All n-word windows
in your corpus

o Training data for this task is easily
available (take all n word windows
from the whole of wikipedia)
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Sometime in the 21st centur

Joseph Cooper,
former NASA
1s father-in-law Donald,

son Tom, and daughter Murphy, It is post-truth
Murphy that the Apollo missions did indee
happen) and a series of crop blights threatens hu-

manity’s survival.

. haunted by a poltergeist. When a pattern

18 F [6m] the floor, Cooper
realizes that gravity is behind its formation,
not a "ghost”.  He interprets the pattern as
binary code. ooper and Murphy follow the
coordinates to a secret NASA facility, where they
are met by Cooper’s former professor, Dr. Brand.

pilot, runs a farm wit

Some sample 4 word windows from a corpus
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o Consider this Task: Predict n-th
word given previous n-1 words

o Example: he sat on a chair

o Training data: All n-word windows
in your corpus
o Training data for this task is easily

available (take all n word windows
from the whole of wikipedia)

o For ease of illustration, we will first
focus on the case when n = 2 (i.e.,
predict second word based on first
word)
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We will now try to answer these two questions:
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We will now try to answer these two questions:

o How do you model this task?
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We will now try to answer these two questions:
o How do you model this task?

o What is the connection between this task and learning word representations?
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o We will model this problem using a
feedforward neural network
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o We will model this problem using a
feedforward neural network

>P (chair|sat)
->P(man|sat)
>P (on|sat)

>P(he|sat)

e Input: One-hot representation of the
context word
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P(he|sat)

P(chair|sat)

P(man|sat)
P(on|sat)

Wora € REXIV

Weontext €

REXIV]

[0]1]0]...]0]O0]O |xerv

sat

o We will model this problem using a
feedforward neural network

o Input: One-hot representation of the
context word

e Output:  There are |V| words
(classes) possible and we want to pre-
dict a probability distribution over
these |V/| classes (multi-class classific-
ation problem)
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3 g g 5 o We will model this problem using a
§ E é feedforward neural network
§ § § % @ Input: One-hot representation of the
context word
Wt € RFXIVI e Output: There are |V| words

(classes) possible and we want to pre-
dict a probability distribution over
Weonteat € these |V/| classes (multi-class classific-
Rk><|v\ .

ation problem)

[0J1[O0]..J0[O]O Jxerv o Parameters: W yet € RF¥IVI and
sat Woord € Rk‘X\V|
(we are assuming that the set of
words and context words is the
same: each of size |V|)
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@ What is the product WcontestX given that x
is a one hot vector

P(he|sat)
P(chair|sat)
P(man|sat)
P(on|sat)

Wwora € REXIVI

Weontext €
Rk><|V\
[0]1]O]..]0[0]0 |xerVI

sat




@ What is the product WcontestX given that x

.33 _

T T ¢ IS )

v 8 : = is a one hot vector

< 3 Q

i & & a @ It is simply the i-th column of Weontext
-1 2 0 0.5
3 -2 | (|l =1

x|V
Wyora € RFX 9 3 0 17

Weontext €
kaw\
[0]1]0]..]0]O0]O |xerv
sat
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@ What is the product WcontestX given that x

.33 _

T T ¢ IS )

v 8 : = is a one hot vector

< 3 Q

i & & a @ It is simply the i-th column of Weontext
-1 2 0 0.5
3 -2 | (|l =1

x|V
Wyora € RFX 9 3 0 17

@ So when the i*" word is present the " ele-

Weontest € ment in the one hot vector is ON and the ‘"
REXIV] column of W eontert gets selected
[0]1T]O0]..JO[OJO Jxerlvl
sat
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@ What is the product WcontestX given that x

.33 _

R IS )

T £ s = is a one hot vector

SIS <

L8 & Y @ It is simply the i-th column of Weontext
-1 2 0 0.5
3 -2 | (|l =1

Ex|V|
Wyora € RFX 9 3 0 17

@ So when the i*" word is present the " ele-

Weontewt € ment in the one hot vector is ON and the i*"
REXIVI column of W ontert gets selected
| 0 | 1 | 0 | | 0 | 0 | 0 |x e RrlIVI @ In other words, there is a one-to-one corres-
pondence between the words and the column
sat Of Wcontext
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2 % g 3 @ What is the product WcontestX given that x
< 3 § = is a one hot vector
< 3 Q
i & & a @ It is simply the i-th column of Weontext
-1 2 0 0.5
3 —2 =|[-1
Wora €571 -2 3 E 1.7

@ So when the i*" word is present the " ele-

Weonteat € ment in the one hot vector is ON and the ‘"
REXIV] column of Wontest gets selected
| 0 | 1 | 0 | | 0 | 0 | 0 |x cRrIVI @ In other words, there is a one-to-one corres-
pondence between the words and the column
sat Of Wcontemt

@ More specifically, we can treat the i-th
column of Weontert as the representation of
context ¢
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@ How do we obtain P(on|sat)? For this multi-
class classification problem what is an appro-
priate output function?

P(he|sat)
P(chair|sat)
P(man|sat)
P(on|sat)
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[0]1]O]..]0[0]0 |xerVI
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priate output function? (softmax)
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@ How do we obtain P(on|sat)? For this multi-
class classification problem what is an appro-
priate output function? (softmax)

P(chair|sat)
P(man|sat)
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=
3
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Wwora € REXIVI

P(he|sat)

@ Therefore, P(on|sat) is proportional to the
dot product between 2" column of W eonteat
and i** column of Wo,org

Weontext €
Rk><|V\
[0]1]O]..]0[0]0 |xerVI
sat

e(Wwo'r‘dh) [Z]

P(on|sat) = S e Waorahi]
J

M. Khapra 015 (Deep Le 3 ure 10



@ How do we obtain P(on|sat)? For this multi-
class classification problem what is an appro-
priate output function? (softmax)

~
T S

g 3 ~
T = S
S I n
£ 3 B
s £ S
L =S 2
A Ay

Wwora € REXIVI

P(he|sat)

@ Therefore, P(on|sat) is proportional to the
dot product between 2" column of W eonteat
and i** column of Wo,org

@ P(word = i|sat) thus depends on the ‘"
column of Wyord

Weontext €
kaw\
[0]1]O]..]0[0]0 |xerVI
sat

e(Wwordh) [Z]

P(on|sat) = S e Waorahi]
J
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@ How do we obtain P(on|sat)? For this multi-
class classification problem what is an appro-
priate output function? (softmax)

P(chair|sat)
P(man|sat)
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Wwora € REXIVI

P(he|sat)

@ Therefore, P(on|sat) is proportional to the
dot product between 2" column of W eonteat
and i** column of Wo,org

@ P(word = i|sat) thus depends on the ‘"
column of Wyord

Weonteat € @ We thus treat the i-th column of W,o-q as
RFXIVI the representation of word 4
[0]1T]O0]..JO[OJO Jxerlvl
sat

e(Wwordh) [Z]

P(on|sat) = S e Waorahi]
J
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R
T £ 2 = @ How do we obtain P(on|sat)? For this multi-
- § § = class classification problem what is an appro-
E/ S D% priate output function? (softmax)
L 4 i . .
@ Therefore, P(on|sat) is proportional to the
dot product between " column of W eonteat
Woporg € REXIV and " column of Wy,org

@ P(word = i|sat) thus depends on the 3*"
column of W yord

Weontext € @ We thus treat the i-th column of W g as
RFXIVI the representation of word %

l 0 [ 1 [ 0 [ [ 0 [ 0 [ 0 lxeR\Vl @ Hope you see an analogy with SVD! (there
we had a different way of learning Weontext
and W orq¢ but we saw that the i*" column
of Woyora corresponded to the representa-
: -th

(W oorah)li] tion of the """ word)

sat

P(on|sat) = S eWauorah)[i]
j
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@ How do we obtain P(on|sat)? For this multi-
class classification problem what is an appro-
priate output function? (softmax)

P (chair|sat)
t>P(man|sat)
[P (on|sat)

[P (he|sat)

@ Therefore, P(on|sat) is proportional to the
dot product between " column of W eonteat
Woporg € REXIV and " column of Wy,org

@ P(word = i|sat) thus depends on the 3*"
column of W yord

Weontext € @ We thus treat the i-th column of W g as
RFXIVI the representation of word %

l 0 [ 1 [ 0 [ [ 0 [ 0 [ 0 lxeR\Vl @ Hope you see an analogy with SVD! (there
we had a different way of learning Weontext
and W orq¢ but we saw that the i*" column
of Woyora corresponded to the representa-
: -th

(W oorah)li] tion of the """ word)

P(on|sat) = ——F++= @ Now that we understood the interpretation
( ‘ ) Zj e(wwordh) [.7]

sat

of Weonteat and Worq, Our aim now is to
learn these parameters
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@ We denote the context word (sat) by the in-
dex ¢ and the correct output word (on) by
the index w

P(he|sat)
P(chair|sat)
P(man|sat)

9 = P(on|sat)

Wyord € ]kalv‘

Weontext €
REXIV]
[0]1T]O0]..JOJOJO Jxerlvl

sat




@ We denote the context word (sat) by the in-
dex ¢ and the correct output word (on) by
the index w

oo @ For this multiclass classification problem
what is an appropriate output function (§ =

f@)?

P(he|sat)
P(chair|sat)
P(man|sat)

9 = P(on|sat)

Wyord € ]kalv‘

Weontext €

REXIV]

[0JTJO] .. JOJOJO Jxerm

sat
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@ We denote the context word (sat) by the in-
dex ¢ and the correct output word (on) by
the index w
oo @ For this multiclass classification problem

what is an appropriate output function (§ =
f(z)) 7 softmax

P(he|sat)
P(chair|sat)
P(man|sat)
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@ We denote the context word (sat) by the in-
dex ¢ and the correct output word (on) by
the index w

@ For this multiclass classification problem
what is an appropriate output function (§ =
f(z)) 7 softmax

@ What is an appropriate loss function?

P(he|sat)
P(chair|sat)
P(man|sat)

9 = P(on|sat)

Wyord € ]kalv‘

Weontext €

REXIV]

[0JTJO] .. JOJOJO Jxerm

sat
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@ We denote the context word (sat) by the in-

T = E dex ¢ and the correct output word (on) by
3 < % g the index w
<3 < . . I
E - I @ For this multiclass classification problem
&% & > what is an appropriate output function (§ =
f(z)) 7 softmax
@ What is an appropriate loss function? cross
Wayord € REXIVI entI‘Opy

Z(0) = —log g = —log P(w]c)

Weontext €

REXIV]

[0JTJO] .. JOJOJO Jxerm

sat

Mitesh M. Khapra CS7015 (Deep L Lecture 10



@ We denote the context word (sat) by the in-

T = E dex ¢ and the correct output word (on) by
3 < % g the index w
<3 < . . I
E - I @ For this multiclass classification problem
&% & > what is an appropriate output function (§ =
f(z)) 7 softmax
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Wayord € REXIVI entI‘Opy

Z(0) = —log g = —log P(w]c)

h = Weonteat * Te = Ue
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@ We denote the context word (sat) by the in-

T = E dex ¢ and the correct output word (on) by
3 < % g the index w
<3 < . . I
E - I @ For this multiclass classification problem
&% & > what is an appropriate output function (§ =
f(z)) 7 softmax
@ What is an appropriate loss function? cross
Wayord € REXIVI entI‘Opy

Z(0) = —log g = —log P(w]c)

h = Weonteat * Te = Ue

Weontext €
REXIVI exp(uc + Vw)

Yuw =
2 wev €xp(uc - Vur)

[0JTJO] .. JOJOJO Jxerm

sat
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@ We denote the context word (sat) by the in-

T = E dex ¢ and the correct output word (on) by
3 < % g the index w
<3 < . . I
E - I @ For this multiclass classification problem
&% & > what is an appropriate output function (§ =
f(z)) 7 softmax
@ What is an appropriate loss function? cross
Wayord € REXIVI entI‘Opy

Z(0) = —log g = —log P(w]c)

h = Weonteat * Te = Ue

Weontext €
REXIVI exp(uc + Vw)

Gw =
|0|1|0||O|0|0|XER‘V| Ewlevexp(uc'vw/)

uc is the column of Weontert corresponding
to context ¢ and vy, is the column of Wiyorqg
corresponding to context w

sat
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e How do we train this simple feed for-
ward neural network?

~
T S

8 3 ~
T = S
S I n
P B
s £ S
L= 2
A A,

Wora € REXIVI

P(he|sat)

Weontext €
Rk><|V\
[0]1]0]..]0]O0]O |xerv
sat
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e How do we train this simple feed for-
ward neural network? backpropaga-
tion

~
T S

8 3 ~
T = S
S I n
P B
s £ S
L= 2
A A,

Wwora € REXIVI

P(he|sat)
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e How do we train this simple feed for-
ward neural network? backpropaga-
tion

~
T S

8 3 ~
T = S
S I n
P B
s £ S
L= 2
A A,

Wwora € REXIVI

P(he|sat)

o Let us consider one input-output pair
(¢, w) and see the update rule for v,

Weontext €
Rk><|V\
[0]1]0]..]0]O0]O |xerv

sat




2(8) = —1og

P(he|sat)
P(chair|sat)
P(man|sat)
P(on|sat)

Wora € REXIVI

Weontext €
kaw\
[0O]TJO] . .JOJO]O |xerv

sat




Z(0) = —log g

P(chair|sat)
P(man|sat)

—~
=
3
o
IS
S
-
a,

Waord € REXIV

P(he|sat)

exp(Ue - V)
S ey cap(ie - v)

Weontext €
kaw\
[0J1T]O0]..JO[OJO Jxerlvl

sat




.33 -
EI EH
I 5 Z(0) = —log g
L : exp(ue - v,)
= —log
Zw’eV exp(Ue - Vo)
Waora € R¥IV] = —(uc- vy —log > exp(uc - vyr))
w' eV
Weontext €
Rk><|V\

[0]1]O]...]0[0]0 |xerVI

sat
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DS/”(Q) = loggw

P(he|sat)
P(chair|sat)
P(man|sat)
P(on|sat)

exp(uc - Vw)
Zw’eV emp(uc : vw’)
Wword € REXIVI = —(uc C Uy — log Z exp(uc . vw,))

w'eV
exp(uc - Vw)

= —log

Weontext € \V4 = —(u, — -Uu
REXIVI o (e > wey eTP(Ue - V) 2
[0]1]O]...]0[0]0 |xerVI
sat
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DS/”(Q) = loggw

P(he|sat)
P(chair|sat)
P(man|sat)
P(on|sat)

exp(uc - Vw)
Zw’eV emp(uc : vw’)
Wword € REXIVI = —(uc C Uy — log Z exp(uc . vw,))

w'eV
exp(uc - Vw)

= —log

Weontext € \V4 = —(u, — -Uu
REXIV] o ( ¢ E’LU/EV ea:p(uc~vw/) C)
[0]1]0]~[O0[0]0]xerl = —uc(l = Ju)
sat
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P(he|sat)

P(chair|sat)

%
5 —~
= 3
5 =
£ J
Y 5

Wwora € REXIVI

Weontext €
Rk><|V\
[0]1]O]...]0[0]0 |xerVI
sat

Mitesh M. Khapra

DS/”(Q) == log :’Qw
exp(uc - vu)

Zw’eV emp(uc : vw’)

= —(Uc - vy — log Z exp(Ue - Vyr))

w'eV

B caplue - va)

w T —(UC -
Zw’EV exp(Ue + Uy

= _Uc(l - f‘)w)

= —log

j )

And the update rule would be

Lecture 10
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P(he|sat)

P(chair|sat)

%
5 —~
= 3
5 =
£ J
Y 5

Wwora € REXIVI

Weontext €
Rk><|V\
[0]1]O]...]0[0]0 |xerVI
sat
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DS/”(Q) == log :’Qw
exp(uc - vu)

Zw’eV emp(uc : vw’)

= —(Uc - vy — log Z exp(Ue - Vyr))

w'eV

B caplue - va)

w T —(UC -
Zw’EV exp(Ue + Uy

= _uc(l - lew)

= —log

j )

And the update rule would be

VU = Uy — nvvw

Lecture 10
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DS/”(Q) = loggw

P(he|sat)
P(chair|sat)
P(man|sat)
P(on|sat)

exp(uc - Vw)
Zw’eV emp(uc : vw’)
Wword € REXIVI = _(UC C Uy — log Z exp(uc . vw,))

w'eV
exp(uc - Vw)

= —log

Weontext € \V4 = —(u, — -Uu
REXIVI o (e > wey eTP(Ue - V) 2
[0]1]0]~[O0[0]0]xerl = —uc(l = Ju)
sat And the update rule would be

VU = Uy — nvvw
Uy + (1 — Ju)
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o This update rule has a nice interpret-
ation

~
T S

8 3 ~
T = S
S I n
P B
s £ S
L= 2
A A,

Wwora € REXIVI

P(he|sat)

Uy = Uy + nuc(l - :‘)w)

Weontext €
Rk><|V\
[0]1]O]...]0[0]0 |xerVI
sat
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3 § 3 g o This update rule has a nice interpret-
@« < < @ .
B § § E ation
L8 g &
Uy = Uy + nuc(l - :‘)w)

Wepora € REXIV] o If g, — 1 then we are already predict-
ing the right word and v,, will not be
updated

Weontext €

Rk><|V\

[0J1T]O0]..JO[OJO Jxerlvl

sat




o This update rule has a nice interpret-

T & ¢ T ation
L8 g &
Uy = Uy + 77Uc(1 - :l)w)
Wora € RFX IV o If §,, — 1 then we are already predict-
ing the right word and v,, will not be
updated

Weonteat
REXIV] ) o If §, — 0 then v, gets updated by
OJiJ0] . ]0]0]0] adding a fraction of u. to it
s x € R‘Vl
sat
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o This update rule has a nice interpret-

T & ¢ T ation
& & & g
Uy = Uy + 77“0(1 - Z)w)

Weorq € REXIVI o If g, — 1 then we are already predict-
ing the right word and v,, will not be
updated

H:‘,/::r:zt © o If ¢, — 0 then v, gets updated by
adding a fraction of u. to it

[0 1]0] - [0]0]0]xeam

o This increases the cosine similarity
sat between v,, and u. (How? Refer to
slide 38 of Lecture 2)
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o This update rule has a nice interpret-
ation

P (chair|sat)
>P(man|sat)
[>P (on|sat)

[P (he|sat)

Vy = Uy + 77“0(1 - gw)

Wepora € REXIV] o If g, — 1 then we are already predict-
ing the right word and v,, will not be
updated

Weontext €

X1V o If g, — 0 then v, gets updated by

[0[1]0] . ][0][0][0] i adding a fraction of u,. to it
xeRV

o This increases the cosine similarity
between v,, and u. (How? Refer to
slide 38 of Lecture 2)

@ The training objective ensures that
the cosine similarity between word
(vy) and context word (u.) is max-
imized

sat
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o What happens to the representations
of two words w and w’ which tend to
appear in similar context (c)

~
T S

8 3 ~
T = S
S I n
P B
s £ S
L= 2
A A,

Wwora € REXIVI

P(he|sat)

Weontext €
Rk><|V\
[0]1]O]...]0[0]0 |xerVI

sat




o What happens to the representations
of two words w and w’ which tend to
appear in similar context (c)

P(chair|sat)
P(man|sat)

—~
=
3
o
IS
S
-
a,

Wwora € REXIVI

P(he|sat)

@ The training ensures that both wv,
and v), have a high cosine similarity
with u. and hence transitively (intu-
itively) ensures that v,, and v}, have a

Weontext € high cosine similarity with each other

REXIV]

[0]1]O]...]0[0]0 |xerVI

sat
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o What happens to the representations
of two words w and w’ which tend to
appear in similar context (c)

P (chair|sat)
>P(man|sat)

[P (he|sat)
[>P (on|sat)

@ The training ensures that both wv,
and v), have a high cosine similarity
with u. and hence transitively (intu-
itively) ensures that v,, and v}, have a

Wwora € REXIVI

Weontext € high cosine similarity with each other
RV o This is only an intuition (reasonable)
[0J1]O0]..JOJOJO |xerV
sat
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o What happens to the representations
of two words w and w’ which tend to
appear in similar context (c)

P (chair|sat)
>P(man|sat)

[P (he|sat)
[>P (on|sat)

@ The training ensures that both wv,
and v), have a high cosine similarity
with u. and hence transitively (intu-
itively) ensures that v,, and v}, have a

Wwora € REXIVI

Weontext € high cosine similarity with each other

RV o This is only an intuition (reasonable)

[0J1[O0]..J0[O]O Jxerv e Haven’t come across a formal proof
sat for this!
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h

P(chair|sat,
P(man|sat,

—~
v
<
<
3
2
v
<
=
o8

Wword €
RrREX2|V]

[Weontezts Weontext] €

REX2|V]|

| x € R2IVI

he sat

@ In practice, instead of window size of 1 it is
common to use a window size of d




h

@ In practice, instead of window size of 1 it is
common to use a window size of d

P(chair|sat,
P(man|sat,

—~
v
<
<
3
2
v
<
=
o8

@ So now,

d—1
h = E Ue,
=1

Wword €
RrREX2|V]

[Weontezts Weontext] €

REX2|V]|

| | [ x er2IVI

he sat




h

P(chair|sat,
P(man|sat,

—~
v
<
<
3
2
v
<
=
o8

Wword €
RrREX2|V]

[Weontezts Weontext] €

REX2|V]|

| x e r2IVI

he sat

@ In practice, instead of window size of 1 it is
common to use a window size of d

@ So now,
d—1
h = E Ue,
i=1

@ [Weontest, Weonteat] just means that we are
stacking 2 copies of Weontest matrix
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P(chair|sat,
P(man|sat,

—~
v
<
5
3
2
v
<
=
o8

Wword €
RrREX2|V]

Weontext; Weontext] €
REX2|V]|

xeRQ‘V|

he sat

@ In practice, instead of window size of 1 it is
common to use a window size of d

@ So now,
d—1
h = E Ue,
i=1

@ [Weontest, Weonteat] just means that we are
stacking 2 copies of Weontest matrix

0
1 9 . } sat
3 —2 8
-2 3 0

} he

u]
Q
I
ul
it
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P(chair|sat,
P(man|sat,

—~
v
<
5
3
2
v
<
=
o8

Wword €
RrREX2|V]

Weontext; Weontext] €
REX2|V]|

xeRQ‘V|

he sat

@ In practice, instead of window size of 1 it is
common to use a window size of d

@ So now,
d—1
h = E Ue,
i=1

@ [Weontest, Weonteat] just means that we are
stacking 2 copies of Weontest matrix

-1 2 -1 05
3 -2 3 -1
-2 3 -2 1.7
o = = = =
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P(chair|sat,
P(man|sat,

—~
v
<
5
3
2
v
<
=
o8

Wword €
RrREX2|V]

Weontext; Weontext] €
REX2|V]|

xeRQ‘V|

he sat

@ In practice, instead of window size of 1 it is
common to use a window size of d

@ So now,
d—1
h = E Ue,
i=1

@ [Weontest, Weonteat] just means that we are
stacking 2 copies of Weontest matrix

-1 2 -1 05
3 -2 3 -1
-2 3 -2 17
2.5

=|-3
4.7

u]
Q
I
ul
it




h

P(chair|sat,
P(man|sat,

—~
v
<
5
3
2
v
<
=
o8

Wword €
RrREX2|V]

Weontext; Weontext] €

REX2|V]|

xeRQ‘V|

he sat

@ In practice, instead of window size of 1 it is
common to use a window size of d

@ So now,
d—1
h = E Ue,
i=1

@ [Weontest, Weonteat] just means that we are
stacking 2 copies of Weontest matrix

0
. } sat
0

-1 2 -1 05
3 —2 3 —1 0
-2 3 -2 1.7 0
} he
2.5
=|-3
4.7

@ The resultant product would simply be the
sum of the columns corresponding to ‘sat’
and ‘he’ = = = = ~




@ Of course in practice we will not do this expensive matrix multiplication
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@ Of course in practice we will not do this expensive matrix multiplication

o If ‘he’ is i*" word in the vocabulary and sat is the j** word then we will
simply access columns Wi :] and W{j :] and add them
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o Now what happens during backpropagation
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o Now what happens during backpropagation
o Recall that
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o Now what happens during backpropagation

o Recall that

e and

d—1
h = Z U,
i=1
6(’wwordh)[k]
P(on|sat, he) = W
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o Now what happens during backpropagation
o Recall that
d—1
=Y.
i=1

e and

e(wwordh) [k]

P(onlsat, he) = S e@uorah)i]
J

@ where ‘k’ is the index of the word ‘on’
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o Now what happens during backpropagation
o Recall that

d-1

h = Z Ug;

i=1

e and
e(Wworah)[K]
P(on|sat, he) = W

o where ‘k’ is the index of the word ‘on’
o The loss function depends on {Wyord, Uc, s Ucy, - - - s Ue,_, } and all these

parameters will get updated during backpropogation
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Now what happens during backpropagation
Recall that

i=1
and

e(wwordh) [k]

P(onlsat, he) = S e@uorah)i]
J

where ‘k’ is the index of the word ‘on’

The loss function depends on {Wyord, Ue, ;s Ucys - - -, Ue, , } and all these
parameters will get updated during backpropogation

Try deriving the update rule for v,, now and see how it differs from the one we
derived before
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h

P(chair|sat,
P(man|sat,

—~
v
<
<
3
2
v
<
=
o8

Wword €
RrREX2|V]

[Weontezts Weontext] €

REX2|V]|

| x e r2IVI

he sat

Some problems:

o Notice that the softmax function at
the output is computationally very
expensive

. exp(Ue - Vo)
v Zwlev 6xp(uc . 'U,w/)
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P(chair|sat,
P(man|sat,

—~
v
<
<
3
2
v
<
=
o8

Wword €
RrREX2|V]

[Weontezts Weontext] €

REX2|V]|

| x er2IVI

he sat

Some problems:

o Notice that the softmax function at
the output is computationally very
expensive

C eopluen)
Y Zw’eV exp(uc : U’w’)

@ The denominator requires a summa-
tion over all words in the vocabulary




h

P(chair|sat,
P(man|sat,

—~
v
<
<
3
2
v
<
=
o8

Wword €
RrREX2|V]

[Weontezts Weontext] €

REX2|V]|

| x er2IVI

he sat

Some problems:

o Notice that the softmax function at
the output is computationally very
expensive

s exp(uc : Uw)
Y Zw’eV exp(uc : Uw’)

@ The denominator requires a summa-
tion over all words in the vocabulary

o We will revisit this issue soon




