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| iInear Classifier

Binary:
nan sign(w - X + b)

f(x)=w-x+0b o(w x4+ b)
Multi class:
f(x)=W-x+b
arg miaX(W X+ b))y

s this really needed? arg max softmax(W - x + -b);

(
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w4+ b <0
-w+b>0
-w+b>0
w4+ b <0






XOR

¢(x1,T2) = [T1 X T2, T1 + T2,



XOR

¢(x1,T2) = [T1 X T2, T1 + T2,




XOR

¢(x1,T2) = [T1 X T2, T1 + T2,




XOR

¢($1,$2) — [$1 X T2,T1 + Iz]f




XOR

¢($1,$2) — [5131 X T2,T1 + $2]1

e Can make the transfer function trainable:
$(x) = g(W'-x +b’)
g9(z) = max(z,0)



Multilayer Networks



| iInear Classifier

Binary:
nan sign(w - X + b)

f(x)=w-x+b o(wW-X+b)

Multl class:

f(x)=W-x+b

arg max SoftmaX(W - X T b)[z‘]

(



Non-Linear Classifier

fo(x) =wg(W' -x+Db')+b



Non-Linear Classifier

Multi-layer Perceptron (MLP):

fo (X) = NNmLp2(x) =y
h' =¢'(xW?! + b')
h2 —¢%(h'W? + b?)
v —h?W3



Non-Linear Classifier

Multi-layer Perceptron (MLP):




Common Non-linearities

Sigmoid
sigmoid(x)
1.0
0.5 /
o(x)=1/(14+¢e7 %) 0.0
-0.5
-1.0
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Common Non-linearities

tanh

tanh(z)

1.0
2x
e —1 0.5
tanh(x) = T Ny
-0.5
-1.0

-6 4 -2 0 2 4 6




Common Non-linearities

hard-tanh

hardtanh(x)
1 z< -1 +0
0.5
hardtanh(z) =<1 z>1 -
X otherwise 05
-1.0

-6 -4 -2 0 2 4



Common Non-linearities

RelL U (rectitier, rectified linear unit)

RelLU(x)
1.0
0 <0
ReLU(x) = max(0,x) = < . 0.0
xr otherwise
\ -0.5
-1.0

-6 -4 -2 0 2 4



How many layers to use”
And how wide should they be”

 No hard and fast rules.
* |n vision, we see that "deeper is better".

* Not always the case in text / sequences (though with
transtormers, we may be starting to see this).

* Can think of each layer as transforming the previous
layer (remember the xor example).

 Narrower layers "compress’ the information in the
previous layer. Wider layers introduce redundancies.



Dropout

- At each iteration, select a random subset of
"neurons” and "drop" them.

* Like training 2" different networks.

* Prevents co-adaptation of neurons (prevents
neurons from depending on each other).



NNumLp2(x) =y
h! —¢!(xW?* + b!)
m* ~Bernouli(r')
h' =m' ®h'
h? —¢®(h'W?2 1 b?)
m? ~Bernouli(r?)
h? =m? © h?

y :E2w3



INitialization

* With a (log) linear model, initialization doesn't
matter much.

o With MLPs or more complex networks, initialization
'S crucial for achieving good performance.



INitialization

* With a (log) linear model, initialization doesn't
matter much.

o With MLPs or more complex networks, initialization
'S crucial for achieving good performance.

R"™*™ ~ Uniform|—e, +¢|

Xavier Glorot et al's

suggestion:
_V/(6)
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Representations

etter bigram counts.

_anguage ldentification
'or 6 languages based on

Nagh

\9\0«\@\/?%?@/)@»’@’})209"@< %

V'R, 4
\Q\o«\@\/?’%QQ/;QAOO’z % %% ¢{ %

\@\o«\@\/?’%g@/)@f’@/’)’i % %% { %

\Q\Q\&\/g%gsf)@/‘/Q//)/{ % % { %

\oNone N ¢ % ¢ @;&’é”}?@;’@( %

f(x)=x-W+Db

argmax y[z]

(

\oNone N ¢ % ¢ @o@»’é’))’zof)%i %

\Q\o«\@\/g%g@o&’é’/}’i@)’é< %

\Q\O\@\/Q%QG/)G/‘@@/{ % % { %

\@\0\&\1‘?%‘3@0@»’@”2’( % % { %

\oNone N ¢ % ¢ @/)@»’é”.)’zof)”@< %



Representations

assume 28 letters (including space).
the vector x I1Is 784 dimensional vector.

each entry is the count for a particular letter pair.



Representations

consider the values ¥

y=f(x)=x-W+b

y = argmax y;



Representations

consider the 6 columns of W

y=f(x)=x-W+b

y = argmax yi;



Representations

consider the 784 rows of W

y=f(x)=x-W+b

y = argmax yi;



Representations

think of X as a sum of one-hot vectors.

what is xXW 7

§=f(x)=xW+b

’y — argmax y[ ]



Representations

what happens if we add layers?

y=g9(xW)U

W c R784X30 U c R30X6



. anguage Modeling



| et's talk about sequences

* Predicting how a sequence will continue.
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. anguage Model

(T |T1, ..y Ti—1)



L anguage Model:
Markov Assumption

p(%\%, ---7%—1) ~ P(Ii|$z’—4,$z’—3,33@'—2,%;—1)



L anguage Model:
Markov Assumption

p(%‘\%, ---7%—1) ~ P(Iim—zbfl?i—sy33@'—2,%;—1)

(condition only on last n items)

this is called n-gram language model



. anguage Model

LM can also be used to assign
sequence.

a probability to a

P(T1, ooy ) =prag (1 |¥S%, ¥5%)

X pLM(CIZ‘Q
X pLM(333

X pLM(CIJ4

*S*,xl)
L1, 332)

3327333)

X pLM(xn‘xn—Qa xn—l)



. anguage Model

* Very useful (used in Speech Recognition, Machine
Translation.. and many others).

* Does not have to be over natural language.

 Huge research topic. We'll see a neural LM.



Neural LM

p(Tg|Tr_4,Tk_3,Tk_2,Tr_1) = softmax(MLP(x))

X = encode(Typ—4,Tp—3, Th—2, Th—1)



Neural LM

p(Tg|Tr_4,Tk_3,Tk_2,Tr_1) = softmax(MLP(x))

X = encode(Typ—4,Tp—3, Th—2, Th—1)

softmax(g(g(xW1* 4+ b')W?* + b?)W* + b?)



softmax([])

encode(Ty—4,Th—3, Th—2, Th—1)



softmax([J)

’]\ Rdout
W3 1+ b3

1 R
g(OW? + b?)

1 R
g(OW?' + b')

T R%n

X

/I\

encode(Ty—4,Th—3, Th—2, Th—1)



Hgdout

softmax([J)

dout
A R




Encoding K elements

encode(x1, T2, T3, T4)

We have k elements in a vocabulary of size |V|



Encoding K elements

encode(x1, T2, T3, T4)

We have k elements in a vocabulary of size |V|

4 10

V={A,B,C,D,E,FG,H,I,J}



Encoding K elements

encode(D, A, G, C)

1,0,0,0,0,0,0,0,0,0
0,1,0,0,0,0,0,0,0,0.
0,0,1,0,0,0,0,0,0,0.
0,0,0,1,0,0,0,0,0,0.
0,0,0,0,1,0,0,0,0,0.
0,0,0,0,0,1,0,0,0,0.
0,0,0,0,0,0,1,0,0,0.
0,0,0,0,0,0,0,1,0,0
0,0,0,0,0,0,0,0,1,0

0,0,0,0,0,0,0,0,0,1°



Encoding K elements

encode(D, A, G, C)

1,0,0,0,0,0,0,0,0,0
0,1,0,0,0,0,0,0,0,0.
0,0,1,0,0,0,0,0,0,0.
0,0,0,1,0,0,0,0,0,0.
0,0,0,0,1,0,0,0,0,0.
0,0,0,0,0,1,0,0,0,0.
0,0,0,0,0,0,1,0,0,0.
0,0,0,0,0,0,0,1,0,0
0,0,0,0,0,0,0,0,1,0

0,0,0,0,0,0,0,0,0,1

VD +tVaA+ Vg + Ve

10,0,0,1,0,0,0,0,0,0]
1 ,O,O,O,OJ,FO,O,O,O,O:
:0,0,0,0,0TOJ ,0,0,0]
0,0, 1 ,O,OJ,FO,O,O,O,O:

.1 5050!1 5050!1 !05050:



Encoding K elements

encode(D, A, G, C)

1,0,0,0,0,0,0,0,0,0
0,1,0,0,0,0,0,0,0,0.
0,0,1,0,0,0,0,0,0,0.
0,0,0,1,0,0,0,0,0,0.
0,0,0,0,1,0,0,0,0,0.
0,0,0,0,0,1,0,0,0,0.
0,0,0,0,0,0,1,0,0,0.
0,0,0,0,0,0,0,1,0,0
0,0,0,0,0,0,0,0,1,0

0,0,0,0,0,0,0,0,0,1

VD +tVaA+ Vg + Ve

10,0,0,1,0,0,0,0,0,0]
1 ,O,O,O,OJ,FO,O,O,O,O:
:0,0,0,0,0TOJ ,0,0,0]
0,0, 1 ,O,OJ,FO,O,O,O,O:

.1 5051 !1 5050!1 !0!050:

what does this miss?



Encoding K elements

encode(D, A, G, C)

1,0,0,0,0,0,0,0,0,0
0,1,0,0,0,0,0,0,0,0.
0,0,1,0,0,0,0,0,0,0.
0,0,0,1,0,0,0,0,0,0.
0,0,0,0,1,0,0,0,0,0.
0,0,0,0,0,1,0,0,0,0.
0,0,0,0,0,0,1,0,0,0.
0,0,0,0,0,0,0,1,0,0
0,0,0,0,0,0,0,0,1,0

0,0,0,0,0,0,0,0,0,1°
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Encoding K elements

encode(D, A, G, C)

VDOVAOVG OV

0,0,0,1,0,0,0,0,0,0]
[ ,O,O,O,OC,)O,O,O,O,O]
:0,0,0,0,0(,)OJ,0,0,0:
0,0,1 ,0,0?0,0,0,0,0:

[0,0,0,1,0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,1,0,0,0,0,0,1,0,0,0,0,0,0,0]



Hgdout

softmax([J)

dout
A R




(VD 4+ Vva+vg+ve)W

10,0,0,1,0,0,0,0,0,0]
1 ,O,O,O,OJ,FO,O,O,O,O:
:0,0,0,0,0TOJ,0,0,0:
0,0, 1 ,O,OJ,FO,O,O,O,O:

[1 !05051 5050!1 !0!050:

-0.28,-0.26,-0.24, 0.31°
-0.32,-0.42,-0.21, 0.18

w

-0.32, 0.09, 0.33,-0.44
10.29, 0.02,-0.46,-0.39°
-0.46, 0.24,-0.16, 0.08
-0.15,-0.31, 0.34, 0.00’
-0.10,-0.37, 0.01, 0.40°

-0.09,-0.01, 0.06, 0.14
0.28,-0.02,-0.39, 0.12

10.23,-0.22,-0.14, 0.28]



(VD 4+ Vva+vg+ve)W

=vp WH+vgy - W+vg-WH+ve- W

10,0,0,1,0,0,0,0,0,0]
1 ,O,O,O,OJ,FO,O,O,O,O:
:0,0,0,0,0TOJ,0,0,0:
0,0, 1 ,O,OJ,FO,O,O,O,O:

[1 !05051 5050!1 !0!050:

-0.28,-0.26,-0.24, 0.31°
-0.32,-0.42,-0.21, 0.18

w

-0.32, 0.09, 0.33,-0.44
10.29, 0.02,-0.46,-0.39°
-0.46, 0.24,-0.16, 0.08
-0.15,-0.31, 0.34, 0.00’
-0.10,-0.37, 0.01, 0.40°

-0.09,-0.01, 0.06, 0.14
0.28,-0.02,-0.39, 0.12

10.23,-0.22,-0.14, 0.28]



(VD 4+ Vva+vg+ve)W

=vp WH+vgy - W+vg-WH+ve- W

sum of rows in W

each row corresponds to a certain vocabulary item.
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(Vbovgovgove)W

still sum of rows iIn W
but W has 4x many rows.



[0,0,0,1,0,0,0,0,0,0]

O

1,0,0,0,0,0,0,0,0,0]

O

0,0,0,0,0,0,1,0,0,0]

O

0,0,1,0,0,0,0,0,0,0

[0!0!0!1 !050!0!0!05051 !05050!0!0!050!050!0!0!05050!0!1 !050!050!0!1 !0!0!0!050!050]
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(Vbovgovgove)W

still sum of rows iIn W
but W has 4x many rows.

alternatively:

:VD’W/—|_VA'WH—'_VG'W///—'_VC"WH//



(Vbovgovgove)W

still sum of rows iIn W
but W has 4x many rows.

alternatively:

:VD'W/—|_VA'WH—'_VG'W///—'_VC"WH//

W _ W/ o W// o W/// o W////



10,0,0,1,0,0,0,0,0,0]

[1,0,0,0,0,0,0,0,0,0]

10,0,0,0,0,0,1,0,0,0]

10,0,1,0,0,0,0,0,0,0]
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,-0.15
-0.15

,-0.24,
,-0.24,
,-0.21,

, 0.11

,-0.05,
, 0.03,
, 0.39,
-0.42,

,0.12
,-0.11

0.23,
0.12,
0.08,
,-0.31,
0.16,
0.22,
-0.25,
-0.37,

10.02]
10.32]
0.41]
-0.34]
0.40]
0.33]
0.23]
-0.49]
0.27]
0.35]
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, 0.41,
, 0.48,
, 0.22,
,-0.48,
, 0.10,
, 0.02,
,-0.306,
-0.22,
, 0.10,
, 0.40,

-0.41

-0.34

0.19,
0.34,
0.24,
0.18,
-0.43]
0.22,

0.09,
-0.09,
-0.16,
-0.13]

0.49]
-0.42]
-0.21]
-0.22]

0.06]
0.39]
-0.15]
-0.21]
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,-0.38,
, 0.04,
-0.02,
,-0.07,
, 0.27,
-0.13,
, 0.38,
-0.23,
-0.16,
, 0.41,

-0.18

0.03

0.02,
-0.00]

0.10,
-0.19,
-0.33,
-0.43,
-0.39]

0.33,
-0.42,

0.46,

0.32]

-0.16]
-0.01]
0.36]
0.39]

-0.08]
-0.27]
-0.16]
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, 0.03,
-0.34,
-0.13,
-0.02,
, 0.39,
,-0.31
,-0.04,
, 0.30,
-0.17,
, 0.33,

0.20,
0.20,
-0.23,
0.38,
0.10,
,-0.02,
0.02,
0.29,
-0.18,
-0.42,

0.50]
-0.21]
-0.31]
-0.09]
0.38]
-0.34]
-0.32]
0.24]
-0.19]
-0.07]
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WII
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e 1-hot times matrix: row selection
e sum of 1-hot times matrix: row selection + sum

e concat of 1-hot: like using 1-hot from larger vocab



'Embedding Layer’

e \Very common in neural network land:

* associlate each vocabulary item with a row In
matrix E of dense vectors (dim of row << |V|)

e concat or sum rows of E for input.



-0.28,-0.26,-0.24, 0.31
-0.32,-0.42,-0.21, 0.18]

'Embedding Layer

E

-0.32, 0.09, 0.33,-0.44]
1 0.29, 0.02,-0.46,-0.39]
-0.46, 0.24,-0.16, 0.08]
-0.15,-0.31, 0.34, 0.00]
-0.10,-0.37, 0.01, 0.40]

-0.09,-0.01, 0.06, 0.14°
0.28,-0.02,-0.39, 0.12

1 0.23,-0.22,-0.14, 0.28]

encode(D, A, G, C)

= Epj o B4y 0 B o Ej¢

[-0.15,-0.31, 0.34, 0.00,-0.32, 0.09, 0.33,-0.44,-0.32,-0.42,-0.21, 0.18,-0.46, 0.24,-0.16, 0.08]



Rdout

softmax([J)

\ Rdout
W? + b3
i R
g(OW? + b?)
1 R
g(OW* +b')
T R%n
B, 40 E[wkTg] © g o) 0 Bz,

encode(Ty—4,Th—3, Th—2, Th—1)



-0.28,-0.26,-0.24, 0.31
-0.32,-0.42,-0.21, 0.18]

'Embedding Layer’

E

-0.32, 0.09, 0.33,-0.44
10.29, 0.02,-0.46,-0.39
0.46, 0.24,-0.16, 0.08"
0.15.-0.31, 0.34, 0.00°
0.10,-0.37, 0.01, 0.40°

-0.09,-0.01, 0.06, 0.14°
0.28,-0.02,-0.39, 0.12

1 0.23,-0.22,-0.14, 0.28]

encode(D, A, G, C)

= Epj o B4y 0 B o Ej¢

[-0.15,-0.31, 0.34, 0.00,-0.32, 0.09, 0.33,-0.44,-0.32,-0.42,-0.21, 0.18,-0.46, 0.24,-0.16, 0.08]

how does this relate to what
we had before?

what Is

(E[D] O E[A] O E[G] O E[C])W
?



'Embedding Layer’

(E[D] O E[A] O E[G] O E[C])W

same row Iin E regardless of position in the sequence.

but W will transform this row difterently for each position.



Rdout

softmax([J)

\ Rdout
W? + b3
i R
g(OW? + b?)
1 R
g(OW* +b')
T R%n
B, 40 E[wkTg] © g o) 0 Bz,

encode(Ty—4,Th—3, Th—2, Th—1)



= £ =

nat's
nat's

nat's

in W17
in W27

in W37

Rdout

softmax([])

’]\ Rdout
W3 + b3

i R
g(OW? + b?)

1 R
g(OW?' + b')

T R%n

B, ok, oKy, oy
/I\

encode(Ty—4,Th—3, Th—2, Th—1)



Neural LM

softmax([])

g(OW? + b?)

g(OW?' + b')

E[ o E[ 0o E[ o E[

T —3] Tl —2] Th—1]

/I\

encode(Ty—4, Th—3, Th—2, Th—1)

Tio—4]



Neural LM

A Neural Probabilistic Language Model

Yoshua Bengio
Réjean Ducharme
Pascal Vincent

VINCENTP@IRO.UMONTREAL.CA i-th output = P(]t’r = 1 | context )
Christian Jauvin '

JAUVINC@IRO.UMONTREAL.CA

BENGIOY @IRO.UMONTREAL.CA
DUCHARME@IRO.UMONTREAL.CA

Département d’Informatique et Recherche Opérationnelle
Centre de Recherche Mathématiques
Université de Montréal, Montréal, Québec, Canada

softmax
( o0 0@ - - - o0 - - - XX
. T 7 ~
Benglo et al 2003 /, ,/ mostj computation here \\
/
! [l \\
/ ] \
! 1 1
X ! tanh !
I \ !
f . (eee o0 ) ,
I /
I '
Pretty much same model, ', /
But fewer layers. v .’

C(ﬁ“"r—n +1 ~ o C(“"r—)) C(“’t—l) - ’
(e ---¢) ... (00 ---0) (oo ---90)
Table  |v., v.. Matrix C >
izocls—up shared parameters
/ across words

index for w;_, 41 index for w;_» index for w;_4



Neural LM

 What is the cost of increasing the history length”



Neural LM

* We can use a trained LM for scoring a given
sentence. (how?)



Neural LM

 We can use a trained LM for comparing two given
sentences. (how?)



Neural LM

* We can use a trained LM for generating new
sentences. (how?)



Neural LM

e \We can use K trained LMs for k-class
classification. (how?)



Neural LM

e \We can use K trained LMs for k-class

" gn . )
classification. (now?) .\ ) . |LM;)

p(w17 Wi, ..., Wn LMQ)

p(w17 Wiy .eey Wn LMS)

Q — al'g m]?Xp(wl, Wi, ..., wn‘LMk)



seguence prediction tasks

e |n LM:
* predict word i based on k previous words.
 But we could also predict label based on k items.

 which tasks can this be used for?



Neural LM

softmax([J) softmax over words

g(OW? + b?)

g(OW?' + b')

E[ O E[ O E[ O E[

Ti—4] Ti—_3] Ti—2] Ti—1]

T window of prev words
encode(Ty—4,Tk—3, Th—2, Th—1)



Seqguence Prediction

softmax([]) softmax over k classes

g(OW? + b?)

g(OW?' + b')

E[ O E[ O E[ O E[

Th—4] T3] Tp_2] Th—1]

T sequence items
encode(Ty—4, Th—3, Th—2, Th—1)



classification

ACGCGCTCGATCG

GTGCGCTCGAACG

ACGCGTTCTACCG



tagging

DET  ADJ NOUN VERB  PREP DET ADJ NOUN
The brown fox jumped over the lazy dog



tagging

NOUN

The brown fox jumped over

Window-based

approach
VERB

brown fox jumped over the

PREP

fox jumped over the lazy




pack to LM



Training a language model

e Set dimensions of E, W3, according to vocab size.
e |nitial random values for E, W1, W2, W3, b1, b2, b3
* [or every n-tuple in some text:

e try to predict last item based on prev n-1

* USe cross-entropy loss.



What happens after
training’?

e Consider the columns of W3.

e Consider the rows of E.



softmax([J)

/I\
Co W3 i b3
what's in W3
/I\
g(OW? + b?)
columns of W3 \
correspond . )
to vocab items! g(OW* +b")
/]\
B, goBp, goKEpg, ,joEqg |
/I\

encode(Ty—4,Th—3, Th—2, Th—1)

E@dout

E@dout
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Neural Word Embeddings
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Neural Word Embeddings

Country and Capital Vectors Projected by PCA

| | | |
Chinas
Beijing
B Russias
Japanx
n Moscow
Turkey< >Ankara ><Tokyo
Polandk
- Germxanyx
France Warsaw
< —>Berlin
— ltaly< Paris
Athens
Greeces A
. Spairnx Rome
B Portu>< al Madrid
g Lisbon
] ] ] ] ] ]
-2 1.5 -1 -0.5 0.5 1 1.5




Neural Word Embeddings

Target Word | BOW5
nightwing
aquaman
batman catwoman
superman
manhunter
dumbledore
hallows
hogwarts half-blood
malfoy

snape
nondeterministic
non-deterministic
turing computability
deterministic
finite-state
gainesville

fla

florida jacksonville
tampa
lauderdale
aspect-oriented
smalltalk
object-oriented | event-driven
prolog
domain-specific
singing

dance

dancing dances

dancers
tap-dancing




Neural Word Embeddings

 We trained a language model.

 We ended up with vector representations of words.

* These representations are useful -- they encode
various aspects of word similarity.



tagging + pre-training

we can use the E we

got from LM training
to initialize E for the
POS tagging task.

(why is that helptul?)

NOUN

The brown fox jumped over

VERB

brown fox jumped over the

PREP

fox jumped over the lazy




ore-training

* This is a sort of semi-supervised learning
or multi-task learning.

e We learn from "unannotated" data.

 We then use the representations on tasks with
annotated data.



Neural Word Embeddings

 We trained a language model.
 We ended up with vector representations of words.

* [hese representations are useful -- they encode
various aspects of word similarity.

- A form of semi-supervised learning.

e More next week.



