Deep Learning for Vision & Language

SGD and Regularization, Softmax, MLPs
N RICE UNIVERSITY




How to choose the right batch size B?
How to choose the right learning rate lambda?

How to choose the right loss function, e.g. is least
squares good enough?

How to choose the right function/classifier, e.g. linear,
quadratic, neural network with 1 layer, 2 layers, etc?
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Training, Validation (Dev), Test Sets




Training, Validation (Dev), Test Sets

Used during development



Training, Validation (Dev), Test Sets

Only to be used for evaluating the model at the very end of development and any
changes to the model after running it on the test set, could be influenced by what you
saw happened on the test set, which would invalidate any future evaluation.




HOW TO PICK THE RIGHT MODEL?
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Linear Regression — 1 output, 1 input
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Linear Regression — 1 output, 1 input
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Linear Regression — 1 output, 1 input
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...
Linear Regression — 1 output, 1 input
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Quadratic Regression
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e £



n-polynomial Regression
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Overfitting

f is a polynomial of

f is linear f Is cubic degree 9
Loss(w) is high Loss(w) is low Loss(w) is zero!
Underfitting Overfitting
High Bias High Variance

Christopher M. Bishop — Pattern Recognition and Machine Learning




f is linear

f Is cubic

Loss(w) is high

Underfitting
High Bias

M=1 M=6 M =9
wi | 082 031 0.35
wr | 127 7.9 232.37
wi -25.43 -5321.83
wk 1737 4856831
wy -231639.30
wi 640042.26
wi -1061800.52
w 1042400.18
wi -557682.99
wg 125201.43

f is a polynomial of
degree 9

1 M

Il
©

Loss(w) is zero!

Overfitting
High Variance

- Pattern Recognition and Machine Learning




Add more training data



e
(mini-batch) Stochastic Gradient Descent (SGD)

1=001
[(w, b) = z Cost(w, b)

Initialize w and b randomly =

for e =0, num_epochs do
for b =0, num_batches do

Compute: dl(w,b)/dw and dl(w,b)/db
Updatew: w=w —Adl(w,b)/dw

Updateb: b =b — Adl(w,b)/db

Print: I(w,b) //Useful toseeif thisis becoming smaller or not.

end
end




* Large weights lead to large variance. i.e. model fits to the training
data too strongly.

* Solution: Minimize the loss but also try to keep the weight values
small by doing the following:

minimize L(w,b) + az lw; %
i




* Large weights lead to large variance. i.e. model fits to the training
data too strongly.

* Solution: Minimize the loss but also try to keep the weight values
small by doing the following:

minimize L(w,b) + “z lw; | Regularizer term
i e.g. L2- regularizer




e
SGD with Regularization (L-2)

1 =0.01 I(w,b) =l(w,b) + aY;|w;|?

Initialize w and b randomly

for e =0, num_epochs do
for b =0, num_batches do

Compute: dl(w,b)/dw and dl(w,b)/db
Updatew: w=w —Adl(w,b)/dw - Aaw

Updateb: b =b —Adl(w,b)/db— Aaw

Print: I(w,b) //Useful toseeif thisis becoming smaller or not.

end
end




Regularization: As Shown in Bishop’s ML Book




Revisiting Another Problem with SGD

1 =0.01 I(w,b) =l(w,b) + aY;|w;|?

Initialize w and b randomly

for e =0, num_epochs do
for b =0, num_batches do . :
approximations to the
Compute: |dl(w,b)/dw | and |dl(w,b)/db true gradient with
Updatew: w=w —Adl(w,b)/dw — dlaw respect to L(w, b)

Updateb: b =b —Adl(w,b)/db — Aaw

These are only

Print: I(w,b) //Useful toseeif thisis becoming smaller or not.
end
end




Revisiting Another Problem with SGD

1 =0.01 I(w,b) =l(w,b) + aY;|w;|?

Initialize w and b randomly

for e =0, num_epochs do

for b =0, num_batches do This c.ou!’d lead to un-
learning” what has
Compute: |dl(w,b)/dw | and |dl(w,b)/db been learned in some
Updatew: w=w —Adl(w,b)/dw — dlaw previous steps of
training.
Updateb: b =b —Adl(w,b)/db — Aaw

Print: I(w,b) //Useful toseeif thisis becoming smaller or not.
end
end




Solution: Momentum Updates

1 =0.01 I(w,b) =l(w,b) + aY;|w;|?

Initialize w and b randomly

for e =0, num_epochs do
for b =0, num_batches do

Compute: |dl(w,b)/dw | and |dl(w,b)/db

Updatew: w=w —Adl(w,b)/dw — Aaw
Updateb: b =b —Adl(w,b)/db — Aaw

Keep track of previous
gradients in an
accumulator variable!
and use a weighted
average with current
gradient.

Print: I(w,b) //Useful toseeif thisis becoming smaller or not.

end
end




Solution: Momentum Updates
A =0.01 T=20.9

Initialize w and b randomly [((w,b) = l(w,b) + ay;|w;|?

globakp

for e =0, num_epochs do

for b =0, num_batches do Keep traclf of previous
Compute:  dl(w,b)/dw gradientsin an

— accumulator variable!
Compute: Y =@+ +L<\3:I' w ] and use a weighted

average with current
Updatew: w=w —Av gradient.

Print: I(w,b) //Usefultosee if thisis becoming smaller or not.

end
end




More on Momentum

Starting Point

Optimum
©

Solution

Step-size a = 0.0050 Momentum @ = 0.77 We often think of Momentum as a means of dampening oscillations

and speeding up the iterations, leading to faster convergence. But it
has other interesting behavior. It allows a larger range of step-sizes
to be used, and creates its own oscillations. What is going on?

https://distill.pub/2017/momentum/



https://distill.pub/2017/momentum/
https://distill.pub/2017/momentum/
https://distill.pub/2017/momentum/
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Supervised Learning - Classification

Training Data Test Data

cat

cat

bear




-
Supervised Learning - Classification

Training Data

Xy = Y1 = [cat ]
Xy = Yz = [dog ]
X3 = y3 = [cat




-
Supervised Learning - Classification

Training Data

| targets / N We need to find a function that
inputs labels / predictions
ground truth maps x and y for any of them.
X1 =[x11 X12 %13 X14] =1 P=1
. ey o, Vi = f(x;;0)
X2 = [X21 X2 X23 X4 Y2 = Y2 =
X3 = |X31 X3z X33 X3af Y3= 1 Y3= 2 How do we ”learn” the parameters
of this function?
We choose ones that makes the
following quantity small:
n
Xn = [xnl Xn2 Xn3 xn4] Yn= 3 5;71 =1 z COSt(yiJ yl)
=1
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cat

bear




-
Supervised Learning - Classification

Training Data

Xy = Y1 = [cat ]
Xy = Yz = [dog ]
X3 = y3 = [cat




-
Supervised Learning - Classification

Training Data

| targets / N We need to find a function that
inputs labels / predictions
ground truth maps x and y for any of them.
X1 =[x11 X12 %13 X14] =1 P=1
. ey o, Vi = f(x;;0)
X2 = [X21 X2 X23 X4 Y2 = Y2 =
X3 = |X31 X3z X33 X3af Y3= 1 Y3= 2 How do we ”learn” the parameters
of this function?
We choose ones that makes the
following quantity small:
n
Xn = [xnl Xn2 Xn3 xn4] Yn= 3 5;71 =1 z COSt(yiJ yl)
=1



-
Supervised Learning — Linear Softmax

Training Data

targets /

inputs |abe|5 /
ground truth

X1 = |x11 X12 X13 X1a] y1 =1
Xy = [X21 Xop X3 Xoa Yo = 2
X3 = [X31 X33 X33 X34] y3 = 1

Xn = [xnl Xn2 Xn3 xn4] Yn= 3




-
Supervised Learning — Linear Softmax

Training Data

targets /
inputs labels / predictions
ground truth
X1 =|x11 X132 Xq13 X14] Y1 = [1 0 0] y; = [0.85 0.10 0.05]
Xy = :ij_ X222 X923 X24: Vo = [0 1 O] 572= [0.20 0.70 0.10]
X3 = [X31 X33 X33 X34] Y3 = [1 0 0] y3 = [0.40 0.45 0.15]

xn:[xnl Xpo Xn3 xn4] Vn [0 0 1] Y, = [0.40 0.25 0.35]



-
Supervised Learning — Linear Softmax

Xi = [xXi1 X2 Xi3 Xi4] yi= [1 0 0] yi= h f2 f5]

1 = Wi1Xj1 + WipXip + Wi3Xi3 + WigXiy + b
Ay = WpXj1 T WpaXiz + Wy3Xi3 + WpsXis + Dy

(3 = W31Xj1 + W3pXjp + W3zXjz + W3uXig + Dy

f1 =e%/(e“14+e?2 4+ e93)
fo =e%2/(e%14+e%2 4+ e93)
[5 =e%/(e?1+e?2 + e93)



...
How do we find a good w and b?

X; = [Xi1 Xiz Xiz Xia] y; = [1 0 0] yi= lfiw,b) fo(w,b) f3(w,b)]

We need to find w, and b that minimize the following:

n 3 n

n
Lw,b) = ) > =y log@i)) = ) —10gWitaver) = ¥ 108 fuianer (W, b)
=1

=1 ]:1 =1

Why?



R
Computing Analytic Gradients

This is what we have:

n

3
= > > 3ijlog@i) = ) —logQiiaver) =

]:1 i=1 i

M:

L(w,b) —log fi 1apet(w, b)

Il

[N
II.M=
[y

}

To simplify let’'s assumen=1

exp(afabef(Wa b)) )
Yo explar(W, b))
O

£OW,b) = ~10g(Gase (W, b)) = —log



Supervised Learning — Linear Softmax

X=|x1 X X3 X4] y= [1 0 0] y

i 2 f3l
a1 — W11X1 + lexz + W13x3 + W14X4 + bC
Ay = Wp1X1 + WypXy + Wy3X3 + WpuXy + by

A3 = W31X1 T W3pXy + W33X3 + W3,X4 + Dy,

f1 =e%/(e“14+e?2 4+ e93)
fo =e%2/(e%14+e%2 4+ e93)
[5 =e%/(e?1+e?2 + e93)



R
Computing Analytic Gradients

This is what we have:

A abet (W, b
£OW,b) = —10g(1qp (W, b)) = —log Xpaiarer (7. 0) )

> o1 explar(W, b))




Computing Analytic Gradients

This is what we have:

exp(afabei (Wa b)) )

(W, b) = —10g(Yiaper (W, b)) = —log( Y > exp(a(W, b))
k=1 CAPLAI

exp(afabef)
= —log( ; )
Zk=l exp(ax)

Reminder: a; = (Wj1X1 + W;2x5 + Wisxs + WiaXys) + by
.



Computing Analytic Gradients

This is what we have:

f = —log( exp(afabei) )

> o expla)




Computing Analytic Gradients

This is what we have:

exp(afabei)
r = —log( A )
Zk,:l exp(ax)

This is what we need:

ot ot

foreach wj;

awU; abl

for each bf




Computing Analytic Gradients

This is what we have:

exp(afabei)
r = —log( A )
Zk,:l exp(ax)

Step 1: Chain Rule of Calculus

o ot oa, o¢ ot da,
B aa,; awu abl aa,; abl

ow;;



Computing Analytic Gradients

This is what we have:

exp(afabei)
r = —log( A )
Zk,:l exp(ax)

Step 1: Chain Rule of Calculus

Let’s do these first

of  0f|oa; of  0f|0da;
 0a; 0w, ob,  Oa;|0b;

i

ow;;




Computing Analytic Gradients

da; da;
ob;

ow; ;

a; = (Wj1X1 + WioXp + Wi3Xs + Wi ax,) + by

oa; 0
l

- dw (Wi 1X1 + WioXy + Wi3X3 + Wiaxy,) + by
i3 i3

6ai
= X3
an',g
aai
= X
]
Bwi,j



Computing Analytic Gradients

aai aai
— xj
aWi’j abi

a; = (Wp1x1 + WioXxy + Wi3X3 + Wiaxy) + by

6a,; _ d
db; b,

(Wi1x1 + WXy + Wi3X3 + W 4Xy) + by

aai

ob;




Computing Analytic Gradients

aai — o aai
— j —
aWi’j

ob;




Computing Analytic Gradients

This is what we have:

exp(afabei)
r = —log( A )
Zk=l exp(ax)

Step 1: Chain Rule of Calculus

Now let’s do this one (same for both!)

)4 ot |oa; ot B ot Paf
ow B

ij aa,; awu abl aa,; Iabl




Computing Analytic Gradients

ot 0 [_10 ( exp(Qapel) )]

da; O > o1 exp(ay)

= J [log(z explaxr)) — aiabel]

aaf k=1

In our cat, dog, bear classification example: i ={1, 2, 3}




Computing Analytic Gradients

ot 0 [_10 ( exp(Qapel) )]

da; O > o1 exp(ay)

= J [log(z explaxr)) — aiabel]

aaf =1

In our cat, dog, bear classification example: i ={1, 2, 3}

0t 0t 04

Let’s say: label =2 -
y We need: da, oa, 9a,



Computing Analytic Gradients

3
0
1 - Ulabe ]
” [ og(; exp(ak)) — Aiabel
0¢ 04 when i # label:
da, da
1 3 Z: ” [log(z expax)) — dlabel]
ot 0
o = ” log(z exp(ay))
ot 1
o _ (ax)
oa; ( E]?:l exp(a;) )( aal ; T )
of _ exp(a;)

— — 5}
da; Y3 exp(ay) g
_



Supervised Learning — Linear Softmax

Xi = [xXi1 X2 Xi3 Xi4] yi= [1 0 0] yi= h f2 f5]

1 = Wi1Xj1 + WipXip + Wi3Xi3 + WigXiy + b
Ay = WpXj1 T WpaXiz + Wy3Xi3 + WpsXis + Dy

(3 = W31Xj1 + W3pXjp + W3zXjz + W3uXig + Dy

f1 =e%/(e“14+e?2 4+ e93)
fo =e%2/(e%14+e%2 4+ e93)
[5 =e%/(e?1+e?2 + e93)



Computing Analytic Gradients

3
0
1 - Ulabe ]
” [ og(; exp(ak)) — Aiabel
a¢ 04 when i # label:
da,; da
1 3 Z: ” [log(z expax)) — dlabel]
ot 0
o = ” log(z exp(ay))
ot 1
o _ (ax)
oa; ( E]?:l exp(a;) )( aal ; T )
of _ exp(a;)

— — 5}
da; Y3 exp(ay) g
_



Computing Analytic Gradients

0

aaf

[log(zgl explax)) — afabef]

k=1

ﬂ when i = label:
da, of

[lo g(z explax) — alabel)]

0dgpel aatabel

ot 0
— log( E exp(a;)) — 1
-1

0041 0aygpel

3

(b ) Be) -

aagabeg z k3= 1 exp(ak ) aalabel k=1

of  _ eXP(Qygper)

aalabel E k3= 1 exp(ak )
N EEEEEGEEEEEEEED

-1 yi—1



Computing Analytic Gradients

label =2
o o0 _ o
aal_yl aaz_yz aa3_Y3
_ﬁ_
daq 5 ] Pel
%_ ﬂ_ ’\yil _ %\]1 O o
aa_ aaz_ yZA - XZ _ 1 _y_y
el L Y3 | V3] 0
L dasd




Computing Analytic Gradients

o of oa, o o da,
awij - 0&5 0wu abl aa,; abi
da; y da; , at
awi,]-_ J a_bl_ aai_yi Vi
YIS Y
0Wi,j =@; — yi)xj a_bl =@ — )




56



	Slide 0: Deep Learning for Vision & Language
	Slide 1: Stochastic Gradient Descent
	Slide 2: Linear Regression
	Slide 3
	Slide 4
	Slide 5
	Slide 6: How to pick the right model?
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13: Overfitting 
	Slide 14: Overfitting 
	Slide 15: What to do about overfitting?
	Slide 16
	Slide 17: Regularization
	Slide 18: Regularization
	Slide 19
	Slide 20: Regularization: As Shown in Bishop’s ML Book
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30
	Slide 31
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36: Computing Analytic Gradients
	Slide 37
	Slide 38: Computing Analytic Gradients
	Slide 39: Computing Analytic Gradients
	Slide 40: Computing Analytic Gradients
	Slide 41: Computing Analytic Gradients
	Slide 42: Computing Analytic Gradients
	Slide 43: Computing Analytic Gradients
	Slide 44: Computing Analytic Gradients
	Slide 45: Computing Analytic Gradients
	Slide 46: Computing Analytic Gradients
	Slide 47: Computing Analytic Gradients
	Slide 48: Computing Analytic Gradients
	Slide 49: Computing Analytic Gradients
	Slide 50
	Slide 51
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56: Questions?

