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Deep Learning for Vision &
Language

Machine Learning Il: MLPs, Backpropagation, Pytorch




e COMP 646: Deep Learning for Vision and Language

* Instructor: Vicente Ordénez (Vicente Ordéinez Roman)
* Website: https://www.cs.rice.edu/~vo9/deep-vislang
* Location: Keck Hall 100

About the ClaSS * Times: Tuesdays and Thursdays

from 4pm to 5:15pm
e Office Hours: Wednesdays 10am to noon (DH2080)

e Teaching Assistants: Ayush, Jefferson, Jaywon, Zilin

e Discussion Forum: Piazza (Sign-up Link on Rice Canvas and
Class Website)


https://www.cs.rice.edu/~vo9/deep-vislang/

Teaching Assistants

Ayush Sachdeva Jaywon Koo
Office Hours: Office Hours:

Mondays 10 to 11am 8| Tuesdays 10 to 11am
Brochstein Pavilion ! DH 3037

Zilin Xiao Jefferson Hernandez
Office Hours:

Thursdays 10 to 11am
DH 3108

Office Hours:
Wednesdays 1 to 2pm
DH 2088




Assignment 1

* Assignment 1 is released and is available on the class website and to
be submitted via Canvas.

* Due: Monday January 29", midnight (you can and should submit
early but not late — do not wait until finishing the whole assignment
to have a version uploaded on canvas)



Supervised Learning - Classification

Training Data Test Data

cat

cat

bear




Supervised Learning - Classification

Training Data

Xp = y1 = [cat ]
Xy = y, = [dog
X3 = y3 = [cat ]

R 1 = ber]




Supervised Learning - Classification

Training Data

| targets / » We need to find a function that
inputs labels / predictions
ground truth maps x and y for any of them.
X1 = |X11 X132 X13 Xq4] y1=1 =1
P
— T T _2 "_2 yi_f(xi’e)

Xo = [X21 X22 X223 Xog) Y2 = Y2 =
X3 = [X31 X3 X33 X34 y; =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;” = 1 ZCOSt(y\i' yl)
=1
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Supervised Learning - Classification

Training Data

| targets / » We need to find a function that
inputs labels / predictions
ground truth maps x and y for any of them.
X1 = |X11 X132 X13 Xq4] y1=1 =1
P
— T T _2 "_2 yi_f(xi’e)

Xo = [X21 X22 X223 Xog) Y2 = Y2 =
X3 = [X31 X3 X33 X34 y; =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;” = 1 ZCOSt(y\i' yl)
=1



Supervised Learning — Linear Softmax

Training Data

targets /
inputs labels /
ground truth
X1 = [X11 X12 Xq13 Xq4] y1 = 1
Xy = |Xp1 Xp2 X3 Xoga Yo = 2
X3 = |X31 X32 X33 X34] y; =1

Xn = [xnl Xn2 Xn3 xn4] Yn = 3



Supervised Learning — Linear Softmax

Training Data

targets /
inputs labels / predictions
ground truth
X1 = [X11 X132 X13 Xq4] y; = [1 0 0] ¥, = [0.85 0.10 0.05]
Xy = [Xoq Xp9 X9z Xou] Yo = [0 1 O] y, = [0.20 0.70 0.10]
X3 = [X31 X3z X33 X34] y3=[1 0 0] y3 = [040 045 0.15]

X = [Xn1 Xno Xnz Xpal Vn [0 0 1] y, = [0.40 0.25 0.35]



Supervised Learning — Linear Softmax

Xi = [Xi1 X2 Xiz Xig] y;= [1 0 0] yvi= |h [z fs]

A1 = W11Xj1 + WipXiz + Wi3Xiz + WX + b
Ay = Wp1Xijp + WooXin + WogXiz + WouXig + by

a3 = W31Xj1 + W3pXjp + W33Xi3 + W34Xjq + by

f1=e%/(e"1+e?2 4+ e%)
fo =e*2/(e"1+e%2 4+ e%3)
[ =e"/(e"1+e?2 + e93)



How do we find a good w and b?

Xi = [Xi1 Xz Xi3 Xa] yi= [1 0 0] yi= [ilw,b) fo(w,b) f3(w,b)]

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

3
2 yUlOg(yU =

Jj=1 l

R

I
[

M:

L(w,b) =

—log(Viiaver) = ) —log fiiaper(w, b)

-

Il
[

L =1

Why?



(mini-batch) Stochastic Gradient Descent (SGD)

1=001
[(w,b) = 2 Cost(w, b)

Initialize w and b randomly CB

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 —AdIl(w,b)/dw

Updateb: b =b —Adl(w,b)/db

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

end
end



Computing Analytic Gradients

This is what we have:

n 3 n
Lw,b) = ) > =y l0gF:)) = ) —log(iianer) =

=1 j=1 =1 =

—108 filaber(W, b)

TN

To simplify let’s assume n=1

eXP(alabel(Wa b)) )

£W ,b) = ~10g(iaper (W, b)) = —log S enta )
k=1 a\w,



Supervised Learning — Linear Softmax

X =[x Xp X3 X4] y= [1 0 0] y= 1h f2 [l

a, = Wqi1X1 —+ W12X2 —+ W13X3 ~+ W14X4 + bC
A, = Wr1Xq + Wo2 X9 —+ Wy3X3 —+ W»4X4 + bd

(3 = W31Xq + W3pX + W33X3 + W3uXs + by

f1=e%/(e"1+e?2 4+ e%)
fo =e*2/(e"1+e%2 4+ e%3)
[ =e"/(e"1+e?2 + e93)



Computing Analytic Gradients

This is what we have:

exp(aiapet (W, b)) )
Y o explax(W, b))

£W ,b) = ~1og(Gyapa (W, b)) = —log(



Computing Analytic Gradients

This is what we have:

exp(alabel(w/a b)) )

£W ,b) = ~10g(iaser (W, b)) = —log S enta v )
k=1 a\w,

eXp(alabel)
{ = —log( ; )
D g expla)

Reminder: a; = (Wy1x1 + WioXo + Wi3xg + W;4x4) + b;



Computing Analytic Gradients

This is what we have:

exp(Qiaber) )

[ = —log( ;
Zk:l exp(ak)



Computing Analytic Gradients

This is what we have:

eXp(alabel) )

[ = —log( ;
Zk:l exp(ak)

This is what we need:

ot ot

for each Wi

foreach p.




Computing Analytic Gradients

This is what we have:

exp(Qiaber) )

[ = —log( ;
Zk:l exp(ak)

Step 1: Chain Rule of Calculus

of 9t da, of _ 0f da,

aLU" B aa,- awu ab, B 0(1,- ab,

lj



Computing Analytic Gradients

This is what we have:

exp(Qiaber) )

[ = —log( ;
Zk:l exp(ak)

Step 1: Chain Rule of Calculus

Let’s do these first

of | da, of  of[oa,

da; ow; . b,  0a;|0b,

lj




Computing Analytic Gradients

oa i aai
ob.

ow; ;

a; = (W;1X1 + Wi2Xo + Wi3X3 + WiaXys) + b;

da; 0
l

e B (Wi1x1 + WX, + W;i3x3 + W;4X4) + b;
i3 i3

aai
=X
aWi’g 3
0al~

6wi,]-



Computing Analytic Gradients

aai
an',j

aai 0

ob; _ db;

aa,-
ob,

a; = (W;1X1 + WioXo + Wi3xs + Wiaxy) + b;
(Wi 1X1 + Wiox5 + Wi3x3 + Wi 4x4) + by

Gai
db;



Computing Analytic Gradients

da; y da;
— j —
aWi,j

ob;




Computing Analytic Gradients

This is what we have:

exp(@iabel)
[ = —log( ; )
Zk:l exp(ak)

Step 1: Chain Rule of Calculus

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

of [0F |da, o¢ [ of oa;

ow; ; ()a,- 'aw,] ab, - 061,- ﬁb,

lj




Computing Analytic Gradients

ot . [_ log ( exp(Qiapei) )]

oa; - aa; 21;1 exp(ay)

I [log(z exp(ax)) — alabel]

0a, —

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



Computing Analytic Gradients

ot . [_ log ( exp(Qiapei) )]

oa; - aa; Zkil exp(ay)

I [log(z exp(ax)) — alabel]

6a, p

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

0t 0t ot
Let’s say: label =2 We need: — — ——
aal aaz (9013



0t

¢

0(11

5(,13

Computing Analytic Gradients

9 [log(z exp(ax)) — alabel‘

6a, p

when i # label:

02,” 0
lo ex abe ]
aa, aa,[ g(z p(ax)) — Guaper

ot 0

= % log(Z exp(y))

3—Z=( 1 )( aalZexp(ak))

Yie1 €Xp(a) =

of  expla;)
Jda; 33 exp(ay)

=¥



Supervised Learning — Linear Softmax

Xi = [Xi1 X2 Xiz Xig] y;= [1 0 0] yvi= |h [z fs]

A1 = W11Xj1 + WipXiz + Wi3Xiz + WX + b
Ay = Wp1Xijp + WooXin + WogXiz + WouXig + by

a3 = W31Xj1 + W3pXjp + W33Xi3 + W34Xjq + by

f1=e%/(e"1+e?2 4+ e%)
fo =e*2/(e"1+e%2 4+ e%3)
[ =e"/(e"1+e?2 + e93)
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5(11

5(,13

Computing Analytic Gradients

9 [log(z exp(ax)) — alabel‘

6a, p

when i # label:

02,” 0
lo ex abe ]
aa, aa,[ g(z p(ax)) — Guaper

ot 0

= % log(Z exp(y))

3—Z=( 1 )( aalZexp(ak))

Yie1 €Xp(a) =

of  expla;)
Jda; 33 exp(ay)

=¥



0t

6a2

Computing Analytic Gradients

I [log(z exp(ax)) — alabel‘

6a, P

when i = label:

3
ot — 4 [log(z exp(ak) - alabel)]
=1

0jgper  O0Qigpel

3
ot 0 '
— log( ) exp(ay)) — 1
0aygpel 0Qyqpel l;

oF  _ ( : 1 )(aa,abel g exp(ak))

0ajgpel Z =1 SXP (ak )

ot _ eXp (alabel )
aalabel Z k3= 1 exp (ak )

-1

yi—1



Computing Analytic Gradients

label = 2
ot 00 _ o ot
aal_yl aaz_yz aaS_yS
_ﬂ_
aal i 55 ] -A-
ar _|oe ]| Ayil_}jl o
20 |aa, 7 |72 —3:2—1—)’—3’
ae | | y3 V3] 0
L dasA
d0¢f



Computing Analytic Gradients

o of oa, o of da,
aw,-j B 5a,— awu ab, aa,- ab,
da; oy oa; B 0¢ A
owy; a_bi_l aai_yi Vi
df 0f
ow; ; = (i — yi)x; 9, - G — yi)




Automatic Differentiation

You only need to write code for the operations in the prediction step,
Gradient computation can be computed “automatically”.

Pytorch (Facebook -- mostly): https://pytorch.org/
Tensorflow (Google -- mostly): https://www.tensorflow.org/

MXNet (Amazon -- mostly): https://mxnet.apache.org/versions/1.9.0/



Perceptron Model

Frank Rosenblatt (1957) - Cornell University Activation

function

AN |
f ' @\

W2
y
Wy

f(x) =3 i=0

\ 0, otherwise @

More: https://en.wikipedia.org/wiki/Perceptron




Perceptron Model

Frank Rosenblatt (1957) - Cornell University

fx) =4

dendrites nucleus I ; NEURON
//\;\\\\ -
( n | axon

1, if W; X +b>0 /
i=0 axon ending

herwi
\O, otherwise \
\ myelin sheath

cell body

More: https://en.wikipedia.org/wiki/Perceptron



Perceptron Model

Frank Rosenblatt (1957) - Cornell University Activation

function

AN |
f ' @\

W2
y
Wy

f(x) =3 i=0

\ 0, otherwise @

More: https://en.wikipedia.org/wiki/Perceptron




Activation Functions
Step(x) Sigmoid(x)




Two-layer Multi-layer Perceptron (MLP)

"hi dde 'layer

Do
®-6—§

Loss/C iterion

/®@@@

®-0— ¢
- /"



Linear Softmax

X =[x X2 X3 X4] y;= [1 0 0]

Jc = We1Xi1 + WeaXin + We3Xiz + WeaXig + b
Ja = Wq1Xi1 + WgaXip + WazXiz + WgaXis + bg

gp = Wp1Xi1 + WpaXjp + Wp3Xi3 + WpaXis + by

fC — egc/(egc+egd + egb)
fd — egd/(egc+egd + egb)

fb p— egb/(egc+egd _|_ egb)

N\

Vi =

[fe

fa

fn]



Linear Softmax

Xi = [Xi1 X2 Xiz Xig] yi= [1 0 0 Vi fe fa Jbl

Wcl Wc2 Wc3 Wc4
= |Wd1 Wq2 Wda3z Wgs
Wp1 Wppy Wpz Wpy

Je = WeiXi1 + WeaXip + WeaXiz + WeaXig + b
Ja = Wg1Xi1 + WgaXip + WXz + WaaXia + by
Ip = Wp1Xj1 + WpoXip + Wp3Xi3 + WpaXis + by

b=1|b. bg bp]
fC — egc/(egc+egd + egb)

fd — egd/(egc+egd + egb)

fb — egb/(egc+egd _|_ egb)



X =[x X2 X3 X4]

g=wx! +bT

fC — egc/(egc+egd _|_ egb)
fd — egd/(egc+egd _|_ egb)

fb = egb/(egc+egd _|_ egb)

Linear Softmax

yvi= Uec fa ol

Wcl Wc2 WcS Wc4
Wda1 Wda2 Wgasz Waa
Wp1 Wppy Wpz Wpy



X =[x X2 X3 X4]

g=wx! +bT

f =softmax(g)

Linear Softmax

— [f c f d f b]
WCZ WCS Wc4
Wda2 Waz Wqa
Wp2 Wp3z Wpy

b by bp]



Linear Softmax

Xi = [Xi1 X2 Xiz Xig] yi= [1 0 0] Vi fe fa Jbl

f = softmax(wx” + bT)



Two-layer MLP + Softmax

Xi = [Xi1 X2 Xiz Xig] yi= [1 0 0] vi= Ue fa Jbl

a; = sigmoid(wiyx" + b{yy)

f = softmax(wpzja;" + bfy)



N-layer MLP + Softmax

Xi = [Xi1 X2 Xiz Xig] yi= [1 0 0] vi= Ue fa Jbl

a, = sigmoid(wpq; xT + b[ 1)

a, = sigmoid(w; a1 + b[ 1)

ap = Sigmoid(w[k]a?;_l + bf;(])

f = softmax(Wpnan—1 + bin)



How to train the parameters?

Xi = [Xi1 X2 Xiz Xig] yi= [1 0 0] vi= Ue fa Jbl

a, = sigmoid(wpq; xT + b[T])

a, = sigmoid(wy, a1 + b[ 1)

ap = Sigmoid(w[k]a£_1 + bf;c])

f = softmax(Wpnan—1 + bjn)



Forward pass (Forward-propagation)




=
[N

=
N

=
w

=
NN

~ D —— D —— << —

A

A

i\, \

Forward pass (Forward-propagation)




Xi

How to train the parameters?

=[xy x2 X3 x4] Yi

Q
[y
|

sigmoid (wiq xT +b[ 1)

Q
N
I

= sigmoid(wp; a1 + b[ 1)

ap = Sigmoid(w[k]a?;_l + bﬂ])

f = softmax(Wpnan—1 + bjn)

[1 0 O]

Vi= fe fa

We can still use SGD

We need!

ol
OW[k)ij

0l
0bk)i

fn]



How to train the parameters?

X =[x X2 X3 X4] Yi

a, = sigmoid(wpq; xT +b[ 1)

a, = Slngld(W a1 + b[ 1)

a; = Sigmoid(w[k]ag_l + b[T;(])

f = softmax(wWyyaz_q + by

[ =loss(f,y)

[1 0 O]

Vi= fe fa

We can still use SGD

We need!

ol
OW[k)ij

0l
0bk)i

fn]



How to train the parameters?

X =[x X2 X3 X4] Yi

a, = sigmoid(wpq; xT +b[ 1)

a, = Slngld(W a1 + b[ 1)

a; = Sigmoid(w[k]ag_l + b[T;(])

f = softmax(wWyyaz_q + by

[ =loss(f,y)

[1 0 O]

Vi= fe fa

We can still use SGD

We need!

ol
OW[k)ij

0l
0bk)i

fn]



How to train the parameters?

X =[x X2 X3 X4] Yi

a, = sigmoid(wpq; xT +b[ 1)

a, = Slngld(W a1 + b[ 1)

a; = Sigmoid(w[k]ag_l + b[T;(])

f = softmax(wWyyaz_q + by

[ =loss(f,y)

[1 0 O]

0l

OWpij

yi — [fc

ol da, .

fa 1ol

day—p 0ag—q

aan—l aan—z

dayg_1 OW(k)ij



Backward pass (Back-propagation)

oL d daL

o _ .9 Zn +b oL — = —3Sigmoid(z;) —
ox, (axk e 1) 0z; 0z; 0z; Y oay
—_—

oL B 0 n b oL
@ @\ oo~ ey L™ 02
oL 0 . ) oL
\ o —aplSLngLd(pi)a—371
—
A‘( @ @\‘ ~\‘
X — @ _»@_..@ @
) ‘ @ @/,. @7
: ——
oL op,; 0L
/ @ " o 7= L0390
/ Owy;  Owy; 0p, = a9, V1N
oL B dz; OL @ —’@
awlij awlij aZl_

091




Automatic Differentiation

You only need to write code for the forward pass,
backward pass is computed automatically.

Pytorch (Facebook -- mostly): https://pytorch.org/
Tensorflow (Google -- mostly): https://www.tensorflow.org/

MXNet (Amazon -- mostly): https://mxnet.apache.org/versions/1.9.0/



Defining a Model in Pytorch (Two Layer NN)

import torch.nn as nn
import torch.nn.functional as F

class TwoLayerNN(nn.Module):
def init (self):
super (TwoLayerNN, self). init ()

self.linearl
self.linear?2

= nn.Linear(l * 28 * 28, 512)
= nn.Linear(512, 10)
def forward(self, x):

X = x.view(batchSize, 1 * 28 * 28)

z = F.relu(self.linearl(x))

return self.linear2(z)



1. Creating Model, Loss, Optimizer

# Create the model.
model = TwoLayerNN()
loss fn = nn.CrossEntropyLoss()

# Define a learning rate.
learningRate = 5e-2

# Optimizer.
optimizer = optim.SGD(model.parameters(), lr = learningRate,
momentum = 0.9, weight decay = le-4)



2. Running forward and backward on a batch

# Forward pass. (Prediction stage)
scores = model (inputs)
loss = loss fn(scores, labels)

# Zero the gradients in the network.
optimizer.zero grad()

#Backward pass. (Gradient computation stage)
loss.backward()

# Parameter updates (SGD step) -- if done with torch.optim!
optimizer.step()



Create an algorithm to distinguish dogs

from cats
. Birdsnap

1

Face Detection in
Cameras

Computer Vision

Left view

Right view



Human Vision / Human Brain

Geometry
Machine Learning
5 ] . Computer Vision
eep Learning Optics /
Cameras

Robotics



Who is using
Computer
Vision?

Facebook — Oculus VR, Image Search, Image tagging, Content
filtering, Instagram, etc.

Google/Alphabet — Waymo, DeepMind, Image Search, Google
Earth/Maps, Street View, Google Photos, etc.

Adobe — Photoshop, Premiere, Lightroom, etc.

Snap Inc — Snapchat, Smart Goggles, Filters, Face Detection,
Style Transfer, etc.

eBay Inc — Product Search, Product Matching, Content
Filtering, Duplicate Removal, etc.

Amazon — Warehouse robotics, Smart Stores, Product Search.
IBM — Image Retrieval, Medical Applications, Product Quality.

Microsoft — Hololens, Optical Character Recognition (OCR),
Face Detection, Cloud Services.

Apple — Face Verification, Enhanced cameras and chips for
image processing.

62



“? compare paint colors
@\ tape for clean edges

ﬁ mix & match products

\  easy background removal

erase hardware & fixtures

Vo
/77 save & share mockups

https://bristles.ai/

|

1233\‘S!Jq

63


https://bristles.ai/

//bristles.ai/

https

64



https://bristles.ai/

Safety Score

for Loved Ones, }
or Caregivers g

Your nightly average:

>,

gy

Last Nights Detection

. \ ||I“”l||
Fallen Out of Bed for 2 minutes A m

£

o

Order Now | C P Product Demo > ¢ ? 3

. &
= -
]

’ Current Status @
\

https://www.mercuryalert.ai/ 65



https://www.mercuryalert.ai/

Home - 418 Smithe St i ]2]4
! Monday, August 24

R -
_”I IH [

14.2 mi - 15 min

Phiar.ai (now part of Google)

PHIMRIL

66



Images

* Can be viewed as a matrix with pixel values

= Iz__\ — = ~
e~ sl 71([e]|]|5]|4]|]|3]|2

A o
e i
L Gare Montpamasse. 1895

67



Images

e Or as a function in a 2D domain

z=f(xy)

68



Color Images

* Can be viewed as tensors (3-dimensional arrays)

EIIEH!HEIE
T= [IIHEIIIII
[EIIIEIIII
CEEEENCED
EEEEEEEEE
[@@nnnnn@n
IOEEEREOE

sizeof(T) = 3 x height x width

Channels are usually RGB: Red, Green, and Blue

Other color spaces: HSV, HSL, LUV, XYZ, Lab, CMYK, etc



Why is it hard?

TIIIIIK SIIII' (page 24)

AL
FFF”””””””FISFFIrrrrFA <|<[glojais afalalale
FrFFrFrlF!”ltFF!rr:'lAA <[Flolals MEIEEIEIEE
lFFF'FrFrIr”rFirrlFFFDAA ADDGG Y Y ) B T
FFIPF...'F.»I.—F’FF-."FR wll<|z]|o o © ALLLLLLLLE,
llfFF'iFtFkF'FFIrF S|Si=< z|lc|<|<|o@ 0S| ||| a4
FFFt'FFF'FrFrFF!rrA_AﬂhAAA.ANﬁA @ @ ||| ||| a]]=]
r'l'rrrrtFrFrFFrer <|alelx A.L.MDLL..........Lth,L
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This is just as hard for computers
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Why is Computer Vision hard?

Ambiguities due to
viewpoints

x
[Sinha and Adelson 1993]
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Why is Computer Vision hard?

Ambiguities due to
viewpoints

'.'*'.’ slide by Fei Fei, Fergus & Torralba

73



Why is Computer Vision hard?

Issues with
lllumination

slide credit: S. Ullman
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Why is Computer Vision hard?

Background
clutter
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Why is Computer Vision hard?

Intra-class
variation
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slide by Fei-Fei, Fergus & Torralba
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Computer Vision vs Image Processing

* Computer Vision: Image —— Knowledge
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Computer Vision vs Image Processing

* |mage Processing: Image —— Image
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Basic Image Processing

Primer on Image Processing: https://bit.ly/3IGEdwv
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https://bit.ly/3lGEdwv

Questions?
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