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Reminders

* Homework 3: Structured SVM
— Out: Tue, Oct. 18
— Due: Mon, Nov. 4 at 11:59pm

* Midterm Exam Viewing

e Midsemester Grades




aka. Max-Margin Markov Networks (M3Ns)

STRUCTURED SVM



Structured Perceptron

Whiteboard
— Warmup: Binary SVM
— Warmup: Binary SVM Hinge Loss
— Structured Large Margin
— Structured Hinge Loss
— Gradient of Structured Hinge Loss
— SGD for Structured SVM
— Loss Augmented MAP Inference



4 4 4

Max vs “Soft-Max” Margin | &*

= SVMs:
min k1wl 2= (w () — max (wTE(y) + 4()) )
{ — _
—~
Hard (Penalized) Margin
= Maxent
min  kljw|[2-Y" (wai(yU —log >~ exp (waZ-(y))>
i y
N— —— 7
Soft Margin

= Very similar! Both try to make the true score
better than a function of the other scores.

* The SVM tries to beat the augmented runner-up
= The maxent classifier tries to beat the “soft-max”

Slide from Klein & Taskar (ACL 2005 Tutorial)



Hinge Loss &

» Consider the per-instance SVM objective:

min k||wl||2=>" (wai(yi) — max [waZ-(y) + ﬁi(y)D

()

= This is called the “"hinge loss”
= Upper bounds zero-one loss

= Unlike maxent / log loss, you
stop gaining objective once the
true label wins by enough

= You can start from here and

derive the SVM objective w ! f:(y") — maxw ' £;(y)
y#Ey!

Slide from Klein & Taskar (ACL 2005 Tutorial)




Slide from Guestrin, 10-701, 2005

___Max SConditionaI) Likelihood
(o )

x! t(x1)
Estimation Classification

X" (x")
N ma><|m|zeW
log Pw (t(x) | x) arg max ﬂw)
f(x,y) xgp y-

log Pw(y | x) = WTf(XaY> — 109 Zw(x)

Don't need to learn entire distribution!

8



Structured SVM




Results: Handwriting Recognition

O raw B quadratic O cubic

Length: ~8 chars 30 - pixels kernel kernel
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Letter: 16x8 pixels
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600/6000 words

Models:
Multiclass-SVMs*
CRFs
M3 nets

error reduction over linear CRFs
error reduction over multiclass SVMs

7
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GO06E NEDGE

*Crammer & Singer 01
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Results: Hypertext Classification

e \WebKB dataset

Four CS department websites:
Classify each page:
Train on three universities/test on fourth

Inference: loopy belief propagation

Learning: relaxed dual 20 - l better
I\ 15 -
|
O O g
L
W 10 -
(7))
2
O O O O
error reduction over SVMs
4\ error reduction over RMNs

A
© Eric Xing @ CMU, 2005-2015 [JSVMs @ RMNS [ M~ 3Ns

*Taskar et al 02
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Slide from Guestrin, 10-701, 2005

Named Entity Recognition

= Locate and classify named entities in sentences:
= 4 categories: organization, person, location, misc.
= e.g. "U.N. official Richard Butler heads for Baghdad”.

= CoNLL 03 data set (200K words train, 50K words test)

y. = org/per/loc/misc/none

f(y, x) = [...,
I(y;=org, x;="U.N.”),
I(y,=per, x.=capitalized),
I(y;=loc, x;=known city),

]

92
91

: tbetter

90 -
‘_|89_

@ CRFs

O MA3N Linear

B MA3N Quad;>



Slide from Guestrin, 10-701, 2005

Associative Markov networks
" A

P(y | x) o chz'(yz',xz') [1 66 (i, v, xi5) = exp{w ' f(x,y)}

{ 17

f'A
“ Point features Edge features '
spin-images, point height length of edge, edge orientation
. ¢i;(1,1)
“associative” ) 1 | Lows

restriction i (¥ir ¥j) = ¢ij(k, k) > 1
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Slide from Guestrin, 10-701, 2005

Max- marﬂm AMNSs results

Yoaed YM

Label: ground, building, tree, shrub
Training: 30 thousand points  Testing: 3 million points

14












Slide from Guestrin, 10-701, 2005

i Seﬁmentation results

Hand labeled 180K test points

Model | Accuracy

SVM 68%

V-SVM /3%

M3N 93%




CNNs Outline

* Background: Computer Vision

Image Classification

ILSVRC 2010 - 2016

Traditional Feature Extraction Methods
Convolution as Feature Extraction

* Convolutional Neural Networks (CNNs)
Learning Feature Abstractions

Common CNN Layers:

Convolutional Layer

Max-Pooling Layer

Fully-connected Layer (w/tensor input)
Softmax Layer

RelLU Layer

Background: Subgradient
Architecture: LeNet
Architecture: AlexNet
Architecture: ResNet

* Training a CNN

SGD for CNNs
Backpropagation for CNNs



BACKGROUND: COMPUTER VISION



Example: Image Classification
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Feature Engineering for CV

Edge detection (Canny)

Corner Detection (Harris) Scale Invariant Feature Transform (SIFT)
14221

-
Y

g

=V

Figures from http://opencv.org Figure from Lowe (1999) and Lowe (2004)



Example: Image Classification




CNNs for Image Recognition

Revolution of Depth
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Slide from Kaiming He
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CONVOLUTION



What’s a convolution?

Basic idea:
— Pick a 3x3 matrix F of weights

— Slide this over an image and compute the “inner product”
(similarity) of F and the corresponding field of the image, and
replace the pixel in the center of the field with the output of the

inner product operation

Key point:

— Different convolutions extract different types of low-level
“features” from an image

— All that we need to vary to generate these different features is the

weights of F

Conv

? -E(u o‘l&

[t Locen

Slide adapted from William Cohen

oipt

)i

72:

)/” = KyXn + K.LXQ 4 Dgi)(-z‘ 4 (32 X222 +og
)’\2 = “" X‘t + k.ax\.s +4 %' XZ?. .-I' “zz xzs “'0‘9
Yoo = Ku)y, * KigXp +0QiXs + 0z Xs2 1,

>’¢2 - lx"XZZ + Klz_)(23 + DQ' x}l + 0(22 x33 o



Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution
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Background: Image Processing
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image
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Convolution
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

3] 2
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

31212
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Convolution

31223
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Background: Image Processing

A convolution matrix is used in image processing for
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Background: Image Processing

A convolution matrix is used in image processing for
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Background: Image Processing

A convolution matrix is used in image processing for
tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image

Identity

Convolution 1 1 1 1 1
0] 0] 0] 1

o|l1]o0 1
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Background: Image Processing

A convolution matrix is used in image processing for

tasks such as edge detection, blurring, sharpening, etc.

Input Image

Convolved Image
Blurring

Convolution

47



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Use Mered image

i !

a8k ax
- N O
s A -
. s -

$
]

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Slide from William Cohen

ce ¢ Lowd)
Use Sxeced mage
Sharpen =
; s 0%
: : I8
; s 0%
U Apply fizer



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

LR - .

Slide from William Cohen



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Slide from William Cohen

-» - -
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What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Slide from William Cohen

Rce ! Load
Uie Mtered woage
Lope .
? 4% 3
¢ 0% ’

O Sopy o)



What’s a convolution?

http://matlabtricks.com/post-5/3x3-convolution-kernels-with-online-demo

Slide from William Cohen

Hoe . I.M.
e fitered irmage
fOge -
i8 ' ’
18 48 -



What’s a convolution?

Basic idea:
— Pick a 3x3 matrix F of weights

— Slide this over an image and compute the “inner product”
(similarity) of F and the corresponding field of the image, and
replace the pixel in the center of the field with the output of the

inner product operation

Key point:

— Different convolutions extract different types of low-level
“features” from an image

— All that we need to vary to generate these different features is the

weights of F

Conv

? -E(u o‘l&

[t Locen

Slide adapted from William Cohen
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Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output

Input Image

Convolved Image

Convolution
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Downsampling
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Downsampling
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Downsampling
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Downsampling
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Downsampling

* Suppose we use a convolution with stride 2
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Downsampling

* Suppose we use a convolution with stride 2
* Only 9 patches visited in input, so only 9 pixels in output

Input Image

Convolved Image

Convolution
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CONVOLUTIONAL NEURAL NETS



A Recipe for
Machine Learning

1. Given training data:
N

2. Choose each of these:
— Decision function

Yy = fo(x:)

— Loss function

g(@? yz) = R

3. Define goal:

N
60" — arg mem Z g(fe(wZ)a yz)

1=1

4. Train with SGD:

(take small steps
opposite the gradient)

p(t+tl) — g(t) _ n:VL(fo(xi),y;)



sion functio!
= f e(e’L‘z) J

‘unction

- VU(fo(xi),y;)



Convolutional Neural Network (CNN)

Typical layers include:
— Convolutional layer
— Max-pooling layer
— Fully-connected (Linear) layer
— ReLU layer (or some other nonlinear activation function)
— Softmax

These can be arranged into arbitrarily deep topologies

Architecture #1: LeNet-5

2 TS Bl B 2" R

v 2 Arihbsram o LaNerd, o Cumdatbnnl Seand Sermrb, boos An Ay rmangni s, Tk PRans b a Batars el he, 8 o anive

.- —-{Q— e o cmmrrtmanm) v le Mvro -
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Convolutional Layer

Input Image

CNN key idea:
Treat convolution matrix as
parameters and learn them!

@ Convolved Image

Learned
Convolution

e11 e12 e13
e21 ezz 623
631 632 633

69



Downsampling by Averaging
Downsampling by averaging used to be a common approach

This is a special case of convolution where the weights are fixed to a

uniform distribution
The example below uses a stride of 2

Input Image

Convolved Image

Convolution

70



Max-Pooling

Max-pooling is another (common) form of downsampling

Instead of averaging, we take the max value within the same range as
the equivalently-sized convolution

The example below uses a stride of 2

Input Image

Max-Pooled
Image

Max-
pooling

Yij = max(&ij,

Lij+1,
Lit1,55
Tit1,5+1) .



TRAINING CNNS



A Recipe for

Background

1. Given training data:
N

2. Choose each of these:
— Decision function

Yy = fo(x:)

— Loss function

g(@? yz) = R

Machine Learning

3. Define goal:

N
60" — arg mem Z g(fe(wZ)a yz)

1=1

4. Train with SGD:

(take small steps
opposite the gradient)

p(t+tl) — g(t) _ n:VL(fo(xi),y;)



sion functiol

= fo(x;

laleilela

- VU(fo(xi),y;)



SGD for CNNs

[SGU 0 CANs j
Ex: Acclile chore ¢ Goe X y*

j;' I()/I )’* 4
y = sog-vv»:)(z(s» ?""'W““} e“‘ Y_N ) P l'\)—i
2+ fuee (2, W)

2P 2 e (2?) —S@"\

(3): onv(z(z)' ) CDIqH' é
zZ-u)-- :1-9(- o’(j:>) @ ke 'w‘\' WJ‘.
o '» - stele ;- < {'l '"’/U}
Z = Cownvy (X, 0(> ‘F-O"LDVJ 3 >/= ‘ne(?m) ) 31(9) =1(}':Y‘)

Becwod> 7355 (0) = -
L)F(‘"ez ’é*’ 8 "73V§ :(0)



LAYERS OF A CNN



RelLU Layer
[Rell Lo/ I*Vu’fz?(éﬁk Oukouk 76&“

'.>|'ta.v"’.A f we*“l' st CIL"""SL
?/7”’&) nte 3”/4_3—4_5# e
L dx, d ¢ QX 50va~
O'{a) = \M“x(o,‘t) )
Wt Ay | 5 x- 7O
O @)—-
N@( ) dx; O othaw R
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Softmax Layer
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Fully-Connected Layer
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Convolutional Layer
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Max-Pooling Layer
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Max-Pooling Layer

L Max - Yoo ((‘,7 meu-

©
o éﬂ_x_—_._‘r —— C)o‘\go“‘ : Y\.S
Xf) AR 3 C. . (T
A\ ! oo S
Erw‘ui . &Ckuql‘;
B e AR e

& Max) 7s wot é%hblz bot

 Laves
N J é?ﬁ b
%)W *‘?,Mi art 4 Se“(' G‘P (_J.c.nu.#'nw M

e can Jos" C\wost oar $r SGD.

7 W\“X(a))a)

S dy 3 d ,éy_ 1 Fa>b
a7 d)’—c\f e da Z othenuize J

86



Convolutional Neural Network (CNN)

Typical layers include:
— Convolutional layer
— Max-pooling layer
— Fully-connected (Linear) layer
— ReLU layer (or some other nonlinear activation function)
— Softmax

These can be arranged into arbitrarily deep topologies

Architecture #1: LeNet-5

2 TS Bl B 2" R
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Architecture #2: AlexNet




CNNs for Image Recognition

Revolution of Depth

N
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Slide from Kaiming He
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RESIDUAL CONNECTIONS



Slides in this section from...

IIIIII

Deep Residual Learning
MSRA @ ILSVRC & COCO 2015 competitions

Kaiming He
with Xiangyu Zhang, Shaoqing Ren, Jifeng Dai, & Jian Sun
Microsoft Research Asia (MSRA)

International Conference on Computer Vision

O1



Microsoft

Research

Revolution of Depth

AlexNet, 8 layers 11x11 conv, 96, /4, pool/2

(ILSVRC 2012) *
5x5 conv, 256, pool/2

<«

3x3 conv, 384

<«

3x3 conv, 384

3x3 conv, 256, pool/2

m,";o"a[Qm,e,mM,mw,e,mn Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Revolution of Depth

AlexNet, 8 layers
(ILSVRC 2012)

%ICCV1D

International Conference on Computer Vision

| 11x11 conv, 96, /4, pool/2 |

5x5 conv, 256, pool/2 |

<«

[ 3x3 conv, 384 |

<

[ 3x3 conv, 384 |

<«

[ 3x3 conv, 256, pool/2 ]

[ fc, 4096 |

00 |

| fc, 409

(2]

Sl

I fe,

o

3x3 conv, 64

VGG, 19 layers

3x3 conv, 64, pool/2

(ILSVRC 2014)

3x3 conv, 128

<

3x3 conv, 128, pool/2

v

3x3 conv, 256

v

3x3 conv, 256

v

3x3 conv, 256

v
3x3 conv, 256, pool/2
v

3x3 conv, 512

v

3x3 conv, 512

v

3x3 conv, 512

v

3x3 conv, 512, pool/2

v

3x3 conv, 512

v

3x3 conv, 512

v

3x3 conv, 512

3x3 conv, 512, pool/2

<«

fc, 4096

<

fc, 4096
v

fc, 1000

Microsoft

Research

GoogleNet, 22 layers s rmmm
s ]

(ILSVRC 2014) g

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recogaition". arXiv 2015.
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Microsoft

Research
Revolution of Depth
AlexNet, 8 layers % VGG, 19 layers ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)
2ICCV1D
N —— Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Microsoft

Research

—

Revolution of Depth——

1x1 cony, 256
—

ResNet, 152 layers

1x1 conv, 256

—
1x1 conv, 128, /2

3x3 conv, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 conv, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 conv, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 cony, 128

1x1 conv, 512
—

1x1 conv, 128

3x3 conv, 128

1x1 conv, 512
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—
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Kaiming He, Xiangyu Zhang, $haoq @en, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)
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3x3 conv, 128
—
L]
3x3 conv, 256
evolution or bep
3x3 conv, 256
1x1 conv, 1024
—
ResNet, 152 layers
’ y 3x3 conv, 256
—
3x3 conv, 256
1x1 conv, 256
3x3 conv, 256
1x1 conv, 1024
—
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
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1x1 conv, 256
3x3 conv, 256
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3x3 conv, 256
1x1 conv, 1024

Kaiming He, Xiangyu ZhangzshaogmsRen, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)
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—
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—

1x1 conv, 256

ResNet, 152 layers
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—
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—
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1x1 conv, 256
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—
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—

1x1 conv, 256

3x3 conv, 256

1x1 conv, 1024

Kaiming He, Xiangyu ZhangzShaoeing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

(there was an animation here)
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1x1 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
ResNet, 152 layers o
—
4 y
3x3 conv, 256
1x1 conv, 1024
—
1x1 conv, 256
3x3 conv, 256
—
1x1 conv, 256
3x3 conv, 256
1x1 conv, 256
1x1 conv, 1024
1x1 conv, 256
1x1 conv, 1024
1x1 conv, 512, /2
[ 3x3cony,512 |
—
1x1 conv, 512
_3)(3 cony, 512
—
1x1 conv, 512
3x3 conv, 512
1x1 conv, 2048

ave pool, fc 1000

Microsoft

Research

(there was an animation here)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Simply stacking layers?

CIFAR-10 ImageNet-1000
20 AN
60— \ e Jli
56-layer \‘\—\_W.“
44-layer 50 A
g 32-layer S 34
g | 20-layer 240 mayer
3l plain-2 ~- \‘ 30
plain-32 NS . i
|z e solid: test/val —rainzd | | ~ 18-ayer
0 : 2 ety 6 dashed: train 0 10 0 e (1o 40 50
* “Overly deep” plain nets have higher training error
* A general phenomenon, observed in many datasets
2ICCV!C
o o ——— Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Deep Residual Learning
* Plaint net H (x) is any desired mapping,
X l hope the 2 weight layers fit H(x)
weight layer
any two
stacked layers l relu
weight layer
l relu
H(x)
ZI1CCV
S —— Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Deep Residual Learning

* Residual net H(x) is any desired mapping,
X hepethel weightlayersHt-H )

hope the 2 weight layers fit F(x)

weight layer

F(x) lrelu

weight layer

identity let H(x) = F(x) + x
X

H(x)=F(x) +x

—_—_————————r
Interational Conference on Computer Vision

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Deep Residual Learning

* F(x) is a residual mapping w.r.t. identity

X
) * If identity were optimal,
weight layer easy to set weights as 0
F(x) l relu identity
weight layer X * If optimal mapping is closer to identity,
easier to find small fluctuations

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ImageNet experiments
A practical design of going deeper
64-d 256-d
| 1x1, 64
v relu
3x3, 64
v relu
| 1x1, 256
relu
similar
(for ResNet-50/101/152)
ZICCV1E
o —— Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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Network “Design”

* Keep it simple

* Our basic design (VGG-style)
* all 3x3 conv (aimost)
* spatial size /2 => # filters x2
e Simple design; just deep!

e Other remarks:

* no max pooling @amost)
* no hidden fc
* no dropout

leeVs

International Conference on Computer Vision

plain net

Microsoft

7x7 conv, 64, /2

7x7 conv, 64, /2|

v
poo*\, 2 pool, /2
3x3 conv, 64 3x3conv, 64 |
v v
3x3 conv, 64 33conv, 64 |
v
3x3 conv, 64 3x3conv, 64 |
v v
3x3 conv, 64 33conv,64 |
2
313 conv, 64 3x3conv, 64 |
2 2
3x3 conv, 64 33 conv, 64
y_ e
3x3 conv, 128, /2 3x3cony, 128,/2 |
v v
3x3 conv, 128 3x3 conv, 128
L 22, g

3x3 conv, 128

3x3conv, 128 |

N3

3x3 conv, 128

v
3x3 conv, 128

3x3 conv, 128

3x3conv, 128 |

EL

3x3 conv, 128

2
3x3 conv, 128

3x3 conv, 128

3x3cony, 128 |

3x3 conv, 128

v
3x3 cony, 128

3x3 conv, 256, /2

3x3conv, 256,/2 |

3x3 conv, 256

3x3 conv, 256 =

3x3 conv, 256

3x3conv, 256 |

3x3 conv, 256

v
33 conv, 256

3x3 conv, 256

3x3cony, 256 |

3x3 conv, 256

v
3x3 conv, 256

3x3 conv, 256

3x3cony, 256 |

3x3 conv, 256

2
3x3 conv, 256

3x3 conv, 256

33cony, 256 |
v

3x3 cony, 256

3x3 conv, 256

NEIEIEI E B EIEI E E N R E I El

3x3 conv, 256

3x3conv, 256 |

3

3x3 conv, 256

2
3x3 conv, 256

3x3 cony, 512, /2

€= -

33cony,512,/2 |

3x3 conv, 512

3x3 conv, 512 "

v
3x3 conv, 512

33cony,512 |

3x3 conv, 512

v
3x3 cony, 512

3x3 conv, 512

33 cony,512 |

v
3x3 conv, 512

2
33cony,512 |

avg pool

avg pool

fc 1000

fc 1000 |

Research

ResNet

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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CIFAR-10 plain nets CIFAR-10 ResNets
20 2000 ResNet-20
56-layer i
44-layer — Reanee 110
S 32-layer S 20-layer
e 20-layer 2 32-layer
44-layer
—glaﬁn-44 . solid: test 110-layer
—plain-5¢ -
% 1 2 5 6 dashed: train % 1 2 4 s 6

3 3
iter. (1e4) iter. (1e4)

* Deep ResNets can be trained without difficulties
* Deeper ResNets have lower training error, and also lower test error

>ICCV "

N —— Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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ImageNet experiments 28.2
‘ 152 layers ’
A
\
\
\
\
\
\
\
‘ 22 layers ’ ‘ 19 Iayers
\ 6.7
ILSVRC'15  ILSVRC'14 ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet
ImageNet Classification top-5 error (%)
“2ICCVLD
S — Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
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classifier

Object Detection (brief)

Rol pooling
* Simply “Faster R-CNN + ResNet” pr°p°sa'55 2 1
Sf>7

baseline

VGG-16 41.5 21.5
ResNet-101 48.4 27.2

feature map

COCO detection results
(ResNet has 28% relative gain)

ICCV Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
ﬁ Shaoqing Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.
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*the original image is from the COCO dataset
”&‘5/ ICCU_ ) Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoqing Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

International Conference on Computer Vision
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*the original image is from the COCO dataset

‘}/ ICCV ) Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

Interational Conference on Computer Vision
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Instance Segmentation (brief)

* Solely CNN-based (“features matter”)

box instances (Rols)

* Differentiable Rol warping layer (w.r.t box coord.)

* Multi-task cascades, exact end-to-end training

mask instances

Rol warpin
warping, categorized instances
pooling
for each Rol
person
- ) person person
conv feature map
horse
masking
for each Rol
‘5 ICCV ) Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

Jifeng Dai, Kaiming He, & Jian Sun. “Instance-aware Semantic Segmentation via Multi-task Network Cascades”. arXiv 2015.
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>ICCV D
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DACKRPACA

DachDack

*the original image is from the COCO dataset

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Jifeng Dai, Kaiming He, & Jian Sun. “Instance-aware Semantic Segmentation via Multi-task Network Cascades”. arXiv 2015.
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CNN VISUALIZATIONS



3D Visualization of CNN

http://scs.ryerson.ca/~aharley/vis/conv/




Convolution of a Color Image

* Colorimages consist of 3 floats per pixel for
RGB (red, green blue) color values

* Convolution must also be 3-dimensional

activation map

___— 32x32x3 image

5x5x3 filter /
2
@>@ ”

convolve (slide) over all

spatial locations
32 28

3 1

Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)




Animation of 3D Convolution

http://cs231n.github.io/convolutional-networks/
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Figure from Fei-Fei Li & Andrej Karpathy & Justin Johnson (CS231N)


http://cs231n.github.io/convolutional-networks/

MNIST Digit Recognition with CNNs
(in your browser)

https://cs.stanford.edu/people/karpathy/convnetjs/demo/mnist.html
Nwtwork Visasiamon
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CNN Summary

CNNs

— Are used for all aspects of computer vision, and
have won numerous pattern recognition
competitions

— Able learn interpretable features at different
levels of abstraction

— Typically, consist of convolution layers, pooling
layers, nonlinearities, and fully connected layers



