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e Least Square

Least square problem (LS) ° %°
ET|E® af] 6%  (m points, n dimension)
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Moore-Penrose Pseudoinverse if rank(A)=n
Note: if not full col rank, we need to Ise the problem in the row subspace.
Can do it via SVD.
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v Noe SVD

Left singular Singular
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3 vV Geometric View

Now let us derive it geometrically. Consider the subspace spanned by

col of X: col(X). X! b
Somd WEQ.|MO dl| isthedistbetweend éand b
Def: ° orthogonal projection operator (onto ¢ &

(projection:0 0 0; orthogonalproj: 0 0 )
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3 vV Geometric View

Orthogonality
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h  NoNe Principle Component Analysis

A First principle component: the direction that maximizes the variance (which is theifjest
vector ofthe covariance matrb @) N 'Y  (m points, n dimension

WehH ~ _ ’ \ W @
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W) = arg max .
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A 2nd principle component: the direction orthogonal t6t PC andnaximizes thevariance
HehH " b Waeh'H ) _ ’ \ H @
A Dimension reduction: project to the first few PC
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ATreat each face as a vector
AEigen face: just principle

componentsh  No

1. Detect whether a figure is a face (see
the distance from it to the subspace

spanned by the first fewC
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Eigenface

1. Detectand locate dacein a figure(like CNN B
2. Tracking movement of a face i
3. Reconstruct occludennage (ask student)
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0 Codefor SVD and PCA

ALet X be the training samples

U, S, V = np.linalg.svd(X) sSVD for X
cov = X.T.dot(X)/X.shape[0] SVINe X
Ucov, , = np.linalg.svd(cov) Compute covariance matrix
X reduced = X.dot(U cov[:, :k]) \
SVD for covariance matrix
SVINe A

Projection to the first k cols of U
PCA for X where k is the number of featur
that you want to reserve
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Convolutional Neural Network



Convolution

W 1d convolution (continuous):

s(t) = /.1'((1)11’(t —a)da s(t) = (z x w)(t)

W {  1dconvolution(discrete):

s[t] = (z * w)(t) = f: z[a]wlt — al jﬂ_ﬁ] ° =°TTO)°° ﬂ ‘

a=—0C




4 Convolution

Example: 1000x1000 image
1M hidden units

Filter size: 10x10
100M parameters

Filter/Kernel/Receptive field:
input patch which the hidden unit is
connected to.

For a 2-D image H and a 2-D kernel F,
* Convolution Operator: G = H % F

Gli, j] = Z Z H[u v]F[i — u,j — v]

u=-—k v=



Random Vectors in High Dimensiol L

APick twoi.i.d. n-dimensional Gaussian N(0,I) X, Y

n Ne T H @
As n becomes large, X and Y are nearly orthogonal (i@ )
n ~ Ha '

APick twopoints X, Y uniformly randomly fromdimensional unit sphere
n " Ne T H @
Asn becomes large, X and Y are nearly orthogonal (i.é}to )
n ~ Ha '
AFor two points X, Y, if Gy is far away from 0, they must be highly correlated.
ohd b 0 X,Y

High dimension phenomenanot true in low dimensions @ Ty b



Basic architecture

input Conv+RelU pooling

;Zm 10
/ " 10 classes

12

FC

“

Example Architecture: OvervieMve will go into more details below, but a sim@envNetfor CIFARLO classification could have the architecture [INRICODN\
RELU POOL: FC]. In more detalil:

INPUT [32x32x3] will hold the raw pixel values of the image, in this case an image of width 32, height 32, and witlotluleatadls R,G,B.

CONV layer will compute the output of neurons that are connected to local regions in the input, each computing a doth@tekert their weights and the
region they are connected to in the input volume. This may result in volume such as [32x32x12].

RELU layer will apply an elementwise activation function, such asalé,x)max(0,xXhresholding at zero. This leaves theesi# the volume unchanged
([32x32x12]).

POOL layer will performa@downsamplingoperation along the spatial dimensions (width, height), resulting in volume such as [16x16x12].

FC (i.e. fulhiconnected) layer will compute the class scores, resulting in volume of size [1x1x10], where each of the 18 namdsgrond to a class score, such as
among the 10 categories of CIFAR As with ordinary Neural Networks and as the name implies, each neuron in this layerooilingeted to all the numbers in

the previous volume. http://cs231n.qgithub.io/convolutionahetworks/



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

A depth column

%\f>QOOOO

Receptive
field

A depth slice (share the samenvfilter ™ |, |
v  Zero padding the boundary of input

"O size of receptive field
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Pooling Layer

224x224x64 | |
112x112x64 Single depth slice
A
L dlil1]2]4
max pool with 2x2 filters
5|6 | 7| 8| andstride? 6| 8
l [ 3 | 2 D 3| 4
11 2 EERES
224 _ ;112
S downsampling
112 .
224 7

-fractional pooling: randomized php clt phc ¢ poolingNe pooling
-all convolutional Nefj ) pooling



Grad flow
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A Hierarchy of Features

AToy training images




AHierarchy of Features




A Hierarchy of Features
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Visualizing CNN
4 -
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DeCOHVNet and VlsuaIIZIng CNtNND.ZeiIerand RolFergus]

Deconva ReLUayer
L et et " [ P
s AN Max Pooling Q)t O
Max Unpooling @ 6—\w
Unpooled Maps Rectified Feature Maps Re LU
Rectified Linear VAN Rectified Linear fl |ter
Function N4 Function . . . e
Rectified Unpooled Maps S {— If the gate is activated, the previous layett 'O
Convolutional Convolutional .. . . .
Filtering (F}  J | Filtering {F} In fact, this is a convolution operation again

Reconstruction

Layer Below Pooled Maps

i & [4%{&% - /
Reconstruction .

[3 Pooling ﬁ\\
Max Locations .
“Switches” :l cﬁ% \
| % / 0
Unpooled Rectified . " . .
Maps Feature Maps “ Conv filter'Q(vertically & horizontally reversed)

Try to figure this by yourself!
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T-SN Ef.van der Maaten Hinton]

At-distributed stochastic
neighborembedding

A A nonlinear dimension
reduction

AThinkthe CNN code of an
Image asts featurevector [
(highly nonlinear features) g

ATwo images are closer if %
their CNN codes are closefg &+
In the feature space ireis
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Some popular CNN architectures
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LeNet(Lecunr98)

C3: 1. maps 16@10x10
C1: feature maps S4:1 mapc 16@5x5

INPUT
60026x28
oy rr 3, e layer OUTPUT

‘ Full conl*ecnon | Gaussuan connections
Convolutions Subsampling Convolut:one Subsampllng Full connection

Lenet-5 (Lecun-98), Convolutional Neural Network for digits recognition



Alexnet

* Similar framework to LeCun’98 but:
* Bigger model (7 hidden layers, 650,000 units, 60,000,000 params)
* More data (10° vs. 10? images)
* GPU implementation (50x speedup over CPU)
* Trained on two GPUs for a week

sos \dense

<" y, Y, i :
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A. Krizhevsky, . Sutskever, and G. Hinton,
ImageNet Classification with Deep Convolutional Neural Networks, NIPS 2012

Ahttps://github.com/BVLC/caffe/tree/master/models/bvic_alexnet




VGGNet [SimonyanZissermah 16-layer _?.5% _;.4%

19-layer 7.5% 7.3%
model fusion 7.1% 7.0%

Top5 error in ImageNet (1000 classes)

Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the nght (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv{receptive field size}-{number of channels}™.

D24 w232 =3 A4 23464

The ReL.U activation function 15 not shown for brevity.
ConvNet Configuration
= G = 206 A A-LRN B c D E
. 98 5 28 % 512 T Tx512 1 ]l v.jeighl 11 u.:eight 13 weight 16 weight 16 u.:ei@t 19 v.jeight
P ayers layers layers layers layers layers
A l4x14=x 512 1 1 L
W_ x 1% 4096 11 x 1000 i (20T 5 P31 ROB twage)

' ' conv3I-6d | convi-6d | com3-64 | comv3-64 | comv3-6d | comvi-6d
LRN convi-6d conv 3-64 conwv 3-64 conw 3-64

[
conv3-128 | comv3-128 | cornv3-128 | comv3-128 | conv3-128 | conv3-128
ﬁ] convolution+ReL U conv3-128 | comv3-128 | comv3-128 ‘ convi-128

i ling maxpoot
() max pooling conv3-256 | com3-256 | comv3-256 | comv3-256 | comv3-I56 | com3-156
| fully connected-+RelU cotw3-256 | comv3-256 | conv3-256 | comv3-256 | comv3-256 | comnv3-236
- P — convl-256 | comv3-256 | conv3-136
. conv3-256

maxpoo]
comw3-5312 | comv3-512 | corwv3-512 | comv3-512 | comv3-512 | comv3-512

corw3-512 | comv3-512 | corw3-512 | comv3-512 | comv3-512 | convi-312
convl-512 | conv3-512 | comv3-512

VGG16 com- 53

maxpool
ooiw3-312 | comv3-512 | corwi3-312 | comv3-512 | comv3-512 | convi-312
oow3-5312 | comv3-512 | corw3-512 | comv3-512 | comv3-512 | convi-312
convl-512 | conv3-512 | comnv3-512
conv3-512

maxpool
FC-3096

FC-4096
FC-1000

A Implemented inCaffe =
A You can downloathe weight fromhttp://www.robots.ox.ac.uk/~vgg/research/very deép
A In Tensorflow https://www.cs.toronto.edu/~frossard/post/vgg16/



http://www.robots.ox.ac.uk/~vgg/research/very_deep/

G OOg I e N eTSzegedyet al.]
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//github.com/BVLC/caffe/tree/master/models/bvic_googlenet
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ResNetfHe et al. |

- "Wy
% || £ S6-layer
g 20-layer
'éﬁ S6-layer
g

20-layer

test error (%)

4 5 f [ 1

" iter. (led) ' ter. (led)

Figure 1. Training error (left) and test error (right) on CIFAR-10
with 20-layer and 56-layer “plain” networks. The deeper network
has higher training error, and thus test error. Similar phenomena
on ImageNet is presented in Fig. 4.



ReS N etl—le et al.]

Stack many plain layers may even increase the trainingl@mwor v ¥
ResNet %
X
i v
WEIgh_t layer weight layer
relu relu
F(x) I . ]
weight layer weight layer

identity
| %)relu

We hypothesidO w is close taw

More generallywy "Qow }) o
where"Ocan be a general functione® ] w w in above



VGG-19 34-layer plain 34-layer residual

P . T T Stride=2 output size halves
shye: 124 -
e (A) The shortcut still performs identity mapping, with extra zero entries padded for increasing
o " dimensions. This option introduces no extra parameter; (B) The projection shortcut in Eqn.(2) is used to
' match dimensions (done by 1x1 convolutions). For both options, when the shortcuts gojacross feature
| s | | premsai | | etz | maps of two sizes, they are performed with a stride of 2.
output e %
w5 [ amms | T ’ ”n Nt € \
e W Qaw}) wow
¥ ¥
EC [ — | —
[ hju;m.ﬁl ] .
| m.:'.:uu | W
cotout peal, f2 | zacony, 12,2 |
el Mu:n.su ] [ Mu:nm ]
e [ hau:m. 128 |
[(wecmsz | [ mﬂ:m ETI
[ sdcm sz | [ ssdcom, 18|
¥ [
[ i | . \
Tw] Stride=2 w
L 33 canv, 128 ] [ 1, |
st poct 2 [Gecmsan | [Socmmsen |
ol o _ || Stride=2
[[eomsz | [ ] [ |
[[(weomsz | | | | | 28
[ adcome sz | [ | [ ] 4
28
Q
Z0O
128
cutaut pn:[.fi

sz 7

Figure 3. Example network architectures for ImageNet. Left: the
VGG-19 model [41] (19.6 billion FLOPs) as a reference. Mid-
dle: a plain network with 34 parameter layers (3.6 billion FLOPs).
Right: a residual network with 34 parameter layers (3.6 billion
FLOPs). The dotted shortcuts increase dimensions. Table 1 shows
more details and other variants.

prary [ = ]
srel
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1 e 1 .
S
B4 -—— - - - - gt ——-—-—- B - --—- - - - - - -
g

30 —_— — — — — e e

ResNet-18
—ResNet-34 34-layer
zﬂﬂ 10 20 30 40 50 2I|]'EI 10 20 30 40 50
jter. (1e4)

iter. (led)
Figure 4. Training on ImageNet. Thin curves denote training error, and bold curves denote validation error of the center crops. Left: plain

networks of 18 and 34 layers. Right: ResNets of 18 and 34 layers. In this plot, the residual networks have no extra parameter compared to
their plain counterparts.



ResNet

Ahttps:// github.com/KaimingHe/deepesidualnetworks

AA later improved model has 1000 layers


https://github.com/KaimingHe/deep-residual-networks

Fractal Net arsson et al ]

AThe network is defined recursively

H
f1(z) = conv(z)

foy1(z) = [(fec o fe)(z)] @ [conv(z)]

o denotes composition and @ a join operation

A Instead of adding shortcuEracNetprovides a
combination of short and long paths

L N\

A neural information processing pathway

Fractal Expansion Rule : z T
2 . : , \
E Block 1
El ' #
uﬁﬂ ; E Block 2
< ¥
=
== . Block 3
felz) fenl(z) %I
! Block 4
Layer Key == T
_____________ 5
: 3 Convolution : Block 5
! 3 Jain ' ¥
' 3 Poal ' | = ¥ : ?
i

fa(2)

Figure 1: Fractal architecture. Lefi: A simple expansion rule generates a fractal architecture with
" intertwined columns. The base case, fy(z), has a single layer of the chosen type (. g. convolutional)
between input and output. Join layers compute element=wise mean. Righi: Deep convolutional
networks periodically reduce spatial resolution via pooling. A fractal version uses f as a building
block between pooling layers. Stacking B such blocks yields a network whose total depth, measured
in terms of convolution layers, is [ - 2%~ This example has depth 40 (B = 5, C = 4).



Fractal Net

ADrop-path: a generalization of dropowtropout
1§

' ' ! !

Iteration #1 Iteration #2 Iteration #3 Iteration #4
(Local) (Global) (Local) (Global)

Figure 2: Drop-path. A fractal network block functions with some connections between layers
disabled, provided some path from input to output is still available. Drop-path guarantees at least one
such path, while sampling a subnetwork with many other paths disabled. During training, presenting
a different active subnetwork to each mini-batch prevents co-adaptation of parallel paths. A global
sampling strategy returns a single column as a subnetwork. Alternating it with local sampling
encourages the development of individual columns as performant stand-alone subnetworks.



Performance

Method C100 C100+ C100++ C10 C10+ Cl10++ SVHN
Network in Network [ 1] 35.68 | - - 10.41 | 8.81 - 2.35
Generalized Pooling [ 7] 32.37 | - - 7.62 , 6.05 - 1.69
Recurrent CNN [ 9] 31.75 1 - - 8.69 1 7.09 - 1.77
Competitive Multi-scale [20] 27.56 : - = 6.87 : = - 1.76
FitNet [27] -, 35.04 - -, 839 - 2.42
Deeply Supervised [ | #] - 1 3457 - 9.69 1+ 797 - 1.92
All-CNN [20] - : 33.71 - 0.08 : 7.25 4.41 -
Highway Network [ 1] -, 3239 - -, 172 - -
ELU [Z] - I 2428 - - 1 6.55 - -
Scalable BO [2Y] - : - 27.04 - : - 6.37 1.77
Fractional Max-Pooling [5] - - 26.32 -, - 3.47 -
FitResNet (LSUV) [23] -, 2766 - -, 584 - -
ResNet [¥] - - - - 1 661 - -
ResNet (reported by [11]) 44.76 : 27.22 - 13.63 : 6.41 - 2.01
ResNet: Stochastic Depth [11] | 37.80 , 24.58 - 11.66 , 5.23 - 1.75
ResNet: Identity Mapping [Y] - 1 2268 - - 1 469 - -
ResNet in ResNet [ 1] - : 22.90 - - : 5.01 - -
FractalNet 35.34 ' 23.30 2285 | 10.18 ' 5.22 5.11 2.01
FractalNet+dropout/drop-path | 28.20 | 23.73 2336 | 7.33, 460 459 | 1.87
L Deepest column alone 2905 1 2432 2360 | 7.27 1 4.68 4.63 1.89

Table 1: CIFAR-100/CIFAR-10/SVHN. We compare test error (%) with other leading methods,
trained with either no data augmentation, translation/mirroring (+), or more substantial augmentation
(++). Our main point of comparison is ResNet. We closely match its state-of-the-art results using
data augmentation, and outperform it by large margins without data augmentation. Training with
drop-path, we can extract from FractalNet simple single-column networks that are highly competitive.



Stochastic Depthivang et al ]

A ResNet 3 Very deep residual network: very hard and very slow to train
A ldea: randomly drop a subset of layers (treating them as Identity) (for eackbatiti) W’
) [ "

A Allow one to go beyond 1200 layers

1.0 0.9 0.8 0.7 0.6 0.5

N :survival
probabilities

Input

Fig. 2. The linear decay of p; illustrated on a ResNet with stochastic depth for pp=1
and pr = 0.5. Conceptually, we treat the input to the first ResBlock as Hp, which is
always active.



Stochastic Depth

Ahttps://github.com/yueatsprograms/Stochastic_Depth

Table 1. Test error (%) of ResNets trained with stochastic depth compared to other
most competitive methods previously published (whenever available). A ”"+” in the
name denotes standard data augmentation. ResNet with constant depth refers to our
reproduction of the experiments by He et al.

CIFAR10+4+ CIFAR100+ SVHN ImageNet

Maxout [21] 9.38 - 2.47 -
DropConnect [20] 9.32 - 1.94 - Table 2. Training time comparison on benchmark datasets.
Net in Net [24] 8.81 - 2.35 -
Deeply Supervised [13] 7.97 - 1.92 33.70 CIFAR].O—l— CIFAR].UO"— SVHN
Frac. Pool [25] - 27.62 - -
All-CNN (6] 7.25 - - 41.20 Constant Depth 20h 42m 20h 51m 33h 43m
Learning Activation [26] 7.51 30.83 - - Stochastic Depth 15h Tm 15h 20m 25h 33m
R-CNN [27] 7.00 ; 1.77 _
Scalable BO [28] 6.37 27.40 1.77 -
Highway Network [29] 7.60 32.24 - -
Gen. Pool [30] 6.05 - 1.69  28.02
ResNet with constant depth 6.41 27.76 1.80 21.78

ResNet with stochastic depth 5.25 24.98 1.75 21.98




Applications



E Image ReconstructiQmnendranvedaidzo14

Find an image such that:
- Its code is similar to a given code
- It “looks natural” (image prior regularization)

x* = argmin £(®(x),Py) + AR(x)

XERH XW xC

2(x), o) = [|2(x) — Po*

Y(@)ANBE I dzf F NAT SNJ 02 Sy O2dzNy 3S dayl GdzNF f A
Y ol (egl o

Y @) B ((cbﬁ &) (o c;o))T



E ImageReconstruction

Understanding Deep Image Representations by Inverting Them
[Mahendran and Vedaldi, 2014]

original image

reconstructions
from the 1000
log probabilities
for ImageNet
(ILSVRC)
classes



E ImageReconstruction

Reconstructions from the representation after last last pooling layer
(immediately before the first Fully Connected layer)




E ImageReconstruction

Reconstructions from intermediate layers




E Image Reconstruction

Ahttps://github.com/aravindhm/deepgoggle
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inception_4c/output




Deep Dream

IDEA: if a neuyon is achwsted, actrate o e |
Acaffe

e do Nt have & loss umadiv

DeepDream set dx x)

def

dst.diff[:] = dst.data
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def make step(net, step size=1.5, end=" 1ncept10n 4c/0utput' ) N J J

jitter=32, clip=True, obJecftve—ob]'Ecnve 12)
‘''Basic gradient ascent step.'''

src = net.blobs['data'] # input image is stored in Net's 'data' blob

dst = net.blobs[end]

ox, oy = np.random.randint(-jitter, jitter+l, 2)

src.data[@] = np.roll(np.roll{src.dataf@], ox, -1}, oy, -2) # apply jitter shift \ J{ &
T Non V& U~€.5 o eh

net.forward(end=end) < & Porwavd Ccom petubing k”f dota) o QM{) Lue ‘5e+ chva

objective(dst) # specify the optimization objective

net.backward(start=end) ¢ backind (owpdabln  ISHrt from end” jitter regularizer

g = src.adiff[a] : i

# apply normalized ascent step to the input image ; ¥

src.data[:] += step_size/np.abs(g).mean() * g “image update” Dhta mrfhﬁ 3 U\S&'ﬁ“

src.data[@] = np.roll(np.roll(src.dataf[®], -ox, -1), -oy, -2) # unshift image

if clip:
bias = net.transformer.mean['data']
src.datal[:] = np.clip(src.data, -bias, 255-bias)



Deep Dream

inception_4c/output
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DeepDrec




Deep Dream

inception_3b/5x5_reduce

DeepDream modifies the image in a way that “boosts” all activations, at any layer
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Neuralstyle

1. Try to match the content from the original figute /
2. Try to match the style from the art woik b

k Correlation of filter response

A\l 4




Neuralstyle
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Input image i Q

Laylerodall response can be stored in tensgr
flatten it into"ON Y 0 Q
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Neuralstyle

(find an image)
Y\ p Matching the content. o o

loss:0 My -B (O 1)

N given input imagewgywe want to generategy a layera
"O dfeature representation ofoin layerd
N dfeature representation ofy in layera

How to getos? A P il 2
initially wN white noise
iterate GD (the network is fixed, buitis variable. So 0 is welldefined
wN w _ U



Neuralstyle

5 Q
\ Matching the style
" Feature Correlatior!Q o e © o | |0
ON Y
P Loss function:
6 (W B 17 —B (O o)

adart work,ax we want to generat@, dweight for layers
"O dfeature correlation fory 0 dfeature correlatiorfor the art work
W Training Is the same (start frommwte noise)

Overall lossd  (Rhddwy) | O "Ry 10 e



Neuralstyle

Style Reconstructions ]

Input image L>

Content Reconstructions

Style
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Content
Representations
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Convolutional Neural Network
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More focus on style More focus on content Y Different| 7 value

Neuralstyle ) = © >

/ Sty|e more

Local
Which style layer to
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Field

Style more
global



