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ODbject Detection

Practically:

The task of assigning a label and a bounding box to all objects in an image

‘ ” ! gerkin(5.92)

tabasco(s 05)

— 5 - | .
avosagavoeadpepper(8.73)
Sl @ ‘

1
orangeJuice(?.54)pe,(3_24) E
‘to‘malO(.S.O)

i mIlk(GA)'i'ka '85{!
Wioma o. 31 ?

) gerkin15.67)§

[P avaead(tomato(9.5)" =

|
| AW» '
epper ater
\ -

IIT Bombay, Perceptive Code LLC



Data: The oll driving object detection research

Object Detection datasets

Common Objects in Context I M ;i G E

200,000 images and 80 object Detection: 500,000 images and
categories 200 object categories

Google Open

Images v4
15,440,132 boxes on 600

(‘.atpgnripq
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ODbject Detection

Computer Vision Tasks

Classification ~ Classiication o0 ¢ Detection instance

+ Localization

Segmentation
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Classification

22 F2 3 T34 x 224 x Gd

DOG

112 x[112 % 128

O D6 = 206
z - =
28 x 2= 512 TR T Al

, W 1x1%4096_1x1x1000 1000 class Scores

B convolution+ReL.UT
[’ A max pooling

| fully connected4+Real.L

| softmax
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Classification + Localization

DOG

22 F2 3 T34 x 224 x Gd

112 x]|112 x 128

| DG = 2006
"J 28 % 2E w512

(P «

r’:‘]::l

T=T x;l

;I lexlexy 12 13 1 % D96

omvolution+ReL
ax 1 ng
fully connected+Rel.lJ

| softmax

Treat localization as a
regression problem

1000 class scores

/

FC: 4096-->1000

FC: 4096-->4

\

4 box coordinates
(X, y, w, h)
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Classification + Localization

DOG

22 F2 3 T34 x 224 x Gd

28 w 28 x 512 7xTx512
Pdxldn 212 | 1% 14096

B convolution+ReL1S

|" A max pooling
fully connected+Rel.lJ

| softmax

Treat localization as a
regression problem

Correct Class: Dog

|

1000 class scores

/‘ N

Softmax Cross
Entropy Loss

FC: 4096-->1000

MULTITASK LOSS

FC: 4096-->4

— Loss

\

4 box coordinates— "]

(X, y, w, h)

L2 Loss

T

Correct box

(xa. va. waqg, ha)
\ T T ~J7
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Classification + Localization

How would you do it
for multiple objects? corredt Cll 0o

1000 class scores

/ —_— Softmax Cross

22 F2 3 T34 x 224 x Gd

Entropy Loss

DOG

FC: 4096-->1000
T ool

M x1dn 212 | 1x1 %4096
MULTITASK LOSS > Loss

ﬂ convolution+ReL1S

|" ‘-1 max pooling FC: 4096-->4

fully connected+Rel.lJ
| softmax \

. L2 Loss
4 box coordinates— "]

(X, y, w, h)
T

Treat localization as a
regression problem Correct box

(xa. va. wa. ha)
AY T IT T 7
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ODbject Detection

Classification + bounding box regression for multiple boxes

IIT Bombay, Perceptive Code LLC



ODbject Detection

Brute force approach - run a classifier for every possible box
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ODbject Detection

Brute force approach - run a classifier for every possible box with a sliding window

. Detection window

Histograms of Oriented Gradients for Human Detection Dalal and Triggs 2005
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ODbject Detection

Brute force approach - run a classifier for every possible box with a sliding window at every
scale on an image pyramid

. Detection window

Scale-space pyramid

Image is resized several times to

Detection window capture all possible scales

Histograms of Oriented Gradients for Human Detection Dalal and Triggs 2005
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ODbject Detection

Brute force approach - run a classifier for every possible box with a sliding window at every
scale on an image pyramid

. Detection window

Scale-space pyramid

Image is resized several times to

Detection window capture all possible scales

Very slow, unfeasible if your
classifier is heavy

IIT Bombay, Perceptive Code LLC

Histograms of Oriented Gradients for Human Detection Dalal and Triggs 2005




ODbject Detection

Smarter approach?
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ODbject Detection

Smarter approach - run classifier for region proposals or boxes likely to contain objects
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ODbject Detection

Smarter approach - run classifier for region proposals or boxes likely to contain objects

® How to reduce number of boxes?
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ODbject Detection

Smarter approach - run classifier for region proposals or boxes likely to contain objects

® How to reduce number of boxes?

e Find ‘blobby’ image regions which are likely to contain objects
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ODbject Detection

Smarter approach - run classifier for region proposals or boxes likely to contain objects

® How to reduce number of boxes?

e Find ‘blobby’ image regions which are likely to contain objects

e C(lass-agnostic object detector - “Region Proposals”
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Region Proposals

Greedily combine sub-segmentation to produce larger candidate object locations

Input Image

Selective Search for Object Recognition, Uijlings et al (2013)
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Region Proposals

Greedily combine sub-segmentation to produce larger candidate object locations

Candidate object
locations

v
Extract HOG features
over windows

A

Input Image
Run Linear SVM classifier

A

Run post-processing

(Non-Maximum
Selective Search for Object Recognition, Uijlings et al (2013) Suppression)
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mean Average Precision (mAP)

10%

Pre deep learning
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17%
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23% A
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mean Average Precision (mAP)
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Post deep learning

2006

17%

DPM

2007

23% A

A DPM,
DPM, MKL
HOG+
BOW
2008 2009

0
A62/o

81.3%

52% R-CNN v2
R-CNN v1
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R-CNN

Rich feature hierarchies for accurate object detection and semantic segmentation, Girshick et al (2013)

R-CNN: Regions with CNN features

== aeroplane? no.
= <
ﬁ person? yes.
) B : . tvmonitor? no.
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

SVM classifier

Exactly the same as Selective Search, except for CNN features instead of HOG
https://arxiv.org/abs/1311.2524
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https://arxiv.org/abs/1311.2524

R-CNN: Problems

Ad hoc training objectives
Fine-tune network with softmax classifier (log loss
Train post-hoc linear SVMs (hinge loss) [Bboxreg [[svms | E 2
Train post-hoc bounding-box regressions (least
squares)

Training is slow (84h), takes a lot of disk space

Inference (detection) is slow
47s [/ image with VGG16 [Simonyan & Zisserman.

ICLR15]
Fixed by SPP-net [He et al. ECCV14]

Bbox reg l"SVMS
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Fast R-CNN: Region Proposals in Feature Space

Outputs: b b OX
N \ . softmax regressor

a ;

g Rol Lich s FC
3 pooling

\ layer FCs

B N

F- Conv Rol feature

featu re map vector For each Rol
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Fast R-CNN: ROI Pooling

input

0.86 0.88

https://deepsense.ai/region-of-interest-pooling-explained/
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https://deepsense.ai/region-of-interest-pooling-explained/

Fast R-CNN: ROI Pooling

region proposal

pooling sections

0.86 0.88

0.86 0.88 0.86 0.88

https://deepsense.ai/region-of-interest-pooling-explained/

0.97
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https://deepsense.ai/region-of-interest-pooling-explained/

Fast R-CNN

2000 region proposalos

s i bbox

BE= <P 5 softmax regressor
AR RN S B0 | ConvNet C .
s M &k I
| ] RS | pooling
N\ -7, ( - laverm'ﬁfﬁ"
5 7 Ve |——projection<_

W Conv | Rol feature
feature map vector For each Rol
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Non Maximum Suppression

Remove boxes with high overlap but lower score

: e Discard boxes with softmax_output<confidence_threshold
fH e Sort boxes in descending order of confidence
e e For box in sorted(box_list)

o Discard all boxes with 1oU>0.5 with box

Before non-max suppression After non-max suppression

Non-Max
Suppression

IIT Bombay, Perceptive Code LLC



Region Proposals

Test time (seconds)

Tral n I ng tl me (HOU rS) B Including Region propos... [l Excluding Region Propo...
R-CNN R-CNN
SPP-Net 4.3
SPP-Net 23

Fast R-CNN 8.75

Fast R-CNN . e
0 25 50 75 100 0.32

0 15 30 45 60
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Region Proposals

Maximum time still taken by Region proposal generation

Test time (seconds)

Tl'al nlng tlme (HOU rS) B Including Region propos... [l Excluding Region Propo...
R-CNN R-CNN
SPP-Net 4.3
SPP-Net 23
Fast R-CNN 8.75
g 23
Fast R-CNN [ .
U.o4

0 25 50 75 100

0 15 30 45 60
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Faster R-CNN

Faster R-CNN: Use a CNN for region proposals

classifier

Trained to regress -
2400x

4 Box coordinates
2 objectness scores
pmpoy ' /

Region Proposal Network

Rol pooling

feature maps

\ Core network computation shared
conv layers / by RPN and C|aSSIerr head

y| e https://arxiv.org/abs/1506.01497

—
—— AT
——

e
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https://arxiv.org/abs/1506.01497

Region Proposals using CNN

At each uniformly sampled grid cell, set of anchor boxes with different aspect ratios and

scales
For anchors, we use 3 scales with box areas of 1282 ,
2562 , and 5122 pixels, and 3 aspect ratios of 1:1, 1:2,
and 2:1.
| 2k scores 4k coordinates | < k anchor I':'”-‘["'-*
cix layer reg laver . For each anchor box
‘ f ‘ _ e Regress to a final box with 4
| 356d | numbers: (dx, dy, dh, dw)
: * e Predict 2 objectness scores
intermediate layer . .
t — (including background as a
| . | separate class)

https://arxiv.org/abs/1506.01497

shding window

- conv featurs map ,
IIT Bombay, Perceptive Code LLC


https://arxiv.org/abs/1506.01497

Faster R-CNN

3:1 negative:positive boxes selected
for training classifier

Runs at 200 ms per image
) classifier
Trained to regress
2400x 20000x
4 Box coordinates

2 objectness scores

Rol pooling

propoy | /
Region Proposal Network,
'c;mu'c maps

\ Core network computation shared
conv layers / by RPN and C|aSSIerI’ head

i A https://arxiv.org/abs/1506.01497
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https://arxiv.org/abs/1506.01497

Faster R-CNN

classifier

Trained to regress
4 Box coordinates '
2 objectness scores \ Rol pooling
— y /
Region Proposal Network

conv layers /

4
P

Can this be further simplified?

IIT Bombay, Perceptive Code LLC



Faster R-CNN

) classifier
Trained to regress

4 Box coordinates '
2 objectness scores \ Rol pooling
1 class score
propoy /
Region Proposal Network
'cuturc mups

conv layers

y 4

4
P

Compress into single stage -
Remove region-based

computation
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Single Stage Object Detection

YOLO: You Only Look Once & SSD: Single Shot Multibox Detector

Directly estimate box coordinates and class scores

VGG-16

Extra Feature Layers
|

_ through Conv5_3 layer Classifler ; Conv: 3x3x(4x(Classes +4)) o [ ]
“ & c
L p Classifier : Conv: 3x3x(6x(Classes+4)) g 2
I~ ~ o =
b S o |8
I e —y === 5
w | & |8
|
a A N . & ® | 74.3mAP
o image : | =3} g 59FPS
| | Carwd_3 Canvé Carn? Conv: 3x3x(d4x{Classes+4)) | @ £
| (FCB) (FCT) = 45
300 | = E
| I 3] [1y]
At | 38 @ =
N | 19 19 - T
\ = _ =
3 AY : S E
\\| _______ 512 | ] 1024 | 1024 258 5 o | L
Conv: 3x31024 Conv: 1x1x1024 Conv: 1x1x256 Conv: 1x1x128 Corwv: 141x128 Conv: 1x1x128
Comv: 3x3x512-52 Corwv: 3x3x256-52 Corwv: 303@56-51 Corw: 3x3x256-s1
c
w Q
\ | | g 5
YOLO Customized Architecture T &
= a
& |s
S o @ |63.4mAP
o i E| 45FPS
> ] =
S E
s 8
L =
815
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YOLO: You Only Look Once

1. Resize image.
2. Run convolutional network.
3. Threshold detections.

https://arxiv.org/abs/1506.02640
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YOLO: You Only Look Once

e Split the image into a grid

e Each cell predicts boxes and confidences

P(Object) d

1l [N

m A
==

[E===__ a0

https://arxiv.org/abs/1506.02640




YOLO: You Only Look Once

e Split the image into a grid

e Each cell predicts boxes and confidences
P(Object)

f—*‘-“"!'-m.k\‘”

https://arxiv.org/abs/1506.02640




YOLO: You Only Look Once

¥ - v . ¥ WA -~
. A 3 %

e Split the image into a grid

e FEach cell predicts boxes and confidences [ m— |
P(Object) i + 1T

i
|
.
o
M]'
'l
-

https://arxiv.org/abs/1506.02640 e M

PSR
LN I

T T T TR O N T e T U0



YOLO: You Only Look Once

Car

Bicycle

e Split the image into a grid

e Each cell predicts boxes and confidences
P(Object)

e FEach cell also predicts a class probability

Conditioned on object: P(Car | Object)

Dog

https://arxiv.org/abs/1506.02640




YOLO: You Only Look Once

Split the image into a grid

Each cell predicts boxes and confidences
P(Object)

Each cell also predicts a class probability

Then box and class predictions are
combined




YOLO: You Only Look Once

Split the image into a grid

Each cell predicts boxes and confidences
P(Object)

Each cell also predicts a class probability

Then box and class predictions are
combined

Followed by NMS




YOLO: You Only Look Once output space

Each cell predicts:

- For each bounding box:

e 4 coordinates (x,y, w, h)
e 1 confidence value

- Some number of class probabilities

For Pascal VOC:
- 7x7 grid
- 2 bounding boxes / cell

- 20 classes

7x7x(2x5+20)=7x7x30tensor =1470 outputs

https://arxiv.org/abs/1506.02640

=

N I T N %
% % 0%, % o, % % %,
%, S
00 e
v

1st - 5th 6th - 10th 11th - 30th
Box #1 Box #2 Class Probabilities
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SSD: Single Shot Multibox Detector
Like YOLO, but predicts using a multi-scale pyramidal feature hierarchy

Exira Feature Layers

VEGE-16 I' 1 -,
I."_____E_ 5—-EI—E|"I—E»,F Classfer - Comme Qx4 Clasnes+d)
\ IH“H : 1"1 Classifier : Conv: Jxku(BaClasses+4}) 5 s
I By 'a.‘%
g ——— - - =
- i | i 4 & g
|
E I : - : L T , E ::} W |74 3ImAP
@ ™ || | = §| seFPs
| : e | | Fon For ‘ : Cor: Jx3njdx Classes+4)) E g
il L : : Corwi_F A £
\ N, : e : T L . 3 Corfii 3 - E i
E| e 1 ;
-""-ll _______ i I #2124 1024 512 =g, e E E

|
Com Zadu 124 Comv- 1211024 Conw: 1215256 Com: 1xix128 G Ix1x1Z8 Cony: 1xix128
Cony: IxZaG12-52 Come I2Ses? Compe JE2IEE-51  Cony: 3dx256-51

httne //arviv or
L lLLP\J-’IMl 7\1 \W 4 |

\'
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Performance metrics for Object Detection




Performance metrics for Object Detection

e |oU
® Precision and Recall

® [Mean Average Precision (mAP)




Performance metrics for Object Detection

loU (intersection over union): Measure of box similarity

Area of overlap / area of
Poor Good Excellent U nion

IT Bombay, Perceptive Code LLC



relevant elements

Performance metrics for Object Detection |

false negatives true negatives

Precision: what percentage of your positive true positives | false positives
predictions are correct

Recall: what percentage of ground truth objects

selected elements

were found
How many selected How many relevant
iterms are relevant? items are selected?
Precision = ———— Recall = —

»




Performance metrics for Object Detection

Mean Average Precision (mAP) for object detection

Step 1: Sort predictions according
to confidence (usually classifier’s

output after softmax) 0.91
Step 2: Calculate lIoU of every Z:Z
predicted box with every ground 0.81
truth box 0.77

0.65
Step 3: Match predictions to ground 0.56
truth using loU, correct predictions 0.40
are those with loU > threshold 0.32

(typically 0.5) 031

!!!!!!!!II“!!!II!!I!!II

1 TRUE
2 TRUE
3 FALSE
4 TRUE
5 FALSE
6 TRUE
7 TRUE
8 FALSE
9 FALSE
10 TRUE
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Performance metrics for Object Detection

Total number of

Mean Average Precision (mAP) for object detection ground truth boxes = 6
Step 4: Calculate precision and
recall at every row 0.91 1 TRUE 1.00  0.17
0.87 2 TRUE 1.00 0.33
Step 5: Take the mean of maximum 0.83 3 FALSE 0.67  0.33
precision at 11 recall values {0.0, 0.81 4 TRUE 0.75  0.50
O 1 1 O) tO get AP 0.77 5 FALSE 0.60 0.50
, 0.65 6 TRUE 0.67 0.67
Step 6: Average across all classes 0.56 7 TRUE 071  0.83
0.32 9 FALSE 0.56 0.83

0.31 10 TRUE 0.67 1.00
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Precision and Recall curve

Precision vs Recall

1.00

0.50

Precision

0.25

0.00
0.00 0.25 0.50 0.75 1.00

Recall
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Precision and Recall curve

Precision vs Recall
1.00

0.50

Precision

0.25 AP

0.00
0.00 0.25 0.50 0.75 1.00

Recall
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Anchor free box prediction

Directly predict (dx, dy, w, h) at each grid cell

o —» Like YOLO (which does this 2x)

Center of grid cell is center of bbox :' o i e i i :;;lllgm
'“!Iliml a\‘\iIII-L m isii il!!

= B--IIII

Harder problem, as output space has higher

u\l

variance




Anchored box prediction

At each uniformly sampled grid cell, set of anchor boxes with different aspect ratios and

scales

| 2k scores 4k coordinates |

cix layer ‘ f reg laver

| 256-d |

intermediate layer

0\

shding window

conv feature meLp

<

k anchor boxes

=

Faster R-CNN: For anchors, we
use 3 scales with box areas of
128, 256, and 512 pixels, and 3
aspect ratios of 1:1, 1:2, and
2:1.

For each anchor box

e Regress to a final box with 4
numbers: (dx, dy, dw, dh)

e Predict 2 objectness scores
(including background as a
separate class)

_ https://arxiv.org/abs/1506.01497
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SSD: Single Shot Multibox Detector
Like YOLO, but predicts using a multi-scale pyramidal feature hierarchy

Exira Feature Layers

VEGE-16 I' 1 -,
I."_____E_ 5—-EI—E|"I—E»,F Classfer - Comme Qx4 Clasnes+d)
\ IH“H : 1"1 Classifier : Conv: Jxku(BaClasses+4}) 5 s
I By 'a.‘%
g ——— - - =
- i | i 4 & g
|
E I : - : L T , E ::} W |74 3ImAP
@ ™ || | = §| seFPs
| : e | | Fon For ‘ : Cor: Jx3njdx Classes+4)) E g
il L : : Corwi_F A £
\ N, : e : T L . 3 Corfii 3 - E i
E| e 1 ;
-""-ll _______ i I #2124 1024 512 =g, e E E

|
Com Zadu 124 Comv- 1211024 Conw: 1215256 Com: 1xix128 G Ix1x1Z8 Cony: 1xix128
Cony: IxZaG12-52 Come I2Ses? Compe JE2IEE-51  Cony: 3dx256-51

httne //arviv or
L lLLP\J-’IMl 7\1 \W 4 |

\'
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Why still use a two-stage object detector?

e Better recall of RPN as compared to SSD/YOLO

o Trained with all object instances

o Generic first stage, usable for multitask

® Finer control over training classifier

o Custom minibatch (sampling 3:1 negative samples)

® Instance-level multitask (Mask-RCNN)

IIT Bombay, Perceptive Code LLC



Mask R-CNN — towards instance-level understanding

https://arxiv.org/abs/1703.06870
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Mask R-CNN — towards instance-level understanding

| Zoom in on
Instances

https://arxiv.org/abs/1703.06870
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Mask R-CNN

Preserves pixel-to-pixel

: class /
m box
| V¥ |
RolAlign| | j
onv conv 4

https://arxiv.org/abs/1703.06870
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Fast R-CNN: ROI Pooling

input region proposal pooling sections

0.86 0.88

085 | 084 S -
i Double Quantization — loss of pixel-to-

pixel alignment
0.97

https://deepsense.ai/region-of-interestippelingsexplained/



ROI Align

Improvement on ROI Pooling
® Input: Feature map (5x5 here) and region

. e Max or average the 4 bins

: : , 1 proposal (normalized float coordinates)
“““ J’#*; LJ e Output: 2x2 ‘pooled’ bins
_____ _'.J:%____:L ___EF____JE e Sample 4 points in every bin uniformly

. . ) . e Compute value at each bin using bilinear
_____ ﬂ__r _Fﬂ interpolation

https://arxiv.org/abs/1703.06870
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Effective Receptive Field Calculation

Let Ry ; be the effective receptive field of a Kl g l
. . - s=1 = =
neuron in layer k projected on layer j 2 :
- .-. -
fi, sj respectively be filter size and stride of N i :
layer j o) £
s=1 =
pl
f=2
s=2
Writing Ry ; in terms of Ry ;4 1:
Ry ;= (Rk,j+1 —1) Sj+1 T fj+1 .
1 f=9
l”"“' 0x9 | 2x2||0x9 |2x2| ox9| 7
i wxwss || S| P €| P C
Finally, R, = 1 -

https://arxiv.org/pdf/1705.07049.pdf
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ConvNets are Everywhere




ConvNets are everywhere

4 container s motor scooter

container ship

motor scooter

lifeboat

amphibian
fireboat
drilling platform ||

go-kart
moped
bumper car
golfcart

r mushroom
agaric
grille mushroom
pickup jelly fungus

fire engine | dead-man's-fingers

beach wagon gill fungus rdshire bullterrier

grape spider monkey
elderberry titi
indri

currant howler monkey

monkey

[Krizhevsky 2012]

Retrieval
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ConvNets are everywhere

Detection Segmentation

& skghwilding b Sidi
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ConvNets are everywhere

Detection Instance Segmentation

person1.00

person1.00

person1._()0
baseball bat.99

‘ba,sebail b,ét,fB.S
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ConvNets are everywhere

Calista_Flockhart_0002.jpg
Detection & Localization

Cl:
Frontalization: 32x11x11x3
@152X152x3 @142x142

Spatial stream ConvNet

conv1
7X7x96
stride 2
norm.

pool 2x2

conv2 || conv3 || conv4 || conv5 fullé full7
5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
norm. pool 2x2
pool 2x2

l»nﬂmax

Temporal stream ConvNet

conv1
7X7x96
stride 2
norm.

pool 2x2

conv2 || conv3 || conv4 || conv5 || fullé full7
5x5x256 || 3x3x512 || 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout
pool 2x2 pool 2x2

-

[Simonyan et al. 2014]

M2
32x3x3x32
@71x71

[Taigman et al. 2014]

16x9%x9x32
@63x63

L4: LS:
16x9x9x16 16x7x7x16
@55x55 @25x25

.l- .
‘

;

L6
16x5x5x16
@21X21

REPRESENTATION

F7:
4096d

SFC labels

|
!

4030d
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ConvNets are everywhere

g (B Ve e SR v SR Y
W R mE o e & S0
%%&ﬁ&%i

S, A el W RO .T&M%
wﬁm%%f?ﬁ 1 @
nﬁﬁ....ﬁ.%u%mfhmu .*.m.mu.unm;uﬂf
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[Sermanet et al. 2011]

[Ciresan et al.]

[Ciresan et al. 2013]




ConvNets are everywhere
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ConvNets are everywhere

Human
gmentation

Connected components
CN affini

I caught this movie on the Sci-Fi channel recently. It actually turned out to be pretty decent as far as B-list horror/suspense films go. Two guys (one naive and one
loud mouthed a **) take a road trip to stop a wedding but have the worst possible luck when a maniac in a freaky, make-shift tank/truck hybrid decides

cat-and-mouse with them. Things are further complicated when they pick up a ridiculously whorish hitchhiker. What makes this film unique is that the
combination of comedy and terror actually work in this movie, unlike so many others. The two guys are likable enough and there are some good chase/suspense
scenes. Nice pacing and comic timing make this movie more than passable for the buff. worth g out.

I just saw this on a local independent station in the New York City area. The cast showed promise but when I saw the director, George Cosmatos, I became
suspicious. And sure enough, it was every bit as bad, every bit as pointless and stupid as every George Cosmotos movie 1 ever saw. He's like a stupid man’s
Michael Bey — with all the awfulness that accolade promises. There’s no point to the conspiracy, no burning issues that urge the conspirators on. We are left to
ourselves to connect the dots from one bit of graffiti on v: is walls in the film to the next. Thus, the current budget crisis, the war in Iraq, Islamic extremism, the
fate of social security, 47 million Americans without health care. stagnating wages, and the death of the middle class are all subsumed by the sheer terror of graffiti. A
truly, stunningly idiotic film.

Graphics is far from the best part of the game. This is the number one best TH game in the series. Next to Underground. It deserves strong love. It is an insane
game. There are massive levels. massive unlockable characte st a massive game. Waste your money on this game. This is the kind of money that is
wasted properly. And even though graphics suck, thats doesn’t make a game good. Actually, the graphics were good at the time. Today the graphics are crap. WHO
CARES? As they say in Canada, This is the fun game, aye. (You get to go to Canada in THPS3) Well, I don’t know if they say that, but they might. who knows. Well,
Canadian people do. Wait a minute, I'm getting off topic. This game rocks. Buy it, play it, enjoy it. love it. It's PURE BRILLIANCE.

The first was good and original. I was a not bad horror/comedy movie. So I heard a second one was made and I had to watch it . What really makes this movie work
is Judd Nelson’s character and the sometimes clever script. A pretty good script for a person who wrote the Final films and the was okay.
Sometimes there’s scenes where it looks like it was filmed using a home video camera with a grainy - look. Great made - for - TV movie. It was worth the rental
‘and probably worth buying just to get that nice eerie feeling and watch Judd Nelson’s Stanley doing what he does best. I suggest newcomers to watch the first
one before watching the sequel, just so you'll have an idea what Stanley is like and get a little history background.

[Denil et al. 2014]
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ConvNets are everywhere
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Whale recognition, Kaggle Challenge Mnih and Hinton, 2010
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ConvNets are everywhere

Scale 1
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View of moving camera 1 3D view

Elhayek et al., 2016

David Eigen and Rob Fergus, 2015
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ConvNets are everywhere
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Molchanov et al., 2016

Kendall et al., 2016
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ConvNets are everywhere

Reinforcement Learning Automatic Speech Recognition

Policy network Value network
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AlphaGo, 2016 Wavenet, 2016
(Go Board treated as an image) (Dilated 1D Convolutions)
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ConvNets are everywhere

Object Tracking Optical Flow

FlowNetCorr

3 Image , Prediction _,

RE3, 2017 FlowNet, 2015
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ConvNets are everywhere

[Doiphode et al.]

(c) Final extracted points
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Case Study Bonus: DeepMind’s AlphaGo

a Value network b Tree evaluation from valuenet € Tree evaluation from rollouts
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The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k=128, 256 and 384 filters.

policy network:

[19x19x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 =>[19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 =>[19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)
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reddit.com/r/deepdream
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ConvNets are everywhere

TLDR

A3A Andrej Karpathy @
y @karpathy

Flying to #CVPR17 later tonight! ConvNets
ConvNets ConvNets ConvNets ConvNets
ConvNets ConvNets ConvNets ConvNets
ConvNets ConvNets ConvNets

11:58 AM - 21 Jul 2017

2Retwects 309Lkes S G B L OOBEG D

Q 9 1 22 ) 300

Mona Jalal @Monalalal - 21 Jul 2017 v
Replying to @karpathy

Not sure why this reminds me of
CovFeFe CovFeFe CovFefe
CovFeFe CovFeFe CovFefe

([ Follow ) ~

Q 0 QO 22
sai srinivasan @srinivasan_sai - 21 Jul 2017 v
Replying to @karpathy

If I start training with an avglearning rate, how long will it take me to converge as
ML researcher.Given I activate using course@AndrewYNg

Q n Q s
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A Few CNN Case Studies




Case Study: LeNet-5

[LeCun et al., 1998]

C3: . maps 16@ 1010

C1: feature maps S4: 1. maps 16@5x5

INP‘LIET 6E28x28

S2: 1. maps 05: layer F6: layer ouTPUT

rrr : \\

| FL]"E'I'.'H"IIJIEEUCIH | Gausslanmnr'ecmna
Convalutions subsampling Enmrﬂlutmns Subﬁamplmg Full connection

Conv filters were 5x5, applied at stride 1
Subsampling (Pooling) layers were 2x2 applied at stride 2
i.e. architecture is [CONV-POOL-CONV-POOL-CONV-FC]
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Case Study: AlexNet e ><><
[Krizhevsky et al. 2012]  |°|| =) 5:1\ ﬁj E'E\ al
E | '

Input: 227x227x3 images
First layer (CONV1): 96 11x11 filters applied at stride 4

=>
Q: what is the output volume size?

ILVRC 2012
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Q: what is the output volume size? (227-11)/4+1 =55
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images
First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Q: What is the total number of parameters in this layer?
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images

First layer (CONV1): 96 11x11 filters applied at stride 4
=>

Output volume [55x55x96]

Parameters: (11*11*3)*96 = 35K
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2

Q: what is the output volume size? Hint: (55-3)/2+1 = 27
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96

Q: what is the number of parameters in this layer?
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96

Second layer (POOL1): 3x3 filters applied at stride 2
Output volume: 27x27x96
Parameters: O!
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Case Study: AlexNet
[Krizhevsky et al. 2012]

Input: 227x227x3 images
After CONV1: 55x55x96
After POOL1: 27x27x96

R
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Case Study: AlexNet

% e ° ' 123 o8 \ / sgas \dense
[Krizhevsky et al. 2012] Vo | = e, >< ><
224K' N 2 i 1 L 'L:"l"-l 3 117, dense dense
ll] A Max 7048 .
Full (simplified) AlexNet architecture: 22&' | poaing " posting Pooire

[227%x227x3] INPUT

[55x55x96] CONV1: 96 11x11 filters at stride 4, pad O
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer
[27x27%x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONVS5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] 4096 neurons

[4096] 4096 neurons

[1000] 1000 neurons (class scores)
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Case Study: AlexNet

@?"

N / R ALk
T seag \dense
. g 2048 2048
48 R 128 T _
5 . ra g o :_-_: .‘-‘1-__‘
- --‘-‘_:_,. i ., .l ----.- 2
- . : R 17

[Krizhevsky et al. 2012] Ni=E
x . dense | [dense ||

Full (simplified) AlexNet architecture: 22&_ boding e pocing T 2
[227x227x3] INPUT ’
[55x55x96] CONV1: 96 11x11 filters at stride 4, pad 0 Details/Retrospectives:
[27x27x96] MAX POOL1: 3x3 filters at stride 2 - Popularized use of ReLU in Vision
[27x27x96] NORM1: Normalization layer - used Norm layers (not common anymore)
[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2 - heavy data augmentation
[13x13x256] MAX POOL2: 3x3 filters at stride 2 - dropout 0.5 in only last few fully-connected
ooz low: Nemmionl e

x13x : x3 filters at stride 1, pa
[13x13x384] CONV4: 384 3x3 filters at stride 1, Ead 1 -SGD Momentum 0.9
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1 - Learning rate 1e-2, reduced by 10
[6x6x256] MAX POOL3: 3x3 filters at stride 2 manually when val accuracy plateaus
[4096] 4096 neurons - L2 weight decay 5e-4
[4096] 4096 neurons -7 CNN ensemble: 18.2% -> 15.4%
[1000] 1000 neurons (class scores)
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Aside: Useful Tool http://dgschwend.github.io/netscope/#/editor

Chrome File Edit View History Bookmarks People Window Help S+ O ) = 100%E@ Wed11:31AM Q= lelp QR+ O 0 = 100% @A We
——
®  ® 4 AlexNet — Netscope CNN An: Arjun 1
. s . .
& C' | ® dgschwend.github.io/netscope/#/editor a v @ : Q
v TeT neew 7w SUAUY U GUAUY CUIIP Z9USK  ACUVEUON 25U 8K
AlexNet (edit) 4 norm1 LRN 96  55x55 96 55%x55  macc1.45M  activation 290.4k
add 290.4k param 2
div  580.8k
(3en-zzmain exp 2904k
include { .
phase: TRA 5 pooll Pooling 96  55x55 96 27x27  comp629.86k activation 69.98k
transform_param { Fos oo 6 conv2 Convolution 96  27x27 256 27x27  mace 447.9M activation 186.62k
i “true param  614.4k
mean_file i 2/ t_mean.binaryp RS 7 relu2 ReLU 256 27x27 256  27x27  comp186.62k activation 186.62k
data_param { . 8 norm2 LRN 256 27x27 256 27x27  macc933.12k activation 186.62k
u e train_lmdb" add 186.62k param 2
div  373.25k
256ch - 27427 exp 186.62k
ﬂ 9 pool2 Pooling 256 27%27 256 13x13  comp389.38k activation 43.26k
2s60n - 27427
m:l 10 conv3 Convolution 256 13x13 384 13x13  macc 149.52M activation 64.9k
286ch 13473 3ch - 229227 param 88474k
t 1 r E 11 relud3 RelLU 384 13x13 384 13x13  comp64.9k  activation 64.9k
include
phase: T i 12 conv4 Convolution 384 13x13 384 13x13  macc 224.28M activation 64.9k
param  1.33M
transform_param
mirror: 13 relu4 RelU 384 13x13 384 13x13  comp64.9k  activation 64.9k
crop_size: 227 BT —
mean_file a/i enet_mean.binarypro 14 conv5 Convolution 384 13x13 256 13x13  macc 149.52M activation 43.26k
param  B84.74k
data_param { 256ch - 13413
re12_val_lmdb" - 15 reluS RelLU 256 13x13 256 13x13  comp43.26k activation 43.26k
256ch - 635 16 pool5 Pooling 256 13x13 256 6x6 comp82.94k  activation 9.22k
.:.: 17 fcé  InnerProduct 256  6x6 4096  1x1 mace 37.75M  activation 4.1k
drops param  37.75M
il 18 relus RelU 4006 1x1 4096 1x1 comp4.1k activation 4.1k
P
- 19 drop6 Dropout 4096 1x1 4006 1x1 comp4.1k activation 4.1k
wos
angeen 11 20 fc7  InnerProduct 4096 1x1 4096 1x1 macc16.78M activation 4.1k
1 param  16.78M
Lyoooch v-/|,J Teh 1l 21 relu? RelU 4096 1x1 4096 1x1 comp4.1k activation 4.1k
param {
Tr_mult: 2 22 drop7 Dropout 4096 1x1 4096 1x1 comp4.1k activation 4.1k
decay_mult: @
23 fc8  InnerProduct 4096 1x1 1000 Ix1 macc 4.1M activation 1000
convolution_param Network Analysis param 41M
num_output: 96
kernel_size: 11 Summary. 24 label implicit 1 1x1 1 x1 activation 1
stride: 4
weight_filler { D+ name- type + ch_ine dim_in + ch_out» dim_out» ops o . 25 loss  SoftmaxWithLoss 1000 1x1 1000 x1 add 1000 activation 1000
BB Tt 1 data Data 3 2272273 227x227 activation 15459k div 1000
std: 0.01 exp 1000
s . 2 convl Convolution 3 227x227 96 55x55  mace 105.42M activation 290.4k
bias_fille r param  34.85k TOTAL macc1.14G  activation 2.24M
: comp1.77/M param  62.37M
3 relul RelU 96  55x55 96 55x55  comp290.4k  activation 290.4k add 478.02k
4 norm1 LRN 96 55155 96 55x55 macc1.45M  activation 290.4k div  955.05k
add 290.4k param 2 exp 478.02k
div  580.8k
exp  290.4k Details:

IIT Bombay, Perceptive Code LLC


http://dgschwend.github.io/netscope/#/editor

Case Study: ZFNet [Zeiler and Fergus, 2013]

image size 224 110 26 13 13 13

filter size 7 lB BE]
1 e384 | V1 w384 256 =
| | R N N

stride 2 3x3 max C

3x§dm;x pool| | contras pool 4096 4096 class

el stride 2 units| | units| | softmax
1\3; 55 L

6 256
Input Image - -
Layer 3 Layer 4 Layer 5 Layer6 Layer7 Output
AlexNet but:

CONV1: change from (11x11 stride 4) to (7x7 stride 2)
CONV3,4,5: instead of 384, 384, 256 filters use 512, 1024, 512

ImageNet top 5 error: 15.4% -> 14.8 (and later 11.2)%
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ConvNet Configuration
Case Study: VGGNet e I
¢ 11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
[Simonyan and Zisserman, 2014] i S B
4 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 §| conv3-128 [ conv3-128
conv3-128 | conv3-128 § conv3-128 [ conv3-128
1 maxpool
O n Iy 3X3 CO NV Strl d € 1’ pa d 1 conv3-256 | conv3-256 | conv3-256 | conv3-256 }| conv3-256 [ conv3-256
a nd 2X2 MAX POO L Strlde 2 conv3-256 | conv3-256 | conv3-256 conv3:2§ zzz\gjgg zgzﬁ:ggg
conv3-256
maxpool
conv3-512 | conv3-512 | conv3-512 § conv3-512 [ conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 f| conv3-512 [ conv3-512
convl-512 §| conv3-512 J conv3-512
conv3-512
maxpool
b e St m O d e I conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 § conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 f| conv3-512 [ conv3-512
convl-512 §| conv3-512 f§ conv3-512
conv3-512
maxpool
. FC-4096
11.2% top 5 error in ILSVRC 2013 FC-4006
FC-1000
-> soft-max

7.3% top 5 error (did not win!)

Table 2: Number of parameters (in millions).
Network A A-LRN B C D E
Number of parameters 133 133 | 134 | 138 | 144
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INPUT: [224x224x3] memory: 224*224*3=150K params: 0

CONV3-64: [224x224x64] memory: 224%224*64=3.2M params: (3*3*3)*64=1,728
CONV3-64: [224x224x64] memory: 224%224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128:[112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 =73,728
CONV3-128:[112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 =147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512=1,179,648
CONV3-512:[28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512:[28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1X1X4096] memory. 4096 params: 4096*4096 = 16,777,216 (params not counting biases)

ConvNet Configuration

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

B C D
13 weight 16 weight 16 weight 19
layers layers layers |
put (224 x 224 RGB 1imag
conv3-64 conv3-64 conv3-64 cC
conv3-64 conv3-64 conv3-64 cC
maxpool
conv3-128 | conv3-128 |[f conv3-128 § co
conv3-128 | conv3-128 || conv3-128 | co
maxpool
conv3-256 | conv3-256 |f conv3-256 § co
conv3-256 | conv3-256 |} conv3-256 § co
convl-256 || conv3-256 || co
co!
maxpool
conv3-512 | conv3-512 [J conv3-512 § co
conv3-512 | conv3-512 [§ conv3-512 § co
convl-512 || conv3-512 || co
col
maxpool
conv3-512 | conv3-512 [J conv3-512 § co
conv3-512 | conv3-512 [§ conv3-512 § co
convl-512 || conv3-512 | co
co!
maxpool
FC-4096
FC-4096
FC-1000
soft-max
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INPUT: [224x224x3] memory: 224*224*3=150K params: 0

CONV3-64: [224x224x64] memory: 224%224*64=3.2M params: (3*3*3)*64=1,728
CONV3-64: [224x224x64] memory: 224%224*64=3.2M params: (3*3*64)*64 = 36,864
POOL2: [112x112x64] memory: 112*112*64=800K params: 0

CONV3-128:[112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 =73,728
CONV3-128:[112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 =147,456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824
POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512=1,179,648
CONV3-512:[28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512:[28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512] memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1X1X4096] memory. 4096 params: 4096*4096 = 16,777,216 (params not counting biases)

ConvNet Configuration

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 93MB / image

(only forward! Backward?)
TOTAL params: 138M parameters

B C D
13 weight 16 weight 16 weight 19
layers layers layers |
put (224 x 224 RGB 1imag
conv3-64 conv3-64 conv3-64 cC
conv3-64 conv3-64 conv3-64 cC
maxpool
conv3-128 | conv3-128 |[f conv3-128 § co
conv3-128 | conv3-128 || conv3-128 | co
maxpool
conv3-256 | conv3-256 |f conv3-256 § co
conv3-256 | conv3-256 |} conv3-256 § co
convl-256 || conv3-256 || co
col
maxpool
conv3-512 | conv3-512 [J conv3-512 § co
conv3-512 | conv3-512 [§ conv3-512 § co
convl-512 || conv3-512 || co
col
maxpool
conv3-512 | conv3-512 [J conv3-512 § co
conv3-512 | conv3-512 [§ conv3-512 § co
convl-512 || conv3-512 | co
co!
maxpool
FC-4096
FC-4096
FC-1000
soft-max

IIT Bombay, Perceptive Code LLC



INPUT: [224x224x3] memory: 224*224*3=150K params: 0
CONV3-64: [224x224x64] memory: 224%224*64=3.2M params: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64] memory: 224*224*64=3.2M s: (3*3*64)*64 = 36,864 Note:

POOL2: [112x112x64] memory: 112*112*64=800K params: 0 M
CONV3-128: [112x112x128] memory: 112%112*128=1.6M params: (3*3*64)*128= ost memory
is in early

CONV3-128:[112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147 456
POOL2: [56x56x128] memory: 56*56*128=400K params: 0

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 CO NV
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824

POOL2: [28x28x256] memory: 28*28*256=200K params: 0

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512=1,179,648

CONV3-512:[28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

CONV3-512:[28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296

POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 M Ost pa rams
CONV3-512:[14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296 are
POOL2: [7x7x512] memory: 7*7*512=25K params: 0 .
FC: [1x1x4096] memory: 4096 params: 7¥7*512*4096 = 102,760,448 N Iate FC

FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000 (Avg. Pool)

TOTAL memory: 24M * 4 bytes ~= 93MB / image

(only forward! ~*2 for bwd)
TOTAL params: 138M parameters
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Case Study: GooglLeNet [Szegedy et al., 2014]

s votondl

In this paper, we will focus on an efficient deep neural network architecture for computer vision,
codenamed Inception, which derives its name from the Network in network paper by Lin et al [12]
in conjunction with the famous “we need to go deeper” internet meme [1]. In our case, the word

[1] Know your meme: We need to go deeper. http://knowyourmeme.com/memes/
we-need-to—-go—deeper. Accessed: 2014-09-15.

__We needtogo deeper
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Case Study: GooglLeNet [3zegedy et al., 204]

] Inception module

ILSVRC 2014 winner (6.7% top 5 error)




Case Study: GoogleNet

Inception module k)

1 x 1
CONV

] X 1 303
CONYV CONYV @

Previous ¢ Channel
Activation S Concat
- | DX D
\28x23r Y CONV [Tl CONV BRI

MAXPOOL 1 %X 1

I3 X38=]

same CONV 18113@<_
2xagy |4 3L Hioe, L lvlag Andrew No
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Case Study: GoogleNet

[Szegedy et al., 2014]

type pa::izel m;::em depth #1x1 ij:cf #3x3 ﬁ:;f F#5%5 i:oo_; params ops
convolution TXT/2 112x112x64 1 29K 34M
max pool 3x3/2 56 X 56 x 64 0

convolution 3x3/1 56x56x 192 2 64 192 112K 360M
max pool 3x3/2 28 x28x 192 0

inception (3a) 28 X 28X 256 2 64 96 128 16 32 32 159K 128M
inception (3b) 28 X 28 x 480 2 128 128 192 32 96 64 380K 304M
max pool 3x3/2 1414 X480 0

inception (4a) 14x14x512 2 192 96 208 16 48 64 364K T3M
inception (4b) 14x14x 512 2 160 112 224 24 64 64 437K 88M
inception (4¢) 14x14x 512 2 128 128 256 24 64 64 463K 100M
inception (4d) 14x14x 528 2 112 144 288 32 64 64 S80K 119M
inception (4e¢) 14X 14x 832 2 256 160 320 32 128 128 840K 170M
max pool 3x3/2 TXTx832 0

inception (5a) TXTx832 2 256 160 320 32 128 128 1072K 54M
inception (5b) TxTx1024 2 384 192 384 48 128 128 1388K 7IM
avg pool TXT/1 1x1x1024 0

dropout (40%) 1x1x1024 0

linear 1x1x1000 1 1000K IM
softmax 1x1x1000 0

Fun features:

- Only 5 million params!
(Removes FC layers
completely)

Compared to AlexNet:
- 12X less params

- 2X more compute

- 6.67% (vs. 16.4%)
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Case Study: ResNet [He et al., 2015]
ILSVRC 2015 winner (3.6% top 5 error)

Research

MSRA @ ILSVRC & COCO 2015 Competitions

* 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” (quote Yann) 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

*improvements are relative numbers

2ICCVIT

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

Slide from Kaiming He’s recent presentation
https://www.youtube.com/watch?v=1PGLj-uKT1w
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https://www.youtube.com/watch?v=1PGLj-uKT1w

Micro

Research

Revolution of Depth 282

25.8

152 layers

\\
\
[ 22 layers ’ ‘ 19 Iayers ’
\ 6.7 I

357 I_ I ‘ 8 layers I 8Iayers shallow

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13  ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

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

(slide from Kaiming He’s recent presentation)
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CIFAR-10 experiments

CIFAR-10 plain nets

2 \ v A
'ﬂ"i- Tl 56-layer
YW L VWA /

_\\Aa \ e 44-layer
S \ _ . 32-layer

< 10r- T e o SRS
: Tos W= 20-layer

\\/ \,-/\/\‘ 2
solid: test
> 3 3 5 P3 dashed: train
iter. (led)

CIFAR-10 ResNets

error (%)

~ResNet-20
““ResNet-32
“==ResNet-44
“=ResNet-56
===ResNet-11

20-layer

A&f%i 32-layer

= . e 44-layer

56-layer

110-layer

ra
wh

4
iter. (1e4)
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Case Study: ResNet [He et al., 2015]
ILSVRC 2015 winner (3.6% top 5 error)
Research .
_ 2-3 weeks of training
Revolution of Depth on 8 GPU machine
AlexNet, 8 layers % VGG, 19 layers § ResNet, 152 layers
(ILSVRC 2012) (ILSVRC 2014) (ILSVRC 2015)

at runtime: faster than
a VGGNet! (even
though it has 8x more
layers)

(slide from Kaiming He’s recent presentation)
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34-layer plain 34-layer residual

Case Study:
ResNet 224x224x3

spatial dimension only

[He et al., 2015] v v 56X56!

|  7x7conv,64,/2 | |  7x7conv,64,/2 |
v v
pool, /2 pool, /2

I 3x3 conv, 64 ] | 3x3 conv, 64
\ 4 \ 4

I 3x3 conv, 64 ] I 3x3 conv, 64
\ 4

| 3x3 conv, 64 | | 3x3 conv, 64

\ 4 \

I 3x3 conv, 64 I | 3x3 conv, 64

\ 4
I 3x3 conv, 64 | I 3x3 conv, 64
| 3x3 conv, 64 | | 3x3 conv, 64
| 2 —ec—veesll
| 3x3conv,128,/2 | | 3x3conv,128,/2 | T
’ ¥ Y
[ 3x3 conv, 128 ] I 3x3 conv, 128 I Y s
- s e
|  3x3conv,128 | | 3x3conv, 128
\ 4 \
|  3x3conv,128 | | 3x3conv, 128
v
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Case Study: ResNet [He et al., 2015]

* Plain net * Residual net
X l X
weight layer weight layer
any two . .
stacked layers l relu F(X) i relu identity
weight layer weight layer X

lrelu
H(x) H(x) =F(x) +x
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Case Study: ResNet [He et al., 2015]

- Batch Normalization after every CONV layer

- Xavier/2 initialization from He et al.

- SGD + Momentum (0.9)

- Learning rate: 0.1, divided by 10 when validation error plateaus
- Mini-batch size 256

- Weight decay of 1e-5

- No dropout used
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ILVRC 2016

- Trimps-Soushen was the winner with an ensemble approach.

Jie Shao, Xiaoteng Zhang, Zhengyan Ding, Yixin Zhao, Yanjun Chen, Jianying Zhou, Wenfei Wang, Lin Mei, Chuanping
Hu, The Third Research Institute of the Ministry of Public Security, P.R. China.

- Classification error is down to 3.0% from 3.6% last year.
- A bit boring:
- https://www.reddit.com/r/MachinelLearning/comments/54jiyy/lar
ge scale visual recognition challenge 2016/
- http://image-net.org/challenges/LSVRC/2016/results#loc
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https://www.reddit.com/r/MachineLearning/comments/54jiyy/large_scale_visual_recognition_challenge_2016/
http://image-net.org/challenges/LSVRC/2016/results#loc

ILVRC 2017, Squeeze & Excitation Network

- Squeeze and Excitation block that can be added to a ConvlLayer

- Distributed deep learning training suing “ROCS”. Our system trains SE-
ResNet152 with a minibatch size of 2048 on 64 Nvidia Pascal Titan X
GPUs in 20 hours using synchronous SGD

- Winning entry - ensemble of SENets that obtain a 2.251% top-5 error
on the test set. This result represents a ~25% relative improvement
on the winning entry of 2016 (2.99% top-5 error).
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ILVRC 2017, Squeeze & Excitation Network

Squeeze and Excitation block that can be added to a ConvlLayer
Let’s add parameters to each channel of a convolutional block so that
the network can adaptively adjust the weighting of each feature map.

x
h Fe(,8) h
— —
w
BT TR
* Shrinking feature maps € * Learning W € R%*2 to * Reweighting the feature maps
RW*"X¢2 through spatial explicitly model channel- € RWxhxec,
dimensions (w X h) association
* Global distribution of channel- ¢ Gating mechanism to produce
wise responses channel-wise weights
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ILVRC 2012 - 2017/

0.3

0.25

O
N

0.15

Classification Error
=
=Y

0.05

2010 2011
*

Feature Engineering

2012

IMAGENET

16.7% \ 23.3% |

L

.
0035 | 003 0055

2013 2014 2015 2016

Convolutional Neural Networks

‘

2017

[Statistics provided by ILSVRC]
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ILVRC 2017, Squeeze & Excitation Network

Inception

X

Inception Module

X
Inception .
WxHxC
Global pooling
5
FC
¥
ReLU
¥
BC
¥
Sigmoid
Scale W xHXC
X

SE-Inception Module

1x1xC

IX1X—

1X1X—

1X1XC

1xX1xC

X

A

Residual

lx

ResNet Module

aall ¥
Residual W xHXC
Global pooling
!
FC
+
RelLLU
I
FC
¥
Sigmoid
_34-,
Scale W xHXC
W xHxC
X

SE-ResNet Module

1x1xC
IX1X—

IX1X—
r

1x1xC

1x1xC
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Why ConvNets?

ImageNet
128; Human Performance
80%
70% S 3 ' v
60% s l
3gi . g ® Traditional CV
¢ Deep Learning
30% '
20%
10%
0%
2010 2011 2012 2013 2014 2015

117 Using Convolutional Networks for Human Pose Estimation IIT Bombay, Perceptive Code LLC



Summary

* ConvNets stack CONV, POOL, FC layers

 Trend towards smaller filters and deeper architectures

* Trend towards getting rid of POOL/FC layers (just CONV)

* Typical architectures look like [[CONV-RELU)*N-POOL?]*M-(FC-
RELU)*K-SOFTMAX
where N is usually up to ~5, M is large, 0 <= K <= 2.

* but recent advances such as ResNet/GooglLeNet challenge this
paradigm




Things you should know:

“ConvNets need a lot of
data to train”




Things you should know:

“ConvNets need a lot of %ﬁ\

data to train” \‘/,..

finetuning! we don’t always need to
train ConvNets from scratch.




1. Train on ImageNet 2. Finetune network on your

\ own data

ImageNet data

your data
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Transfer Learning with CNNs

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax

image |

1. Train on
ImageNet

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096

image |

2. If small dataset: fix
all weights (treat CNN
as fixed feature
extractor), retrain
only the classifier

i.e. swap the Softmax
layer at the end

FC-1000
softmax

d

~ image |

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

3. If you have medium sized
dataset, “finetune” instead:
use the old weights as
initialization, train the full
network or only some of
the higher layers

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

retrain bigger portion of the
network, or even all of it.

/
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Transfer Learning with CNNs

. conv-64

1. Train on

~ conv-64 Imagenet
' maxpool

. conv-128

. conv-128

" maxpool

{ conv-256
 conv-256
__maxpool
~ conv-512
 conv-512

~_maxpool

- conv-512
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Transfer Learning with CNNs

— — 2. Small dataset:

1. Train on feature extractor
conv-64 conv-64
conv-64 Imagenet conv-64
maxpool maxpool
conv-128 conv-128
conv-128 conv-128
ma)_(_pool ma)_(_pool
conv-256 conv-256
conv-256 conv-256
maxpool maxpool Freeze these
conv-512 conv-512
conv-512 conv-512
maxpool maxpool
conv-512 conv-512
conv-512 conv-512
maxpool maxpool
FC-4096 FC-4096
FC-4096 FC-4096
. FC-1000 . FC-1000
softmax softmax < Tra|n th's
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Transfer Learning with CNNs

2. Small dataset: 3. Medium dataset:
image . image image o o
1. Train on feature extractor finetuning
conv-64 conv-64 conv-64
conv-64 I ma ge N et conv-64 conv-64
maxpool maxpeol maxpool more data = retrain more
conv-128 conv-128 conv-128 of the network (or all of it)
conv-128 conv-128 conv-128
maxpool maxpool maxpool
conv-256 conv-256 conv-256 F reeze t h ese
conv-256 conv-256 conv-256
maxpool maxpool F reezet h ese maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool
FC-4096 FC-4096 FC-4096 “— Train this
FC-4096 FC-4096 FC-4096
FC-1000 FC-1000 . . FC-1000
softmax softmax D Tra N t h IS softmax
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Transfer Learning with CNNs

conv-64
conv-64
maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096
FC-1000
softmax

1. Train on
Imagenet

conv-64
conv-64

maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512

maxpool

conv-512
conv-512
maxpool

FC-4096
FC-4096

2. Small dataset:
feature extractor

Freeze these

FC-1000
softmax

<“— Train this

| image |

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

3. Medium dataset:
finetuning

more data = retrain more
of the network (or all of it)

Freeze these

tip: use only ~1/10th of
the original learning
rate in finetuning top
layer, and ~1/100th on
intermediate layers

“— Train this
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CNN Features off-the-shelf: an Astounding Baseline for Recognition

[Razavian et al, 2014]

DeCAF: A Deep
Convolutional Activation
Feature for Generic Visual

Recognition
[Donahue*, Jia*, et al.,
2013]
DeCAFg DeCAF;
LogReg 40.94 +0.3 40.84+0.3
SVM 39.36 £0.3 40.66 £0.3
Xiao et al. (2010) 38.0

CNN |
| Representation |

U Strong Leamn Extract Features
Image B Amogﬁons DPM Normalized RGB, gradient, & SVM
O~=0 i LBP

IUD Best state of the art 00 CNN off-the-shelf 08 CNN off-the-shelf + augmentation 00 Specialized CNN I

100 . 3 .
. £ 52 2 3« & B

80 i ZE’ g ; Fd < i | = g

60| I

40

0) Oy .
/o% 011,,1 b log e b i,
Cp. g Db, TS N 2, €4y CE
IQS e - C‘Q Q@ < (0/ &y, Gs Q bSt
Sigg,, Q te@o 5 ) R ljd’}) Q@If N &e, e
Cagy 27 /5 i e Sfps O
‘0 O’) eatj 4 etl’l.@ @61‘1. DQ/ IGI’Q/ Q@tl‘ie
612 Q) e, Y, Vo

IIT Bombay, Perceptive Code LLC



image

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

T~

more generic

more specific

very similar

very different

dataset dataset
very little data ? ?
quite a lot of ? ?

data
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|

image

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

T~

more generic

more specific

very similar

very different

dataset dataset
very little data Use Linear ?

Classifier on top

layer

Finetune a few ?

quite a lot of
data

layers
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|

image

conv-64
conv-64

maxpool

conv-128
conv-128

maxpool

conv-256
conv-256

maxpool

conv-512
conv-512

maxpool

conv-512
conv-512

maxpool

FC-4096
FC-4096
FC-1000
softmax

T~

more generic

more specific

very similar

very different

dataset dataset
very little data Use Linear You’'re in
Classifier on top | trouble... Try

layer

linear classifier
from different
stages

quite a lot of
data

Finetune a few
layers

Finetune a larger
number of layers
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Transfer learning with CNNs is pervasive...
(it’s the norm, not an exception)

Image Captioning: CNN +
RNN

“straw” “hat” END

START “straw” “hat”

Object Detection
(Faster R-CNN)
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Transfer learning with CNNs is pervasive...
(it’s the norm, not an exception)

Image Captioning: CNN +
RNN

“straw” “hat” END

CNN pretrained
on ImageNet

START “straw” “hat”

Object Detection
(Faster R-CNN)
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Transfer learning with CNNs is pervasive...
(it’s the norm, not an exception)

Image Captioning: CNN +
RNN

“straw” “hat” END

CNN pretrained
on ImageNet

‘LTART “straw” “hat”

Object Detection Word vectors pretrained /
(Faster R-CNN) from word2vec
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E.g. Caffe Model Zoo: Lots of pretrained ConvNets

https://github.com/BVLC/caffe/wiki/Model-Zoo

https://github.com/szagoruyko/loadcaffe

Model Zoo

M ediind fns page 21 days 290 - 56 revaions

Check out the modei 200 documentation for detalls.
To acquire a mode:

1. downioad the model Oist by /scripts/cownlond sodel from gist.sh <gist id>
<dirnaze> to load e model metadata, architecture, sciver configuration. and 50 on
( <dirmame> i optional and defauts 1o caffe/models).

2. downioad the model weights by . /scripts/downicad model binary.py <sodel dir> where
<model dir> Is the gist Sreciory from the first siep

or visit the modet 200 doc for complete.

Berkeley-trained models

+  Fmetuning on Flicks Style: same a5 provided In models/ |, but listed here as a Gist for an
example.
+ BVLC GoogleNet: sodels/bvic_googlenet

Network in Network model

The Network In Network model Is cescrived In the Toloatng ICLR-2014 paper

Network In Network
M. Lin, Q. Chen, 5. Yan
International Conference om Learning Representations, 2814 (arXiv:1480.1556)

please cite the paper If you use the models.
Modeis:

*  NiN-imagenet 3 small(29ME) modes for Imapenet, yet performs slightly better than AlexNet.
and fast to train. (Nate: a more caffe. version weights.
shape: hiips://drive.google comMoiderview?

d~0B0led YULNOGINEFILY 1 ONWVNVVUAUSD=drive_wed)

NIN-CIFAR 10: NIN model an CIFAR10. originally published In the paper Netwerk In Network
The error rate of this model Is 10.4% on CIFAR10.

Models from the BMVC-2014 paper "Return of the Devil in the
Details: Delving Deep into Convolutional Nets™
The modets are trained on the ILSVRC-2012 dataset. The detalis can be found on the project page

ar in the following BAMVC-2014 paper:

Return of the Devil in the Details: Delving Deep into Convolutiomal Nets
K. Chatfield, K. Sisonyan, A. Vedald:, A. Zisserman
British Machine Vision Conference, 2814 (arXiv ref. cs1485.3531)

Please cite the paper f you use the models.

Modeis:

VGG_CNN_S: 13.1% top-5 error an ILSVRC-2012-val
VGG_CNN_M: 13.7% 10p-3 error on ILSVRC-2012-al
VGG_CNN_M
VGG_CNN_M_1024° 13.7% 10p-3 efror on ILSVRC-2012-val
* VGG_CNN_M_128: 13.6% top-5 eror on ILSVRC-2012-val
VGG_CNN_F: 10.7% 10p-3 error on ILSVRC-2012-val

Models used by the VGG team in ILSVRC-2014

Places-CNN model from MIT.

Places CNN Iz described In the fofowng NIPS 2014 paper:

Znou, A. Lapedriza, 3. Xiao, A, Torralts, ang A. Oliva
Learning Deep Features for Scene Recognition using Places Database.
savances in Neural Information Processing Systems 27 (NIPS) spotlignt, 2614

e project page & here
Modes:

. A o (et

NIPS'14) witn 2.5

+ Hybra.oNN: 1 P
train data of

images.
+ Places2s GoogLen on Places
Database. It 15 used by Google In the deep Gream visusization

GooglLeNet GPU implementation from Princeton.

Net using a singie GPU. way
Infialtze the netwark and a trick o Gvercome the GPU memory Constramnt by accumuiating
gragents over two traning terations.

modets on Piaces, downiond.
+ Maie sure cls2_fc2 and cis3_fc have rum_outpat = 1000 In the prototxt. Ctherwise, the
trained model would crash on test

Fully C Models (FCN-
Xs)
These mocels are described I the paper:

Fully Comvolutional Mocels for Semantic Segrentation

Sonathan Long, Evan Sheinsmer, Trevor Darrell

R 2815
arxiv:1411.4938

They s e
see nitg:icane £

These are pre- y BVLCicarme, 35 they

hits:igihub comAonglorveareitreetuture. The FCN-325 PASCAL-Cantext model 5 the most
. sarver Python scripts for sotving

and inference.

Hariharan ot al.
ILSVRC-rained VGG-16 model above):

FCN-325 PASCAL® single siream. 32 pixe! preciction sirids version
FCN.102 PASCAL: two stream, 10 pixel peediction siride version

FCN-02 PASCAL: ree siream, 8 ptxel peediction sinde version

FCN-AlexNet PASCAL version

use the footrote 7.
Since 58D traln and PASCAL VOC 11
2t for vacation purposes.

Modess rained on SIFT Fiaw (also fnetuned fram VGG-16):
+ FON-10s SIFT Flow: two stream, 16 plrel prediction sirde version

Modes 16,
al. hips:/1gninun comis- guptaircrn-death)

-
- Fo

Modez contguration, and
VGG-16 moden):

FCN-323 PASCAL-Context: single stream, 32 pexei prediction stnde version
+ FON-165 PASCAL-Context: two sirearm, 16 pixel preciction stride version
+ FCN5s PASCAL-Context: three stream, B pixel prediction sride version

CaffeNet fine-tuned for Oxford flowers dataset

Nitos:gist g COMYMGOn17863230Ca708aE 1
The s Qs 102
astaset, prod

of sower categories. Hyperparameter cholces refiect those in Fie.funing Cafieet for Style
Fecogniticn on “Fickr Style” Data, The plobal learring rate i reduced whie the leaming rate for
the final futy connected Is Increased relative o the other layers.

A 30,000 terations, e 10p-1 error 15 7% on the test set of 1,020 mages:

CNN Models for Salient Object Subitizing.

CNN models cescrided In the foloaing CVPR'15 papger "Salent Object Subliizing™

Salient Cbject Subitizing
3. Znang, S. Ma, N. Sameki, S. Sclaroff, M. Betke, Z. Lin, X. Shen, B. Price and R.
VPR, 2815.

« I — 3
Modeis

»  AlexNet: CNN modet Tnetuned on ihe Salient Object Subitzing dataset (~3300 Images). The
architecture ks the same 25 the Caffe reference network.

VGG 16: CNN model finetuned on the Salent Object Subitizing dataset (~3300 images). The
architecture is the same a5 the VGG16 network. Thiz model gives betier performance than the
AlexNet model, but Is siower for training and testing.

Deep Learning of Binary Hash Codes for Fast Image
Retrieval
‘We present an effective deep leammg framework (o create e hash-tke binary codes for fast

image retrieval. The detalis can be found In the following "CVPRW'1S paper™:

Deep Learning of Binary Hash Codes for Fast Isage Retrieval
K. Lin, K..F. Yang, J..K. Msiao, C.-S. Chen
CVPR 2815, DeepVizion workshop

please cite the paper if you use the mocet:

+ came.cvprwis: See our code release on Github, which allows you 1o train your own deep
hashing model and create binary hash codes.
+ CIFAR10-48b%: Proposed 48-bits CNN model trained on CIFAR10.

Places_CNDS_models on Scene Recognition

+ Places-CNDS-3 Is @ “Sconvaic layer” deep Convolutional neural Networks model trained cn
MIT Places Dataset with Deep Supervision.

The detalis of training this model are described In the Sollowing report, Piease chie this work If the.

modet i usetul for you.

Training Deeper Convolutional Networks with Deep Supervision
L.wang, C.lee, Z.Tu, S. Lazebnik, arXiv:1585.824%¢, 2815

Models for Age and Gender Classification.

*  AgeiGender.net are mocels for age and gender classification traned on the Adience-CuUl
dataset. See the Project page.

The modeis are described In the folowing paper:

Age and Gender Classification using Comvolutional Neural Networks
611 Levi ana Tal Hassrer

IEEE Workshop on Analysis and Modeling of Faces and Gestures (MG},

st the IEEE Conf. on Computer Visico and Pattern Recognition (CVPR), Bustce, June 28

« I
11 you find our models useful, piease add sutable reference 10 Our DADET IN Your work.
GoogleNet_cars on car model classification

GoogleNet_cars is the GoogLeNet model pre-trained on ImapeNet classification task and fine-

funed cn 431 car models In CompCars datasel. it Is Gescrided In e technical report. Please ote
the followtng work If the model Is Lsefus for you.

A Large-Scale Car Dataset for Fine-Grained Catecorization and Verification
L. Yang, P. Lwo, C. C. Loy, X. Tang, arXiv:1560.€6959, 2815

Nested Edge D
The moded and code proviced are described In the ICCV 2013 paper:
solstizatiy Nested Eoge Detection

Saining Xie and Zhuowen T
00V 2615

For detalls about HED, pi 2 10ok at http:iigHthub camys!
Moded trained on BEDS-300 Dataset (inetuned from the VGGNet)

« HEDBE0S-200

Translating Videos to Natural Language

These models are described In this NAACL-HLT 2015 pager.

Translating Videos to Natural Language Using Deep Recurrent Neursl Networks
S. Venugcpalsn, H. Xu, 1. Donahue, K. Rohrbach, R. Moaney, K. Sseaka
NAACL-HLT 2615

More Cetadis can be found on ths roject page.

Modet:

VideoZText_VGG_mean_pock This model 5 an Improved version of the mean pooled model
described In the NAACL-HLT 2013 paper. It uses video frame features from the VGG-16 layer
modet. This Is trained onty on the Youtube viceo dataset.

Compatiblity: Theze are pre-release models. They co not run In any current version of BVLC/caffe,
23 they require unmerped PRs. The models are currently supported by the recurrent branch of
fhe Caffe fork provided at nitos:iigithub comjefidonanue/cale/tree recurrent and

VGG Face CNN descriptor

These models are described in this BMVC 2013 paper.
Deep Face Recognition
Omkar M. Parkni, Andrea Vedaldi, Andrew Zisserwan
e 2815

More cetails can be 1ound on tres project page.

Modet: VGG Face: This Is the very Ceep architecture based model trained from scratch using 2.6
Milion images of celebrities coliectad from the web. The modsl has been Imported to work with
Caffe from the aniginal modet trained using MatConvet lincary.

11 you find our models useful, please add sultable reference t our paper In your wark

Yearbook Photo Dating
Modet from the ICCV 2013 Extreme Imaging Workshop paper:
A Century of Portratts: Exploring the Visual Kistorical Record of Aserican High Scho

Sniry Gincsar, Kate Rakelly, 8rian Yin, Sarah Sachs, Alyosha Efros
ICCV Workshop 2815

<« I — 4

Modet and prototxt Mles: Yearmook

CCNN: Constrained Convolutional Neural Networks for
‘Weakly Supervised Segmentation

These madels are described in the ICCV 2013 paper.

Canstratnes Convoluttonal Neural Networks for Weakly Supervised Segaentation
Deepak Fathak, Philipp Kranenblnl, Trevor Darreil

TcCV 2615

arxiv:15ee. 63048

These are pre-release models. They do not run In any current version of BVLC/cafte, as they
require unmerged PRs. Ful detalls, source code, models, prototxis are avaliable here: CONN.
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https://github.com/BVLC/caffe/wiki/Model-Zoo
https://github.com/szagoruyko/loadcaffe

Thank you!



Data
Preprocessing
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Data Preprocessing

TLDR: In practice for Images: center only

e.g. consider CIFAR-10 example with [32,32,3] images

- Subtract the mean image (e.g. AlexNet)
(mean image =[32,32,3] array)

- Subtract per-channel mean (e.g. VGGNet)
(mean along each channel = 3 numbers)

Not common to normalize
variance, to do PCA or

whitening

137 Deep Learning (for Computer Vision)
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Data
Augmentation
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Data Augmentation
4. Get creative!

Random mix/combinations of :

- translation (what about a pure ConvNet?)
- rotation

- stretching

- shearing,

- lens distortions, ... (go crazy)




Data Augmentation: Takeaway

Simple to implement, use it

Especially useful for small datasets, helps a lot with
fixing overfitting

Fits into framework of noise / marginalization




Weight Initialization
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Lets look at
some
activation
statistics

input layer had mean 0.000927 and std 0.998388

hidden layer 1 had mean -0.000117 and std ©0.213081
hidden layer 2 had mean -0.000001 and std ©0.047551
hidden layer 3 had mean -0.000002 and std 0.010630
hidden layer 4 had mean 0.000001 and std 0.002378
hidden layer 5 had mean 0.000002 and std 0.000532
hidden layer 6 had mean -0.000000 and std 0.000119
hidden layer 7 had mean 0.000000 and std 0.000026
hidden layer 8 had mean -0.000000 and std 0.000006
hidden layer 9 had mean 0.000000 and std 0.000001
hidden layer 10 had mean -0.000000 and std 0.000000

000602 layer mean - layer std

00000 » EESE C— - <

0.00002 )

0.C000% =

05 .

-0.00010

~0.00012 1 2 3 3 5 . 8 =R 3 . B 7 E
0000 253300 285500 263900 263500 340 8400 00 00 334400
S0000 s00ta0 250Q00 0400 250400 250400 2Q00 00 00 250900
30000 200400 200400 200400 200400 200400 200400 200000 200400

150400
30000 150Q00 15090 150400 150400 150400 1504o¢ 150400 150400
10090C
20000 100400 1004 100G00 100400 100400 100400 10040 100402
10000 900 S0%00 0300 0400 83300 0300 50300 50900 50400
: -05 00 05 10-10-05 ‘J—Cl =05 5 10-1.0-( 5 10-1.0-0 0 3’>!1¢—:1;-05:C 05 1.‘-—:1:—05 00 5513—:22—05:-3 05 10
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self.W = torch.randn(fan out, fan in) * l.m
self.b = torch.randn(fan out)* 1.0
input layer had mean 0.001800 and std 1.001311
hidden layer 1 had mean -0.000430 and std ©.981879
hidden layer 2 had mean -0.000849 and std ©.981649 .
hidden layer 3 had mean 0.000566 and std 0.981601 * 1_0 |nstead Of *0_01
hidden layer 4 had mean 0.000483 and std 0.981755
hidden layer 5 had mean -0.000682 and std ©.981614
hidden layer 6 had mean -0.000401 and std ©.981560
hidden layer 7 had mean -0.000237 and std ©.981520
hidden layer 8 had mean -0.000448 and std ©.981913
hidden layer 9 had mean -0.000899 and std ©.981728
hidden layer 10 had mean 0.000584 and std ©.981736
00006 — layer mean 000045 F2-815¢-1 layer std
00002 / ' 000040 A
00002 000035 |\
000030
00¢00
000025 "
«0.0002 ) L
Z A
O
-0.0004 \ - N :
."! // \'\\ f . 2 3
-0.0006 N f \ \ ‘;' 000010 R »
- \\ . \ / "
-0.0008 J \ obeinE
. R ]
00010, 1 2 E 4 3 B 5 000009 1 2 B 3 3 v 7 B
250000 =3500 0 3500 5500 00 =500 25590 500
200000 200900 20080 200p00 20000 200p00 200000 Jle S 00 200400
150000 150400 150400 150Q00 150Q00 150p00 150900 150900 150900 150800
100000 100400 10000 100g0C 1000 10000 loopac 100p00 1000¢ 10000
0000 SOR00 SOgo0 SOpCo SOR00 SORCo SOgo0 SOR0O SORo0 SOR0o
—CIC—'ZVE 00 05 ll’-—:‘;C—CIEC‘J 05 ]J—CIC—OS 20 05 lCEﬁC—OECJ 05 EJ—CIC—'JS 00 05 ]‘3:".:—-1'5:3 05 IJ—CEC—OS 00 05 XO—C'.C—E-SC3 05 10-10-05 00 05 ICIE!C—-}S:R 05 10

Almost all neurons
completely
saturated, either -1
and 1. Gradients will
be all zero.
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input layer had mean 0.001800 and std 1.001311
hidden layer 1 had mean 0.001198 and std 0.627953
hidden layer 2 had mean -0.000175 and std 0.486051
hidden layer 3 had mean 0.000055 and std 0.407723
hidden layer 4 had mean -0.000306 and std ©.357108
hidden layer 5 had mean 0.000142 and std 0.320917
hidden layer 6 had mean -0.000389 and std 0.292116
hidden layer 7 had mean -0.000228 and std 0.273387
hidden layer 8 had mean -0.000291 and std 0.254935
hidden layer 9 had mean 0.000361 and std 0.239266
hidden layer 10 had mean 0.000139 and std ©.228008

layer mean

self.W =-torch.randn(fan_out, fan in) / math.sqgrt(fan in)

self.b

layer std

torch.randn(fan out) / math.sgrt(fan in)

“Xavier initialization”
[Glorot et al., 2010]

Reasonable initialization.
(Mathematical derivation
assumes linear activations)

Wi~ N0, /4

T

b~ N0, /)

Ty
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input layer had mean 0.000501 and std 0.999444

self.w

torch.randn(fan out, fan in) / math.sqrt(fan in/2)

hidden layer 1 had mean 0.562488 and std 0.825232
:igggg %g;g: 2 Egg mcon .233614 ::g :';g 8.27835 self.b = torch.randn(fan out) / math.sgrt(fan in/2)
hidden layer 4 had mean 0.565396 and std 0.826902
hidden layer 5 had mean 0.547678 and std ©.834092 H t I 2 O 1 5
hidden layer 6 had mean 0.587103 and std 0.860035 e e a °)
hidden layer 7 had mean 0.596867 and std 0.870610
hidden layer 8 had mean 0.623214 and std 0.889348 o . ®
hidden layer 9 had mean 0.567498 and std 0.845357 t d d t I 2
hidden layer 10 had mean 0.552531 and std ©.844523 ( n O e a I I O n a
- layer mean . layer std
0863 089 w
062 //. 03¢
061 // 087 o
660 /4" 036 o
> ,r’// 085
58 / =
057 ,'/' e
P 2 / .\\ 083 i 2
056 [ e / \ "/ e °
e I 4 A
> eyl N = W.-f i N (0 3 )
40 1 2 3 3 5 G g 0815 1 3 S G 7 g 9 RE
300000 223400 83500 2854500 265500 283400 =700 263900 =500 3900
250000 2 00 250000 250400 250400 250400 250400 2 ) 250400 250400 b N( 2
200000 200000 200400 200000 200400 200900 200400 200400 200000 200400 E J RE
150000 150000 1504oc 150¢0¢ 150400 150400 150400 150400 150Q0¢ 1 10
100000 102400 100400 102400 100400 100goe 100400 100400 100402 100400
50000 50400 0400 50400 50400 50400 50400 50400 50400 50400
f‘; e g Q 0 Q 0 Q g Q
00051015202530000510152025300005101520253000051015202530000510152025300005101520253000051015202530000510152025300005101520253000051015202530
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Batch Normalization [loffe and Szegedy, 2015]

“you want unit gaussian activations? just make them so.”

consider a batch of activations at some layer. To
make each feature dimension unit gaussian, apply:

(k) _ E[p(F)

\/Var[:v(k)] this is a vanilla
differentiable function...
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Batch Normalization

Input: Values of x over a mini-batch: B = {z1_,,};
Parameters to be learned: ~, 3

Output: {y; = BN, g(x;)}

1 m
— — E ; // mini-batch
LB m 2 i mini-batch mean
1 m
2 9 . .
— — T; — // mini-batch variance
7 T ;:1( 1s)
T; . - // normalize

yi < YZ; + B = BN, g(x;) // scale and shift

[loffe and Szegedy, 2015]

Improves gradient flow through the
network

Allows higher learning rates
Reduces the strong dependence on
initialization

Acts as a form of regularization in a
funny way, and slightly reduces the
need for dropout, maybe

IIT Bombay, Perceptive Code LLC



Babysitting the Learning Process




Notebook

https://github.com/stencilman/CS763_Spring2017/blob/master/Lec3%2C4/CrossEntropy-Linear.ipynb

2. Data Preprocessing: We compute the mean and standard deviation 'images' and then subtract and divide by the
same respectively (like AlexNet). We also visualize them.

In [3]: x mean = torch.mean(tr x:float(), 1)
X std = torch.std(tr x:float(), 1)
itorch.image(x_mean)
itorch.image(x_std)

In [7]: function get xi(data x, idx)
xi (data x[idx]:float() - x mean)
xi Xi:cdiv(x _std)

xi xi:reshape(3*32%32)
return xi

end
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Step 2: Choose the architecture:
Say we start with single layer network:

output layer

Input 10 output
layer neurons, one
per class
CIFAR-10 ‘

images, 3072
numbers
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1. Data Loading: Let us load the training and the test data and check the size of the tensors. Let us also display the
first few images from the training set.

In [1]: -- load trainin images
tr x = torch.load('cifarl0/tr_data.bin')
-- load trainin labels
tr_y = torch.load('cifarl0/tr_ labels.bin'):double() + 1
-- load test images
te_x = torch.load('cifarl0/te_data.bin')
-- load test labels
te_y = torch.load('cifarl0/te labels.bin'):double() + 1
print(tr_x:size())
print(tr_y:size())

Out[l]: 50000

3

32

32
[torch.LongStorage of size 4]

50000
[torch.LongStorage of size 1]

In [2]: -- display the first 36 training set images
require 'image';
itorch.image(tr_x[{{1,36},{},{},{}}1])

) o i e
P o
S ol

- Saomm
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3 - o wed
» -

|
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>

N el
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Double check that the loss is reasonable:

op = model:forward(xi)
loss tr = criterion:forward(op, ti)

print(loss tr)

-— run it ] ] ]
1r = 0.00001  disable regularization

lambda =

train and test loop(l, lr, lambda)
Oout[11]: 2.2656910718829 \

. loss~2.3. Print Loss
“correct ” for

10 classes
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Double check that the loss is reasonable:

op = model:forward(xi)
loss tr = criterion:forward(op, ti,

print(loss tr)

-— run it
lr = 0.0000 Crank it way up regularization

lambda =‘i!illl

train and test loop(l, lr, lambda)

Oout[12]: 12.582525307612 \
\ Print Loss

loss went up, good. (sanity check)
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Lets try to train now...

Tip: Make sure that you
can overfit very small
portion of the training
data

tr_x = tr x[{{1,20},{},{},{}}]
te X = tr_x[{{llzo}l{}l{}l{}}]
tr y = tr_y[{{1,20}}]
print(tr x:size())
print(tr_y:size()

Out[1l4]: 20

3

32

32
[torch.LongStorage of size 4]

20
[torch.LongStorage of size 1]

-= run it

lr = 0.0001

lambda = 0

train and test loop(100000, lr, lambda)

The above code:
take the first 20 examples from CIFAR-

10

turn off regularization (reg = 0.0)

use simple vanilla ‘sgd’
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Random Search vs. Grid Search

Grid Layout Random Lavout

- -
(1)) <))
- et
() ()
= =
) )
p - } .
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; = g
S S,
Q. Q.
= £
= @) @) O =
D =
Important parameter Important parameter

Random Search for Hyper-Parameter Optimization
Bergstra and Bengio, 2012
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Hyperparameters to play with:

- network architecture

- learning rate, its multiplier schedule
- regularization (L2/Dropout strength)

neural networks practitioner
music = loss function —




Karpathy’s cross-
validation “command
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My cross-validation
“command center”
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My cross-validation
“command center”
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Monitor and visualize the loss curve

Loss

25

20}

0.0
0

20 40 60 80 100

Epoch P

loss

low learning rate

high learning rate

good learning rate

IIT Bombay, Perceptive Code LLC



Loss

time
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Loss
Bad initialization

— a2 prime suspect

time
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Monitor and visualize the accuracy:

Clasification accuracy

0.80

0.75 |

0.70 -

0.65 |-

0.60 |-

<
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wn

0.50 |

0.45 f

0.40
0
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— Training accuracy
— Validation accuracy

20

nnnnn

80

100

big gap = overfitting

=> increase regularization strength?

NO gap
=> increase model capacity?
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Track the ratio of weight updates / weight magnitudes:

function gradient descent(model, 1lr)
w_scale = torch.norm(model.W:view(model.W:nElement()), 2, 1)
update scale = torch.norm(lr * model.gradW:view(model.gradW:nElement()), 2, 1)
model.W = model.W + lr * model.gradw
model.b = model.b + lr * model.gradb
print(update scale/w scale) -- Want ~Ie—j
end

ratio between the values and updates: ~ 0.0002 / 0.02 = 0.01 (about okay)
want this to be somewhere around 0.001 or so
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Visualize Activations

* Visualize features (feature maps need to be uncorrelated) and have high variance.

samples

=
e
L
i

hidden unit hidden unit

Bad training: many hidden units ignore
the input and/or exhibit strong
correlations.

Good training: hidden units are sparse
across samples and across features.
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Visualize (initial) Convolution Layer Weights

* Visualize features (feature maps need to be uncorrelated) and have high variance.

too noisy too correlated lack structure

Good training: learned filters exhibit structure and are uncorrelated.
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Visualize Linear Layer (Fully-Connected) Weights

* Visualization of Linear layer weights for some networks
* |t has a banded structure repeated 28 times (Why?!) Hint: Images are 28x28

e Thus, looking at the weights we get some intuition

0O 28 56 84 112 140 168 196 224 252 280 308 336 364 392 420 448 476 504 532 560 588 616 644 672 700 728 756 784

S04/
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