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GooglLeNet

APower and Memory use considerations are
Important for practical use

Almage data is mostly sparse and clustered.

AHebbianPrinciple:
GbSdz2NRPya UGKFI FANB (2



In Images, correlations tend to be local




Cover very local clusters by 1x1 convolutions
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Less spread out correlations
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Cover more spread out clusters by 3x3 convolutions
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Cover more spread out clusters by 5x5 convolutions
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Cover more spread out clusters by 5x5 convolutions
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A heterogeneous set of convolutions
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Schematic view (nhaive version)
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Naive idea
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Naive ideadoes not work)
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Inception

256 480

Width of inception modules ranges from 256 filters (in early modules) to 1024 in top
inception modules.

Computional cost is increased
Can remove fully connected layers on top completelyoy less than 2X compared to

AlexNet. (<1.5Bn
Number of parameters is reduced to 5 million operations/evaluation)

Credit:Szegedt al



The power of small filters (and stride 1)

Suppose we stack two CONV layers with receptive field size 3x3
=> Each neuron in 1st CONV sees a 3x3 region of input.

1st CONV neuron
view of the input:




The power of small filters

Suppose we stack two CONYV layers with receptive field size 3x3
=> Each neuron in 1st CONV sees a 3x3 region of input.

Q: What region of input does each neuron in 2nd CONV see?

2nd CONV neuron
view of 1st conv:




The power of small filters

Suppose we stack two CONYV layers with receptive field size 3x3
=> Each neuron in 1st CONV sees a 3x3 region of input.

Q: What region of input does each neuron in 2nd CONV see?

2nd CONV neuron X
view of input: Answer: [5x5]




The power of small filters

Suppose we stack three CONV layers with receptive field size 3x3
Q: What region of input does each neuron in 3rd CONV see?

3rd CONV neuron
view of 2nd CONV:




The power of small filters

Suppose we stack three CONV layers with receptive field size 3x3
Q: What region of input does each neuron in 3rd CONV see?

Answer: [7x7]




The power of small filters

Suppose input has depth C & we want output depth C as well

1x CONV with 7x7 filters

Number of weights:

C*(7*7*C)
=49 C"*2

3x CONV with 3x3 filters

Number of weights:

C*(3*3*C) + C*(3*3*C) + C*(3"3*C)
=3*9*C2
= 27 CA2



VGGhnet

[Very Deep Convolutional Networks for Large-Scale Image Recognition, Simonyan et al., 2014]

ConvNet Conhi éurauon

A A-LRN B C D E
11 weight 1T weight | 13 weight 16 weight 16 weight 19 weight
layers layers layers lagcrs layers layers "
input (224 x 2P4 RGB image) ConvNet config. (Table 1) | smallest image side | top-1 val. error (%) | top-5 val. error (%)
conv3-64 conv3-64 conv3i-64 conv3i-64 conv3-64 conv3-64 train 5) tost (Q)
LRN conv3-64 conv3-64 conv3-64 conv3-64
maypool A 256 256 29.6 10.4
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 A-LRN 256 256 29.7 10.5
Com‘}-ltznsm i(:lnv3-123 conv3-128 | conv3-128 B 756 756 78.7 99
ConvI-336 | convi-I36 | convi-T30 | convi-I36 | comvi-236 | convi-I36 256 256 28.1 9.4
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 C 384 384 28.1 93
RRvIA8N) | evanbstol | sl 06 [2356312] | 384 773 88
. 256 27.0 8.8
— 256 2 : :
convi-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 D 384 384 26.8 8.7
conv3-512 | conv3-512 | conv3-512 cunv.:-ili conv.::z:i cunv,:-i:s [256;5]2] I8 25.6 S
convl-5 conv3-5 conv3-512
conv3-512 256 256 27.3 9.0
maypool E 384 384 26.9 8.7
conv3-312 | conv3-512 | conv3-5312 | conv3-512 | conv3-512 | conv3-512 1256:512] 384 25.5 8.0
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
FC-4096
FC-4096 - H : :
FCTo => Evidence that using 3x3 instead of
soft-max
1x1 works better
Table 2: Number of parameters (in millions).
Network AA-LRN B C D E
Number of parameters 133 133 [ 134 | 138 | 144

Credit:FetFel




Data augmentation

a. No augmentation (= 1 image)

224x224

-""‘



Data augmentation

AFor both training and testing

Fixed scale

$=256

Input Image

AN
Multi “>
scale
training

AN

\3 $=256

‘ Scaled Img
Train-crop
224x224
Train crop Train crop
224x224 224x224
Scaled Img
Scaled Img
Train crop
224x224
Train crop Train crop
224x224 224x224

5=384




Classification results on ImageNet 2012

Number of Models Number of Crops Computational Cost Top5 Compared to
Error Base

1 1 (center crop) 1x 10.07% -
1 10* 10x 9.15% | -0.92%
1 144 (Our approach) 144x 7.89% | -2.18%
7 1 (center crop) X 8.09% | -1.98%
7 10* 70x 7.62% | -2.45%
7 144 (Our approach) 1008x 6.67% | -3.41%

*Cropping by [Krizhevsky et al 2014]



Finetuning

Objects




Finetuning




Finetuning

output
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Visual Classification

Results of MIT 67 Scene Classification

Method mean Accuracy
ROI + Gist[ ] 26.1
DPMJ 0] 304
Object Bank[ ] 37.6
RBow[ 1] 37.9
BoP[ '] 46.1
miSVM[ 5] 46.4
D-Parts[ ] 514
IFV[ 1] 60.8
MLrep[ ] 64.0
CNN-SVM 58.4
CNNaug-SVM [59.0]
CNN(AlexConvNet)+multiscale pooling [ | 6] 68.9

Using a CNN othe-shelfrepresentation withlinear SVMs training significantly
outperforms amajority of the baselines.



Detection

Model must output:

A set of detections

Each detection has:

- confidence

- class (integer)

- x1,y1,x2,y2
bounding box
coordinates

motorcycle



RCNN

Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

N
S

Idea: Turn a Detection Problem into an Image Classification problem
(but over image regions).

Content of every labeled
bounding box for is a positive
example for a class.

person

flower pot

ey power dril Every other bounding box in the
image is a special negative
class.

-



RCNN

Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]

N
S -

Idea: Turn a Detection Problem into an Image Classification problem
(but over image regions).

person

R-CNN: Regions with CNN features
= - warpcid region ﬂ{aeroplz:ne‘.’ no. |

....................

’ :
'=>{person? yes. |

flower pot

____________________

2 power drill

B :

1 AItvmonitor‘.’ no. |
2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions




Selective Search for Object Recognition
[J. R. R. Ujjlings, K. E. A. van de Sande, T. Gevers, A. W. M. Smeulders]

Gives on average ~2,000 candidate region proposals per image.
(This paradigm currently outperform the “sliding window” approach)

Credit:FetFel



R-CNN Results

Rich feature hierarchies for accurate object detection and semantic segmentation
[Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik]




Pixelan, pixels out

monocular depth estimation (Liu et al. 2015)

semantic is®

segmentation
R -
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ConvNetperform Classification
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< endto-end learning
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A Classification Network

convolution fully connected
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Becomindully convolutional

convolution

oo

227 x 227 55x55 27 x 27 13 x13 1x1



Becomingfully convolutional

convolution

DD P

HxW H/4 x W/4  H/8 x W/8 H/16 x W/16 H/32 x W/32



Upsamplingputput

convolution

H/4 x W/4  H/8 x W/8

DD P

H/16 x W/16 H/32 x W/32




Endto-end,
Pixelsto-pixelsnetwork

convolution
H/4 x W/4  H/8 x W/8 H/16 x W/16 H/32 x W/32 L
upsampli T
! ng
pixelwise
conv, pool,

. ) output + loss
nonlinearity
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Deconvolutionahetwork
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Upsampling

switch
variables
pooled

= map
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Pooling
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Deconvolution

Convolution Deconvolution

Credit:Noh et al



Unpoolingand DeconvEffects




Results segmentation

Input image Ground-truth FCN DeconvNet EDeconvNet EDeconvNet+CRF

(a) Examples that our method produces better results than FCN [17].




Predicting Human Visual Memory

Memorabllity =The likelihood of remembering a
particular image.



Welcome to the

Visual Memory Game

A stream of images will be presented on the
screen for 1 second each.

Your task:

Clap anytime  you see an image you saw
before in this experiment.



(Seriously, get ready to clap. T
























I
<clap!>




































I
<clap!>



Measuring Memorability

Memorabillity Is an Intrinsic

property of an |mage'

repeat after a single view of an image in a long sequenc

Understanding Image Memorability, Khosla etl@ICV 201°¢
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TrainingMemNet
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MemNetPerformance

Human rank correlation: 0.68

Prediction rank correlation: 0.64!

HOG2x2
]

0.4 0.45 0.5 0.55 0.6 0.65 0.7
rank correlation



Visualizing Neurons
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Predlctmg popularlty




Popularity dataset

Dataset: 2.3 million Flickr images

views >




