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Inside AlexNet
(after training)
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AlexNet Filters (3fter training)
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These are 96 real examples of convolutive filters for RGB images

[image from http://cs231n.github.io/convolutional-networks/]
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[images from https://arxiv.org/pdf/1311.2901.pdf]
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AlexNet Filters- DeconviNet

DeconvNet:
using a DCNN in reverse
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AlexNet Filters- Deconv.
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[images from https://arxiv.org/pdf/1311.2901.pdf]
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AlexNet Filters- DeconviNet

Layer 4

[images from https://arxiv.org/pdf/1311.2901.pdf]
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Beyond AlexNet:
7776 DCNN storm
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ImageNet: the full story

ImageNet Large Scale Visual Recognition Challenge (ILSVRC) winners
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The challenge is now over

Image from

[http://cs231n.stanford.edu/slides/2019/cs231n_2019_lecture09.pdf]
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VGG Architecture

Several variants

Only 3x3 convolutional
filters used
(each with ReLU)

LRN used in only one variant

Image from
[https://arxiv.org/pdf/1409.1556.pdf]

Deep Learning 2024-2025

ConvNet Conﬁ_émation

A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
mput (224 x 224 RGB 1mage)

convi-64 conv3i-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 | comv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
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

FC-1000

soft-max

Deep Convolutional Neural Networks [10]




Inception Architecture

" [nception modules
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(a) Inception module, naive version (b) Inception module with dimension reductions

Image from [https://arxiv.org/pdf/1409.4842.pdf]
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Inception Architecture

= 1x1 convolution?

Feature Maps 1x1 convolution output

(It is a kind of misnomer)
Each filter has dimension 1x1xh
where h is the depth of the set of filter maps

Using d 1x1 convolution filters allows changing depth h into d
Clearly the assumption is d<h

It mimics a fully connected layer (across channels)
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Inception Architecture

= GoogLeNet architecture

Convolutive
Max Pool
Softmax
Filter Concat

Image from [https://arxiv.org/pdf/1409.4842.pdf]
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Inception Architecture

= GoogLeNet architecture
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Image from [https://arxiv.org/pdf/1409.4842.pdf]
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Inception Architecture

= GoggLeNet architecture

Much smaller FC layers

Convolutive
Max Pool
Softmax
Filter Concat

Image from [https://arxiv.org/pdf/1409.4842.pdf]

Deep Learning 2024-2025 Deep Convolutional Neural Networks [15]



Inception Architecture

= GoogLeNet architecture

Three softmax outputs

They are trained to produce

the same output, simultaneously Convolutive

Max Pool
Softmax
Filter Concat

Image from [https://arxiv.org/pdf/1409.4842.pdf]
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ResNet Architecture
= ResNet block

X
h 4
weight layer
F(x) l relu .
weight layer identity

Figure 2. Residual learning: a building block.

Image from [https://arxiv.org/pdf/1512.03385.pdf]
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ResNet Architecture

= ResNet architecture
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Image from [https://arxiv.org/pdf/1512.03385.pdf]
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Comparing Different DCNNs

= Comparative charts at Top-1 accuracy
i.e. how often the DCNN is right with ImageNet with its top prediction
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Image from [https://arxiv.org/abs/1605.07678, 2017]
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Comparing Different DCNN's

(Same chart, a more recent version)

Top-1 accuracy [%]
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Transter Learning
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Transter Learning

Transfer learning: idea
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A Small
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Image from https://www.slideshare.net/xavigiro/transfer-learning-d2I4-insightdcu-machine-learning-workshop-2017
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Transter Learning

i tree =
cat  inm— |
> < dog mm
\

(a)

cancer H
normal N

Image from https://www.bishopbook.com/
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Do DCNNSs Dream
of Electric Sheep?
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Can DCNN's dream %
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home ) tech

(ap Caimntelligence - Yes, androids do dream of electric sheep

Google sets up feedback loop in its image recognition neural network - which
looks for patterns in pictures - creating hallucinatory images of animals, buildings
and landscapes which veer from beautiful to terrifying
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A hallucinatory filter over a red tree. Spot the animals. Photograph: Google
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Can DCNNs ‘dream ?

Enhancing lower layers

[images from https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html]
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Feature Enbancement

* Image Space Gradient Descent
Define
® (1)
as the response of a DCNN at a layer k, filter [ to an image I

Given a specificimage I, we define the loss function
L(LT) := ||y ®xi(I) — B (D)

The optimization problem Amplification factor
I'" := argmin; (L(f,I) + )\||I||2)

is solved via gradient descent by computing

a% (L(i, 1)+ AHIH?)

and starting from I =T

Deep Learning 2024-2025
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Can DCNN's dream %

Enhancing lower layers

[images from https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html]
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Can DCNN's dream %

Enhancing upper layers

[images from https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html]
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Can DCNNs ‘dream ?

Letting the DCNN go on its own

[images from https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html]
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Can DCNN's dream %

Letting the DCNN go on its own

e

[images from https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html]
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The Power of Abstraction
(in layers)
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The Power of Abstraction

= Different Layers of a Deep Convolutional Neural Network

What kind of information does each layer 'store'?

Style'
© image

[images from https://www.youtube.com/watch?v=N14_w2RG1A8]
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The Power of Abstraction

= Different Layers of a Deep Convolutional Neural Network

What kind of information does each layer 'store'?

Create a new image

by combining more

of the 'Content'top layer
and more of 'Style' low layers

Style'
© image

i from https: : be. h?v=N14_w2RG1A8
Deep Learning 2024-2025 mages from s/ fuwiyoutube comwaten v wrG AT Deep Convolutional Neural Networks [34]



Mixing Two Images

* Image Space Gradient Descent
Define
® (1)
as the response of a DCNN at a layer k, filter [ to an image I
Given a specificimage I, and I, , we define the loss function

LII):=) [|Mpi(®r(L2), ®ri(I1)) — ®p (1)
k,l T

Weighted Merge Function

The optimization problem
I* := argmin, (L(f, I+ )\||I||2)

is solved via gradient descent starting from 19 =71,
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The Power of Abstraction

= Different Layers of a Deep Convolutional Neural Network

What kind of information does each layer 'store'?

Create a new image

by combining more

of the 'Content'top layer
and more of 'Style' low layers

This is the result

[images from https://www.youtu be.com/watch?v:NELWZ 1A8]
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The Power of Abstraction

= Different Layers of a Deep Convolutional Neural Network

Further examples:

i from https:/arxiv.org/pdf/1508.06576.pd
mages from httpsfandvora/p 8€€P Eohvblutional Neatal Networks 137]
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Human-like Vision?
No way!
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A DCNN can be fooled...

1 State-of-the-art DNNs can recognize

2 But DNNs are also easily fooled: images can be produced that are unrecognizable
real images with high confidence

to humans, but DNNs believe with 99.99% certainty are natural objects
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\
\ /

\ /

i 2
*.6‘ Evolved images \ h
| \ Z < o)
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=== [ Evolutionary § — Crossover
3 Algorithm
Q
s >0, >
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[images from https://arxiv.org/pdf/1 415.61168’97(\5_4.pdﬂ
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Reconstructing Images from Feature Maps

[images from https://arxiv.org/pdf/1412.0035v1.pdf]
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Reconstructing Images from Fegture Maps

* Image Space Gradient Descent
Define
P (1)
as the response of a DCNN at a layer k, filter [ to an image I

Given a specificimage I, we define the loss function
LI, 1) := || @, (1) — @ (D)
and the optimization problem

I'" := argming (L(f,I) + pP(I) + )\||I||2)

L2 Regularization
To solve this, we can compute Statistical Realism'
O .
57 (LA D)+ pP(D) + A|I]P?)

and apply a gradient descent procedure, starting from a random image 10

Deep Learning 2024-2025
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Maps
il

192

®y. (1) is taken here
Thisis I
The remaining five
images
were generated
using image space
gradient descent

with different initial
images I 0)
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Just add some little noise ...
nature

Adding carefully crafted noise to a picture can create a new image that
people would see as identical, but which a DNN sees as utterly different.

NEWS FEATURE - 09 OCTOBER 2019

Why deep-learning Als are so easy to fool

Artificial-intelligence researchers are trying to fix the flaws of neural networks.

Gibbon

In this way, any starting image can be tweaked so a DNN
misclassifies it as any target image a researcher chooses.

Target image: race car Race car

A

enature

i f https: . . icles/d -019- -
Deep Leam/'ng 2024-2025 [images from https://www.nature.com/articles/d41586-019-03013-5 Deep Convo/az‘iona/Neura/Nefworks [43]
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