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Object Recognition

What is in the image”

Bike

Train

Bird




Reminder

We want the algorithms to learn to do object recognition given
examples of the object category

Training phase: examples images are shown to the algorithm

Testing phase: labelling of images never shown before

There are different modalities of supervision (fully
supervised, unsupervised, semi-supervised, etc.)
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Principles

Simplified neuroscience: a neuron computes a dot
product between its inputs and the synaptic weights

<X,t>——

Neuroscience definition of
dot product!




Perceptron

F. Rosenblatt 1957

One layer NN Inputs  Two-Input Neuron
N\ I
P1 Wi
> [ >
P2 Wi, b
/ ! J

a = hardlim(Wp+Db)



Perceptron

Types of Nonlinearities
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|_earning

Gradient descend

sk
W W+ X (Y — Y.
In case of linear separable data, the learning converges
in a number of iterations that can be bounded by (R/y)"2.

R is the norm of the largest input vector,

Y Is the margin between the decision boundary and the
closest data-case.



Multi-layer Perceptron

Rumelhart et al. 1986
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and possibly many more layers



Back-propagation

Learning based on iterating between:

1. Propagation

1.1. Forward pass through NN

1.2 Backward pass using derivatives

2. Weights updates

(gradient descend)
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The ventral stream

The ventral stream hierarchy: V1, V2,
V4, IT
A gradual increase in the
receptive field size, in the complexity of the
preferred stimulus, in tolerance to position
and scale changes

Kobatake & Tanaka, 1994




Hubel and Wiesel

(1959) Nobel prize

-> See Videos

hitps://www.youtube.com/watch?v=l10Hayh06l J4

hitps://www.voutube.com/watch?v=jwonBWo21/k



LGN-type Simple Complex
cells cells cells

Simple
cortical
cells
' I e
| A LGN ' | Complex
V¥ E;( .,'7.__; cells t  cortical cell
/_." J— 2 - —
{ / L11
\\ \’L J / —

» W ,,-" Visual image
‘_\: Cortical
simple cell

(Hubel & Wiesel 1959)



Simple and Complex Cells
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Simple and Complex Cells

» Tuning operation (Gaussian-like,

AND-like) ~ y = 7" » Max-like operation (OR-like)
or y =max{xl,x2,...}
XeW
YTl » Complex units

»Simple units
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Riesenhuber & Poggio 1999, 2000; Serre Kouh Cadieu
Knoblich Kreiman & Poggio 2005; Serre Oliva Poggio 2007



Two operations (~OR, ~AND):

disjunctions of conjunctions
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Serre, T., and Riesenhuber, M. (2004)
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Convolutional Neural Networks
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Emphasis on the convolutional assumption

LeCun et al. 98



L earning

back-propagation
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Deep CNN (2012)
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Techniques to avoid overfitting

ImageNet dataset (1 million labeled images available)
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Obiject classification
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Avoid Overfitting

[J Architecture of the network as prior:

O convolutions
o RelLU

[] Use data augmentation in the training

o affine transformations

[] Dropout



Rectified Linear Unit
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Figure 1: A four-layer convolutional neural
network with ReLLUs (solid line) reaches a 25%
training error rate on CIFAR-10 six times faster
than an equivalent network with tanh neurons
(dashed line). The learning rates for each net-



Avoid Overfitting

[ Dropout
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Avoid Overfitting

[J Dropout
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Avoid Overfitting

[] Dropout

* multiply hidden layers by the dropout probability (0.5

testing phase:
all hidden units used
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Amazing Results

miie

" container s ip

motor scooter

mite

black widow
cockroach
tick

starfish

container ship

motor scooter

lifeboat
amphibian

fireboat
drilling platform

musnroom

go-kart
moped
bumper car

golfcart

ascar cat

fire engine

dead-man’'s-fingers

vertible agaric dalmatian squirrel monkey
grille mushroom grape spider monkey

pickup jelly fungus elderberry titi

beach wagon gill fungus |ffordshire bullterrier indri

currant

howler monkey

Figure 4: (Left) Eight ILSVRC-2010 test images and the five labels considered most probable by our model.
The correct label is written under each image, and the probability assigned to the correct label is also shown
with a red bar (if it happens to be in the top 5). (Right) Five ILSVRC-2010 test images in the first column. The

remaining columns show the six training images that produce feature vectors in the last hidden layer with the
smallest Euclidean distance from the feature vector for the test image.

Krizhevsky et al. 12



Visualization
of learned filters
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Zeiler and Fergus 13




Visualization
earned filters
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http://people.csail.mit.edu/torralba/research/drawCNN/drawNet.html



Visualization
of the DNN visual structure

arg max S.(I) — M5

2Invert a CNN by finding the stimulus that maximizes the
output of a class.

Simonyan et al. 2014



Visualization
of the DNN visual structure

dumbbell dalmatian

bell pepper husky

Simonyan et al. 2014



lnvariance

10 0.8 1
9 a2 o7 a3 0.9 a4
8 0.8 v
0.6
8 7 3 —— Lawn Mower 0.7
0.5 —— Shih-Tzu —
g 6 é — African Crocodile gos
5 % 0.4 —— African Grey Sos
g <Q — Entertrainment Center 2
g g 0.3 a 0.4 —— Lawn Mower
é 3 —— Lawn Mower § 0.3 —— Shih-Tzu
——Shih-Tzu 0.2 - —— African Crocodile
2 —— African Crocodile 0.2 African Grey
African Grey 01 — Entertrainment Center
. .1
1 —— Entertrainment Center 0
0 0o
060 —40 20 0 20 40 60 ~60 -40 -20 0 20 40 60 ~60 —40 —20 0 20 60
Vertical Translation (Pixels) Vertical Translation (Pixels) Vertical Translation (Pixels)
12 0.7 1
b2 b3 09 b4
10 0.6
0.8
8 s g%° o7
S 5 706 —— Lawn Mower
z 2 0.4 g° —— Shih-Tzu
=Y % g 0.5 —— African Crocodile
g € o3 2 —— Alrican Grey
g 5 - Lawn Mower a 0.4 —— Entertrainment Center
4 _— La\.:m Mower 1 02 —— Shih-Tzu 0.3 1
—— Shih-Tzu —— African Crocodile
—— African Crocodile ——— African Grey 0.2
2 1 01 N
—— African Grey . —— Entertrainment Center 01
—— Entertrainment Center ’ M
0 0 0
1 1.2 1.4 1.6 1.8 1 1.2 1.4 1.6 1.8 1 1.2 1.4 1.6 1.8
Scale (Ratio) Scale (Ratio) Scale (Ratio)
1.4 1
0.9 c4
s c3
0.8
1 1
8 8 07 —— Lawn Mower
é é 706 —— Shih-Tzu
2 Zos g —— African Crocodile
3 E @ 05 —— African Grey
£ £ 06 5_, 04 —— Entertrainment Center
<§ —— Lawn Mower é 04 —— Lawn Mower 03
—— Shih-Tzu ° ——Shih-Tzu
—— African Crocodile —— African Crocodile 0.2
—— African Grey 0.2 —— African Grey 01
—— Entertrainment Center| —— Entertrainment Center )
o "
GO 50 100 150 200 250 300 350 o] 50 100 150 200 250 300 350 o0 50 100 150 200 250 300 350
Rotation Degrees Rotation Degrees Rotation Degrees

Figure 5. Analysis of vertical translation, scale, and rotation invariance within the model (rows a-c respectively). Col 1: 5
example images undergoing the transformations. Col 2 & 3: Euclidean distance between feature vectors from the original
and transformed images in layers 1 and 7 respectively. Col 4: the probability of the true label for each image, as the
image is transformed.

Zeiler and Fergus 13
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Applications

2 Use a pre-trained CNN as a feature extractor
2 Fine-tune on limited data

2 Train from scratch on big data



Obiject classification
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Applications

2> Use a pre-trained CNN as a feature extractor



Object Detection

Rich feature hierarchies for accurate object detection

-] warped region 5 aeroplane? no.
, :

person? yes.

b , 7 tvmonitor? no.
1. Input 2. Extract region 3. Compute 4. Classify
1mage proposals (~2k) CNN features regions

Figure 1: Object detection system overview. Our system (1)
takes an input image, (2) extracts around 2000 bottom-up region
proposals, (3) computes features for each proposal using a large
convolutional neural network (CNN), and then (4) classifies each
region using class-specific linear SVMs. R-CNN achieves a mean

Girshick et al. 14



Object Detection

Girshick et al. 14



Applications

> Fine-tune on smaller datasets



Saliency Prediction

Reducing the Semantic Gap in Saliency Prediction
by Adapting Neural Networks

Saliency Objectives
(KLD, NSS, CC, SIM)

Huang et al. 15



Applications

> Train from scratch on big data



Semantic Segmentation

Learning Deconvolution Network for
Semantic Segmentation
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emantic Segmentation




Depth Map Prediction

Depth Map Prediction from a Single Image
using a Multi-Scale Deep Network

Input Image Depth Normals Labels

Eigen and Fergus 14



Applications

not only for vision...

- —— Natural speech
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Statistical parametric speech synthesis
using deep neural networks

Zenet. al 13



End-to-End Deep Neural Network for Automatic

Speech Recognition

Applications
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Song and Cai 15




Applications - Frameworks

> Caffe

* C++ with Matlab and Python interfaces
* http://caffe.berkeleyvision.org

2 lorch

* Lua

* hitp://ftorch.ch

2 Theano
* Python
¥ https: l.pvthon.or I/Theano

~MatConvNet
* Matlab
* http://www.vlfeat.org/matconvnet/
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Open Questions

Adversarial examples

(a) (b)

Figure 5: Adversarial examples generated for AlexNet [9].(Left) is correctly predicted sample, (center) dif-
ference between correct image, and image predicted incorrectly magnified by 10x (values shifted by 128 and
clamped), (right) adversarial example. Average distortion based on 64 examples is 0.006508.

Szegedy et al. 14



pen Questions

Synthetic images that fool DNN
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Open Questions

Adversarial examples

Synthetic images that fool DNN

Memory?

Why hierarchies work better than shallow NN
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