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Previous talk

Big Data discussion

Clustering algorithms overview

Introduction to deep learning

Future attendance to Cornell University workshop
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Research question

How well does a deep network work if we perform a
classification task B
based on what the deep network learned from a previous
classification task A?
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Project overview

Two datasets of pictures (Digits and Leaves)

Small deep network with two hidden layers

Train each hidden layers using autoencoders

Perform 3 experiments to conclude about
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Autoencoders
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Autoencoders

x e (1)

Source:[3]
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Digits dataset
MNIST database of handwritten digits [4]:

617181910

e Normalized greyscale images of 28x28 pixels
e Training Set (Tr. Set) with 5000 images (500 per digit

approx.)
o Test Set (Te. Set) with 5000 images (500 per digit)
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eaves dataset

Leaves dataset taken by Markus Weber [5]:

e 186 RGB images of 896x592 pixels
e 66 images of type 1

e 60 images of both type 2 and type 3
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Leaves dataset - Pre-processed

Leaves dataset taken by Markus Weber [5]:

e Normalized and inverted greyscale images of 28x28 pixels
e Training Set (Tr. Set) with 120 images (40 per type)
o Test Set (Te. Set) with 60 images (20 per type)
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Exp. 1 - Digits dataset - Pre-training
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Exp. 1 - Digits dataset - Pre-training
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Exp. 1 - Digits dataset - Pre-training
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Exp. 1 - Digits dataset - Pre-training
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Exp. 1 - Digits dataset - Pre-training

I N~ X/ oA N\ |
5K 7 Vo6 (“;‘ <
RS IS
Z 0 AN 0T

N\ XN

53 SN

Hiddenl Hidden?2 Hiddenl
(100) (50) (100)

18 /58



Exp. 1 - Digits dataset - Pre-training
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Exp. 1 - Digits dataset - Pre-training
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Exp. 1 - Digits dataset - Training
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Exp. 1 - Digits dataset - Training
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Exp. 1 - Digits dataset - Testing
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Exp. 1 - Digits dataset - Fine tuning

\

\\\ v
AN A
s

7

gﬁs

VaVaVa

e
e

17 XX
%%%&

=

SO
¢ SENNS

Image Hiddenl Hidden2
(784) (100) (50)

Softmax

24 /58



Exp. 1 - Digits dataset - Fine tuning
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Exp. 1 - Digits dataset - Fine tuning
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Exp. 1 - Digits dataset - Results

Experiment 1 - Results
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training

X T
X

SO
NI 77N

IV
LR
DTN \‘
Y/
///,'
4///

Image Hiddenl Image
(784) (100) (784)

31/58



Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Pre-training
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Exp. 2 - Digits dataset - Training
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Exp. 2 - Digits dataset - Training
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Exp. 2 - Digits dataset - Testing
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Exp. 2 - Leaves dataset - Fine tuning
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Exp. 2 - Leaves dataset - Fine tuning
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Exp. 2 - Digits dataset - Fine tuning
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Exp. 2 - Leaves dataset - Results

Experiment 2 - Results
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Exp. 3 - Leaves dataset - Transfer Learning

2,

BB
7B
ZHN

X8
S/ NN
ALY

v/
N

4',/ N
L7 A L
),

Image Hiddenl Hidden2 Sof
(784) (100) (50) oftmax

44 /58



Exp. 3 - Leaves dataset - Transfer Learning
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Exp. 3 - Leaves dataset - Training
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Exp. 3 - Leaves dataset - Training
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Exp. 3 - Leaves dataset - Training
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Exp. 3 - Leaves dataset - Fine tuning
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Exp. 3 - Leaves dataset - Fine tuning
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Exp. 3 - Digits dataset - Fine tuning
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Exp. 3 - Leaves dataset - Results

Experiment 2 & 3 - Results
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Conclusions

We can effectivily train a deep network by means of
autoencoders.

A deep network can work well when we apply a transfer
learning procedure.

Fine tuning procedure can improves the overall
performance of a deep network.

MATLAB(R) allows a straightforward implementation of
deep networks.
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Future work

e Implement more experiments, e.g. interchange roles in
Experiment 3.

e Manipulate the technical specifications of each
component in the deep network.

e Repeat this experiments using diferente datasets.
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