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Set of all Selecting the Learning Performance
features best subset Algorithm




Feature Selection

* Genetic algorithm

* Dimensionality reduction
 PCA

« SVD
» Statistical Methods




Classification

* Supervised » Use the target variable

* Unsupervised > Do not use the target variable

* Semi Supervised » between unsupervised and supervised




Classification

Brain
. Choice of
Brain Wave Item Activity subject
4240 T g d 1
A0 i
4220 .1tr.?rFi'*ﬂ"lﬁrn-hi'fll"l:‘h.ilhhﬂrjﬂlll“r-"" htlLﬁhﬂm'-"lirﬂiluﬂﬂikﬁLkﬂf Like
-‘ZIHG S0 100 150 200 250 3o
Sample Number
a040 v ¥ 1
a0, | hli ™ A\ |i .-"'-'il
e }”r"“‘“”‘"‘# R AR A Ao H Dislike
&0 0 150 ] 250 a0
Sample Number
| i;.!d.l.il
4730 | T L M 1
4220 L‘ﬁ“' '\ Al'l‘flﬁ\uh';“fﬁhlll"l IIII"»J'J.LI% 'III'I' Ur'll""‘ﬁ"i' Hunllhﬂu-"h Like
‘amﬂ 50 100 150 0 250 X0
Sample Number
| 4240
| ]
el ™| L, | AR IT N
:;fzlLlhh'hﬂ'ﬁ.ﬁﬂhﬁnh"ﬂ‘ll\d"-'wﬂlt."f-lg'n_ﬂ'ﬂ'h-JL 1 'ﬁ*nh'h'.lililﬁ Dislike
0 50 100 150 00 250 00
Sample Number




Classification

C Training phase

Training “/VW\/W\’ (calibration)

Trial '/VVWWV
I - Band-pass

f"
Training /WVW\/\/"‘

Trial
N
)

CSP filtars Band power LDA

Optimization features classifier
& computation training
use (i.e., variance)

filtering
(e.g., 8-30 Hz)

Testing phase

(use)
Band power Class
Unknown Band-pass
Testing filtering ol — f“t“"’f — L —p (mental
filtering computation classification command)

Trial (e.g., 8-30 Hz)

(i.e., variance)




Machine learning

» Support Vector Machine (SVM)
» Hidden Markov Model (HMM)
» Random Forest (RF)

» Artificial Neural Network (ANN)




Support Vector Machine (SVM)
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Performance

FP Accuracy = TP+In
TP: True Falﬁ:e y TP+ TN+ FP + FN
Positives s
Positives comy
Precision = e
| TP
FN: TN: sas e
False True Sensttiotty TP + FN
Negative Negative -
Specificity = —

TN+FP
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Deep Learning

CNN configuration
IC(ARPFSO
IC(4A)RPMA)FSO
IC(8)RPFSO
ICRPFSO
IC(B2)RPFSO
IC(64)RPFSO
ICRPCRPFSO
ICRFSO
ICFSO
IC(7x1)RC(Ax7)RPFSO
IC(Ax7)RPC(7x1)RPFSO

Notes
4 filters
stride 4
8 filters

32 filters
64 filters

Non-rect filters

Non-rect filters




Deep Learning

CNN layer symbolic notation

Notation Description (default parameters)
I input layer of size (44x44x1)
convolutional layer (7x7, 16 filters)
ReLU layer
max pooling layer (2x2, stride 2)
fully connected layer (4 classes)
softmax layer

CQlta |= | ||

classification (output) layer




Deep Learning

Convolutions and RelLU
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Deep Learning
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Deep Learning
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Deep Learning

@

p
— —(X) > —»
(anh>
A ¢ ¢ A
|0 || 0] [tenh] | O |
— —p —
\J o \ J

. |




Deep Learning

EEG signals Signal Segmentation Feature Extraction LLSTM Network
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Transfer Learning

driver of ML

success.’
Andrew Ng,
NIBS"016 tutorial




Transfer Learning

* AlexNet
* ImageNet Large-Scale Visual Recognition Challenge (ILSVRC)
* 60 million parameters
* 17 million images
* 1000 labels




Transfer Learning
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Transfer Learning

* VGG

s ==

maxpool | maxpool | maxpool | maxpool

:E maxpool depth=256 depth=512 depth=512 SiZEFIﬂogﬁ
depth=64 depth=128 3x3conv  3x3conv 3x3 conv FC1
3x3 conv 3x3 conv conv3 1 conv4_1 convS 1 =
convl 1 conv2 1  conv3_2 conv4_2 conv5_2 size=1000
convl 2 conv2_2  conv3_3 conv4_3 convs_3 softmax
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Transfer Learning

Reuse Pretrained Network

Load pretrained network Replace final layers Train network Predict and Deploy results
assess network accuracy

- Training images

Early layers that learned A [hn Wit Bew Ty 1 Feasn Sh—-
1“’:““‘::!&;“’1 learned task features specific | ({3 Training options Testimages
{edges, blobs, colors) specific features to your data set * J *

o omi wme (—

1 million images Fewer classes 100s of images
1000s classes Learn faster 10s of classes

Improve network




Reinforcement Learning

da Classic Reinforcement Learning
Reinforcement Learning Problem Tabular Solution

# Actions M
c Deep Reinforcement Learning:

Actions
Agent Environment E H
Observations, ,
\ Actions

Deep learning solutions for RL problems
| - Rewards _»

b Classic Deep Learning
Categorization Problem Deep Learning Solution

States

Expected
Future Reward

Environment

Label Guasses

-"___::. Label Guess
True Labels Observations,
Classifier Labelled Dataset @/

Unit Activities

Sample Features
Samples
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