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e Training - cross-validation.
* Optimalization of hyperparameters.
* Deep learning
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Overtraining ﬂ?
® Overtraining — algorithm “learns” the particular events, not the
rules.
® This effect appears for all ML algorithms.
® Remedy — checking with another, independent dataset.
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How to train a ML algorithm?

® How to avoid overtraining while learning?
® Should we use one sample for training and another for validating?

® Then we increase the error — we use just a part of data for training.

® Second remark: to avoid ovetraining and find the performance of the trained
algorithm we should use one more, third data sample to measure the final
performance of the ML algorithm.

® How to optimize the hyperparameters of the ML algorithm (number of trrees
and their depth for BDT, number of hidden layers, nodes for Neural Network)?
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FIGURE 7.1. Behavior of test sample and training sample error as the model
complexity is varied. The light blue curves show the training error err, while the
light red curves show the conditional test error Errt for 100 training sets of size
50 each, as the model complexity is increased. The solid curves show the expected
test error Exr and the expected training error ElerT|.

Source: Elements of Statistical Learning
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Cross-validation

® We have independant training sample L_and a test sample T _.

® Error level of the classifier d(z) = d(z; £,) built on the training sample L_

m

ér = — ; (d(x;a) #Yy)

® Estimator using "recycled data“ (the same data for training and for error
calculation) is biased.

® Reduction of bias: for example division of data into two parts (training &
validation) we use just a part of information only.

® Cross-validation — out of sample L_we remove just one event |, train
classifier, validate on single event j. We repeat n times and get the estimator:

® \We get an estimator, which is unbiased (in limit of huge n), but CPU
demanding, with bigger variation than e._.
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Cross-validation

® |ntermediate solution — v-fold cross-validation

® The sample is divided into v subsamples, v-1 of them we use for training, the
one for validation. Then the procedure is repeated with other subsamples and

the procedure is repeated v tir LA | | _
by = — 3 3 1(2Z; € £ (d(X 5 £57) # ;)

=] j=1
® Smaller CPU usage comparing to ross-validation.
® Recommended v ~ 10

® \While choosing the classifier (for example tuning hyperparameters), we
should choose the classifier, which gives the smallest classification error.W
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Walidacja krzyzowa

® 4-times folding
® Finding a dependence of CV from alpha (medical data)

® \We can draw the mean and a standard deviation. In the next plot we draw the
dependence for each folding.

® As a result we can estimate an error of CV.
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Model performance

* Partition the original data (randomly) into a training set
Test Error and a test set. (e.g. 70/30)
* Train a model using the training set and evaluate
performance (a single time) on the test set.

K_f0|d * Train & test K
Cross-validation . models as shown.

Average the model
performance over N —
the K test sets. _ | W—
* Report cross-

validated metrics. —

TRAIN TEST
A,

Performance - Regression: RA2, MSE, RMSE
: * Classification: Accuracy, F1, H-measure, Log-loss
Metrics * Ranking (Binary Outcome): AUC, Partial AUC

https://www.slideshare.net/Oxdata/top-10-data-science-practitioner-
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Train vs Test vs Valid ‘:‘E

Training Set vs. * If you have “enough” data and plan to do some model

_ _ tuning, you should really partition your data into three
Validation Set vs. parts — Training, Validation and Test sets.

* There is no general rule for how you should partition

Test Set the data and it will depend on how strong the signal in

your data is, but an example could be: 50% Train,
25% Validation and 25% Test

Validation is .fOl' * The validation set is used strictly for model tuning
Model Tu ning (via validation of models with different parameters)
and the test set is used to make a final estimate of the
generalization error.
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Hyperparameter optimization

® Nearly each ML method has few hyperparameters (structure of the Neural Net
etc).

® They should be optimized for a given problem.

® Task: for a given data sample find a set of hyperparameters, that the
estimated error of the given method is minimized.

® | ooks like a typical minimization problem (fitting like), but:
— Getting each measurement is costly

— High noise

— We can get the value of the minimized function (so our error) in the pont x
of the hyperparameter space, but we can't get the differential.
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Optimization of hyperparameters

® How to optimize:

— ,Grid search” - scan over all possible values of parameters.
— ,Random search”
— Some type of fitting...
® Popular method is the ,,bayesian optimization”
— Build the probability model
— Take ,a priori” distributions of parameters

— Find, for which point in the hyperparameter space you can maX|maIIy |
Improve your model

— Find the value of error
— Find the ,a posteriori” probability distribution
— Repeat
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likelihood prior/posterior data space

How does it work
in practice? “ :

® Straight line fitting 3 0w ! 1 0 z |
y(x, w) =w, +wx fit to the data. | y'
1) Gaussian prior, no data used . ’
2) First data point. We find the likelihooc -1 _— | Saaw—" ——s
based on this point (left plot)and 0 e
multiply: priori*likelihood. We get the "
posterior distribution (right plot). U 2
3) We add the second point and repeat
the procedure. - 0 wo 1 = w i
4) Adding all the points one by one. '
Y
0 o
8 O
Remark: data are noisy. ] v
1 0 wo 1 -1 0 T 1

lllustration of sequential Bayesian learning for a simple linear model of the form y(x, w) =
wo + wiz. A detailed description of this figure is given in the text.

21.03.2017 M. Wolter, Machine Learning




Starting point
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Unknown function (with noise), four observations.
Where should we do the next costly probing?

See this tutorial
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https://www.iro.umontreal.ca/~bengioy/cifar/NCAP2014-summerschool/slides/Ryan_adams_140814_bayesopt_ncap.pdf
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The a posteriori distribution of possible functions, which could generate the
observed data points.
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A posteriori functions
— Gaussian Processes (GP)

Squared-Exponential

These functions should be somehow parametrized, for example these
could be Gaussian functions.
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Acquisition function

® Posterior GP (Gaussian Processes) give us the mean of GP functions p(x)
and their expected variation o?(x).
— Exploration — searching for huge variation

— Exploitation — search for a smallest/greatest (depends on sign and
convention) value of mean p(x)
® The acquisition policy has to balance these two approaches:

— Probability of Improvement (Kushner 1964).

« a,(x) = D(Y(X)) e
— Expected Improvement (Mockus 1978) o(x)
— GP Upper Confidence Bound (Srinivas et al. 2010):

+ 8, (X) = H(X) - KO(X)
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Probability of Improvement Expected Improvement

These functions are quite similar...
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We choose next x

u(x) — acqusition function

(finding
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Dokonujemy probkowania i powtarzamy procedure...
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Limitations

® Bayesian optimization depends on the parameters chosen
® On the acquisition function

® On the prior selected....

® |t's sequential.

® There are alternative methods, which can be done in parallel (like Random
Search or Tree of Parzen Estimators (TPE) used by the HyperOpt package
https://github.com/hyperopt/hyperopt).
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Implementations

® Python

— Spearmint https://github.com/JasperSnoek/spearmint

— GPyOpt https://github.com/SheffieldML/GPyOpt

— Ro0oBO nhttps://github.com/autom|/RoBO

— Scikit-optimize https://github.com/MechCoder/scikit-optimize

® C++

— MOE https://github.com/yelp/MOE

21.03.2017 M. Wolter, Machine Learning
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Articles

® Brochu, E., Cora, V. M., and De Freitas, N. (2010). A tutorial on bayesian
optimization of expensive cost functions, with application to active user
modeling and hierarchical reinforcement learning. arXiv preprint
arxiv:1012.2599.

® Shabhriari, B., Swersky, K., Wang, Z., Adams, R. P., and de Freitas, N. (2016).
Taking the human out of the loop: A review of bayesian optimization.
Proceedings of the IEEE, 104(1):148-175.

® Nice tutorial;

https://www.iro.umontreal.ca/~bengioy/cifar/NCAP2014-summerschool/slid
es/Ryan_adams_ 140814 bayesopt ncap.pdf
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Deep Learning

Feature Hierarchies: Vislon

output layer eee e

e 1 2
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hidden layers

input layer L ]
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2. Why does it give better results than other methods in pattern recognition, spech
recognition and others?

1. What does “deep learning” mean?

Why deep learning

Deep learning

@
O
-
@
S
o
O
‘€
O
o

Amount of data

How do data science techniques scale with amount of data?
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Short answer:

‘Deep Learning’ - using a neural network with many hidden layers

A series of hidden layers makes the feature identification first and processes
them in the chain of operations: feature identification — further feature
identification — ....... — selection

But NN are well known starting from 80-ties???

We always had good algorithms to train NN with one or two hidden layers.

But they were failing for more layers

NEW: algorithms for training deep networks %

huge computing power

o g

21.03.2017 M. Wolter, Machine Learning




How do we train a NN
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= -0.06%x2.7 + 2.5x8.6 + 1.4x0.002 =21.34
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NN training
Inputs

1.4 2.7 1.9
3.8 3.4 3.2
6.4 2.8 1.7
4.1 0.1 0.2

etc ...

Class
0

O = O
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Training data

Inputs Class
1.4 2.7 1.9 0
3.8 3.4 3.2 0
6.4 2.8 1.7 1
4.1 0.1 0.2 0
etc ...

21.03.2017 M. Wolter, Machine Learning




Training data
Inputs Class
[ 1427 19 0 |
3.8 3.4 3.2 0
1
0

6.4 2.8 1.7
4.1 0.1 0.2
etc ...

0.8
0
Errror 0.8

Training algorithms take care, that the error is smaller and smaller
21.03.2017 M. Wolter, Machine Learning






















Remark

* If the activation function is non-linear, than a
neural network with one hidden layer can
classify any problem (fits any function).

* There exists a set of weights, which allows to
do that. However, the problem is to find it...

21.03.2017 M. Wolter, Machine Learning




ils

OlAD¥5(L1¢% . .

0 1 234507% How to identify the
O1234SL7% features?
Qla+3Y5¢ )¢

0l AD¢ESET X

0 | 13UL86/%

postal envelopes.

N
NN
N A

SR NN
‘:‘ 5 "
(K

KX,
XX

SO
XN\
y e

21.03.2017 M. Wolter, Machine Learning

9
7
¥4
i &
7
7
]
]
|
_
_

Out,,




g il

4

What Is this neuron
doing?

O|RI¥5L1T
012399207
Ol1234S5¢67
Qla-3Y56)
01 25¢5&]

0| L3USG/

Figure 1.2: Examples of handwritten digits from

Input layer Hidden layer Qutput layer

postal envelopes.

i &
7
7
]
]
|
_
_

Out,,

21.03.2017 M. Wolter, Machine Learning




ifs

Neurons in the hidden layers are the self-

organizing feature detectors
1 ) 10 15 20 25

Huge weight

Small weight
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What can it detect?

1 5 10 15 20 25

Huge weight

Small weight

It sends a strong signal, when it finds
a horizontal line in the top row of pixels,
ignores anything else.
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What can it detect?

1 5 10 15 20 25

Huge weight

Small weight

Sends strong signal, if a dark region in the left
upper corner is found.

21.03.2017 M. Wolter, Machine Learning 44



Figure 1.2: Examples of har
postal envelopes

What feature should detect a neural network
recognizing the handwriting?
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Next layers can learn the higher level features “J'
1 5 10 15 20 25

L]
__-_-_ oo

Detecting lines
in given places etc muw
Higher level detectors
etc ...
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Such an organised network makes
sense...

Our brains probably work in a similar
way

optic radiations

Steperior brackium  Lateral genteulate body
i / Medial genicubate body
/

Optic tract

Optiz cornmissure

Qeulomaotor nerve

parvocellular

Tripeminal neree

JUiemboid fossn
Acoustic nerve

Facial nerve

Abducent nerve

Clave. F Hypoglossal nerve
Y o

Glossopharyngenl and vagus nerves <4 |

magnocellular

Accessory nerve

optic tract
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Unfortunately, until recent years we didn’t
know how to train a deep network

21.03.2017 M. Wolter, Machine Lea g
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New method of training (basic info)

i
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New method of training (basic info)

$33ids

Train this layer
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New method of training (basic info)

333

Train this layer

Then this
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New method of training (basic info)

3338

Trenuj te warstwe

Then this

Then this
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New method of training (basic info)

REsts

Train this layer

Then this

Then this
Then this
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New method of training (basic info)

R

Train this layer

Then this

Then this

Then this
At the end this
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New method of training (basic info)

$3iids

Each hidden layer is an automatic feature
detector

an auto-encoder
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An autoencoder neural network is an unsupervised

learning algorithm that applies backpropagation, setting
the target values to be equal to the inputs.

output -

Tdecode
hidden -

encode

Input

The aim of an autoencoder is to learn a representation (encoding)

for a set of data, typically for the purpose of dimensionality
reduction.

If there Is a structure in the data, than it should find features.

21.03.2017
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Hidden layers are trained
to identify features

S
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The last layer performs the actual
classification

S
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Deep neural
networks learn
hierarchical feature
representations
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An example - pattern recognition with ‘ﬂ?
KERAS and TensorFlow

® CIFAR10 small image classification. Dataset of 50,000 32x32 color training
Images, labeled over 10 categories, and 10,000 test images.

Figure 1 - O X

airplane automobile bird

A€ A= B/
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Deep Neural Network

Total params: 1,250,858
Trainable params: 1,250,858
Non-trainable params: 0

OPERATION DATA DIMENSIONS  WEIGHTS(N)  WEIGHTS(%)
Tralnlng: Input  ##### 3 32 32
npu
~24 h on 12 core CONV2D  \|/ cmmmmmmmmmemmeeao 896 0.0%
machine on our relu  ##### 32 32 32
Conv2D A 9248 0.0%
Cloud cluster. relu  ##### 32 30 30
MaxPooling2D Y max ------------------- 0 0.0%
HHH#H 32 15 15
200 epochs Dropout | || ------------=------ 0 0.0%
HHH#H 32 15 15
Conv2D A 18496 1.0%
relu  ##### 64 15 15
Conv2D A 36928 2.0%
relu  ##### 64 13 13
MaxPooling2D Y max ------------------- 0 0.0%
HHH#H 64 6 6
Dropout | || ------=-=-=c-"cc-u-- 0 0.0%
HHH#H 64 6 6
Flatten 1] =-=---mmmmmmee e 0 0.0%
HHH#H 2304
Dense  XXXXX ---------mmmnaonnn 1180160 94.0%
relu  ##### 512
Dropout | || -=----=---"cccceeu-- 0 0.0%
#HitHH## 512
Dense  XXXXX ---------mmmmooonnn 5130 0.0%
softmax  ##### 10

Train on 50000 samples, validate on 10000 samples
21.03.2017 M. Wolter, Machine Learning




Results ‘i'l?

Recognized as Really was

a

ship ship airplane ship airplane airplane frog frog frog frog automobile automobile frog frog cat cat truck automobile
i
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Confusion matrix

50 18]

1 10 19 52]
52 54 18 4]
121 51 30 5]
15 39 43 4]
650 26 30 4]
8 837/ 4 2]

31 6 790 2]
4 14 1 831 23]
4 12 4 18 828]]
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That’s all for today

Applet showing the performance of deep NN:

http://cs.stanford.edu/people/karpathy/convnetjs/

21.03.2017 M. Wolter, Machine Learning



http://cs.stanford.edu/people/karpathy/convnetjs/

Tab. 1.1. Wartosci bledéw klasyfikacji dla roznych liczebnosci préby uczacej

d 100 (2200 (25-00 d 1000
€R 0.0065 0.0110 0.0148 0.0164
ecv 0.0115 0.0150 0.0242 0.0200
€100V 0.0138 0.0157 0.0239 0.0197

\@\ 0.0143 0.0151 0.0247 ) be

é, 125 00224 | 06362 | 00332

én, 00194 | —6:0325 | 00323 0.0288

é 632 0147 0.0246 W 0.0250

€ 632+ 0.0149 0.0248 0.0282 | 6.0251
er 0.0262 0.0215 0.0197 0.0187

Ostatni wiersz tab. 1.1 zawiera estymator é7 aktualnego poziomu bledu kla-
syfikatora uzyskany z niezaleznie wygenerowanej proby testowej o liczbie ele-
mentow m = 100000. Nie bedzie wiec duzym naduzyciem (ze wzgledu na
liczebnosé proby testowej), jezeli ten blad klasyfikacji przyjmiemy za aktualny
poziom bledu klasyfikatoréw d,,.

Wobec powyzsze] uwagi zauwazmy, ze dla n = 100 wszystkie estymatory zani-
zaja (niedoestymowujg) aktualny poziom bledu. To znaczne obciazenie wszyst-
kich ocen jest efektemn zbyt matej proby (pamietajmy, ze obserwacje pochodza
z przestrzeni 8-wymiarowej). Dla n = 200 niedoszacowanie aktualnego pozio-
mu bledu obserwujemy dla estymatora ponownego podstawienia, sprawdzania
krzyzowego oraz dla estymatora typu jackknife, natomiast w przypadku wiek-
szych préob — dla wszystkich ocen z wyjatkiem estymatora resubstytucji.

21.03.2017
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Bootstrap

Unfortunately Polish...
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