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Convolutional Neural Network

Abnormal

Learning this graph utilizing
Convolutional Neural Network!
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Each column represents a character: here you can read
"International Conference on Machine Learning", from

right to left.
Laver 0 | Input layer |l Qutput layer Layer 2Nc+2Ne+1
Convolution and Unpool ing and _
Layer pooling layer 0 deconvolution layer Ne-1 Layer NoteNF (=51
Convolution and ) : :
pooling layer set ?
Co Convolution and Unpoaling and
+2NF 41 (=
Layer Ne pooling layer Nc-1 deconvolution layer Q Layer Ne+2Nrt1 (=B
Forward ful ly- ) Backward ful ly- _
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3 Process of Weeks and Months
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Preprocessing Algorithm Selection Model Assessment
Data Source Import Data & Preparation / Hyperparameter / Validation
oo & ClolE S04 27| CllolE HX 2| &na|E Meq gl of|=2elo| =A gl A
5 Z=H| sto|mmy2{ol|g £
- Form feature set - Identify learning Select optimization metric

- Engineer features algorithms from libraries

Validate partitioning
- Find right algorithms for

- Select features/ reduce | v
given training data

dimensionality for
training - Select algorithms and
modeling techniques

Check for overfitting

Analyze ROC curves,
confusion matrix, etc. for

- Transform features for classification models

training - Tune hyperparameters Analyze RMSE, MAE,
- Input missing values coefficient of
- Handle outliers determination for

regression models

- Check data types
Score and compare

- Split training set and test models

set

Iterative Work
HIE X 0| X+of
- 1L -

Deployment Predictions
O|Z2E HYE o=

Implement model in
application

Prepare code in
multiple languages
based on predictions

Test deployment API
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AutoML
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Core Technology

Automated Algorithm Selection
&
Hyperparameter Optimization

Automated ML Pipeline
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Insight

KDNuggets
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AutoML
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Loss function
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Algorithm &
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Hyperparameter

()
validation

Data

Thornton et al, 2013.
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AutoML - Hyperparameter Optimization
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« Manual search

« Random search

» Grid search

« Bayesian optimization
« Evolutionary algorithm

Manual Search

Grid Search
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Random Search

KDNuggets
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1. Build a surrogate probability model of the objective function
2. Find the hyperparameters that perform best on the surrogate
3. Apply these hyperparameters to the true objective function
4. Update the surrogate model incorporating the new results
5

Repeat steps 2—4 until max iterations or time is reached

- 9 Bayesian 0|2t EEE=7}?
It is called Bayesian because it uses the famous “Bayes’ theorem", which states
(simplifying somewhat) that the posterior probability of a model (or theory, or

hypothesis) M given evidence (or data, or observations) E is proportional to the
likelihood of E given M multiplied by the prior probability of M.

P(M|E) « P(E|M)P(M)

-
F_.'IUSTU[II_'.'F misary

nOSteior mean
+/- stddev

true objective

/__/1

Eric Brochu et al, 2010
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AutoML - SMBO
Sequential Model-Based global Optimization (SMBO)

SMBO(f, My, T, S)

1 H 0,

2 Fort <+ 1to T,

3 ¥ + argmin, S(x, M; 1),

4 Evaluate f(x*), > Expensive step
5 H+— HU(z", f(z7)),

6 Fit a new model M; to H.

7 return H

J. Bergstra et al, 2013
2o SFE N = F2 a2
- Surrogate function (or response surface)
- o3t ZE O Z Evaluation points E fitting & Z4Q1X|?
- Gaussian Process, Random Forest Regression, TPE, etc.
- Acquisition function
- Next evaluation point & Hdl= 7|5
- Probability of Improvement, Expected Improvement, GP-UCB, etc.

true ohjective DOStEror mean

+/- stddev

-
-

Eric Brochu et al, 2070

09



u
(*}
2!
]

IE

FHu

N
=

I LELA El0|HEE|S

 auto-sklearn

10! w 1
- Bayesian Optimization i
« Hyperopt (TPE) SRR 4 Hyperband
« Spearmint (GP) g o2l o o
« SMAC (Random forest regression, Hutter et al, 2011) &
- Etc.. S
« Hyperband (Li et al, 2016) T ]
- BOHB (Falkner et al, 2018) 0 T 1 10t 1 108

« Hyperband + Bayesian Optimization wall clock time [s]

automl.org, BOHB

|

- — Y AutoML
l—[BayeSlan optlmlzatlon](—l
system

) = B g 2 meta- data pre- feature build
X g &3 _ P : ui )3
buét;:t’} i g g learning Processor preprocessor ensemble Yiest

ML pipeline

|

S

automl.org, auto-sklearn
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https://github.com/automl/auto-sklearn
https://github.com/hyperopt/hyperopt
https://github.com/JasperSnoek/spearmint
https://github.com/automl/SMAC3
https://www.cs.ubc.ca/~hutter/papers/10-TR-SMAC.pdf
https://github.com/automl/HpBandSter
http://jmlr.org/papers/v18/16-558.html
https://github.com/automl/HpBandSter
http://proceedings.mlr.press/v80/falkner18a.html

AutoML - Deep Learning
Neural Architecture Search (NAS)
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Remove Barriers
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Streamline Workflows
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Filter 3

Dataset 3b

Easy Start
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