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A Simple but Scalable Cloud Software
Framework/Platform/ Architecture

ALFA:

ANYSCALE LEARNING FOR ALL CSAIL

ML is Modeling / Regression

Inputs Output
x14 x13 x12 x1'—>|
System
x24 x23 x22 x| — ¥ ¥y Y
F(X)
x34 x3% x32 x3' ——>|
AKA Response variable

.A-I

Explanatory variables Dependent variable
Independent variables label
Manipulated variables
Control variables
features

GOAL: FIND F(X) THAT GENERATES Y
NB: states nothing about causality, association only

ANYSCALE LEARNING FOR ALL CSAIL

Machine Learning

Data

Model
or
Classifier

Learner

Training set '2°¢! @

class

features  gependent variable icti
explanatory variables ? ver predlctlon
independent variables
ALF R Training, Testing, Deployment
ANYSCALE LEARNING FOR AL CSAIL

ALFA

Commonly Used ML Algorithms

Generalized Linear Models

- Ordinaky Least Squares — ¢ Non-Llnear Models
e

Linear Regression _
— Ridge Regression: imposes a supp_ort Vector
penalty on the size of Machines

coefficients
— Lasso Regression: estimates
sparse coefficients
— Elastic Net
— Stochastic gradient descent
— Logistic Regression
» linear model for classification
(vs regression)

» aka logit regression,
maximum-entropy
classification (MaxEnt) or the
log-linear classifier

— Naive Bayes
— Decision Tree,
Random Forest
— Gaussian Processes
— Neural Network
» deep learning

— Polynomial regression: inear H
mogels trained on nonlinear — Genetic
functions of the data programming

Supervised Learning Algorithms

ANYSCALE LEARNING FOR ALL CSAIL
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ML Algorithm Competence Metrics

Method Speed Accuracy Readable
GOAL
LINEAR METHODS v v v
NON-LINEAR Methods Vs

ALFA

data stat

ALFA
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Infrastructure
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CSAIL
JOHN R. KOZA
“. GENET
.GORITH ¢ ENETI C
PROGRAMMING
DAWID E GOLDBESS
N M, HOLLAND
AL
AL
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ALFA

Example of

Genetic Programming for Design

e Evolving an antenna for
NASA's Space
Technology 5 mission
— https://ti.arc.nasa.qgov/

profile/hornby/

» Computer-Automated
Evolution of an X-Band
Antenna for NASA's Space
Technology 5 Mission.
Evolutionary Computation
19(1): 1-23 (2011)

ANYSCALE LEARNING FOR ALL

Computs
Evolutio
Antenng
Technol
Evolutio

19(1):1
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Example of
Genetic Programming for Modeling

* J. Bongard and H. Lipson,

* Nonlinear “Automated reverse
engineering of nonlinear

Dynamical Systems dynamical Systems,”

3 B Proceedings of the National
Identlflcatlon Academy of Sciences, vol. 104,

no. 24, pp. 9943-9948, 2007.

¢ M. Schmidt and H. Lipson,
“Distilling free-form natural
laws from experimental data,”
Science, vol. 324, no. 5923, pp.
81-85, 2009.

¢ Inferring biological networks
by sparse identification of
nonlinear dynamics, Niall M.
Mangan, Steven L. Brunton,
Joshua L. Proctor, J. Nathan
Kutz, arXiv:1605.08368

F
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Example of
Genetic Programming for Big Data ML

e Data-driven methods in fluid dynamics: Sparse
classification from experimental data, in Whither
Turbulence and Big Data in the 21st Century, A.
Pollard et al. Eds. 281-301 (Springer 2016) [Bai,
Brunton, Brunton, Kutz, Kaiser, Spohn, Noack].

F
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How Genetic Programming Works

e Goal: FIND F(X) THAT GENERATES Y
— Generalized Linear Modeling (GLM) optimizes model
structural parameters/coefficients using (X,Y) examples
glw, ) = wo + wiz1 + ... + wpzp

min || Xw — y||22
« GP composes cahdidate models as program
expression

» eg: x1+ x2*x3 + (x2+x4/x5)

= coefficients/parms tuned after model composition or within it
» composition uses arithmetic operators

= +, -, * protected divide

= square, square root, log, exponent, cos, sin etc...
» tuning through GLM or other means

SALFA
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Genetic Programming

Stochastic, multi-candidate search

Newtrees
+
v N~
- 0 Selectionand
Training {—.—,*,/,log,\f.exp} “ ) A A\ ° variation of
XValidation Form GP Trees AW 7 LGS
ORORe
Yfﬂle
X
[2 2—[#]]+ (7 *cos( x,))
\ Transparent
expression
SALFA
ANYSCALE LEARNING FOR AL CSAIL
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FlexGP

¢ Introduction -> open source project
» Scaling -> bigger

— FlexGP system

- FCUBE

e Learners -> improving their ML competence

F

FlexG

F

Design Drivers

As always
— accuracy
— interpretability
— speed
Design for scalability
IDENTIFY and BUILD a
niche for GP-ML
— it’s not NN, SVM, or
generalized linear
modeling
Ease of design, use
Reflective of the cloud’s
“new” way of supporting
our work

ANYSCALE LEARNING FOR ALL CSAIL
Ignacio Kalyan .
Arnaldo Veeramachaneni
Krzysztof
Krawiec
AL
ANYSCALE LEARNING FOR ALL CSAIL
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FLEXPGP
Project
FLEXGP FUBE GP HYBRID
(System) (Platform) LEARNERS LEARNERS
Scaling Prototype Scaling for All Regression MRGP
Classification EFs
Behavioral GP
Y ERBESR
. '-A:L.FA [I K;\ SHING ;‘:)LJNDATION
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The FlexGP Project

In a nutshell the FiexGP project gol s scalable machine leaming using genetic programming (GP)

Genetic programming

mature, robust multi-point search technique (inspired by evolution) which supports
reacable, and fiexioly specified leaming representations which can readily express linear or non-linear data
relationships. It is well suited to parallelization and machine leaming. It has a strong record in real worid domains.

« Evolutionary learners: this layer provides access to the leamers so that one could run them on their
desktop. See description of the leamers here and a tutorial to running them on multiple examples here

o FlexGP: a coud based piatiorm for generating transparent non-inear large scale regression problems

« FCUBE: A data parallel approach to buiing ensemble of classifiers

« Eeature learning; Evolutionary Feature Synthesis (EFS) generates accurate, readable, nonlinear features
for tabuiar data.

The FlexGP Proect x

¢ flexgp.githubio

GP
Learners

4 Download ZIP
4 Download TAR

& View On GitHub

By ignacioamaldo of the
exgp organization.

LE LEARNING FOR ALL

x GP-based leamers ES x Examples

GP-based Learners

We provide a tutorial for the core learners developed within the frame of the FlexGP project.

Regression

Examples

To check examples and reports visit our blog: FlxGP B

The FexGP Prosct x Fovee x P based leamers x s x Examgpes

tengp.giunio e oA

FlexGP Blog

GP
Learners

analyze the performance of the released leamers for different datasets.

the quality of wine

The Wine Quality dataset is available at the
Hosted on G

In this blog we will provide examples of use of the learners developed within the

Symbolic Regression Learner: Predicting

using the Dinky theme

consists in modeling the quality (a grade from 1 to 10) of a given red or white wine given 11 features
such as acidity, alcohol degree etc. Note that the first line of both datasets contains the labels of the
different features and needs to be deleted. Additionally, the separators employed in the original dataset

o (=] flexgp - GitHub x
- @ GitHub, Inc. (US) | https://github.com/flexgp « ® Search
O Personal Opensource Business Explore Pricing Blog Support  This organization
flexgp
Flex
DRepositories 14 Peopie 0
Fiters -
efs Java %3 b2

Evolutionary feature synthesis

Updated on Oct 12, 2015

gp-learners P

GP-based learers

Updated on Feb 17, 2015

FCUBE Java *3 b1

FCUBE: a platform for collaborative learning

flexgp P
FlexGP: Fexile ML with Genstic Programring

15/8/16



+ Building predictive models via feature synthesis, lgnacio Amaido, Kaiyan Veeramachaneni, Una-May ORelly,
GECCO 15, pp TED,

+ Bring Your Own Learnerl A cloud-based, cata-paral! commons for machine leaming, lanacio Amaido, Kaiyan
Veeramachaner, Ancrew Song, Una-May O'Rely. To appear in [EEE Gomputatonal Inteligence Magazine. Specal
Issue on Computational Intefigence for Gioud Computing (Feb. 2015)

« FlexGP: Goud-Based Ensemble Leaming with Genetic Programming for Large Regression Problems, Kalyan
Veeramachanen, Ignaco Amaldo, Owen Derby, Una-May O'Relly. Journal Of Grd Compting, Nov 2014,

« Flash: A GP-GPU Ensemble Leaming System for handiing Large Datasets, Igracio Amaldo, Kayan Veeramacheneni
and Una-May ORelly, 17th European Conference on Genetic Programming, Springer LNGS 8598, pp 13-24,

« Multiple regression genetic programming, lgnacio Amaldo, Kizys7lof Krawiec, Una-May O'Rely, GEGCO '14,
pp 879--886. Avallable free from tha ACM Digital Liorary.

* Cloud Scale Distri rategi roblems, Denris Wison, Kalyan
Veeramachanen!, and Una-May O'Relly, EVOPAR trck, Apphcanons of Evolutionary Computation, Lecture Notes n
Gomputer Science Volume 7835, 2013, pp 519-528,

« Cloud Driven Design of a Distributed Genetic Programming Platform, Owen Derby, Kayan
Veeramachaner, and Una-May O'Reily, EVOPAR track, Applications of Evolutionary Computation, Lecture Notes in
Gomputer Science Volume 7835, 2013, pp 509-518

« Learning regression ensembles with cale, Kaiyar Owen Derby,
Dyan Sherry, Una-May O'Reilly, GECCO 13, Proceeding of the oorth el careronca on Gonts
evolutionary computaton conference, 2013

« Building MultiClass Nonlinear Classifiers with GPUs, Ignacio Amalco, Kalyan Veeramachaneni and Una-May
OReily, 2014 NIPS Workshop on Big Learming. Workshop papers.

o D. Sneny, K. Veeramachaneni, J. MeDemott, and U.M. ORelly, Flex- GP: Genetic programming on the cloud.
In EvoApplications 2012, LNCS, Vol. 7248, pp. 477-486, Springer Verlag, 11-13 April 2012. (it was awarded Best
Pager)

CSAIL

FLEXGP

E
(System) (Platform)

FLEXPGP

HYBRID
( % LEARNERS
( Og Regression MRGP

Classification EFs

A data parallel system for large scale machine learning

CLOUD

GP run

O C++ Population Compilation

@)

READ 1|| THREAD 2 [|THREAD 3

Islands <+— Communities
Data-Parallelism ROPULES
Yields hundreds to thousands of models per run
LREA http://flexgp.github.io
LE LEARNING FOR ALL CSAIL

»
] FERBESR
. AT Q : LI KA SHING FOUNDATION
ANYSCALE LEARNING FOR ALL CSAIL
F3: Handling Big Data
F3 = Factor the data across learners replicated on the cloud
Filter the resulting models
Fuse the filtered models into a Metal-Model
L
& L(d:»ﬂz)
Factor| D Ll m) Filter —{Fusion
a
L(d;,m)
I
d

CSAIL




Parameter and Data Factoring

° {H’Dltr}

» Distribution over each of these parameters
probabilistically biases how each instance
chooses a value for that parameter when it starts
the local GP.

- Eg. {W,Norm2,{d1...3000},{x1,x2}}
— Eg. {WUX,Norm2,{d2...6000},{x1,x4}}.

Parameter Value Definition
w {+ -7+
X {ezp,In}
Operator Set (L) v {sart, zz,za,z“}
o Z {sin, cos}
Norm Mean absolute error

Objective Function (O) | Norm-2 | Mean squared error
Norm-inf | Max error

D | Training Cases (D:,) n Subset of Dy, of size n
Feature Set (F) m Subset of features, of size m

.A-I .

ANYSCALE LEARNING FOR ALL CSAIL

Splitting the Data for ML

| D, w

L(dg, )

L(d3, ) Ld, )

L(d;,m) L)

L(d;, )

ANYSCALE LEARNING FOR ALL CSAIL

Fusion: Model Combination Methods

e Model Selection
— Average Model Prediction (AMP)
» Average performance of every model in ensemble on D_test
— Best Apriori Model (BAM)
» Select best model based on MSE based validation data
* Model Fusion
— Average Ensemble Prediction (AVE)
» Report average of predictions
— Median Average Model (MAD)
» Average of median plus 2 neighbours
— Adaptive Regression Mixing (ARM)
» Yang, Y.: Adaptive regression by mixing. J. Am. Stat. Assoc.
96(454), 574-588 (2001)

¢ Probabilistic Fusion (impractical)

ANYSCALE LEARNING FOR ALL CSAIL

Adaptive Regression Mixing

¢ Concept: report a weighted Step 1: Evaluate o2, which is the maximum likelihood esti-
average of model predictions mate of the variance of the errors, m = {Jm;—2;[%;, 2
. . . € DW}. Compute the sum of squared errors on D®),
— Weights obtained by using D_f = 2§:§+.(ﬁm—zj)’-
— Assumes model errors are
normally distributed
— Uses variance in errors to W = M I
identify weights X L1(05) " Peap(~07B;/2)
— Split up D_f into D and D@
and r is size of D_f

Step 2: Estimate the weights using:

Step 3: Redraw subsets DV and D® and repeat steps
1 and 2. Continue this process for a fixed number of
times'. Average the weights to get the final weights
for the models.

* Provides a substitution for r in

case of underflow Given a test point X;, predict 2; as the weighted average

of model predictions: 2 = Y-%,_, Winfim;-

Combination Methods

ANYSCALE LEARNING FOR ALL CSAIL
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NOX and Million Song DataSets

Dataset | Dyl | Dy [ [ [D:] | Total | [x,] | Rangeofz
NOx | 4,017 | 310 | 900 | 5.227 | 18 | [0.270 0.654]

Dy Dy Die Total
Exemplars 362K 51K 102K 515K

70% 10% 20% 100%
Features 90 90 90 90
use single-desktop training testing -
use FlexGP training | fusion train | testing -

Table 3: MSD splits

CSAIL

Testing the FlexGP Premise

PGy, .. factorization for NOX PG, v facorzationfor MSD
100 =

80F 1 5 o

ol © o o o | EE o

Nl - = | —

20F

o]

@
— i
T 0 ] *
I
3 E El £ EI
& b | 7
20t | ! i oA M |
i | L I - N !
- |
a0F o+ I i ; oo + |
| | |
eof  * ! * f 1™ - +
L + ¥ N
_s0F + + + 4 15
k3 t + + +
+
-100 = — 20 N
NOx1 NOX2 NOX3 NOX4 NOXS D e, Ws0s
NO«x Experiments MSD Experiments

Figure 1: The quartile distribution of PGusz of models used for fusion in cach experiment. The circles
represent the best PG sz from fusion. Left Results for NOx experiments; KDE was the best fusion method.
Right Results for MSD experiments; ARM was the best fusion method.

3 NAITFA o Results

CSAIL

FlexGP cloud context: harvesting online
100- PGmsev.s.TimeforNO)d

SOfa

-ARM
-=KDE
- 000 2000 4000 6000 8000 10000
Time
Ly
A v
AVE A
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FlexGP: Your Mileage May Vary

e your mileage may
vary, why?

— your problem’s
inherent/intrinsic
structure and your
data as domain’s
observations

— your engineering

» feature definitions
» problem definition
— your learner

et Fuel Economy and Environment

You SAVE

927 mee $1,750

in fued e
over's

casts
enrs

CALE LEARNING FOR AL CSAIL
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Moving Forward

FlexGP indicates how to crisply isolate algorithm from
scaling framework
ALFA and rest-of-EC will always be developing new
learners

— but that requires easy scaling
We also need to

— compare multiple learners
bonus: how to facilitate collaboration with different
learners

— collaboration that might help us strengthen our niche
for ALFA:

— to get this boost in power, leave our implementations that

hybridized popular design features
» eg tree complexity, NSGA2, usual parms
— start to work on what had been put aside for the F3 phase

For this we developed FCUBE platform

CSAIL

simple cloud scaling and algorithm comparison and
combination

FCUBE:

DATA

DOMAIN Wew pROBLEM SERVER

DATASET
DATASET1  DATASET2  DATASET3

FuBe
actor IMAGE
Fact .
| RESEARCHER
N [P—.
FCUBE Filter
s | cLoup o i
Fuse //,/ \\
rcuse
WSTANCES N
Ny FCUBE LEARNERS.
Our goal is to support and un pers of 8 algorithms problems of public domain. FCUBE allows to:

o Execute classification algorithms with large training data with a preset computational budget on Amazon EC2
o Retrieve the solutions from the cloud nodes, build a fused model, and compute the testing predictions
o Easily upload datasets

o Easily contribute your standalone classifier in executa at (Java, python) or

compile in Linux: C, C++ etc)

“Bring your own learner! Opening up cloud-based massively data parallel
frameworks" in IEEE Computation Intelligence Magazine, Feb 2015.
http://flexgp.github.io/#fcube

LA

ANYSCALE LEARNING FOR ALL

CSAIL

Your Learner FCUBE
YOu US -ALFA
\ / Factor
i
X—e—X Filter
+
Fuse
Fused with your learner
Model

Fig. 4: Collaborative Big Learning Activity taking place within the first edition of the EC for Big Data and

Big Learning workshop, GECCO 2014. Participants simply provide stand-alone executables of their learners. The

FCUBE team integrates them in the framework, performs all the factor, filter, fuse process and provides performance

metrics.

Diry e Dirg Dy Dre Total
Exemplars 1.050.000 1.050.000 | 500.000 | 11.000.000
Features 28 28 28 28
negative exemplars 47% 47% 47% 47%
positive exemplars 53% 53% 53% 53%
function training fusion train | testing

accessed by FCUBE instances FCUBE Server

A\
Fehriet TABLE II: Characteristics of the Higgs dataset and of the generated splits. CSAIL

State of Art with GP

¢ What’s “open source” ready from ALFA?
— MRGP - show competence and central idea
— EFS-rev0

¢ what’s underway:

— EFS ongoing work looking for a client to drive the
research’s next steps

— BGP - many objective, better info

ANYSCALE LEARNING FOR ALL

CSAIL

15/8/16
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Competency of Regression Algorithms
Method Speed Nonlinearities | Fine Tuned | Feature Sel. | Readable
Accuracy
GP
MRGP ? e 713 T =3 N —— ?
NN
Linear Regression
LASSO
COMPETENCY COLOR LEGEND
Medium
L EA .
ANYSCALE LEARNING FOR ALL CSAIL
MRGP

¢ improves model accuracy
¢ how?
— adds the power of a GLR algorithm to GP

» Least Angle Regression (LARS) algorithm
= Efron et al. The Annals of statistics, 32(2):407-499, 2004.

— maps model sub-expressions to linear combination with
GLR-optimized coefficients

. ROOT
N STANDARD GP: f(X)= ROOT(X)
S1  log sin sS4
1 :
& /*\5’ MRGP: f(X) =
o O - by X1+ b,X2 + byX3+ b X4+ bsX5

1 +beS1(X4) + b,S(X5)2 + byS3(X1,X5) +by S4(X1,X5)
x +b1,ROOT(X)

OO0
LFA: 23,

ANYSCALE LEARNING FOR ALL

Multiple Regression Genetic Programming
MRGP
Ignacio Arnaldo

Krzysztof Krawiec
Una-May O’Reilly

ALFA Group, CSAIL, MIT
Poznan University of Technology

L EA .
CSAIL

ANYSCALE LEARNING FOR ALL

MRGP Competency of Regression Algorithms

Readable

Fine Tuned | Feature Sel.

Nonlinearities
Accuracy

Method Speed

GP
MRGP 77 P
NN CHECK

Linear Regression

LASSO

COMPETENCY COLOR LEGEND

15/8/16

ALFA CSAIL

ANYSCALE LEARNING FOR ALL
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Off The Shelf ML Algorithms

©® ALFA’s Delphi Framework: lets us run ALL the learners!!!! With hyper-
parameter optimization

07

Data Science in Practice

Data
K &
) £
& £
O H
*(\
e ° |
Tliré!’(ﬁﬂ% propose

Algorithm Model

> ﬂ“@ > NG
<<0\° 5 Q\G X
2,'8\&6 @’b f( )
< ——

Q\>‘\~ Y
Extract OQ,\’ (@]
Organization of Feature Machine
data engineering Learning
SLOWER QUICK
More than a year A week
ALF
15
ANYSCALE LEARNING FOR ALL CSAIL

s
3 +svms
0
0 1000 2000 3000 4000 5000 6000
‘Time (seconds)
.I .F
15
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Feature Selection as a Goal
Method Speed Nonlinearities | Fine Tuned | Feature Sel. | Readable
Accuracy
GP
MRGP
EFS TARGET TARGET | TARGET
NN
Linear Regression
LASSO
vvv
ALFA
AL
ANYSCALE LEARNING FOR AL CSAIL

Building predictive models via Feature Synthesis
EFS

Ignacio Arnaldo
Una-May O’Reilly
Kalyan Veeramachaneni

ALFA Group, CSAIL, MIT

. Project website:
ANEFA httpiflexgp github.iofefs/

ANYSCALE LEARNING FOR ALL CSAIL
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Tree-based GP vs. EFS

OLD/MRGP

NEW/EFS

Search for models

search for coadapted features

Performance Metric: model error

Performance metric: feature importance

Fitness is independent of the population

Fitness depends on the population

Symbolic representation

No symbolic representation (faster)

ANYSCALE LEARNING FOR ALL CSAIL

Feature Selection as a Goal

Summary

¢ Scalable, competent (evolutionary) machine
learning and data science
¢ Cloud computing as a resource
¢ FlexGP system:
— data parallelism: factoring
— ensemble based modeling through filtering and fusion
e Improving the Competence of Learners
- MRGP
» fine tuning model sub-expressions with ML/linear regression
» improved accuracy and time-to-find-solution
- EFS
» deep learning of features and model
» improved time-to-find-solution and readability

ANYSCALE LEARNING FOR ALL CSAIL

Method Speed Nonlinearities | Weight tuning | Feature Sel. | Readable
GP
MRGP
EFS TARGET
NN
Linear Regression
LASSO
COMPETENCY COLOR LEGEND vy
ANYSCALE LEARNING FOR ALL CSAIL
Reflections and Ongoing Directions
 Filtering and fusion need more work
« FCUBE needs refinements and use cases
¢ Lots more scope for better learners
AL
ALFA:
ANYSCALE LEARNING FOR AL CSAIL
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