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Imagination at work

T3
»’  We bring good things to life.
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Lots of Data Everywhere




Lots of Data Everywhere
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Agenda

o Strategies for cloud-scale machine learning with
massive data

 FlexGP

— Flexibly factored, flexibly scaled machine learning with
Genetic Programming (GP)

— Deeper Dives
» Launch
» Genetic programming learning engines for ML

 Beyond FlexGP
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Ensembles of Diverse Learners

Ensembles

— factoring

» Heterogeneous learning engines
= Training data D
= Within Algorithm (Pl)
+ Model structure
+ Objective
+ Indicators/Explanatory vars
= Across algorithms
— filtering
» Diverse models or classifiers or clusters

— Fusion
» A robust result
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Ensembles of Diverse Learners
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Distributed sampling approaches

Population

Random Samples
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Agenda

 FlexGP
— Flexibly factored, flexibly scaled machine learning with
Genetic Programming (GP)

— Deeper Dives
» Launch
» Genetic programming learning engines for ML
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Signals, State, Ratings, Associations, Rankings, Relations, Categories

FlexGP

|

|

Problems
Pattern Anomaly . ) .
Recognition| | Detection Forecasting | Planning | Modeling
l Machine Learning ’

Framework
Feature Statistical Ensemble Cross Ootimizat
Extraction || Analysis || Techniques | Validation pumization
Classification Regression Clustering

FlexGP

Flexible Factoring and Scaling, Elasticity

Island Distributed Genetic Programming

FlexGP Overview
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Cloud with Learners
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Cloud with Networked Learners
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FlexGP Learning Engines

_ Model
T, = { + - */ sin cos tan sqrt} operators

M, =L3 Objective function

T3 = (X2 x3 x4) Explanatory vars

Data

PMZ for w = Ave. comp. time  Ave. no. of Pareto

t 02 04 06 08 (sec.) optimal schedules
5 10 2 1130 1325 1192 9.54 0.06 1
4 1030 1216 1058 9.26 0.06 12
4 2 1278 1436 1306 1124 0.04 8
4 11.44 13.32 1250 10.10 0.05 9
18 2 1581 1696 1568 1382 0.03 6
4 148 1561 15614 1226 0.03 7
100 10 2 1046 1148 10.35 922 0.08 14
4 1000 1086 9.89 8.60 0.08 16
14 2 1018 11.75 1054 930 0.06 12
4 980 1106 1010 9.01 007 14
18 2 1166 1359 1244 1030 005 9
4 11.32 12.76 1110 9.62 0.05 10
150 10 2 888 9.06 820 7.62 0.09 15
4 822 8.60 796 699 0.10 17
4 2 850 9.75 886 752 0.08 13
4 788 9.03 838 7.10 0.09 15
18 2 976 1096 1019 860 007 11
4 98 1020 964 782 0.08 13
200 10 2 696 819 7.10 5.66 013 20
4 6.25 7.80 6.76 5.28 0.14 22
4 2 712 862 7.28 632 012 18
4 655 8.26 698 5.69 013 20
18 2 819 9.49 863 7.08 010 17
4 839 967 858 635 011 18

cos(X4)
tan(xz)+x2

+ sqrt(xs)

Model or classifier
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FlexGP Learning Engines

TT,D

EvoDesignOpt

T ={+-"/}
TT, = mean squared error (L2)

5 = (X1, X2, X3, X5)
2
g)‘m —+ TarTs :11:—33

PMZ for w0 = Ave. comp. time  Ave. no. of Pareto
N T t 02 04 06 08 (sec) optimal schedules
5 10 2 1130 1325 1192 954 006 11
11030 1216 1058 92 006 12
4 2 1278 1436 1306 1124 0.04 8
414 1332 1250 1010 005 9
18 2 1581 169 1568 1382 003 6
4 148 1561 1514 1226 003 7
100 10 2 10.46 1148 1035 922 0.08 14
41000 108 989 860 008 16
14 2 1018 11.75 1054 9.30 0.06 12
4 98 1106 1010 901 007 14
18 2 1166 1359 1244 1030 005 9
4 11.32 12.76 11.10 9.62 0.05 10
150 10 2 8 906 820 762 0909 15
i 82 860 7% 6 0.10 17
4 2 85 975 88 752 008 13
4 788 903 838 710 009 15
18 2 976 109 1019 860 007 1
4 9% 1020 964 782 008 13
20 10 2 6 819 710 566 013
4 62 78 676 528 014 2
4 2 712 86 728 632 0.12 18
4 65 8% 698 560 013 20
18 2 819 949 863 708 0.10 17
4 83 967 858 63 011 18
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FlexGP Learning Engines

T, = {+ - */sin cos tan sqrt}
L3

T3 = (X2 x3 x4)

1805(X4) | crrt(~-

t PMZ for w = Ave. comp. time  Ave. no. of Pareto
N T 0.2 04 06 08 (sec.) optimal schedules

T,

5 10 2 11.30 1325 1192 954 0.06 11
4 10.30 1216 1058 9.26 0.06 12

4 2 1278 14.36 13.06 11.24 0.04 8

4 11.44 1332 1250 1010 0.05 9]

18 2 15.81 16.96 1568 13.82 0.03 6

4 14.88 1561 1514 1226 0.03 7

100 10 2 10.46 1148 10.35 922 0.08 14
4 10.86 9.89 8.60 0.08 16

4 2 1175 1054 930 0.06 12

4 11.06 10.10 9.01 007 14

18 2 1359 124 1030 0.05 9

4 1276 1110 9.62 0.05 10

15 10 2 9.06 820 762 0.09 15
4 8.60 796 6.99 0.10 17

4 2 9.75 8.86 7.52 0.08 13

4 9.03 838 710 0.09 15

18 2 10.96 10.19 860 007 11

4 1020 9.64 782 0.08 13

20 10 2 819 710 5.66 013 20
4 7.80 6.76 528 0.14 22

4 2 8.62 728 6.32 0.12 18

4 8.26 6.98 5.69 0.13 20

18 2 949 8.63 708 0.10 17

4 9.67 858 6.35 0.11 18
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FlexGP Ensemble Fusion

o @ o .
,D M, D ﬂ-@

x151n X5 + Xo \/_ \ ﬁ)&)— + sqrt(x3)
cos(Xy)/sin(xp) + /X3 — X4 i) T XsXs + 3

= Filter to select
diverse models

x1 Sin Xg + —2—

xlsin(X5)+Xz\\/i> / ﬁ)ﬁ# + sqrt(xs)

Y Fusion to derive
an ensemble prediction
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Build a classifier that can discriminate between these signals?

Drop=0
Replicate1
Not lubricated

Drop=3
Replicate 1

Drop =6
Replicate 1
Fully lubricated
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FlexGP Demonstrated
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Before Learning

Probability of false alarm
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Best Individual
Classifier Model

Classifier
Fusion

Best Individual
Classifier Model

Best Individual
Classifier Model

128 INODES

After Learning

There is still scope

Probability of false alarm
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Agenda

 FlexGP

— Deeper Dives
» Launch
» Genetic programming learning engines for ML
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Cascading, Asynchronous Launch

‘“Start” node initiates recursive local launches
— Inputs are distributions of 1r,D and cascading values: N,k -> ¢/

Each node

« Phase 1: launch k other nodes if c[>0
— Each child is sent distributions Tr,D and &, c[=c[-1
— Each child is sent ancestors’ IPs: IP-list

e Phase 2:

— Thread 1: global IP discovery through gossip
» Select an IP, dispatch IP-list
» Return IP-list to any sender

— Thread 2: £(11,D) after sampling from distributions

EvoDesignOpt FlexGP Launch @E’
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O Launch
T,D, N, k —> 12 7
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O Launch
D, N, k —> 12

T, D, k, cl; [IP-list] ™,D, k, cl; [IP-list]

§ :
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O Launch
O Gossip
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DesignOpt
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O Launch
o
o @ Gossip

128.21.32.238 12

M,D, k, cl; [IP-list]

,D, k, cl; [IP-list]
,D, k, cl; [IP-list]

FlexGP Launch
CSAIL



O Launch
O Gossip

M, D
128.21.32.238 128.21.32.239

1 @ 3 1 ‘(:H !I b 6 1 2‘!4 !9 0 1 ‘{:ﬂ Eb 4
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> © Launch
M, D .
128.21.32.237 - 1282132237 O Gossip
128.21.32.239 128.21.32.238
‘ «b ‘mn %) L(m,D)

EvoDesi
voDesignOpt FlexGP Launch
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O Launch

YOOV
M, D .
@ Gossip
WH,D“‘ L (11,D)
GOV
,D
3 1 6 1
D, £, of; [IP-list] TOELIPEIAT et mokepast
D & o [IPist]
2
EvoDesignOpt
gnOp FlexGP Launch
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O Launch
O Gossip

2 128.21.31.832 128.21.31.81 128.21.41.832
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O Launch
O Gossip

2 128.21.31.832 128.21.31.81 128.21.41.832
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Q Launch
YOIV
i
O Gossip
‘“’ﬂ ¥ ((1,D)
TT,D @
“l. “\l ’"' | Wk
M, D M, D T, D
2
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O Launch
O Gossip

§ :
voDesignOpt FlexGP Launch @E\E}I
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O Launch

FlexGP Launch

EvoDesignOpt

CSAIL




Launch complete!

.. and ready to expand or contract
(gossiping intermittently)
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Genetic Programming

Goal: Model y = f(X4,Xy,... X,)

i’ New trees
© Form GP Trees 0
. o ° Selection and
Trainin | % log, | exp} LS (G2) (1) ;) )| Executetrees variation of
X-Validation {JCI, X.... xn} o 7 trees
Jesing e r
frue
[2.2 - [%n + (7% cos( x,))
\ Transparent
expression
EvoDesignOpt i i
gnOp GP Learning Engine
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GP Tree Crossover

Parent 1

EvlolDlelslignOPl GP Learning Engine @E’
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Learning a classifier

PMZ for te = Ave. comp.time  Ave. 10, of Pareto
04 05 08 (sec) optimal schechles

1

w10

log(x1)+exp(-x2) +x3=[y,,

Area of overlap

Probability density
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Learning a classifier

YOPV

IT,

{

Final best model

x; +exp(-x,)+log(x;) =[y,,]

S

«10* Generation 14

=Class 0
~Class 1

Decision Likelihood
boundary ratio test

Best classifier

® l?1 05 0 0. 1 1:5 2 25 3
EvoDesignOpt i
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Learning a regression model

PMZ for 1= Ave.comp.time  Ave. . of Pareto
04 § 08 sec) optimal schedules

006 i}
006 12
8

0 10

819
839

log(x1) +exp(-x2)+x3=[y,,]

INnimize p-norm

~ ygp - ygpmin

M
|

Scaling model
Ygpomax = Ygomin  via linear regression

n

Ys ~ ySHp

EvoDesignOpt GP Algorithm Development
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FlexGP Regression Model Diversity

Correlation of 1477 Individuals with MSE <= 0.0505

1200 =

1400

EvoDesignOpt

1

0.75
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FlexGP...

Is: Delivers:
Flexibly factored, o Elasticity
aggregating ML system « Scalability in
e Cascading launch computation size
 Distributed scalable  Large data strategy
network protocol « Innovation in machine
e Cloud scale ensemble learning with
learning method evolutionary

computation
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Automation

 "In the end, the biggest bottleneck is not data or
CPU cycles, but human cycles.”

EvoDesignOpt Beyond FlexGP @5&]
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Mass Customized Query Serving

Waveform database

Feature Value
Y Total size 4 Terra Bytes
manual ~
Waveform types 22
(D Signal sampling 125 samples/sec
,&W ICU T T e frequency
r/ 3= v
{ =] g W
N So0s

l

Number of samples 500m

ttttttt

EvoDesignOpt Beyond FlexGP @Q&l
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Personalized Query Serving

Parameterizations :
m- hours of past data used to forecast

f — forecast window, lag
p- period of forecast

)

ICU Admission Forecast

windo
| V' Forecast
Memory I period

EvoDesignOpt Beyond FlexGP @5&
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Fundamental Learning

e When the data overwhelms us...

— We bundle it up Q\/
» nb, this is not sampling! (0\‘@

— We assume linearity and Gaussianbd,'gﬁbutions
O

o \O -
 What are the intrinsic ag%ggatlons?
What are the non-linea@'i\les and true distributions?

>
™
 Fundamental Q‘)a@ning starts from the bottom up
— Use unsu ised learning to propose features

— Use fe es in a task
— Pa@performance feedback to feature learning

EvoDesignOpt Beyond FlexGP @\g]
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A time trajectory of GP-based machine learning
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A time trajectory of GP-based machine learning
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A time trajectory of GP-based machine learning
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