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— Motivation

—— Data Stream ——

THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF UNEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSLIERS ARE LRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.
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— Motivation

Data Stream

THIS 15 YOUR MACHINE LEARNING SYSTERM?

YUP! YOU POUR THE DATA NTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE OTHER SIDE.

WHAT IF THE ANSIJERS ARE LJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.
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— Deep Learning —

O PyTorch

. Keras
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1F TensorFlow

‘ [14]
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— Automated Machine Learning
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— Automated Machine Learning @I

BayeS|an optimizer

Meta- () (iii) Build

viL framework

[8]

Configured ML Pipeline

g ML Pipeline Structure

A Algorithm Types

A Hyperparameter Configuration
L Metric / Loss

D® Dataset
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— Automated Machine Learning =
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Bayesian optimizer
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learning =i o PR ensemble
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Configured ML Pipeline
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— Automated Machine Learning @I

l_ Bayesian optimizer <—|

N Meta- :E;: N ;’E: N Build .
learning ~H~ s>l0 ensemble
[8]
Loss on D
valid
CASH-Problem P, ii Configured ML Pipeline
/—% g ML Pipeline Structure
g* A)* 1 e arg min _Z L D;l-)aln) Dlg;)lld) {1) Algorlthm Types
pWep,aea) K A Hyperparameter Configuration
%{—/H—j %(—j L Metric / Loss
— (©)
Minimize the Sumof  Pipeline fitted b Dataset
Loss of a Lossesonk- . p®
Pipeline folds train
configuration
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— Online Automated Machine Learning =
FZI

* Error Estimation
 Holdout: Create holdout sets to test an train Pgﬁ.
* Interleaved test-then-train: Each sample is used to test and then train Pgﬁ.

* Prequential: test-then-train with sliding window so that recent examples are more important.

* Interleaved chunks: test-then-train with chunks in sequence.

Loss on SV

Online CASH-Problem \

S5 o P .- Configured ML Pipeline
g, A", A* € argmin L (P 7(8T), SV) g4 .g . '
P eP 1eAl) 9.4, g ML Pipeline Structure
A Algorithm Types
Y Y A Hyperparameter Configuration

Minimize the Pipeline fitted L Metric / Loss

Loss of a on " S; Streaming Sample i {x;,y;}

Pipeline T .
configuration NS =0
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— Approach

EvO AutoML

12

Input

Algorithm 1 EvO AutoML Training

1:

e

R 8 2R A

9.

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

Input:

Data stream S, population size P,
configuration space A, A, G

Output:

Set of suited algorithms configurations:

p* = {PW) .. PP}

pe0
while |p| < P do
P + Random(G, A, A)
p+—pUP
end while
t«0
if ¢, then
if t mod fss == 0 then
P  minpe, L(P(ST),5")
Preck o maxpe, L(P(ST), SY)
.Pmut 7 Nlutate(,pbest)
p — p U ’P'""t
p— p\»Pweak
end if
w « Poisson(6)
for P € p do
loop w
P fit(er)
end loop
end for
te—t+1
end if

loss function L,

sampling rate fss,

& Initialization

> Start Datastream

t Update Population
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Evolutionary Approach

Input:

Population size: P
Sampling rate: fsg

loss function: £
configuration space: A, A, G
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Evolutionary Approach

Initialization:

Generating a random population
from the configuration space




— Approach

EvO AutoML

Input

Output

Initialization
Population

Mutation
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A

Algorithm 1 EvO AutoML Training

1:
2:

e

R 8 2R A

Input:
Data stream S, population size P,
configuration space A, A, G

Output:

Set of suited algorithms configurations:
5= { PN PN

p«0

while |p| < P do
P + Random(G, A, A)
p—pUP

: end while
1t 0

13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:

if ¢, then
if t mod fss == 0 then
PPt  minpe, L(P(ST),SY)
Preck o maxpe, L(P(ST), SY)
.Pmut 7 Nlutate(,pbest)
p — p U rpmut
p— p\tpweak
end if
w « Poisson(6)
for P € p do
loop w
P fit(er)
end loop
end for
te—t+1
end if

sampling rate fss,

loss function L,

& Initialization

> Start Datastream

t Update Population
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Evolutionary Approach

Mutation:

1.

Select best & weekest
Pipeline

Generate a new configuration
by mutating the best one

Remove the weakest
configuration




— Approach

EvO AutoML Algorithm 1 EvO AutoML Training
~ 1: Input:

2: Data stream S, population size P, sampling rate fss, loss function L, Ev ionarv Appr h
InpUt configuration space A, A, G olutiona Yy Approac
Output:

Set of suited algorithms configurations:
5= { PN PN

A

Training:

Output -

Train all configurations in p with
an online bagging approach.

p0 & Initialization
while |p| < P do
P + Random(G, A, A)
p+—puUP

: end while
11«0
13: if e; then > Start Datastream
- 14: if t mod fss == 0 then
15: P« minpe, L(P(ST), SY)
16: Preck  maxpe, [;'.,('P(ST), SY)
. 117 P™ «— Mutate(P *")
Mutation 18: p e pupmut
19: p « p\pureak
20: end if
21 w « Poisson(6)
22: for P € p do t Update Population
. 23: loop w
Training 7 24 P fit(er)
25: end loop
~ 26: end for

27: te—t+1

28: end if

\ [
e I A

Initialization
Population

e
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— Results
Single algorithms

——_—_ EvoAutoML Bagging Hoeffding Tree GaussianNB KNN
Time Accuracy Mem.|Time Accuracy Mem. Time Accuracy Mem.|Time Accuracy Mem.

Agrawal(50) 12,647  99.02 17.61 | 459 98.09 0.60 | 318 62.31 0.01 | 892 55.73 0.46
Agrawal(50,000)25,079 94.43 56.85 11,023  91.84 2.22 | 383 62.33 0.01 | 1,106  55.52 0.46
HYP(50,0.0001) |52,091 87.51 104.58(5,234  84.38 18.29 | 726 91.61 0.07 |2,214 67.93 2.02
HYP(50,0.001) |60,162 83.69 127.88(5,117 81.79 18.52 | 533 80.83 0.07 | 1,907  68.01 2.02
LED() 29,553 76.49 3595 1,930  75.95 2.10 | 1,258  76.48 0.05 | 1,359 66.6 0.38
RBF(10,0.0001) (43,412  99.82 24.53 | 5,017  89.32 13.36 | 1,788  65.86 0.13 |2,831 100 2.02
RBF(10,0.001) |50,814  99.63 36.11 |10,425 77.61 30.53 | 1,703  39.75 0.13 |2,855 99.99 2.02
RBF (50,0.0001) |78,967  97.51 64.46 |19,484  83.05 24.17 | 6,760  35.26 0.17 |6,408 99.83 2.02
RBF(50,0.001) 57,469  96.99 29.29 |9,797  48.15 9.17 5,248  25.32 0.17 6,186  99.80 2.02
SINE() 8,012 99.87 9.76 | 181 99.63 0.42 | 111 93.62 0.00 | 589 98.75 0.17
SEA(50) 9,793 98.99 17.83 | 228 97.78 0.72 | 114 95.65 0.01 | 520 97.23 0.21
Elec 731 88.09 12.70 [ 16 79.61 0.21 12 72.87 0.01 | 37 79.53 0.42
Covtype 16,216 91.09 12.08 | 1,346 66.67 0.13 | 401 63.64 0.08 | 643 73.74 2.17
Avg. Acc. 93.32 82.61 66.58 81.74
RAM-Hours 7.16 0.32 0 0.01

Avg. rank 1.38 2.54 3.38 2.69
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Evaluation:

*EvO AutoML:

- 3 Scalers

- 4 Predictors + configuration
- 174 possible configurations




— Results

Ensemble Evaluation

Covertype Dataset: Labeled

instances of forest cover type
gos g% (54 attributes, 7 classes)
gos ARF:
0 100000 200000 300000 400000 500000 600000 Adaptive Random Forest [3]
8 15000 i i
2 — Leveraging Bagging [4]
© 10000 —————
9 / e . . .
2 5000 ——— Bagging: Online Bagging [5]
= 0
0 100000 200000 300000 400000 500000 600000
5 2997 —— EvoAutoML Bagging
S 0ol — ARF Evaluation:
g’ —— Leveraging Bagging
€ 1001 —— Bagging ° .
§ 1 ey e Ensembl.e Base Model:
(I) 100|000 200|000 300|000 400|000 500|000 600|000 10 Hoeffdlng TreeS [7]

Instances

* EvO AutoML:
- 3 Scalers
- 4 Predictors + configuration

- 174 possible configurations
18 FZI Forschungszentrum Informatik




— Results

Ensemble Evaluation

Ditisot EvoAutoML Bagging ARF Leveraging Bagging Bagging

Time Accuracy Mem. Time Accuracy Mem.| Time Accuracy Mem.|Time Accuracy Mem.
Agrawal(50) 12,647  99.02 17.61 | 5,146 94.98 11.09 | 9,182 99.69 12.21 | 3,432 98.46 6.01
Agrawal(50,000) (25,079  94.43 56.85 | 7,853 93.03 12.92 120,276 97.52 37.60 | 8,749  92.89 21.50
HYP(50,0.0001) |52,091 87.51 104.58(340,212 71.19  229.90(192,060 84.54 528.85|58,183 87.14  180.87
HYP(50,0.001) |60,162 83.69 127.88|282,634 71.67 356.60(126,480 83.95 395.20(71,293 84.43 187.15
LED() 29,553 76.49  35.95 | 7,829 76.47 10.13 | 34,276 76.49  39.72 | 8,934  76.42 18.57
RBF(10,0.0001) (43,412  99.82 24.53 | 18,703 99.85 25.80 | 78,631 99.64 22.90 (59,496  98.07 134.99
RBF(10,0.001) |50,814 99.63  36.11 | 17,058  99.22 11.67 | 67,374  99.01 4.89 (98,400 93.68  291.35
RBF(50,0.0001) (78,967 97.51 64.46 | 33,902  98.21 27.12 (91,652 98.71  35.64 (90,834 96.17 236.12
RBF(50,0.001) (57,469 96.99  29.29 | 16,711 94.31 25.45 (124,927  93.56 8.02 153,210 T71.87 98.34
SINE() 8,012 99.87 9.76 | 4,488 99.74 14.62 | 5,414 99.68 11.13 | 1,364  99.77 4.21
SEA(50) 9,793 98.99 17.83 | 3,036 99.64 8.41 | 5,532 99.67 14.07 | 3,217 98.34 7.45
Elec 731 88.09 12.70 | 296 87.79 6.85 | 448 87.32 1.73 | 110 81.74 1.94
Covtype 8,559 91.09 12.08 | 355 89.70 4.75 | 2,260 90.41 15.55 | 936 83.66 19.37
Avg. Acc. 93.32 90.45 93.09 89.43
RAM-Hours 7.16 50.38 44.55 24.35
Avg. rank 1.69 2.69 2.15 3.38

19 FZI Forschungszentrum Informatik

ARF:
Adaptive Random Forest [3]

Leveraging Bagging [4]

Bagging: Online Bagging [5]

REIUE i K

* Ensemble Base Model:
10 Hoeffding Trees [7]

* EvO AutoML:

- 3 Scalers

- 4 Predictors + configuration
- 174 possible configurations




Incremental Deep Learning
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— Incremental Deep Learning

Implementation ... at which cost?

O PyTorch i
= River

" Keras
1F TensorFlow w4

| |
1

QD

IT'S BEEN MERGED

21 FZI Forschungszentrum Informatik

5
FZI

1500 A
41000 A
=
500 A
O L T T T T T
200 400 600 800 1000
m
2
S 20 A
(9]
(]
2 i
° 10
S
[
200 400 600 800 1000
1.0+
om —— KerasRegressor
2 —— HTR
€051 — RiverMLP
€ —— PytorchRegressor
. ~p
00 L T T T T T
200 400 600 800 1000
Instances

Trump approval dataset [5]
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— And next? 5
FZI

Changing the problem definition - Incremental Multivariate Timeseries

Linear

i » LSTM »
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— Incremental DL

First Results

23
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Electricity Datastream

- 6 features

- goal: identify the electricity
price change




— Outlook 5

EvO AutoML Incremental DL FZI

- Evaluation against more recent algorithms such as - Whatis the influence of the learning rate on adaptability?

Streaming Random Patches [15] — Further advantages in incremental deep learning?

24 FZI Forschungszentrum Informatik 28.10.21
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— Incremental Deep Learning

What about classification with variable outputs?

p P1 P2
V1 P V1
Vn

Binary classification Binary classification

V1 p V1 P1

V2 1-p V2 D2

26 FZI Forschungszentrum Informatik
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P1 Pn

Multi Target Regression

p
Pn

Multiclass classification

V1 P1

Yn Pn
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— Incremental Deep Learning @I

Multi Target
Stream

What about classification with variable outputs?

p

Regression

—_—~

Y1 p

Binary classification
i2) p
2 I-p
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— Incremental Deep Learning

What about classification with variable outputs?

p P1 P2
V1 P V1
Vn

Binary classification Binary classification

V1 p V1 P1

V2 1-p V2 D2
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Multi Target
Stream

Multi Target Regression

p
Pn

Multiclass classification

V1 P1

Yn Pn
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— Incremental Deep Learning @I

Multi Target
Stream

What about classification with variable outputs?

\pI/‘ 2

Binary classification Binary classification Multiclass classification
Y1 p Y1 P1 Y1 P1

—~ —~ —~

V2 1-p V2 12 Vn Pn

29 FZI Forschungszentrum Informatik 28.10.21



— Incremental Deep Learning @I

Multi Target
Stream

What about classification with variable outputs?

p P1 P2 D1 D>

— Avg. weights from
other classes

—> old weights

Binary classification Binary classification Multiclass classification
Y1 p Y1 P1 Y1 P1

—~ —~ —~

V2 1-p V2 12 Vn Pn
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— Incremental Deep Learning @I

Multi Target
Stream

What about classification with variable outputs?

— Avg. weights from
other classes

—> old weights

Binary classification Binary classification Multiclass classification
Y1 p Y1 P1 Y1 P1

—~ —~ —~

V2 1-p V2 12 Vn Pn
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— Incremental Deep Learning @I

Multi Target
Stream

What about classification with variable outputs?

p P1 |2 D1 e Dn

— Avg. weights from
other classes

—> old weights

Binary classification Binary classification Multiclass classification
Y1 p Y1 P1 Y1 P1

—~ —~ —~

V2 1-p V2 12 Vn Pn
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— Incremental Deep Learning

First Results

Accuracy

Time (seconds)
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— Incremental Deep Learning

First Results
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