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Automated ML

Deep Learning
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— Online Automated Machine Learning

Ρ!,$⃗,% Configured ML Pipeline
𝑔 ML Pipeline Structure
𝐴 Algorithm Types
𝜆 Hyperparameter Configuration
ℒ Metric / Loss
𝑆' Streaming Sample i {𝑥', 𝑦'}

𝑆) ∩ 𝑆* = ∅

Online CASH-Problem

𝑔∗, 𝐴∗, 𝜆∗ ∈ arg min
&(")∈(,*∈+(")

ℒ Ρ/,1⃗,* 𝑆
9 , 𝑆:

Pipeline fitted
on 𝑆+

Loss on 𝑆,

Minimize the
Loss of a 
Pipeline 

configuration

• Error Estimation

• Holdout: Create holdout sets to test an train Ρ/,1⃗,*.

• Interleaved test-then-train: Each sample is used to test and then train Ρ/,1⃗,*.

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

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



Evolutionary Approach

Input : 

Population size: 𝑃
Sampling rate: 𝑓++
loss function: ℒ
configuration space: Α, Δ, 𝐺
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EvO AutoML

Input



Evolutionary Approach

Output: 𝑝∗
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Evolutionary Approach

Initialization:

Generating a random population 
from the configuration space
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— Approach
EvO AutoML

Input

Output

Initialization
Population



Evolutionary Approach

Mutation:

1. Select best & weekest 
Pipeline

2. Generate a new configuration 
by mutating the best one

3. Remove the weakest 
configuration
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— Approach
EvO AutoML

Input

Output

Initialization
Population

Mutation



Evolutionary Approach

Training:

Train all configurations in p with 
an online bagging approach. 
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— Approach
EvO AutoML

Input

Output

Initialization
Population

Mutation

Training



• Evaluation:

•EvO AutoML: 
- 3 Scalers
- 4 Predictors + configuration
- 174 possible configurations
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— Results
Single algorithms



• Covertype Dataset: Labeled 
instances of forest cover type 
(54 attributes, 7 classes)

• ARF: 
Adaptive Random Forest [3]

• Leveraging Bagging [4]

• Bagging: Online Bagging [5]

• Evaluation:

• Ensemble Base Model: 
10 Hoeffding Trees [7]

• EvO AutoML: 
- 3 Scalers
- 4 Predictors + configuration
- 174 possible configurations
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— Results
Ensemble Evaluation
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— Incremental Deep Learning
Implementation …  at which cost?

[10]

[11][12]

[13]

[14]

IT´S BEEN MERGED
Trump approval dataset [5]
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— And next?
Changing the problem definition – Incremental Multivariate Timeseries
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• Electricity Datastream
- 6 features
- goal: identify the electricity 
price change
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— Incremental DL
First Results
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‒ Evaluation against more recent algorithms such as 
Streaming Random Patches [15]

‒ What is the influence of the learning rate on adaptability?

‒ Further advantages in incremental deep learning?

— Outlook
EvO AutoML Incremental DL
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— Incremental Deep Learning
What about classification with variable outputs?

Regression
4𝑦- 𝑝

Binary classification
4𝑦- 𝑝
4𝑦; 1 − 𝑝

Binary classification
4𝑦- 𝑝-
4𝑦; 𝑝;

𝑝-𝑝 𝑝;

Multiclass classification

4𝑦- 𝑝-
4𝑦5 𝑝5

𝑝- … 𝑝5

Multi Target Regression
4𝑦- 𝑝
4𝑦5 𝑝5
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• RBF Generator 

• 200 features

• 10 classes
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First Results


