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1997: Deep Blue vs. Garry Kasparov

Kasparov’s Deep Blue MoMent – 1997
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Agenda

▪ What is Auto ML?

▪ Own Experiences

▪ What’s the Future?

▪ Lessons from Deep Blue?



Automated ML = Machine Learning for Everyone?

Open Source

Commercial

“With Driverless AI, everyone including expert 
and junior data scientists, domain scientists, and 

data engineers can develop trusted machine 
learning models.”

“Machine Learning for everyone.” (bigML)

“With DataRobot you can put the power of 
data science into the hands of vastly more 
users, capitalizing on their domain expertise 

and driving business value faster.”



What is Currently Possible with Automated ML?

Scope of Automation

Model QualityCosts & Obstacles

Speed up
& impact



Scope of Automated Machine Learning?
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Feature Engineering is not Data Preparation
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Feature Engineering

Select & Clean

Merge & Aggregate

Auto-ML starts with a Flat Table – Mostly
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Use Case:  Churn Prediction Challenge

Binary Classification Task

▪ 2 Mio contracts*

▪ 80 Mio events* related to customers and contracts
approx. 10,000 unique detailed event types

Rationale

▪ Readily available data set with reasonable sizing

▪ Benchmark results available (Data Scientists & Vendors)

Plan

▪ Invest as little Data Science know-how as possible

* fully anonymized



Running Driverless AI on the Churn Challenge Data

Extensive Feature 
Engineering

Feature & Model 
Tuning

Stacking final model

LIME & Co for model
interpretability

1-click Deployment

Visualization & 
Overview Stats

Not used here

Hand-coded: One-Hot-Encoding to 
aggregate events on contract level: 
1030 attributes, 593k records

H2O discarded 348 attributes before 
feature engineering

1,824 models computed for feature evolution

Evaluate Quality on Test Set: 25.6 out of 30

17.514 features created
=> 837 selected for model building

Tuning converged on logloss KPI 
after 17 hours

41 ensembles stacked
4.5 hours additional compute time

Not used here

Deployment
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Modelling

Business
Understanding

137 models computed



Driverless AI Outperformed Human Data Scientists
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Best Data Scientist: 22.2

Evaluation Score: Gini+Lift+RankCo indexes

Driverless AI: 25.6

Best Vendor: 21.2

other
participants: 18.5 - 20.1



Further Use-Cases Show: 
Performance on par with human Data Scientists

Use Case Training data size Prediction Result

TDG Churn Challenge 2017
593k records, 
1.030 attribtues

Binary Classification Best result

TDG Discount Prediction
Challenge 2018

109k records, 
1.300 attributes

Multiclass Classification
8th out of 20 / 
2nd with v1.6.1

Flinkster (external Challenge)
50k records, 
80 attributes

Binary Classification Shared best result

Indoor/Outdoor Prediction TMA (inofficial)
60k records, 
165 attributes

Binary Classification On par with Data Scientist

Data Driven Network Rollout
13k / 10k records, 
355 attributes

Binary Classification On par with Data Scientist

Call Volume Forecast for Customer Service 33 months, hourly data Time Series Forecast Best result

Roaming Traffic Forecast 7 years Time Series Forecast Significantly worse than Data Scientist



Findings and Conclusions

Hype ?

Next Big ThinG ?

What’s to Come?

▪ Hardware requirements & License costs
▪ Automated Data Preprocessing
▪ Data availability + Productionizing at Scale

▪ Slightly over-optimistic Marketing Claims
▪ Full automation of Feature Engineering + Modelling
▪ High quality & Speed up

▪ Data Scientist role is going to change
▪ More Data Engineering, less repetitive ML tasks
▪ More complex use cases
▪ More use cases in parallel
▪ More non-Data Scientist users of ML-Automation and –

Support tools
▪ Auto-ML is for Data Scientists



Auto-ML is going to Become a Standard Tool

Degree of 
Data Scientist 
involvment

Full ML automationML–tweaking

Non-standard 
Use Cases / 

volatile 
Environments Standard

Modelling
Tasks Specialized

domain-specific
Use Cases



Lessons To Be Learned from Deep Blue

▪ We still like playing chess

▪ Resistance is futile

▪ Utilize the computer to learn and improve own understanding

▪ Team up: Combine human creativity & computational efficiency 

▪ Focus on more complex environments and leave the tedious bits behind



When are we going to experience the 
Alpha-Zero Moment
in Data Science?

IMAGE: HTTPS://YOUTU.BE/HT-UZKIOLV8



Thank You!


