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How to Handle Non-Stationary Cases”?
Q
/CS . \.'°

 Manually design heuristics

* Requires substantial expert knowledge
* Results in specialised heuristics (for single domains)
* \Very time-consuming

* Use Algorithm Configuration/Selection
 Limited Approach
 Does not make use of information available during the algorithms run
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How to Handle Non-Stationary Cases”?
Q
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* Learn new heuristics
 Data driven approach
* Loss of interpretability

* Theoretical guarantees are lost

e Configure an algorithm at each execution step
 Data driven approach
 Makes use of existing heuristics
 Requires access to an algorithms internal statistics
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Solving the Problem by RL
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Dynamic

! Algorithm A )

Config.

y

Dynamic Algorithm Configuration: Foundation of a New
Meta-Algorithmic Framework

André Biedenkapp, H. Furkan Bozkurt, Theresa Eimer, Frank
Hutter, and Marius Lindauer

In Proceedings of the Twenty-fourth European Conference
on Atrtificial Intelligence (ECAI’20) 2020
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Meta-Algorithmic Framework

André Biedenkapp, H. Furkan Bozkurt, Theresa Eimer, Frank
Hutter, and Marius Lindauer

In Proceedings of the Twenty-fourth European Conference
on Atrtificial Intelligence (ECAI’20) 2020
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| OOKINg INside the Algorithm

Desiderata for state features:
 Cheap to compute
* Quantify the progress of the algorithm

* Available at each decision point

— Make use of internal statistics
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EAsS Al Planning

[Speck et al. 2021]
» average heuristic value

e minimal heuristic value

e population fithess

[Sharma et al. 2019, Shala et al. 2020]

e stdev population fithess

[Sharma et al. 2019] e #possible next planning
e cumulative evolution states
path length ¢

[Shala et al. 2020]

Learning Heuristic Selection with Dynamic
Algorithm Configuration

David Speck*, André Biedenkapp*, Frank Hutter,
Robert Mattmuller, and Marius Lindauer

In Proceedings of the Thirty-First International
Conference on Automated Planning and Scheduling
(ICAPS’21) 2021

NN Optimization

[Daniel et al. 2016]

» predictive change In
function value

e disagreement of
function values

e uncertainty
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Al Planning

Algorithm CONTROL POLICY SINGLE HEURISTIC
Domain (# Inst.) RL RND Ny Neg
SOKOBAN (100) 87.7 87.1 88.0 90.0
VISITALL (100) 56.9 51.0 37.0 60.0




UNI

FREIBURG

Al Planning

Algorithm CONTROL POLICY SINGLE HEURISTIC
Domain (# Inst.) RL RND N Ncg
ROVERS (100) 95.2 96.0 84.0 72.0
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Al Planning

Algorithm CONTROL POLICY SINGLE HEURISTIC
Domain (# Inst.) RL RND Ny Neg
BARMAN (100) 84.4 83.8 66.0 17.0
BLOCKSWORLD (100) 02.9 83.6 75.0 60.0
CHILDSNACK (100) 88.0 86.2 75.0 86.0
SUM (600) 505.1 487.7 425.0 385.0
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Al Planning

Algorithm

Domain (# Inst.) RL Static Oracle

SUM (600) 505. 1 489.0

/

Theoretical Static Optimum
unbeatable with prior art

Struggled to learn simple static policies
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Andre Biedenkapp, Raghu Rajan, Frank
Hutter, and Marius Lindauer

In Proceedings of the 38th International
Conference on Machine Learning

(ICML’21) 2021
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TempoRL - Tabular Q-Learning
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Deep lempoRL - Atar
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Future VWork

Warmstarting and Learning From Handcrafted Policies

DAC for AutoRL

Better Methods for Contextual Reinforcement Learning
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AutoML Conf 2023 COSEAL Workshop 2023  AutoML Fall School 2023
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I'm looKINg forward to your questions




