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( Project Overview 1

Objective: Build Trustworthy Planning & Scheduling Systems Existing Approaches Are Not Trustworthy

« Model-based (reasoning) methods

Planning & Scheduling: key problem in Al and autonomous systems safe v/ stable v adaptable [ scalable [

e Decision making over time (choice of actions and their timing)

e Objectives (e.g. achieving a goal, minimizing a cost) Problem model Reasoning _—: e =
e Constraints (e.g. time, resources) actons - =
conczt;lints * Mathematical Progr. —_—

Widespread application in industrial and governance sectors
explainable scalable

« Data-driven (learning) methods

safe [0 explainable [0 stable 0 adaptable v/

Predictions/policy
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Learning
»  Supervised learning
* Reinforcement learn..

next action, priority
of activities, etc.

Example: Aircraft Manufacturing
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Constraints: precedence, workforce and machine availability, skills...
Objectives: costs, completion time, quality...
Many sources of uncertainty: delays, equipment failures ...

Three main lines of work:

e Learning the problem’s constraints

e |earningthe problem’s objective -
Decision-focused learning SRR AT

e Learning policies and heuristics to K creemy emerss coeton /
guide the search for a solution

Highlight 1: Decision-focused learning W (Highlight 2: Learning planning heuristics

J N
Supervised learning of heuristics to guide search
Feature Machine Learning Predicted Constrained Optimal _ e architectures exploit the structure of symbolic planning representations
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