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Motivation lllustrative Example

Robots need sequential decision making (SDM) algorithms to work Learning: b" N
on tasks that are not possible for individual actions. At least three Al e
paradigms support SDM with different strengths and weaknesses:

1. Supervised learning: Learning from previous interaction experiences ——
(e.g., Imitation learning). o [ s [ s [ s [ s Action Obsevation

2. Knowledge representation and reasoning: Reasoning with contextual B | il Positive
knowledge. -
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LCORPP: Learning, COmmonsense Reasoning and Probabilistic Planning

Data augmentation
e Learner’s output is provided

to the reasoner along with
classifier’s cross validation.
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enable the robot to actively }

Interact with the world, and I
determines what actions to
take and when to terminate.
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Human Intention Estimation Problem Experiments

In comparison to five baselines, LCORPP produces the

The robot is tasked to estimate | ' highest F1 score, while reducing interaction costs
human intention of interaction with

as early and accurately as possible. .
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e |nfers human intention based on time and location of interaction (e.qg.
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Motion-based actions such as “turn ’ and "move forward This work has taken place in the Autonomous Intelligent Robotics (AIR) Group at
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