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Towards Robustly Autonomous Agents

Research agenda:

Algorithms fordecision
making over timan
autonomous agents
(humanoid robots, trading
agents, etc.)

I that can reliably achieve

flexiblebehaviourgover
large domains)

I In a constantly changing
anduncertain/adversarial
environment

A Simon's ant: complexity of

behaviouris often related to
Interactions with external
environment
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Conversely, if agent wants to
achieve complex tasks under
adversarial conditions, it needs
suitably structured strategies



Autonomous Humanoid Robotics

We want humanoid robots Some representative
to perform a number of domains we explore:
different kinds of tasks: A Robotic socceRoboCup
I Locomotion A Complex manipulation (e.qg.,
I Manipulation flexible objects, cluttered

A Fultbody environments) -~

A Cooperative )
i Higher levebehaviours '

A Spatietemporal

movement

A Information
aggregation




What Makes Humanoid Robotics Hard?

High-dim nonlinear
dynamics (with Complex constraints (again,  Strategic/adversarial

imprecise models)  with imprecise models) & Interactions with others
Changing specifications



Two Major Questions

1. How toencodecomplex (dynamically dexterous) tasks, in
the face of significant imprecision in models and
specifications?

2. How tosynthesizaeactive strategies in the presence of
strategic adversaries and in a netationary environment?

A There is a need for datdriven learning, e.g., from a
combination of experience and expert demonstration

A Many direct approaches (ranging from RL in POMDPs to
Bayesian statistical methods) can be intractable given
combination of issues mentioned above



Our Approach

Two major techniques, at the high level:

1. Geometrical representations (ledimensional, abstractions)
of skills, e.g., manifolds

2. With the resulting abstractions, layered/hierarchical
formulations of stochastic optimization/game problem:

I trajectory optimization
| strategic interactions with adversary
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To o To I

Canonical TaskValking on Irregular Terrain

No detailed models of dynamics
Precisely specified footfalls
Height/lengthvariations

Hard torepresent& achieve with _
state of the art methods! 3

Family of end-point goals



Compass Gait Walking: A Conceptual Viev
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Why Is the Compass Gait Model Meaningful?

Biologicallyplausible template model

I Humanenergeticsare pendulumlike CavagnaJEBY n H 0

I Infants learn this synergy before stable walkih@enko JEB¥Y n n 0

I Neural representations for these variabléppele J.NeurophysWn H 0

I Abinitio optimization with this model recovers walkingr{nivasar& Ruing
E SUE [iO-

Question

How does one use this
model constructively,
to plan trajectories on
irregular terrain?
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