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Towards Robustly Autonomous Agents

Research agenda:

Algorithms for decision 
making over timein 
autonomous agents
(humanoid robots, trading 
agents, etc.) 

ïthat can reliably achieve 
flexible behaviours(over 
large domains)

ïin a constantly changing 
and uncertain/adversarial 
environment

Å Simon's ant: complexity of 
behaviouris often related to 
interactions with external 
environment 

Å Conversely, if agent wants to 
achieve complex tasks under 
adversarial conditions, it needs 
suitably structured strategies



Autonomous Humanoid Robotics

Some representative 
domains we explore:

ÅRobotic soccer (RoboCup)

ÅComplex manipulation (e.g., 
flexible objects, cluttered 
environments)

We want humanoid robots 
to perform a number of 
different kinds of tasks:
ïLocomotion

ïManipulation

ÅFull-body

ÅCo-operative

ïHigher level behaviours

ÅSpatio-temporal 
movement

ÅInformation 
aggregation



What Makes Humanoid Robotics Hard?

High-dim nonlinear 
dynamics  (with
imprecise models)

Complex constraints (again,
with imprecise models) &
Changing specifications

Strategic/adversarial 
Interactions with others



Two Major Questions

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

2. How to synthesizereactive strategies in the presence of 
strategic adversaries and in a non-stationary environment?

ÅThere is a need for data-driven learning, e.g., from a 
combination of experience and expert demonstration

ÅMany 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 (low-dimensional, abstractions) 
of skills, e.g., manifolds

2. With the resulting abstractions, layered/hierarchical 
formulations of stochastic optimization/game problem:
ïtrajectory optimization
ïstrategic interactions with adversary
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Canonical Task: Walking on Irregular Terrain

Å No detailed models of dynamics

Å Precisely specified footfalls

Å Height/length variations

Å Hard to represent& achieve with 
state of the art methods!
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Compass Gait Walking: A Conceptual View

[Kuo, ScienceΩлрϐ
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Why is the Compass Gait Model Meaningful?

Biologically plausible template model
ï Human energeticsare pendulum-like (Cavagna, JEBΨлнύ

ï Infants learn this synergy before stable walking (Ivanenko, JEBΨлпύ

ï Neural representations for these variables (Poppele, J. Neurophys.Ψлнύ

ï Abinitio optimization with this model recovers walking (Srinivasan& Ruina, 
�E���š�µ�Œ�����[�ì�ò�•

QuestionQuestion::

How does one use this How does one use this 

model constructively,model constructively,

to plan trajectories onto plan trajectories on

irregular terrain?irregular terrain?


