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Collaboration Assistance coordination

COLLABORATION R and H are moving a couch together

R It share the same objective

in share the workspate w two diff embodiments
in both often know the objective

1 act as a team R must planjointly w It

ASSISTANCE robot is being teleoperated by human to skewerfood
R It share the same objective

in share the workspate via the sharedembodiment

only H perfectly knows the objective
R's job is to help despite uncertainty R past ff

preservesome autonomyof H

COORDINATION ayfygy.gs car human car passing

R and it have different but not necessarily opposing objeitives

futane hash
differ share

in share the workspate wit diff embodiments

It's objective is not necessarily known to R vice versa

R must coordinate w H to allomplish its goal w o hinderingA



Q How do we model these diff typesof interactions
mathematically

TODAY MDPs POMDPS

NEXT WEEK GameTheory
INTERACTION AS AN MDP POMDP

COORDINATION Navigation example
model the robot's behavior in a shared
workspace w human whose behavior
m the robot do NOT control

gH

gR R must avoid H while also being efficient
in getting to gr

H

state sleftsHsRright Ajoint state space of H R

action aaRinAR robotonly controls its own actions
this MDP is from the robot's Pov

reward
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bydefntransition

PleftssarightPleftSRSHSRSHaRright Product
rule

PleftSRSHSRSHaRrightcdotPleftSHSRSHaRright
Robot dynamic

PCSR Sr ar b c givenR's current state action
R's next state is independent of H



PleftsHsRsHaRrightsum_aH1PleftsHaHsHsRaRright marginalize
out Hs
control
action

sum_aH1PleftsHsHsRaRaHrightcdotPleftaHsHsRaRrightrangle prod rule

PleftsHsHaHrightbc given its state action the

A's next state is indep of R
lceilS tIISR

sum_aH1PleftsH1leftsHaHrightcdotPleftaHsaRrightright A's policy predictivemodelH's dynamics
transitionfunc

ASSISTANCE as a POMPP

So far robot had its own knowngoal reward now the

R is helping H achieve their goal BUT it doesn't
know what thegoal is ex shared

control
R

supset

state SleftSHSRthetaright H
control

rewardparameter e.g goal
state space is physical AND internal state

A robot only controls itselfaaRinAR
rleftsaright achieve theta A reward means executing the task the

way the H wants

0aHinAH Aobservations of human's actions use this
as evidence for inferring Theta

transition Pleftssaright next page



common
assumption that

thetatheta but not
true in general

PleftSHSRthetaSRSHthetaaRrightpartial
exercise

PleftSRSRaRrightcdotsum_aH1PleftSHSHaHrightcdotPleftaHSHthetarightRdynamics It's policygivenintentH dynamics

observation model

pleft0srightPleftaHsHsRthetarightPleftaHsHthetaright

IN THEORY solving this for the robot's optimal assistance

strategy would involve the robot maintaining a belief

bleftthetarightPleftthetaaH0tSH0tright and solvingPOMDP to yield
information gathering actions

IN PRACTICE very hard to do but a common approx

is to solve something called a Q MPP

ex SHARED CONTROL

Cassump givenby
H and
theirpolicy

R
n infer which goal H wantsleftharpoonup

H

b0leftthetarightranglevdotsbtleftthetarightcontrol



O robot policy via QMDP

aRargmax_aRsum_theta1bleftthetarightcdotQthetalefts1aRright
O blend human's command with robot's assistive action

a ebackslashsec left1alpharightaHalphaaR I alphainleft01right
if you want to see more blending schemes see

Dragon Srinivasa 2013

we will read this
paper in classtoo

What are some challengesyouforsee with this
shared controller

eg is aH lowlevelHaction enough to understand
intent in full complexity of the world

e g joystik is low Dof but that thengets
translated

to high Dofrobot
see
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uH Shared Autonomywith
Learned Latent Actions
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