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Partner Modeling: Learning and Influencing Latent Intent

* Partner Modeling: Role Assignment
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Behavioral Cloning

arg min E(sq9~prL(a*, mg(s)) P

Works well when P* is close to Pg
[Supervised]

Collect

Demonstrations Learning

Direct Policy Learning (via Interactive Demonstrator)

Requires Interactive Demonstrator (BC is a 1-step special case)
\ Rollout in
RL problem

Inverse RL A Environment

Learn r such that: [ \
m* = arg meax IE5~P(S|9)T(S’ g (s))

Assume learning r is statistically easier than directly learning ©*






R(S) =w-d(S)




Actively synthesizing queries

minimum volume removed

N
4 A

> 0 mcglx min{IE[l — fo (W)]; [E[l ~f-o (W)]}

Subjectto @ € F
[Sadigh et al. RSS517] IF — {<,0 <,0 — CD(€A) T CI)(fB); fA; €B € E}

[Biyik et al. CoRL18]

[Biyik et al. CDC19]

[Palan et al. RSS19]

[Biyik et al. CoRL19] . _ T

(Basu et 2. 1ROS1] Human update function  f,(w) = min(1, exp(I;w' @))
[Myers et al. CoRL21]

[Myers et al. ICRA22]
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Learning from Humans

“
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Existing research explores how robots adapt to humans

* Imitation learning
e Learning from demonstrations



Influencing Humans

@
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Far less studies how robots influence humans
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Nth order Theory of Mind






Nth order Theory of Mind
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[Sadigh, Sastry, Seshia, Dragan, RSS 2016, IROS 2016, AURO 2018]












An autonomous car’s
actions will affect the actions of other
drivers.






Source: https://twitter.com/nitguptaa/



Interaction as a Dynamical System

direct control
over ip

indirect @

control over 14,



Interaction as a Dynamical System

Up = argmax Re (X, 1ip, i (X, Up))
ug

Find optimal actions for the
robot while accounting for
the human response 1.;,.

Model 1, as optimizing @
the human reward
function R4,.

wqp (6, up) = argmax R (X, tip, 1)
Uzt

Sadigh et al. RSS 2016, AURO 2018



Learning Driver Models

Learn Human’s reward function based on Inverse
Reinforcement Learning:

exp(Rge (x, ug, Usgr))

f exp(R}[(x, U:R,ﬁg.[)) d ﬂ}[

P(Ug.[lx, W) —
Rar(x, Up, Usr) = W (X, Ug, Usr)

)

Features for the Features for staying Features for avoiding
boundaries of the road. inside the lanes. other vehicles.

[Ziebart’ 09] [Levine’10]



Interaction as a Dynamical System

Up = argmax Ry (x, vp, 1qp (26, Up )
R

Find optimal actions for the
robot while accounting for
the human response 1.;,.

Model 1, as optimizing @
the human reward
function R4,.

Uy (X, ugp) = argmax Ry (x, 109, 15)
H



— Receding Horizon Control:

Plan for short time horizon, replan at every step.

— Model the problem as a Stackelberg game.
Give the human full access to ug for the short time horizon.






Nth order Theory of Mind
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— Receding Horizon Control:

Plan for short time horizon, replan at every step.

— Model the problem as a Stackelberg game.
Give the human full access to ug for the short time horizon.

(x,15) = argmax Ry (X, Ugp, Usr)
Uge

— Assume deterministic human model.



Solution of Nested Optimization
Uy, = argmax Re (x, 11, Uy (X, Up))
() N

Re(x, 15, 19/) = z re(xt, 1l 15,)

t=1

Gradient-Based Method (Quasi-Newton):

Rer(x, up,u57)

aR:R _ aRgg au;( + aR:R
auR B aU}[ augg auR

c

w, (x, up) = argmax Rep (X, tp, 1) .
Ugg

Ry (x, g, u5p) = 2 T}((Xt; uﬁe,u;ﬁ[)

t=1



Solution of Nested Optimization

Quasi-Newton method:

aRR _ aR:R 5u;[ N GRR
Oup  Oug |0unl Oug

x

Given Ry is;,

* smooth,

* its minimum is attained,

for an unconstrained optimization,
the partial g% at the optimum u;;

evaluates to zero.
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Legible Motion

Using robot motion to coordinate
with the human better about the
robot’s goal
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We can’t rely on a
driver model.

We need to
between different drivers.



by+1(6) < be(0) - p(uz|xe, 6)




0)
|xt'

) o< b (6) - p(ug

(6

bt +1

Ry
rgmax
Up = d -







Drivers respond to
actions of other cars.

...We have an opportunity to
actively gather information.



br41(0) < be(0) - p(uge|xe, 6,1%)
Info Gathering

"H(be) — H(bg41)'

RfR (x) uf]—[; 6; u:R) —
+4 - Rgoal(x' Usr, 6, uz)

%_J

Goal




br4+1(0) < be(0) - p(uge|xe, 0, 1%)
Info Gathering

/_H

RR(X, Ugr, H,U,R) = ]H[(bt) — H(bt+1)
+4- Rgoal(x' Ug, 0, uz)

%_J

Goal

up = argmax Eg|[R¢]
Ug




Info Gathering

/_H

RR(X, Ugr, H,U,R) = ]H[(bt) — H(bt+1)
+4- Rgoal(x' Ug, 0, uz)

%_J

Goal
















forward y-direction of human




Robot Active Info Gathering

- Attentive
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Belief over Driving Style: Active vs Passive
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Key Idea:

Robot’s actions human’s actions. We want to these
effects for better safety and efficiency and better estimation.



* Recap (IL, IRL, pairwise comparisons)
 Game-Theoretic Views on Multi-Agent Interactions

* Partner Modeling: Active Info Gathering over Human’s Intent



Info Gathering

/_H

RR(X, Ugr, H,U,R) = ]H[(bt) — H(bt+1)
+4- Rgoal(x' Ug, 0, uz)

%_J

Goal




Modeling Intent Inference using POMDPs

[Javdani et al.]



MDPs have: i POMDPs add:

States S Observations O

) \u““m . .
Actions A Observation Function P(o|s)

Transition Function P(s'|s, a)

Reward R(s,a,s’)




Tiger Example

Actions a = {0, : listen 1: open left, 2: open right}

Reward Function:

- Penalty for wrong opening: -100
- Reward for correct opening: +10
- Cost of listening: -1

Observations:
- To hear the tiger on the left
- To hear the tiger on the right




Tiger Example
Belief update based on observations:

by(s)  p(olsi,@) ) p(sils @) - bo(s)

SjES
Immediate return Discounted future return
Value Iteration _ ., .. ca
over Beliefs Vi(b) = E{‘&X[z b(s) - R(s,a) +v 2 P(ol|b,a) - V*(by) |
SES 0€0

Hard to compute continuous space MDPs -> Approximation



Tiger Example

Immediate return Discounted future return
Value Iteration frin ca
over Beliefs Vi(b) = ?&X[E b(s) - R(s,a) +v Z P(olb,a) - V*(by) ]
SES 0€e0

Hard to compute continuous space MDPs -> Approximation

Q-MDP * * *
Approximation Vi(b) = Es[V"(s)] = Z b(s) - V*(s)



Intent Inference

X Robot States
A Robot Actions

T:X XA —-> X Transition function

u € U Human continuous input
D:U—->A Mapping between human input and robot actions



User’s Policy is Learned from IRL

ny"(x) = p(ulx,g)  Welearn a policy for each goal

p(&lg) x exp(—C5°"(£))

p(glé) < p(&lg) -p(g)  BavesRule

POMDP Observation Model




Hindsight Optimization (Q-MDP)

Estimate cost-to-go of the belief by assuming full observability will be obtained at the next
time step.

You never gather information, but can plan efficiently in deterministic subproblems.

= ) b(9) Qy(x,a,u)

g Cost-to-Go of Acting optimally and going towards goal g



Shared Autonomy with Hindsight
Optimization

— -
User Robot
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