EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

An Optimization-Centric

Theory of Mind for Human-Robot Interaction

Anca Dragan






max ‘[U(?Z'R)]
















all policies



all policies



all policies



all policies




PIeMII dATJE[NWND JOJOI

amount of data



off-policy

PIeMII dATJE[NWND JOJOI

amount of data



robot cumulative reward

amount of data

on-policy

off-volicy



all policies



What s the right
.nductive bias tor HRI?
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—lumans as tntent-driven agents
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intent via utility
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intent via utility




Hlumans as notsy-rational agents
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Hlumans as noisy-rational agents with unknown utilities
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Hlumans as noisy-rational agents with unknown utilities
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Noisy-rationality as a unifying way to interpret behavior
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Noisy-rationality as a unifying way to interpret behavior
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Noisy-rationality as a unifying way to interpret behavior
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missing the future robot actions
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Noisy-rationality generalizes to dynamic games




Strategic level: dynamic programming Tactical level: use strategic value
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When are robots not rational?
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noisy rationality

&
&
%

all policies



noisy rationality under
internal dynamics

&
&
'Q‘

all policies



When are robots not rational?




When are robots not rational?

when they can’t

when they don’t plan far enough ahead

know the dynamics

when they're
risk-averse

when they're
still learning



When are humans not rational?

when they can’t

when they don’t plan far enough ahead

know the dynamics
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broader rationality
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broader rationality

&
&
%

Can we detect that we have
the wrong hypothesis space?

all policies






T'he rationality coefiicient

hacky hyperparameter




T'he rationality coefiicient

make it part of the inference!




T'he rationality coefiicient

P(MH‘ X, 9H9 ,B) X eﬂQ(x’”H§9H)
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T the human appears
too suboptimal to the model,
be skeptical of the model.



Human rationality = model contidence
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Multiple humans




Hardware Demonstration




Detecting misspecification in demonstrations
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Detecting misspecification in demonstrations
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Detecting misspecification in demonstrations
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Detecting misspeciiication in physical corrections
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Detecting misspeciiication in physical corrections

@ for Irrelevant Corrections

0 5 10 15 20

ﬁ for Irrelevant Corrections

o>

0 5 10 15 20

t(s)



What s the right
inductive bias for HRI?



Humans have ntent



softmax

Bayes




1 hanks!




