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Last Time

[✓] embedding predictive human models into safety

This Time

[ ] sources of human data 
[ ] robot learning from corrections 
[ ] a unifying formalism for learning from human data
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𝒫 𝑥!:# → 𝑢$#%&:'

So far… all about human behavior prediction

planning-based

pattern-based

𝒟 = 𝑥! , 𝑢"! !#$
%

*don’t always need/have action labels

In general, history of human state, 
robot state, other agents, etc. 

future human action (or state)

Find!	𝑅"! 	
with	𝒟 𝒫 𝑥#:%; 𝜃 ≡ Optimize(𝑅"!)

Learn reward
(“IRL”)

Optimize reward to predict
(“RL” / “OC”)

Find!	𝒫 𝑥#:%; 𝜃 	with	𝒟

Fit prediction model directly via supervised learning

+ can be more stable OOD
- high inductive bias can miss real aspects 
of behavior

+ more expressive to real behavior nuances
- brittle to OOD interaction
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RSS, 2021



5Source: https://waymo.com/blog/2021/03/expanding-waymo-open-dataset-with-interactive-scenario-data-and-new-challenges/



Mainprice, Jim, Rafi Hayne, and Dmitry Berenson. "Predicting human reaching 
motion in collaborative tasks using inverse optimal control and iterative re-
planning."  International Conference on Robotics and Automation (ICRA), 2015.

https://www.youtube.com/watch?v=w165L7ZtDws
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CoRL, 2023
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𝒫 𝑥!:# → 𝑢$#%&:'

planning-based

pattern-based

𝒟 = 𝑥! , 𝑢"! !#$
%

Find!	𝑅"! 	
with	𝒟 𝒫 𝑥#:%; 𝜃 ≡ Optimize(𝑅"!)

Learn reward Optimize reward to predict

Find!	𝒫 𝑥#:%; 𝜃 	with	𝒟

Regress the prediction model directly

What type of human data have we studied so far?

state(-action) demonstrations
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What other kind of human data (or feedback) 
can we leverage? 
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Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)

What other kind of human data (or feedback) 
can we leverage? 



Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)
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What other kind of human data (or feedback) 
can we leverage? 

[6] Shah, Rohin, et al. "Preferences implicit 
in the state of the world." ICLR, 2019.

[7] Matuszek, Cynthia, et al. "A joint 
model of language and perception for 
grounded attribute learning." ICML, 2012.

[5] Bajcsy, Andrea, et al. "Learning robot 
objectives from physical human 
interaction." CoRL, 2017.

[2] Wirth, Christian, et al. "A survey 
of preference-based reinforcement 
learning methods.” JMLR, 2017

[1] Andrew Y Ng and Stuart J 
Russell. “Algorithms for inverse 
reinforcement learning.” ICML, 2000.

[3] Hadfield-Menell, Dylan, et al. 
"Inverse reward design." Neurips 2017.

[4] Hadfield-Menell, Dylan, et al. 
"The off-switch game." Workshops 
at AAAI, 2017.
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What other kind of human data (or feedback) 
can we leverage? 

Next Wednesday: RLHF 
(i.e., alignment)

Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)



Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)
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What other kind of human data (or feedback) 
can we leverage? 

Today
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What other kind of human data (or feedback) 
can we leverage? 

Today: Unifying Framework

Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)
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How should the robot 
respond to such interaction?
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Reject Interaction Force

[Yang, 2011]
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Gravity 
Compensation

[Haddadin, 2008]
[Haddadin, 2006]
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Impedance Control

[Hogan, 1985]
[Haddadin, 2006]
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In these strategies, 
the robot resumes its original behavior! 
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𝜉∗ = argmax
'
	𝑹(𝝃)	
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𝜉∗ = argmax
'
	𝑹(𝝃)	
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𝜉∗ = argmax
'
	𝑹′(𝝃)	



Physical human corrections 
provides observations about the 
correct robot objective function

29

Bajcsy, Andrea, et al. "Learning robot objectives from physical human 
interaction." Conference on robot learning. PMLR, 2017.



Formalizing Reacting to pHRI
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Robot Human

𝑟 𝑥, 𝑢! , 𝑢"; 	𝜃Reward function

Dynamics 

State

Action

𝑢"

𝑥

𝑥#$% = 𝑓(𝑥# , 𝑢!# + 𝑢"# )

𝑢!
Observation



Formalizing Reacting to pHRI
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Robot Human

Reward function

Dynamics 

State

Action

𝑢"

𝑥

𝑥#$% = 𝑓(𝑥# , 𝑢!# + 𝑢"# )

𝑢!
Observation

𝑟 𝑥, 𝑢! , 𝑢"; 	𝜃 = 𝜃&𝜙 𝑥, 𝑢! , 𝑢" − 𝜆 𝑢" '



Formalizing Reacting to pHRI
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Robot Human

𝑟 𝑥, 𝑢! , 𝑢"; 	𝜃 = 𝜃&𝜙 𝑥, 𝑢! , 𝑢" − 𝜆 𝑢" 'Reward function

Dynamics 

State

Action

𝑢"

𝑥

𝑥#$% = 𝑓(𝑥# , 𝑢!# + 𝑢"# )

𝑢!
Observation

Hidden variable Task reward Human effort

Feature vector 

Unknown to robot!

Weight 



Formalizing Reacting to pHRI
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Robot Human

Reward function

Dynamics 

State

Action

𝑢"

𝑥

𝑥#$% = 𝑓(𝑥# , 𝑢!# + 𝑢"# )

𝑢!
Observation

Observation 
Model 𝑃(𝑢"|𝑥, 𝑢!; 𝜃) ∝ 𝑒((*,,!$,";.)

Assume human chooses actions that approximately maximize utility [Baker ’07, Ziebart ‘08]

𝑟 𝑥, 𝑢! , 𝑢"; 	𝜃 = 𝜃&𝜙 𝑥, 𝑢! , 𝑢" − 𝜆 𝑢" '

The human’s actions are 
observations about 
hidden variable

i.e., planning-based 
predictive model!



Formalizing Reacting to pHRI
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Robot Human

Reward function

Dynamics 

State

Action

𝑢"

𝑥

𝑥#$% = 𝑓(𝑥# , 𝑢!# + 𝑢"# )

𝑢!
Observation

Observation 
Model 𝑃(𝑢"|𝑥, 𝑢!; 𝜃) ∝ 𝑒((*,,!$,";.)

POMDP

𝑟 𝑥, 𝑢! , 𝑢"; 	𝜃 = 𝜃&𝜙 𝑥, 𝑢! , 𝑢" − 𝜆 𝑢" '
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Issues: 
(1)    Finding 𝑢!∗  through POMDP planning is challenging
(2)    Computing Q-values is challenging

(3)    Updating continuous distributions over 𝑏(𝜃) is  challenging 

Goal: Make 3 approximations to get online solution!

𝑃 𝑢! 𝑢", 𝑥; 𝜃 =
𝑒# $,&&'&';)

∫ 𝑒#($,+&&'&';)) 𝑑 9𝑢!

𝜃 ∈ ℝ 𝜃



Online Learning of Robot Objectives from pHRI
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Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

Estimation & Control

Separate inferring 𝜃 from 
computing optimal policy

𝜃 𝑢!∗
MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)



Online Learning of Robot Objectives from pHRI
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Estimation & Control

Separate inferring 𝜃 from 
computing optimal policy

𝜃 𝑢!∗
Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)
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Estimation & Control

Separate inferring 𝜃 from 
computing optimal policy

𝜃 𝑢!∗

CONTROL

ESTIMATION

“QMDP”
[Littman et al, 1995]

𝑢)* = argmax
+%

	𝔼,& - [𝑄(𝑥, 𝑢); 𝜃)]

𝑡 = 0 𝑏#(𝜃) 𝑥

SENSE 𝑢.*

𝑏/ 𝜃 ∝ 𝑃 𝑢.* 𝑢)* , 𝑥; 𝜃 𝑏*(𝜃)

𝑡 = 1 𝑏((𝜃) 𝑥

CONTROL 𝑢)/ = argmax
+%

	𝔼,' - [𝑄(𝑥, 𝑢); 𝜃)]

SENSE 𝑢./

ESTIMATION 𝑏0 𝜃 ∝ 𝑃 𝑢./ 𝑢)/ , 𝑥; 𝜃 𝑏/(𝜃)
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Estimation & Control

Separate inferring 𝜃 from 
computing optimal policy

𝜃 𝑢!∗

CONTROL

ESTIMATION

We still have the Q-
value issue! 𝑢)* = argmax

+%
	𝔼,& - [𝑄(𝑥, 𝑢); 𝜃)]

𝑡 = 0 𝑏#(𝜃) 𝑥

SENSE 𝑢.*

𝑏/ 𝜃 ∝ 𝑃 𝑢.* 𝑢)* , 𝑥; 𝜃 𝑏*(𝜃)

𝑡 = 1 𝑏((𝜃) 𝑥

CONTROL 𝑢)/ = argmax
+%

	𝔼,' - [𝑄(𝑥, 𝑢); 𝜃)]

SENSE 𝑢./

ESTIMATION 𝑏0 𝜃 ∝ 𝑃 𝑢./ 𝑢)/ , 𝑥; 𝜃 𝑏/(𝜃)



Online Learning of Robot Objectives from pHRI
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MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

Estimation & Control

Separate inferring 𝜃 from 
computing optimal policy

𝜃 𝑢!∗
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Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

CONTROL 𝑢)* = argmax
+%

	𝔼,& - [𝑄(𝑥, 𝑢); 𝜃)]

𝑡 = 0 𝑏#(𝜃) 𝑥
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Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

CONTROL 𝑢)* = argmax
+%

	𝔼,& - [𝑄(𝑥, 𝑢); 𝜃)]

𝑡 = 0 𝑏#(𝜃) 𝑥

𝜉)* = arg	max
1

𝜃2Φ(𝜉)

𝑢)* = 𝐵) 𝑥̇)* − 𝑥̇* + 𝐾)(𝑥)* − 𝑥*)

PLAN

CONTROL

𝑥!: 𝑥:
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Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

𝑡 = 0 𝑏#(𝜃) 𝑥

𝜉)* = arg	max
1

𝜃2Φ(𝜉)

𝑢)* = 𝐵) 𝑥̇)* − 𝑥̇* + 𝐾)(𝑥)* − 𝑥*)

PLAN

CONTROL

ESTIMATION

SENSE 𝑢.*

𝑏/ 𝜃 ∝ 𝑃 𝑢.* 𝑢)* , 𝑥; 𝜃 𝑏*(𝜃)

𝑃 𝑢.* 𝑢)* , 𝑥; 𝜃 ∝ 𝑒3(5,6(
&76)

& ;-)

𝑃(𝜉.*|𝜉)*; 𝜃) ∝ 𝑒)(1)
& ,1(

&;-)Q: What is 𝝃𝑯𝟎 ?
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𝜉)*

𝑃(𝜉.*|𝜉)*; 𝜃) ∝ 𝑒)(1)
& ,1(

&;-)Q: What is 𝝃𝑯𝟎 ?

𝑢.*
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𝜉.*

𝑃(𝜉.*|𝜉)*; 𝜃) ∝ 𝑒)(1)
& ,1(

&;-)Q: What is 𝝃𝑯𝟎 ?

𝜉)*

𝜉.* = 𝜉)* + 𝐼

0
⋮
𝑢.*
⋮
0

𝜉!- = 𝑎𝑟𝑔min
.

𝜉"- − 𝜉 /𝐼(𝜉"- − 𝜉)

𝑠. 𝑡. 	 𝜉 8 = 𝜉*$ 8 + 𝑢"$

𝑡 = 8

See Anca Dragan’s course notes: CS 287H: Algorithmic HRI
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[Dragan, 2015]
[Losey, 2017]

𝜉)B

𝑃(𝜉.*|𝜉)*; 𝜃) ∝ 𝑒)(1)
& ,1(

&;-)Q: What is 𝝃𝑯𝟎 ?

𝜉.*

𝜉.* = 𝜉)* + 𝐴C/

0
⋮
𝑢.*
⋮
0

𝜉!- = 𝑎𝑟𝑔min
.

𝜉"- − 𝜉 /𝐴(𝜉"- − 𝜉)

𝑠. 𝑡. 	 𝜉 8 = 𝜉*$ 8 + 𝑢"$

𝑡 = 8

See Anca Dragan’s course notes: CS 287H: Algorithmic HRI
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[Dragan, 2015]
[Losey, 2017]

𝜉)B

𝑃(𝜉.*|𝜉)*; 𝜃) ∝ 𝑒)(1)
& ,1(

&;-)Q: What is 𝝃𝑯𝟎 ?

𝜉.*

𝜉.* = 𝜉)* + 𝐴C/

0
⋮
𝑢.*
⋮
0

𝑡 = 8

𝑃 𝜉.* 𝜉)*; 𝜃 ∝ 𝑒-
*D 1)

& CE 1)
&C1(

& +

Simplified observation model
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Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

𝑡 = 0 𝑏#(𝜃) 𝑥

𝜉)* = arg	max
1

𝜃2Φ(𝜉)

𝑢)* = 𝐵) 𝑥̇)* − 𝑥̇* + 𝐾)(𝑥)* − 𝑥*)

PLAN

CONTROL

ESTIMATION

SENSE 𝑢.*

𝑏/ 𝜃 ∝ 𝑃(𝜉.*|𝜉)*; 𝜃)𝑏*(𝜃)

DEFORM 𝜉"$ = 𝜉*$ + 𝐴+,

0
⋮
𝑢"$
⋮
0

𝑡 = 1 𝑏((𝜃) 𝑥
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Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …

𝑡 = 0 𝑏#(𝜃) 𝑥

𝜉)* = arg	max
1

𝜃2Φ(𝜉)

𝑢)* = 𝐵) 𝑥̇)* − 𝑥̇* + 𝐾)(𝑥)* − 𝑥*)

PLAN

CONTROL

ESTIMATION

SENSE 𝑢.*

𝑏/ 𝜃 ∝ 𝑃(𝜉.*|𝜉)*; 𝜃)𝑏*(𝜃)

DEFORM 𝜉"$ = 𝜉*$ + 𝐴+,

0
⋮
𝑢"$
⋮
0

We still have to update continuous 
distribution over 𝜃 ∈ ℝ-

𝑡 = 1 𝑏((𝜃) 𝑥



Online Learning of Robot Objectives from pHRI
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Estimation & Control

Separate inferring 𝜃 from 
computing optimal policy

𝜃 𝑢!∗
MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

Planning & Control

Separate trajectory 
optimization and 

tracking

𝒖𝑹𝟎 , 𝒖𝑹𝟏 , …
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MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

𝑏#(𝜃)𝑡 = 0

𝑏/ 𝜃 ∝ 𝑃(𝜉.|𝜉); 𝜃)𝑏*(𝜃)

F𝜃/ = 𝑎𝑟𝑔max
-
𝑏/(𝜃)

= 𝑎𝑟𝑔max
-
𝑃 𝜉. 𝜉); 𝜃 𝑃(𝜃)

= 𝑎𝑟𝑔max
-

𝑒-
*D 1) CE 1)C1(

& +

∫ 𝑒-
*D 1) CE 1)C1(

& +

𝑑𝜉.
𝑃(𝜃)

One last approximation (I promise) J 
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MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

𝑏#(𝜃)𝑡 = 0

𝑏/ 𝜃 ∝ 𝑃(𝜉.|𝜉); 𝜃)𝑏*(𝜃)

F𝜃/ = 𝑎𝑟𝑔max
-
𝑏/(𝜃)

= 𝑎𝑟𝑔max
-
𝑃 𝜉. 𝜉); 𝜃 𝑃(𝜃)

= 𝑎𝑟𝑔max
-

𝑒-
*D 1) CE 1)C1(

& +

∫ 𝑒-
*D 1) CE 1)C1(

& +

𝑑𝜉.
𝑃(𝜃)

Laplace’s Method

(1) 2nd Order Taylor Series Expansion around optimum 
(2) Get Gaussian Integral and closed form solution!

∫ 𝑒. / 𝑑𝑥 𝑓 𝑥 	𝑖𝑠	𝑡𝑤𝑖𝑐𝑒	𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡𝑖𝑎𝑏𝑙𝑒
http://www.inference.org.uk/mackay/itprnn/ps/341.342.pdf

http://www.inference.org.uk/mackay/itprnn/ps/341.342.pdf
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MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

𝑏#(𝜃)𝑡 = 0

𝑏/ 𝜃 ∝ 𝑃(𝜉.|𝜉); 𝜃)𝑏*(𝜃)

F𝜃/ = 𝑎𝑟𝑔max
-
𝑏/(𝜃)

= 𝑎𝑟𝑔max
-
𝑃 𝜉. 𝜉); 𝜃 𝑃(𝜃)

≈ 𝑎𝑟𝑔max
-

𝑒-
*D 1) CE 1)C1(

& +

𝑒-*D(1()
(2𝜋)O

|𝐻 𝜉) |

𝑃(𝜃)

= 𝑎𝑟𝑔max
-
𝑒-

*(D 1) CD(1())CE 1)C1(
& + |𝐻 𝜉) |

(2𝜋)O
𝑃(𝜃)
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MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

𝑏#(𝜃)𝑡 = 0

𝑏/ 𝜃 ∝ 𝑃(𝜉.|𝜉); 𝜃)𝑏*(𝜃)

= 𝑎𝑟𝑔max
0
𝜃% Φ 𝜉" −Φ 𝜉* − 𝜆 𝜉" − 𝜉*$

1
+ log(𝑃 𝜃 )

log + 
simplify

𝑃 𝜃 = 𝑒!
"
#$||&!

'&!||"

= 𝑎𝑟𝑔max
0
𝜃% Φ 𝜉" −Φ 𝜉* −

1
2𝛼 𝜃 − 𝜃̀

1

𝜃̀, = 𝜃̀$ + 𝛼 𝜃% Φ 𝜉" −Φ 𝜉*

𝑇𝑎𝑘𝑒	𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡	𝑎𝑛𝑑	∇&= 0

= 𝑎𝑟𝑔max
)
𝑒)

)(0 .& 10(.'))12 .&1.'
* + |𝐻 𝜉" |

(2𝜋)3
𝑃(𝜃)
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𝑡 = 0 𝑏#(𝜃) 𝑥

𝜉)* = arg	max
1

𝜃2Φ(𝜉)

𝑢)* = 𝐵) 𝑥̇)* − 𝑥̇* + 𝐾)(𝑥)* − 𝑥*)

PLAN

CONTROL

ESTIMATION

SENSE 𝑢.*

𝑏/ 𝜃 ∝ 𝑃(𝜉.*|𝜉)*; 𝜃)𝑏*(𝜃)

DEFORM 𝜉"$ = 𝜉*$ + 𝐴+,

0
⋮
𝑢"$
⋮
0

𝑡 = 1 𝑏((𝜃) 𝑥

MAP

Use maximum a 
posteriori estimate instead 

of 𝑏(𝜃)

<𝜃#

<𝜃(

F𝜃/ = F𝜃* + 𝛼 𝜃2 Φ 𝜉. −Φ 𝜉)



Online Learning from pHRI
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𝜉!" ← arg	max
!

'𝜃"Φ(𝜉)

Plan robot trajectory 
from start to goal



Online Learning from pHRI
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Sense human’s 
applied force

𝑢#"



Online Learning from pHRI
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Deform to get human’s 
preferred trajectory

𝜉"# = 𝜉!# + 𝐴K%

0
⋮
𝑢"#
⋮
0



Online Learning from pHRI
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%𝜃#%& ← %𝜃# + 𝛼(Φ 𝜉$# −Φ(𝜉(# ))

Update robot objective



Online Learning from pHRI
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𝜉#"$% ← arg	max
)

𝜃̂#%&Φ(𝜉)

Replan with new objective
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Learning vs. QMDP vs. No Learning.

Optimal trajectory 
(wrt. true objective parameter)

Original robot trajectory



81

Learning vs. QMDP vs. No Learning.



User Study
• 3 household manipulation tasks in a shared workspace with 10 participants
• The robot moves from start to goal pose with an initially incorrect objective
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Task 1: keep cup 
upright

Task 2: stay close to 
table

Task 3: don’t go over 
laptop

Optimal trajectory



Hypotheses 

83

H1. Learning significantly decreases interaction time, 
effort, and cumulative trajectory cost. 

H2. Participants will better know if the robot understood 
their preferences, feel less interaction effort, perceive the 
robot as more predictable, and believe the robot is more 
collaborative in the learning condition. 
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Results - Objective
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Performed factorial repeated measures ANOVA

* = p<0.0001



Results - Objective
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Performed factorial repeated measures ANOVA

* = p<0.0001



Results - Subjective
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Performed one-way repeated measures ANOVA



Results - Subjective
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Performed one-way repeated measures ANOVA
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Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)

What other kind of human data (or feedback) 
can we leverage? 
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𝑅 𝜉; 𝜃 = 𝜃L𝜙(𝜉)

Physical Corrections

Sharma, Pratyusha, et al. "Correcting robot plans with natural 
language feedback." RSS, 2022.

Bajcsy, Andrea, et al. "Learning robot objectives from 
physical human interaction." CoRL, 2017.

Language Corrections

hand-designed features

𝑅 (𝑞, 𝑜), 𝐿; 𝜃 =

language

NN weights

position & velocity 
reward map

trajectory
robot state & 
observation
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Language Corrections

Offline, train 𝑅 .

Online, predict 𝑅 .  given specific L

robot state & 
observation

language (L) reward 
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Comparisons 
(preferences)

Corrections 

Language

“Initial state” 
(i.e., preferences implicit in the state of the world) 

Proxy reward

Demonstrations

Off-switch … (and more)

Can we unify learning from diverse feedback types?


