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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 ©*



Reward ambiguity: There are many reward functions under which the
expert demonstrations are optimal!!

Which reward function should we pick?

- Maximum Margin Planning: Looks for the one that separates
the optimal policy best.

- Maximum Entropy IRL: Looks for the one where expert
demonstrations are drawn from a high entropy distribution.



* Recap of imitation learning and inverse RL

* Learning from other sources of data — Pairwise Comparisons



Expert demonstrations are
difficult to collect, variable, and suboptimal!
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difficult to collect suboptimal and variable

[Basu et al. HRI 17]
[Kwon et al. HRI 20]
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Demonstrations can be uninformative.

* Do You Want Your Autonomous Car to Drive Like You? C. Basu, Q. Yang, D. Hungerman, M. Singhal, A. Dragan. HRI’17.



Learn from Different Sources of Data

Expert demonstrations
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can be noisy!
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Restricted Boltzmann machines modeling human choice. T. Osogami, M. Otsuka. NeurlPS’14.
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2 () determines how
W T AMwy informative the query is




Q 4 ) determines how
W AWy informative the query is
S\\N (in expectation)




Queries should be actively synthesized



Actively synthesizing queries

NAA
Erdem Biyik

minimum volume removed
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Human update function  f,(w) = min(1, exp(I;w' ¢))

Active Preference-Based Learning of Reward Functions
Sadigh, et al. Proceedings of Robotics: Science and Systems (RSS), July 2017



No prior preference Learns heading preferences Learns collision
avoidance preferences



After 0 queries l . i?"\'_fter 10 queries ' - After 40 queries l After 100 queries l

No prior preference Preferring green basket over the red one.

Features: max altitude, final distance to the closest basket, max horizontal range, total
angular displacement [Biyik, Sadigh. CoRL 2018]



Actively synthesizing queries

I want to teach the robot J

—r%

O( to reach for the plate...
O v

\_ Optimal (Volume Removal) ) \_ Optimal + Easy (Information Gain) )

 Queries that are easy to answer for the human?

Asking Easy Questions: A User-Friendly Approach to Active Reward Learning
Biyik, et al. Proceedings of the 3rd Conference on Robot Learning (CoRL), October 2019



max [(response; w)
= max H(response) — H(response|w)
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Trajectory Features: Shot Speed, Shot Angle
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Human Teacher

[R (54) > R(fB)

[Biyik, Huynh, Kochenderfer, Sadigh. RSS20]




Training: An Optimal Query with GP Reward

GP Reward enables the exploration of different
trajectories (not just the boundaries).



Online: Final policy based on learned reward

Linear Reward GP Reward



Nonlinear Rewards for Exoskeletons

| Avg. over SD & SL Avg. over SD & SL Avg. over SD & SL

. ]
- =

High Pelvis Pitch and Low PeIVIS Roll

ROIAL: Region of Interest Active Learning for Characterizing Exoskeleton Gait Preference Landscapes
K. Li, et al. ICRA’21.



Linear Models: Neural Models:
- Inexpressive - Thousands of Queries

+ Feedback efficient + Highly expressive




Few-Shot Preference Learning for Human-in-the-Loop RL

Pre-training
Prior Tasks

-

Door Open Window Open  Button Press

Few-Shot Preference Learning for Human-in-the-Loop RL
Joey Hejna, Dorsa Sadigh. CoRL'22.
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Few-Shot Preference Learning for Human-in-the-Loop RL
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Few-Shot Preference Learning for Human-in-the-Loop RL
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* Recap of imitation learning and inverse RL
* Learning from other sources of data — Pairwise Comparisons

* Learning from other sources of data — Foundation Models



Learn Human Preferences

Ask Q informative pairwise comparisons
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Negotiation Domain

Shared Items i
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Lewis, Mike, et al. "Deal or no deal? end-to-end learning for negotiation dialogues."
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Negotiation Domain

Shared Items i .
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Negotiation Domain
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Learn Human Preferences

Ask Q informative pairwise comparisons




Learn Human Preferences

Query LLMs to capture QQ preferences

We use LLMs as a proxy reward function
to train RL agents from user inputs



Task description (p;)

Prompt (p)

Alice and Bob are negotiating how to split a set of
books, hats, and balls.

1)
Feed prompt

(p) LIM

Construct
prompt (p)



Prompt (p)

o Alice and Bob are negotiating how to split a set of\ (1)
Task description (p;) books, hats, and balls. Feed prompt

(p) LIM

Alice : propose: book=1 hat=1 ball=0
Bob : propose: book=0 hat=1 ball=0
Alice : propose: book=1 hat=0 ball=1

Agreement!
Alice : 4 point
Example from user describing Bof;e_ 5 g(())ilr?t:
objective (versatile behavior) Construct
(p2) Is Alice a versatile negotiator? prompt (p)

Yes, because she suggested different proposals.




Task description (p;)

Example from user describing
objective (versatile behavior)

(Pz)

.

b

Episode outcome described as
string using parse f (p3)

Prompt (p)

Alice and Bob are negotiating how to split a set of
books, hats, and balls.

Alice : propose: book=1 hat=1 ball=0
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Is Alice a versatile negotiator?

Yes, because she suggested different proposals.

Alice : propose: book=1 hat=1 ball=0
Bob : propose: book=0 hat=1 ball=0
Alice : propose: book=1 hat=1 ball=0

Agreement!
Alice : 5 points
Bob : 5 points

- J
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Feed prompt
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|

Construct
prompt (p)

LIM
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Task description (p;)
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Alice and Bob are negotiating how to split a set of
books, hats, and balls.

Alice : propose: book=1 hat=1 ball=0
Bob : propose: book=0 hat=1 ball=0
Alice : propose: book=1 hat=0 ball=1

Agreement!
Alice : 4 points
Bob : 5 points

Is Alice a versatile negotiator?

Yes, because she suggested different proposals.
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Agreement!
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Bob : 5 points
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LLM provides
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Alice and Bob are negotiating how to split a set of
books, hats, and balls.

Alice : propose: book=1 hat=1 ball=0
Bob : propose: book=0 hat=1 ball=0
Alice : propose: book=1 hat=0 ball=1

Agreement!
Alice : 4 points
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weights and run an
episode



Task description (p;)

Example from user describing
objective (versatile behavior)
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Episode outcome described as
string using parse f (p3)

Question (py)

Prompt (p)

Alice and Bob are negotiating how to split a set of
books, hats, and balls.

Alice : propose: book=1 hat=1 ball=0
Bob : propose: book=0 hat=1 ball=0
Alice : propose: book=1 hat=0 ball=1

Agreement!
Alice : 4 points
Bob : 5 points

Is Alice a versatile negotiator?

Yes, because she suggested different proposals.

Alice : propose: book=1 hat=1 ball=0
Bob : propose: book=0 hat=1 ball=0
Alice : propose: book=1 hat=1 ball=0

Agreement!
Alice : 5 points
Bob : 5 points

Is Alice a versatile negotiator?

(1)
Feed prompt (2)
(p) LLM LLM provides
textual output
Construct “No”
prompt (p)
(3)
Convert to int “(Q”
5) using parse g
Summarize and use as

episode outcome reward signal
as string (p3)

using parser f

(4) Update agent (Alice)
weights and run an
episode



DEALORNODEAL Negotiation Task
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Labeling Accuracy

: Push-Over Competitive

1.0 Versatile 1.0 M 1.0 P 1.0 Stubborn
o% ' - . .
0.0 . . . . . .

S Ours SL  Owurs SL  Ours SL

RL Agent Accuracy
o Versatile Push-Over Competitive " Stubborn
0.0 .
SL Ours True SL Ours True SL Ours True SL Ours True
Reward Reward Reward Reward

We outperform SL by avg. of 46%

We underperform True Reward by avg. of 4%

We can use an LLM as a proxy reward to train objective-aligned agents



Generative Value Learning

Step 3

@ Vision Language Model

| Autoregressive
il Prediction

100% — 79% —> 24% — 0% —> 52%

Vision Language Models are In-Context Value Learners
Jason Ma, et al. International Conference on Learning Representations (ICLR), Feb 2025



Key Takeaways

We can learn representations ( ) by
1) pretraining and qguerying for informative human feedback
2) leveraging the knowledge of
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