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Machine Learning Solution to Robotics

44,000,000 chess games

(Silver et al. 2017)

Super-human
chess engines

Tons of text

(OpenAI 2023)

Language model that
produces human-like texts

14,000,000 images

(Deng et al. 2009)

Image recognition models
at human-level proficiency
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Pastor, 2016

We do not have large datasets in robotics
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Image Courtesy: Kevin Black





Learning from demonstrations (LfD)

Codevilla et al. ICRA‘18 Cao et al. RSS‘20 Chen et al. IROS‘19
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Why does LfD fail?

𝜉1

Demonstrations:  𝓓 = 𝜉1, 𝜉2, … , 𝜉𝐿

Trajectory features:  𝜙 𝜉𝑖 = 𝜙𝑖 ∈ ℝ𝑑

- Final distance to the notebook

- Minimum distance to the obstacle

- Average speed

- …

Reward function :  𝑅 𝜉𝑖 = 𝑓𝑤 𝜙𝑖

7



Bayesian inverse reinforcement learning

𝜉1

argmax
𝑤

 𝑃 𝑤 𝓓

𝑃 𝑤 𝓓 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤

∝ 𝑃 𝑤 ෑ

𝑖=1

𝐿

exp 𝑓𝑤(𝜉𝑖)

(Noisy humans)
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Humans are Suboptimal

Basu et al. HRI‘17 Kwon et al. HRI‘20Palan et al. RSS‘19

Robots with high degrees of freedom are 
hard to teleoperate.

Humans do not like their 
own demonstrations.

Humans take suboptimal actions in 
risky situations.
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Asking Easy Questions: A User-Friendly Approach to Active Reward Learning
Bıyık et al. CoRL 2019.
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We can let the human evaluate a robot demonstration



How dark is this blue?
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Human evaluations are often unreliable

Asking Easy Questions: A User-Friendly Approach to Active Reward Learning
Bıyık et al. CoRL 2019.



Which blue is darker?
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Comparison data
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Today…

• Learning from human feedback
• Pairwise comparisons

• Reinforcement learning from human feedback (RLHF)

• Comparative language feedback
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Incorporating Comparisons

𝜉𝐴 or 𝜉𝐵?

𝜉𝐵𝜉𝐴

16
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.



Incorporating Comparisons

Demonstrations:  𝓓 = 𝜉1, 𝜉2, … , 𝜉𝐿

Comparisons:  𝓒 = 𝜉𝐴
(1)

, 𝜉𝐵
1

, 𝑞 1 , … , 𝜉𝐴
(𝑁)

, 𝜉𝐵
𝑁

, 𝑞 𝑁

Trajectory features:  𝜙 𝜉𝑖 = 𝜙𝑖 ∈ ℝ𝑑

- Final distance to the notebook

- Minimum distance to the obstacle

- Average speed

- …

Reward function :  𝑅 𝜉𝑖 = 𝑓𝑤(𝜙𝑖)

17
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.



Incorporating Comparisons

argmax
𝑤

 𝑃 𝑤 𝓓

𝑃 𝑤 𝓓 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤

18
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.



Incorporating Comparisons

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤

argmax
𝑤

 𝑃 𝑤 𝓓, 𝓒

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤 ෑ

𝑖=1

𝑁

𝑃 𝑞 𝑖 ∣ 𝑤, 𝜉𝐴
𝑖

, 𝜉𝐵
𝑖
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Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.

𝑃 𝑤 𝓓, 𝓒 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤 𝑃 𝓒 ∣ 𝑤



Incorporating Comparisons

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤

argmax
𝑤

 𝑃 𝑤 𝓓, 𝓒

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤 ෑ

𝑖=1

𝑁

𝑃 𝑞 𝑖 ∣ 𝑤, 𝜉𝐴
𝑖

, 𝜉𝐵
𝑖

20
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.

How do we 
compute this?

𝑃 𝑤 𝓓, 𝓒 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤 𝑃 𝓒 ∣ 𝑤



Luce’s choice axiom

The probability of selecting one item over another from a pool of 
many items is not affected by the presence or absence of other 
items in the pool.

Selection of this kind is said to have independence from irrelevant 
alternatives.

21
The choice axiom after twenty years
Luce. Journal of Mathematical Psychology 1977



Counterexamples for fun

• Starbucks: “Compromise Effect”

22

Short Tall Grande Short Tall Grande Venti

From: Kent Hendricks



Counterexamples for fun

• Coca Cola vs. Pepsi

23

1985 (Spring) 1985 (Summer)



Regardless…

The probability of selecting one item over another from a pool of 
many items is not affected by the presence or absence of other 
items in the pool.

Selection of this kind is said to have independence from irrelevant 
alternatives.

24
The choice axiom after twenty years
Luce. Journal of Mathematical Psychology 1977



Corollary

𝑃 𝜉𝑖 ≽ 𝜉𝑗 ≽ 𝜉𝑘 = 𝑃 𝜉𝑖 ≽ 𝜉𝑗 , 𝜉𝑘 𝑃 𝜉𝑗 ≽ 𝜉𝑘

We only need to model the probability that the human chooses 
trajectory 𝜉 over a pool of many trajectories.
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Incorporating comparisons

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤

argmax
𝑤

 𝑃 𝑤 𝓓, 𝓒

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤 ෑ

𝑖=1

𝑁

𝑃 𝑞 𝑖 ∣ 𝑤, 𝜉𝐴
𝑖

, 𝜉𝐵
𝑖

26
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.

How do we 
compute this?

𝑃 𝑤 𝓓, 𝓒 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤 𝑃 𝓒 ∣ 𝑤



Models from discrete choice theory

Thurstonian Model:

• Add Gaussian noise to the rewards:

• uA = 𝑓𝑤 𝜙 𝜉𝐴 + 𝑧𝐴

• uB = 𝑓𝑤 𝜙 𝜉𝐵 + 𝑧𝐵

where 𝑧𝐴, 𝑧𝑏 ∼ 𝒩 0, 𝜎2 .

• The human choice is the noisy winner:

• 𝑞 = ൝
𝐴,  𝑖𝑓 𝑢𝐴 > 𝑢𝐵

𝐵,  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

𝑃 𝑞 ∣ 𝑤, 𝜉𝐴, 𝜉𝐵

𝑃 𝑞 = 𝐴 = 𝑃 𝑢𝐴 > 𝑢𝐵

= 𝑃 𝑓𝑤 𝜙 𝜉𝐴 + 𝑧𝐴 > 𝑓𝑤 𝜙 𝜉𝐵 + 𝑧𝐵

= 𝑃 𝑧𝐴 − 𝑧𝐵 > 𝑓𝑤 𝜙 𝜉𝐵 − 𝑓𝑤 𝜙 𝜉𝐴
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Models from discrete choice theory

Bradley-Terry Model:

• The probability that the user chooses an option is proportional to the 
exponentials of the rewards:

𝑃 𝑞 = 𝐴 =
𝑒𝛽𝑓𝑤 𝜙 𝜉𝐴

𝑒𝛽𝑓𝑤 𝜙 𝜉𝐴 + 𝑒𝛽𝑓𝑤 𝜙 𝜉𝐵

𝑃 𝑞 ∣ 𝑤, 𝜉𝐴, 𝜉𝐵
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Incorporating comparisons

𝑃 𝑤 𝓓, 𝓒 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤 𝑃 𝓒 ∣ 𝑤

29
Learning Reward Functions from Diverse Sources of Human 
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argmax
𝑤

 𝑃 𝑤 𝓓, 𝓒

∝ 𝑃 𝑤 ෑ

𝑖=1

𝐿

exp 𝑓𝑤(𝜉𝑖) ෑ

𝑖=1

𝑁 exp 𝑓𝑤 𝜉
𝑞 𝑖

𝑖

exp 𝑓𝑤 𝜉
𝑞 𝑖

𝑖
+ exp 𝑓𝑤 𝜉

¬𝑞 𝑖

𝑖

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤 ෑ

𝑖=1

𝑁

𝑃 𝑞 𝑖 ∣ 𝑤, 𝜉𝐴
𝑖

, 𝜉𝐵
𝑖



Benefit of comparisons

Bayesian IRL Ours

5 demonstrations 1 demonstration + 15 comparisons

30
Learning Reward Functions from Diverse Sources of Human 
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Asking Easy Questions: A User-Friendly Approach to Active 
Reward Learning
Bıyık et al. CoRL 2019.
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Balancing Efficiency and Comfort in Robot-Assisted Bite Transfer
Belkhale et al. ICRA 2022

32



ROIAL: Region of Interest Active Learning for Characterizing 
Exoskeleton Gait Preference Landscapes
Li et al., ICRA 2021
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Choosing Queries

Demonstrations Comparisons

𝜉 𝑞

𝜉𝐴 

𝜉𝐵 

34
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.

How do we quantify information?



Surprise

95% → 𝑋 = Heads

5% → 𝑋 = Tails

Surprise: log2
1

0.95
≅ 0.074

Surprise: log2
1

0.05
≅ 4.322
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Entropy (a measure of uncertainty)

95% → 𝑋 = Heads

5% → 𝑋 = Tails

Surprise: log2
1

0.95
≅ 0.074

Surprise: log2
1

0.05
≅ 4.322

Entropy is the expected surprise.

Entropy: 𝐻 𝑋 = 0.95 × log2
1

0.95
+ 0.05 × log2

1

0.05
≅ 0.286
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Another example

50% → 𝑋 = Heads

50% → 𝑋 = Tails
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Another example

50% → 𝑋 = Heads

50% → 𝑋 = Tails

Surprise: log2
1

0.50
= 1

Surprise: log2
1

0.50
= 1
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Another example

50% → 𝑋 = Heads

50% → 𝑋 = Tails

Surprise: log2
1

0.50
= 1

Surprise: log2
1

0.50
= 1

Entropy: 𝐻 𝑋 = 0.50 × log2
1

0.50
+ 0.50 × log2

1

0.50
≅ 1
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Mutual information

Alice Bob

Uncertainty

𝐻 𝑋 = 1 50% → 𝑋 = Heads

50% → 𝑋 = Tails

40



Mutual information

Alice Bob

What is 𝑋? Tails!

50% → 𝑋 = Heads

50% → 𝑋 = Tails

Uncertainty

𝐻 𝑋 | 𝑋 = 0

0 × log
1

0
+ 1 × log

1

1
= 0

This is 0 in 
information theory.
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Mutual information

Mutual Information = Reduction in Entropy: 𝐼 𝑋; 𝑋 = 𝐻 𝑋 − 𝐻 𝑋 𝑋)

= 1 − 0 = 1

Alice Bob

What is 𝑋? Tails!

50% → 𝑋 = Heads

50% → 𝑋 = Tails

Uncertainty

𝐻 𝑋 | 𝑋 = 0

42



Mutual information

Alice Noisy Bob

Uncertainty

𝐻 𝑋 = 1 50% → 𝑋 = Heads

50% → 𝑋 = Tails

(lies with 5% probability)
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Mutual information

Alice Noisy Bob

Uncertainty

𝐻 𝑋 | 𝑋′ = Tails 50% → 𝑋 = Heads

50% → 𝑋 = Tails

What is 𝑋′? Tails!

𝑃 𝑋 = Tails | 𝑋′ = Tails ∝ 𝑃 𝑋′ = Tails 𝑋 = Tails)𝑃(𝑋 = Tails)

𝑃 𝑋 = Heads | 𝑋′ = Tails ∝ 𝑃 𝑋′ = Tails 𝑋 = Heads)𝑃(𝑋 = Heads)

(lies with 5% probability)



Mutual information

Alice Noisy Bob

Uncertainty

𝐻 𝑋 | 𝑋′ = Tails 50% → 𝑋 = Heads

50% → 𝑋 = Tails

What is 𝑋′? Tails!

𝑃 𝑋 = Tails | 𝑋′ = Tails = 0.95

𝑃 𝑋 = Heads | 𝑋′ = Tails = 0.05

(lies with 5% probability)



Mutual information

Alice Noisy Bob

Uncertainty

𝐻 𝑋 | 𝑋′ = Tails
≅ 0.286

50% → 𝑋 = Heads

50% → 𝑋 = Tails

What is 𝑋′? Tails!

Mutual Information = Reduction in Entropy: 𝐼 𝑋; 𝑋′ = 𝐻 𝑋 − 𝐻 𝑋 𝑋′)

≅ 1 − 0.286 = 0.714

(lies with 5% probability)



Mutual information: what do you ask?

Alice Noisy Bob

…

(tells the truth for 𝑋1 and 𝑋2,

lies with 5% probability for 𝑋3)

20% → 𝑋 = (H, H, H)

20% → 𝑋 = (H, H, T)

20% → 𝑋 = (H, T, H)

20% → 𝑋 = (H, T, T)

20% → 𝑋 = (T, T, T)
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Choosing queries

Demonstrations Comparisons

𝜉 𝑞

𝜉𝐴 

𝜉𝐵 

The robot can query the user with the query that will give the most information.
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Maximum volume removal

Active Preference-Based Learning of Reward Functions
Sadigh et al. RSS 2017

Posterior 𝑃 𝑤 𝓒

𝑤1

𝑤2
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Maximum volume removal

Posterior 𝑃 𝑤 𝓒

𝑤1

𝑤2

User Choice

Active Preference-Based Learning of Reward Functions
Sadigh et al. RSS 2017
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Maximum volume removal

Posterior 𝑃 𝑤 𝓒

𝑤1

𝑤2

User Choice User Choice

Active Preference-Based Learning of Reward Functions
Sadigh et al. RSS 2017
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Maximum volume removal

Posterior 𝑃 𝑤 𝓒

𝑤1

𝑤2

Active Preference-Based Learning of Reward Functions
Sadigh et al. RSS 2017
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Active vs. random querying

A
li

g
n

m
en

t

Number of Queries

Batch Active Preference-Based Learning of Reward Functions
Bıyık and Sadigh, CoRL 2018
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Maximum volume removal

Posterior 𝑃 𝑤 𝓒

𝑤1

𝑤2

Active Preference-Based Learning of Reward Functions
Sadigh et al. RSS 2017
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

User
response

Dataset Query

55
Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019



Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

Model
Uncertainty

User
Uncertainty

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

User Choice User Choice

56
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max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

−𝔼𝑞∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 + 𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵

log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

Mutual information maximization

No 𝑤 here!

57
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

−𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 + 𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵

log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

58
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

59
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log ∫ 𝑃 𝑞, 𝑤′ 𝓒, 𝜉𝐴, 𝜉𝐵 𝑑𝑤′

𝑃 𝑤′ 𝓒, 𝜉𝐴, 𝜉𝐵 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤′

= 𝑃 𝑤′ 𝓒 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

60
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤 ∣ 𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log ∫ 𝑃 𝑤′ 𝓒 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′ 𝑑𝑤′

This is an expectation over 𝑤′ | 𝓒 

Take samples from 𝑤′ | 𝓒 to compute.
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤 ∣ 𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log

1

Ω
෍

𝑤′∈Ω

𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log ෍

𝑤′∈Ω

𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log

𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

𝑃 𝑞, 𝑤 | 𝓒, 𝜉𝐴, 𝜉𝐵 = 𝑃 𝑤 | 𝓒, 𝜉𝐴, 𝜉𝐵 𝑃 𝑞 | 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

= 𝑃 𝑤 | 𝓒 𝑃 𝑞 | 𝜉𝐴, 𝜉𝐵 , 𝑤
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

1

Ω
෍

𝑤∈Ω

𝔼𝑞∣𝜉𝐴,𝜉𝐵,𝑤 log
𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝜉𝐴,𝜉𝐵
log

𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

෍

𝑤∈Ω

𝔼𝑞∣𝜉𝐴,𝜉𝐵,𝑤 log
𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝜉𝐴,𝜉𝐵
log

𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019
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Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝓒,𝜉𝐴,𝜉𝐵
log 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤 − log 𝑃 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵

max
𝜉𝐴,𝜉𝐵

෍

𝑤∈Ω

෍

𝑞

𝑃(𝑞 ∣ 𝜉𝐴, 𝜉𝐵 , 𝑤) log
𝑃 𝑞  𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

max
𝜉𝐴,𝜉𝐵

𝔼𝑞,𝑤∣𝜉𝐴,𝜉𝐵
log

𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤

σ𝑤′∈Ω 𝑃 𝑞 𝜉𝐴, 𝜉𝐵 , 𝑤′

Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019
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Mutual information maximization

Number of Queries

A
li

g
n

m
en

t

Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019
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Volume Removal

Information Gain

Similar
Trajectories

More
Distinguishable

Query

Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019
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Mutual information maximization

70
Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019



Richer forms of comparative feedback enables 
learning more general reward functions.

Wilde*, Bıyık*, Sadigh, Smith. CoRL’21.

Basu, Bıyık, He, Singhal, Sadigh. IROS’19.

Data from Uber/Lyft are comparative feedback. 
We can use them to optimize traffic routing.

Bıyık, Lazar, Sadigh, Pedarsani. CDC’19.

Bıyık*, Lazar*, Pedarsani, Sadigh. TCNS’21.

Beliaev, Bıyık, Lazar, Wang, Sadigh, Pedarsani. ICCPS’21.

Active preference-based Gaussian process regression enables 
learning complex rewards with small amounts of data.

Bıyık*, Huynh*, Kochenderfer, Sadigh. RSS’20.

Li, Tucker, Bıyık, Novoseller, Burdick, Sui, Sadigh, Yue, Ames. ICRA’21.

Bıyık, Huynh, Kochenderfer, Sadigh. IJRR’23.



Incorporating comparisons

𝑃 𝑤 𝓓, 𝓒 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤 𝑃 𝓒 ∣ 𝑤

72
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.

argmax
𝑤

 𝑃 𝑤 𝓓, 𝓒

∝ 𝑃 𝑤 ෑ

𝑖=1

𝐿

exp 𝑓𝑤(𝜉𝑖) ෑ

𝑖=1

𝑁 exp 𝑓𝑤 𝜉
𝑞 𝑖

𝑖

exp 𝑓𝑤 𝜉
𝑞 𝑖

𝑖
+ exp 𝑓𝑤 𝜉

¬𝑞 𝑖

𝑖

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤 ෑ

𝑖=1

𝑁

𝑃 𝑞 𝑖 ∣ 𝑤, 𝜉𝐴
𝑖

, 𝜉𝐵
𝑖



Other types of human feedback

73
Reward-rational (implicit) choice: A 
unifying formalism for reward learning
Jeon et al. NeurIPS 2020



Today…

• Learning from human feedback
• Pairwise comparisons

• Reinforcement learning from human feedback (RLHF)

• Comparative language feedback

74



User
Uncertainty

Mutual information maximization

max
𝜉𝐴,𝜉𝐵

𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 − 𝐻 𝑞 𝓒, 𝜉𝐴, 𝜉𝐵 , 𝑤

Model
Uncertainty

max
𝜉𝐴,𝜉𝐵

𝐼 𝑞 ; 𝑤 𝓒, 𝜉𝐴, 𝜉𝐵

User Choice User Choice

75
Asking Easy Questions: A User-Friendly 
Approach to Active Reward Learning
Bıyık et al. CoRL 2019

Where do these trajectories 
come from in the first place?



Incorporating comparisons

𝑃 𝑤 𝓓, 𝓒 ∝ 𝑃 𝑤 𝑃 𝓓 ∣ 𝑤 𝑃 𝓒 ∣ 𝑤

76
Learning Reward Functions from Diverse Sources of Human 
Feedback: Optimally Integrating Demonstrations and Preferences
Bıyık et al. IJRR 2021.

argmax
𝑤

 𝑃 𝑤 𝓓, 𝓒

How do we 
solve this 

optimization 
problem?

∝ 𝑃 𝑤 ෑ

𝑖=1

𝐿

exp 𝑓𝑤(𝜉𝑖) ෑ

𝑖=1

𝑁 exp 𝑓𝑤 𝜉
𝑞 𝑖

𝑖

exp 𝑓𝑤 𝜉
𝑞 𝑖

𝑖
+ exp 𝑓𝑤 𝜉

¬𝑞 𝑖

𝑖

= 𝑃 𝑤 ෑ

𝑖=1

𝐿

𝑃 𝜉𝑖 ∣ 𝑤 ෑ

𝑖=1

𝑁

𝑃 𝑞 𝑖 ∣ 𝑤, 𝜉𝐴
𝑖

, 𝜉𝐵
𝑖



RLHF

Two major changes to preference-based reward learning:

1. Instead of Bayesian learning, write a loss function and learn 
with gradient updates

2. After learning a reward, train a policy to generate new 
trajectories for the next iteration of reward learning

77



RLHF

78

Policy
Pairs of 

Trajectories

Reward 
Function

Loss 
Function

Ranked 
Trajectories

Rollouts

Reinforcement
Learning

Gradient
Updates

We can just use 
𝐿 𝑤; 𝓒 = −𝑃 𝑤 𝓒



RLHF

79
Deep reinforcement learning from human preferences
Christiano et al., NeurIPS 2017



InstructGPT

80
Training language models to follow 
instructions with human feedback
Ouyang et al., NeurIPS 2022



Today…

• Learning from human feedback
• Pairwise comparisons

• Reinforcement learning from human feedback (RLHF)

• Comparative language feedback

81



Comparisons take too long

Bıyık, Huynh, Kochenderfer, Sadigh. IJRR’23.



Why do you prefer that?

Bıyık, Huynh, Kochenderfer, Sadigh. IJRR’23.



Comparative Language Feedback



Comparative Language Feedback

Move 
closer to 
the cube

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Shared Latent Space

Just describes a difference 
between two trajectories!

𝝉𝑩 moves faster than 𝝉𝑨

𝜏𝐴 𝜏𝐵

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Shared Latent Space

Just describes a difference 
between two trajectories!

𝝉𝑩 moves faster than 𝝉𝑨

𝝉𝑩 moves more quickly than 𝝉𝑨

𝝉𝑨 moves slower than 𝝉𝑩

𝜏𝐴 𝜏𝐵

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



𝑙
“Move faster”

T5Language feedback

Trajectory pair

⋮

⋮

Average

Average

⊖ −

𝜏𝐵

𝜏𝐴 

⋮ ⋮

Encoder

Encoder

Encoder

⋮ ⋮

Encoder

Encoder

Encoder Accuracy

Robosuite 84.9%

Meta-World 82.9%
Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Latent 1

Latent 2
𝜏𝐴

𝜏𝐵

Move faster

Get closer
to the bottle

Get closer
to the cube

Shared Latent Space

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



𝜏2

: 𝝉𝟎?

: Move slower

: 𝝉𝟏?

: Move closer 
to the bottle
: 𝝉𝟐?

Using the Latent Space

𝜏0

𝜏1

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Using the Latent Space

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Using the Latent Space

𝜏0 : 𝝉𝟎?

: Move lower

෤𝝉𝟎 ≻ 𝝉𝟎

Imaginary
Trajectory ǁ𝜏0

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Using the Latent Space

𝜏0 : 𝝉𝟎?

: Move lower

෤𝝉𝟎 ≻ 𝝉𝟎

Imaginary
Trajectory ǁ𝜏0

The user intentionally
chose to say “move lower”

ǁ𝜏0
′

ǁ𝜏0
′′

෤𝝉𝟎 ≻ ෤𝝉𝟎
′

෤𝝉𝟎 ≻ ෤𝝉𝟎
′′

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Using the Latent Space

Lower 
is better

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Using the Latent Space

Lower 
is better

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.





User Studies

Higher 
is better

Lower 
is better

Yang, Jun, Tien, Russell, Dragan, Bıyık. CoRL’24.



Key Takeaway:

Comparative language feedback brings the benefits of 
pairwise comparisons and is preferred by humans.
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Comparative language for learning



Today…

• Learning from human feedback
• Pairwise comparisons

• Reinforcement learning from human feedback (RLHF)

• Comparative language feedback

CSCI 699: Robot Learning - Lecture 6 100
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