
Imitation Learning and Inverse RL

Instructor: Daniel Brown
[Some slides adapted from Sergey Levine (CS 285) and Alina Vereshchaka (CSE4/510), and Ryan Hoque]



Announcements

• HW 8 due tomorrow!

• Get started on Project 5.

• Check grades on gradescope and canvas to make sure they are 
consistent and show up on canvas. If not, visit a TA during office hours 
or make a post on Piazza.
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Reward engineering is hard!
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Reward engineering is hard!
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Reinforcement learning is hard…even with a 
reward function!
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Imitation Learning:
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• Often showing is easier than telling.
• Alleviates problem of exploration.

Learn a policy from examples of good behavior.
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Learning From Demonstration (LfD)
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Behavioral Cloning

Action
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Imitation Learning via Behavioral Cloning
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ALVINN: One of the first imitation learning systems
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ALVINN: One of the first imitation learning systems
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What could go wrong?



Distribution Shift

18

Supervised 
Learning

Supervised 
Learning + Control

Train 𝑥, 𝑦 ∼ 𝐷 𝑠 ∼ 𝑃(⋅ |𝑠, 𝜋∗ 𝑠 )

Test 𝑥, 𝑦 ∼ 𝐷 𝑠 ∼ 𝑃(⋅ |𝑠, 𝜋𝜃 𝑠 )



But it still can work in practice…

19
Bojarski et al. ‘16, NVIDIA



How?

20Bojarski et al. ‘16, NVIDIA
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human recovery policy



DAgger

25Ross et al. ‘11



DAgger has very nice theoretical guarantees.

26Ross et al. ‘11

Why might it be hard to implement in practice?
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DAgger has very nice theoretical guarantees.

28Ross et al. ‘11

Why might it be easy to implement in practice?



Learn from an Algorithmic Supervisor!

29Seita et al. 2020. “Deep Imitation Learning of Sequential Fabric Smoothing From an Algorithmic Supervisor”



But we don’t always have access to an algorithmic 
supervisor…
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Can we make DAgger more practical when dealing 
with real human labeling?
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Interactive IL

32



Interactive IL
?

???
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Human-Gated Interactive IL

[3] M. Kelly, C. Sidrane, K. Driggs-Campbell, and M. J. Kochenderfer. HG-DAgger: Interactive Imitation 
Learning with Human Experts. ICRA 2019. 34



Human-Gated Interactive IL

[3] M. Kelly, C. Sidrane, K. Driggs-Campbell, and M. J. Kochenderfer. HG-DAgger: Interactive Imitation 
Learning with Human Experts. ICRA 2019. 35



Robot-Gated Interactive IL

[4] J. Zhang, K. Cho. Query-Efficient Imitation Learning for End-to-End Autonomous Driving. AAAI 2017.
[5] K. Menda, K. Driggs-Campbell, M. Kochenderfer. EnsembleDAgger: A Bayesian Approach to Safe Imitation 
Learning. IROS 2019.
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When should a robot ask for help?

37

?

Novel (and risky)



When should a robot ask for help?
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?
!

Novel (and risky) Risky (but not novel)



Novelty Estimation
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Novelty Estimation: Supervisor Mode
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Risk Estimation
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Risk Estimation
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Risk Estimation



ThriftyDAgger

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 44

Target percent of time human 
wants to give interventions.



ThriftyDAgger
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Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 52



Human Demonstration
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Behavior Cloning

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 54



Behavior Cloning

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 55

ThriftyDAgger (autonomous)



Behavior Cloning

Hoque et al. "ThriftyDAgger: Budget-Aware Novelty and Risk Gating for Interactive Imitation Learning." CoRL 2021. 56

ThriftyDAgger (+human)ThriftyDAgger (autonomous)



User Study
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N=10 subjects each control 3 robots in simulation.

Robot-Gated Human-Gated



ThriftyDAgger Qualitative Results
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User Study Quantitative Results
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ThriftyDAgger had
• 21% fewer human interventions
• 57% more concentration pairs found
• 80% more throughput
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Lots of potential applications of human interaction with robot 
fleets!



Behavioral Cloning

Action

Observation

What would the 
human do?

Policy 𝜋

Action

Observation
Action
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Reward Learning 
(Inverse Reinforcement Learning)

Action

Observation

Why? What is the 
human’s reward

function?

Reward

Reward
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Observation
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Credit: Simone Giertz
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Human Intent Inference



Inverse Reinforcement Learning 

● Given 
○ MDP without a reward function
○ Demonstrations from an optimal policy 𝜋∗ 

● Recover the reward function 𝑹 that makes 𝜋∗ optimal



Imitation Learning  a

Behavioral Cloning

• Answers the “How?” question

• Mimic the demonstrator

• Learn mapping from states to actions

• Computationally efficient

• Compounding errors

Inverse Reinforcement Learning

• Answers the “Why?” question

• Explain the demonstrator’s behavior

• Learn a reward function capturing the 
demonstrator’s intent

• Can require lots of data and compute

• Better generalization. Can recover from 
arbitrary states

𝑅



IRL Example: Teaching a robot to navigate through 
demonstrations



Toy version 



What is the reward?
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R(       )=c
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What is the reward?



Inverse Reinforcement Learning Formalism 

● Given 
○ MDP without a reward function
○ Demonstrations from an optimal policy 𝜋∗ 

● Recover a reward function 𝑹 that makes 𝜋∗ optimal

● Ill-Posed Problem
○ Infinite number of reward functions that can make 𝜋∗ optimal

■ Trivial all zero reward
■ Constant reward
■ 𝑎𝑅 + 𝑐  (positive scaling a>0, and affine shifts)



Basic IRL Algorithm

● Start with demonstrations, 𝐷
● Guess initial reward function 𝑅0
● ෠𝑅 = 𝑅0
● Loop:

○ Solve for optimal policy 𝜋 ෠𝑅
∗

○ Compare 𝐷 and 𝜋 ෠𝑅
∗

○ Update ෠𝑅 to try and make 𝐷 and 𝜋 ෠𝑅
∗  more similar



Flashback: Approximate Q-Learning

• Q-learning with linear Q-functions:

• Intuitive interpretation:
• Adjust weights of active features
• E.g., if something unexpectedly bad happens, blame the features that were on: 

disprefer all states with that state’s features

• Formal justification: online least squares

Exact Q’s

Approximate Q’s



Feature count matching

• Assume the reward function is a linear combination of features:

• Value function becomes linear combination of (discounted) feature 
expectations:

Abbeel and Ng, “Apprenticeship learning via inverse reinforcement learning.” ICML, 2004.



• Assume the reward function is a linear combination of features:

• Value function becomes linear combination of (discounted) feature 
expectations:

Abbeel and Ng, “Apprenticeship learning via inverse reinforcement learning.” ICML, 2004.

Feature count matching



• Assume the reward function is a linear combination of features:

• Value function becomes linear combination of (discounted) feature 
expectations:

Abbeel and Ng, “Apprenticeship learning via inverse reinforcement learning.” ICML, 2004.

Feature count matching

= 𝑤𝑇𝜇𝜋



Inverse reinforcement learning: feature matching
(Abbeel and Ng 2004, Syed and Schapire 2007)

• If ||𝒘||1 ≤ 1, then

• If feature expectations match, then expected returns are identical.

• Idea: Can we update the reward guess ෠𝑅 so the feature counts get 
closer?

Abbeel and Ng, “Apprenticeship learning via inverse reinforcement learning.” ICML, 2004.



Problem: Many different policies can lead to same 
expected feature counts



Maximum Entropy IRL (Ziebart et al. 2008)

• Collect M demonstrations D = {𝜏1, … , 𝜏𝑀}

• Initialize reward weights 𝒘

• Loop
• Solve for (soft) optimal policy 𝜋 𝑎 𝑠  via Value Iteration

• Solve for expected feature counts of 𝜋(𝑎|s)

• Compute weight update 

𝒘 ← 𝒘+ 𝛼 𝜇𝐷 − 𝜇𝜋

𝑃 𝜏 =
𝑒𝑅𝑤(𝜏)

𝑍
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