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What’s IRL?

Reinforcement Learning (RL)

• State

• Action

• Reward

• Stochasticity

• Policy



Formalism

Markov Decision Process

S1 a1 S2 a2

r1 r2

….

𝛾0 × 𝛾1 ×

𝑎1 ∼ 𝜋(⋅ |𝑠1) 𝑠2 ∼ 𝑝𝑠(⋅ |𝑠1, 𝑎1) 𝑎2 ∼ 𝜋(⋅ |𝑠2)

𝑟1 ∼ 𝑝𝑟(⋅ |𝑠1, 𝑎1) 𝑟2 ∼ 𝑝𝑟(⋅ |𝑠2, 𝑎2)

Trajectory: 𝜏 = {𝑠1, 𝑎1, 𝑠2, 𝑎2, … 𝑠𝑇 , 𝑎𝑇}

Value: 𝑉𝜋 𝑠1 = σ𝑡=1
𝑇 𝛾𝑡−1𝔼𝑎𝑡∼𝜋 ⋅ 𝑠𝑡 ,𝑠𝑡+1∼𝑝𝑠 ⋅ 𝑠𝑡, 𝑎𝑡

𝑟𝑡 𝑠𝑡 , 𝑎𝑡  

Optimal Policy: 𝜋∗ = argmax 𝜋 𝔼𝑠1∼𝑝0
𝑉𝜋 𝑠1



Constrained RL

• Reward + Constraint

• Constraint Budget 𝛼

• Optimal Policy: 𝜋∗ = argmax 𝜋 𝔼𝑠1∼𝑝0
𝑉𝑟

𝜋 𝑠1

                                 s.t. 𝔼𝑠1∼𝑝0
𝑉𝑐

𝜋 𝑠1 ≤ 𝛼



Inverse Reinforcement Learning

S1 a1 S2 a2

r1 r2

….

𝛾0 × 𝛾1 ×

𝑎1 ∼ 𝜋∗(⋅ |𝑠1) 𝑠2 ∼ 𝑝𝑠(⋅ |𝑠1, 𝑎1) 𝑎2 ∼ 𝜋∗(⋅ |𝑠2)

𝑟1 ∼ 𝑝𝑟(⋅ |𝑠1, 𝑎1) 𝑟2 ∼ 𝑝𝑟(⋅ |𝑠2, 𝑎2)

• Data 𝒟 = {𝜏1, 𝜏2, … 𝜏𝑀}

• Actions taken according to optimal policy

• Objective: Learn the reward function



Why IRL?

• RL policy is guided by reward

• Rewards are difficult to specify

• Data-driven approach

• Real-to-Sim-to-Real



Rewards aren’t enough!

Goal



IRL with Constraints

• Constrained MDP • Demonstration acc. to optimal 
(constrained) policy

Reward

Constraint
Reward Known Reward Unknown

Constraint Known RL!
Ding et al (2022), Englert 
et al (2017), Kalweit et al 

(2020)

Constraint Unknown

Chou et al (2020, 2021), 
Gaurav et al (2022), Malik 
et al (2021), Papadimitriou 

et al (2021), Park et al 
(2020), Scobee & Sastry 

(2020)

This work



Main Contributions

• Objective:

• Formulating the objective as a non-convex constrained optimization

• Reduction of the original non-convex problem into alternating convex 
subproblems

• Strong empirical demonstration on grid-world

Trajectory 
Dataset

Learning 
Algorithm

Constraint

Reward



Techniques
Principle 

of 
Maximum 

Entropy

KKT 
Condition

Boltzmann 
Distribution

Reinterpretation 
of Variables

Reinterpretation 
of Variables

Maximum 
Likelihood 
Estimation

Non-convex 
Optimization

Primal-Dual 
Method

Alternating 
Convex 

Optimization



Key Technical Adjustments

Principle of Max Entropy
Out of all possible probability distributions 

satisfying given constraints, one with the highest 
entropy is the least biased.

min
𝑝

 

𝜏

𝑝 𝜏 log 𝑝 𝜏

𝑠. 𝑡.  

𝜏

𝑝 𝜏 𝜙𝑟 𝜏 =
1

𝑚


𝜏∈𝒟

𝜙𝑟 𝜏



𝜏

𝑝 𝜏 𝜙𝑐 𝜏 =
1

𝑚


𝜏∈𝒟

𝜙𝑐 𝜏



𝜏

𝑝 𝜏 𝑤𝑐
𝑇𝜙𝑐 𝜏 ≤ 1

Allows for 
reinterpretation of 

variables

Boltzmann Distribution

𝑝∗ 𝜏 =
1

𝑍(𝑤𝑟 , 𝑤𝑐)
exp(𝑤𝑟

𝑇𝜙𝑟 𝜏 −  𝜆 𝑤𝑐
𝑇𝜙𝑐 𝜏 )



Maximum Likelihood Estimation

𝑤𝑟
∗, 𝑤𝑐

∗ = arg max
𝑤𝑟,𝑤𝑐

ෑ

𝜏∈𝒟

𝑝∗(𝜏|𝑤𝑟 , 𝑤𝑐)

 𝑠. 𝑡.  𝑤𝑐
𝑇

1

𝑚


𝜏∈𝒟

𝜙𝑐(𝜏) ≤ 1

Gradient of Log-Likelihood

∇𝑤𝑟
ℒ =

1

𝑚


𝜏∈𝒟

𝜙𝑟(𝜏) − 𝔼𝜏∼𝑝∗ ⋅ 𝑤𝑟 , 𝑤𝑐
𝜙𝑟 𝜏

∇𝑤𝑐
ℒ = −𝜆

1

𝑚


𝜏∈𝒟

𝜙𝑐(𝜏) − 𝔼𝜏∼𝑝∗ ⋅ 𝑤𝑟 , 𝑤𝑐
𝜙𝑐 𝜏



A Practical Algorithm
Solve CMDP 
for 𝒘𝒓, 𝒘𝒄

to get policy 
𝝅∗, 𝝀∗

Calculate 
the feature 
expectation 

using 𝝅∗

Calculate 
the 

gradients

Take a 
projected 
gradient 

step

Has 
converged?

No

Yes
Return 
𝒘𝒓, 𝒘𝒄

Initialize 
𝒘𝒓, 𝒘𝒄



Experiments

True Reward True Constraint True Policy

Predicted Reward Predicted Constraint Predicted Policy



Remarks and Open Questions

• Difficulty in convergence in practice! Can better optimization 
algorithms guarantee faster convergence?

• Can the features be learnt via representation learning?

• Make it work with large scale environments!

• Theoretical guarantees?
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Thank You!

Questions?
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