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Constraint Optimization
 min

x
f(x) s . t . , g1(x) = 0,g2(x) = 0,…, gd(x) = 0

Introduce Lagrange multipliers , we have:w ∈ ℝd

min
x

max
w∈ℝd

f(x) + w⊤g(x)
:=ℓ(x,w)

, (g(x) := [g1(x), …, gd(x)]⊤)

We can optimize the dual  instead using iterative approach: max
w∈ℝd

min
x

ℓ(x, w)

xt = arg min
x

ℓ(x, wt),

wt+1 = wt + η∇wℓ(xt, w) |w=wt
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Recap on Inverse RL setting:

The principle of Maximum Entropy:  
Find a policy  that maximizes some entropy while subject to the 

constraint:
π

max
π

%s∼dπμ [entropy (π( ⋅ |s))]
s . t, %s,a∼dπμ

ϕ(s, a) = %s,a∼dπ⋆
μ

ϕ(s, a)

Q: we want to find a policy  such that  

(Note linear cost assumption implies  is as good as )


But there are potentially many such policies…

π %s,a∼dπμ
ϕ(s, a) = %s,a∼dπ⋆

μ
ϕ(s, a)

π π⋆

This can be estimated 
using expert data:


N

∑
i=1

ϕ(s⋆
i , a⋆

i )/N



Plan for Today:

1. The Iterative Algorithm framework

2. How to compute best response: Soft Value Iteration (DP again)

3. The MaxEnt-IRL algorithm
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Setting

Finite horizon MDP ℳ = {S, A, H, c, P, μ, π⋆}

We have a dataset * = (s⋆
i , a⋆

i )M
i=1 ∼ dπ⋆

μ

Key Assumption on cost:  
, linear w.r.t feature c(s, a) = ⟨θ⋆, ϕ(s, a)⟩ ϕ(s, a)



Notation on Distributions

: probability of visiting  at time step  following ℙπ
h(s, a; μ) (s, a) h π

: average state-action distributiondπ
μ(s, a) =

H−1

∑
h=0

ℙπ
h(s, a; μ)/H

: average state distributiondπ
μ(s) = ∑

a
dπ

μ(s, a)
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We arrive at the following constraint optimization problem:

arg min
π

%s,a∼dπμ
ln π(a |s)
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Introduce the Lagrange multiplier  (we have d many constraints), 

consider the max-min dual version:

w ∈ ℝd

max
w∈ℝd

min
π

%s,a∼dπμ
ln π(a |s) + w⊤ (%s,a∼dπμ

ϕ(s, a) − %s,a∼dπ⋆
μ

ϕ(s, a))
:=ℓ(π,w)

Let’s solve it by the iterative procedure!
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2. How to compute best response: Soft Value Iteration (DP again)
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Maximum Entropy Inverse RL Algorithm framework

max
w∈ℝd

min
π

%s,a∼dπμ
ln π(a |s) + w⊤ (%s,a∼dπμ

ϕ(s, a) − %s,a∼dπ⋆
μ

ϕ(s, a))
:=ℓ(π,w)

Initialize w0 ∈ ℝd

For t = 0 → T − 1

πt = soft-VI (c(s, a) := (wt)⊤ϕ(s, a)) (# best response: )πt = arg min
π

ℓ(π, wt)

wt+1 = wt + η (%s,a∼dπt
μ
ϕ(s, a) − %s,a∼dπ⋆

μ
ϕ(s, a))

(# gradient update: )wt+1 = wt + η∇wℓ(πt, wt)
Return  π̄ = Uniform(π0, …, πT−1)
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Maximum Entropy IRL: Calculate Trajectory Likelihood
Given a trajectory τ = {s0, a0, …, sH−1, aH−1}

What’s the likelihood of  being generated by expert?τ

ln (ρπ̄(τ)) =
H−1

∑
h=0

[ln P(sh+1 |sh, ah) + ln π̄(ah |sh)]
State space: grid, 


action space: 4 actions
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Summary for Today:

1. Maximum Entropy IRL framework

max
π

%s∼dπμ [entropy (π( ⋅ |s))]
s . t, %s,a∼dπμ

ϕ(s, a) = %s,a∼dπ⋆
μ

ϕ(s, a)

2. Inside MaxEnt-IRL, we perform Maximum Entropy RL:

min
π0,…,πH−1

% [
H−1

∑
h=0

(c(sh, ah) − entropy(πh( ⋅ |sh))) |s0 ∼ μ, ah ∼ πh( ⋅ |sh)]


