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MaxEnt

Paper
Maximum Entropy Inverse Reinforcement Learning
Brian D. Ziebart, Andrew Maas, J. Andrew Bagnell, and Anind K. Dey.
AAAI Conference on Artificial Intelligence (AAAI 2008).
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Environment

playermove_t

usercmd_s
cmd

physent_t
touchindex
physents

model_s

model

entity_s

model
pose_model

mtexinfo_t
texinfo

msurface_s

texinfo

texture_s
skytexture
textures

texture

alternate_anims
anim_next

surfcache_s

texture

elechain_s

elechain_tail
elechain

next
_next

elements_s
elements

next
_next

dstring_s
list

dstring_mem_s
mem

instsurf_s

tex_chain_tail
tex_chain

lm_chain
_next

tex_chain
tinst
instsurf

surfaces
marksurfaces

surface

mleaf_s

firstmarksurface

subpic_s

lightpic

next scrap_s
subpics

vrect_s

rect

next
free_rects
batch
rects

scrap

next

glpoly_s
polys

next

plane_s

planes

plane

mnode_s

plane

hull_splanes

cachespots

next
owner

medge_t
edges

leafs

efrag_s

leaf

nodes

parent

parent
children

topnode

efrags
entnext
leafnext

efrag

entity

unext
targetent
next

skin_s

skin

tex_s
texels

epair_s epairs

next

cache_user_s
cache

aliashdr_t
aliashdr

maliasframedesc_t

frames

trivertx_t

bboxmax
bboxmin

mdl_t mdl

mvertex_t vertexes

dmodel_s

submodels

hull

hulls
hull_list

nodeleaf_s

nodeleafs

clipleaf_s

leafs

clipport_sleafs

portals next

winding_s

winding
edges

mclipnode_s

clipnodes

clipnodes
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MaxEnt Framework

States s

Actions a

Transition distribution T : {PT (s ′|s, a)}
Feature vector for state s: fs
Path ζ = ((s0, a0), . . . , (sT , aT ))

Feature counts fζ =
∑

s∈ζ fs

Rewards
Linear model: r(fζ) := θ>fζ .
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Goal: learn a pdf P over trajectories {ζ}.
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Demonstrations

Trajectories
{
ζ̃i , 1 ≤ i ≤ m

}
Empirical feature count: f̃ := 1

m

∑
i fζ̃i

Matching on feature expectations
Choose P s.t., for ζ ∼ P ,

E(fζ) :=
∑
ζ

P(ζ)fζ = f̃.
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Observation: infinitely many solutions.
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Enters Entropy

P(ζ|θ) =
1

Z (θ)
eθ

>fζ

Nice:

Same reward ⇒ same probability

Higher reward ⇒ exponentially preferred

Not nice:

Z (θ) :=
∑

ζ e
θ>fζ heavy to compute
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Learning

Maximum likelihood over example trajectories:

θ∗ = arg max
θ

L(θ) = arg max
θ

∑
ζ̃i

logP(ζ̃i |θ).

Compute θ through gradient descent:

∇L(θ) = f̃ −
∑
ζ

P(ζ|θ)fζ .
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Pipeline Summary
Reward model: r(fζ) = θ>fζ

Demonstrations ζ̃i

Feature count vector f̃

From a given θ: ∀ζ,P(ζ|θ) given by MaxEnt

Gradient descent: ∇L(θ) = f̃ −
∑

ζ P(ζ|θ)fζ
“Optimal” θ∗
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Stéphane Caron Journal Club October 31, 2012 10 / 18



Pipeline Summary
Reward model: r(fζ) = θ>fζ

Demonstrations ζ̃i
Feature count vector f̃

From a given θ: ∀ζ,P(ζ|θ) given by MaxEnt

Gradient descent: ∇L(θ) = f̃ −
∑

ζ P(ζ|θ)fζ

“Optimal” θ∗
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Today’s Paper

Paper
Sergey Levine and Vladlen Koltun
Continuous Inverse Optimal Control with Locally Optimal Examples
Proceedings of the 29th International Conference on Machine Learning (2012)
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Differences

Dynamics function (known to the learner):

xt = F(xt−1,ut)

More general reward functions:

r(u) =
∑
t

r(xt ,ut)
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Contribution

Same model:

P(u|x0) =
1

Z (u)
exp

(∑
t

r(xt ,ut)

)

Algorithm
Faster computation of Z (u): O(T ) instead of O(T 3).
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MaxEnt model:

P(u|x0) = er(u)
[∫

er(ũ)dũ

]−1
First-order approximation of r(ũ):

r(ũ) ≈ r(u) + (ũ− u)>g +
1

2
(ũ− u)>H(ũ− u)

inject into integral

neglect (some) second-order variations: ∂2x
∂u2

do the math...
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Approximate log-likelihood:

2L = g>H−1g + log det(−H)− dim(u) log(2π)

Convenient expression when r parametrized by θ:

∂L
∂θ

= fF

(
∂g

∂θ
,
∂H

∂θ

)
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Pros and cons

Nice:

Fast approximation of P(u|x0) ⇒ bigger domains

Only needs locally optimal examples

Not nice:

Learner needs to know/model environment dynamics

No measure of approximation errors
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Other remarks

Computation time cubic in dim(x), dim(u)

High dimensional domains: what about exploration?
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Thanks for your attention!
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