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+ So far: manually design reward function to define a task intent
+ What if we want to learn the reward function from observing a@nd
then use reinforcement learning? . 2L |— T

+ Apply approximate optimality model from last time, but now learn the reward!
Goals:
@Understand the inverse reinforcement learning problem definition
@Understand how probabilistic models of behavior can be used to derive
inverse reinforcement learning algorithms
@Understand a few practical inverse reinforcement learning algorithms we can

USE
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Modeling Human Behavior with Optimal Control
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St+1 = f (St ag)

optimize this to explain the data
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Imitation learning vs RL perspective

The imitation learning perspective

+ Standard imitation learning:
@ copy the actions performed by the expert
@ NO reasoning about outcomes of actions

+ Human imitation learning:

@ copy the intent of the expert
@ might take very different actions! The reinforcement learning perspective

reward

what is the reward?
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Inverse Reinforcement Learning

Infer reward functions from demonstrations

by itself, this is an underspecified problem

many reward functions can explain the same behavior
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning inverse reinforcement learning
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Inverse Reinforcement Learning Formulation

/ AN

"forward" reinforcement learning inverse reinforcement learning
1.given: 1.given:
2.states s € §, actions a € A (sometimes) 2.states s € S, actions a € A (sometimes)
transitions p(s’|s, a) transitions p(s’[s, a)
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning inverse reinforcement learning
1.given: 1.given:
2.states s € §, actions a € A (sometimes) 2.states s € S, actions a € A (sometimes)
transitions p(s’|s, a) transitions p(s’[s, a)

3.reward function r(s, a)
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning iInverse reinforcement learning
1.given: 1.given:
2.states s € S, actions a € A (sometimes) 2.states s € §, actions a € A (sometimes)
transitions p(s’[s, a) transitions p(s’[s, a)
3.reward function r(s, a) 3.samples {1;} sampled from n*(7)
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning iInverse reinforcement learning
1.given: 1.given:
2.states s € S, actions a € A (sometimes) 2.states s € §, actions a € A (sometimes)
transitions p(s’[s, a) transitions p(s’[s, a)
3.reward function r(s, a) 3.samples {1;} sampled from n*(7)

4.learn m*(als)
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning inverse reinforcement learning
1.given: 1.given:
2.states s € S, actions a € A (sometimes) 2.states s € §, actions a € A (sometimes)
transitions p(s’[s, a) transitions p(s’[s, a)
3.reward function r(s, a) 3.samples {1;} sampled from n*(7)
4.learn m*(als) 4.Iearr@1/i Is reward parameters)
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning inverse reinforcement learning
1.given: 1.given:
2.states s € S, actions a € A (sometimes) 2.states s € §, actions a € A (sometimes)
transitions p(s’[s, a) transitions p(s’[s, a)
3.reward function r(s, a) 3.samples {1;} sampled from n*(7)
4.learn m*(als) 4.learn ry(s,a) (y Is reward parameters)

neural net reward function:

linear reward function:
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ry(s,a) = 2¥ifi(s a) = P (s, a)
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Inverse Reinforcement Learning Formulation

"forward" reinforcement learning inverse reinforcement learning
1.given: 1.given:
2.states s € S, actions a € A (sometimes) 2.states s € §, actions a € A (sometimes)
transitions p(s’[s, a) transitions p(s’[s, a)
3.reward function r(s, a) 3.samples {1;} sampled from n*(7)
4.learn m*(als) 4.learn ry(s,a) (y Is reward parameters)

...and then use it to learn n*(a|s)

—

neural net reward function:

linear reward function:
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ry(s,a) = 2¥ifi(s a) = P (s, a)
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Feature Matching Inverse RL

+ linear reward function:

/
ry(s,a) = zi:l/J = 1\/)/ f(s,a)
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Feature Matching Inverse RL ? E{fea) = ELIOR
6 SNWéerﬂf /77V’)‘f
+ linear reward function: :. S RL owm Q

ziwims,a):wa(s,a) Jim(V) > dmifi L

+ if features f are important, what if we match their expectations?

— - o
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Feature Matching Inverse RL

+ linear reward function:

ry(s,a) = Yifi(s,a) = P (s, a)
L
+ if features f are important, what if we match their expectations?

+ let n"¥ be the optimal policy for r,,
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Feature Matching Inverse RL

+ linear reward function:

ry(s,a) = 2yifi(s,a) = P (s, a)

. . . . . \ 1
+ if features f are important, what if we match their expectations? 20/ e

f
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+ let n"¥ be the optimal policy for r,, M
+ pick ¥ such that: Y W

E_ry[f(s,a)] = Ex+[f(s,a)] ‘ﬂ\\ﬁ\
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Feature Matching Inverse RL

+ linear reward function:

ry(s,a) = Yifi(s,a) = P (s, a)
L
+ if features f are important, what if we match their expectations?

+ let n"¥ be the optimal policy for r,,
+ pick ¥ such that:

E,ry[£(s,2)] = Eq-[£(s,a)]

/ N

. . T . . . .
state-action marginal under 7" ¥ unknown optimal policy. approximate using expert samples
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Feature Matching Inverse RL

+ linear reward function:

ry(s,a) = Yifi(s,a) = P (s, a)
L
+ if features f are important, what if we match their expectations?

+ let n"¥ be the optimal policy for r,,

+ pick ¥ such that:

still ambiguous!
E rylf(s,a)] = Ex[f(s,a)] —

/ S \

. . T . . . .
state-action marginal under 7" ¥ unknown optimal policy. approximate using expert samples
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Feature Matching Inverse RL

+ linear reward function:

ry(s,a) = Yifi(s,a) = P (s, a)
L
+ if features f are important, what if we match their expectations?

+ let n"¥ be the optimal policy for r,,

+ pick ¥ such that:
still ambiguous!

E,ry[f(s,2)] = %@)]
state-action marginal under 77" ¥ unknown optimal policy. approximate using expert samples
+ maximum margin principle:

a a
/ Ny maxm  such that YlE_«[f(s,a)] = maxlpTE [f(s, a)] —}7}
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Feature Matching Inverse RL

+ linear reward function:

ry(s,a) = Yifi(s,a) = P (s, a)
L
+ if features f are important, what if we match their expectations?

+ let n"¥ be the optimal policy for r,,

+ pick ¥ such that:
. , |
E ol = Eolfsay (St ambiguous!

state-action marginal under T’
+ maximum margin principle:
/

max m such that

(/l',\[,m/ F(C))/ \1!),17} -
need to somehow "weight" by similarity betwee —anc t/
1.7 1) T,
1 £V VEL) 2 WEALD) 4
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Feature Matching IRL & Maximum Margin

+ remember the "SVM trick":

max m such that Yl'E «[f(s,a)] = maxy'E. [f(s,a)] + m
l/),m mwell
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Feature Matching IRL & Maximum Margin

+ remember the "SVM trick":

max m such that Yl'E_«[f(s,a)] = maxy'E_ [f(s,a)] + m
1/1»7" mTell

min énﬂﬁ such that  WTE,-[f(s,a)] zlpTE,T[f(s, a)l +1
S

7 e [
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Feature Matching IRL & Maximum Margin

+ remember the "SVM trick":

max m such that Yl'E_«[f(s,a)] = maxy'E_ [f(s,a)] + m
1/1»7" mTell

A
m$n% | Y I* such that  Y'E_«[f(s,a)] = meal%a/)TEn[f(s, a)] + D(m, ™)
T _
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Feature Matching IRL & Maximum Margin

+ remember the "SVM trick":

max m such that Yl'E_«[f(s,a)] = maxy'E_ [f(s,a)] + m
1/1»7" mTell

mjn% | Y I* such that Y'E_«[f(s,a)] = Zzeal%a/)TEn[f(s, a)l+ D(m,n*) ( D(m, ™). e.q., difference in

feature expectations! )
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Feature Matching IRL & Maximum Margin

+ remember the "SVM trick":

max m such that

P,m "Enp[f(s,a)].2 7;’T’lECll_?Cl/JTEﬂ [f(s,a)] +m

mjn% | Y I* such that Y'E_«[f(s,a)] = Zzeal%a/)TEn[f(s, a)l+ D(m,n*) ( D(m, ™). e.q., difference in

feature expectations! )
+ Issues:

@ Maximizing the margln Is a bit arbitrary

/

@ No clear model of@zpert suboptimality (can add slack variables...)
\__//

> @ Messy constrained optimization problem - not great for deep learning!

+ Further reading:
@ Abbeel & Ng: Apprenticeship learning via inverse reinforcement learning

~ @ Ratliff et al: Maximum margin planning
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Modeling Human Behavior with Optimal Control
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A probabilistic graphical model of decision making

+ p(sl:TJ al:T) =77

T
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A probabilistic graphical model of decision making

+ p(sy.7,a..7) =77 no assumption of optimal behavior!
p(T‘Ol:T)
p(O¢lss, ar) = exp(r(sy ag))

T
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A probabilistic graphical model of decision making

+ p(sy.7,a..7) =77 no assumption of optimal behavior!

T p(T‘Ol:T)
p(O¢|st, a;) = exp(r(ss ag))
v . p(T, 01:T)
p(z|011) = (0 /QT
< P@IJexp(r(se a0) -@xp (Zr(s0a0)
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Learning the optimality variable

p(O¢lse, ar) = exp(ry(Se,ar)) Y Is reward parameters
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Learning the optimality variable

p(Otlst, ag, ) = exp(ry (St at))
p(T‘Ol:T' l/J)
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Learning the optimality variable

p(Otlst, ag, ) = exp(ry (St at))

p(t|01.1, ) < p(T)exp (gnp (St at))

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 16: Inverse Reinforcement Learning



Learning the optimality variable

P(Otlse,ae, ) = exp(ry (St ar)) not \

given: ﬁ pacess
O | :
P(t|0sr, )  p(T)exp @n[’(st at)) samples {r;} sampled from *(7) O?t

/ /
— -—
‘ \
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Learning the optimality variable

p(Otlst, ag, ) = exp(ry (St at))

p(t|01.1, ) < p(T)exp (gnp (St at))

+ maximum likelihood learning:

given:

samples {7;} sampled from n*(7)

max -y Z logp(flwl T YP)
- =
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Learning the optimality variable

p(Otlst, ag, ) = exp(ry (St at))

given:
0 ) )
p(T|01r, Y) @XP Zrﬂ_(st at)) samples {r;} sampled from *(7)

can ignore (independent of )

+ maximum likelihood learning:

maxy Z logp(7;|01.7,Y)
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Learning the optimality variable

p(Otlst, ag, ) = exp(ry (St at)) 2

S 4
(Ce10ur, ) < pihesp (g at>)/f‘>( 61) .

can ignore (independent of ) ~— 7 f](

+ maximum likelihood learning:

1

N
max— )Y logp(t;|O0.7, =
¢ Nigl gp(7i|01.1,Y)

given:

samples {7;} sampled from n*(7)

- 4
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Learning the optimality variable

p(Otlst, ag, ) = exp(ry (St at))

p(t|01.1,P) < MGXP @np (St at))

can ignore (independent of )

given:

samples {7;} sampled from n*(7)

+ maximum likelihood learning:

N N
max ~ Y logp(t;|O01.7, ) = max — Y, 1y () — logZ (logZ: partition function (the hard part))
i=1 i=1

¥ N v N _
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The IRL Partition Function

N
1
max— Y 1..,(t:) — log/
ax < 37y (1) — log
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p(®) exp (R w (0)

-
-—

The IRL Partition Function (<0

ey - L o) etp (K1) 3T
@%V 3?0’0/“‘(”(’ 73[(9\ PL> Y (T
N Y - Z = | p(r)exp(ry(1))dr <>

ma 1, (T;) — logZ
uf@ﬂ( )~ log l
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The IRL Partition Function

VZ} xp(r d
p(t)exp(ry(r))dr
mllglxﬁi;lrw(ri) — logZ A7 ~_

1
vyl =+

N 1
; Vi Ty (T:) —@)f p(T)exp(ry (1))Vyry(T)dt
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The IRL Partition Function

)
/ = d
maxl %rllj(rl) _ lOgZ fp(T)eXp(T'l/)(T)) T

"\

1 N 1
VL = N ; VTy (Ti) —Qf p(T)exp(ry (7)) Vyry(T)dt
p(T‘Ol:TJ l/))
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The IRL Partition Function

/ = d

1
vyl =+

N 1
; VpTy (Ti) — Zf p(T)exp(ry (1))Vyry(T)dt

! A Y ‘Ca\\
(rwmw)/a treg Ao “"“Wjj”

VL = Eoene 0 [Vyty (1)1 = Erepeformn [TpTyp (D)
Y e @y L Erp(r Wi o, o
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The IRL Partition Function

/ = d

1 N 1
VL = N ; VTy (Ti) — Zf p(T)exp(ry (T))lerlp(r)dr

1 p(T‘Ol T!l/J) 3/
VL = Evonrry [VyTp (0] = Ezmp(tio,.g [V Ty (O]

/ \ ﬁSAc

"estimate with expert samples” @optlmal policy)under current reward"
~— /
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Unknown Dynamics & Large State/Action Spaces

Assume we don't know the dynamics, but we can sample, like in standard RL
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Unknown Dynamics & Large State/Action Spaces

Assume we don't know the dynamics, but we can sample, like in standard RL

recall:

VL = Evn @y [VypTyp (0] = Erp(a(0yr) [VpTyp (D]
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Unknown Dynamics & Large State/Action Spaces

Assume we don't know the dynamics, but we can sample, like in standard RL

recall:

VL = Evn @y [VypTyp (0] = Erp(a(0yr) [VpTyp (D]

/ \ "soft optimal policy under current reward"

"estimate with expert samples”
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: . £ S\ (@
Unknown Dynamics & Large State/Action Spaces >+~

[/

Assume we don't know the dynamics, but we can sample, like in standard RL

recall: p(T] 072 {1,- v) & Fm erp Tve
Vl/J[’ — Er~n*(r)[71/)rl/)(rl) ETNP(T L7W) \71/)7"1/)(‘[)
"estimate with expert samples” / "soft optimal policy under current reward"
@idea: learn p(a|s;, O1.7,¥) using any max-ent RL algorithm - = (0o

J
a \(&2 \o
/\/\P/if)\:‘}f -
7
/\_\M/ —
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Unknown Dynamics & Large State/Action Spaces

Assume we don't know the dynamics, but we can sample, like in standard RL

/

VLl = Erepr o) [Vyry(Ti)] — Excpio,u) VT (T)]
"estimate with expert samples” / \ "soft optimal policy under current reward"
a@idea: learn p(a;|ss, O1.7,¥) using any max-ent RL algorithm

recall:

O 4
J(0) = YEn(s,apn |ty (S, ar)] + Ens ) [H (m(als;))]
t — / _ —
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Unknown Dynamics & Large State/Action Spaces

Assume we don't know the dynamics, but we can sample, like in standard RL

recall:

VLl = Erepr o) [Vyry(Ti)] — Excpio,u) VT (T)]
"estimate with expert samples” / \ "soft optimal policy under current reward"
a@idea: learn p(a;|ss, O1.7,¥) using any max-ent RL algorithm

J(0) = zt:En(st,at) [7y (St a¢)] + Enesp [H (m(alse))]

then run this policy to sample {z;}

)
VyL ~

“MZ

‘7¢T¢(Ti) — M ZlleTIp(Tj)
j

,‘

1
N
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Unknown Dynamics & Large State/Action Spaces

Assume we don't know the dynamics, but we can sample, like in standard RL

recall:

VL = Ev om0y [Vp?yp (T0)] = Ezp(r(0y.pap) [VipTip (T)]
"estimate with expert samples/ / \ "soft optimal policy under current reward"
a@idea: learn p(a;|s;, O1.7,¥) using any max-ent RL algorithm

J(O)\= zt:En(st,at) [7y (St a¢)] + Enesp [H (m(alse))]

then run this policy to sample {z;

1 M
Vl/Jrl,b (Ti) — M}glvl/ﬂ"lp (T])
N

Sum over expert samples Sum over policy samples
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More Efficient Sample-Based Updates

1 N 1 M

VIIJL ~ N i§1\7¢r¢ (Tl') — M]Z:lvdﬂ"l/) (T])

™~

Sum over expert samples Sum over policy samples

learn p(a;|s;, 0.7, ¥) using any max-ent RL algorithm
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More Efficient Sample-Based Updates

1 N 1 M
VIIJL ~ N i§1V¢r¢ (Tl') — M]Z:lvdﬂ"l/) (T])

™~

Sum over expert samples Sum over policy samples

learn p(a;|s;, 0.7, ¥) using any max-ent RL algorithm

then run this policy to sample {z;}
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More Efficient Sample-Based Updates

1 N 1 M

VIIJL ~ N i§1V¢r¢ (Tl') — M]Z:lvdﬂ"l/) (T])

™~

Sum over expert samples Sum over policy samples

learn p(a;|s;, 0.7, ¥) using any max-ent RL algorithm
then run this policy to sample {z;}

looks expensive! what if we use "lazy” policy optimization’

— P

~
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More Efficient Sample-Based Updates

1 N 1 M
VIIJL ~ N i§1V¢r¢ (Tl') — M]Z:lvdﬂ"l/) (T])

™~

/ Sum over expert samples Sum over policy samples

Improve% p(as|s;, O1.7,¥) using any max-ent RL algorithm
then run this policy to sample {z;}

looks expensive! what if we use "lazy" policy optimization?
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More Efficient Sample-Based Updates

1 N 1 M

VIIJL ~ N i§1V¢r¢ (Tl') — M]Z:lvdﬂ"l/) (T])

™~

Sum over expert samples Sum over policy samples

Improve (a little) tearn p(a;|s;, O1.7,Y) using any max-ent RL algorithm
then run this policy to sample {z;}

looks expensive! what if we use "lazy" policy optimization?
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LWL ‘j(’)(cz
More Efficient Sample-Based Updates 104 (V'EXHF[W’} -
V¢L~1§V¢r¢(r)—— szrl,,%) X=X~ F 70 .

Sum over expert samples

(0 ‘\
\ Sum over policy samples H’ %@ (X \( (X ) 1

Improve (a little) tearn p(a;|s;, 0.7, ¥) using any max-ent RL algorithm X -~ \:?(XL‘)
then run this policy to sample {z;} \‘ ‘.w\r. et
looks expensive! what if we use "lazy" policy optimization? Tssue: By (229 ‘Ow“cﬂ

+ problem: estimator is now biased! wrong distribution! r‘)(“élol,@hf' § q‘s

opFimzation

voullnt e soft

079‘["«%0»‘ ”‘“7 MovE
/ ot i/] Z A}» A{/((J
\Olasacl \
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More Efficient Sample-Based Updates

1 N 1 M

VIIJL ~ N i§1V¢r¢ (Tl') — M]Z:lvdﬂ"l/) (T])

™~

Sum over expert samples Sum over policy samples
Improve (a little) tearn p(a;|s;, 0.7, ¥) using any max-ent RL algorithm
then run this policy to sample {z;}
looks expensive! what if we use "lazy" policy optimization?

+ problem: estimator is now biased! wrong distribution!

@ solution 1: use importance sampling P ad
\ME @\0‘)\,\/k
3/ N
1 N M
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ph >y 2 Vary () Z]_Wjjgl iV wr (1))
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More Efficient Sample-Based Updates
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Sum over expert samples Sum over policy samples

Improve (a little) tearn p(a;|s;, O1.7,Y) using any max-ent RL algorithm

then run this policy to sample {z;}
looks expensive! what if we use "lazy" policy optimization?

+ problem: estimator is now biased! wrong distribution!

@ solution 1: use importance sampling
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Importance Sampling

1 N M
Vol = —= ), Vyry (T w;iVy 1y (T;
vk~ 2 Yoy (T ijjj; VT (1))
_ p@exp(ry (1)

Vi n(rj)
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Importance Sampling

1
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| _@exp(rw (1))
YT n(q)
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Importance Sampling

1 N M
Vol = —= ), Vyry (T w;iVy 1y (T;
vk~ 2 Yoy (T ijjj; VT (1))
_ p@exp(ry (1)

i (7))
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Importance Sampling

1 N M
Vol = —= ), Vyry (T w;iVy 1y (T;
vk~ 2 Yoy (T ijjj; VT (1))
_ p@exp(ry (1)

i (7))

t
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Importance Sampling

1 N M
Vol = —= ), Vyry (T w;i V1 (T;
vk~ 2 Yoy (T ijjj; VT (1))
_ p@)exp(ry (1)

Vi n(rj)

t
_ PS] e (Spestsea ) exp(ry (St ar))
p(SIep(Serdstrac)m(ac|se)

_ exp(QtTy (St at))
[Iem(ag|st)

each policy update w.r.t. r, brings us closer to the target distribution!

Deep Reinforcement Learning Sharif University of Technology, RIML lab - Spring 2026 Lecture 16: Inverse Reinforcement Learning



Guided Cost Learning Algorithm (Finn et aI‘
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Suggested Reading on Inverse RL

+ Classic Papers:
@ Abbeel & Ng ICML '04. Apprenticeship Learning via Inverse Reinforcement Learning. Good introduction
to inverse reinforcement learning
= Ziebart et al. AAAl '08. Maximum Entropy Inverse Reinforcement Learning. Introduction to probabilistic
method for inverse reinforcement learning
+ Modern Papers:
@ Finn et al. ICML J16_ Guided Cost Learning. Sampling based method for MaxEnt IRL that handles
unknown dynamics and deep reward functions
@ Wulfmeier et al. arXiv '16. Deep Maximum Entropy Inverse Reinforcement Learning. MaxEnt inverse RL
using deep reward functions
@ Ho & Ermon NIPS '"16. Generative Adversarial Imitation Learning. Inverse RL method using generative
adversarial networks

@ Fu, Luo, Levine ICLR '18. Learning Robust Rewards with Adversarial Inverse Reinforcement Learning
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