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• Stuart Russell
– Russell & Norvig: Artificial Intelligence: A

Modern Approach (1995)
– Decision & Game Theory

S. Russell. Human compatible: AI and the problem of control.
2019.
URL: https://books.google.com/books?hl=en&lr=&id=Gg-TDwAAQBAJ&oi=fnd&pg=
PT8&dq=human+compatible+russell&ots=qoZKXK7gQ0&sig=p4x57HjxfMAVCpQ4O_
XcE7J4ECY

Learning and Intelligent Systems Lab, TU Berlin Inverse RL – 3/24

https://books.google.com/books?hl=en&lr=&id=Gg-TDwAAQBAJ&oi=fnd&pg=PT8&dq=human+compatible+russell&ots=qoZKXK7gQ0&sig=p4x57HjxfMAVCpQ4O_XcE7J4ECY
https://books.google.com/books?hl=en&lr=&id=Gg-TDwAAQBAJ&oi=fnd&pg=PT8&dq=human+compatible+russell&ots=qoZKXK7gQ0&sig=p4x57HjxfMAVCpQ4O_XcE7J4ECY
https://books.google.com/books?hl=en&lr=&id=Gg-TDwAAQBAJ&oi=fnd&pg=PT8&dq=human+compatible+russell&ots=qoZKXK7gQ0&sig=p4x57HjxfMAVCpQ4O_XcE7J4ECY


Russell: Value Alignment

• “Standard model of AI”
– Define fixed objective; maximize

• Difficulty in defining objectives
– Consequences (aspects of optimal behavior) unclear
– Humans are bad at defining objectives

• Russell’s proposal:
– Systems should infer human preferences from behavior
– Avoid overfitting
– Large apriori uncertainty (incl. noise assumption in human behavior) to avoid overfitting
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D. Hadfield-Menell, S. J. Russell, P. Abbeel, and A. Dragan. Cooperative inverse rein-
forcement learning.
Advances in neural information processing systems, 29, 2016.
URL: https://proceedings.neurips.cc/paper_files/paper/2016/hash/
c3395dd46c34fa7fd8d729d8cf88b7a8-Abstract.html

• Game-theoretic formalization of Value
Alignment

– ..is just one possible formulation
– example for efforts to make “Value Align-

ment” more rigorous
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Inverse Reinforcement Learning

• Instance of Imitation Learning; recall:
– Given expert demonstration data D = {(si1:Ti

, ai1:Ti
)}ni=1 without external

rewards/objectives/costs defined
– Extract the “relevant information/model/policy” to reproduce demonstrations

• Recap: Types of Imitation Learning
– Behavior Cloning
– Trajectory Distribution Learning (& Constraint Learning)
– Direct (Interactive) Policy Learning (DAgger)
– Inverse Reinforcement Learning

– Builds on the full formalism of RL
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Inverse Reinforcement Learning

• General Idea:
– Given expert demonstration data D = {(si1:Ti

, ai1:Ti
)}ni=1

– infer the reward function assuming the demonstrated behavior is (approx.) optimal

• Benefits of understanding the reward function behind demonstrations:
– Can apply and generalize to fully different domains, leading to different policy
– Can be better than demonstrator
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Inverse Reinforcement Learning

• Methods we discuss:
– Max Margin IRL (Apprenticeship Learning)
– Max Entropy IRL
– Adversarial IRL
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IRL: General Approach

• Recall the value of a policy π

J(π) = Eξ∼Pπ
{
∑∞

t=0 γ
tR(st, at)}

• Given a demonstration policy π∗, we want to find R such that for any other policy π:

J(π∗) ≥ J(π) ⇔ Eξ∼Pπ∗{
∑∞

t=0 γ
tR(st, at)} ≥ Eξ∼Pπ

{
∑∞

t=0 γ
tR(st, at)}

• To simplify this, let’s assume R(s, a) is linear in features ϕ(s, a):

R(s, a) = w⊤ϕ(s, a) =
∑
i

wiϕi(s, a) (1)

⇒ J(π) = w⊤Eπ{
∑∞

t=0 γ
tϕ(st, at)}

∆
= w⊤µ(π) (2)

and we want
∀π ̸=π∗ : w⊤µ(π∗) ≥ w⊤µ(π)
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Apprenticeship Learning

P. Abbeel and A. Y. Ng. Apprenticeship learning via inverse reinforcement learning.
In Twenty-first international conference, page 1, 2004.
URL: http://portal.acm.org/citation.cfm?delete_doid=1015330.1015430
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Apprenticeship Learning

• First, π∗ is not really given but
– we estimate µ(π∗) = Eπ∗

{∑∞
t=0 γ

tϕ(st, at)
}

from the demonstration data D

– This µ(π∗) is the only information used from the demonstrations

• Second, we generate a series of other policies πi against which we discriminate π∗

• Third, formulate “discrimination” as a max margin problem:

1: initialize π0

2: for i = 0, 1, 2, . . . do
3: w, t← argmaxw,t∈R t s.t. ||w|| ≤ 1 , ∀j∈{0,..,i} : w⊤µ(π∗) ≥ w⊤µ(πj) + t

4: πi+1 ← argmaxπ J(π) RL problem!
5: end for
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Maximum Entropy IRL

B. D. Ziebart, A. Maas, J. A. Bagnell, and A. K. Dey. Maximum entropy inverse reinforcement learning
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Maximum Entropy IRL
[skipping details]

• First, expert might be noisy, demonstrations ξ are assumed

P (ξ;w) =
exp{w⊤µ(ξ)}∫
exp{w⊤µ(ξ′)} dξ′

• Second, find w that leads to max entropy P (·;w) but matches demonstrations:

min
w

∫
P (ξ;w) logP (ξ;w) dξ

s.t. Eξ∼P (ξ;w){µ(ξ)} = µ(π∗)
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Adversarial IRL

• Recall idea of GANs:

min
G

max
D

Ex∼pdata{logD(x)}+ Ey=G(z),z∼pz{log[1−D(y)]}

– Train a discriminator D to label data positive, and generator’s samples negative
– Train a generator G to maximize likelihood of being classified data

I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A. Courville, and Y. Bengio. Generative adversarial nets.
Advances in neural information processing systems, 27, 2014.
URL: https://proceedings.neurips.cc/paper/5423-generative-adversarial-nets

• The max margin idea is very similar:
– Find a reward function that discriminates π∗ optimal from all others
– Find other policies πi iteratively to discriminate against

Learning and Intelligent Systems Lab, TU Berlin Inverse RL – 15/24

https://proceedings.neurips.cc/paper/5423-generative-adversarial-nets


Adversarial IRL

• Recall idea of GANs:

min
G

max
D

Ex∼pdata{logD(x)}+ Ey=G(z),z∼pz{log[1−D(y)]}

– Train a discriminator D to label data positive, and generator’s samples negative
– Train a generator G to maximize likelihood of being classified data

I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley, S. Ozair, A. Courville, and Y. Bengio. Generative adversarial nets.
Advances in neural information processing systems, 27, 2014.
URL: https://proceedings.neurips.cc/paper/5423-generative-adversarial-nets

• The max margin idea is very similar:
– Find a reward function that discriminates π∗ optimal from all others
– Find other policies πi iteratively to discriminate against

Learning and Intelligent Systems Lab, TU Berlin Inverse RL – 15/24

https://proceedings.neurips.cc/paper/5423-generative-adversarial-nets


Adversarial IRL

J. Fu, K. Luo, and S. Levine. Learning robust rewards with adversarial inverse reinforce-
ment learning, 2018-08-13.
URL: http://arxiv.org/abs/1710.11248, arXiv:1710.11248[cs]

Earlier similar work: [4]
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Adversarial IRL

• The discriminator Dθ,ϕ(s, a, s
′) operates on triplets and is parameterized as

Dθ,ϕ(s, a, s
′) =

exp{fθ,ϕ(s, a, s′)}
exp{fθ,ϕ(s, a, s′)}+ π(a|s)

fθ,ϕ(s, a, s
′) = gθ(s, a) + γhϕ(s

′)− hϕ(s)

≈ r(s, a) + γV (s′)︸ ︷︷ ︸
Q(s,a)

−V (s) = A(s, a)

– This particular decomposition is crucial!
– Training this way gθ(s, a) automatically gets “reward semantics”, and hϕ “value semantics”
– A(s, a) is called advantage function
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Inverse RL Summary

• Conceptually highly interesting

• The max-margin/discrimination/adversarial idea is core to many approaches
– Max entropy is alternative way of thinking
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Preference-based Learning

• In ML:
– Given data of preference tuples D = {(xi1 ≻ xi2)}ni=1 (each tuple means a user preference )
– learn a mapping f : X 7→ R to minimize, e.g.

n∑
i=1

[f(xi2)− f(xi1)]+

– Read about label ranking, instance ranking, object ranking
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Preference-based RL

• Given trajectory segment data D = {(si1:Ti
, ai1:Ti

)}ni=1 = {ξi}ni=1 and preferences
ξi ≻ ξj for some pairs (i, j), find a reward function s.t.

ξi ≻ ξj ⇒
T∑
t=1

R(sit, a
i
t) >

T∑
t=1

R(sjt , a
j
t )

• Long history, e.g.
R. Akrour, M. Schoenauer, and M. Sebag. APRIL: Active preference learning-based reinforcement learning.
In P. A. Flach, T. De Bie, and N. Cristianini, editors, Machine Learning and Knowledge Discovery in Databases, volume 7524, pages 116–131. 2012.
URL: http://link.springer.com/10.1007/978-3-642-33486-3_8
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Deep RL from Human Preferences

P. F. Christiano, J. Leike, T. Brown, M. Martic, S. Legg, and D. Amodei. Deep reinforce-
ment learning from human preferences.
Advances in neural information processing systems, 30, 2017.
URL: https://proceedings.neurips.cc/paper/
7017-deep-reinforcement-learning-from-
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Deep RL from Human Preferences

• Iteratively update a policy π and reward function Rψ:
– Run RL algorithm to update π with R; collect episodes
– Select segments ξi from these episodes; let a human specify preferences ξi ≻ ξj

– Update R to minimize “preference loss”

• Assume human preferences are noisy (Bradley-Terry model)

P (ξi ≻ ξj ;R) =
exp{

∑T
t=1R(sit, a

i
t)}

exp{
∑T

t=1R(sit, a
i
t)}+ exp{

∑T
t=1R(sjt , a

j
t )}

– Maximize likelihood maxψ
∑
ξi≻ξj logP (ξi ≻ ξj ;Rψ) for all human provided preferences
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Robotics Application

D. J. Hejna III and D. Sadigh. Few-shot preference learning for human-in-the-loop rl.
In Conference on Robot Learning, pages 2014–2025, 2023.
URL: https://proceedings.mlr.press/v205/iii23a.html

https://sites.google.com/view/

few-shot-preference-rl/home
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