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 Hi, everyone. I'm Wonseok Jeon, and I'll be presenting our recent work "Regularized Inverse Reinforcement Learning." 



Agent-Environment Interaction

Markov Decision Process
I A set of states S
I A set of actions A
I A transition distribution T (·|s, a) ∈ ∆S (∆X : A set of probs on X)
I A reward function r(s, a)
I A discount factor γ
I An initial state distribution P0 ∈ ∆S

Policy π(·|s) ∈ ∆A

I The agent’s probability of choosing an action

Joint distribution
I s0 ∼ P0, ai ∼ π(·|si ), si+1 ∼ T (·|si , ai ), i ≥ 0.
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 In reinforcement learning, we consider agent-environment interaction, which can be modeled by a Markov decision process and a policy. By using this, we can consider the joint distribution over the sequence of states and actions. 



Reinforcement Learning

Return R =
∑∞

i=0 γ
i r(si , ai ).

Learning objective π∗ ∈ argmaxπ Eπ[R].
I Values

Vπ(s) = Eπ [R|s0 = s] .

Qπ(s, a) = r(s, a) + γEs′∼T (·|s,a)Vπ(s ′).

I (Unique) optimal Q value

Q∗(s, a) = max
π

Qπ(s, a),∀s, a.

I Optimal policy via greediness (〈f , g〉 =
∑

a∈A f (a)g(a))

max
π(·|s)
〈π(·|s),Q∗(s, ·)〉
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 Then we consider the return, which is the discounted sum over rewards and try to find out a policy that maximizes the expected return. To do so, we usually define value functions and try to figure out the optimal Q value which is shown to be unique. After then, we extract the optimal policy by taking the greedy policy w.r.t. the optimal Q value. 



Reinforcement Learning

π∗ may not be unique.

r(s, a) = 1 Qπ(s, a) = 1
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 (1) While the optimal value function is unique, the optimal policy may not be unique. For example, if we consider a constant reward function, which is equal to 1, the optimal Q value is also a constant function, and therefore, any policy becomes optimal. (2) For other constant reward functions, we can also get the multiple optimal policies. 



Reinforcement Learning

π∗ may not be unique.
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 (1) While the optimal value function is unique, the optimal policy may not be unique. For example, if we consider a constant reward function, which is equal to 1, the optimal Q value is also a constant function, and therefore, any policy becomes optimal. (2) For other constant reward functions, we can also get the multiple optimal policies. 



Regularized Reinforcement Learning[Geist et al., ICML 2019]

Regularized return RΩ =
∑∞

i=0 γ
i (r(si , ai )−Ω(π(·|si ))).

I A strongly convex function Ω : ∆A → R
Learning objective π∗ ∈ argmaxπ Eπ[RΩ].

I Values

V Ω
π (s) = Eπ

[
RΩ|s0 = s

]
.

QΩ
π (s, a) = r(s, a) + γEs′∼T (·|s,a)V

Ω
π (s ′).

I (Unique) optimal Q value

QΩ
∗ (s, a) = max

π
QΩ
π (s, a),∀s, a.

I Optimal policy via greediness (〈f , g〉 =
∑

a∈A f (a)g(a)).

max
π(·|s)
〈π(·|s),QΩ

∗ (s, ·)〉−Ω(π(·|s))
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 In the framework of regularized reinforcement learning, we consider a regularized return, where Omega is a strongly convex regularizer for a policy pi. The learning objective of regularized reinforcement learning is to find out a policy that maximizes the expected regularized return. We similarly define value functions, find out the unique optimal Q value, and try to find out the optimal policy which is greedy with respect to the optimal Q value. It should be noted that we subtract Omega(pi) when we define the greediness in regularized reinforcement learning. 



Regularized Reinforcement Learning[Geist et al., ICML 2019]

e.g.,
I Shannon-entropy-regularized reinforcement learning

Ω(π(·|s)) = −H(π(·|s))

I Tsallis-entropy-regularized reinforcement learning (k > 0, q > 1)

Ω(π(·|s)) = −T k
q (π(·|s))
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 The well-known examples for regularied reinforcement learning are Shannon-entropy-regularized RL and Tsallis-entropy-regularized RL. For both examples, Omega is equal to negative entropy which is strongly convex w.r.t. conditional policies. 



Regularized Reinforcement Learning[Geist et al., ICML 2019]

The convex conjugate Ω∗ : RA → R of Ω : ∆A → R

Ω∗(QΩ
∗ (s, ·)) = max

π(·|s)∈∆A
〈π(·|s),QΩ

∗ (s, ·)〉 − Ω(π(·|s)).

I For a strongly convex Ω, the maximizer is unique and is equal to

π∗(·|s) = ∇Ω∗(QΩ
∗ (s, ·)).
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 The key idea of regularized reforcement learning is that the greediness can be represented by the convex conjugate of the policy regularizer Omega. One useful property of convex conjugate is that if Omega is strongly convex, its maximizer is unique and equal to the derivative of convex conjugate. This implies that in regularized reinforcement learning, there always exists a unique optimal policy. 



Regularized Reinforcement Learning[Geist et al., ICML 2019]

π∗ is unique! Let Ω(π(·|s)) = −H(π(·|s)).

r(s, a) = 1 QΩ
π (s, a) = 1

1−γ
+

∑∞
i=1 γ

iH(π(·|si )) π∗(a|s) = 1
|A|
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∑∞
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 (1) Let us consider the same example we used in unregularized reinforcement learning, setting where a reward is always equal to 1. It can be easily shown that the Q function of the policy pi depends on the discounted sum over entropies, whereas the Q function in the unregularized setting was constant regardless of policies. Therefore, the optimal policy in this example should follow the uniform distribution to maximize the sum over entropies. (2) Similarly, it can be shown that any constant rewards correspond to the unique optimal policy in regularized reinforcement learning. 



Regularized Reinforcement Learning[Geist et al., ICML 2019]

π∗ is unique! Let Ω(π(·|s)) = −H(π(·|s)).
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 (1) Let us consider the same example we used in unregularized reinforcement learning, setting where a reward is always equal to 1. It can be easily shown that the Q function of the policy pi depends on the discounted sum over entropies, whereas the Q function in the unregularized setting was constant regardless of policies. Therefore, the optimal policy in this example should follow the uniform distribution to maximize the sum over entropies. (2) Similarly, it can be shown that any constant rewards correspond to the unique optimal policy in regularized reinforcement learning. 



Inverse Reinforcement Learning[Ng et al., ICML 2000]

Expert Policy πE (·|s) ∈ ∆A

I The expert’s probability of choosing an action

Return R(r) =
∑∞

i=0 γ
i r(si , ai ).

Learning objective

IRL(πE ) := argmaxr∈RS×A

EπE [R(r)]︸ ︷︷ ︸
expert’s
return

−maxπ Eπ[R(r)]︸ ︷︷ ︸
optimal
return

 .
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 Now, let's look at the inverse reinforcement learning problem. In this problem, we assume that there exists an expert. The objective of inverse RL is to find out a reward function that rationalizes the behavior of the expert, where we validate its rationality by using the expected return. 



Inverse Reinforcement Learning[Ng et al., ICML 2000]

IRL has degenerate solutions.
I Constant rewards are IRL solutions for any policies.
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 However, it is known that inverse RL is an ill-posed problem and has degenerate solutions. For example, suppose that there is an arbitrary expert policy. Then, any constant Q values can rationalize such an expert, since any arbitrary policy can be a greedy policy w.r.t. constant Q values. This makes any constant reward function always becomes a solution of inverse reinforcement learning problem. 



Regularized Inverse Reinforcement Learning[Geist et al., ICML 2019]

Expert Policy πE (·|s) ∈ ∆A

I The expert’s probability of choosing an action

Regularized return RΩ =
∑∞

i=0 γ
i (r(si , ai )−Ω(π(·|si ))).

Learning objective

IRL(πE ) := argmaxr∈RS×A


EπE [RΩ(r)]︸ ︷︷ ︸

expert’s
regularized

return

−maxπ Eπ[RΩ(r)]︸ ︷︷ ︸
optimal

regularized
return


.
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 In regularized inverse RL, which is the problem of our interest, we try to rationalize expert's behavior by using the regularized return, instead of using the unregularized return. 



Regularized Inverse Reinforcement Learning[Geist et al., ICML 2019]

Regularized IRL does not suffer from degeneracy.

I Constant rewards correspond to uniform policy, e.g., Ω = −H
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 Since the greediness w.r.t. the optimal Q value leads to a unique optimal policy, regularized inverse RL does not suffer from the problem of degeneracy. When the expert's policy is uniform, the solution of regularized inverse RL includes a set of constant functions. If the expert's policy is non-uniform, the solution should not include such constant reward functions. 



Motivation

Tractable solutions for regularized inverse RL?

An algorithm to derive learn a solution?
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 In this work, we try to theoretically figure out tractable solutions for regularized inverse RL and design a practical algorithm to find out such a solution, which has not been done in prior works. 



A Solution of Regularized IRL

Theorem (A Solution of Regularized IRL)

t(s, a;πE ) = [∇Ω(πE (·|s))]a − 〈πE (·|s),∇Ω(πE (·|s))〉+ Ω(π(·|s)).

Proof. For Bregman divergence DΩ(p||q),

argmaxπ Eπ[RΩ(t(·, ·;πE ))] = argminπ Eπ
[∑∞

i=0 γ
iDΩ(π(·|si )||πE (·|si ))

]
= πE

p q

Ω(q)

Ω(q) + 〈∇Ω(πE (·|s)), π(·|s)− πE (·|s)〉Ω(p)

DΩ(p||q)

q
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 (1) The first contribution of our work is that we figure out the tractable solution for regularized inverse RL. Note that as long as we can evaluate Omega(pi) and its derivative, we can evaluate the solution. (2) It can be shown that the reinforcement learning objective with this reward function is equivalent to minimizing discounted sum over the Bregman divergences, which leads to the expert's policy. Note that the Bregman divergence is related to the policy regularizer Omega and defined by the gap between true regularization and the first-order approximation of it. 
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 (1) The first contribution of our work is that we figure out the tractable solution for regularized inverse RL. Note that as long as we can evaluate Omega(pi) and its derivative, we can evaluate the solution. (2) It can be shown that the reinforcement learning objective with this reward function is equivalent to minimizing discounted sum over the Bregman divergences, which leads to the expert's policy. Note that the Bregman divergence is related to the policy regularizer Omega and defined by the gap between true regularization and the first-order approximation of it. 



A Solution of MaxEnt IRL [Ziebart et al., 2008, Ho et al., 2016]

Theorem (A Solution of Regularized IRL)

t(s, a;πE ) = [∇Ω(πE (·|s))]a − 〈πE (·|s),∇Ω(πE (·|s))〉+ Ω(π(·|s)).

Proof. For KL divergence KL(p||q), t(s, a;πE ) = log πE (a|s).

argmaxπ Eπ[RΩ(t(·, ·;πE ))] = argminπ Eπ
[∑∞

i=0 γ
iKL(π(·|si )||πE (·|si ))

]
= πE

p q

Ω(q)

Ω(q) + 〈∇Ω(πE (·|s)), π(·|s)− πE (·|s)〉Ω(p)

KL(p||q)

q
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 For example, if we use negative Shannon-entropy regularizer, which corresponds to the maximum-entropy inverse RL, the reward becomes log of the expert policy, and the Bregman divergence becomes the KL divergence. 



Optimal Advantage Function

Theorem (A Solution of Regularized IRL)

t(s, a;πE )︸ ︷︷ ︸
AΩ
πE

(s,a)

= [∇Ω(πE (·|s))]a︸ ︷︷ ︸
QΩ

πE
(s,a)

−{〈πE (·|s),∇Ω(πE (·|s))〉 − Ω(π(·|s))}︸ ︷︷ ︸
VΩ
πE

(s)

.

Wonseok Jeon Regularized Inverse Reinforcement Learning ICLR 2021 16 / 22



 Another interesting observation for our soltuion is that it is equal to the advantage function of the optimal policy in regularized reinforcement learning, where we set the optimal policy as the expert's policy. 



Additional Solutions via Reward Shaping [Ng et al., 1999]

Theorem (Potential-based reward shaping)

Let π∗ be the optimal policy of regularized RL with a reward r ∈ RS×A.
Then for Φ ∈ RS , using

rΦ(s, a) = r(s, a) + γEs′∼T (·|s,a)Φ(s ′)− Φ(s)

as a reward also leads to π∗.
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 Additionally, we can get other reward functions by applying the potential-based reward shaping, which also holds for any kind of regularized reinforcement learning. 



Regularized IRL in Continuous Control

Tractable when
I πE (·|s) follows independent normal distributions.
I Negative Tsallis entropy regularizer Ω(π(·|s)) = −T k

q (π(·|s))
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 Esepcially in continuous control, we also show that when the expert's policy is independent normal distributions and negative Tsallis entropy regularizer is used, we can get the closed-form derivation for the solution. 



Regularized IRL in Continuous Control

If π(·|s) follows independent normal distributions, the Bregman
divergence is also tractable.

I π = N (µ, σ2) and πE = N (0, (e−3)2)
I For larger q, means and variances are matched more tightly.

Figure: Bregman divergence DΩ(π||πE )
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 If both agent's and exper'ts policies are independent normal distributions, it can be shown that the Bregman divergence between two policies can be analytically calculated. In our example below, we express the expert's policy in the middle of each figure as a Green dot, and evlauate the Bregman divergence by varying the mean and standard deviation of the learning agent's policy. One interesting observation here is that as q of Tsallis entropy becomes larger, the size of the valley around the expert's policy gets smaller. This implies that minimizing the Bregman divergence for higher q matches means and variances much more tightly. 



Algorithmic Consideration

Algorithm 1 Regularized Adversarial IRL(RAIRL)

1: Expert demonstration DE ∼ πE .
2: for each iteration do
3: Dπ := {(s, a)} ∼ π.
4: Reward learning (binary classification)

max
r∈RS×A

E(s,a)∼DE
logDr ,π(s, a) + E(s,a)∼dπ log(1− Dr ,π(s, a))

Dr ,π(s, a) = σ(r(s, a)− t(s, a;π))

5: Policy optimization via Regularized Actor Critic [Yang et al., NeurIPS 2019]:

max
π

E[RΩ(r)|π]

6: end for
7: Output: πE , t(s, a;πE ) .
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 So far, we assume that the expert's policy pi E is known, while we may have an access only to the expert's demonstration in practice. To find out a solution in regularized inverse RL in practical scenarios, we devise a sample-based learning algorithm called regularized adversarial inverse RL. For reward learning phase, RAIRL uses the structured discriminator motivated by our theoretical solution and solves the binary classification problem between expert's and agent's samples. For policy optimization phase, RAIRL involves the regularized actor-critic which tries to maximizes the regularized return while the reward comes from the discriminator. 



Experiments

Figure: BermudaWorld (Continuous Observation, Discrete Action)

Figure: MuJoCo (Continuous Observation, Continuous Action)
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 In our experiments, we show that RAIRL effectively works for a variety set of problems. 



For more information, please check our paper and poster!
Poster Session 3

May 3rd, 2021, 5 pm-7 pm (PDT)
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 If you want more information, please visit our poster session or check our paper. Thanks for your listening! 


