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Reinforcement Learning

Figure 1: Agent-Environment Interaction1

The data in RL (st,at, rt, st+1) generates the Markov decision process:

s1,a1, r1, s2,a2, r2, . . .

1Source: Reinforcement Learning: An Introduction, Richard Sutton and Andrew G. Barto.
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https://web.stanford.edu/class/psych209/Readings/SuttonBartoIPRLBook2ndEd.pdf


Reinforcement Learning

Goal: Maximize the expected cumulative reward.

For an agent, the objective is to learn a policy π that maximizes the
expected sum of future rewards, typically defined as:

Vπ(s) := E

[ T∑
t=1

γt−1rt

∣∣∣∣∣s
]

Where:

• rt is the reward at time step t
• γ ∈ [0, 1] is the discount factor
• T is the time horizon (can be infinite for continuing tasks)

2



Reinforcement Learning

Greedy Algorithm RL Algorithm
Maximize Instant Reward Maximize Long-Term Reward

maxa R(s,a) maxπ E
[∑∞

t=0 γ
tR(st,at)

]

Figure 2: Comparison between a Greedy Algorithm and a RL Algorithm.
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Uncertainty in Real World

Real-World Environments Are Inherently Uncertain.

Example 1:

Figure 3: The robot aims to reach the red point. However, due to the inherent
uncertainty in the environment, different robots may arrive at any point
within the surrounding neighborhood with different probabilities.
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Uncertainty in Real World

Example 2:

Figure 4: 10x leverage maximizes the expected future return. However, the
capital can potentially be wiped out.
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Robust Reinforcement Learning

RL Algorithm Robust RL Algorithm
Maximize Long-Term Reward Maximize Long-Term Reward

under the Worst Case
maxπ E

[∑∞
t=0 γ

tR(st,at)
]

maxπ minP E
[∑∞

t=0 γ
tR(st,at)

]
P belongs to the uncertainty set, e.g. {P : d(P,P0) ≤ δ}.

Example 3:

Buy Insurance Not Buy Insurance
Event Occurs
(Worst Case)

$500 (premium) +
$1000 (deductible)

$10,000 (full loss)

No Event Occurs $500 (premium) $0 (no loss)

Table 1: Cost comparison between buying and not buying insurance.
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Challenges in Robust Reinforcement Learning

RL Algorithm Robust RL Algorithm
Bellman Operator Robust Bellman Operator

T Q(s,a) =
r(s,a)+ γmaxa Es′∼P(·|s,a)Q(s′,a)

T̃ Q(s,a) = r(s,a) +
γmaxaminP Es′∼P(·|s,a)Q(s′,a)

• Policy evaluation:
• Common approach: Estimate when minP is achieved2.
• Challenge: Find a Model-Free Approach.

• Extend to Multiple Agents:
• Common approach: Treat the environment as an implicit player.
Solve NE of a general sum game3.

• Challenge: PPAD complete.
2e.g. Robust Conservative Policy Iteration (Draft).
3Robust Multi-Agent Reinforcement Learning with Model Uncertainty.
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https://mshaocong.github.io/Robust_Policy_Gradient.pdf
https://proceedings.neurips.cc/paper_files/paper/2020/file/774412967f19ea61d448977ad9749078-Paper.pdf


Learn the robust value function without estimating the worst-case
transition probability4:

• Solve the explicit expression of the worst-case value function.
• e.g. p-norm: {P0 + ρ : ∥ρ∥p ≤ β,

∑
ρi = 0}.

V(s)← V(s) + α

r(s, a) + γV(s′)− V(s)︸ ︷︷ ︸
stand. TD err. under P0

−γ⟨Oβ,p(Vπ), V⟩

 , (1)

Let q satisfy 1
q + 1

p = 1.

Oβ,p(V)(s′) := β
sign(V(s′)− ωq(V))|V(s′)− ωq(V)|q−1

κq(V)q−1 ,

where ωq(V) := argminω ∥V− ω1|S|∥q and
κq(V) := minω ∥V− ω1|S|∥q.

(1) Cannot be extended to the continuous state space. (2) p-norm
can be replaced with other norm but maybe hard to solve.

4Policy Gradient for Rectangular Robust Markov Decision Processes
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https://proceedings.neurips.cc/paper_files/paper/2023/file/ba8aee784ffe0813890288b334444eda-Paper-Conference.pdf


Nash Equilibrium Correlated Equilibrium
V(j)π ≥ V(j)

π(j)×π(\j) for all j V(j)π ≥ V(j)ϕj◦π for all j

For Robust NE and Robust CE, replace the value function V with the
robust value function.

Figure 5: NE: (L,R) and (R, L). CE: (A,¬A) for all A ∈ {R, L}
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Solve NE of a general sum game: PPAD complete. The set of CE is
larger than NE; therefore, it is easier to solve.5

A tractable notion for robust Markov games:

• Robust correlated equilibrium.

5Decentralized Robust V-learning for Solving Markov Games with Model Uncertainty
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https://jmlr.org/papers/volume24/23-0310/23-0310.pdf

