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The Problem: Cautious Learning

Standard reinforcement learning aggressively explores to learn. But what hap-
pens when taking a wrong action is catastrophic?

Our approach: Stop learning and abstain when OOD!

Formal Setup

• Input Space: xt
i.i.d.∼ ν on Rn.

•Actions: yt ∈ {0 (Abstain), 1 (Commit)}.
•Rewards: Observe noisy rt = r(xt, yt) + ηt on commit.
•Noise: ηt zero-mean subgaussian.
•Regularity: r(·, 1) is L-Lipschitz.
• r(0, 1) > 0.
•Expected Regret Objective:

E[Reg(T )] = E


T∑
t=1

 max
y∈{0,1}

r(xt, y) − r(xt, yt)




The Limits and Virtues of Caution

Why Caution Is Necessary
If the agent always commits initially, the expected regret from a single catas-
trophic mistake scales to infinity.

E[Reg(T )] = ∞

Why Caution Has Limits
If every input is too far OOD, then sublinear regret is formally impossible re-
gardless of the policy.

E[Reg(T )] /∈ o(T )

Regret Bounds
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Heavy-tailed settings heavily break standard UCB. Our Cautious Learner completely restricts this regret by rec-
ognizing and securely abstaining from untrusted regions.

Algorithm & Trusted Region Schematic

The agent partitions a trusted origin-centered ball B of radius m(T ) into bins B ∈ H
of side length w(T ). For each bin, it maintains an empirical commit reward mean µ̂B

and a confidence radius γ(kB) =
√√√√√c−1σ2

w ln(2T 4)/kB.

Decision Rule at time t for input xt:
1. Far OOD (Too Risky)
Condition: ∥xt∥ > m(T ) −→ Abstain
2. Certified Harmful Bin
Condition: xt ∈ B, but µ̂B + γ(kB)︸ ︷︷ ︸

UCB
+ L

√
nw(T )︸ ︷︷ ︸

dispersion
< 0 −→ Abstain

3. Informative/Safe Bin
Condition: Otherwise −→ Commit

↪→ Update empirical mean µ̂B and visit count kB.

0
x1

Trusted Bin Certified Harmful OOD (Abstain)

Main Result

Theorem: For any fixed i.i.d. input distribution ν, the algorithm achieves:

E[Reg(T )] ∈ O


(L + σ2) T

n+1
n+2(ln T )n+1

︸ ︷︷ ︸
discretization error (trusted region)

+ T ν̄(ln T )︸ ︷︷ ︸
tail error (OOD inputs)



Behavioral Analysis: Commit vs. Abstain
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Conclusion

• We formalize learning under catastrophic, unbounded risk and show naive exploration can
incur infinite regret.

• Our algorithm learns only in trusted regions and abstains otherwise.
• Future work: non-i.i.d. inputs, and leveraging structure beyond Lipschitzness.

Overall goal: safety guarantees for high-stakes AI systems


