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Continuous-Time Reinforcement Learning

I Challenge: learn a value function that converges as ω ↑ ∞.
I Characterized by the HJB Equation:

V π(x) log γ + r(x) + 〈∇V π(x), µπ(x)〉+
1

2
Tr(σπ(x)>HV π(x)σπ(x)) = 0
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Contribution 1: The Distributional HJB Equation

I Goal: rather than learn the expected return, learn the return
distribution.

V π(x) log γ + r(x) + 〈∇V π(x), µπ(x)〉+
1

2
Tr(σπ(x)>HV π(x)σπ(x)) = 0

(HJB)

⇓

〈∇xFηπ (x, z), µπ(x)〉 − (r(x) + z log γ)
∂

∂z
Fηπ (x, z)

+
1

2
Tr(σπ(x)>HxFηπ (x, z)σπ(x)) = 0

(DHJB)
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Contribution 2: The Statistical HJB Loss

I Goal: Represent the DHJB equation in finite space.
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∂
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Φ(~s(x), z) (SHJB)

+
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Φ(x, z))︸ ︷︷ ︸
”Spatial & Statistical Diffusivity”
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Diffusivities of some common imputation strategies

ηπ(x)

q1
q2
q3
q4
q5

p1
p2
p3
p4
p5

~sq

~sc

q1q2q3 q4q5

p1

p2 p3
p4

p5

Φq

Φc

I When Φq is the quantile imputation strategy, the statistical
diffusivity vanishes.

I And when Φc is the categorical imputation strategy, the SHJB
is very complex.
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The Quantile Case

We show that, when return distributions are represented as
empirical distributions,
〈∇x~sk(x), µπ(x)〉 + r(x) +~sk(x) log γ + 1
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Thanks!

Check out our poster, #4711, to learn more.


