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ψ[Z] = ​ z g ​(F ​(z)) f ​(z) dz∫−∞
∞

ψ
′

Z Z g ​(ω) =α-CVaR min ​ , 1 , α ∈{
α
ω } [0, 1]
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(Our) RSRL Objective

(restricted to stationary policies; refer to paper)

max ​ ψ[Z (x ​)]π
π

0
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Proposition 3.3. Let  be a coherent risk measure and  the class of history-stationary policies. A deterministic policy  is optimal in expected risk,

, if and only if it is optimal in true risk, .

ψ Π ​H π ∈∗ Π ​H π ∈∗

arg max ​ v ​(x ​)π∈Π ​H ψ
π

0 π ∈∗ arg max ​ψ[Z (x ​)]π∈Π ​H

π
0

7 / 13



Theorem 3.1. Under a softmax policy with positive linear isomorphism and every history seen with positive probability, for all :  as .σ h v ​(h) →ψ
(t)

v ​(h)ψ
∗ t → ∞
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Decompose trajectory return:

accumulated return + imm. reward + future return.

Search in abstract MDP (à la MuZero):

– representation: (maps  to abstract latent )

– dynamics: (predicts abstract successor state)

– reward: (distributional)

– value: (distributional)

– historical return: (new — distributional)

– prior policy: (maps abstract state to action probabilities)

Sample trajectory return by inverse transform + summing:

h ​ :ϕ H → S h ​t s ​t
0

g ​ :ϕ S × A → S

r ​ :ϕ S × A → Δ ​R

v ​ :ϕ S → Δ ​R

η ​ :ϕ H → Δ ​R

π ​ :ϕ S → Δ ​A

Z(x ​ ∣0 h ​)t+n =D ζ(h ​) +t ​ γ R(x ​, a ​) +∑i=0
n−1 t+i

i i γ Z(x ​)t+n
t+n

9 / 13



Initialize: root latent , hist. return

1 Selection. Draw  samples

└── Descend tree, sample until leaf 

2 Expansion. Sample and

└── Combine  trajectory samples:

for , where

3 Backup. Sort  (empirical quantiles), average by 

└── Approximates  by inverse transform sampling

└── Backup along path for estimates

s ​ =t
0 h ​(x )ϕ ≤t η ​ =t η ​(x ​, a ​)ϕ ≤t <t

D η ​ ∼t,1:D η ​t

r ​ ∼t,1:D
k r ​(s ​, a ​)ϕ t

k
t
k s ​t

ℓ−1

r ​t,1:D
ℓ−1 v ​ ∼t,1:D

ℓ v ​(s ​)ϕ t
ℓ

D

z ​(x ​ ∣j 0 h ​) =t
ℓ η ​ +t,j ​ γ r ​ +∑k=0

ℓ−1 t+k
t,j
k γ v ​

t+ℓ
t,j
ℓ

j ∈ [D] h ​:=h ​a ​s ​ ⋯ a ​s ​t
ℓ

t t
1

t
1

t
ℓ−1

t
ℓ

z ​j g ​

ψ
−1

ψ[Z (x ​ ∣π
0 h ​)]t

ℓ

​ ​(h, a)q̂ψ
π
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Gumbel planning outperforms heuristic MCTS (↑ sample efficiency, ↓ quantile samples).

RiskZero and inverse transform sampling recover the correct quantile distributions.
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RiskZero: first MuZero-family method for planning-based risk-

aversion with a learned model.

Achieved by learning and integrating trajectory-level

distributions with Gumbel MCTS.

Principled risk-sensitive planning with diverse coherent risk-

measures.

Provably converges to optimal risk-sensitive policies —

theoretically and empirically.

Limitations and Future Work

Focus on stationary policies, in deterministic dynamics + discrete

action spaces.

Extension to stochastic dynamics + non-stationary policies!

State-augmentation + Stochastic MuZero is a promising direction.

Benefit from recent advances in deep search for:

– robustness (RobustZero)

– continuous action spaces (Sampled MuZero)

– efficiency (EfficientZero)

🔗 paper 🔗 code 🔗 (better) slides

Thank You! ❤️
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https://openreview.net/forum?id=4oeFD3fG5E
https://github.com/yyassin/riskzero
https://riskzero-slides.secunda.ink

