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Stochastic Optimal Control over Scenario Trees

• Other vehicles in the environment are modelled as Markov systems,
with discrete and finite action set Ξ.

ξ ∼ Pξ(x̄) = (P{ξ = m | x̄})m∈Ξ

u = π(x̄, ξ)

• Realizations of the uncertain environment are enumerated to create a
scenario tree.
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Fig. Approximation of a scenario tree considering one other vehicle with two actions.

• Uncertainty estimates are expressed by propagating transition proba-
bilities through the scenario tree.

pchild(x̄) = pParent · Pξ

(
x̄parent|ξ = m

)
• Collision avoidance constraints are formulated as chance constraints,

based on the transition probabilities and accepted violation rate ε.

P [dist(xego, xadj) ≤ dsafe] ≤ ε ⇐⇒
E
[
I(0,∞)

(
dsafe − dist(xego, xadj)

)]
≤ ε ⇐⇒∑

Relevant
nodes

p̂(xego, xadj) · I(0,∞)

(
dsafe − dist(xego, xadj)

)
≤ ε

• Conditional distribution of state transitions is estimated with computa-
tionally efficient learning-based techniques.

Logistic Regression Ground-Truth Distribution Examples

p̂i(x̄) =
exp

(
θ⊤i φ(x̄)

)∑Nξ

i=1 exp
(
θ⊤i φ(x̄)

)
θ - Learnable Weights
φ(x̄) - Selected Feature Vector
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• Expected performance of the ego-vehicle is optimized.

ℓ(xego, uego) = ||xego − xref||2Q + ||uego||2R + ||∆uego||2R∆

min
xego,uego

Eξ̄

[
ℓN (xego(N)) +

N−1∑
k=0

ℓ (xego(k), uego(k))

]

Applications in Autonomous Driving

• Lane Merging in Dense traffic for a Heavy Vehicle combination.

Fig. Traffic scenario with interactive maneuvers between Heavy vehicles.
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Fig. Lane merging maneuver for heavy vehicle.

• Negotiating with Human Drivers at Intersections.
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Ground-Truth Human Policy: 
 Yield with p = 0.5

Policies in Scenarios:                    
m1/m1 m1/m2 m2/m1 m2/m2

Scenario Probability Estimates:  
0.50 0.00 0.02 0.48

Simulation Evaluation:  m1 = yield, m2 = ignore

Ego-vehicle
Human Driver

Fig. Intersection scenario with Corresponding Optimal Control Solution.

Nice Properties

• Avoids excessively conservative behavior.
• Human-like reasoning can be observed.
• Risk vs Performance can be tune via ε.

Interesting Challenges

• Feasibility Guarantees with ML Methods.
• Tight, and Efficient Chance Constraints
• Guarantees with Tree Approximations.
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