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Cyber Physical Systems
Games Everywhere
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SAFE: 

Find controller that function 

(correct) under stated 

conditions for a specified 
period of time.

OPTIMAL: 

Find a controller for a 

given system such that a 

certain optimality 
criterion is achieved.

Stochasticity

Real Time

Resources

Hybrid 

Discrete

COMPACT:

Find a representation of 

the  controller that may fit 

a given embedded 
platform
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SMART FARMING

&

UPPAAL STRATEGO

TACAS15: David, Jensen, L, Mikucionis, Taankvist: Uppaal Stratego. 



Smart Farming / Dagstuhl 19432 Oct19

Simons Institute Synthesis Workshop Kim Larsen [6]

Collection Field

Robot

Robot

Road



Smart Farming – Timed Automata
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Invariant

E<> Robot(1).Field && Robot(1).s==14



Smart Farming – Stochastic Timed Automata
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Pr[<=1000] (<> Robot(1).Field && Robot(1).s==14)

Uniform 

distribution 

[0,B]

Uniform 

distribution

{½,½}



Smart Farming –Timed Game
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Controllable 

edges

Uncontrollable 

edges

strategy segsafe = control: A[] ! ( Robot(1).s>1 && Robot(1).s<14 && Robot(1).s==Robot(2).s)



Smart Farming – Timed Games
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simulate 1 [<=100] {Robot(1).s, Robot(2).s+20} under segsafe
E<> Robot(1).Field && Robot(2).Field under segsafe

E<> Robot(1).s>1 && Robot(1).s<14 && Robot(1).s==Robot(2).s under segsafe

Pr[<=1000] (<> Robot(1).Field && Robot(2).Field==14) under segsafe

[0.709977,0.805032] 95%



Smart Farming – Stochastic & Hybrid Stuff
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Smart Farming – Complete Model
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Farming Benchmark – in Stratego

Simons Institute Synthesis Workshop Kim Larsen [13]



Farming Benchmark – in Stratego
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Workflow under UPPAAL Stratego
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G
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Dec. Proc.
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φ

synthesis

abstraction

σ°
optimized
Strategy

G|σ
Timed Automata

P|σ°
Euclidian

Markov Chain

minE(cost)

maxE(gain)

Uppaal TIGA
strategy NS = control: A<> goal
strategy NS = control: A[] safe

Statistical Learning

strategy DS = minE (cost) [<=10]: <> done under NS
strategy DS = maxE (gain) [<=10]: <> done under NS

Uppaal
E<> error under NS
A[] safe under NS

Uppaal SMC
simulate 5 [<=10]{e1, e2} under SS 
Pr[<=10](<> error) under SS 
E[<=10;100](max: cost) under SS



Smart Farming

Q1: strategy segsafe = control: A[] ! ( Robot(1).s>1 && Robot(1).s<14 && Robot(1).s==Robot(2).s)

Q2: strategy opt_harvest = 
maxE(c) [<=1000] {Robot(1).location, Robot(2).location, Rain.location} -> {ld1,ld2,t}: 

<> t >= 1000 under segsafe

Q3: E[<=1000;300] (max:c) under segsafe

Q4: E[<=1000;300] (max:c) under opt_harvest
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338.881 +/- 7.80819

969.112 +/- 13.8988



ld[1], ld[2] – f 
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Robots Movement
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Better Learning



Learning Methods & Parameters
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Euclidean MDP
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• States 𝑺 ⊆ ℝ𝒌

• 𝑨𝒄𝒕 is a finite set of actions
• Initial state 𝒔𝟎 ∈ 𝑺
• Next state density function

𝑻: 𝑺 × 𝑨𝒄𝒕 → (𝑺 → ℝ≥𝟎)
• Cost-function 

𝑪: 𝑺 × 𝑨𝒄𝒕 × 𝑺 → ℝ
• Goal states 𝑮 ⊆ 𝑺

Strategy 𝝈: 𝑺 → (𝑨𝒄𝒕 → 0,1 )

𝔼𝝈 𝑮, 𝒔 :
Expected cost of reaching 𝑮 under 𝝈.

Find 𝝈∗ st. 𝔼𝝈∗ 𝑮, 𝒔 = inf
𝝈
𝔼𝝈 𝑮, 𝒔



Partitioning (IMDP)
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𝔼𝐴
𝑚𝑖𝑛 𝐺, 𝑥 𝔼𝐴

𝑚𝑎𝑥 𝐺, 𝑥

Theorem

𝔼𝐴
𝑚𝑖𝑛 𝐺, [𝑠] ≤ inf

𝜎
𝔼𝜎 𝐺, 𝑠 ≤ 𝔼𝐴

𝑚𝑎𝑥 𝐺, [𝑠]

Theorem
(Bounded horizon, continuous cost & transition) 
Let 𝐴0 ⊑ 𝐴1 ⊑ ⋯ ⊑ 𝐴𝑖 ⊑ ⋯ a be refining sequence
“of arbitrary precision”.  Then

inf 𝔼
𝑖→∞

𝐴𝑖
𝑚𝑖𝑛 𝐺, 𝑠 𝐴𝑖 = inf

𝜎
𝔼𝜎 𝐺, 𝑠 = inf 𝔼

𝑖→∞
𝐴𝑖
𝑚𝑎𝑥 𝐺, 𝑠 𝐴𝑖

• Finite partition 𝑨 (respecting 𝐺)
• Next state transition-function

𝑻𝑨: 𝑨 × 𝑨𝒄𝒕 × 𝑨 → 𝟎, 𝟏 × 𝟎, 𝟏
• Cost-function

𝑪𝑨: 𝑨 × 𝑨𝒄𝒕 × 𝑨 →ℝ ×ℝ



Q- & M-Learning
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𝝆



Q- and M-Learning
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𝝆 4.

𝑄𝑎
ℓ0,𝑥 = 1 −

1

# ℓ0, 𝑥
⋅ 𝑄𝑎

ℓ0,𝑥 +

1

# ℓ0, 𝑥
⋅ (𝐶 𝑠0, 𝑎, 𝑠1 +min

𝛼
𝑄𝛼
ℓ1,𝑦)



Approximations



Semi-Random Walk
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slow (c=1)

fast (c=3)

EMDP Strategy learned by STRATEGO



Semi-Random Walk

Simons Institute Synthesis Workshop Kim Larsen [27]

slow (c=1)

fast (c=3)

Lower/Upper Cost-bound Strategy learned by STRATEGO



Strategies from Successive Partitioning
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Obtained from lower and upper expected cost approximations

L/U expected costs
for t=0.0, t=0.7



Strategies from Learning
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k=27

k=205 Expected cost functions for k=205
Along t=0.0, t=0.7.  

Yellow: Upper expected cost
Blue: Lower expected cost
Green: Learned expected cost



Compact Strategies



UPPAAL Adaptive Cruise Control
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“Optimal” Strategy Safe and “Optimal” Strategy

8 distance sensors



Strategy – Explicit 
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4Mb
6 mio configurations



Strategy – Decision Tree
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Ego.Choose <= 0: 3 (1481817.0)

Ego.Choose > 0

| velocityEgo <= -10: 0 (39705.0/18380.0)

| velocityEgo > -10

| | distance <= 200

| | | velocityEgo <= 18

| | | | velocityEgo <= 12

| | | | | distance <= 184

| | | | | | velocityEgo <= 0: 2 (331464.0/208577.0)

| | | | | | velocityEgo > 0

| | | | | | | distance <= 122

| | | | | | | | distance <= 102: 2 (132918.0/80433.0)

| | | | | | | | distance > 102

| | | | | | | | | velocityEgo <= 2

| | | | | | | | | | velocityFront <= 12: 1 (6255.0/4155.0)

| | | | | | | | | | velocityFront > 12

| | | | | | | | | | | velocityFront <= 13: 2 (162.0)

| | | | | | | | | | | velocityFront > 13

| | | | | | | | | | | | distance <= 110: 2 (870.0/363.0)

| | | | | | | | | | | | distance > 110

| | | | | | | | | | | | | velocityFront <= 15

| | | | | | | | | | | | | | velocityFront <= 14: 1 (207.0/99.0)

| | | | | | | | | | | | | | velocityFront > 14: 2 (63.0)

| | | | | | | | | | | | | velocityFront > 15

| | | | | | | | | | | | | | distance <= 116

| | | | | | | | | | | | | | | velocityFront <= 17: 2 (126.0/54.0)

| | | | | | | | | | | | | | | velocityFront > 17: 1 (129.0/39.0)

| | | | | | | | | | | | | | distance > 116: 1 (108.0)

| | | | | | | | | velocityEgo > 2

| | | | | | | | | | velocityEgo <= 4: 1 (7689.0/4929.0)

Learning Algorithms
for Decision Tree 
(ID3, D4.5, CART)

 65 lines
Jan Kretisnsky, Pranav Ashkot, TUM

[QEST19] SOS: Synthesis for Hybrid MDP

[TACAS21]

dtControl 2.0: Explainable Strategy 

Representation via Decision Tree Learning 
Steered by Experts.

Safe



Applications



Intellingent Transport  -- Smart Water
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Skov

Aalborg



More Synthesis & Ongoing Research

 Convergence of Q-
learning for IMDP.

 Partial Observability

 Learning strategy 
profiles for 
composite systems

 Online/Offline

 ..
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Skov

HYDAC

SELUXIT / 
NEOGRID

Mathias G Sørensen

GOMSpace
Skov


