ittt i TEes=—wwwr AwEwEr. oA L ittostrbi—ii it J— et
4 s = ——— E e ——— - i
e e 7
b P —— L | emeee-———— P ———— - = - —— e o e jros— S r
: | P o a ——
!_ i K] Joic il IT] m
g2

Planning using UPPAAL SMC &
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AALBORG
UNIVERSITET



«

Overview

Timed Automata
- Decidability (regions)

- Symbolic Verification (zones)

Priced Timed Automata
- Decidability (priced regions)

- Symbolic Verification (priced zones)

Timed Games
- Decidability (regions)
- Symbolic Verification (zones)

Stochastic Priced Timed Automata
- Stochastic semantics
- Statistical methods

Stochastic Priced Timed Game
- Stochastic Semantics

- Reinforcement Learning

AALBORG SIDE
UNIVERSITET 2



Outline

Stochastic Timed Automata (SMC)

—  Markov Chains

—  Stochastics and Time

-  Common Modeling Mistakes
-  Exercise!

- Examples

Stochastic Priced Timed Games (Stratego)
—  Markov Decision Processes
- Q-learning (Tabulation)
—  Euclidean Markov Decision Processes
-  Stratego

Safe learning!

Partial observability
-  Exercise!

- Examples

(/ AALBORG SIDE
UNIVERSITET 3



Stochastic Semantics
Markov Chains

AAAAAAA
IIIIIIIIIII

Pr([]-S2) =0.98/0.99 = 0.98989898...



Stochastic Semantics ... In UPPAAL!
Markov Chains

~
4[@—/

0.98

e

0.01

<&

Notice, no time yet, all locations are urgent!
Pr([] - S2) =0.98/0.99 = 0.98989898...

(W



Stochastic Semantics
vs Nondeterministic Semantics

(W



Stochastic Semantics
vs Nondeterministi

P
Lesson: ffl
[Pr(X) = 1] # [A<> X] "?‘:




Mini Exercise

You want to play a game of dices — but you only have a coin avalible (heads/tails).
Implement an emulator of a 6-dice using coinflips.

Ensure that the dice is fair!
(What is a good specification?)

You can use
Pr{<=1](<> Process.L)
to estimate the probability of ending in a location L of Process

Tip:
Make all (but terminal) locations urgent!

(/ AALBORG
UNIVERSITET

SIDE



Stochastic Semantics L
and Time 1.00

G _

0.50 f
)O 0.25

Probability Density Distribution

0 0,32 1.04 1.26 2.08 2.60 312 3.64 4,16 4,68 2,20 3,72
run duration in time

(/ AALBORG
UNIVERSITET

A=05 |
— )\ — o
A =15
2 3 4 5
T
Il density
= average
65,24

SIDE
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Stochastic Semantics

and Time T
1 .
G b—a !
X209
O -O
X< 10 0 a b X

Probability Density Distribution

Il density
E average

oo 5,54 6,08 6,62 7.16 7.70 8.24 8.78 9,32 9,86
run duration in time

(/ AALBORG SIDE
UNIVERSITET 11



Stochastic Semantics
and Multiple Temporal Choices

N RRRRbEE

X224 & X<6

-O
X< 6 8&&

V& y

y=z3 & y<7




Stochastic Semantics
and Phase-Type Distributions

END

END

(W

Probability Density Distribution

8.40 9.50
run duration in time

Probability Density Distribution

10,60

11,70

Il density
Ed average

Il density
Ed average

.0 5.6 7.2 8.8 10.4 12.0
run duration in time

SIDE
13
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Stochastic Semantics

and Multiple Automata

b?

G

AALBORG
UNIVERSITET

Pr(<> G)= 0.75

Cumulative Probability Distribution

0,732
0,671
0,610
0,549

0.488

0.38

0,76 1.14
run duration in time

1.52

1.90

F cumulative
= average

SIDE
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Queries of SMC

Evaluation
Pr[<=100] (<> expr)
Pr[<=100] ([] expr)

Hypothesis Testing
Pr[<=100] (<> expr) >= 0.1
Pr(<=100] ([] expr) >= 0.1

Comparison
Pri<=100] (<> expr) >= Pr[<=10] (<> expr2)

Expected Value
E[<=100;100] (min: expr)
E[<=100;100] (max: expr)

Simulation
simulate 1 [<=100] {el, e2}

( AALBORG SIDE
UNIVERSITET 15



Common Modelling Mistakes
Time Locks

X=24 && X<6

X<9 &&
y<9

y=z3 & y<s7




Common Modelling Mistakes

: Different to Model Checking (Classic)
Model Samty We cannot impose constraints backwards

(W



Exercises @

1) Temporal Papers

- Extend the paper-writing model s.t. the researcher starts writing a

52 /
. £
paper uniformly between 1 and 6 months. 31 e _ 9@ _ _).Q

- It takes the researcher one month (with an exponential distribution) A I 08
to revise the paper. 51_ BN -
- |
- If the paper is rejected, an exponential recuperating period is ) @L !
The Unreliable Journal g3 S

mandated (2 months).

- If the paper is accepted, the researcher starts over.

- What is the expected number of papers produced over a 5 year
period?

Lo Lo
- Connect three researchers with the “Unreliable Journal”, what is a X=0 X=3

the throughput (you may ignore the review signal)?

2) Stochastic Jobshop Scheduling

- Extend your Jobshop scheduling problem by adding distributions.

* Assume the upperbound for reading is +5 timeunits. -

* Use a variable for the exponential rate for the “idle”-locations

- Study the effect of different exponential rates.

—  Study the idle-duration of Kim 1 1 1 1

(/‘ AALBORG Nl e . . . . ai_time':[a i_time'=0 i_time'=0 i_time'=0
UNIVERSITET * addaclock 'i_time" with "i_time’==0" in the invariant in non-

idle locations



Field Measurements

ViSUAAL

Generated Measures

- Synchronized

Time Series
RSSI-Log

* Coordination
UPPAAL Simulator * Synchronization
* Data Collection

Connection

Radio Model Probability

mde = n‘u::de{hl&ndell_. dlum id, chn, time, dur]
x=0

»

* Send

* Receive N
* Sleep

* Inspect

neo. C@ rteC Radio Driver Virtual HW

Wireless connectivity made simple.

andle_messageinode, null) r+EPs

t?_n'|5g{n'|ediun'|_. id, chn J.Q 4 I_ IN K A | D E R S

Wire connectwlty made simple.




(/ AALBORG SIDE
UNIVERSITET 20



1Sync?

v = home,
workFromHome

prob = cdf (beta*I_s[v]/(S_s[v]+E_s[v]l4I_s[v]4

dist = random(1.6),

infector=sample_infector(v)

unsubscribe(id, v),

unsubscribe(id, v),

stay_at_home || lockdownL

unsubscribe(id, v),

it v = home
L Home_8h2 Home_4h2 Home_16h
= random(1.8) 4 ld 18vne?
1Sync? . 1Sync? 1Sync? LAk
lockdownW|| TlockdownL || workFromHome || stay_at_home ! (stay_at_home || lockd wig ﬁg?t—home Il LockdownL
unsubscribe(id, W)Sync? :
= "ad unsubscribe(id, v
v = leisure hogies it (1d, v), v = home
!(LockdownW|] TlockdownL || workFromHome || stay_at_homes
\6 1Sync? 1Sync? 15ync? 1Sync?
unsubscribe(id, v, ; i unsubscribe(id, v I (stay_at_home [| Llock ) unsubscribe(id, v
unsubscribe(id, W& 5 :
v = home s drk_8h v = work Work_4h 1Sync? Leisure_4h v = home Home_12h
Home_8h Home_4h v = work : :
unsubscribe(id, v),
v = leisure
1Sync?
is_immune
hSync?
 R_s[v]+, kvadranter[kvadrant].R+, b
uses_app = random(1.8) < APP_RATE
. 3 x * function signature: (canvas, node, point)
initInf && ! is_immune = | mote.mode = 1; /1 = display nodes, 2 = with replay features
isync? :
3 _alpha = node.I / 100;
inc_time=incubation_time(), i veracralenn = ToLaL 690,
dist = ;!.nfec‘t;ous_tlmg(hln:_tllﬂE, g :m::::zmm:ﬁéé.255.255,'-umr_o|m"1'1:
prob = infectious_period(), 0 canvas. FUL{Fgba (255,08, "+ color_alphss™)*):
prob = random(dist+prob), =
inc_time = inc_time - prob,
dist = dist - prob,
kvadranter[kvadrant] .E++,
uses_app = random(1.8) £ ARP_RATE
linitInf && !is_inSwne E R
vadranter kv = _S’[\fg‘ﬂ' hSync? subscribe(1
uses_app = . £ APP_RATH E_s[v]++ hSync?
hSync?
I_slv]l--, iy
hSync? stay_at_home = staylat_homp 11 R_:[vj"
E_slv] (sah && (time+0.0) imedolh s
R_

R_s[v1)),
presSync?

hSync?
s_s[v]-

hSync2?

dist = prob
kvadranter[kvadrant].5—
kvadranter [kvadrant] .E+
inc_time=incubation_time
dist=infectious_time()+i
+NINF

“‘ UNIVERSITET

dist = time
hSync2?

dist £ time && time > O
hSync2?

kvadranter [kvadrant] .E—,
kvadranter [kvadrant] .I+,
sah = asymptomatic > random(1.8)
stay_at_home = stay_at_home ||
(sah && (time+8.8) = inc_time) [I|
has_notification(infector),
]ti;ﬂes infectious_period()+time,
Cab¥%y (id, stay_at_home && uses_ppp)
dist = time && time = 0
isync? y,

stay_at_home=false

kvadranter[kvadrant] .E--,
kvadranter [kvadrant].I+,

sah = asymptomatic > random(1.0),
stay_at_home =

sah && (time+0.8) = inc_time ||
has_notification(infector),

dist = random(infectious_period())

kvadranter[kvadrant] .I--,
kvadranter [kvadrant] .R++,

SIDE
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Stochastic Optimization of
Stochastic Priced Timed Games
using
Uppaal Stratego

AAAAAAA
IIIIIIIIIII



Markov Decision Processes ‘
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Markov Decision Processes

What is the optimal Strategy s.t. we
publish a paper?

Strategy:
o : Q -> Dist{Write, Submit,, Revise,}

Theorem:

The optimal strategy can be computed and is
defined by the Bellman equations. Furthermore
a deterministic optimal strategy exists.

( AALBORG SIDE
UNIVERSITET 24
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Q-learning

Model-free learning

AALBORG
UNIVERSITET

Transition probabilities are unknown
Costs are unknown

States are visible

Actions are visible

Works on samples of the system

SIDE
25



Q-learning

Model-free learning
- Transition probabilities are unknown
- Costs are unknown

- States are visible

- Actions are visible
- Works on samples of the system

Provable convergence to discounted optimum -

... if the learning-rate converges I
to zero in the limit AND

all actions have non-zero probability of
being sampled. emporal difference ‘ i
Q" (81, a¢) Q8¢ a¢) + = : ( L v : max Q(s;1,a) _Q(Shat})
N ~ ~ ~ Y . ——
old value learning rate reward  discount factor v old value

estimate of optimal future value

L. &

new value (temporal difference target)

( AALBORG SIDE
UNIVERSITET 26



Assume action-reward -1, goal S,, ) temporal difference
Discount=0.9, learning-rate=0.5, Q™(s0,a1) < Q(s0,a1) +
Greedy exploitation

~

a - ( T+ ¥ : max Q(s;1,a) -Q(Snﬁt})
T ﬂ. o
old value

old value learning rate reward  discount factor

-
estimate of optimal future value

Q(Sn, action) =

S1
S; Revise;
S Revise;
Ss
S4 Submit;
S Revise;

( AALBORG SIDE
UNIVERSITET 27
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strategy s = maxgE(c) [<=100]: <> S3 // compute the strategy

saveStrategy(s, “filepath.json”)
E[<=100;100] (max:c) under s
E[<=100;100] (max:c)

AALBORG
UNIVERSITET

// save the strategy
// evaluate strategy performance
// performance of random controller

SIDE
28



Q-Learning

Q-table gives us a stratgy
- For each state, pick “best” action

Strategy(Q-table) + MDP => MC

SIDE
29



Euclidean Markov Decision Process
MDP With Continuous State Space

Disturbs

x=<18 x:=0
: Gradi
Needs 18 hours for grading Needs answers
[ Disturbed
Al x=18 C=C+15 P
Controllable Professor Uncontrollable Student
Choices:

1) Answer student, restart grading
(s 2) Ignore the student, spend 15 hours on complaint later

UNIVERSITET 30
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o

Initial

x>18

Disturbed
Al

x<18

x<18

x:=0

C:=C+15

Grading

SIDE
31



20

¢
|
o

x>18

Disturbed
Al

x<18

x<18

x:=0

C:=C+15

Grading

SIDE
32



x>18 Xx<18 x:=0

Disturbed
Al

(next x = uniform(0, 20))

Grading

X =21

x<18 C:=C+15

via /

via A



x>18 Xx<18 x:=0

Disturbed
Al

[next x = uniform(0, 20))

Grading

x<18 C:=C+15

(next C = C + next x)

via /

via A



x>18 Xx<18 x:=0

Disturbed
Al

(next x = uniform(10, 20))

Grading

X= 20

x<18 C:=C+15

via /

=0 via A



x>18 Xx<18 x:=0

Disturbed
Al

(next X = uniform(10, 20))

Grading

x<18 C:=C+15

via [ (next X = uniform(15, 20))

X'=0 via A



x>18 Xx<18 x:=0

Disturbed
Al

(next C = C + next x)

Grading

x<18 C:=C+15

val (relative to x)

via A
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Euclidean Markov Decision Process
MDP With Continuous State Space

Undecidable to solve in theory and practice
- Infinite (uncountable) number of states
- We cannot map to an regular MDP

Unobservable
- No direct cost function
- No direct transition function

Solution
- Discretize!

- What is a good general discretization?

Disturbs

AALBORG
UNIVERSITET

ng

rollable Student

SIDE
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Q(v) = min(Q(v, A), Q(v, I)) Q(v, A) Q(v, I




Q(v) = min(Q(v, A), Q(v, 1)) Q(v, A)

Hypothesize a next partition for Aand /

Qv, 1)



Q(v) = min(Q(v, A), Q(v, I)) Q(v,A) Q(v, I




Q(v) = min(Q(v, A), Q(v, I)) Q(v, A)

s

o Mean
f" | Frequency
v/ Variance

o o




Q(v) = min(Q(v, A), Q(v, I)) Q(v, A) Qv, I

[, AC =215

A AC=11.9

I, AC=20.8

x = 0, Ignore initial student (C = C + 15)




Q(v) = min(Q(v, A), Q(v, 1)) Q(v, A Q(v, 1)

[, AC =215

A AC=119

I, AC =20.8




Q(v) = min(Q(v, A), Q(v, I)) Q(v, A) Q(v, I

- ] s

Qv,a) = Q(r,a) - A+ (1=X) - (AC+~-Q(s))

10

I, AG= 21.5

A AC=119

I, AC=20.8




Q(v) = min(Q(v, A), Q(v, I)) Q(v, A)

[, AC =215

A AC=119

I, AC=20.8




Q(v) = min(Q(v, A), Q(v, 1)) Q(v, A) Qv, 1)

I, AC =20.8



I, AC =20.8

41.5

403



Q(v) = min(Q(v, A), Q(v, 1))

e'te = (7)o




Q(v) = min(Q(v, A), Q(v, I)) Q(v, A) Q(v, I

o | 20.9
329 f 19
15 Vf 200

. " x =12

o
I x=9

& o | 50.1
34 i 22
10 Vf 1600

900




"Norm(x,20.9,14.4) ——
Norm(x.50.1.40) —— 4

20.9
19
200

50.1
22

1600



INormix.zt}.IQ.ld.d]
Morm(x,50.1,40)

Mormix, 34,30)
Mormix,32.5.10)

Kolmogorow-Smirnoff test

32.5
1
100

34
10
900

Q(v, I)

. o 20.9
f 19
% 200

? =

|

= o’ 50.1
i 22
v | 1600



"Norm(x,20.9,14.4) ——
Norm(x,50.1,40} -

o | 20.9
f’ 19
/
Welches T-test v | 200
e — - - X =12
| "| Disclaimer: Nonsense statistics: it iIs a heuristic
Approximated in implementation
! : !
o 50.1
I 22
v | 1600

Kolmogorow-Smirnoff test




Q(v) = min(Q(v, A), Q(v, I))

o¢ = (7)o

32.5
15
100

34
10
900

20.9
18
200

X =12

50.1
22
1600



Q(v) = min(Q(v, A), Q(v, I))

Q(v) =20.9
Q) =325
Q(v) = 34

Q(v, A)
o' | 325
f’ 15
v’ 100
X=9
o’ 34
f’ 10

v | 900

Q(v, 1)

% 20.9
f* 19
% 200
X =12

o' 50.1
i 22
v | 1600




Q(v) = min(Q(v, A), Q(v, I)) Q(v, A)

Q(v) = 20.9

Q(v) =325

Q(v) = 34

Sample more and repeat

Q(v, I



Q(v) = min(Q(v, A), Q(v, I))

Q(r) = 20.9
Q(v) =325
Q(v) = 34

Q(v, A)

Q(v, 1)
X=106
X= B



DEMO

hhhhhhh
IIIIIIIIIII
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Safe Learning!
The curious case
of going to work

What is the fastest way to get to work?
What if Kim needs to be there in 40 min?

AALBORG
UNIVERSITET

Aalbonrg

)

Bike

T<45

— o Wait
GoBack &

T=0, retry=1

SIDE
59
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Safe Learning!

AALBORG
UNIVERSITET

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

Uppaal
E<> error under NS

A[] safe under NS

¢

Stochastic
Pr|ced maxE(gain)

A

Statistical Learning e c.g.,-;.

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

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

el

Timed Automata

P|o°

optimized Stochastic Priced

Strategy Timed Automata

f F N
Uppaal SMC

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

&

SIDE

60




Partial Observabillity in Stratego
The Monty Hall Problem

=

picked = picked,

&

r: int[1,3] +pckt
r % pilcked &&
c : int[1,3] p ¢ Antll, 3] r == car 6
QO .- )————O oo e *_h
._ car = ¢ >O plcked=p )@_r‘eveal—r‘ ) Win=picked — car’O

picked = switched()

We cannot observe what is behind the door!
strategy s = maxE(win) [<=1] : <> Hall.G // observes everything
strategy s maxE(win) [<=1] {Hall. location, reveal} -> {}: <> Hall.G

(/ AALBORG SIDE
UNIVERSITET 61



Partial Observabillity in Stratego
The query explained

strategy s = maxE(...)

[<=...1 { ...} ->{ ...



X < 10

Tips when using Stratego 1:1ntl0, 3]

Non-lazy controllers

- Act now or “wait forever”

-O

. signal!
x = 10

-  Stratego cannot propose a delay!
- Keep “controllable locations” urgent

* Avoid “lazy” behaviour

Problem is Markovian

i:int[0, 3]

= Future is independent from past

© -O
. signal! >.
. signal? ).

- Cost-function is Markovian

-  The observable projection is Markovian!

Other Tips

- Keep receivers controllable

* Avoids consistency-issue with TiGa
- Avoid guards on controllable edges

*  Breaks assumption of Q-learning

( AALBORG SIDE
UNIVERSITET 63



Exercise!

3) Stochastic Jobshop Scheduling Game
- Extend your Stochastic Jobshop scheduling to a stochastic game
- Optimize the scheduling using Stratego, minimize the completion time

- Make a strategy (using TiGa) that garuantees that Kim is done in 60 minutes

* He has a plane to catch!
- Compare the random scheduler, the fast scheduler and the “Kim gets to the plane”-scheduler
- Try to improve (using Stratego) the “Kim gets to the plane”-strategy

-  Change the observations of stratego s.t. only the “sections in use” and the location of the persons are visible, what is the
effect?

(/ AALBORG SIDE
UNIVERSITET 64



o M Average delay Id Queue M Stops MFuel consumption

/70

60

50 |

40

30

20

10

M Travel time

«

Hobrovej /
Sendre Skovvej

AALBORG
UNIVERSITET

Hobrovej /
Melleparkvej

Hobrovej /
Ny Kcervej

Hobrovej /
Provstejorden

&
swarcosg

fiic)
N ), BoRG

ON* ™ kommunE

by K
AARHUS
KOMMUNE

e e
P

Az
" l K@BENHAVNS KOMMUNE

L

&

COWI

SIDE
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Scheduling optimizati 1011 )

I=1b

Orblt /4 Power Predlctlon

|<=lb @

blUpdate? -
Idle update() Check Depletion
_... penaty slewing Sttt nd
vl o cost'== -‘Ut avaliabia{zid]? i
czstRate{nid) N ENHERpErERnITEOT e
sepuito g-r/mm-m el resched?
al? egntoie seplzidll \
xp_passibleipid)
bl [T vl ke[ A]
o e, f, =
H“‘x Alkan Carnect Athuse Alesie
- sligaTe
TheaTedlewbackipld]

(/ AALBORG
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Examples

-1y Ty = T» Taa
21 Tz Ts —Ta Tu [
Ty —Tg — Ty
205 1 ] ;i |
L] 500 1000 1500 2000

24

235 |
23
225 |
22 |4

2L.5

21

205 , : :
0 500 1000 1500 2000

(b) STRATEGO-ON-CL controller

(/ AALBORG
UNIVERSITET

Distance Energy

Weather

Bang-Bang STRATEGO imp. Bang-Bang STRATEGO imp.

Aalborg 14583 8342 43% 14180 12626  10%
Anadyr 2385515 1483272 37% 23040 22475 2%
Ankara 17985 10464 41% 17468 15684  10%
Minneapolis 22052 12175 44% 18165 15882  12%

Murmansk 399421 187941  52% 22355 21011 6% °'%3
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Things we have not discussed

AALBORG
UNIVERSITET

Differential equations
Loading/saving strategies
Interfacing with external C-code
Loading real-life data

On-line reinforcement learning

* Adaptive/data-driven planning

SIDE
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