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This paper presents novel extensions and applicationseofJ#PAAL-sSMC model checker. The
extensions allow for statistical model checking of stoticalsybrid systems. We show how our
race-based stochastic semantics extends to networks afitsylstems, and indicate the integration
technique applied for implementing this semantics in thAAL-SMC simulation engine. We re-
port on two applications of the resulting tool-set comingnfr systems biology and energy aware
buildings.

1 Introduction

Statistical Model Checking (SMQ)[29, 27,132,134] 25] is apraach that has recently been proposed as
new validation technique for large-scale, complex systemge core idea of SMC is to conduct some
simulations of the system, monitor them, and then use Statiisnethods (including sequential hypoth-
esis testing or Monte Carlo simulation) in order to decidéhveome degree of confidence whether the
system satisfies the property or not. By nature, SMC is a comige between testing and classical for-
mal method techniques. Simulation-based methods are ktmba far less memory and time intensive
than exhaustive ones, and are some times the only option. I&dGeen implemented in a series of tools
that have defeated well-known tools such as PRISM on sevasa studies. Unlike more “academic”
exhaustive (and intractable) techniques, SMC is spreafdingarious research areas such as systems
biology [21,24] and software engineering [36] 30], in parar for industrial applications[4] 6] 5].

There are several reasons for this success. Firstly, SMih@esto understand, use and (in princi-
ple) to implement. Secondly, no additional modelling orcifieation effort is needed, provided that the
mode-ling formalism used can be given a natural stochastiastics serving as the basis for interpre-
tation of the specification formalism and as a basis for gaimgy simulation-runs. Thirdly, SMC allows
to analyse properties [11], 4] that cannot be expressedssickd temporal logic, including properties for
which classical model checking is undecidable.

In a series of recent works [1/6,/15], we have investigategthblem of Statistical Model Checking
for networks of Priced Timed Automata (PTAs). PTAs are tinaetiomata, whose clocks can evolve
with different rates, whil® being used with no restrictions in guards and invariants[1Hj}, we have
proposed a natural stochastic semantics for such automvhtel allows to perform statistical model
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checking. Our work has later been implemented imPRIAL-SMC, that is a stochastic and statistical
model checking extension of RPAAL. UPPAAL-SMC relies on a series of extensions of the statistical
model checking approach generalised to handle real-tirsis)s and estimate undecidable problems.
UPPAAL-SMC comes together with a friendly user interface that allowser wo specify complex prob-
lems in an efficient manner as well as to get feedback in the &dprobability distributions and compare
probabilities to analyse performance aspects of systerhs. UPPAAL-SMC model checking has been
applied to a wide range of examples from networking and NaghliBrium[9] through systems biol-
ogy [14], real-time scheduling [13], and energy aware systd2].

For PTAs clocks evolve with fixed rates depending only on ilerdte state of the model, i.e. loca-
tions and discrete variables. In this paper, we presentraptément an extension of the modelling for-
malism of UPPAAL-sMC, where clock rates may depend not only on values of discagiahles but also
on the value of other clocks, effectively amounting to oadindifferential equations (ODES). As a first
contribution of this paper, we present an extension of cce-#zased stochastic semantics to networks of
stochastic hybrid automata (SHA). One major difficulty ie tmplementation of this extensions in our
engine for generating random runs, in a manner which is cbwith respect to the stochastic semantics.
In fact UpPAAL-sMC does not solve the equations exactly but currently suppbet€uler integration
method. A fixed time step (defined by the user) is used by amiltintegrator component added to the
system. This integrator races with the other processesglits time step and all rates are considered
constant and defined by the equations in the model. As a sexdbution of the paper we describe
this integration in WPAAL-SMC. It is worth mentioning that while other SMC-based apprescexist
for SHAs [36/ 35| 2], none of them do consider ODE-based nisatédn for clock rates.

To demonstrate the applicability of this new extension, welaadvanced SMC techniques to two
challenging applications coming from systems biology andrgy aware buildings. For the case of
systems biology, we show how the combination of ODEs and SNé@/s us to reason on biological os-
cillations — a problem that is beyond the scope of most exjdtirmal verification techniques. We model
a genetic circadian oscillator, which is used to distil tesemce of several real circadian oscillators. For
the case of energy aware buildings, we refer to a recentlgldped framework including components
for layout of buildings, availability of heaters, climatedauser behaviours allowing to evaluate different
strategies for distributing heaters among rooms in terniseofesulting comfort and energy consumption.
To indicate central parts of this framework and the clearathges of modelling the evaluation of room
temperatures with ODEs, we illustrate in this paper the éaork with a small instance comprising two
rooms with a single shared heater.

Structure of the Paper. The remainder of the paper is structured as follows. In the Section 2
we preview the expressive power of the hybrid extensions e$AAL-sMC using an extension of the
well-known bouncing ball. Sectioh$ 3 and 4 details the seitgof the extended formalism of networks
of stochastic hybrid automata. Applications to Energy AaBuildings and a Biological Oscillator are
given in Sectiori b and Sectidn 6, respectively. Finally,t®ad7 concludes the paper and suggests
directions for future research.

2 Throwing, Bouncing and Hitting Ball

To give an early illustration of the expressive power of thkterded modelling formalism of RPAAL-
sMc, we consider a variant of the well-known bouncing ball. Im versioff] the ball is initially thrown
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vy’ == -9.81 && ~ hit?
y = 10, y' == 1*vy y>=68&& vy >=0&&
X'==1*vx vy = 5.8+random(0.5) x>=10
vy=—(0.85+random(0.1))*vy—-4
10 () y=—( (0-1)vy

hit?
y>=6 && vy<0 && vy>=—4 &&

vx = =10+random(0.5)

bounce! bounce! >=10
X == 0 && VX < 0 y==0&&vy<0 w = 4.0
vx = —(0.85+random(0.15))*vx vy = —(0.8+random(0.12))*vy y '
(a) Model ofx coordinate. (b) Model ofy coordinate.
10
8
o 6
c—ﬁ 4 Hy
5:2 > 2
0 5 10 15 20 25 30 35 40
(c) Player trying to hit with exponentiany X
distributed delay. (d) Trajectory agx,y) plot.

Figure 1: Models and a trajectory of a thrown/bouncing blbii a player.

against a wall, bounces against it, and then continuesajisctory by falling and bouncing against the
floor. In addition, a (inexperienced) player tries to hit tredl randomly according to an exponential
distribution. The model is depicted in F[d. 1(a)—(c). Thayar is modelled as a simple automaton that
broadcastait! with an exponential distribution of rate/8. Thex coordinate (Fig_la) is initialised to
10 with an uncertain derivativex uniformly betweerf—10,—9.5] (the ball is thrown against the wall),
after which the ball moves toward the wall (placed at 0). H#re automaton outputsounce! on an
urgentchannel, which forces the transition to take place detastigally atx= 0. After a bounce with
a random dampening factor of the velocity uniformly betweer{0.85, 1], the ball continues to move in
the opposite direction. Thecoordinate (Fig._b) is initialised to 10 with an uncertaéridativevy. The
model shows the effect of gravitation witty’= —9.81. The ball bounces with a random dampening
factor on the floor (at 0) and when the ball is away from the #zaH 10) then it can be hit by the player
provided it is high enoughy(> 6). Depending on the current direction of the ball, the barhounce or
it is pushed. One possible trajectory of the ball is shownigufe[1d. The plot is obtained by checking
the query $imulate 1 [x<=40]{y}". The vertical line shows the ball moving to its initial ptieh
and should be ignored. The ball bounces as expected agaesiatl, the floor, and the hitting of the
player. UPPAAL-SMC is able to simulate this hybrid system that has a second @@t, a stochastic
controller (the player), and a stochastic environmentdoam dampening factor).

In addition, we may perform statistical model-checking idey to estimate the probability that the
ball is still bouncing above a height of 4 after 12 time uniifhwthe query:

Pr[<=20] (<> time>=12 and y>=4)

which returns the confidence intenj@l44,0.55 with 95% confidence after having generated 738 runs.
We can also test for the hypothesis

20ur version is inspired by the recently announced solutipa b6 year old German school boy (Shouryya Ray), to a 350
year open problem by Newton concerned with predicting tagttory of a ball thrown at a wall.
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Pr[<=20] (<> time>=12 and y>=4) >= 0.45,
which gives a more precise lower bound. The hypothesis hwiliffisa region of indifferencet0.01 and
a level of significance of 5% after generating 970 runs.

3 Networks of Hybrid Automata

UPPAAL-SMC now supports the analysis of stochastic hybrid automataAjSkht are timed automata

whose clock rates can be changed to be constants or expresEpending on other clocks, effectively
defining ODEs. This generalizes the model used in our prewioark [1615] where only linear priced

automata were handled. Our new releasePAhL-smc 4.1.16 supports fully hybrid automata with

ODEs and a few built-in complex functions (suchsas, cos, log, exp andsqrt)!

Hybrid Automata Intuitively, a hybrid automato? is a finite-state automaton extended with con-
tinuous variables that evolve according to dynamics cheraing each discrete state (calletbaation).
Let X be a finite set of continuous variablesvariable valuationoverX is a mapping’ : X — R, where
R is the set of reals. We writR* for the set of valuations ovet. Valuations oveiX evolve over time
according tadelay functions E R~ x R* — RX, where for a delayl and valuatiorv, F(d, v) provides
the new valuation after a delay df As is the case for delays in timed automata, delay functioasas-
sumed to be time additive in the sense théd;, F (d, v)) = F(d1 +dz, V). To allow for communication
between different hybrid automata we assume a set of adionkich is partitioned into disjoint sets of
input and output actions, i.& = ;W 2.
Definition 1. A Hybrid Automaton (HAY? is a tuples# = (L, /o, X,E,F,1), where: (i) L is a finite set
of locations, (ii)¢p € L is an initial location, (iii) X is a finite set of continuougsables, (iv)Z = Zj W2,
is a finite set of actions partitioned into inputy; and outputs ), (v) E is a finite set of edges of
the form(¢,g,a,¢,¢'), where/ and ¢ are locations, g is a predicate aR*, action label ac = and ¢
is a binary relation onR*, (vi) for each locatior¢ € L F(¢) is adelay function and (vii) | assigns an
invariant predicate (¢) to any locatiorV?.

The semantics of a HA# is a timed labeled transition system, whose states are ([@airs< L x RX

with v = 1(¢), and whose transitions are either delay transitiths ) LN (¢,v") with d € R>o and
v/ = F(d,v), or discrete transition&/, v) — (¢',v') if there is an edgé/,g,a,¢,¢) such thatv =g
ande (v,v'). We write(¢,v) ~ (¢, V') if there is a finite sequence of delay and discrete transititom
(4,v) to (¢, V).

In the above definition, we have deliberately left open thecoete syntax for the delay functidh
as well as the invariarit In UpPAAL-sMC the delay update for a simple clogk- used in (priced) timed
automata — is given by an implicit ra = 1 or an explicit rateX = e appearing in the invariant df
wheree is an expression only depending on the discrete part of themustate. More generally, the
effect of the delay functiofr may be specified by a set of ODEs needing to be solved. It isrirapioto
note that in specifying the delay functi#hand the invariant, the full syntax of WPAAL expressions —
including user-defined functions — is at the disposal.

Example 1. Reconsider the extended bouncing ball example from SeZtid#ere the automaton for
the z coordinate may be initialized to the state= 10, vx = —9.8), after which the following transition
seguence may occur:

(x=10,vx = —9.8) 10:98 (x=0,vx =-9.8) bounge! (x=0,vx =9.31)

Swww. uppaal.org.
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where in thebounce !-transition the dampening factor has non-deterministicidleen chosen from the
interval [0.85,1.00] as0.95. The automaton for thg coordinate may be initialized to the statge =
10,vy = 5.9) after which the delay function will effectively be given lgyag transitions:

(y =10,vy =5.9) -2 (y = —9.81/2d? + 5.9d + 10, vy = —9.81d + 5.9)

The ball bounce !'es on the floor, i.e.y = 0 or when (approximately) e 2.15, and will afterwards
- having non-deterministically chosen the dampening fa6t8 - continue from the statéy = 0,vy =
13.67).

Networks of Hybrid Automata Following the compositional specification theory for timgdtems in
[17], we shall assume that NHAs a@rut-enabledn the sense, that for all staté§v) and input actions
| € 5;, for all HAs |, there is an edg€/!, g, l,(b,EjI) such tha =gand¢(v,Vv’) for some valuation’'.
Also, we shall assume that time always diverges, and thigrdift automata synchronize on matching
inputs and outputs as a standard broadcast synchronifathn

Whenevere/! = (LI, XJ, 21 EI FI 11) (j = 1...n) are NHA, they arecomposablénto a closed
network ff their variable-sets are disjointX( N XX = 0 when j # k), they have the same action set
(= =3) = 5*forall j,k), and their output action-sets provide a partitiorEqt, N =¥ = 0 for j # k, and
3 = UjZ}). Forae = we denote by(a) the uniquej with a€ 1. If v € R* with X = U;XJ, we denote
by v |y; the projection ofv to X/.

Definition 2. Let.w/} = (LI, X, £,EI,F1, 1) (with j=1...n) be composable NHAs. Theiomposition

(e |...| o) is the HA& = (L,X,%,E,F,1) where (i) L= x;Li, (i) X = U;XI, (i) F (¢)(d,v)(x) =
FI()(d,v Ixi)(x) when xe X7, (iv) [ (£) = ;1 (¢), and (v)(¢,N;0j,a U ¢}, ') € E wheneve((;,gj,a, ¢;,¢}) €
Eiforj=1...n.

4 Stochastic Semantics for Networks of Hybrid Automata

Reconsidering again our extended version of the bouncitigrben Section[2, it is clear that there is
a constant race between the badunce!ing on the floor and the playerit!ing the ball. Whereas
the time of bouncing is deterministic — given by the ODE afedi from the (stochastic) effect of the
previousbounce! orhit! — the time of hitting is stochastic according to an exporamistribution
with rate 52. However based on this, a measure on sets of runs of thersysidnduced, according
to which quantitative properties such‘dise probability that the ball with have a height greater thd
after 12 time-units’become well-defined.

Our early works|[[15] — though aimed at stochastic semantigarioed timed automata is suffi-
ciently general that it also provides the basis for a natstathastic semantics for networks of HAs,
where components associate probability distributionsath Ibhe time-delays spent in a given state as
well as to the transition between states.

Let.wl = (LI, X1, Z,EI,FI 1) (j = 1...n) be a collection of composable HAs. Under the assump-
tion of input-enabledness, disjointedness of clock setisocaput actions, states of the composite NHA
o = (a|...| ) may be seen as tuples= (s, ...,s,) wheres; is a state ofe7, i.e. of the form(¢, v)
where/ € LI andv € RX'. Our probabilistic semantics is based on the principle @éjrendence between
components. Repeatedly each component decides on its oased lon a given delay density function
and output probability function — how much to delay beforgpatting and what output to broadcast at
that moment. Obviously, in such a race between componeatsuttome will be determined by the
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component that has chosen to output after the minimum defeg/.output is broadcast and all other
components may consequently change state.

Stochastic Semantics of HA Components The stochastic semantics of HAs refine the non-deterministi
choices that may exist with respect to delay, output and staxe. We consider the component and

let St/ denote the corresponding set of states. For eachsstaté, v) of <71, we shall assume that there
exist probability distributions for delays, output as waslnext-state:

+ the delay density functionus over delays inR-o, provides stochastic information for when the
component will perform an output, thygus(t)dt =1

« theoutput probability functiory assigns probabilities for resolving what outpu slto generate,
i.e.So¥(0) =1

» thenext-state density functioff provide stochastic information on the next stsite (¢, v') € RX
given an actiora, i.e. [y n&(s) = 1.

For outputs happening deterministically at an exact timatgb(or deterministic next states), us (n2)
becomes a Dirac delta functiay (@ﬂ

In UpPAAL-sMcC uniform distributions are applied for states where deldyagnded, and exponen-
tial distributions (with location-specified rates) are kgubfor the cases, where a component can remain
indefinitely in a location. Also, BPAAL-SMC provides syntax for assigning discrete probabilities fe di
ferent outputs as well as specifying stochastic distrim#ion next-states (using the functicimdom [b]
denoting a uniform distribution of®, b]).

Stochastic Semantics of Networks of HA For the stochastic semantics of closed networks of HA con-
sidere” = (oA |...| 9%) with a state spacgt = Sty x - -- x St,. Fors= (sy,...,S) € Standajay...a €

>* we denote byi(s,a;a,. .. &) the set of all maximal runs fromwith a prefixt;a;toas . . . tkax for some
t1,...,th € R>o, that is runs where thith actiona has been outputted by the componégt,). Pro-
viding the basic elements of a Sigma-algebra, we now ingeigtidefine the following measure for such
sets of runs:

Py (m(say.. an)):
usc /usJ T)dT) - yst(ay) / |_|r7 (m(s,a...a))ds) dt

This definition requires a few words of explanation: at théeamost level we integrate over all
possible initial delay$. For a given delay, the outputting componemt= c(a;) will choose to make
the broadcast at timewith the stated density. Independently, the other compsnefil choose to a
delay amount, which — in order farto be the winner — must be larger thgrhence the product of the
probabilities that they each make such a choice. Havingddddior making the broadcast at tirhehe
probability of actually outputtingy is included. Finally, integrating over all global statghat may
result from all components having delayetime-units and changed state stochastically with respect t
the broadcasted acti@a, the probability of runs according to the remaining actiass . a, is taken into
account.

4which should formally be treated as the limit of a sequenceetdy density functions with decreasing, non-zero support
aroundd.



128 Statistical Model Checking for Stochastic Hybrid Systems

Generation of Random Runs The central component of the SMC engine ofRAAL-SMC is the
efficient generation of random runs according to the stdehasmantics proposed in the preceding
Section. WPPAAL-SMC has to integrate the ODESs given in the model while still refipg its stochastic
semantics. The tool does not solve the equations exacthcamdntly supports the Euler integration
method. A fixed time stept (defined by the user) is used by an internal integrator commoadded to
the system. This integrator races with the other process@sts time step and all rates are considered
constant and defined by the equations in the model. At the Badeoy step or if another process wins
the race, all the rates are re-evaluated and the resultings/af the clocks are computed according to
Xnew = Xold + Ot * X;,4. We plan to implement more robust methods, such as Rungeruthat give
different evaluations ofnew. In this casex),, is then derived from the method and not directly from the
equation in the model and kept constant durdig The stochastic semantics and the races between the
components are still respected.

The integrator component always picks a delay equal to thendime ste@t. The other components
pick delays according to their distributions. The winnirggrgponent delays to the point in time it wanted
and tries to take a transition at that point. If it appears titaguard is satisfied, no transition is taken
and all components race again. In practice, every compaméinise the current rates of the clocks to
evaluate a lower bound on the delay from which anything capéa to skip delaying for nothing.

Statistical Model Checking We use SMC[[28, 32, 34, 29] to estimate and test on the pratyathibit
a random run of a network of SHAs will satisfy a given propeyven a model’Z and a trace property
¢ (e.g. expressed in LTI [31] or MTLL[26]), SMC refers to a serigf simulation-based techniques
that can be used to answer two questions: @Ulitative: is the probability that a random run o#
will satisfy ¢ greater or equal to a certain threshéldor greater or equal to the probability to satisfy
another property’)? and (2)Quantitative: what is the probability that a random run.¢f” will satisfy
¢? In both cases, the answer will be correct up to a user-spadifvel of confidence, providing a upper
bound on the probability that the conclusion made by therahgo will be wrong. For the quantitative
approach, which we will use intensively in this paper, thetrod computes a confidence interval that
is an interval of probabilities that contains the true philiig to satisfy the property. Here the confi-
dence level provides the probability that the computed denfie interval indeed contains the unknown
probability.

Our UppAAL-sMC tool-set implements a wide range of SMC algorithms for neks@mf SHAs not
only for reachability and safety properties, but also fonegyal weighted MTL properties [10] 8]. In
addition, the tool offers several features to visualize i@adon on the results.

5 Energy Aware Buildings

UPPAAL-SMC has recently[[12] been applied to an evaluation frameworkefeergy aware buildings,

where the control of heating is optimized with respect toirmmmental and user profiles. To indicate
central parts of this framework and the clear benefit of madekith ODEs, we illustrate the framework
on a simplified instance and recall results from our caseysfi2] based on a benchmark for hybrid
systems verification [18].

A Simple 2-Room Example To illustrate the various aspects of the (extended) mogédbnmalism
supported by BrAAL-SMC, we consider the case of two independent rooms that can ledhbg a
single heater shared by the two rooms, i.e., at most one r@nbe heated at a time. Fig.2(a) shows
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ON_O Init Init
off[0]! @ on[0]? @ on[1]?
x=0 T[0]=TO[O K=9+random(3) T[1]=TO[1 K=9+random(3)
0
o orf Q) ON orf Q) ON
off[0]? off[1]?
T[0]'==-T[0]/10 K'==0&& T[1]"'==-T[1]/10 K'==0&&

of f[1]! +sum(j:int[0,1]) T[0] '==K - T[0]/10 +sum(j:int[0,1]) T[1] '==K - T[1]/10

ON_1

on[1]!

A[OI[I*(T[1+-T[O])/s +sum(j:int[0,1])
ALOIGT*(T[jl+-T[OD)/s

A[LI[I*(THI+-TI1D)/s +sum(j:int[0,1])
ALLIGI*(TI+-TI1D/s

(a) stochastic heater. (b) room Q. (c) room 1.
Figure 2: A simple two room example with an autonomous heater

the automaton for the heater. It turns itself on with a umifalistribution over time in-betweej®, 4]
time units. With probability 14 room 0 is chosen and with probability8room 1. The heater stays
on for some time given by an exponential distribution (rat®r2room O, rate 1 for the room 1). In
summary, one may say that the controller is more eager tatmithe heating of room 1 than room
0, as well as less eager to stop heating room 1. The roomsrailarsand are modeled by the same
template instantiated twice as shown in Eig. 2(b-c). Therdinitialized to its initial temperature and
then depending on whether the heater is turned on or notviilaten of the temperature is given by
T =-Ti/10+ 501 Aj(Tj—Ti) or ' = K—=Ti/10+ 5 ;01 A j(T; — Ti) wherei, j = 0,1 are room
identifiers. The sum expression corresponds to an energybitdween rooms and matrik encodes
the energy transfer coefficient between adjacent roomghé&unore, when the heater is turned on, its
heating is not exact and is picked with a uniform distribatiof K € [9,12], realized by the update
K=9+random(3).

This example illustrates the support for NSHA imRAAL-sMC with extended arithmetics on clocks
and generalized clock rates.

Extended Input Language UpPAAL-SMC takes as input NSHA as described above. Additionally,
there is support for other features of therAAL model checker’s input language such as integer vari-
ables, data structures and user-defined functions, whedtlgrease modeling. RPAAL-SMC allows the
user to specify arbitrary rates for the clocks, which inelsid mix of integer and clock expressions on any
location. In addition, the automata support branching sdgeere weights can be added to give a distri-
bution on discrete transitions. It is important to note tteies and weights may be general expressions
that depend on the states and not just simple constants.

Checking Queries The fundamental principle in RPAAL-SMC is to generate runs and evaluate some
expression on the states along the obtained run. Runs aagsddaunded either by time, by a number
of steps, or more generally by cost (when using a clock eitiglic The engine has a built-in heuristic
detection of Zeno behaviours to abort the generation of suns. Examples of the syntax for the
different types of bounds arec=100] for 100 time units since the beginning of the ru#<=50] for 50
discrete transitions taken from the initial state, dme=200] until the clockx reaches 2

UPPAAL-SMC supports simulations with monitoring custom expressipnabability evaluation, hy-
pothesis testing, and probability comparison. We can sitewdnd plot the temperatures with the query

simulate 1 [<=600]1{T[0],T[1]}

51tis up to the modeler to ensure that the clock eventuallghrea the bound.
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time
Figure 3: Evolution of the temperatures of the two rooms.

The query request the checker to provide one simulate runG@@time units and plot the temperatures
of Room(0) andRoom(1). The heater in this example is purely stochastic and is iehded to enforce
any particular property. Yet, the simulation obtained frthis query in Fig[[B shows that the heater is
able to maintain the temperatures within (mostly) distintérvals.

We can evaluate on a shorter time scale the probability totemperature doom (0) to stay below
30 and the temperature Béom (1) to stay above 5 with the queries

Pr[<=100] ([1 Room(0).Init || T[O] <= 20)
Pr[<=100] ([] Room(1).Init || T[1] >=T7)

The results are respectively j0.45,0.55 and[0.65,0.75. The precision and confidence of these so-
called confidence intervals are user-defined and influereendimber of runs needed to compute the
probability. In this example, for having the precision to-b8.05 with a confidence of 95%, we need
738 runs. In fact if we are only interested in knowing if the@sd probability is above a threshold it
may be more efficient to test the hypothesis

Pr[<=100] ([] Room(1).Init || T[1] >= 7) >= 0.69

which is accepted in our case with 902 runs for a level of $icamce of 95%. To obtain an answer at
comparable level of precision with probability evaluatiere would need to use a precision=60.005,
which would require 73778 runs instead.

The tool can also compare probabilities without needingotlogute them individually. We can test
the hypothesis that the heater is better at keeping the tatupe ofRoom (1) above 8 than keeping the
temperature oRoom(0) below 20:

Pr[<=100] ([J] Room(1).Init || T[1] >= 7) >=
Pr[<=100] ([1 Room(0).Init || T[O] <= 20)

which is accepted in this case with 95% level of significandé yust 258 runs.

Results In [12] we have estimated the comfort time (duration whilengen comfortable temperature
range) and energy consumption for various weather comditioser profiles and central controller strate-
gies. Fig[4 shows six energy consumption estimates inrdiffeconfigurations (a building with 5 rooms
and 3 heaters). The energy comparison shows that the dynesetigrofile can save more than 33% of
energy regardless of the chosen central controller siyateg
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Figure 4: Energy consumption estimates for static and dymaser profiles.

6 Biological Oscillator

One of the key oscillatory behaviours in biology is the diliea rhythm that allows an organism to
take advantage of periods of day and night to optimise whamagimise activity and recovery. We
show how the genetic circadian oscillator [of[[3] 33] can balelled and analysed usingPBAAL-SMC.
This synthetic model distils the essence of several reahdian oscillators and demonstrates how a
reliable system can be constructed in the face of inherechasticity. Figuré Ba shows a system of
differential equations from_[33]. The equations are typeésdJPPAAL as invariant expression on a
location shown in Fig._8b, where each quanfity, Dr,D,, Ma, Mg, A, R,C are modelled as continuous
clock variablesDA, DR, D_A, MA etc with rates defined by a corresponding differential éqnat The
preceding expressions abailtphal, alpha A, alphaR, alpha R, beta_A and so on are modelling the
constantsra, a,, Or, gk, Ba and so on. The assignments on the first transition initiaisthe variables
with initial conditions. WPAAL-SMC is then used to simulate the model and provide plots of how the
variable values evolve over time, which are displayed inuFeg/a.

alphaA=50, alpha_A=500, alphaR=0.01, alpha_R=50,

/ -
dDa/dt = 6aDj—YaDaAA betaA=50, betaR=5, deltaMA=10, deltaMR=0.5, deltaA=1, deltaR=0.2,
_ /o gammaA=1, gammaR=1, gammaC=2, thetaA=50, thetaR=100,
dDg/dt 6rRDR — YRDRA DA=1, DR=1, D_A=0, D_R=0, MA=0, MR=0, A=0, R=0, C=0
/ /
dDp/dt = yaDaA—6aDp @ alphaa'==0 && alpha_A'==0 && alphaR'==0 && alpha_R'==0 &&
dDk/dt = yrDrA— 6rD) betaA’==0 && betaR'==0 && deltaA’==0 && deltaR’==0 &&
R R R deltaMA’==0 && deltaMR’==0 && gammaA'==0 &&
dMa/dt = aiDs + aaDa — M gammaR’==0 && gammaC'==0 && thetaA’==0 && thetaR'==0 &&
n/ ADA + 0ADA — Oy Ma DA'== thetaA*D_A-gammaA*DA*A &&.
dMg/dt = arDr-+ arDr— OvgMR DR'== thetaR*D_R-gammaR*DR*A &&
, , D_A'== gammaA*DA*A-thetaA*D_A &&
dA/dt = BaMa+ 6aDp + 6rRDR D_R’== gammaR*DR*A-thetaR*D_R &&
MA’== alpha_A*D_A+alphaA*DA-deltaMA*MA &&
—  A(YaDa+ YrDr+ YcR+da) MR'== alpha_R*D_R-+alphaR*DR-deltaMR*MR &&
_ _ _ A'== betaA*MA+thetaA*D_A+thetaR*D_R
dR/dt = BrMR— AR+ C— &R —-A*(gammaA*DA+gammaR*DR+gammaC*R+deltaA) &&
dC/dt = yAR-C R’== betaR*MR-gammaC*A*R+deltaA*C-deltaR*R &&

C’== gammaC*A*R-deltaA*C

(a) Ordinary differential equations. (b) UPPAAL automaton representation.

Figure 5: Dynamics of genetic oscillator.

The ODE system can be interpreted as a system behavior reeéngimodynamic limit (infinite
population sizes while maintaining the same concentrafiofilternatively this oscilator can be modeled
as a system of stochastic chemical reactions, where eadtuielis counted as discrete entity moving
according to Brownian motion laws. Using a standard traioslebetween deterministic and stochastic
semantics of chemically reacting systems (e.g., Gillésgilgyorithm [19]) the coefficients in ODE can
be interpreted as reaction rates. The reactions are entadénaFig[6a. Each reaction is then modeled
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(a) Reactions. (b) UPPAAL model representation.

Figure 6: Stochastic model of genetic oscilator.

as a separate SHA process shown in Eig. 6b, which can be viasvad encoding of continuous-time
Markov chain process. For example, the first reaction meaking one molecule of each and Dp
substance and producitij, with a rate ofya, which can be interpreted as a transition requiring pasitiv
amount ofA andDA (modeled as integer variables), consuming one molecule a@ad producing one
D_A and the reaction rate gammaA and proportional to available quantities ofaindDA. The resulting
trajectories of quantitieg, C andR are displayed in Fid. Tb, where the patterns seem to reseimble
one from ODE model (Fid. Ta), but the inherent stochasti@sult in shaky lines (even saw teeth) and
unpredictably fluctuating amplitudes and their perioddenestingly, our formalism is flexible enough
to accommodate a hybrid model combining stochastic aspsatsFig[ 7band continuous aspects as in
Fig.[7a.

The amplitude of each protein quantity can be measured byubgesE [<=75; 2000] (max: (),
where 75 is the time limit for simulation, 2000 is the numbésimulations andj is eitherA, C, orR.
The upper plots of Fig.]8 show the probability density for age of possible values of amplitude with a
vertical line for average value.

UPPAAL-SMC can also estimate a distance between peaks by using teebrdgueloped for MITL
(Metric Interval Temporal Logic — a more expressive propé&ahguage than a subset of CTL supported
by UppAAL). The idea of the approach is to translate MITL formula intmenitoring automata which
start an auxiliary clock with a first peak and stop with a second peak [10]. To detedtgpebA when
its amount rises above 1100 and drops below 1000 within 5 tiniis, we use the formula (in the tool
syntax):true U [<=1000] (A>1100 & true U[<=5] A<=1000). Then the distance between peaks
can be estimated by measuring maximal value of ctackhe result is shown as logarithm of probability
density plots in a second row of F[d. 8. The plots show thatastncases the measured distance between
peaks is about 24.2 hours (slightly more than one day-nigtier. Then there are some smaller bumps
with several magnitudes lower probability which can be axmd by either a) false positive peak as
MITL monitor is confused by a sudden stochastic saw toothgnad A, or b) missing a peak or two, or
even three (irT) if the peak is not high enough to be registered, hence thieamexis registered instead.
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Figure 7: WPPAAL-SMC simulations:simulate 1 [<=75] { A, C, R }.
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Figure 8: Estimated probability density distributions éonplitude and period.

7 Conclusions

This paper presents an extensions of tieAhL-sMC model checker supporting statistical model check-
ing for stochastic hybrid automata, where dynamic of systean be specified with ODEs. This is a
major advance in comparison to existing SMC checkers thatbcdy handle simple derivatives. Cur-
rently, the tool applies the Euler integration method. la thture, we plan to implement more robust
methods, such as Runge-Kutta’s. Another contribution beélto support rare-events as it is the case in
[35,123/22].
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