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Abstract

In this study we propose an improvement for the stochastic simulation al-
gorithm (SSA), a standard method to properly realize the stochastic néture o
biochemical reactions. Our algorithm is nanikR8SAafter “rejection-based
SSA’, and is tailored for the efficient simulation of large models, which is
typically done to understand the complex behavior of regulatory systems.
The large models are highly coupled, and full of interconnection and feed
back loops. In addition, in these models a complex propensity function is of-
ten used to express the stochastic rate of biochemical reactions. Evaluating
and updating the reaction propensities is therefore rather computationally
expensive. RSSA reduces this computational burden by postponinglthe fu
update and only computing the propensity as needed. We experiment with
our algorithm on concrete biological models to demonstrate its efficiency.

Keywords: Stochastic simulation, Rejection-based SSA, RSSA, Systems
biology.

1 RSSA

Stochastic simulation has widely been accepted as a sthfafasimulating bio-
chemical reaction systems. The underpinning of stoch&stitics is based on
the probability the next reaction firing in the next infiniteal time could be
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expressed by a propensity function, which only depends erctiirent system
state [6]. Hence, we could construct a realization of themiviochemical system
by sampling a reaction with its corresponding probabilityough a simulation
procedure called the stochastic simulation algorithm (§8A5]. Basically, SSA

uses a Monte Carlo simulation technique to sample the systdm # reaction is

selected to fire with corresponding propensity, and theegyss then evolved by
updating propensity of affected reactions.

Even though a dependency graph, showing the dependencgdreteactions,
can reduce the update to model-dependent so that onlyyaafédicted reactions
have to recompute their propensities. Still, there manymptas where costly up-
date required. For example, let consider a highly coupledtien network. In
this model, the dependency graph becomes very dense. Theenwhaffected
reactions is asymptotically increasing by the order of tieas in the network.
The simulation time for such systems is largely contribuigdhe propensity up-
dates of affected reactions. The computational burderribduincreasing while
a complex propensity is applied. SSA only considers theénisitt noise which is
mainly due to the randomness and discrete nature of molespéies involved
in biochemical reactions. However, other sources of ngisenevertheless has
impact on the dynamic behavior of corresponding biologitatesses, should be
considered in modelling of these processes. In this casemplex propensity
can be exploited in modelling. The power law [3], for exampias been suc-
cessfully applied to model reactions in non-ideal kinetacse-produce complex
effects e.g., the allosteric effect. The evaluating of clexpropensities is indeed
very time-consuming. RSSA takes advantage over SSA in thisesdt reduces
the computational cost by evaluating the correspondingticaapropensity only
as needed and postponing the full propensity updates aftaffeéeactions as pos-
sible.

The principle of RSSA is using the over approximation of reacpropensi-
ties to select a reaction. The upper-bound of a reactiongmsify is controlled
by supposing that the current system state is confined to tdticn interval.
Since the reaction is chosen by a different probability, eceptance-rejection
based procedure is the applied to verify whether to accegject this candidate
reaction. The exact propensity is used in this verificatii@p $n order to ensure
the selection of the next reaction firing is correct. In cdmedandidate reaction
is accepted, it is fired and the system state is updated &tier Otherwise, the
selection step is repeated. The update of reaction prdpens only necessary
as the system state jumps out of the assigned interval.



1.1 Selection of reaction firing

Let X (¢) be the current system state which is confined in the intgi¥alX].
We will compute the upper-bound propensity of each reactibst a; be the
upper-bound propensity of reactidt) given X (¢) € [X, X]. The computation of
upper-bound propensity for the propensity function whiatis$ies the monotonic
increasing condition is easy and efficient e.g., the maserekinetics propensity.
In this case we have the relatian = a;(X). For the propensity function which
is a complex dependency on the system state e.g., a nonkidests applied, a
numerical calculation procedure should be required to egenthe upper-bound
propensity given its fluctuation intervaX, X].

The selection of reaction firing is composed of two steps Bewing. First,

a candidate reactioR; will be chosen with the probability; /ag in which g is
the total sum of the upper-bound propensities tg.= Z;”Zla_j. In this study,
the alias method [14, 13], a fast lookup table method, is usesarching the
next reaction firing. However, other search proceduresdcbalapplied e.g., a
linear search, binary search (see e.g., [2, 11, 1, 12] faildgt The alias method
is a well-known algorithm for fast generating a random nungieen the corre-
sponding probability distribution. The working of the alimethod is based on the
theorem that a distribution of. probability values can be equivalently described
by an equi-probable mixture of two-point distribution. More precisely, we use
the alias method to select a random candidate reaétjomith probabilitya; /a.
For a biochemical network of. reactions, we have to set-up two tables, each size
m. Atable, callectut-off probabilitytable ', stores the value in the first two-point
distribution, and a second table, call@das tableZ, contains the alias of the sec-
ond of the two-point distribution. In running, it requiresandom number from

a uniform distribution’/ (0, 1) to randomly lookup an equi-probable mixture. The
random number is then rescaled to decide which part of theptvirat. Hence, the
alias method needs only one comparison and at most two tebésses to select
a random candidate reaction. The compensation for thedaktip search is two
supported tables having to be built beforehand.

An acceptance-rejection step is then applied to verify twieto accept the
selected candidate reactiét). The decision is made by its exact propensity
More precisely, this reaction will be accepted to fire witblpability o, /@;. That
is a second random number from the uniform distribution isegated. If it is
less tharu; /@;, the candidate reactioR; will be accepted to fire. Otherwise, the
selection of the reaction firing is repeated. This selecpmtedure is looping
until having a reaction was accepted to fire.



Figure 1: Reaction firing selection by SSA and RSSA
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While the evaluation of reaction propensity is time-consugnwe could save
computational time by applying the squeeze principle. Tqweesze is chosen to
be the lower-bound propensity. Le} be lower-bound propensity of candidate
reactionR;. Before calculating the exact propensity of reactignwe first check
the condition the random number is less thaya;. If it is satisfied, we imme-
diately accept the candidate reactifin firing without evaluating its propensity
a;. Thus, it only needs to evaluate the actual propensity ie tais condition is
invalid.

The clarification in reaction firing selection between SSA &ESA is de-
picted in Fig. 1. The reaction selection of SSA is done in amg step by exact
propensity value. In the figure, reactidfy selected by SSA will be fired immedi-
ately after selected. In contrast, candidate reackighas to be verified before it
can be fired. This candidate reaction can even be rejected rahdom value (the
black dot in the figure) is larger than its exact propensity.



Figure 2: Transition rule for a candidate reaction

1.2 Reaction firing time

By introducinga;, rather tharu;, to select a reaction firing we add a probability
the system state will remain in its current state. We can ineage have built a
new transition rule for candidate reactiét) given the current stat& at timet
(see Fig. 2). It has two options: 1) moving to new statg + 7) = X () + v,
with rate a; (the candidate reaction was accepted), or 2) still remgiiminits
current stateX (¢ + 7) = X(t) with rate (a; — a;) (candidate reaction was re-
jected) wherer is the waiting time. The total rate for. candidate reactions is
> ey la; + (@ — a;)] = @. Therefore, the waiting time for all these transitions
is exponential distributed with medna,. The firing time of an accepted reac-
tion is the accumulated times of the consecutive rejectedidate reactions. In
probability theory, the firing time of the accepted reaci®anErlang(k, \) dis-
tribution with rate parametek = @, and shape parametéris the number of
consecutive trials before a candidate reaction is accepted

Hence, we will generate the reaction firing time by sampltagorresponding
Erlang distribution. We count the number of trialsuntil a new state transition
occurring due to a reaction accepted. Theaniform random numbers, denoted
by u; ~ U(0,1) fori =1...k, are generated. The firing time is computed by:

k

7= (=1/ag) In(] [ w) (1)

i=1



We can approximate the reaction firing time by the mean of ¢thheesponding
Erlang distribution i.e.,k/ag. If the number of trials: is large, a lot of random
numbers used in generating thelang distribution will be saved.

1.3 The RSSA algorithm

Following the discussions in previous section, we now pretee overall of the
RSSA. The outline of the RSSA procedure is given in the Algo.He Simulation
repeats (by thevhile loop at line 1) until the current timepasses over a prede-
termined simulation timé&’,,... The code inside the simulation loop is logically
divided into three parts: 1) preparing data structuresdt@ing the next reaction
firing (line 2 - 5), 2) deciding which reaction fires next anslfiting time (line 9-
22), and 3) updating and maintaining the system state dueetoeaction firing
(line 23 - 26).

The preparation starts at line 2. First, the fluctuationrirge[ X, X] of the
current system stat¥ is defined. Given the fluctuation interval, we will compute
the upper-bound propensity of a particular reactio;. The corresponding total
upper-bound propensit sums up all these values. We also compute the lower-
bound propensity; of reactionR; to quickly accept this reaction. The usage of
lower-bound propensity will speed up the acceptance psosbsn the evaluation
of the propensity is time-consuming.

At line 5 we build supported tables for the alias method wiité probability
a;/ap for j = 1...m. The generating of cut-off tabl&’ and alias table. for
the alias method follows the description in [10, 13]. The iempentation of alias
method require®(m) storage space to store entries of supported tables. The time
complexity in building up these tables is proportionahta.e., O(m).

The selection of the next reaction firing is done through g lbom line 9
- 21. The loop repeats until the flagcepted is set totrue. In each iteration three
random numbers,, r, andrs ~ U(0,1) are generated, respectively. The first
two numbers is used to decide which reaction occurring, eMfie last random
numberrs is accumulated up to calculate the reaction firing time (bg 2).

The next reaction firing selection is implemented as follayiFirst, we ran-
domly look up a candidate reactidfy by the random numbet,. More precisely,
we retrieve candidate reaction index stored at positica |[m -r;|. The first
value in two-point distribution in cut-off tablé’ is loaded. It is then compared
with (m - r; — p) to select the candidate reaction. We return the candidattioa
indexj = pif ((m-r —p) < F[p]). Otherwise, the candidate reaction index is
setj = L[k]. Second, we decide whether to accept this candidate reduaiitg
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Algorithm 1 RSSA procedure
1: whilet < T,,,,, do
2:  define the fluctuation intervaX , X| of current stateX
3:  compute the upper-bound propensityand lower-bound propensity; for
each reactiorR; o

4:  compute the total upper-bound sdm
5. build cut-off table i and alias tabld. for alias method with probability
a;/agforj=1...m
6: repeat
7: setu =1
8 Setaccepted = false
9 repeat
10: generate three random numbeisr,, r3 from uniform distribution
U(0,1)
11: lookup a candidate reactidi; by , using alias method
12: if ro < (a;/a;) then
13: accepted = true
14: else
15: evaluatez; with current stateX
16: if ro < (a;/a;) then
17: accepted = true
18: end if
19: end if
20: setu =u-r;s
21: until accepted
22: set transition time- = (—1/ag) In(u)
23: update timeg =t + 7
24: update stat&X = X + v,
25: store/handle data
26: until X(¢) ¢ [X, X]

27: end while




or to reject it. At line 12, we first compare < a;/a;. If this inequality is sat-
isfied, we immediately accept the candidate reactorfiring without evaluating

its propensity. We only compute the actual propensity iredass condition is
invalid. If this is the case, we evaluate the reaction prsfign; (line 15). Then,

if o < a;/a@; reactionR; is accepted. We then move to calculate its firing time.
We reject this candidate reaction otherwise. This selecttep will repeat until
having a reaction accepted.

Upon areaction is selected to fire, its firing times then computed by line 22
i.e., 7 = (—1/ag) In(u), in which variableu is defined at line 7. Itis, in fact,
the implementation of reaction firing time discussed in trevjpus section. The
generating of this firing time usasto store the accumulated multiplication of
random number; at line 20.

From line 23 - 25, we finish a simulation step. The system mtwvegw state
xr+v; caused by reactioRR; firing. We set simulation clock to new tinte-7. The
current simulation data could be store to external storag&ifther processing.

At line 26 we check the system state constraint to ensurdhbatystem state
is confined in its fluctuation interval i.eX € [X, X]. The reaction selection
is kept working without updating the propensity of affectedctions while this
constraint is satisfied. This takes advantage when eacHaionstep requires to
update a huge number of affected reactions. However, intther case we have
to define a new fluctuation interval. The corresponding woemd and lower-
bound propensity of reactions as well as the supportedddbiehe alias method
also have to be recomputed.

1.4 Proof of correctness

We now show the correctness of the RSSA algorithm. The comesst in this
sense, means RSSA selects the next reaction fifinwith the same probabil-
ity as SSA i.e., a reactiof®; is selected with corresponding probability/a,.
This result is stated in Proposition 1. In other words, RSSédpces the same
stochastic behavior as SSA.

Proposition 1. RSSA is exactly choosing a reactié to fire with probability
a;j/ao. In addition, its firing time is exponential distribution Wwitate .

Proof. At a specific timet with current system stat¥ € (X, X), let Pr(R;) be
the probability a candidate reactidty is selected and accepted to firtBr(R;),
by the chain rule, is the multiplication of two probabilgiethe probability ofR?;
is selected as a candidate, and the probability it is acdeptence, it given by:
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Now, let Pr(R) be the probability an arbitrary reaction which is selected a
accepted with current system state. We hBvéR)

- & 3)

Thus, using the conditional probability, we can derive thabability reaction
R; is selected and accepted given an arbitrary candidatéoadets selected and
accepted. That is:

a; Qo
rein = (22)/(3)
(IR = 7 )/ &
a/ .
= @
Qo
For the second statement, lgtbe the PDF of the firing time of the accepted
reactionR;. We will prove that it has the exponential distribution wittieq, i.e.,
fr(x) = ag - e~ In following let suppose the number of trials before reacti
R; accepted is denoted liy We have:
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2 RSSA experiments
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A direct conclusion from the above proof is the acceptanobaility of the
acceptance-rejection step in selecting a reaction firirg®BA is bound. In fact,
let Pr(acceptance) be the acceptance probability. We have that

(5)

In this section we experiment the performance of RSSA witkeHriochemical
reaction models: 1) Gene expression model, 2) Fully comdeataction model
and 3) Multiscaled reaction model. The Table 1 summarizesptioperties of
simulated models. The first model considers different tygfeshemical reaction



Table 1: Summary of models
Model Species Reactions

Gene expression model 5 8
Fully connected reaction model N N(N-1)
Multiscaled reaction model N+M | N(N-1) + M

kinetics (mass-action kinetics and Hill kinetics) and theffects to the simulation.
The last two models consider the highly coupled of reactietwork where the
update propensity of affected reaction requires a very resipe computational
resource. In these models, experiments have shown thaptheteiof affected
reactions, rather than the search of reaction firing, besdheemost contribution
part to the total simulation runtime.

Three algorithms are tested including: DM, NRM and RSSA. Adisi sim-
ulation algorithms are implemented in Java and run on IBt&40M processor.
The simulation was done after 10° steps. The simulation data are recorded after
10° steps. The experimental result excludes all initializatidich is not a part of
simulation loop.

The fluctuation interval used by RSSA is controlled by par@mé&t That
is the system stat& is confined to the intervdlX (1 — §), X (1 + 0)]. We run
experiments by tuning the value &f

2.1 Gene expression model

The gene expression model is a collection of reactions wpliairs a key role in
understanding of gene regulation mechanisms and funditiesa The result of
gene expression is a collection of proteins encoded by tiregmonding genes. It
composes of two main consecutive processes: transcrigtidriranslation. The
transcription initiates when an enzyme called RNA polymer@NAP) bind to
gene promoter. In the transcription process, the gene ieddp intermediate
form called mMRNA. The mRNA will then bind to ribosomes to traislinto the
protein in the translation process.

The 8 reactions shown in Table 2 depict a typical gene expressiodein
In this table, proteinP is encoded by its gen€'. The intermediate product of
transcription is denoted bt N A. The transcription was modelled by reactiBn
where geng- transcribes tdR N A. The RN A, after that, translates to proteih
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Table 2: Gene expression model

R;:G— G+ RNA ki = 0.09
Rs: RNA— RNA+ P ks = 0.05
R3: RNA — _ ks = 0.001
Ry P — ks = 0.0009
Rs: P+ P — Py ks = 0.00001
R¢: P, > P+ P ks = 0.0005
Ry P+ G — PG k7 = 0.005
Rs: PG — P+ G ks =0.9

in reactionR,, will degrade by reactiotks.

The proteins ussually interact to form a dim@y rather than existing in the
isolation form. Reactiorz; and R, respectively, model the association and dis-
sociation of dimerP,. The dimer could bind to gen€ to enhance the activation
of the gene. Thus this is modelled by reacti®n Rs.

The Fig. 3 compares the runtime of simulation algorithmshengene expres-
sion model. In this experiment the mass-action stochastetiks is applied. That
is the propensity is a simple function which is the multiption of rate constant
with possible combinations of reactants involving in thaateon.

As shown in the Fig. 3, the runtime of NRM and DM is nearly the sam
although DM is slightly faster than NRM. NRM exploited quitengplex data
structures for fast selecting a reaction firing, but it regslian expensive cost for
heap update. In this experiment the update of NRM contribtitésto the total
simulation time, while in DM this is also up %2%. In contrast, by RSSA we
have reduced the update to o} in cased = 20%. The overall result is the
RSSA performance is rough0% faster than DM, NRM.

Table 3 compares the simulation runtime, percentage oftapitiae in the sim-
ulation runtime and acceptance probability of RSSA by turiivgvalue ofy. It
is clear that a narrow fluctuation interval (small valuépivould yield a high ac-
ceptance probability but also the high percentage of upddte more frequently
update the propensity does the slower simulation perfocemasn Thus, ifd is
assigned extremely small valug£ 1%), the RSSA performance is so poor even
comparing with DM, NRM; however, if we slowly increase theuwalof param-
etero the simulation becomes faster. In our case the best perfaena around
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Figure 3: Compare simulation algorithms with mass-actiorecs
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Table 3: Runtime of RSSA with different values®bising mass-action kinetics

Simulation time| Update| Acceptance
(milisec.) (%) (%)

b =1% 4748 | 54.34 98.62
5 =5% 2592| 17.63 93.10
0 =10% 2367 6.46 86.77
0 =15% 2369 291 81.06
0 =20% 2459 1.91 75.94
0 = 25% 2522 1.31 71.02
0 =30% 2586 0.77 66.68
0 =50% 2954 0.14 52.50
0 ="T70% 3350 0.06 41.78

5 = 10%. But, we still increase the value ofthe performance is slowing down.
This is beacause the candidate reaction is rejected maostef The selection of
reaction firing therefore repeats many times. And the coatpmut of the search
mostly contributes to the simulation time rather than upd&towever, since the
marginal speed of alias search is very fast, the performahB&SSA with large)

(6 = 50%, 70% ) still produces a competitive performance as comparinghg D
NRM.

In our second experiment, we consider the effects of timmesgming propen-
sity function to the update and the total simulation runtim&e modified the
propensity function to use the Hill kinetics. It was first dde model the non-
linear effects of aggregation of the haemoglobin moleculgb oxygen in the
solution [8]. Hill equation recently has extensive apgii@as in pharmacology to
model the nonlinear relationship in drug-dose responséenarget (see [7] for
detailed discussions). In biology, Hill kinetics has besimg to model the mech-
anism of enzymatic reactions. The Michaelis-Menten lawed-known model of
enzyme kinetics, is a special type of Hill kinetics. Hill kitics is commonly used
to describe the cooperativity of a ligand in binding to theyane. The binding of
a ligand to a enzyme is often enhanced if there are alreadgdigbinding to this
enzyme.

In modelling of gene expression Hill kinetics is applied &sdribe the acti-
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vation controlled in the gene regulation process. For exeymp[9], it was used
to model the switch-like behavior in the gene expressionroygmn activation. In
our experiment, the propensity function is used with Hiluatijon which has a
general form:

l.n

“Krro ©)
where K is threshold constant andis the steepness parameter (also called Hill
coefficient), which is usually non-integer.

The the simulation runtime of algorithms is presented in &ifpr the gene ex-
pression model with Hill kinetics. Due to expensive compateal cost in evalu-
ating of this complex propensity function the performantBll, NRM is nearly
3x times slower than the mass-action kinetics propensity. hickvthe update
contributes to the total simulation runtime up&@% in DM and 91% in NRM,
respectively. While the update of affected reactions is &efyt in roughly5% of
the simulation runtime. Thus, the performance of RSSA islp&arf faster than
DM.

We also compare different values &fused by RSSA on the gene expres-
sion model with Hill kinetics. This is presented in Table 4heTsame effect as
seen in the previous experiment is repeated in this expatingxcept for the ex-
tremely small value ob, all other cases yields better performance as comparing
with DM, NRM. In this experiment, the best performance is aghd withJ is
chosen around5%.

g(z)

2.2 Fully connected reaction model

The fully connected reaction network is an artificial modelwsed to benchmark
the performance of RSSA. It consists dfchemical species; which reversibly
converts into other species at a reaction rate df;. The general form of reaction
in this model is:

Ri:S 28 itj=1...N

In our experiment the initial population of each specieseste 100. The
propensity function is applied in the ideal kinetics (iragss-action kinetics). The
performance of algorithms is presented in Table 5. We cengfte performance
of algorithms by increasing the number of speciés In RSSA, three different
values ofdelta was tested i80%, 20% and30% respectively.
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Figure 4: Compare simulation algorithms with Hill kinetics
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Table 4: Runtime of RSSA with different values®tising Hill kinetics

Simulation Time| Update Time| Acceptance
(milisec.) (%) (%)

b =1% 12470 82.61 98.62
=5% 4245 43.36 93.08
5 =10% 3370 18.99 86.79
5 =15% 3366 9.12 81.06
0 =20% 3581 5.11 75.84
0 = 25% 3825 3.11 71.10
0 =30% 4141 1.79 66.70
5 =50% 5423 0.26 52.58
6 ="70% 7030 0.03 40.48

The numbers of affected reactions is linearly increasint wie number of
speciesV. In fact, each time a reaction fires there are tdtal 1 affected reactions
having to update their propensities. Since the propenpiiates is asymptotically
increasing with/NV the update time is thus increasing if we increaée It will
largely contributes to the simulation runtime. For examfile percentage of the
update time of NRM and DM in cas¥ = 100 is up t099% and93% of the total
simulation runtime, respectively. In result, the perfonoa of these algorithms is
very slow. Sine RSSA effectively controls the update timesitnulation runtime
is significantly reduced. For example, withita = 20% RSSA is rouglyl0 times
faster than the DM, NRM.

From the experiments we also see the effect of the high auyipfireactions to
the choosing of. For smallN, choosing) around20% seems to achieve a better
performance for RSSA. The search time in these models doesitia¢ simulation
performance while the update is less significant. Therefoceeasing would not
yield a better performance. If we increa8g the update is increasing and largely
affects the simulation performance. Thus, the larger fatobn interval would
yield better performance. For example, the performance &RBith 6 = 30%
is 2 times faster than = 20% in the model withV = 100.
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Table 5: Performance of algorithms on fully connected model

N Algorithm Simulation Time| Update PercentageAcceptance Prob.
(milisec.) (%) (%)

DM 4112 77.35

NRM 4721 85.64
. RSSA ¢ = 10%) 1734 9.80 91.27
RSSA ¢ = 20%) 1685 2.14 83.59
RSSA ¢ = 30%) 1738 0.52 77.22

DM 8369 86.65

NRM 9481 92.55
10 RSSA ¢ = 10%) 2189 25.67 91.27
RSSA ¢ = 20%) 1832 7.59 83.64
RSSA ¢ = 30%) 1841 2.77 77.16

DM 75352 90.70

NRM 76997 98.06
50 RSSA ¢ = 10%) 19357 88.94 91.26
RSSA ¢ = 20%) 6487 65.65 83.63
RSSA ¢ = 30%) 4004 41.93 77.21

DM 359439 92.79

NRM 371058 99.10
100 RSSA ¢ = 10%) 135644 96.94 91.26
RSSA ¢ = 20%) 36839 89.03 83.61
RSSA ¢ = 30%) 18103 77.38 77.20
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2.3 Multiscaled reaction model

The multiscaled reaction model consists\6Chemical specied; andM species
B;. This model is separated into fast reactions, involvingy das$t speciesi;, and
slow reactions. Slow reaction contains not only slow speBiebut also involving
fast speciest;. To form the slow reaction a fast species is randomly sateicte
the collection ofN fast species.

Fast reactio®, : A; —» A;
Slow reactionR; : A; + B; — By

In this model the reaction rate of fast reaction is chosenyntemes faster
than the slow reactions:{ > k;). The initial population of fast species is set to
1000 and slow species i$00. The propensity function is in the simple form of
the mass-action kinetics. In our experiment we fix the nundbéast species is
N = 5, and adjust the number slow specigs The number of slow reactions is
adjusted fron25 to 1000. Table 6 compares the simulation runtime of algorithms
applied to multiscaled reaction model.

Since a slow reaction is formed by combining of a slow speaigisa randomly
selected fast species, we have on averdgé/ + 1 affected reactions which must
update their propensities each time a fast reaction firimgvel fix N = 5, the
update is linearly increasing with the number of slow spetie Thus, the update
time will increase and dominate the simulation time as iasieg\/. From the
result Table 6 we have that it contributes roughii§; for NRM even withM = 25
and this value is ove97% when M > 100. The update time of DM is also
roughtly95% of the simulation time. In result, the performane of thegmathm
is very slow. RSSA achieved better performance becausedrheffective control
over the time-consuming update. The result is RSSA perfocamaritho = 20%
is 195 times faster than DM in cas& = 1000.

This result table also consolidates our guideline of chapsif . While the
search dominates, choosing small valuddta will yield better performance. In
contrast, if the update dominates, the larger valugisfbetter. For example, the
performance of RSSA with = 10% is better when\/ is small, but in casé/ is
larged = 20% has better performance.
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Table 6: Performance of algorithms on multiscaled reaatioalel

M Algorithm Simulation Time| Update PercentageAcceptance Proh.
(milisec.) (%) (%)

DM 9805 89.25

NRM 11061 93.68
o5 RSSA ¢ = 10%) 1582 0.25 90.94
RSSA ¢ = 20%) 1694 0 83.10
RSSA ¢ = 30%) 1752 0 76.51

DM 15486 92.52

NRM 17252 96.02
=0 RSSA ¢ = 10%) 1631 0.61 90.93
RSSA ¢ = 20%) 1698 0 82.97
RSSA ¢ = 30%) 1793 0 76.59

DM 28166 94.87

NRM 30917 97.35
100 RSSA ¢ = 10%) 1742 1.44 90.82
RSSA ¢ = 20%) 1835 0 82.39
RSSA ¢ = 30%) 1889 0 76.16

DM 171109 97.89

NRM 178607 99.29
£00 RSSA ¢ = 10%) 1752 4.51 90.81
RSSA ¢ = 20%) 1806 0 79.32
RSSA ¢ = 30%) 1895 0 73.13

DM 367541 98.28

NRM 397735 99.62
1000 RSSA ¢ = 10%) 2024 9.19 90.64
RSSA ¢ = 20%) 1880 0 80.28
RSSA ¢ = 30%) 2018 0 68.75
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