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Abstract. Markovian pure jump processes model a wide range of phenomena, including chem-
ical reactions at the molecular level, dynamics of wireless communication networks, and the spread
of epidemic diseases in small populations. There exist algorithms such as Gillespie’s stochastic sim-
ulation algorithm (SSA) and Anderson’s modified next reaction method (MNRM) that simulate a
single path with the exact distribution of the process, but this can be time consuming when many
reactions take place during a short time interval. Gillespie’s approximated tau-leap method, on the
other hand, can be used to reduce computational time, but it may lead to nonphysical values due
to a positive one-step exit probability, and it also introduces a time discretization error. Here, we
present a novel hybrid algorithm for simulating individual paths which adaptively switches between
the SSA and the tau-leap method. The switching strategy is based on a comparison of the expected
interarrival time of the SSA and an adaptive time step derived from a Chernoff-type bound for the
one-step exit probability. Because this bound is nonasymptotic, we do not need to make any distri-
butional approximation for the tau-leap increments. This hybrid method allows us (i) to control the
global exit probability of any simulated path and (ii) to obtain accurate and computable estimates
of the expected value of any smooth observable of the process with minimal computational work.
We present numerical examples that illustrate the performance of the proposed method.
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1. Introduction. In this work, we present a hybrid algorithm to accurately
compute

(1.1) E[g(X(T))],

the expected value of some given smooth function, ¢ : R* — R, where X is a non-
homogeneous Poisson process taking values in Zi, and T is a given final time. Here,
Z. denotes the set of nonnegative integers, and the ith component, X;(t), describes,
for example, the number of particles of species i present in a chemical system at time
t. In that type of system, different species undergo reactions at random times by
changing the number of particles of at least one of the species. The probability that
a reaction will happen in a small time interval is modeled by a propensity function
that depends on the current state of the system.

Pathwise realizations of such pure jump processes (see [10]) can be simulated
exactly using the stochastic simulation algorithm (SSA) introduced by Gillespie in
[13]. Independently, an equivalent kinetic Monte Carlo algorithm was developed in
the physics community in the 1960s (see [25] for references).

Although these algorithms generate exact realizations of the Markov process, X,
they are computationally feasible only for relatively low propensities. For example,
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in the SSA, at each time step, the process is simulated exactly by sampling the next
reaction to occur and the waiting time for this reaction to happen (see section 1.2).
Then, the total computational work of the SSA roughly becomes proportional to the
expected value of the total propensity integrated over an SSA path (see Remark 3.3).
For that reason, Gillespie proposed in [14] the tau-leap method to approximate the
SSA by evolving the process with fixed time steps, keeping the propensity fixed within
each time step. In fact, the tau-leap method can be seen as a forward Euler method
for a stochastic differential equation driven by Poisson random measures (see [19]).
In the limit, as the time steps go to zero, the tau-leap solution converges to the SSA
solution (see [23]).

A drawback of the tau-leap method is that the simulated process may take neg-
ative values, which is an undesirable consequence of the approximation and is not
a feature of the original process. For this purpose, a Chernoff-type bound for the
time step size is developed here. It controls the probability of taking negative values
by adjusting the time steps. Nevertheless, there are two main scenarios in which we
could obtain extremely small time steps by using the Chernoff bound: either in the
case of very stringent probabilities of taking negative values, or because the current
state of the tau-leap approximate process is relatively close to the boundary. On the
contrary, by using an exact step, the probability of taking negative values is obviously
zero, and, when the process is relatively close to the boundary, the expected time step
size of the exact method is usually larger than that obtained by the Chernoff bound.
Therefore, to avoid extremely small time steps, we propose switching between the
SSA and the Chernoff tau-leap method adaptively, creating a hybrid SSA—Chernoff
tau-leap method. The selection of the simulation method depends on the current
state of the approximate process through the total propensity, which is a measure of
the activity of the system around the current state. Therefore, the hybrid algorithm
reveals the existence of two scales (low/high) of activity that determine whether to
choose an exact or approximate simulation method. Moreover, our hybrid Chernoff
tau-leap method gives accurate estimates of the global error of the approximation and
also its corresponding computational work.

In [6], a hybrid SSA tau-leap algorithm is proposed. In that work, the proposed
switching rule depends on two free parameters, and it is based on the so-called leap
condition, which can be interpreted as a local time discretization error control. While
they are focused on avoiding negative population values, the global error control and
its computational work are not treated. Methods to prevent negative values for the
tau-leap method can roughly be divided into three classes: preleap checks, postleap
checks, and modifications of the Poisson distributed increments. A preleap check
calculates the largest possible time step fulfilling some leap criterion, often based
on controlling the relative change in the propensity function before taking the step
(see [7, 6, 15]). This is primarily aimed at reducing the local time discretization
error, but it also reduces the probability of taking negative values. The approach
presented here includes a preleap check that strictly bounds the exit probability, and
it is better suited for estimating the tails of the Poisson distribution than a standard
Gaussian approximation is. In [3], an alternative postleap check was introduced to
guarantee a nonnegative population in each step. If a step leading to a negative
population has been taken, the postleap procedure retakes a shorter step, conditioned
on already sampled data from the failed step, to avoid sampling bias. However, this
procedure may be expensive since, when computing the new step, binomial-distributed
Poisson bridges need to be simulated. A third way to prevent negative populations is
to replace the Poisson-distributed increments in the tau-leap method with bounded
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increments from the binomial or multinomial distributions (see [8, 22, 24]). This
technique introduces another approximation error but also imposes a restriction on the
maximum step size in order to preserve the expected value of the tau-leap increment.

In this work, we derive a novel preleap check that is based on the general Chernoff
bound used in large deviation theory [9]. More specifically, let Z be the state of the
approximate process at time ¢, and let § € (0,1) be given. We compute a time
step, 7 = 7(0, &), such that the probability that the approximate process reaches a
nonphysical negative value in the interval [t,¢ + 7) is less than §. Also, by bounding
the one-step exit probability by &, we are able to control the probability that a whole
hybrid path exits the Zi lattice. Simply put, this is a global exit probability.

The global error arising from the hybrid method can be decomposed into three
components: the global exit error, the time discretization error, and the statistical
error. This global error should be less than a prescribed tolerance, TOL, with prob-
ability larger than a certain confidence level. The global exit error is a quantity that
is derived from the global exit probability and therefore can be controlled by §. The
analysis and control of this component together are among the main contributions
of this work. The discretization error inherent in the tau-leap method is controlled
through a time mesh of size h (see [16]). Finally, the statistical error is controlled by
the number of hybrid paths, M, by making use of the central limit theorem [21]. The
parameters 9§, h, and M are functions of TOL since they are obtained by approxi-
mately minimizing the computational work of the hybrid method under the constraint
that the global error must be less than TOL. Here, the computational work is mea-
sured as the amount of time needed for computing an estimate of E [¢(X (T))] within
TOL with a given level of confidence. This is known in the literature as CPU runtime.

The methodology presented here also allows the determination of when an exact
method is preferred over the hybrid method. Similar hybrid methods have been
proposed for the regular tau-leap method (see [6]), but without the rigorous global
error estimation and control that are presented here.

1.1. The pure jump process. To describe the pure jump process, X : [0,T] x
Q — Z%, occurring in (1.1), we consider a system of d species interacting through
J different reaction channels. For the sake of brevity, we write X (¢t,w) = X (t). Let
X;(t) be the number of particles of species i in the system at time ¢. We want to
study the evolution of the state vector,

X(t) = (Xa(t),...,Xa(t)) € 24,

modeled as a continuous-time, discrete-space Markov chain starting at some state,
X (0) € Z%. Each reaction can be described by the vector v; € Z¢ such that, for a
state vector x € Zi, a single firing of reaction j leads to the change

T — T+ V.

The probability that reaction j will occur during the small interval (¢,¢ + dt) is then
assumed to be

(1.2) P (reaction j fires during (t,t +dt) | X(t) = x) = a;(z)dt + o (dt),

with a given nonnegative polynomial propensity function, a; : R? — R. We set
aj(z) = 0 for those x such that z+v; ¢ Z4.

A process, X, that satisfies the Markov property together with (1.2) is a continuous-
time, discrete-space Markov chain that can be characterized by the nonhomogeneous
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Poisson process,
J t
(13) X0 =x0)+ Y7 ([ asxisnas).

where Y; : Ry xQ — Z, are independent unit-rate Poisson processes [10]. In this
work, we do not assume that the species can only be transformed into other species
or be consumed like in [16]. In our numerical examples, we allow the set of possible
states of the system to be infinite, but we explicitly avoid cases in which one or more
species grows exponentially fast or blows up in the time interval [0, T].

Remark 1.1. In chemical kinetics, the above setting can be used to describe well-
stirred systems of chemical species, interacting through different chemical reactions,
characterized by stoichiometric vectors, v;, and polynomial propensities, a;, derived
from the mass-action principle (see [18]). Such systems are assumed to be confined to
a constant volume and to be in thermal, but not necessarily chemical, equilibrium at
some constant temperature. Other popular applications can be found in population
biology, epidemiology, and communication networks (see, e.g., [5, 11]).

Ezample 1.2 (simple decay model). Consider the reaction X 5 ), where one
particle is consumed. In this case, the state vector X () is in Z4, where X denotes
the number of particles in the system. The vector for this reaction is v = —1. The
propensity functions in this case could be, for example, a(X) = ¢ X, where ¢ > 0.

The classical approach to chemical kinetics deals with state vectors of nonnegative
real numbers representing the concentration of species at time ¢, usually measured in
moles per liter. In this setting, the concentrations are assumed to vary continuously
in time, according to the mass action principle, which says that each reaction in the
system affects the rate of change of the species. More precisely, the effect on the
instantaneous rate of change is proportional to the product of the concentrations of
the reacting species. For the simple decay example, we have the reaction rate ODE
(or mean field): @(t) = —cx(t) for t € Ry and z(0) = zp € R4. In general, let v
be the stoichiometric matrix with columns v;, and let a(z) be the column vector of
propensities. Then, we have

z(t) va(x(t)), t € Ry,
(1.4) { z(0) = x0€Ry. "

1.2. Gillespie’s SSA method. The SSA method simulates exact paths of X
using (1.3). It requires the sampling of two random variables per time step: one to
find the time of the next reaction and another to determine which is the reaction that
is firing at that time.

n [13], Gillespie presented the original SSA or the direct method.

Given a state X (t), the direct method is carried out by drawing two uniform
random numbers, Uy, Us ~ U(0,1), which give the time to, and index of, the next
reaction, i.e.,

k
- ) Ny
J —mm{ke {1,...,J}.Zm>U1}, Tmin = (X @) 1n<U2>,

where ag(x) = ijl a;(x). The new state is X (¢t + Tmin) = X(t) + vj, and by
repeating the above procedure until final time 7', a complete path of the process, X,
can be simulated.
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The drawback of this algorithm appears clearly as the sum of the intensities of all
reactions, ag(x), becomes large: since all the jump times have to be included in the
time discretization, the corresponding computational work may become unaffordable.
Indeed, we have that the mean value of the jump times on the interval (¢,¢ + 7) is
approximately ag(X (¢))7 + o (7).

1.3. The tau-leap approximation. In the following, we denote by X : [0, T x
Q) — Z% the tau-leap approximation of X. To avoid the computational drawback of
the exact methods, i.e., when many reactions occur during a short time interval, the
tau-leap method was proposed in [14]: given a population, X (), and a time step,
7 > 0, the population at time ¢ 4 7 is generated by

J
(1.5) X(t+71)=X(t)+ Z v;Y; (aj(X(t))T) ,

where {Yj()\j)}j:l are independent Poisson distributed random variables with pa-
rameter \j, used to model the number of times that the reaction j fires during the
(t,t + 7) interval. This is nothing else than a forward Euler discretization of the
stochastic differential equation of the pure jump process (1.3), realized by the Poisson
random measure with state dependent intensity (see [19]).

In the limit, when 7 — 0, the tau-leap method gives the same solution as the exact
methods, using the property that, for a constant propensity, the firing probability in
one reaction channel is independent of the other reaction channels. The total number
of firings in each channel is then a Poisson distributed stochastic variable depending
only on the initial population, X (¢). The error thus comes from the variation of
a(X(s)) for s € (t, t+ 7).

1.4. Outline of this work. The outline of this work is as follows. In section
2, we derive and give an implementation of the Chernoff-type bound that guarantees
that the one-step exit probability in the tau-leap method is less than a predefined
quantity. We also show that the Gaussian preleap selection step is not accurate
and should not be used as a reliable bound. In section 3, we motivate and give
implementation details of the one-step switching decision rule, which will be the key
ingredient for generating hybrid paths. We show how to choose between the SSA and
the tau-leap method on the basis of the current state of the approximated process.
Next, we show how to generate hybrid paths and obtain an estimate of the path
exit error based on the probability that one hybrid path exits the Zi lattice. This
estimation of the global exit probability depends on the expected number of tau-leap
steps taken by the hybrid algorithm. It is easy to prove that this number is finite.
Hybrid paths can also be used for estimating the expected number of steps that the
SSA needs in order to reach the final time. In section 4, we decompose the total error
into three components, the discretization error, the statistical error, and the global
exit error, which were studied in the previous section. To control these errors, we
give an algorithm capable of estimating the error components. We also compute the
necessary ingredients for obtaining the desired estimate, i.e., a time mesh, a bound for
the one-step exit probability, and the total number of Monte Carlo hybrid paths to be
simulated. These ingredients are computed by optimizing the expected work of the
hybrid method constrained to the error requirements. In section 5, we present some
numerical experiments using well-known examples taken from the literature. Finally,
in section 6, we provide conclusions and suggest directions for future work.
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2. The Chernoff bound: One-step exit probabilities. In this section, we
derive a Chernoff-type bound that helps us guarantee that the one-step exit proba-
bility in the tau-leap method is less than a predefined quantity, d > 0. This is crucial
to controlling the computational global error, £, which is defined below in section 4.
To motivate the main ideas, the bound is first derived for the single reaction case
and then generalized to several reactions. At the end of this section, we present an
algorithm that efficiently computes the step size.

2.1. The single reaction case. Let Q = Q()\) be a Poisson random variable
with parameter A > 0. Given a nonnegative integer, n, consider the following two
upper bounds for P (Q > n): the Klar bound [17] and a Chernoff-type bound [9],
which we derive below. The Klar bound is given by

A’I’L

n!

(2.1) P(Q>n)< (1 - L) exp(~ )

n+1
and is valid for A < n 4 1, while the Chernoff bound is given by
(2:2) P(Q = n) < exp(n(1 — log(n/X) - 1))
and is valid for A < n; otherwise, it is trivial.

In order to prove the Chernoff bound (2.2), we first note that the Markov inequal-
ity gives, for every s > 0,

P(QZn):P(eSQ>eS") <
and thus
P(Q >n) <exp (;I;%{—Sn + A(e® — 1)}> .
When A € (0,n), the infimum,

;I;%{—STL + Ae® = 1)},

is achieved at s* = log(n/\), and its value is n(1 — log(n/A) — A\). From this simple
calculation, we obtain the Chernoff bound (2.2).

Given a positive integer, n, representing the state of the system at a certain time,
and ¢ € (0, 1), we would like to obtain the largest value for A such that P (Q(\) > n) <
0. From the Chernoff bound, we have

n(1—log(n/A) — A) < log(s)
or, equivalently,

log(0)

n

-1

(2.3) log(\) — % < log(n) +

If in the Klar bound (2.1) we neglect the factor

A —1
1- )
( n+1>
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which lies between 1 and n + 1 when A € (0,n), then we obtain

A’IL
exp(/\)m <.
Taking logarithms on both sides, we arrive exactly at the Chernoff bound (2.3). We
can see in Figure 1 that the Klar bound (2.1) is sharp, except when X gets close to the
singularity at n+ 1. The Chernoff bound (2.2) is not as sharp as Klar’s bound but, as
we will see in the next subsection, it has a generalization to the more practical many-
reaction case. We observe that the Gaussian approximation in Figure 1 performs
poorly for small values of A and is not a bound in general.

1L
0.1F
0.01F
-=-- Klar (1D)
0.001F '
— Chernoff (this work)
104 == Poisson (exact)
1 — Gaussian (approximation)
1073
10-¢
4 6 8 10 A

Fia. 1. Let n = 10 and X € (2,10). Here, we show the semilogarithmic plot of P (Q(X) > n),
the Chernoff bound exp ((n(1 — log(n/A) — X)), the Klar bound, and the Gaussian approzimation.

2.2. The many-reaction case. To the best of our knowledge, there is no sim-
ple expression for the cumulative distribution function of a linear combination of
independent Poisson random variables. For that reason, we propose a Chernoff-type
bound for estimating the maximum size of the tau-leap step when many reactions are
involved.

Consider the following preleap check problem: find the largest possible 7 such
that, with high probability, the next step of the tau-leap method will take a value in
the Zi lattice of nonnegative integers, i.e.,

Xt | >1-6

J
(2.4) P X+ 1Y (0, (X(0)r) e 74

for some small § > 0. Observe that this value of 7 depends on X (t).
Condition (2.4) can be achieved by solving d auxiliary problems, one for each
xz-coordinate, ¢t = 1,2,...,d. Find the largest possible 7; > 0, such that

J
(2.5) P Xi(t)+ Y v (a;(X(1)m) <0 | X(¢) | <6,
j=1

where §; = d/d and vj; is the ith coordinate of the jth reaction channel, v;. Inequality
(2.4) is then fulfilled if we let 7 := min{r; : i =1,2,...,d}.
In the following sections, we show how to find the largest time steps, 7;.
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2.2.1. Defining the function 7;(s). Consider the random variable Qi(t, )
representing the opposite of the increment of the process, X;(t):

J

Qi(t, ) == Z(—Vji)yj (a;(X(1))7i) -

Jj=1

Observe that Q;(t, ;) is a linear combination of J independent Poisson random vari-
ables whose intensities are multiples of ;.

For all s > 0, using the Markov inequality, we obtain an upper bound for the
probabilities we want to control:

P (Qilt,7:) > Xi(t) | X(1)) = P (exp (sQu(t, 7)) > exp (sXi(1)) | X (1))
(2.6) _ Blexp (sQi(t,7:))]
exp (sXi(t))

Observe that the independent Poisson random variables, Y; (a;(X (t))7;), have moment-
generating functions,

Mj(s) = exp (a;(X (t))ri(e* = 1)) ,

and, therefore,

J
E [exp (sQi(t,7:))] = [ [ M;(—svj)
(2.7)

By combining (2.6) and (2.7), we obtain the Chernoff bound for the multireaction
case, namely,

J
(28) P (Qilt,m:)>Xi(t) |X(1)) < inf exp —sXi(t)+ 71 Y a;(X(t)(e” 1)
j=1

To avoid the computational problem of finding exactly the above infimum and to
guarantee that

P (Qi(t, ;) > Xi(t) | X (1)) < 6,

we proceed as follows. First, according to (2.5) and (2.8),
— J —
—sXi(t) + 73 Y ay(X(B)(e 7 — 1) = log(5:).
j=1

Using this fact, we can express 7; as a function of s:
log(5z) + SXi(t)

2.9 Ti(s) = - = )
29 ) —ag (X(1)) + 37—y a; (X (t))esvse

where

J
ao(X (1) =Y a;(X(1)).
=1
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2.2.2. Study of 7;(s). In this section, we study how much we can increase 7;
while satisfying condition (2.5). Obviously, it is satisfied for 7; = 07. By a continuity
argument, we want to obtain 7 defined as the maximum 7; such that every point of
the interval [0, 7;] satisfies (2.5). Note that 7, could be +oo.

We discuss how, depending on certain relations among the pairs {(a; (X (t)), v;i) 3]:1,
we can conclude that 7 is either a real number or 4-o00. First, if v;; > 0 for all 7,
then 7 must be 400, since no reaction is pointing to zero. From now on, we assume
that, given the coordinate 7, there is at least one reaction pointing to zero, i.e.,

(210) E[] such that Vi < 0.

The denominator of (2.9) is the function

J

(2.11) Di(s) = —ao (X(8)) + Y _ aj(X())e """,
j=1
which is convex since it is a positive linear combination of the convex functions e™*"7*
plus the constant term —ag(X (t)). We also notice that D;(0) = 0 and D;(400) = +00
when (2.10) holds.
On the other hand, the numerator of (2.9),

RZ(S) = 1Og(51) + SXi(t),

is a straight line crossing the vertical axis at log(d;) < 0, and we can assume that its

slope, X;(t), is positive. Otherwise, the X (¢) process is at the boundary of Z4, and

therefore no reaction is pointing outside the lattice, Z‘j_. We therefore set 77" = +00.
Let us define s; as the root of the numerator R;(s), i.e.,

(212) S; = —log(éi)/Xi(t).

By direct substitution of (2.12) into (2.11), we obtain

J —
(2.13) Di(si) = —ao(X (1)) + Y a; (X (8))s 751
j=1
and
J —
(2.14) D;(Sz) — _Zaj()’((t))yjidiuﬁ/)(i(t).

In order to determine whether 7" < oo or 7 = 0o, we have to analyze all possible
cases regarding the pair (R;(s), D;(s)).
Indeed, note that

J
Di(0) = — Z a; (X ()vji,
j=1

and if D}(0) > 0, which could be interpreted as a drift pointing to the boundary, then
D;(s) is monotonically increasing in [0, +00). This situation is illustrated in Figure 2:
in the left panel, we see the pair (R;(s), D;(s)); in the right panel, we see the quotient
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60t o0.10f
50F
0.08

40F — Numerator
306 --- Denominator il 0.06 ¢
20¢ 0.04f
10F

__— 0.02

== s
0.1 - 0.3 ‘ ‘ ‘ ‘ ‘ E
-10g 02! 04 06 08 10

Fic. 2. Left: Numerator R;(s) and denominator D;(s). Right: Quotient 7;(s) = Ri(s)/D;(s).
Both plots are for the case D}(0) > 0.

7i(s) = R;(s)/D;(s). The function 7; achieves its maximum, 7, at a unique point,

If D}(0) < 0, which can be interpreted as a drift pointing to +oo, the value of
77 depends on X;(t), i.e., on the size of the slope of R;(s). Observe that D;(s) is
then negative in an interval (0,d;), with D;(d;) = 0, and in general there is not a
closed form for d;. Also, since D;(s) and R;(s) may have opposite signs for some
s < max(s;, d;), this allows for artificially negative values of 7, which should not be
taken into account.

The value of 7 is finite or +o0o according to the sign of D;(s;). These three
cases are shown in the left panel of Figure 3. When X;(t) is large enough, i.e., when
D;(s;) < 0, we can see in the right panel of Figure 3 that ;% = +o00. This is true
because the limit of 7;(s), as s — d;7, is +oo. Therefore, if X;(t) is far from the

boundary and the drift is pointing to 400, we can take 7; to be as large as we wish.

a0l = Numerator RI;
--- Numerator R2; 1.0
—_
20F === Numerator R3; ‘
0.5
— Denominator ~ __-="
e === o — 5 ‘ ‘ ‘ ‘ \ R
U270 ; 0.2 4 os 08 10
-20p -0.5F

F1G. 3. In this case Z}le a; (X (t))vj; > 0. Left: Relative positions of (R;(s), D;(s)), depending
on the sign of D;(s;). Right: 7;(s) = R;(s)/D;(s) in the case D;(s;) < 0.

The two other cases are as follows: if D;(s;) > 0, then X;(¢) is, in a certain sense,
close to the boundary, and even if the drift is pointing to +o00, there exists an upper
bound for 7;. This is illustrated in the left part of Figure 4, where 7 is the maximum
to the right of s;. Finally, if D;(s;) = 0, then 7 can be obtained as the limit of 7;(s)
as s — d;”. By I'Hoépital’s rule, we have that 7} = X;(t)/D.(s;).

We can summarize the previous discussion as follows: If v;; > 0 for all j, then
7 = +00; otherwise, we have the following three cases:

1. Di(s;) > 0. In this case, 7(s;) = 0 and D;(s) is positive and increasing for
all s > s;. Therefore, 7;(s) is equal to the ratio of two positive increasing
functions. The numerator, R;(s), is a linear function, and the denominator,
D;(s), grows exponentially fast. Then, there exist an upper bound, 7, and a
unique number, s, which satisfies 7;(s}) = 7. We develop an algorithm for

77
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Fia. 4. The other two cases for T;i(s) when Z;’:l a;(X(t))vj; > 0. Left: D;(s;) > 0. Right:

approximating s, using the relation 7/(s}) = 0.
2. If D;(s;) <0, then 7 = +oo0.
3. If D;(s;) =0, then 7 = X;(t)/Di(s:).

2.2.3. Approximating s}. In this section, we present a simple and fast algo-
rithm for approximating s}, which was defined in case 1 above. We proceed in two
steps. In the first step, we find an initial guess, s; o, and in the second step, we improve
this guess and obtain s} ;. Therefore, 7/'=7;(s}) will be approximated by 7;(s} ;).

From (2.10), the equation 7/(s) = 0 is equlvalent to

J
(2.15) —ap(X —I—Z a;(X(t)) exp(—sv;;) = (s—5;) Zaj(f((t))(—uji) exp(—svji).
j=1
Let us define

§i=s—s and by(X(t)) = a;(X(1)s/ 5 W > 0.

As a consequence,

— grai/Xi(®)

exp(—svji) exp(—5vji),

and therefore (2.15) can be written as

J J
(2.16) > bii(X (1) exp(—svji) = ao(X(£)) + 8> bji (—vji) exp(—8vj;).
j=1 j=1
Once we introduce the auxiliary functions W ;,
Wji(y) = exp(—vjy) (1 + vjy),

(2.16) becomes equivalent to finding s} such that G(s}) = 0, where

J
G(y) = —ao(X (1)) + Zb (X (1) 5i(y).

The left graph in Figure 5 shows the shape of ¥ ;; depending on the sign of v;;. We
deduce that G is a decreasing function such that G(0) = D(s;) and G(400) = —o0.
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-0.1 0.1 0.2 0.3

-0.5F — v postive -10r — G(s)
--- v zero _o0F 77 G(intial guess)
SLop ey negative sl — parabola

Fi1c. 5. Left: Function W(s) for different values of v. Right: Function G and its approxzimating
parabola.

By neglecting the exponential term in W;;, we can obtain an initial guess for s;,
ie.,

—CLQ( ()) +Z] 1 JZ( ()) _ Dl(Sz)
S b (X (1) (—vj) Di(s;)’

As we observed in case 1, the values for D;(s;) and D}(s;) are positive, and our
initial guess, s7 ), is a positive number.

In the right graph in Figure 5, we can see that the parabola obtained as the
second-order approximation of G at s} is a good approximation of G close to its
root, s;. Therefore, we obtain s} ; as the largest root of the approximating parabola.
By evaluating 7;(s} ), we obtain a sharp lower bound of sup,, 7:(s).

An expression for s7; in terms of G and its derivatives up to the second order
evaluated at s; is given by

Si0 =

(217) sty =sio+ (<G (s10) + /G (s10)? = 26" (530)Gs10) ) /G (550).
An efficient implementation for computing (s} ;) ~ 7, can be found in Algorithm
1 (see the definition of 7 in case 1 at the end of section 2.2.2).

2.3. Computational work of the preleap methods: Chernoff bound ver-
sus Gaussian approximation. In this section, we first summarize an alternative
preleap method, introduced in [16], which uses a Gaussian-type approximation. We
then compare the algorithm that computes the Chernoff step size with the one that
computes the Gaussian-type step size, Tyqu-

Given § > 0, we want to find the largest 744, such that

(2.18) P (Xi(t + Tyau) < 0 ‘ X(t)) <6, i=1,...,d.

Using (1.5), we get

P (X;(t) = Qi(t, Tgau) < 0| X (1)) = P (Qi(t, Tgau) > Xi(t) | X (1))
—1-P(Qilt) < Xi(t) | X(1) <6,

J
where Qi(t, Tgau) == — >_j_; VjiYj(a; (X (1) Tgau)-
Now, we approximate Q;(t, Tgau) by

Qi(tﬂ Tgau) =E [Qi(tﬂ TgaU)] + \/ Var [Qi(tv TgGU)]Nv
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Algorithm 1. Computes the Chernoff tau-leap step size. Inputs: The current state
of the approximate process, X, the propensity functions evaluated at X, (a;(X ))3]71,
and the stoichiometric matrix, vj;. Output: 7. Notes: For a fixed coordlnate i, such
that (2.10) is fulfilled (otherwise 7,= + c0), this algorithm determines whether or not

* is finite. When 7 is finite, this algorithm computes an approximation for 7;(s} )
based on (2.17). '
Require: ap ijl a; >0

1: fori=1to ddo

2. if 3j: vj; <0 and X;(t) > 0, then
3 r 4 Xi(t)
4 bj < aj 5””/96
5 b+ Zj:1 j
6: ifb—ag < 0, then
7 Ti ¢ +00
8 else
9 ifl;—a0>0, then
10: S < (ao — i))/ Z;-le ijji
11: fj — bj exp(—syji)
12: o Y &Vh, p=0,1,2,3,
13: o+ 3(c3s — c2)
14: B < —cas
15: Y 4= —ag+co +c18
16: s s—(B++/0%—4ay)/2c
17: Ti + sx/(—ap + Z}]:l b; exp(—svj;))
18: else
19: Ti < —33/ Zj:l ijji
20: end if
21: end if
22:  else
23: T; < +00
24:  end if
25: end for
26: return min{7,..., 74}

where N ~ A(0,1) is a standard normal random variable. We get

Xi(t)+ Y 1Vjiaj(X () g
NS

where @ is the cumulative density function for the standard normal distribution.
Finally, let z5 satisfy ®(z5) = 1—4. Then, the 744, that approximately solves (2.18)
is obtained from

P(Q()gX )| Xt )

J
t)—|—ZVjiaj(X(t Tgau = 25 Z 2.0, (X (1)) Tgau-
j=1

Algorithm 2 efficiently computes the step size, Tgqu, using the Gaussian approxi-
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mation.

Algorithm 2. Computes the tau-leap step size using a Gaussian approximation.
Inputs: The current state of the approximate process, X, the propensity functions

evaluated at X, (a;(X))/,, and the stoichiometric matrix, vj;. Output: 7. Notes:
For a fixed coordinate, 4, this algorithm determines whether or not 7" is finite. When

*

7, is finite, this algorithm computes its value.

Require: ijl a; >0
: for i=1 to d do
J
Cp ¢ Djoa a;vh, p=1,2,
P2,

1

2

3

4

5. o 4— pzcg —4dpcicox
6 if co =0or (¢; >0 and a < 0), then
7

8

9

T; < +00
else

if ¢ #0 and (¢; <0 or (¢; >0 and a > 0)), then
10: B pco — 2c1x
11: 7+ (B —a)/2c3
12: else
13: i + 12/ pey
14: end if
15:  end if
16: end for
17: return min{7y,..., 74}

To quantify the relative efficiency of Algorithm 1 versus Algorithm 2, we use
the following nominal operation count convention (based on McMahon [20]): add-
mul, subtraction, and division 1 flop; square root 4 flops; and exp function 8 flops.
We do not count the flow control work, and we assume d = 1 because it is easily
extended to d > 1. Moreover, we are not taking into account the memory access
cost, which usually is dominant. The total flop count for Algorithm 1 is 33 + 26.J,
and for Algorithm 2 it is 19 4+ 2J. The ratio tends to 13 when J — oo. However,
the actual runtime in the MATLAB implementation is, in all the examples we tested,
more optimistic than that predicted using the flop count. Empirically, we observed
that the dominant computational work of the hybrid algorithm at each step is due to
the simulation of a Poisson random variable (see [1] for details). The additional work
of computing the Chernoff step size is, in fact, almost negligible.

In Figure 6, we show the comparison between the Chernoff bound and the Gauss-
ian approximation for the simple decay model, with initial condition X, = 100 (see
section 5). The Chernoff bound appears to be conservative, and it holds for any 9,
which is not the case for the Gaussian approximation, whereas their computational
work is of the same order. We can see that in the Gaussian case, the approximation
does not attain the required one-step exit probability, with a confidence level of 95%,
for most 6.

3. The one-step switching rule and hybrid trajectories. In this section, we
first present a one-step switching rule that, given the current state of the approximate
process, X (t), adaptively determines whether to use an exact or an approximated
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Fic. 6. The Chernoff bound versus the Gaussian approximation in the simple decay model
ezample, with initial condition Xo=100 (see section 5). Left: The empirical one-step exit probability
bound with asymptotic confidence intervals (95% ) versus a reference line with a unit slope (solid line)
for the Chernoff tau-leap. Missing confidence intervals mean that the values are zero or negative.
Right: The Gaussian approzimation case. We can observe that the Chernoff bound holds for any ¢,
with a confidence level of 95%, which is not the case for the Gaussian approzimation.

method for the next step. Then, we present an algorithm for simulating a whole
hybrid path. This algorithm consists of a certain number of exact and approximate
steps. Next, we estimate the probability that one hybrid path exits the lattice, Zi,
which is an event that depends on the expected number of tau-leap steps, as we will
see. Finally, we show how to estimate, based only on hybrid paths, the expected
number of steps of a pure SSA path.

3.1. The one-step switching rule algorithm. Here, we provide a justification
for the one-step switching rule algorithm, as described in Algorithm 3.

Let o = X (t) be the current state of the approximate process, X. Therefore, the
expected time step of the SSA is given by 1/ao(x). Let rop=7cn(z, ) be the Chernoff
tau-leap step, obtained using Algorithm 1. To move one step forward using the SSA
method, we should compute at least ag(x) and sample two uniform random variables.
On the other hand, to move one step forward using the Chernoff tau-leap method, we
not only have to compute 7¢, (discussed at the end of section 2), but we also have
to generate J Poisson random variables, where J is the number of reaction channels.
It is critical to observe that the computational work of generating J Poisson random
variables is much larger than the computational work of generating only two uniform
random variables. This computational work could be measured, for example, as the
average execution time for the operations involved in it.

We now describe K7 and K. In order to avoid the overhead caused by unneces-
sary computations of 7¢p,, we first estimate the computational work of moving forward
from the current time, ¢, to the next grid point, Tg, by using the SSA method. If this
work is less than the work of computing 7¢,, we take an exact step. This motivates
us to define K7 as the ratio between the work of computing 7, and the work of
computing agp(z) plus sampling two uniform random variables. Otherwise, we com-
pute ¢y, and decide whether to take an SSA step or a tau-leap one, according to the
comparison between 7o, and Kso/ag(z). Here Ky = Ka(x,0) is defined as the work
of taking a Chernoff tau-leap step given the current state of the process, divided by
the work of taking an SSA step plus the work of computing 7. As we mentioned,
associated with each type of step, there is computational work. In the first case, when
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Ky/ag(x) > To—t, the work is C; and includes the computation of 1/ag(x) and the
generation of two uniform random variates. In the same way, when K /ag(z) > To—t
and Ks/ag(x) > Top, the work is Cy and involves the work contained in C; and of
computing 7oy, (x,0), which is denoted by C3. On the other hand, when a Chernoff
tau-leap step is taken, we have not only the constant work, C's, but also variable work,
which is the work of generating the Poisson random variates. The latter work is a
function of the propensities of all the reaction channels, namely, a(z)7cn(z,d). We
model the computational work of generating one Poisson random variate according
to [1], and this work is denoted by Cp(-). In the Gamma simulation method devel-
oped by Ahrens and Dieter in [1], which is used by MATLAB, the work grows like
b1 + baIn A\, where A\ > 15 is the rate of the Poisson random variable. For A\ < 15, the
growth is linear. In practice, it is possible to estimate by and b, using a Monte Carlo
method with a least squares fit, as shown in Figure 7.

S J a; (X T X
Summarizing, Kl — g_?’ and KQ(X(t),(S) — 03+Zj:1 Cp(a;(X(1)) Ch(X(t)ﬂs)).

C14+C3
Cs+Jbi . /7 .
Observe that Ks(z,6) = Fet =1 C > 0asd — 0.
Poisson random variates computational work model Poisson random variates computational work model
-4 -4 T T
x10 x10 * Actual simulation runtimes
6f ] —— Least squares fit
5,
< <
Sooatf a2
(6] f (&)
3f
2 * Actual simulation runtimes
—— Least squares fit
n n n 1 L L
500 1000 1500 0 5 10 15
A A

F1G. 7. Left: The computational work (runtime) model for generating a Poisson random variate
using the Gamma method by Ahrens and Dieter [1]. Right: Linear growth detail for X € [0,15].

Here, we estimate the coefficients (offline precomputed, machine-dependent quan-
tities) Cq, Ca, Cs, by, and bs by computing average execution times of the correspond-
ing machine code block (in this case MATLAB code).

We now briefly describe Algorithm 3. The first decision is made through the
comparison between the expected SSA step size and the remaining time until the
next grid point, Ty. To interpret this rule, we first assume that Ty — t tends to
zero. Then, the selected method tends to be SSA. This decision rule favors SSA over
tau-leap and trivially guarantees the Chernoff bound. In the case of problems where
the SSA method is more convenient, the advantage is obvious: it is not necessary
to superfluously compute the tau-leap step size. On the other hand, this choice has
“reasonable” computational work in terms of choosing SSA over tau-leap, since there
is little time left until 7y. Now assume that K7 /ag tends to infinity; that is, ap tends
to zero. Then, the reasonable choice is SSA, because the Chernoff tau-leap step size
tends to zero in this case. It should be noted that this first decision rule has no extra
computational work, because agp must be computed anyway. If K1 /ag < Ty — ¢ holds,
then the tau-leap size is computed and the second decision is made (line 3). In this
case, first assume that 7¢y, tends to zero. Then, the selected method tends to be SSA,
which is a natural choice. If, on the contrary, 7¢, tends to infinity, the chosen method
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Algorithm 3. The one-step switching rule. Inputs: The current time, ¢, the current
state of the approximate process, X (t), the propensity functions, (a;(X(t)))/—,, and
the next grid point, 7p. Outputs: Method and 7. Notes: Based on E [r554(X(t))] =
1/a0(X (t)) and 7or(X (¢),6), this algorithm adaptively selects which method to use:
SSA or tau-leap. We denote by 7ssa (7cn) the step size when the decision is to use
the SSA (tau-leap) method.

Require: ap Z;-le a; >0
1: if Kl/ao < Ty —t, then
Ton < Algorithm 1
if 7cn < K2(X(t),6)/ao, then
return (SSA,Tss4)
else
return (T'L,7cp)
end if
else
9:  return (SSA,7ssa)
10: end if

tends to be the tau-leap, which again is a natural choice. Now, assume that Ky/ag

tends to infinity. Then, a reasonable choice is SSA, because the step size is large and

the bound is guaranteed. If Ks/ag tends to zero, the reasonable choice is tau-leap.
A summary of the one-step switching rule decisions is given in Table 1.

TABLE 1
One-step switching rule summary. Decision 1 is made at line 1 of Algorithm 3, whereas
decision 2 is made at line 3.

tends to
00 0
If
Decision 1 Tpo—t go to Decision 2 | SSA
Ki/ao SSA TL
Decision 2 ¢, TL SSA
Ka/ap SSA TL

Remark 3.1. In Figure 8, we illustrate the result of the one-step switching rule
in the gene transcription and translation model (see section 5). As ¢ (the parameter
that controls the one-step exit probability) decreases, the SSA region, in the state
space of the problem, increases. We observe that, for § = 1072, almost all the state
space is a Chernoff tau-leap region. For smaller §, we observe that, if the number
of proteins (y-axis) is zero, and the number of mRNAs (z-axis) is large enough, the
states belong to the tau-leap region, because the propensity of the reactions pointing
outside the lattice is weaker than the propensity of the reactions pointing inside the
lattice. When the number of proteins increases, there is a narrow region in which the
propensity of the reactions pointing out dominates, and, consequently, the switching
rule chooses for the SSA method. After that, the Chernoff tau-leap is preferred. The
situation is almost symmetric in the z = y axis.

Remark 3.2. According to Algorithm 3, the selection of the simulation method
depends on the current state, z, of the approximate process, X, through the total
propensity, ag(z), which is a measure of the activity of the system around the state, x.
High activity around x leads to the Chernoff tau-leap method. Therefore, Algorithm
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Chernoff tau-leap and SSA regions Chernoff tau-leap and SSA regions Chernoff tau-leap and SSA regions
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F1G. 8. Regions of the one-step switching rule in the gene transcription and translation model
(see section 5). The blue and red dots show the Chernoff tau-leap and the SSA regions, respectively.
From left to right, § = 10=2,107%,1075, respectively.

3 reveals the existence of two scales (low/high) of activity that determine whether to
choose an exact or approximate simulation method. Observe that the scale of activity
depends not only on x but also on the one-step exit probability bound, J, through
the Chernoff step size, 7¢p,, and the time grid.

3.2. The hybrid algorithm. In this subsection, we present a novel algorithm
that adaptively switches between the approximate (Chernoff tau-leap) and the exact
(SSA) method to generate a whole hybrid path. Algorithm 4 presents this idea.

On the one hand, a path generated by an exact method never exits the lattice, Z‘i,
although the computational work could be unaffordable due to many small interarrival
times typically occurring when the process is “far” from the boundary. On the other
hand, a tau-leap path, which may be cheaper than an exact one, could leave the lattice
at any step. It depends on the size of the next time step and the current state of the
approximate process, X (t). This one-step exit probability could be large, especially
when the approximate process is “close” to the boundary. In section 2 we show how to
control this one-step exit probability adaptively, by adjusting the tau-leap step size.
As we previously mentioned, a hybrid path consists of a certain number of exact and
approximate steps. A hybrid path could therefore leave the lattice. In section 3.3 we
show how to estimate and control the probability of this event.

Given a problem, Algorithm 4 returns the last system state, X (t), and its respec-
tive time, ¢, such that the process belongs to the lattice. At each time, ¢, Algorithm
3 chooses the method to use (exact or approximate) for taking the (k4 1)th step and
its size.

3.3. The global exit probability bound. Once we introduce the hybrid ap-
proximate process, X, one issue is to estimate the probability that one hybrid path
exits the lattice, Zi. Let Q be the sample space for the set of all hybrid paths gener-
ated by Algorithm 4. The event A = {0 € Q : txr = T} means that the whole hybrid
path, (X (ty,©))5 ), belongs to the lattice, Z‘i. Among these paths, the number of
successful leaps using the tau-leap method is Ny (w) = Npp. Then,

QO=AUA={weQ:itg <T}U{weQ :tx =T}.
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Algorithm 4. The hybrid tau-leap algorithm. Inputs: The initial state, X (0), the
propensity functions, (a;)7_,, the stoichiometric vectors, v = (1;)7_;, and the final
time, 7. Outputs: A sequence of states, (X(tx))K , C Z4, such that tx < T. If
tx < T, then the path exited the Z‘i lattice before the final time 7'. It also returns
the number of times, Ny, the tau-leap method was successfully applied (i.e., from
X(tr) € Z%, apply the tau-leap method and obtain X (t;41) € Z4), the number of
SSA steps such that Kj/ag(X(t)) > tp—t is true, Nssa k,, and the number of SSA
steps such that K;/ag(X(t)) > tp—t is false and Ko(X(t))/ao(X(t)) > 7cn is true,
Nssa ik, (see Algorithm 3). Notes: Given the current state, nextsga computes the
next state using the SSA method. Here, t; denotes the current time at the ith step.

1 i+ 0,t + 0, X(t;) < X(0), Z + X(0)

2: while ¢t; < T do

3: Ty < next grid point greater than t;

4: (m,T) = Algorithm 3 with (¢;, Z, (aj(Z))jzl, To)
5. if m = SSA, then
6: Ngsa + Nssa+1
7 if t;+7 < T, then
8: 7 nextSSA(Z)
9: end if
10: tig1 < min{T, tH-T}
11:  else
12: T < min{7, T—t;}
13: Z <+ Z+Pa(Z)r)v
14: if Z ¢ Z‘j_, then
15: Nrpp < Npp +1
16: tig1 < i+ T
17: else
18: return ((X(tk)),Z;:QaNTLaNSSA)
19: end if
20: end if

21 1+ 1+1

22: X(t;)« Z

23: end while

24: return ((X(tk))7i€:07NTL7NSSA)

Let ty = ), Tk, where each 7} is obtained using either SSA or the tau-leap method:

(we A} o {TheN:t, =T}

+oo
e |J Bk eN:t,=TIn{NpL, =n}).
n=0
Then, we can write
“+00
P(A)=> P({3keN:ty =T Ny, =n})
n=0

“+o0
:ZP({HkENZtk:T NTLZ’R})P(NTL:”)'

n=0
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At each step, the probability of exiting the lattice will be less than § when the step
size is computed using the Chernoff method (Algorithm 1), and it will be equal to
zero if the SSA is adopted. At this stage, it should be pointed out that if we use the
Gaussian approximation (Algorithm 2), it will not be possible to guarantee an upper
bound for the probability of event A. Observe that

P({3keN:t, =T}) =P (X(tg)eZd, X (t1)eZ4, .. X(tk)eZd)
— P (X(t1)eZ? | X(to)) P (X (t2)€Z4 | X (1)) ... P (X (tr)€ZL | X (tr-1))

where the notation P (Y € Z¢ | X) assumes that X € Z¢. Now, by construction,
P({3keN:ty =T|Npp =n}) > (1-06)"
because

P (X(t;) € Z4 | X(tj—1)) > 1 — & if we use the Chernoff algorithm
= 1 if we use the SSA.

That is, if the path reached time 7', and N7y = n, then the Chernoff algorithm was
successfully applied n times. By definition,

+oo
P(A):ZP({EkEN:tk=T|NTL=TL})P(NTL:n)ZE[(l_é)NTL]'
n=0

Moreover, for small values of §, using a second-order Taylor approximation for the
function (1 — &)Vt and taking expectations, we obtain the following:

E [(1 — 5)NTL] =1-6E [NTL] + 5—22(E [N’JQ“L] —E [NTL]) + 0(52).

Finally, we arrive at the desired path exit probability,

2
P (A°) < 6E[Ngp] — %(E [N?.] — E[NrL]) + 0(6%).

In practice, we use 6E [Nr] as an upper bound of P (A°) since § is very small
and Var [Nrp] is moderate. In Appendix A, we prove that E[Npp] is bounded for
polynomial propensity functions and tends to zero when § — 0.

Remark 3.3 (hybrid estimation of E[Nggsa-]: The expected number of steps
of a pure SSA path). In the SSA algorithm, the expected time spent in the state
X (s), namely, At|X(s), is an exponential random variable with intensity ag(X(s)).
Therefore, the quantity

T T 1
/0 ao(X(S”dSZ/O EAX ()~

is an approximation of the number of steps of an exact path, (X (s))0<S<T By

sampling M hybrid paths, we have that the sample mean, A( fOT ao(X(s))ds; M),
defined by A(Y; M):=+; Zf\il Y (w;), is an estimator of E [Ngga+].

This allows us, for example, to approximate Workgs(TOL), i.e., the computa-
tional work that the SSA method requires to estimate E [¢(X (T"))] for a given tolerance
(TOL). This remark is used below in Algorithm 5.
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4. Error decomposition, estimation, and control. In this section, we define
the computational global error, £, and show how it can be naturally decomposed into
three components: the discretization error, £, and the exit error, £z, both coming
from the tau-leap part of the hybrid method, and the Monte Carlo statistical error,
Es. Next, we show how to model and control the global error, £, giving upper bounds
for each one of the three components. Finally, given a prescribed tolerance, TOL, we
present a procedure for obtaining the parameters needed for estimating E [¢(X (T'))]
by sampling hybrid paths. These parameters are the time mesh, (¢)X_,(TOL), the
one-step exit probability bound, §(TOL), and the number of Monte Carlo samples,
My (TOL).

4.1. Global error decomposition. As we already mentioned, the main goal
of this work is to estimate accurately and efficiently the expected value E [¢(X (T))],
where X : [O,T]—>Zi is a Markov pure jump process and g : R*=R is a smooth
observable of the process at final time T. We propose the following estimator:

1 M

(4.1) =D (X M)1ay) @)

=1

where X : [0, 7]—Z% is the hybrid approximate process introduced in section 3.2, and
w € . The set A C Q was defined in section 3.3. We recall that 14} (@) = 1 if and
only if the m-hybrid path did not exit Zi.

We define the computational global error, &, as

M
(42) £:=Blg(X(T)] - 32 3 (9(X(T)1(a)) @)

m=1
We can split £ into three parts:

M
Bly(X(T)] - 37 D (X)) @n) = B [(g(X ) —g(X(T) 13)]

m=1

=:£r

M
+E [9(X(T))1(aey] + % > (B [g(X(T)11ay] —g(X(T)1(a}) (@m)-

=:£E

=:£s

Here, £ and Eg are the discretization and Monte Carlo statistical errors, respec-
tively, and they are associated with the hybrid paths, X on A. &g is the global
exit error. We observe that the error term, &g, is defined as the expected value of
g(X(T))1{acy, which is a random variable defined on  x Q. More specifically, we set
&g such that

€] = min |€p(P)],
where P is the set of all probability measures on 2 x Q. By choosing P € P as

the product probability measure, we have that g(X (7)) and 14} are independent
random variables. As a consequence,

€p] < [E[g(X(T))] P (A%).
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An approximate upper bound, B, for |E[¢g(X(T))]| could be obtained, for instance,
as the 95% quantile of a bootstrap sample for |A(g(X(T));-)|. As we showed in
section 3.3, P (A°) can be approximated by ¢ E [Nrp]. Therefore, Bd A(Nrr;-) is an
approximated upper bound for |Eg|, where A(Npy;-) is the estimator of E [Npp].

The discretization error, & = E [(9(X(T)) — g(X(T))) 1(ay], is actually the
weak error associated with the hybrid paths in A. An efficient procedure for accu-
rately estimating this quantity in the context of the tau-leap method is described in
[16]. This procedure computes £7(w) for every simulated hybrid path, (X (tg, ))&,
as a weighted sum of local errors at the mesh times, (tk)fzo. The sequence of weights,
(or (@)K, considered in [16], is defined as the duals motivated by approximate vari-
ations of g(X (7)) with respect to the initial data. According to this method, &; is
approximated by A(Er(@);-). We adapt this method in Algorithm 7 for estimating
the weak error in the hybrid context. A brief description follows. For each hybrid
path, we compute backward the sequence of dual weights:

YK = VQ(XK),
o= (Id + medo (Xk) VT) Orr1, k=K-1,K-2,...,1,

where V is the gradient operator and J,(Xy) = [0;a;(Xy)];,i is the Jacobian matrix
of the propensity function, a;, for j =1,...,J and i =1,...,d. Then, we have

K

J
Er@ =" T—;@M{m(k)zufmj,k (@).
k=1 j=1

Here, X\, = X(tk), Tk = tk+1 — Tk, Aaj,k = aj(Xk;+1) — aj(Xk), ]-{TL}(k) =1if
and only if, at time t, the tau-leap method was used and Id is the d x d identity
matrix.

We model the Monte Carlo statistical error, £g, as a Gaussian random variable
that has zero mean and variance Var [g(X(T))] /M, which could be controlled by
obtaining a rough estimate of Var[g(X(T))]. The sample variance is denoted as
S*(Y; M) = A(Y? M) — A(Y; M)% Therefore, Ca+/S?(g(X(T));)/M is used as an
estimation of &g, where C'4 > 2 is a desired confidence level.

4.2. Error estimation and control. Given a tolerance, TOL, we would like
to have a procedure that determines whether we should use the SSA method or the
hybrid one. This decision should be based on the expected computational work of
both methods, and the procedure should provide, in any case, the necessary elements
for computing the estimator. When the SSA method is chosen, the procedure should
provide the number of simulations, Mgsa(T'OL). When the hybrid method is chosen,
the procedure should provide not only the number of simulations, Mg, (TOL), but
also the time mesh, (tx)5_ (TOL), and the one-step exit probability bound, §(TOL).
Let us describe such a decision procedure. The building block of a hybrid path
is Algorithm 3, which adaptively determines whether to use an SSA or a tau-leap
step. According to this algorithm, given the current state of the approximate process,
x, there are two ways of taking an SSA step, depending on the logical conditions
Kiy/ao(z) > To—t and Ko(x,d)/ao(x) > 7cn. The first way is when K3 /ag(z) > To—t
is true. In this case, we take an SSA step and avoid the computation of 7, (2). The
second is when K7 /ag(z) > Ty —t is false and Ks(x,0)/ag(x) > 7cp is true; but in this
case, we have to compute 7oy, (x). We consider one particular hybrid path, and we let
Ngsa,k,(h,0) be the number of SSA steps such that Ky /ag(z) > Tp—t is true. In the
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same way, let Nsga x,(h,d) be the number of SSA steps such that K;/ag(z) > To—t
is false and Ky (x,0)/ag(x) > ¢, is true. Finally, let Ny (h,d) be the total number
of tau-leap steps. We define W(h,d) as the expected work of a hybrid path, i.e.,

\I/(h, (5) =C{E [NSSA,Kl (h, (5)] + C3E [NSSA7K2 (h, (5)]

J
+CsE [Nrp(h,0)] + > B [/[0 . Cp(a;(X(s))1en(X(s),0))1irLy (X (s))ds

j=1

Therefore, the expected computational work of the hybrid method is M¥(h, ),
where M is the total number of hybrid paths.
Given TOL > 0, we consider the problem

minMﬁ’g M\I/(h, 5)
(4.3) s.t.
Er+Eg+Es <TOL.

In Algorithm 5, we propose an iterative method for obtaining an approximate
solution to this problem.

A brief description of the ideas involved in this algorithm follows. Consider that
a relative tolerance, TOL > 0, is given. By using Algorithm 6, we simulate a number
of hybrid paths in a coarse mesh of size hg, with sufficiently small § (say, § = 1079),
to obtain accurate estimates of Var [g(X(T))] and &;. The total runtime of this
procedure is recorded in the variable r.

Now, we estimate ¥ (ho,d) and, in particular, the error bound, B o A(Npp; Ms),
for the exit error, &g. It is desired that this error be of order O (TOL?). We thus
divide § by a factor (e.g., 10) and re-estimate B0 A(Nrp; M) until this condition is
fulfilled. Then, we compute the discretization error, &7, and S?(g(X (T'); Ms).

For fixed § > 0 and € > 0, let us consider an auxiliary problem:

minM’h M\I/(h,5)
(4.4) s.t.
E1(h,0) + Ca/S*(g(X(T)); My) /M = e,

where C'y4 > 2.
Instead of solving (4.4), we proceed as follows. First, we fix h = hg and derive
M. and € as functions of hy and §:

[ On¥(ho,6) Cay/S?*(g(X(T)); M) :
(45) Mauw(h07 6) - < \Ij(h(), 5) ! 28h€](h03 5) ) ’
and €o(ho,d) = Er(ho,0) + Ca Sj\/([g(X(;T)i;)'),
aux\10;

If eg < TOL — TOL?, we take the current values of hy and § as solutions of our
optimization problem (4.3). Otherwise, we divide the time mesh by a factor (e.g., 4,
which is near the optimal value of the multilevel tau-leap) and proceed iteratively.
Each time we refine the mesh or §, we set the budget for the computational work, rg, as
2-r, which is the current total computational work of the calibration algorithm (see the
details in Algorithm 6). In this way, we can guarantee that the current computational
work of the calibration is less than or equal to two times the computational work at
the last refinement.
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Algorithm 5. Calibration and error estimation. Inputs: The initial state, X (0), the
final time, T, the propensity functions, (a;). 51, the stoichiometric vectors, (z/j)jzl,
the smooth observable, g, and TOL > 0. Outputs: (SSA, Mgsa) or (Hyb, Mryp,
5, (ts)K_,). Notes: The values C4 and C; are defined in section 3.1. For the sake of
simplicity, we omit the arguments of the algorithms when there is no risk of confusion.

1: Set initial mesh {5}, (ho its diameter)

2: § + O(TOL?)

3: ro — 00

4 (W, 7,8 (g(X(T));-), A{g(X(T)), Nssa-, Er, Nr};-)) + Algorithm 6
5 Mgga + C38%(g(X(T));-)/(TOL—TOL?)?

6: a< —1

7. b+ log(¥)—alog(hy)

8: fin < false

9:

while not fin and ¥ < C1A(Ngsa-;-) do

10:  while |A(g(X(T));)|0A(NrL;-) > TOL? do

11: Refine ¢

12: T $— 2r

13: (U, r,82(g(X(T));-), A({g(X(T)), Nssa~,Er, Nrr};+)) + Algorithm 6
14: Mgsa + 0‘2482(9()2( )), )/(TOL TOLg)

15:  end while

16:  Compute 9,&; and 8h\i/(h; a,b)

17:  Compute My, (ho;0) and €; see (4.5)

18:  if ¢ < TOL—TOL?, then

19: fin < true

20: Compute Mg, and €; see (4.6)

21: if Mrryp U < Mgsa C1A(Ngsax;-), then
22: return (Hyb, Mpy, 0, {tx}r )

23: else

24: return (SSA, Mssa)

25: end if

26:  else

27 Refine the mesh {t;}X , and set ho

28: To 4271

200 (U,r,82(g(X(T)): ), A({g(X(T)), Nssa-, €1, Nri}i-)) < Algorithm 6
30: Mgsa <+ C3S8%*(g(X(T));)/(TOL-TOL?*)?
31: Update a and b using a linear regression

32:  end if

33: end while

Once the previous process is finished, we can take advantage of the slack TOL—
TOL? — &1(ho,d) for reducing the value of M,,, and obtain

2
w0 - (SRR

The estimation of %}“’5)&) and 0y Er(ho, ) in (4.5) deserves some remarks.

First, note that % = Oplog(¥(hg,d)). In a pure tau-leap regime, the
number of steps is approximately inversely proportional to the size of the mesh. We
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Algorithm 6. Auxiliary function for Algorithm 5. Inputs: Same as Algorithm 4,
and constant rg, used to control the total computational work of the algorithm (bud-
get). Outputs: The estimated runtime of the hybrid path, U, the total accumulated
runtime, r, an estimate of Var [¢(X (T'))], S?(¢(X(T));-), an estimate of E [¢(X (T))],
A(g(X(T));-), an estimate of E [£;], A(Er; ), and an estimate of the expected number
of steps needed by the SSA and tau-leap methods, A(Ngga-;-) and A(Nry;-). Here,
17y (k) = 1 if and only if the decision at time t; was tau-leap. Notes: The values
C1, Cs, and C3 are defined in section 3.1. Set appropriate values for My and CVj.
For the sake of simplicity, we omit the arguments of the algorithms when there is no
risk of confusion.
1: M < My, cv <00, 7+ 0, My <+ 0
2: while cv > CV and r < rg do
for m <+ 1to M do
((X(tk))k OaNTL7NSSA K1y Nssa, Kg) + Algorithm 4
if the path does not exit Z4, then

My < My +1

Compute g(X(T;w0.m))

Er «+ Algorithm 7

Use Remark 3.3 for estimating Ngga« (W)
10: Cpoi(@m) + Y71 Sico Cpa; (X (tr)) (thar —te)) 171y (k)
11: end if
12:  end for
13:  Estimate the coefficients of variation cv, and cve, of the estimators of

Var [¢(X(T))] and E []], respectively.

14:  cv + max{cvg, cvg, }
15: \IH—CLA(NSSA_’KI ; Mf)—FOQA(NSSA,KQ ; Mf)—l—Cg.A(NTL; Mf)—FA(Opm'; Mf)
16: =1+ Mf U
170 M <« 2M
18: end while
19: return (¥, 7, S*(g(X(T)); M¢), A{g(X(T)),Er, Nssax, Nrr}; My))

Algorithm 7. Computes the discretization error, & = E(@y,). Inputs: (X ()5,
Here, 1711 (k) = 1 if and only if the decision at time #;, was tau-leap, and Id is the
d x d identity matrix Output: Er(opm,).
8] 0
Compute ¢ < Vg(X(txk))
for K+ K—1to1do
Aty tpy1 —
Compute J, (X () = [8 aJ(
Ok (Id—l—AthT( v
Aag + a(X(tk+1)) ( ( k
51(—8}4— (Aak 1{TL}(k)V ) Qk
end for
return &;

(t5))]5.

X(t
T) Ph+1
)

—
e

therefore have E [N7r(h)] = O (h™!). In a hybrid regime, we model E [¥(h,§)] =
O (h*). Therefore, for large values of h, a plausible model for log(¥(h, §)) is alog(h)+
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b. We denote it with U(h;a,b). See Algorithm 5 for details. An initial guess for a is
—1.

For the estimation of 9,&;(ho,d), we simply take numerical derivatives when
consecutive meshes are available as follows:

nEr(hi,0) = —2/Er(hk—1,0k-1) (Er(hg, 0k) — Er(hg—1,0k-1)) .

As an initial value, we can consider &;(hg, )/ ho.

When h is close to zero, U(h, ) is the expected work of an exact path, C1E [Ngg+]
(see Remark 3.3). Therefore, if in any iteration W(h, d) is greater than C1 A(Nssa~;-),
then we decide to use the SSA method.

5. Numerical examples. In this section, we present two examples to illustrate
the performance of our proposed method.

5.1. A simple decay model. The classical radioactive decay model provides a
simple and important example for the application of the hybrid method. This model
has only one species and one reaction,

X 5 0.

Its stoichiometric matrix, v € R, and the propensity function, a : Z, — R, are given
by

v=-1 and a(X)=cX.

Here, we choose ¢ = 1 and g(x) = 2. In this particularly simple example, we have the
exact solution, namely, E [¢(X (T))| X (t) = Xo] = Xoexp(—c(T —t)).

In Figure 9, we show the behavior of the time step size of the Chernoff tau-leap
method, 7oy, as a function of the one-step exit probability bound, 6. We compare
Ton with the expected value of the SSA step size, Tss4, in a log-log scale, for xy €
{5,10,15,20}. We can see that ¢, goes to zero as 0 goes to zero. For small values
of §, we have that 7954 = 1/ag(xg) = 1/x¢ is larger than 7¢p,, and, therefore, the
SSA method is chosen by the hybrid algorithm (Algorithm 3). The expected SSA
step size, which is independent of J, is shown with horizontal dotted lines starting
from the right, until the intersection with the 7¢, curve. For example, if zg = 10,
Top is larger than the expected 7954 whenever 6 > 0.0259. These dotted lines show
two regimes: as we mentioned, below the dotted line, we can say that the process is
close to the boundary, but, when 7¢y, is larger than the expected 7554, we can say
that the process, X, is far from the boundary. In this regime, the Chernoff tau-leap
method will be chosen by the hybrid algorithm.

Summarizing, in Figure 9, we can observe when the SSA method is preferred over
the Chernoff tau-leap, either because we have very stringent probabilities of taking
negative values yielding a small value for d, or because the current state of the process
(z0) is relatively close to the boundary.

In Figure 10, we show 7¢j, as a function of xg, using a log scale on the x-axis, for
different values of §. It is interesting to observe that the maximum value of 7¢p, is 1,
even when the final time is 7' = 2. This is influenced by the propensity function and
the value of ¢. For smaller values of ¢, the maximum increases. This figure shows that
when xg is small, the values of 7¢y, decrease rapidly and become much smaller than
Tssa. As we mentioned, to be close to or far from the boundary is a relative notion,
and it must be seen according to the probability of exiting the lattice. For instance,
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Decay model, T =2
10 : :

1 Chernoff, E[t SSA|X0]
B

—— "~
___E[t SSA|X0]

1 0_ L L T
107 107° 107 107 10°

Fic. 9. Chernoff step size, Tcn, as a function of 8, for xo € {5,10,15,20}, compared to
E[1rssa|Xo]. For zo fized, we can observe two regimes delimited by the dotted lines. Above the
dotted line, the Chernoff tau-leap method is preferred, and below the line, the preferred method is
the SSA.

when o = 10, we have that 7954 is approximately equal to ¢y, for § = 107°, which
is greater than the values of § typically needed to achieve small tolerances. In the
figure, we can see that, when xo tends to 1 (its minimum value), the expected 7554
tends to 1, and it is greater than 7¢,. This shows that, as we are getting closer to the
boundary by decreasing xg, the 7o, becomes too small. On the other hand, when x(
increases, the Chernoff tau-leap step size becomes larger, and, therefore, the tau-leap
method is preferred.

Decay model, T =2

1
0.9 1
—, 0.8 1
<
X o7t l
8 06k ——8=1e-17 ||
L, ——8=1e-14
& oos) ——=1e-11 |
S g4 ——58=1e-08 ||
5 ——§=1e-05
5 %% —=—5=0.001
© 0.2f ——5=0.01 I
——3= 0.1
0.1 __E[xSSAX]
10° 10° X 10* 10°
0

Fra. 10. Chernoff step size, Tcn, as a function of xo, for different values of §. We observe
two regimes: As xqo decreases, the SSA method is preferred; as xo increases, the Chernoff tau-leap
is preferred.

Consider the initial condition Xy = 100 and final time T = 2. We can observe
that the process starts at a regime where the expected SSA step size is smaller than
the Chernoff tau-leap, but after a certain time, it is the opposite. In Figure 11, we
show 20 SSA paths and 20 hybrid paths.
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20 exact paths 20 Hybrid paths, 6 = 1.0e—-04

Number of particles
Number of particles

0 . . ,
0 0.5 15 2

1
Time

Fia. 11. Left: 20 SSA paths for the simple decay model with Xo = 100 and T = 2. Right: 20
hybrid trajectories, with linear interpolation between sample points (time steps). We can observe
that, near the x-axis, the hybrid algorithm takes more SSA steps and fewer tau-leap steps.

Now, we consider the initial condition, Xy = 10°, and the final time, T = 0.5.
In this case, the process starts far from the boundary. First, we observe in Figure
12 that the SSA paths are very close to each other; that is, the variance of g(X (7))
is small. We analyze an ensemble of five independent realizations of the calibration
algorithm (Algorithm 5), using different relative tolerances. In Figure 13, we show, in
the left panel, the total predicted work (runtime) given by the calibration algorithm
for both methods, the hybrid and the SSA, versus the estimated error bound, and
its corresponding confidence intervals at the 95% level. The method chooses for the
hybrid algorithm for the first three tolerances (largest) and the SSA for the two smaller
ones. For the fourth tolerance, the method chooses the hybrid in 80% of the runs and
SSA for the rest (see Table 2). Note that as TOL decreases, the hybrid path converges
to the exact one because § goes to 0 (see Appendix A). In the right panel, we show,
for different tolerances, the actual work (runtime) of both methods, using a 12 core
Intel GLNXAG64 architecture and MATLAB version R2012b. The actual runtimes are
in accordance with our predictions.

4 20 exact paths 4 20 exact paths
6.15-

x 10

9.51

©

®
o

N
o

Number of particles
@
Number of particles

~

e
]

5l

0.1 0.2 . 0.3 0.4 0.5 0.495 0.496 0.497 . 0.498 0.499 0.5
Time Time

=)

=)

Fic. 12. Left: 20 SSA paths for the simple decay model with Xo = 10° and T = 0.5. Right:
Details.
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Predicted work vs. Error bound, Decay model Predicted/Actual work vs. Error bound, Decay model
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F1G. 13. Left: Predicted work (runtime) versus the estimated error bound for Xo = 10° and
T = 0.5. The hybrid method is preferred over the SSA for the first three tolerances (larger ones).
For the last two tolerances, the SSA is preferred. Therefore, in that case, the total predicted runtime
is the same for the hybrid and SSA methods. Right: Predicted and actual work (runtime) versus
the estimated error bound.

TABLE 2

Details for an ensemble of five independent runs of Algorithm 5 for the simple decay model with
Xo = 10° and T = 0.5. For example, the third row of the table tells us that we should run M = 64
hybrid paths, with a time mesh of size h = 4.9 - 10~% and a one-step exit probability bound of § =
4.77-107 10, The work of the hybrid method is, on average, 57% of the work of the SSA (third column
in the second part of the table). Here WHyb = MHyb\i/ and Wgga := Mgga C1 A(Ngsa=;-). The
fourth row shows, in the second and third columns, that in four runs of Algorithm 5 the SSA method
is chosen, and in one run the hybrid method is chosen. In that case, we should simulate Mggsa = 180
SSA paths or M = 260 hybrid paths. Confidence intervals at 95% level are also provided.

TOL Method ~ 6(TOL) h(TOL) M(TOL)
SSA  HYB
3.13e-03 0.00 1.00 3.05e-08  2.0e-03 5.0
1.56e-03 0.00 1.00 3.81e-09  9.8e-04 1.6e+01
7.81e-04  0.00 1.00 4.77e-10  4.9e-04 6.4e401
3.91e-04  0.80 0.20 5.96e-11 2.4e-04 2.6e+02
1.95e-04 1.00 0.00 - - -
9.77e-05 1.00 0.00 - - -
TOL Mssa % A(Ntr;)  A(Nssax;-)
3.13e-03 3.0 0.20 £0.03  2.6e+02 3.9e+04
1.56e-03 1.2e+01 0.37 £0.05 5.1e+02 3.9e+04
7.81e-04  4.6e+01 0.57 £0.09 1.0e+03 3.9e+04
3.91e-04 1.8e+02 0.97 £0.05 2.0e+03 3.9e+04
1.95e-04 7.2e+02 1.00 - 3.9e+04
9.77e-05 2.9e+03 1.00 - 3.9e+04

In the simple decay model, where an explicit expression for E [¢(X(T))] is avail-
able, we can accurately compute the ratio between the estimated weak error and &y,
which we call the efficiency index of the discretization error. We compute this quantity
when the preferred method is the hybrid one. Recall that

& =E [(g(X(T)) — g(X(T))) 1ay] -

In order to compute that quantity, for each run of the calibration algorithm (Algorithm
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5), we use a large sample in order to control the statistical error. The sample size is
such that the statistical error in the estimation of £; is ten times smaller than the
prescribed tolerance. In Figure 14 we show the efficiency index of the discretization
error, with confidence intervals at 95%. In the same figure we also show TOL versus
the actual computational error. It can be seen that the prescribed tolerance is achieved
with the required confidence of 95%, since C'4=1.96.

TOL vs. Estimated over actual weak error TOL vs. Total error 1.2
‘ ‘ ‘ 1.6

_—1

Y
;
N
)

: 107 02 /

-
@
T
L

-

N
T
.
L

Total error

-
T
I

4
©
T
i

0.

4
©
T
.

i

Estimated over actual weak error

I L
-3 -4 -3

10
TOL TOL

Fic. 14. Left: Efficiency index for & and 95% confidence intervals. Right: TOL wversus the
actual computational error. The numbers above the straight line show the percentage of runs that
had errors larger than the required tolerance. We observe that in all cases the computational error
follows the imposed tolerance closely with the expected confidence of 95%.

5.2. Gene transcription and translation [4]. This model has five reactions,

D5 R, R R+ P,
2P = D, R0,
P 250,

described by the stoichiometric matrix and the propensity function

1 0 0 1
0 1 0 caR
v= 0 -2 1 and a(X)=| cP(P-1) |,
-1 0 0 caR
0 -1 0 C5P

respectively, where X (t) = (R(t), P(t), D(t)) and ¢; = 25, ¢ = 103, ¢3 = 0.001,
¢4 = 0.1, and ¢; = 1. In the simulations, the initial condition is (0,0, 0), and the final
time is T = 1. The observable is given by ¢g(X) = X5 = D.

We can see that the abundance of the mRNA species, represented by R, is close
to zero for t € [0,7]. Therefore, we can interpret that the process is close to the
boundary. However, according to Table 3, the calibration algorithm always chooses
the hybrid method only in the first two tolerances. This happens because small
tolerances induce small one-step exit probabilities, and, as a consequence, the Chernoff
tau-leap steps are smaller than the expected SSA steps. This suggests that the reduced
abundance of one of the species is not enough to ensure that the SSA method should
be used. The tolerance also plays a role in this choice.
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TABLE 3
Details for an ensemble of five independent runs of Algorithm 5 for the gene transcription and
translation model. Details on how to read the table are provided in Table 2.

TOL Method §(TOL) h(TOL) M(TOL)
SSA HYB

1.00e-01  0.00 1.00  8.0e-05 £2e-05  2e-02 £2e-03 66 £3
5.00e-02  0.00 1.00  1.0e-05 £2e-06  T7e-03 £7e-04 230 £8
2.50e-02  0.40  0.60 1.1e-06 £5e-07  3e-03 £7e-04 840 £70
1.25e-02  0.80 0.20  1.9e-07 2.0e-03 3e+03
6.25e-03 1.00 0.00 - - -
3.13e-03 1.00 0.00 - - -

7%
TOL Mssa ﬁ A(Nrr;-) A(Ngsax;-)

1.00e-01  3.5e4+01  0.39 £0.04 7e+401 +1le401 1.8e+04
5.00e-02  1.4e+02 0.54 £0.10 1.4e4-02 £2e+01  1.8e+04
2.50e-02  5.5e+02  0.88 £0.10  3.2e402 £9e+01  1.7e+404

1.25e-02  2.2e+03  0.99 £0.02  4.9e4-02 1.8e+4-04
6.25e-03  8.8e+03  1.00 - 1.8e+04
3.13e-03  3.5e+04  1.00 - 1.8e+-04

In Figure 15, we show an ensemble of five independent realizations of the calibra-
tion algorithm and the comparisons of its corresponding predicted and actual work.
We can appreciate the robustness of the calibration procedure. We can also observe
that the hybrid method converges to the SSA when the tolerance goes to zero.

Predicted work vs. Error bound, Genes model Predicted/Actual work vs. Error bound, Genes model

R —SSA ] 17 o —SSA predicted
—o—Hybrid -e—Hybrid predicted
- =slope 1/2 reference -+-SSA

- [N - -e-Hybrid

c c

> >

[] o

Ke] o]

S 107 S

w w 107°

16‘ 162 163 16“ 16‘ 1(‘)2 163 16"

Predicted work (runtime, seconds) Work (runtime, seconds)

Fic. 15. Left: Predicted work (runtime) versus the estimated error bound for the gene tran-
scription and translation model. The hybrid method is preferred over the SSA for the first two
tolerances (larger ones). For the last four tolerances, the SSA is preferred. Therefore, in the latter
case, the total predicted runtime is the same for the hybrid and SSA methods. Right: Predicted and
actual work (runtime) versus the estimated error bound.

In Figure 16 we show the efficiency index of the discretization error, with con-
fidence intervals at 95%. In the same figure we also show TOL versus the actual
computational error. It can be seen that the prescribed tolerance is achieved with the
required confidence of 95%, since C'4=1.96.

6. Conclusions. In this work, we addressed the problem of accurately estimat-
ing the expected value of an observable of a Markov pure jump process at a given
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Fia. 16. Left: Efficiency index for £y and 95% confidence intervals. Right: TOL versus the
actual computational error. The numbers above the straight line show the percentage of runs that
had errors larger than the required tolerance. We observe that in all cases the computational error
follows the imposed tolerance closely with the expected confidence of 95%.

final time within a certain prescribed tolerance with high probability. Examples of
settings where such estimation is necessary are message delivery times and connectiv-
ity in wireless communication networks and the number of infected agents in epidemic
modeling of small populations. Although there are methods that simulate paths with
the exact distribution of the process (e.g., Gillespie’s SSA method), the computational
work of generating the number of paths required to control the statistical error in a
Monte Carlo setting turns out to be prohibitive for some real applications. On the
other hand, Gillespie’s approximate tau-leap method could produce, in certain cases,
less expensive paths at the price of additionally introducing a time discretization error
and an exit error.

In this work, we proposed a hybrid algorithm that, at each step, adaptively
chooses to adopt the SSA method when the work of the tau-leap step becomes high.
As a consequence, the expected work of a hybrid path remains bounded by the ex-
pected work of an SSA path and potentially can be much smaller.

The global exit error is related to the fact that, at any time, a tau-leap path can
attain a nonphysical value. Preleap checks are common techniques for dealing with
this problem by controlling the time step size. Here, we presented a novel nonasymp-
totic Chernoff-type hard bound to control large deviations of linear combinations of
independent Poisson random variables. This bound allows us not only to obtain a
preleap check for the tau-leap method, which neither changes the distribution of the
increments nor requires any type of assumption regarding the reactions that can occur,
but also to estimate and control the global exit error. To the best of our knowledge,
there has been no previous attempt in the literature to estimate and control this type
of error at the path level.

Another important contribution of this work is a calibration algorithm that can
determine if it is suitable to use the hybrid algorithm for a given problem and also
that can provide the associated simulation parameters. In the hybrid case, the cali-
bration algorithm provides the one-step exit probability bound, the time mesh, and
the number of hybrid paths that are needed for computing the mentioned expected
value with low computational work.

It is worth mentioning that, by simulating hybrid paths, we obtained accurate
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estimates of the average number of steps required by the SSA method to reach the
final time. This is especially relevant in problems where the process visits regions of
the state space where the total propensity is very high.

The numerical results that we obtain from different models show that the hybrid
method proposed here is suitable for addressing problems in which one or more species
has few individuals while the total propensity is high. In these types of problems (e.g.,
the gene transcription and translation model), the reaction-rate ODEs do not provide
accurate approximation of the average behavior of the process, and the cost of the
exact methods is also high. Moreover, we observed that generating Poisson random
variables makes the computational work of a tau-leap step much higher than the work
of an SSA step. This last argument, together with the advantages already discussed
in terms of the time discretization error and the global exit error, adds more evidence
in favor of avoiding the tau-leap whenever possible.

Our next step is to extend this hybrid algorithm to the multilevel Monte Carlo
setting [12, 2]. We aim to obtain substantial computational work gains with respect
to the traditional exact methods (SSA and modified next reaction method (MNRM))
and the single-level hybrid Chernoff tau-leap and to show that the computational
complexity of this multilevel extension is of order O (TOL‘Q).

Appendix A. An upper bound for the expected number of tau-leap
steps of a hybrid trajectory, (E [Nz (h,d)]). Let E [Nz (h,d)] be the expected
number of tau-leap steps of a hybrid path with a mesh of size h and a one-step
exit probability bound, §. Let {T;} be the sequence of grid points, ¢ the current
time, and X (t) the current state of the hybrid process, X. Let 7¢x(X(t),d) be the
Chernoff tau-leap step size computed using Algorithm 1, and, finally, let K; and
Ky = Ko(X(t), 7cn) be those introduced in section 3.1.

According to Algorithm 3, the logical conditions for choosing a tau-leap step are
given by

K, Ky >
(X @) <T;—t and 20 (X () < Ton(X(t),0).

The effective step size in this case is given by min{7cx (X (t),6),T; —t}. Observe
that {% < 1on(X(t),0)} — 0 as 6 — 0, because Ko — C and 7¢, — 0 (see
section 3.1). By the definition of Ny, we have that

E [Nrr(h,6)]

K K
e < T e

i o1 _
:EE:ﬁi {%wm> ao(X(1)) "

min{TCh (X(t), (5), T, — t}

r K4 Ky
ﬂl{m@ﬁ»<ﬂ‘“%am>

<E
- Z/”Dl { Ky Ko }
min
ao

(X (1) ao(X (1))

dt| -0 aséd—0.
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It is also true that E[Npz] has a polynomial bound since g is polynomial and

~ K _
7, ao(X(1))1 {7a0(X2(t))<TCh(X(t)’6)} ) fo [ao(X ()] dt
T, min{ K7, Ko} - mln{Kl,Kz} '

B2

Finally, for the problems where max, ez ap(z) < oo, we get the rough upper
bound

[T E [ao(X(1))] dt T
Omln{Kl,Kg} = min{ K1, Ko} fé%)di ao(x)-

Observe that Z¢ can be substituted by Z4 (zg,T') C Z% defined by the subset of states
that can be reached by a path starting from xg and evolving up to time T'. Therefore,
we have an upper bound for E [N7y] that does not depend on §. When the lattice is
finite as in the exponential decay (Example 1.2), this bound is ¢T zq/Ko.
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