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Diffusion-dynamics laws in stochastic reaction networks
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Many biological activities are induced by cellular chemical reactions of diffusing reactants. The dynamics of
such systems can be captured by stochastic reaction networks. A recent numerical study has shown that diffusion
can significantly enhance the fluctuations in gene regulatory networks. However, the universal relation between
diffusion and stochastic system dynamics remains veiled. Within the approximation of reaction-diffusion master
equation (RDME), we find general relation that the steady-state distribution in complex balanced networks is
diffusion-independent. Here, complex balance is the nonequilibrium generalization of detailed balance. We also
find that for a diffusion-included network with a Poisson-like steady-state distribution, the diffusion can be
ignored at steady state. We then derive a necessary and sufficient condition for networks holding such steady-state
distributions. Moreover, we show that for linear reaction networks the RDME reduces to the chemical master
equation, which implies that the stochastic dynamics of networks is unaffected by diffusion at any arbitrary time.
Our findings shed light on the fundamental question of when diffusion can be neglected, or (if nonnegligible) its
effects on the stochastic dynamics of the reaction network.
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I. INTRODUCTION

Diverse biological phenomena, such as cellular signal
transductions and gene expression systems, are commonly
studied by stochastic reaction network modeling [1-3]. These
systems involve a set of reactant species which react through
several channels. In most of the existing studies, such sys-
tems are often assumed to be well mixed, meaning that
the diffusion coefficients of the reactants are infinitely large
[4-10]. However, experiments have shown that reactants in
cells diffuse at considerably low rates [11], and that the small-
est timescale of the system is a little larger than the timescale
of molecular diffusion. In such cases, the well-mixed assump-
tion cannot accurately obtain the stochastic dynamics of the
system. For example, living cells continuously receive signals
at their receptors, which are subsequently transmitted to the
nucleus through biochemical reaction networks [12—15]. This
process is strongly influenced by extrinsic and intrinsic noise
arising from fluctuations in the input and reactions. These
effects induce unavoidable fluctuations in the biomolecule
concentrations, which deteriorate the fidelity of information
transfer [16,17]. By accurately evaluating the fluctuations,
we would better understand the mechanism underlying signal
transmission in cells. In a numerical study of gene regulatory
networks, Ref. [18] showed that the fluctuations are larger in
the model with diffusion than in its well-mixed counterpart.
Thus, how diffusion relates to the stochastic dynamics of
reaction networks is a pertinent question. Recently, Ref. [19]
has numerically studied the effects of diffusion on single-cell
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variability in multicellular organisms, and the limits of slow
and fast diffusion have been investigated.

Two commonly used models for studying stochastic
reaction-diffusion systems are the reaction-diffusion master
equation (RDME) [20] and the Smoluchowski model [21].
The RDME, which is a mesoscopic model, is an extension
of the nonspatial chemical master equation (CME) [20] and
can be interpreted as an asymptotic approximation to spa-
tially continuous stochastic reaction-diffusion models [22].
The RDME has been successfully applied in studying many
biological systems [19,23-25]. It is worth noting that the
Langevin equation, which can be derived from an equiva-
lent Fokker—Planck equation or the Poisson representation,
can handle continuum-limit diffusion in reaction networks
[20,26]. However, the Langevin equation is applicable to bio-
chemical reactions occurring in infinite space with no physical
boundary, which is unrealistic in biological cells.

In the present work, we investigate the relations between
diffusion and the stochastic dynamics of reaction networks
within a physical reflecting boundary. In this system, reactants
diffuse within a closed three-dimensional space without es-
caping. With the aid of the RDME, we find an intriguing law
stating that diffusion does not affect the steady-state distribu-
tion of complex balanced networks, which have a Poisson-like
distribution. Our proof reveals that if the network presents
a steady-state distribution of product-of-Poissonians form,
diffusion can be neglected. We then calculate the necessary
and sufficient conditions for such steady-state network distri-
butions. We also find another result, wherein steady state is not
a requirement. Specifically, we prove that for linear reaction
networks, one can derive the CME from the RDME, which
indicates that diffusion can be ignored in this case. This result
can be restated as follows: the stochastic dynamics of linear
networks are diffusion-independent, which is consistent with
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the Smoluchowski model. In addition, we perform stochastic
simulations on both linear and nonlinear networks to verify
our results.

II. MODELS

We consider a general reaction network consisting of N
reactant species Xi,..., Xy and K reactions Ry, ..., Rg.
Assume that all reactions occur inside a cell with fixed volume
2, and that reaction R; (1 < j < K) is of the form

k
s X1+ sy Xy = X+ 4y Xy, (D)

where s;;,7;; € N3¢ are the stoichiometric coefficients and
k; € R, is the macroscopic reaction rate. Here, N denotes
the set of nonnegative integers. R.o and R, are defined
analogously. If vazl sij < 1forall j=1,...,K, then the
reaction network is linear; otherwise, it is nonlinear. The state
of the system is fully determined by the molecule-number vec-
tor of all reactant species in the system, n = [nq, ..., nyl’,
where n; € N3 is the number of molecules of species X;.
Assuming mass-action kinetics, the time evolution of a well-
mixed system can be described by the following chemical
master equation (CME):

K
OP(n.t)y=>Y BV —1)fj(n, QP®n.1), (2

j=1

where V = [r;; — 5;;] € ZVN*K is a stoichiometric matrix, V ;
denotes the jth column of matrix V, and E* is an operator
that replaces n with rn 4+ x. P(n,t) is the probability of the
system being in state n at time ¢, and the propensity function
fi(n, ) of reaction R; is given by

N

Fim, ) = k@ E 0 T

i=1

I’l,‘!

(ni —sij)! )
To include diffusion in stochastic spatial dynamics, many
researchers apply the RDME, in which space is partitioned
discretely into many voxels. It is known that the RDME is
accurate if an appropriate combination of the time- and length-
scale is chosen [22,27-30]. We assume from now on that the
volume of the system is optimally divided into small voxels
and as such, the RDME yields a good description of the time
evolution of the probability distribution. Diffusion then occurs
among the voxels, and the reaction can occur within the same
voxel considered to be a well-mixed system. Assume that the
volume €2 is divided into a set V of voxels labeled by integers
v=1,2,...,|V|. Each voxel v occupies a constant volume w
and contains n,; molecules of reactant species X;. The state
vector of voxel v is denoted as n, = [ny1, ..., nyn]". The
state of the whole system is then described as the molecule-
number vector r of each species in each voxel, namely, n =
[nT, e, n‘-;l]-r. We also define a vector 1,; € ZVV, in which
the number of molecules of all species in all voxels is zero
except for species X; in voxel v (which is one), and a vector
V., € ZVN | in which all elements are zero except in voxel
v (which holds V ;). As the diffusion of each species into
neighboring voxels can be modeled as a first-order reaction,
the diffusion-included reaction network can be described in

the following form:
k;:
Sljxi)“""‘l'SNjX;)v —j> r]ij+---+rNjX}’V,

X' 5 XV VIKi <N veV, v eN), 4

l

where X/ refers to species X; in voxel v, d; is the diffusion
rate of species X;, and N,.(v) is the set of voxels neighbor-
ing v. The stochastic dynamics of the system can then be
described by the following RDME:

N
AP(m.y=>y" > S (E™W—Ddn,Pn,t1)

veV v'eN,(v) i=I

K
+ Y D ETY =) f@m 0)P@. ). (5)

vey j=l1
where f,;(n, ®) is the propensity function, given by

N

foj (1, @) = ko' "X 1_[

i=1

nvi!

(nyi — sij)!

(6)

In the large-diffusion limit, the RDME converges to the
CME [31].

Before stating our results, we describe several existing con-
cepts and results of deterministic reaction networks. For each
reaction R; (1 < j < K), the linear combinations Z[N: 18 X
and Z,N=1 rijX; of the species in Eq. (1) are called the
complexes of the reaction. Defining C = {Cy, C,, ..., Cy}
as the set of complexes, with M = |C|, each reaction can be

expressed as C; N C;/, where a;; denotes the reaction rate.
For each 1 <i,i’ < M, a;; =0 if C; — C; is not present
in the reaction network; otherwise, a;;; = k; for some j (1 <
j < K). The matrix A € RM*M  called the Kirchhoff matrix
of the reaction network, is defined as follows:

M ey
=2 aij, ifi=i

A i’ = .
[ ] airj, if i #l,

(7N
Let X ={X;,...,Xn} be the set of species and R =
Uiira.,=01Ci = Cir} be the set of reactions in the network.
The tffple {X, C, R} then defines a reaction network. A reac-
tion network {&X’, C, R} is called weakly reversible if for any
reaction C; — C; € R, there exists a sequence of complexes
C,'], ey Ci’) € C such that C,'r — C,’l, Ci1 — Ciz, ey Ci,, —
C; € R. One can construct a directed graph G corresponding
to a reaction network in the following manner. For each 1 <
i,i’” < M, draw a directed edge from C; to C; if and only
if C; - Cy € R. We denote by £ the number of connected
components of the underlying undirected graph of G. The
deficiency of a reaction network is an integer defined as
8 = |C| — £ — rank(V). According to Ref. [32], § is always
nonnegative.

In a deterministic system, the vector of species concentra-
tions, ¢ = [¢1, ¢2, ..., cn] € Rgo, temporally evolves as de-
scribed by the following differential equations, which express
the different form of rate equations:

o,c=Y A -¥(c). (8)

Here, Y = [y;;] € NgOXM is the matrix of stoichiometric com-
positions of the complexes, i.e., y;; is the stoichiometric
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coefficient of C; corresponding to species X;, and ¥ : RY
RM is a mapping given by

N
:]‘[c;"f,j=1,...,M. 9)
i=1

A reaction network is called complex balanced at ¢ € RY,
if A - W(c) = 0. This condition means that for each complex
C; ecC, ZC;—>C»/ aipVi(c) = Zc/—>c, ay Wy (c). In this case,
¢ is a positive eciuilibrium of the network.

W;(e)

III. RESULTS

The following states our first result.

Theorem 1. If a reaction network is complex balanced, its
steady-state distribution is unaffected by diffusion.

Proof. As the network is complex balanced, there exists
a positive equilibrium ¢ = [cy, ..., cy]" € ]RNO such that A -
W(c) = 0. We note that the only requ1rement in our proof is
the existence of some ¢ such that A - ¥(¢) = 0. Here, c is
not the steady-state concentration in the presence of diffusion.
Let I C Ngo be the state space of the network, which may
depend on the initialization. First, we prove the following
ansatz: that the steady-state distribution of the RDME is given
by a product Pr(n, t) of Poisson distributions:

r Hvev l—lz 1 (a);,)'w ., if Zuev”v el
0, it Y, on, ¢l
(10)

Pr(n,t)= :

where N is the normalizing constant. For each n, € NQ’O, we
define Pf(n,, 1) = ]_[ —(wc;)" [y . Pr(n,t) can then be
expressed as Pr(n,t) = Nt Huev Pi(n,, t). Now, we need
to show that 9, Pr(n, t) = 0. Substituting Pr(n,t)in Eq. (10)
into Eq. (5), the first term of the right-hand side becomes

N
D0 Y E®Y Y~ Dding Pr(n,t)=0. (1)

veV v'eN,(v) i=1

The second term on the right-hand side becomes the sum of
the following values over all voxels v € V:

K
D ET =D fyi(n, @) Pr(n, 1)

j=1

K
=Nr [ ] Pry, )Y B = 1) fi(ny, 0) Py, 1).
v'#v j=1

Exploiting the condition A - W(c¢) = 0, one can prove that [33]

K
DB =D, 0)Pim,. ) =0.  (12)

j=1

Therefore, the second term also disappears and we obtain
the desired result d; Pr(n,t) = 0. Letnw = ), _,, n, represent
the number of molecules of all species, i.e., 7; is the total
number of molecules of species X; in the system. To complete
our theorem, we compute the steady-state distribution Pr (%),
and show its diffusion-independence. For 7 ¢ ", obviously

A~ ' 0 : : PN R R —
0.04f Pr(nq) 10 ‘,‘.’-‘;’,f_&. 0.04f Pr(ms) S pperreny
105 gl . ~Ta0% 10 &:.l 3
0.03 joslite PT A 0.03f ool e = =W
80 130  180] 200 260 320
0.02¢ well-mixed 0.02¢
® 100 voxels
0.01 — 225 voxels 0.01F
(a) (b)
0.00 0.00
80 100 120 140 160 180 200 200 250 300 350

FIG. 1. Steady-state distributions (a) Pr(7;) of species X; and
(b) Pr(,) of species X, of nonlinear reaction network. Each panel
shows the distributions of the 1-voxel system (green region), 100-
voxel system (blue dots), and 225-voxel system (red line). The pa-
rameters are k; = 4, k, = 1, k3 = 2, Q = 128. The diffusion rates of
species X, X, are dy = 1,d, =2 (100 voxels), and dy =2,d, = 1
(225 voxels). Insets show the absolute probability differences | Pjog —
Py| (orange dots) and | P»s — Py (violet dots), where Py, Pjgo, and
Py,5 denote the probabilities in the 1-, 100-, and 225-voxel systems,
respectively.

Pr(n) = 0. For i € T, the explicit form of Pr(#) is obtained
as follows:

Y. Pr(n, r)—Nr]_[(QC’)n‘. (13)

;!
n:y, n,=n i=1 !

As Nr = (Cacr [T, (an,) ') does not depend on diffu-
sion, the distribution Pr(n) is also independent of diffusion.
The details of these derivations can be seen in Appendix A.

Our theoretical result is empirically verified in simulations
of the following complex balanced network:

Pr(n) =

g8 X +2%6,5 x5 0 (14)

We consider three cases with different numbers of vox-
els in the system volume: 1 voxel (a well-mixed system),
100 voxels, and 225 voxels. The diffusion coefficients of
the species in the 100-voxel system differ from those in the
225-voxel system. The steady-state distributions of species X
and X, are plotted in Fig. 1. As can be seen, the distributions
of both species are consistent in all three cases. From these
result, it is pertinent to ask which conditions define a com-
plex balanced network. Reference [32] proved that a weakly
reversible reaction network with zero deficiency is a complex
balanced network. This implies that in some cases, a complex
balanced network can be identified by its network topology.
In Ref. [34], complex balanced realizations of a given kinetic
polynomial system were computed by a linear programming
algorithm.

Thus far, we show that the steady-state distribution of a
complex balanced network is a product of Poisson distribu-
tions. A network with such a distribution implies that the
system is diffusion-independent at steady state. Therefore, we
desire to know the condition under which the system estab-
lishes a Poisson-like steady-state distribution. This condition
is embodied in the following theorem.

Theorem 2. The network possesses the steady-state distri-
bution defined in Eq. (10) in all state spaces I' C Ngo if and
only if it is complex balanced.

Proof. We use the Fock space representation [35] to de-
scribe the molecule-number changes of each species inside
each voxel. A state vector |n) with configuration n means
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that n,; molecules of species X; exist in voxel v. Using the
annihilation and creation operators a,;, aii, i.e., ayilny) =
Nyi|ny — 1), aiilnvi) = |n,; + 1), we can map the probability
distribution Pr(n, t) to a state vector |1 (¢))r, defined by

W@O)r =Y Prn.nln) =Y Pr(n.1)@)"0).  (15)

This expression sums over all possible configurations n
weighted by their occurrence probabilities at time ¢. To estab-
lish the time evolution of this state vector, we apply the master
equation to obtain the following Schrédinger equation:

Uy ) = —H(a', &)y O)r, (16)

where H(a',a) represents the Hamiltonian action on
the Fock space, expressed as shown in Appendix B.
In general, H(a',a) is the sum of several sub-actions
created by each reaction of the system, e.g., a reaction of

k/ . .
the forgl SN s Xl > SN rjXP yields a sub-action
kjeo' =50 ([ @) = T @,)") [T (@)™, The

action H(aT, a) is considered to be normally ordered, i.e.,

¥

a,; is always to the left of a,;. In a steady-state system,

H(a't, a)|y(1))r = 0. Consequently, H(a', a)|y(¢)) is also
0, where the state |y (¢)) is defined as follows:

szzwn ﬁﬁZ@W)
r i=1 v=1n,=>0
= eXuswuls|0),
In other words, the condition
Hial, a)eZeioi|0) = 0 (17)

must hold. To derive a further condition with no involve-
ment of a' and a, we consider the coherent states |¢yi) and
(¢vil, defining the right and left eigenstates of a,; and aIi,
respectively. Specifically, a,;|¢yi) = ¢vildyi) and (¢v[|ali =
(¢vil@y;, with complex eigenvalue ¢,; € C. Multiplying both
sides of Eq. (17) by the left coherent state (¢|, we obtain

0 = (pH(a', @)eXo ™% |0y & 0 = H(p*, C), (18)

where € € RMV is defined as G = c¢;. As H(¢*, ) is
a polynomial of ¢, this result is possible only when the
coefficients of all monomials are zero. Each reaction of the
form C; 2% C; in voxel v contributes to H(¢*, wC) a quantity
wa;; (Vi (@) — W;(¢}))¥;(c). Therefore, by collecting the
coefficients of W;(¢;) foreachi =1,...,M and v € V, we
obtain the following relation:

H(p*, we) =0, V¢ € CVV & A . W(e) =0, (19)

meaning that the network is complex balanced at c¢. The
details of these calculations are shown in Appendix B. From
these results, we conclude that the necessary and sufficient
condition for a steady-state distribution [Eq. (10)] is that the
network is complex balanced.

We note that the sufficient condition of Theorem 2 has
been studied in Ref. [36] [i.e., if the network is complex
balanced, then the steady-state distribution has a form as in
Eq. (10)]. Above we investigate the relation between diffusion

n=[n,ny,...

and the distributions of the reactant species in steady state. We
now present another result that holds under non-steady-state
conditions.

Theorem 3. When the reaction network is linear, the
RDME can be reduced to the CME. Equivalently, the diffusion
can be ignored in such case.

Proof. The system volume 2 is related to the voxel
volume w as Q = |V|w. Now, for each state vector
.7iy]" € NY representing the number of
molecules of the reactant species, i.e., 71; is the total number
of molecules of species X; in the system, we define the
set S(@) = {n e NU | 3, n, =7). Let P(@, 1) be the
probability of the system being in state 72 at time 7. In terms of
P(n, 1), this probability becomes P (7, t) = Znes(ﬁ) P(n,t).
As Y - Pm,t)=3,P(n,t)=1, P(n,t) is a probability
distribution. To show that this probability distribution satisfies
the CME given by Eq. (2), we calculate the time derivative of
P, t) as follows:

WP@.1)= Y 8Pn.1). (20)

neS(n)

Substituting Eq. (5) into the right-hand side of Eq. (20), we
obtain an equation with both diffusion and reaction terms on
the right. After some algebraic transformations, the diffusion
term disappears and only the reaction term remains (see
Appendix C). As the reaction network is linear, i.e., Zi sij <
1Vj=1,..., K, the propensity function f,;(n, ®) must be
one of two forms: f,;(n, ®) = k;n,; or k;jw. Substituting the
exact form of each propensity function into Eq. (20), we
finally obtain the following master equation for P (#, t):

K
aP@.0)=Y B —Df;@P@E.1). (1)

j=1

Obviously, this differential equation is identical to the CME
stated in Eq. (2), and contains no diffusion factors. Therefore,
it can be concluded that diffusion can be ignored in linear
reaction networks.

In Theorem 3, we demonstrate that the RDME reduces
to the CME in the case of linear reaction networks, which
implies that diffusion does not affect the stochastic dynamics
of the system at an arbitrary time. From the view of the
Smoluchowski model, this statement appears to be obvious.
By regarding the network as interacting many-particle system
and introducing diffusion and reaction operators [37], the
same result can be derived. However, it is not evident from the
view of the RDME. The agreement of results in these different
models serves as validation for the RDME.

We numerically verify the result of Theorem 3 on a sim-
ple linear reaction network, namely, a coarse-grained model
of enzymatic reactions and gene expressions. The network
consists of two reactant species X; and X, and four reactions
[6,38]:

k
XL X B X+ %05 0. (22)
ka
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FIG. 2. Probability distributions (a) P(ny,t = 1), (b) P(n, t =
1), (¢c) P(ny,t = 10), and (d) P(n», t = 10) of two species X, X,
at times r = 1 (upper panels) and t = 10 (lower panels) of linear
reaction network. Each panel shows the distributions of the 1-voxel
system (green region), 100-voxel system (blue dots), and 225-voxel
system (red line). The parameters are ky = 1,k = 1, k3 =2, ky =
1, 2 = 128. The diffusion rates of species X, X, ared; = 1,d, =2
(100 voxels) and d; = 2, d, = 1 (225 voxels). Insets show the abso-
lute probability differences | Pjoo — P;| (orange dots) and | Pyys — P |
(violet dots), where Py, Pjoo and P,ys indicate the probability in the
1-, 100-, and 225-voxel systems, respectively.

Again, we divide the cell volume into 1, 100, and 225 voxels
with different diffusion coefficients of X; and X,. The result is
displayed in Fig. 2. As before, the distributions of each species
attimest = 1 and ¢t = 10 are identical in all three cases. These
numerical results empirically validate Theorem 3.

IV. CONCLUSIONS

In summary, within the approximation of the RDME, we
proved that diffusion in complex-balanced networks does
not affect the steady-state distribution of the system. We
also showed that a diffusion-included reaction network has a
Poisson-like steady-state distribution if and only if it is com-
plex balanced, analogously to the well-mixed case described
in [39]. Moreover, we demonstrated that the RDME can be
reduced to the CME in the case of linear reaction networks.
These results help to clarify the conditions under which
diffusion is negligible. Under such conditions, the system can
be described by the CME instead of the intractable RDME.
In nonlinear networks that are not complex-balanced, how
diffusion affects the stochastic system dynamics, or whether
it can be ignored, requires further investigation.

It appears that functional biological networks satisfying
the complex balanced condition are not widespread in real-
world systems. Nevertheless, weakly reversible networks have
been successfully applied in modeling signal transduction
pathways [40] and asymmetric stem-cell division [41]. Be-
sides that, complex balanced networks whose Fano factor is
equal to one can be used in analyzing and approximating
cascade networks or metabolic pathways, wherein noise is not
propagated from upstream to downstream [42]. Although our
results are obtained with the approximation of the RDME, it
is expected that the derived diffusion-dynamics laws provide
suggestive results for real physical systems.
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APPENDIX A: DETAILED CALCULATIONS IN THEOREM 1

1. Detailed calculations of Eq. (11)

The detailed calculation of Eq. (11) is given below:

N
> ¥ Y

veY v'eN,(v) i=1

— Ddiny; Pr(n,t)

N
=Z Z Zd(ﬂvi+1)Pr(n+1vi_lv’i»t)_dinuiPI‘("vt)]

veV v'eN,(v) i=1

0T T | N p @ O ey
= i r(Myi ny, nyirr(n,

. | PP | S
i=1  veVveN.(w) | (i + DY (i = D! i's nyir Iyt T£v,0/
N _
(e (we; )™ (e Y™ (we; )n“

:Zdiz Z Nr l.| ( .1_1)11_[ - o 1_[ Pr(n, 1) — noi Pr(n, 1)

i=1 vV veN ) | Myiz Wi i Mvir it F£v,

I
Mz

d; Z Z [nv,Prm 1) = nyi Pr(n, 1)]

i=1 eV v'eN,(

Il
e
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2. Detailed calculations of Eq. (12)

We here reveal the details of Eq. (12). The equation A - W(¢) = 0 means that Zc ~cy a;iV;(c) — Zc,-,»c,v ay; Wy (c) =0 for
each complex C; € C. The left side of Eq. (12) can be transformed as

K
D EY = 1) fi(ny, @) Py, 1)

j=1

K
=Y [fin, =V, 0)Pin, — V. 1) = fi(n,, )P (ny,1)]
Jj=1

N . N
) N + Vii — Viir)! (wc, Mokt Yki = Vil i wep )
= E aii/a)'—Zf'lyk;|:l—[( ok + Vi — Yii)! (wcr) 1—[( ( k)' :|

ok = i)t (o + ki = yiad)t ) ok = i)t !

C—~Cy k=1
N 7ok +Yki = Vii! N 7ok
= Z Cli[/a)l_z;]:’:l,\’ki 1_[ (we) . l_[ (wcy)
ey ior e =yt (e = Yii)!
N _ N N
W Z " v, (c) 1_[ W'k )’ki’cz“k s l_[ W'tk }k:CZbk
= ii 11
e Wir(e) o (moe — yiir)! _ (e = yii)!
W, (c) 1o @™ @Yk ¢
=02 | 2 g ll . Zawl_[ .
éoee | c5¢, in(e) 1 Mok = Yiir ) e (nor = Vi )
N l‘\ ),{l’c:“"
=w Z v, (c) 1_[ tor — )] Z a;inWi(e) — Z aii Wi (c)
CyeC k=1 ok T Vi) o Cr—C;
=0.

The same result (but omitting the details) is given in Ref. [33].

3. Detailed calculations of Eq. (13)
Finally, we compute the explicit form of the distribution Pr(#) in Eq. (13). We have

N

- (a)c, (a)c,
rw= Y meo=v Y M —=mIl X 1
n:y, ny=m ni,..., npy € NY veVi=1 i=1 L ny,..., nyj > 0 veV
Yoy =1 ey i = 10;

N 7 ‘ a
= Nl" l_[ w Z (ZUEV nvl)! _ NF 1—[ (CL)CI |V|n NF l—[ (QCI)

[Toey nui! plin ;!

In transforming the fourth equation to the fifth one, we exploited the following equality:

=m",V¥m € N,g,n € Nx.

Z (xl+"'+xm)!

X! x,!

APPENDIX B: DETAILED CALCULATIONS IN THEOREM 2

T

Before presenting the calculations, we state several properties of the bosonic operators a,; and a,;.

Inyi) = (aw')™10),
-1

(@) (@i nyi) = [ [Ori +k = Dinwi +k = 1),
j=0
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-1

(@i (@) 1) = [ [ = Dinwi + k=1,

j=0
2R t
[aviv av’i’T] = yiQy; — av’i’lavi = 8vv/5ii/a
T
lay', a1 = lay, ayi] =0,

For a general configuration n, we define the corresponding state vector |n) as

N
In) = (a")"|0) = [ ][ Jeal)10). (B1)
veVi=Il
For convenience, we note that
e f(al) = flal, + e, (B2)
1 T
e“i fayi) = flay — c)e™™, (B3)

where ¢ € C is a complex number and f is an arbitrary function.

1. Detailed calculations of Eq. (16)
We first derive the explicit form of the Hamiltonian action H(a', a) in Eq. (16). Suppose that the network contains a set R of

reactions R; of the general form ) _,, Z —1 pm X} —> Y ovey Z —1 qw Where pm and g.. are the stoichiometric coefficients.
For each reaction R;, we define a stoichiometric vector V/ € ZIVIV as Vj =q/ —

pw Starting from the master equation, we
have

P 3, P Tno k 1- Z“p“ (nvl_'_p{u—qgt)'P Vj
rW(Ur—Z ( Pr(n.1)(@")"|0) ZRZR & I e U
!
- [[—"5=rrn. r)](a "[0).
v,i (nvl pvt)

Note that the two terms inside the bracket can be obtained using operators as follows:

[ (nwf = )q b~ VI, 10) = =[] @iy Pen — Vi, ahy=" jo).
v,i Nyi — qvi .

v,

I1 ”—jPr(n 0(@)"10) = [ (@l @i Pe(n, 110,

v,i (nvl pu[

Using these equalities, ;| (¢))r is calculated as follows:

n R;eR

A=Y > ko' T []‘[(a 0 (@) Prn — VI, )@y =10) — [ (@l )7 (@)™ Pr(a, 1)(a! )"|0>}

v,i

R;jeR v,i v,i

_ Z ko' =T Pl |:H(azi)45} (@) Z Pr(n— VI, 1)@V 0) — l—[(a VPl ()P Z Pr(n, t)(aT)"|0)]
= Z k; o'~ i Pu |:1_[(a )q“ (avi )p” - 1—[(61 )p” (@i )p”i||1,0(t))

R;eR

Thus, the general form of H is obtained as

Hia' a)= ) kjo' i Pi |:l_[(a ) —]_[(aw)%] l_[(a P (B4)

R;eR
For a diffusion-included reaction network involving the following reactions

k A ’
SUXY A4 sy XY > XU XY, XU S XY VIS SN ve VY e No(v),
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the Hamiltonian action H.(a', a) in Eq. (16) takes the following form

H(a', a) = ZZk XS |:l_[(am )i — H(am)”f:| H(a )%+ ZZ Z d; (avl aii)av,-.

j=1 vey i=1 veV v eN,(v)

We note that this form of # is already normal-ordered.

2. Detailed calculations of Eq. (18)
Equation (18) is derived through the following steps:

0 = (pH(a', @)eZui |0
& 0= (Pl i (al, a + wd)0)
& 0 = 2w i (| H(a, a + wT)|0)
& 0 = eZu % (G| H($", E)|0)
& 0 = eXvi i (§*, wT)(p|0)
& 0= Hg*, wo).

(BS)

(B6)
(B7)
(B8)
(B9)
(B10)
(B11)

In Eq. (B7), we use the property stated in Eq. (B3). In Eq. (B9), the operators a,; (v € V,i = 1,..., N) are absorbed into
|0) (." ay;|0) = 0), and the operators ali are replaced by ¢7; (." (¢ |aIi = (¢vil¢};). The result Eq. (B11) is obtained by noting

that

eXovi il £ (),
910) = [ T(@ul0) = [Te 2#" 0.
v,i v,i

3. Detailed calculations of Eq. (19)
Equation (19) is given by

H(¢*, ) =0,V € CVV o A . W(e) =0.
The Hamiltonian action H(a', @) is described by
K N N N N
Hia' a)y=) "> ko' "= |:l_[(aii )i — ]_[(av, )} [T@n+>2>" > dial, —alau.
j=1 vey i=1 i=1 =1 i=1 veV v'eN,(v)
The case H(¢*, w¢) = 0 is equivalent to

N
sz !X {]‘[(%)’u 1"[(¢:i)3‘ff}]"[(wcv,f~+zz D di@ — @t =0
i=l1

j=1 vey i=1 veV veN,(v)

N
& Y Y wai V@) — V@DV + ) di Y [(@h — di)wl + (8 — ¢h)weyi] =0

C;—Cy veV i=1 v, eV
v € N.(v)
v € N,(v')
S) D V@D D an¥i@= ), anti(e)| =0.v$ M
veV C;eC Ci—C; Ci—Cy

& ) an¥ie) — Y anVi(©)=0YC eC & A V()=
Cir—C; Ci—Cy
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APPENDIX C: DETAILED CALCULATIONS IN THEOREM 3

The master equation of P (7, t) is derived as follows:

N
GP@, )= Y Pmn= Y 1> D Y [dini+ P+ 1y — 1y, 1) — diny P(n, 1)]

neSm) neSm) | veV v'eN,(v) i=1
K
+ Y Y i =V, 0P =V, 1) = fii(n, 0)P(n, )] . (C1)
vey j=1

Asn e Sm) > n+1, —1,; =1 € S(n), the first term of the right-hand side in Eq. (C1) becomes

N
D30T D ldiui + VP + 1y — Ly, 1) — dinyi P(n, 1)]

neS@m) veV v eN,(v) i=1

N N
= Y Y Y YA+ DPa L =Ly — Y Y Y > dingi P(n,1)
neS@m) veV v'eN,(v) i=1 neSm) veV v'eN,(v) i=1
N N
= Z Z Z Zdiﬁvip(;ist)_ Z Z Z ZdinuiP(n,t)
neSm) veV v'eN,(v) i=1 neS@m) veV v eN,(v) i=1

=0.

As the reaction network is linear, the propensity function f,;(n, w) takes one of two forms: f,;(n, w) = k;n,; or f,;(n, w) =
k;w, where k| is the reaction rate and i is the index of some species. When f,;(n, w) = k;n,;, the second term can be transformed
as follows:

Y M= Vi 0)P(n =V 1) — foj(n, 0)P(n, 1)]

neSm) veV

=kj Y D (i — V)P =V, 1) = ny P(n, 1)]
neS@m) veV

=ki| DD i —VpPm=Vy.t)— Y > nPn.t)
_neS(ﬁ) vey neS(m) veV

=ki| Y Yo miPa=Vy— Y Y ViP@—Vy— Y wPm.0)
_neS(ii) vey neS@m) vey neSm)

=ki| D D @i+ VipP@ED-Vyy > Pm—Vyt)—@P@, 1)
_ﬁeS(ﬁfv,v) vey veY neSm)

=kj[(n; = Vip)P@ =V, 1)+ Vj|IVIP@ —V, 1) = V;[VIP(@ -V, t) —n; P(1, 1)]
:k](;.l\, — V,J)P(ﬁ— Vj,t)—kjﬁip(ﬁ,f).

When f,;(n, w) = kjw, we similarly have

YD i =V, 0)Pn =V, 1) = foj(n,0)P(n, Dl =k; Y D [@Pn—Vy,t)— P, 1)

neSm) veV neSm) veV
=ki| D Y wP@-Vyt— Y Y oP.t)
_neS(ﬁ) vey neS(m) vey
=ki|Y o Y Pm—-V,;0)=Y o Y Pt
_veV neS(m) veV neSm)

=kjQP@— V. 1) —k;jQP@,1).
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The master equation of P (7, t) is then obtained as

K
9, P(n,t)= Z[fj('ﬁ— Vi, QPm—V;,t)— fim, QP@,1)]. (C2)

j=1
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