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ct

us practical scenarios, the topology of a complex network is generally unknown or unava
on the adaptive feedback control strategy and the pining mechanism, some controlle
rs are designed in this manuscript to identify the partial topology of the noise-contam
s with coupling delay. The approach can be extended to infer the whole topology
s. For large-scale complex networks, our approach greatly reduces the calculation com
e previous methods. Numerical simulations are employed to illustrate the effectiveness
d theoretical results.

ds: Complex network, topology identification, stochastic perturbations, coupling dela
e feedback control

oduction

plex networks have played an increasing role in scientific and engineering fields [1, 2
puter science, social sciences, and biological sciences. With abundant achievements
nization of complex networks, many theoretical results have been proposed [3, 4], i
ster synchronization [5], generalized synchronization [6], projective synchronization [7
eous coordinate behavior of the complex networks is dramatically affected by the n

re in coupling dynamical systems [8]. Most research on synchronization based on the
topology. However, for the real networks, their topology structures are often unkno

y unavailable. The network structure is a prerequisite for analyzing the evolution mech
ctional behavior of the complex network. Therefore, identifying network topology has b
rch topic of immense interest.
ecent years, the research of identifying topology of complex networks has grown steadi
e, Wu et al. [9] employed the adaptive feedback controller to infer the whole structure
ntaminated networks. Yan et al. [10] investigated the complex-variable network structu

he technique of adaptive control scheme. The research of finite-time topological identifi
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sidered in [11]. The network structure has been studied from different angles and a var
models were proposed, such as the weighted networks [12], the networks with uncertain s

ters [13], and the networks with time delay [14]. However, the above-mentioned rese
concentrated on constructing the auxiliary network that has the identical size of nodes w
l network. Recent work has tried to identify the partial configuration of the original n
g fewer nodes and observers. Zhu et al. [15] used a pining mechanism to infer the
ration of the network, and significantly reduced the size of nodes in the auxiliary netwo
ome engineering fields, inferring the partial topology of networks has practical appl
und. For instance, when a massive power grid malfunctions, it is necessary to find o

own location quickly. If the whole power grid structure is checked, the cost of time and ec
greatly increased. According to the information acquired, one may need to inspect a part
etwork structure. Similarly, for other practical complex networks such as epidemic spr
s, we only concern about the people contacted by the newly infected person rather th

nterpersonal system. In fact, there are many factors that affect the structure of the co
, of which noise is not negligible. Noise is ubiquitous because of external interferenc
tly arising in biological system such as neural networks. In addition, due to the lim
mation processing and transmission speed [17], time delay is unavoidable. This is a
bl factor that affects the network structure. As a result, the study of complex dyn
s with stochastic noise and time delay has critical practical significance and representativ
knowledge, few studies focused on the identifying partial topology method and the e
ere not considered the impact of external environmental interference and coupling del
ivated by the aforementioned discussions, a realistic and representative method is pro
n the stochastic perturbations and coupling delay in the network, the adaptive feedback c
pining approach are proposed to infer the partial topology of the complex network.
main contributions in our study. First, different from the previous work, to infer the

res of the original network, the proposed controllers and observers employ pinning mech
ay-based strategy. Second, for handling the same large-scale networks, our theoretical fi
an approach to reduce the calculation and the computing memory space compared w
s schemes [9, 14].
manuscript is organized as follows. Notations and properties of the stochastic diffe

ns with delay are introduced in Section 2. In Section 3, the partial topology identifi
ed-perturbed complex networks is explored. In Section 4, several numerical simulatio
to verify the effectiveness of the theoretical findings. Finally, Section 5 summariz

ions and conclusions.

liminaries

∥·∥ be the Euclidean norm for a vector, and ⊗ the Kronecker product. The transpo
A is introduced by AT . λmax(A) stands for the maximum eigenvalue of matrix A.
the maximum of b1 and b2. L1(R+; R+) denotes the family of functions ϑ : R+ → R

ϑ(t)dt < ∞. (D,F, P) is a complete probability space with a filtration {Ft}t≥0 pos

>tFl for all t ≥ 0 and F0 contains all P-null sets [18], and W(t) = (W1(t), W2(t), . . . , W
an m-dimensional Brownian motion. Cb

F0
([−τ, 0]; Rn) stands for the space of F0-meas

0]; Rn)-value bounded random variables z.
sider an n-dimensional stochastic differential equation affected by time delay

dz(t) = Φ(t, z(t), z(t − τ))dt + ϖ(t, z(t), z(t − τ))dW(t)

2
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0 with initial condition z(θ) : −τ < θ < 0 = z0 ∈ Cb
F0

([−τ, 0]; Rn), where dW(t) represe
nt covariance of Im×mdt, both Φ(t, z) : R+ × Rn → Rn and ϖ(t, z) : R+ × Rn → Rn

able functions. A hypothesis is proposed to ensure that there exists a unique solution

hesis 1 (H1). Both Φ and ϖ are provided with the local Lipschitz condition and the
condition. For each positive integer k = 1, 2, · · · , there is a bk > 0 such that

||Φ(t, z1, z2) − Φ(t, z̄1, z̄2)|| ∨ ||ϖ(t, z1, z2) − ϖ(t, z̄1, z̄2)|| ≤ bk(||z1 − z̄2|| + ||z1 − z̄2||)

≥ 0 and z1, z2, z̄1, z̄2 ∈ Rn with ||z1|| ∨ ||z2|| ∨ ||z̄1|| ∨ ||z̄2|| ≤ k, there exists b̄ > 0 such

||Φ(z1, z2, t)|| ∨ ||ϖ(z1, z2, t)|| ≤ b̄(1 + ||z1|| + ||z2||)

t, z1, z1) ∈ R+ × Rn × Rn.
er the Hypothesis (H1), there exists a unique solution [18] to Eq.(1) , which is expres
on t > −τ to Eq. (1), for any initial value {z(θ) : −τ < θ < 0 = z0 ∈ Cb

F0
([−τ, 0]; Rn)}

ote C1,2(R+ × Rn; R+) as the family of continuous functions V (t, z) on R+ × Rn th
ously twice differentiable in z and once differentiable in t. Then, define a diffusion oper
on C1,2(R+ × Rn; R+) along with Eq. (1) as

LV = Vt(t, z) + Vz(t, z)Φ(t, z) +
1

2
trace[ϖT (t, z)Vzz(t, z)ϖ(t, z)],

t(t, z) = ∂V (t,z)
∂t

, Vz(t, z) =
(

∂V (t,z)
∂z1

, . . . , ∂V (t,z)
∂zn

)
, Vzz(t, z) =

(
∂2V (t,z)
∂zi∂zj

)
n×n

.

a 1. [9] Suppose that there is a nonnegative function V ∈ C1,2(R+ × Rn; R+), a fu
R+; R+), and two continuous functions ϱ1, ϱ2 : Rn → R+ such that the differential oper

LV (t, z,u) ≤ ϑ(t) − ϱ1(z) + ϱ2(u), (t, z,u) ∈ R+ × Rn × Rn,

ϱ1(z) > ϱ2(z), ∀z ̸= 0

lim
∥z∥→∞

inf
0≤t<∞

V (t, z) = ∞.

lim
t→∞

z(t; z0) = 0 a.s.

initial value z0 ∈ Cb
F0

([−τ, 0]; Rn).

in Results

his section, under the pinning mechanism and the adaptive feedback controlling metho
esults of identifying partial topology in the noised-perturbed complex networks affec
g delay are obtained.
sider an n-dimensional model for a noise-contaminated complex network affected by co
he state of each node is evolved by

dxi(t) =

(
Fi (t,xi(t)) +

N∑

j=1

cijDxj(t − τ)

)
dt + ϕi (t,xi(t),xi(t − τ)) dWi(t),

3
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i ≤ N . Here, the system (4) is referred to as the original network. xi ∈ Rn denot
g state of the ith node, Fi(t,x(t)) : R+ × Rn → Rn represents the individual dynamics
e, and C = (cij)N×N is the unknown weighted configuration matrix associated to the to
original network. The matrix C is not neccessarily subject to symmetrical and irred
ints. If a link between two nodes i, j(i ̸= j) exists, then cij is a non-zero weight ci

ise cij = 0; and the diagonal elements are defined by cii = −∑N
j=1,j ̸=i cij. D is the

g matrix governing coupled variables, and it is not imposed to be symmetric. τ denot
ission speed delay between connected nodes, and ϕi (t,xi(t),xi(t − τ)) : R+ ×Rn ×Rn →
the vector-valued noise intensity function of the ith node.

hout loss of generality, suppose that only the couplings among the first s(1 ≤ s ≤ N)
ir adjacent nodes are concerned here. Then, construct the corresponding auxiliary n
ng of s nodes:

dyi(t) =

(
Fi (t,yi(t)) +

s∑

j=1

ĉijDyj(t − τ) +
N∑

j=s+1

ĉijDxj(t − τ) + vi

)
dt

+ ϕi (t,yi(t),yi(t − τ)) dWi(t),

i ≤ s, where yi ∈ Rn denotes the evolving state of the ith node in the auxiliary network
mation of the uncertain weight cij, and vi represents the adaptive controller to be deter
ote ei(t) = yi(t)−xi(t), c̃ij = ĉij−cij and κi(t,xi(t),xi(t−τ),yi(t),yi (t−τ)) = ϕi(t,yi(t)

i(t,xi(t),xi(t − τ)). If the estimating value ĉij tends to cij (i.e., c̃ij tends to 0) for 1
≤ N , then partial uncertain weights are successfully inferred. Thus, one derives the fol
stem from (4) and (5):

dei(t) =

(
Fi(t,yi(t)) − Fi(t,xi(t)) +

s∑

j=1

cijDej(t − τ) +
s∑

j=1

c̃ijDyj(t − τ)

+
N∑

j=s+1

c̃ijDxj(t − τ) + vi

)
dt + κi (t,xi(t),xi(t − τ),yi(t),yi(t − τ)) dWi(t),

1 ≤ i ≤ s, 1 ≤ j ≤ N . The following hypotheses are required for obtaining the pr

hesis 2 (H2). For each i = 1, 2, · · · , s, there exist a constant αi and a neighborh
ng

∥Fi(t,y(t)) − Fi(t,x(t))∥ 6 αi ∥y(t) − x(t)∥
t),y(t) ∈ U ⊂ Rn.
hesis 3 (H3). For each i = 1, 2, · · · , s, assume that κi(t,xi(t),xi(t − τ),yi(t),yi(t −
d, and there exist constants βi, ηi ≥ 0 satisfying

trace(κT
i κi) ≤ 2βie

T
i (t)ei(t) + 2ηie

T
i (t − τ)ei(t − τ).

k 1. Hypothesis (H3) indicates that the noise is controllable. If the perturbation is unbo
work behaviors are obscured by noise, resulting in the inability to identify the specific n
y.
hesis 4 (H4). Suppose that {Dxi(t)}N

i=1 are linearly independent on the orbit of th
ation manifold {xi(t) = yi(t)}s

i=1.

4
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a 2. Let x,y ∈ Rn be any two vectors and G ∈ Rn×n any positive definite matrix. T
hat

2xTy ≤ xT Gx + yT G−1y.

em 1. Under the Hypotheses (H2)-(H4), the unknown partial configuration Cs×N is in
estimated matrix Ĉs×N with probability one by designing the adaptive controllers a
g laws:





vi = −hiei(t),

ḣi = ωie
T
i (t)ei(t),

˙̂cij = −eT
i (t)Dyj(t − τ), 1 ≤ j ≤ s,

˙̂cij = −eT
i (t)Dxj(t − τ), s < j ≤ N,

≤ i ≤ s, 1 ≤ j ≤ N , and ωi(1 ≤ i ≤ s) are arbitrary positive constants.
. Consider a nonnegative candidate as V ∈ C1,2(R+ × Rns+N2+N ; R+)

V =
1

2

s∑

i=1

eT
i (t)ei(t) +

1

2

s∑

i=1

N∑

j=1

c̃2
ij +

1

2

s∑

i=1

(hi − h∗)2

ωi

,

∗ is a large enough positive constants to be designed. Then one derives

LV =
s∑

i=1

eT
i (t)ėi(t) +

s∑

i=1

N∑

j=1

c̃ij
˙̂cij +

s∑

i=1

(hi − h∗) ḣi

ωi

+
1

2
trace

s∑

i=1

(
κT

i κi

)

=
s∑

i=1

eT
i (t)

(
Fi(t,yi(t))−Fi(t,xi(t))+

s∑

j=1

cijDej(t−τ) +
s∑

j=1

c̃ijDyj(t − τ)

+
N∑

j=s+1

c̃ijDxj(t − τ) + vi

)
−

s∑

i=1

s∑

j=1

c̃ije
T
i (t)Dyj(t − τ)

−
s∑

i=1

N∑

j=s+1

c̃ije
T
i (t)Dxj(t − τ) +

s∑

i=1

(hi − h∗) eT
i (t)ei(t) +

1

2
trace

s∑

i=1

(
κT

i κi

)

≤
s∑

i=1

αie
T
i (t)ei(t) +

s∑

i=1

s∑

j=1

cije
T
i (t)Dej(t − τ) +

s∑

i=1

βie
T
i (t)ei(t)

+
s∑

i=1

ηie
T
i (t − τ)ei(t − τ) −

s∑

i=1

h∗eT
i (t)ei(t)

=
s∑

i=1

(αi + βi − h∗)eT
i (t)ei(t) +

s∑

i=1

ηie
T
i (t − τ)ei(t − τ) +

s∑

i=1

s∑

j=1

cije
T
i (t)Dei(t − τ).

=
(
eT

1 (t), eT
2 (t), . . . , eT

s (t)
)T ∈ Rns×s, α = max1≤i≤s{αi}, β = max1≤i≤s{βi}, η = max1≤

= Cs×s ⊗ D. Then, one gets

LV ≤ − (h∗ − α − β) eT (t)e(t) + eT (t)Qe(t − τ) + ηeT (t − τ)e(t − τ).

5
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emma 2, we obtain

eT (t)Qe(t − τ) =
(
QTe(t)

)T
e(t − τ) ≤ 1

2
[eT (t)QQTe(t) + eT (t − τ)e(t − τ)].

LV ≤ −
(

h∗ − α − β − 1

2
λmax

(
QQT

))
eT (t)e(t) +

(
η +

1

2

)
eT (t − τ)e(t − τ)

, −ϱ1(e(t)) + ϱ2(e(t − τ)),

1(x) =
(
h∗ − α − β − 1

2
λmax

(
QQT

))
xTx, ϱ2(x) =

(
η + 1

2

)
xTx. If h∗ > α + β + 1

2
λmax(

s ϱ1(x) > ϱ2(x), ∀x ̸= 0.
thermore, lim||e||→∞ inf0≤t<∞ V = ∞ and κi is bounded. One obtains from Lemma
V (t; ei; c̃ij; hi) exists and limt→∞ e(t) = 0 a.s. By the error system (6) and the control st
solution will be asymptotically stabilized at M = {(ei; c̃ij; hi) : e = 0} with probabilit

ing to (H4) and the error system (6), one gets M = {ei = 0; c̃ij = 0; hi = ai : 1 ≤ i ≤ s, 1

ere ai(1 ≤ i ≤ s) are constants. Therefore, we obtain limt→∞
∑s

i=1

∑N
j=1 |ĉij(t) − cij| =

to say, the unknown partial configuration Cs×N is successfully inferred by the estim
Ĉs×N almost surely. The proof is completed.
k 2. When s = N , our results are consistent with the theory in Ref. [9] since it can in
etwork topology. Namely, the proposed method is more general.
k 3. Note that the linear independence condition in (H4) is the essential condition of su
aranteeing topology identification. If synchronization in the original network is achieved
ar independence condition will not hold anymore, making topology identification infea
he synchronization-based topology identification method, the linear independence condi
pling term is very important for network identification [19]. Synchronization is an obst
the network topology, because it weakens or even eliminates the differences between
the condition of linear independence no longer valid.
the perspective of control theory, noise hinders the control and evolution behavior

However, moderate noise or coupling delay has an unexpected effect on the network to
cation. This is because noise makes the trajectory of nodes more diverse, and coupling
it impossible for nodes to obtain the real-time information of other nodes. This no
the generation of synchronization, but also makes the node trajectories different, a

k information is more abundant, which speeds up the time of topology identification.
here is no coupling delay or noise in the original network, Theorem 1 is simplified
g corollaries.
ary 1. Assume that the Hypotheses H2-H4 hold. If the original network (4) is in the a
oupling delay, the unknown partial configuration Cs×N is successfully inferred by Ĉs×N

ility one by using the adaptive controllers and updating laws:





vi = −hiei(t),

ḣi = ωie
T
i (t)ei(t),

˙̂cij = −eT
i (t)Dyj(t), 1 ≤ j ≤ s,

˙̂cij = −eT
i (t)Dxj(t), s < j ≤ N,

≤ i ≤ s, 1 ≤ j ≤ N , and ωi(1 ≤ i ≤ s) are arbitrary positive constants.

6



Journal Pre-proof

Coroll ithout
the noi rollers
and up

Obv eorem
1 becom hough
Corolla etwork
of Coro oise is
control

4. Exa

In w tem is
conside

(10)

where a of its
bounde

In t hether
in a 20

4.1. A

Con

(11)

where 1 of Cin

are dep ro row
sum.

Firs . Each
node is y with
probab e inner
couplin ration
matrice 0, and
hi(0) = where
1 ≤ i ≤

The l equa-
tions a nction
ϕi(t,xi −τ)),
then κi i2(t) +
0.1ei2(t tilized
to repr

Wh 1(a),
namely (11).
Jo
ur

na
l P

re
-p

ro
of

ary 2. Suppose that the Hypotheses H2 and H4 hold. In the original network (4) w
se, the unknown partial configuration Cs×N is successfully inferred by Ĉs×N via the cont
dating laws (7).
iously, if the original network is in the absence of coupling delay and disturbances, Th
es a simpler form. In fact, this inference is the main result in the literature [15]. Alt

ry 2 is consistent with the controllers and updating laws of the Theorem 1, the original n
llary 2 is governed in a deterministic environment. Hence, the limitation that the n
lable is unnecessary anymore.

mples

hat follows, the effectiveness of our results is verified. To this aim, Lü chaotic sys
red and described by

ẋ =




−a1 a1 0
0 a3 0
0 0 a2






x1

x2

x3


+




0
−x1x3

x1x2


 ,

1 = 36, a2 = 3 and a3 = 20. It is obvious that Lü chaotic system satisfies (H1) because
dness [12, 20].
he following simulations, we are interested in the couplings between the first 3 nodes w
-node network or in large-scale networks.

20-node complex dynamical network

sider a network consisting of N = 20 Lü systems, described by

dxi(t) =

(
Fi (t,xi(t)) + σ

20∑

j=1

cijDxj(t − τ)

)
dt + ϕi (t,xi(t),xi(t − τ)) dWi(t),

≤ i ≤ 20, C = σCin with the coupling strength σ > 0. The non-diagonal elements
icted by colormap, while the diagonal elements should be calculated according to the ze

t, a 20-node network generated by the Watts-Strogatz (W-S) algorithm [21] is employed
connected to its K = 4 nearest neighbors. Then each edge is rewired in a certain wa

ility pr = 0.2. The coupling weights are randomly set to be integers between 1 and 5. Th
g matrix D is set to be an identity matrix. The initial estimated values coupling configu
s are set to be zero. The stochastic perturbations are randomly taken from 1 to 1
1, ωi(0) = 1, xj(0) = (1 + j, 2 + j, 1 + j)T , yi(0) = −2.6 + 0.2(1 + i, 2 + i, 1 + i)T ,
3 and 1 ≤ j ≤ 20.
Euler-Maruyama method [22] is utilized to numerically solve the stochastic differentia

ffected by delay with an equal time step of 0.01. For simplicity, set noise intensity fu
(t),xi(t−τ)) = µ diag(0.1xi1(t)+0.1xi1(t−τ), 0.1xi2(t)+0.1xi2(t−τ), 0.1xi3(t)+0.1xi3(t
= ϕi(t,yi(t),yi (t − τ)) − ϕi(t,xi(t),xi(t − τ)) = µ diag(0.1ei1(t) + 0.1ei1(t − τ), 0.1e
− τ), 0.1ei3(t) + 0.1ei3(t − τ)). Obviously trace(κT

i κ) satisfies (H3). The constant µ is u
esent the variation intensities of system noise.
en the coupling is symmetric, the non-diagonal elements of Cin are depicted in Fig.
the coupling weight c12 = c21 = σ, c13 = c31 = 5σ and c23 = c32 = 3σ for network

7
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with co period
of oscil shown
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b) illustrates the evolutionary process for the estimating coupling set {ĉ12, ĉ13, ĉ23, ĉ21, ĉ
upling strength σ = 0.1, coupling delay τ = 0.1 and noise intensity µ = 0.2. After a
lation, the estimated value of the parameter remains stable at constant values. It is

2 and ĉ21 tend to c12 = c21 = 0.1. Similarly, ĉ13 and ĉ31 go to c13 = c31 = 0.5, and ĉ23

32 = 0.3. It means that the topology parameters are effectively tracked, the auxiliary n
original network reach a synchronization state, and the identification of the partial to

s.
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1: (a) The colormap of symmetric matrix Cin. The values of the coordinate axis rep
e order. (b) Identification of parameters {ĉ12, ĉ13, ĉ23, ĉ21, ĉ31, ĉ32} for network (11) wit
0.1 and µ = 0.2.

en the coupling is asymmetric, the non-diagonal elements of Cin are depicted in Fig. 2(a
nary process for the estimating coupling set {ĉ12, ĉ13, ĉ23, ĉ21, ĉ31, ĉ32} is shown in Fig
upling strength σ = 0.1, coupling delay τ = 0.1 and noise intensity µ = 0.2.
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2: (a) The colormap of matrix asymmetric Cin. The values of the coordinate axis rep
e order. (b) Identification of parameters {ĉ12, ĉ13, ĉ23, ĉ21, ĉ31, ĉ32} for network (11) wit
0.1 and µ = 0.2.

ig. 3, we compare the identification time between the traditional method [9, 14] an
d method. In Fig. 3(a) and (c), the number of nodes in the auxiliary network is the
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original network. In Fig. 3(b) and (d), there are fewer nodes in the auxiliary networ
riginal network. The results show that the traditional method takes more time than
y identification at τ = 0, µ = 0.2. The same is true for τ = 0.1, µ = 0.
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3: Identification of parameters {ĉ12, ĉ13, ĉ23, ĉ21, ĉ31, ĉ32} with σ = 0.1. (a) τ = 0, µ = 0
= 0.2; (c) τ = 0.1, µ = 0. (d) τ = 0.1, µ = 0.

t, we further explore the influence of the changes of the two parameters of the networ
tensity µ and the coupling delay τ on the average identification time with coupling st
. Here, the average time is the least time required for |ĉij − cij| < 10−3 with 100 iter
s displayed by the error bar. Rank the data from smallest to largest. Arrange the dat
t to largest. The upper line length of the error bar is the maximum minus the averag
er line length is the average minus the minimum.
seen from Fig. 4(a) that as µ increases, the average identification time gradually dec

re is no obvious drop tendency when µ varies from 0.75 to 0.95. This is because the appe
makes the motion trajectories of nodes more diverse, which hinders the generation of sy
and makes the trajectories of nodes different. The feedback information is more abu

peeds up the time of topology identification. Stronger noise intensity does not further
tification since the nodes are already distinguished from each other. In Fig. 4(b), the a

cation time decreases as µ increases, but there is a slight increase when τ = 0.9. It ha
ed in Ref.[23] that the coupling delay narrows the synchronization regions and further
ntification performance.
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4: The error bar with fill area of the average identification time versus noise intensity
e delay τ (b) for the network (11) with σ = 0.1.

arge-scale complex dynamical networks

erify the effectiveness of our method, large-scale complex networks generated as the abo
ed. Fig. 5 (a) and (b) display the identification performance when network size N = 1
espectively. Here, we set coupling strength σ = 0.1, coupling delay τ = 0.1 and noise in
. In traditional methods [9, 14], the auxiliary network is composed of the same size of
riginal network. In that case, for a 100-node network, one needs to construct 100 cont
×100 observers in the auxiliary network, which is too costly to be applied. However, by
posed method, only 3 controllers and 3 × 100 observers are needed. Similarly, for a 100
, the dimension of controllers and updating laws in the auxiliary network is 3003 rathe

0. Therefore, for dealing with the same large-scale networks, our method greatly reduc
tion and computing memory space compared with the traditional methods. The larg

size, the more obvious the advantages of our method.
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5: Identifying partial topology with network size (a) N = 100 and (b) N = 1000: the evo
meters {ĉ12, ĉ13, ĉ23, ĉ21, ĉ31, ĉ32}.

clusion

his paper, the partial identification topology has been investigated in the noised-per
x networks affected by coupling delay. The results have leveraged the adaptive feedback c
y and the pinning mechanism to infer the partial original network. Compared with the e
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