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Abstract—With the increasing penetration of renewable energy
sources and power electronic devices, the Electromagnetic Tran-
sients Program (EMTP) has become indispensable for modern
power system analysis. Classical EMTP faces a conflict between
computational efficiency and real-time requirements, while the
rapid advancement of quantum computing offers a pathway for
a quantum leap. However, existing QEMTP methods suffer from
slow convergence, requiring numerous iterations that consume
substantial quantum resources and drastically reduce compu-
tational efficiency. This paper proposes an initialization-wise
QEMTP framework that leverages physics-informed initialization
to accelerate convergence. A detailed analysis of the cost function
incorporating the Gram—Schmidt procedure guides the selection
of initial parameters, while a cross-initialization method—applied
in QEMTP for the first time—mitigates switching-induced errors.
Simulation results demonstrate the framework’s efficiency, accu-
racy, and robustness.

Index Terms—Variational quantum linear solver; quantum
computing; quantum electromagnetic transients program.

I. INTRODUCTION

With the increasing penetration of power electronic devices
and distributed energy resources in modern power systems, the
Electromagnetic Transients Program (EMTP) has become an
indispensable tool for system planning and operational analy-
sis [1]. However, as the problem scale continues to grow, the
O(N?) computational complexity of classical EMTP has led
to an escalating conflict between computational cost and real-
time performance, making classical computing architectures
increasingly inadequate to support the high-fidelity, real-time
simulation demands of emerging power systems [2].

The rapid development of quantum computing offers a
transformative pathway to overcome this computational bot-
tleneck. In 2021, Zhou et al. [3] first proposed and validated
the concept of the Quantum Electromagnetic Transients Pro-
gram(QEMTP) based on the HHL algorithm [4]. With the
advent of the Noisy Intermediate-Scale Quantum(NISQ) era,
research has gradually shifted toward noise-resilient algorith-
mic designs. Building on the Variational Quantum Linear
Solver (VQLS) [5], Zhou et al. [6] achieved the first ex-
perimental realization of QEMTP on real quantum hardware,
extending beyond idealized simulators. In 2025, our previous
work further advanced this direction by optimizing the VQLS-
based QEMTP through a matrix low-dimensional qubit-casting
and real-only construction technique, and subsequently achiev-
ing the first implementation for power-electronic-dominated
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systems based on a quantum fixed-admittance switch model
[7].

Nevertheless, existing QEMTP methods still face significant
limitations. VQLS-based QEMTP typically require a large
number of iterations, which not only consume substantial
quantum resources but also drastically reduce computational
efficiency—posing a major bottleneck to the practical de-
ployment of QEMTP. To address this issue, we propose an
Initialization-wise(Init-wise) QEMTP framework, which lever-
ages physics-informed initialization to achieve a remarkable
acceleration in convergence. The main contributions of this
paper are as follows:

o A detailed analysis of the VQLS loss function is con-
ducted based on the Gram—-Schmidt procedure, and a
physics-informed Initialization-wise QEMTP framework
is developed to significantly enhance convergence speed.

e The cross-initialization method is introduced into
QEMTP for the first time, effectively mitigating switching
errors in quantum fixed-admittance switch model for
power-electronic-dominated networks.

The simulation results reveal excellent performance of the
proposed method.

The remainder of the paper is organized as follows. Sec-
tion II summarizes the VQLS-Based QEMTP, Section III
analyzes the influence of initialization on the convergence
incorporating the Gram—Schmidt procedure and presents the
proposed Initialization-wise QEMTP framework. Section IV
provides case studies, followed by the conclusion in Section V.

II. PRELIMINARY
A. Formulations of the QEMTP

Classical EMTP approach relies on linearization and Nor-
ton equivalent principles, approximating complex electrical
components as equivalent resistors and current sources for
simulation and solution [8]. The matrix form of the EMTP
equations is given by

GE(t) = iij(t) + Inis = i(1). (1)

Here, G denotes the network admittance matrix, ¢(t) denotes
the vector of nodal voltages in the network, ;(t) denotes the
vector of nodal injected current vector, an(t) denotes the
externally injected current in the current time step, and I_l;is
denotes the vector of historical nodal injected current.



Once the EMTP equations are formulated, voltages and
currents at each time step can be calculated via iterative loops.
To extend this framework to quantum computing, the classical
EMTP algorithm must be mapped onto the Hilbert space.
Rewriting (1) in its quantum form yields':

Glv) = |i). 2)

Here, G is G expanded to dimension 2/'°22 N1 by padding an
identity block in the bottom-right corner and rescaled to have
unit determinant. |v) and |¢) denote the normalized quantum
representations of #(t) and i(t) respectively, encoded on n =
[log, N'| qubits:
) = Z]‘ v;]7) i) = Zj ij17) 3)
1525 vilidlle’ 1225451 l2”
Here, v; and i; denote the j-th elements of the normalized
nodal voltage and current vector respectively.
Based on (2), we next describe how the system can be
solved using quantum computing techniques.

B. The Traditional VQLS-Based QEMTP solver

The VQLS algorithm is employed to solve (2) due to its
ability to efficiently handle noise and errors in real quantum
devices. VQLS represents the solution vector |v) as a param-
eterized quantum circuit and iteratively optimizes the param-
eters 6 using a classical optimizer. The detailed procedure is
as follows.

1) System Parameter Preprocessing: First, to transform (2)
into a physically executable quantum circuit, system parame-
ters must be preprocessed. The admittance matrix G can be
decomposed as:

47’L
- 1 -
G=>cgn =5 (Gxe). @
i=1

Here, g, € ®}_,{I,X.,Y, Z}, denotes the i-th matrix basis in
the set of multi-qubits Pauli gates®. ¢; denotes the projection
coefficient of matrix G.

Then, based on the top-down encoding approach [9], the
current state |¢) is amplitude-encoded as

i) = UJ0). o)

Here, U is a quantum circuit representing a unitary matrix,
which enables the nodal injection current i to be encoded in
the amplitudes of the quantum state.

Meanwhile, the target nodal voltage state |v) is represented
as a trainable parameterized quantum circuit, which is the core
idea of variational quantum algorithms [10]:

[v) = V(0)]0) ()

Here, V() denotes a Hardware-Efficient Ansatz composed of
a series of rotation gates and multi-qubit entangling gates [11].

'In this paper, the Dirac notation |-) is used to represent vectors in
the underlying Hilbert space, which are not necessarily normalized unless
explicitly stated as ’quantum states’.”

>The four Pauli gates correspond mathematically to the Pauli operators

1 0 0 1 0 —1 1 0
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Fig. 1. Quantum circuits based on the Hadamard test for computing C: (a)
Quantum circuit for evaluating (3;;/; (b) Quantum circuit for evaluating ;.

2) Cost Function Construction: Next, a cost function is
constructed to quantify the similarity between G|v) and |i).
Let |¢)) = G|v), the global cost function is then defined as:

[(il)|?
Coa=1- 7
¢~ ) @
By substituting(4), (6), and (5) into (7), we obtain:
W)y =Y aciBu, ()7 =Y aciy, (8
w w
Bur = (0|V(0)IG], G,V (6)|0) (8b)
yur = (0[UTG,V()[0)(0[V(9)G/ Ul0) (8¢)

Here, { denotes the conjugate transpose. Based on the
Hadamard test, quantum circuits can be constructed to evaluate
(8b) and (8c), ultimately enabling the computation of (7) [12].
The corresponding circuit structures are illustrated in Fig. 1.

3) Optimal Parameter Training: Now, the VQLS algorithm
optimizes the parameters « to be as close to zero as possible.
This optimization can be achieved using gradient descent-
based methods as

ag+1 = ap —nVCL(). 9)

Here, «y represents the parameters in the k th iteration, 7 is
the learning rate, and VCp () is the cost function gradient
with respect to the parameters, oy, . For quantum circuits, the
gradient is calculated using the parameter shift rule.

The final node voltage |0) is obtained from the optimized
circuit 'V (6,,¢)|0) and can be iteratively refined using the

residual error ¢; = |||i) — G|17>H to meet the desired accu-
racy. 2

Till now, we have finished the presentation of the VQLS
algorithm to solve the QEMTP.

III. THE PROPOSED INIT-WISE QEMTP

Although the VQLS-base QEMTP theoretically promising,
the optimization landscape of V() is often highly complex,
leading to slow convergence [13]. In this section, we introduce
an Init-wise QEMTP framework that exploits the physical
properties inherent in EMTP to accelerate convergence via
informed initialization.



A. Impact of Initial State on Cost Function

First, we examine small perturbations § around the optimal
parameters Oop in (7). Define [0) = V (0opt)|0), and let |dv) =
(V(Blopt + 8) — V(8op))[0), [12) = G5) and |v)) = G|v).
Then, we have:

1l + o)
(0 + 6919 + o)

Expanding (10), and defining o = |(i|¢})], dov = |(i]60))],
we obtain:

(10)

Ce@+0)=1-

a? + 2R(a* - da) + da?

Ce(0+6)=1— —— — . (D
() + 2R((6¥[Y)) + (5¢[0%)
We rewrite (11) as:
1

Cg(e—i—é):l—\lfm, (12a)
o - a? + 2§R(aj‘ -A5a) + 50(2’ (12b)

(@19)
_ 2RI + (Gvlow) (12

(blb)

Considering the formulation in (12a), we analyze the regime
near the optimal point. In this vicinity, 7 is primarily governed
by the small perturbation |4%), and can thus be regarded as
a small quantity as well. Therefore, we adopt the following
approximation:

1 2 3
Trn =1-n+n"+0(").
By substituting (13) into (12) and neglecting higher-order
terms above the second order, we separate the terms up to the
second order and obtain:

13)

0 Order: 1— ?7% (14a)
(P[)
2 n *
1* Order: 22 m“é}“w) — 2§R(aA L(Sa) (14b)
(Yl)? (P[) )
M Opder . OO0V Sa®  a® AR((FYIY))?
(P[ah)?

AR - Sa)R((OY)

(¥l)?
Since (7) essentially computes the projection of |1ﬁ> onto
i), the two vectors become collinear at the optimal point. We

assume |¢)) = ~|i). Given that |i) is normalized, the following
properties hold:

o® = ((ili)* =7 = (W),
R((0|1h)) = yR((6¢]i)) = R(a” - dax).
Substituting (15) into (14), one can observe that the zero-
order term, first-order term, and the cross terms in the

second-order term of (14) are all eliminated. The resulting
form is:

@Iy @Iy (@)
). (14¢)

(15a)
(15b)

(01]0v) — da®

Ca(0+9) = DI + 0.

(16)
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Further considering (16), we first orthogonally decompose
|0¢)) along [¢) using the Gram-Schmidt procedure [14],
yielding:

(W16v) 1w
(1)) IE
Here, |91, ) Here, Pj_w denotes the projection operator that

projects |d¢)) onto the subspace orthogonal to |’(/AJ> Substituting
(17) into the definition of da yields:

‘ b6

o = [{ijs)| = {20,

1)
Substituting (17) and (18) into (16) yields the final expres-

sion:

|6) = [+ P (|6, P =1 )

(18)

[Pl @loun)|

Ca(0+0) = —2 +0(n%). (19)

é.|@>’

2
Since projection does not increase the norm, we can derive
the following inequality based on the norm definition:

[P @] < | @io]. < & nserz- o

From (20), the upper bound of (19) can be derived as
follows:
_ 2
&
Cmax = 722 (21)

Ca(0+6) < Cunae |80 o)
v

2

Based on the singular value decomposition, the upper bound
of Cmax in (21) is the squared condition number x(G)?,
yielding the final upper-bound estimation:

Ca(0 +3) < w(G)?|||6v)]5 - (22)

Remark 1. The relationship expressed in (22)—a quadratic
sensitivity of the cost function to the state deviation |dv) near
its optimum—is the central finding of this section. This elegant
upper bound is the culmination of our derivation, which
originally employed the Gram—Schmidt procedure to dissect
the cost function’s geometry. The practical implication of this
quadratic behavior is profound: it validates the strategy of
prioritizing a high-quality initial point, which dramatically ac-
celerates convergence. Thus, our theoretical analysis provides
the essential justification for the proposed Init-wise QEMTP
Jframework.

B. Physics-informed Initialization Choice

Building upon the previous analysis, it becomes evident
that the choice of the initial point critically influences the
convergence behavior of the VQLS-based QEMTP. In this
section, we further explore how this insight can be practically
utilized in time-domain simulations.

Let |v)) and [i¢) denote the quantum states of node
voltage and current at time step ¢, respectively. Based on (2),
we have:

V) = G i) (23)



Define |Ai() as the difference between the current quan-
tum states at time step t+ At and ¢, and let |vs1 o) denote the

voltage quantum state at the next time step. Then, we have:
lverat) = [v) + G HAGw). (24)

Let |v2"%) denote the QEMTP solution obtained at time step
t. The corresponding solution error €py is defined as:
oo = [ [0 = I (25)

We define the error between [v(¢1ay) and [0f) as €.
Combining (24) and (25), we obtain:

€ =

o) — o),

5 (26)
< e+ [ G2 1250

For |Ai), since the time step At in EMTP simulations
is typically small (< 1073), it can be approximated using the
first-order time derivative of the current state [i)):

|Ai(t)> = |7.;(t)>At + O(At2) 27

Omitting the second-order terms and substituting (27) into
(26), we obtain:

€¢ S €prev + M~ H|7(t)>||2 At
&,

(28) justifies our choice of initial point. During continuous
operation, since |i(t)> is bounded, ¢; remains a first-order small
quantity. Hence, the previous solution serves as an excellent
initial guess that keeps the initial error low and accelerates
convergence.

For discontinuities such as switching or faults, the pre- and
post-disturbance states can still be viewed as two adjacent
steady conditions. At the instant of change, |di) can no
longer be approximated by (27). Nevertheless, |v2") remains
an effective approximation, yielding a superior initialization
compared to random schemes, as will be demonstrated in

Section IV.

(28)

C. Initialization-wise QEMTP Framework

Accordingly, we propose an Initialization-wise (Init-wise)
QEMTP framework, as illustrated in Algorithm 1. At the initial
time step, the variational parameters 9‘()0) are randomly initial-
ized. For subsequent steps, a warm-start strategy is adopted,
where the optimized parameters from the previous step, 9?ff1),
are reused as the initial parameters H?t . This approach not
only accelerates the convergence of VQLS but also provides a
physically meaningful initialization by leveraging the system’s
historical state information.

In power-electronic-dominated networks, the conventional
quantum fixed-admittance switch model in QEMTP often
causes pronounced state discontinuities at switching instants.
These discontinuities degrade simulation accuracy and make
the previous system state unsuitable as an effective initial
point. To address this issue, a cross-initialization method
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Algorithm 1 Initialization-wise Quantum Electromagnetic
Transient Program (Init-wise QEMTP)
Require: T, , €5 and system parameters _
1: Construct admittance matrix G and encode as G
2: Encode G into quantum circuit representation using (4)
3: fort=0to T do
4 Compute Eis(t) for each component
5: > Cross-initialization Method
6: if Switching event occurs then
7
8
9

Identify the paired switches ¢ and j
Exchange Iy;s(¢)[¢] and Inis(t)[4]

: end if
10: Construct ;(t) via (1) and prepare |i(;)) using (3).
11 Encode [i(;)) into quantum circuit via (5).
12: > Warm-start strategy
13: if £ = 0 then
14: 9‘()0) + random initialization
15: else
16: 0 0 )
17: end if
18: Obtain Gz’f)t and |v(}}) using VQLS with tolerance .
19: Rescale [v(})*) to obtain #(t) via (3)
20: Update output voltage array: voupue < {Voutput U(t) }
21: end for

22: > Output: Time-series QEMTP results vougput

[15]—applied for the first time in QEMTP—is introduced for
such networks. By exchanging the historical current terms of
switches within the same bridge arm before the |¢) encoding
during topology transitions, this method effectively suppresses
the initial-value errors induced by state switching. Conse-
quently, it not only enhances the simulation accuracy of sys-
tems with dynamic topologies but also mitigates transient error
fluctuations, ensuring that the proposed framework maintains
robust convergence acceleration even under frequent switching
operations.

IV. CASE STUDIES

The effectiveness of the proposed method is validated on
a three-phase full-bridge converter, whose topology is illus-
trated in Fig. 2(a). The system is driven by an ideal three-
phase AC source with an RMS line voltage of 400 V. The
rectifier is equipped with a DC-link capacitor of 4 mF, an
inductance of 0.5 mH, and a resistive load of 100 €2, which
is abruptly reduced to 50 2 at 0.02s to emulate a sudden load
increase. The SPWM modulation frequency is set to 2.5 kHz.
To comprehensively assess the model’s accuracy, open-loop
simulations are conducted with a time step of 10 us. The
QEMTP accuracy threshold ey is set to 10710, and the ansatz
depth is configured to five layers.

We compare the classical EMTP with binary resistance
modeling, the traditional QEMTP, and the proposed Init-wise
QEMTP. The results are shown in Fig. 2. As observed from
Figs. 2(b) and (c), the cross-initialization method effectively
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Fig. 2. Topology and simulation results of the three-phase converter: (a) topology of the three-phase full-bridge converter; (b) voltage waveforms; and (c)

current waveforms.
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Fig. 3. VQLS iteration performance

suppresses simulation errors during switching instants, thereby
significantly improving the overall waveform accuracy.

As illustrated in Fig. 3, under steady-state conditions, the
Init-wise QEMTP achieves a substantial reduction in the num-
ber of iterations required for convergence—only 25 iterations
are needed to reach the predefined threshold, compared with
462 iterations in the conventional approach, representing more
than an 18-fold improvement. Even during switching events,
the proposed framework also achieves a noticeable reduction
in iteration count. On average, the VQLS-based QEMTP
requires 364 iterations to converge, whereas the Init-wise
QEMTP achieves convergence in only 103 iterations, yielding
over a threefold acceleration.

In this case study, each iteration involves 1,860 quantum
circuit evaluations; thus, during a 0.034-second simulation, the
Init-wise QEMTP saves more than 1.6 billion quantum circuit
executions—a remarkable reduction in quantum computational
cost. Throughout the simulation, both quantum approaches
maintain errors below 10719, satisfying the predefined accu-
racy criterion.

V. CONCLUSION

This paper proposes an initialization-wise QEMTP frame-
work, validated for power-electronic-dominated systems
through the incorporation of a cross-initialization method.
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Simulation results show that the proposed framework sig-
nificantly accelerates convergence and consequently reduces
quantum resource consumption while maintaining high accu-
racy, thereby advancing the practical realization of QEMTP.
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