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Accurate and robust quantum process tomography (QPT) is crucial for verifying quantum gates and
diagnosing implementation faults in experiments aimed at building universal quantum computers.
However, the reliability of QPT protocols is often compromised by faulty probes, particularly state
preparation and measurement (SPAM) errors, which introduce fundamental inconsistencies in traditional
QPT algorithms. We propose and investigate enhanced QPT for multiqubit systems by integrating the error
matrix in a digital twin of the identity process matrix, enabling statistical refinement of SPAM error
learning and improving QPT precision. Through numerical simulations, we demonstrate that our approach
enables highly accurate and faithful process characterization. We further validate our method exper-
imentally in superconducting quantum processors, achieving at least an order-of-magnitude fidelity
improvement over standard QPT. Our results provide a practical and precise method for assessing quantum
gate fidelity and enhancing QPT on a given hardware.

DOI: 10.1103/dpgy-rtxr

Introduction—Significant advancements have been
made in building large-scale quantum processors using
diverse physical platforms [1–4]. Although a higher qubit
count provides exponential computational benefits, it also
brings major challenges in implementing high-fidelity
multiqubit gates and accurately characterizing them for
further enhancement [5–11]. Identifying errors in gate
implementation and improving quantum architectures
require more than a single scalar measure, such as gate
fidelity from randomized benchmarking protocols [12–15].
Instead, a comprehensive characterization of the entire
quantum process is essential, which is typically achieved
through quantum process tomography (QPT) [16–18].
Quantum process tomography involves preparing a set of

known input states fρig, applying a completely positive
and trace-preserving (CPTP) quantum process E, and
measuring a set of observables fMμg, typically chosen
as elements of a positive operator-valued measure (POVM).
This yields a collection of measurement outcomes:
pi;μ ¼ Tr½MμEðρiÞ�. In experiments, this procedure

demands high-precision state preparation and measurement
(SPAM) in order to faithfully characterize the underlying
quantum process—a requirement that remains challenging
on state-of-the-art hardware platforms [13]. Nevertheless,
standard QPT assumes ideal probes ρi and Mμ in SPAM
operations, and applies a postprocessing algorithm J to
noisy data points p̃i;μ:

std − QPT∶J ðρi;Mμ; p̃i;μÞ → χ̃: ð1Þ

This leads to internal inconsistencies [19]: the noisy
measurement outcomes fp̃i;μg are incorrectly attributed
to ideal SPAM operations, thereby distorting the
reconstruction and interpretation of the resulting process
matrix χ̃. As a result, standard QPT frequently yields
unreliable or even misleading characterizations. This fun-
damental issue of SPAM-induced self-inconsistency in
QPTwas first recognized and systematically analyzed over
a decade ago [33–36], prompting the development of gate
set tomography (GST) [9,37–41]. GST is a protocol that
enables SPAM-error-free characterization of quantum gate
sets. However, its experimental and computational over-
head is substantially higher than that of QPT, rendering it
impractical for systems beyond two qubits [10].
In this Letter, we propose a generic framework to realize

a nearly self-consistent QPT protocol for multiqubit sys-
tems (see Fig. 1). By reconstructing effective probes
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fρ̄i; M̄μg, our SPAM-error-mitigated QPT (EM-QPT)
achieves significantly higher accuracy compared to the
standard, self-inconsistent QPT technique. To further
improve precision and robustness, we incorporate a
machine learning (ML) approach [42–44] that learns the
statistical features of SPAM errors by constructing a digital
twin of identity process matrices. Remarkably, we validate
our method experimentally in two superconducting quan-
tum processors, achieving at least an order-of-magnitude
fidelity improvement over standard QPT. Our results
establish a scalable and practical framework for high-
precision quantum diagnostics, broadly applicable to quan-
tum computing, benchmarking, and control.
Error-mitigated QPT—Our objective is to precisely

estimate the process matrix of an arbitrary quantum
operation E while accounting for SPAM errors [45–48].
We utilize identity QPT, only performing state preparation
Esp and measurement Em, yielding χI ≡ Em ∘ Esp. Ideally,
the identity process matrix will be χImn ¼ δm0δn0, where δmn

is the Kronecker delta. Deviations from the ideal χI indicate
the presence of SPAM errors in the experiment, resulting in
χ̃I , which we refer to as an error matrix [47]. By changing
the argument in the QPT algorithm, we can determine the
noisy input states and measurement operators [20]:

J ½fρig; fMμg; χ̃I� → fρ̄ig; fM̄μg: ð2Þ

When computing fρ̄ig, we assume ideal measurement
operators, and vice versa (standard quantum state and
detector tomography with the error matrix), since gauge
symmetry due to unitary invariance [20] prevents simulta-
neously determining fρ̄i; M̄μg with arbitrary accuracy and
precision [49–52]. We note that a recent theoretical work
[45] proposes a strategy similar to EM-QPT, in which the
probes are revised by leveraging prior knowledge of the
error matrix.
Here, we benchmark the practical, error-mitigated, and

nearly self-consistent version of QPT:

EM − QPT∶J ðρ̄i; M̄μ; p̃i;μ; χ̃
IÞ: ð3Þ

This EM-QPT approach is resource intensive, particularly
in applications where frequent process characterization is
required, such as gate optimization [53,54]. It is also
potentially fragile in the presence of anomaly errors, such
as glitches in experiments. Since the error matrix χ̃I is
independent of the process to be characterized, it is natural
to explore whether ML techniques can be leveraged to learn
the statistical behavior of SPAM errors hidden in χ̃I, for
more efficient error mitigation.
Inspired by a recent study [44], we use a generative

model as a digital twin of the error matrix to enhance EM-
QPT. We find that the digital twin, a trained deep neural
network, effectively captures the underlying characteristics
of SPAM errors, yielding a more refined version of Eq. (2).

It can potentially outperform real-time error-matrix acquis-
ition, enabling high-precision QPT with more robust and
efficient SPAM-error mitigation.
Digital twin of the error matrix—Our generative model

to construct the digital twin of the error matrix is a
variational autoencoder (VAE) [42], which integrates deep
learning with probabilistic frameworks to learn a latent
representation of training data (see Fig. 1). The VAE
consists of an encoder that maps the input x to a latent
vector z obeying a probability distribution QðzjxÞ. The
latent vector is a numerical representation of the essential
features of the input data, usually in a lower-dimensional
space. The decoder reconstructs the input data x → x0 from
a sampled latent vector z. Both encoder and decoder are
deep neural networks [20]. To ensure that the VAE output is
CPTP, we introduce a QProcess layer [20] using
Cholesky decomposition [55,56]. See the workflow
in Fig. 1.
We characterize the SPAM errors by constructing the

digital twin of the error matrix χ̃I . In practice, we first
collect a training database X ¼ fxðiÞgNx

i¼0 of Nx indepen-
dent QPT experiments for the identity process, which is
implemented by applying a short idle time of a few
nanoseconds in experiments [20]. The digital twin of the
error matrix, x0 → χIDT, is expected to statistically mimic
the major pattern of SPAM errors embedded in the error
matrix. In this vein, we utilize the digital twin to perform
the EM-QPT protocol; the digital twin is applicable to an
arbitrary quantum process, as the error matrix is indepen-
dent of the gate operation under test. We thus introduce the
machine learning-enhanced QPT,

ML − QPT∶J ðρ̄i; M̄μ; p̃i;μ; χ
I
DTÞ; ð4Þ

(a)

(b)

FIG. 1. Digital twin-enhanced quantum process tomography.
(a) The variational autoencoder (VAE) consists of an encoder and
a decoder built with deep neural networks. The input training data
x is mapped by the encoder into a parametric probability
distribution N ðz; μ; σ2Þ. The latent variable z is sampled from
this distribution and used to reconstruct the output x0 through the
decoder and a pre-designed quantum processing layer
(QProcess). (b) The digital twin is applied to reconstruct the
error matrix x� → χIDT using a trained VAE, enhancing EM-QPT
for a quantum process E.
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where χIDT is the digital twin of the error matrix. See
Appendix D in [20] for detailed information about the
model structure and learning process.
Numerical simulation—In standard N-qubit QPT, each

qubit is first initialized in an initial state by applying a gate
U1 ∈ fI;Rxð−π=2Þ;Ryð−π=2Þ;Xg. Then, the quantum gate
G under investigation is applied. To enable full process
characterization, a set of informationally complete rotation
gates U2 ∈ fI;Rxðπ=2Þ;Ryðπ=2Þg are used prior to meas-
uring the qubits in the computational basis. In practice, the
noisy readout is composed as

p̃i;μ ¼ ⟪MμjE†
m ∘ EgateðGÞ ∘ Espjρi⟫; ð5Þ

where jÔ⟫ denotes the column-vector form of the operator
Ô, and Em, Egate, Esp represent the error channels acting on
the measurement, gate, and initial states, respectively. To
simulate incoherent SPAM errors, we use a depolarizing
error channel Edepðρ; λÞ ¼ ð1 − λÞρþ ðλ=2NÞI, where I is
the identity operator. We randomly sample the error
strength for state preparation Esp ¼ Edepðρ; λspÞ and mea-
surements Em ¼ Edepðρ; λmÞ in terms of a given error rate
λ1 ¼ λm þ λsp. We also introduce coherent errors with a
unitary channel EuniðρÞ ¼ UρU† by adding a rotation shift
Δθ ¼ θ0 − θ0 on a rotation gate Ri∈ ½x;y;z�ðθ0Þ →
Ri∈ ½x;y;z�ðθ0Þ in SPAM; we uniformly sample the deviation
Δθ=π ∈ ½−λ2; λ2� (λ2 ∈ ½0; 1�). Therefore, we express the
total SPAM error as λtot ¼ ðλ1 þ λ2Þ=2∈ ½0; 1�. The
numerical experiment consists of three steps: (i) set
G ¼ I, the N-qubit identity gate, and perform std-QPT
to obtain the error matrix χ̃I; (ii) reconstruct 4N noisy
quantum states and 6N observables using Eq. (2); (iii) per-
form std-QPT on a randomly selected unitary gate G using
the error-mitigated probes, giving a corrected process
matrix according to Eq. (3). Here, we focus on unitary
operations, but the EM-QPT approach is valid for any
general CPTP process [20].
In Fig. 2, we present numerical results for std-QPT, EM-

QPT, and ML-QPT under the influence of both incoherent
and coherent errors. Each data point represents the average
process infidelity [57] computed over 102 randomly chosen
unitary gates. Particularly, in Fig. 2(a), we analyze the gate
infidelity as a function of coherent error λ2 and incoherent
error λ1 for a single-qubit system. EM-QPT outperforms
std-QPT with significant fidelity improvement.
Furthermore, we investigate how the infidelity scales with
the total error λtot in the case of evenly mixed contributions,
i.e., λ1 ¼ λ2, with the corresponding results for one- and
two-qubit gates presented in Figs. 2(b) and 2(c), respec-
tively. For ML-QPT, we collected 103 error matrices of
each data point to train a digital twin model across a range
of λtot, and achieved better performance than with EM-
QPT, as seen in Figs. 2(b) and 2(c). Moreover, we also
demonstrate that our method maintains high performance

even in the presence of extremely biased SPAM errors
½ðλm=λspÞ → ∞=0�; see Appendix H in [20].
Next, we verify EM-QPT in experiments with single-

qubit Clifford gates. We consider the average gate fidelity
[59–61]

F gate ¼
dF χ þ 1

dþ 1
; ð6Þ

where d ¼ 2N is the Hilbert-space dimension of the N-
qubit system; the process fidelity F χ [57] is obtained
through QPT. For small gate errors, randomized bench-
marking (RB) [62] statistically captures the average gate
error over Clifford gates, implying that the RB fidelity then
approximates the average gate fidelity: F rb ≈ F gate. In the
following, we demonstrate the experimental implementa-
tions of our method.
Experiments on single-qubit gates—We implement our

method on 24 single-qubit Clifford gates on a super-
conducting quantum processor (see Device A in [20]).
In experiments, we calibrate both single-qubit gates,
achieving fidelity of 99.96% using RB measurements,
and readout performance [20]. We then introduce coherent
and incoherent errors. Incoherent errors are introduced by

(a)

(b) (c)

FIG. 2. Numerical results for EM-QPT of one- and two-qubit
gates. (a) Average process infidelity of single-qubit gates using
std-QPT (left panel) and EM-QPT (right panel), as a function of
coherent and incoherent errors. (b),(c) Fidelity for the evenly
mixed error regime for single- and two-qubit gates, respectively.
Solid curves and squares are the average results over 102 gate
samples, with shadow and error bar showing one standard
deviation. The horizontal line is the statistical error 1=Nshot with
the shot number Nshot ¼ 104.
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biasing the optimized amplitude of square pulses Ar0, used
for readout, by λ1: Ar ¼ ð1 − λ1ÞAr0 (λ1 ∈R). Coherent
errors are introduced by adding rotation uncertainties to the
single-qubit gates through amplitude fluctuations: the
target amplitude A0 is modified to AU ¼ ð1þ rÞA0, with
the offset r uniformly sampled as r ∼ Uð−λ2; λ2Þ
(λ2 ∈ ½0; 1�). See the End Matter for details about the error
setup.
In Figs. 3(a) and 3(b), we present experimental results for

std-QPT and EM-QPT for single-qubit Clifford gates under
varying levels of coherent and incoherent SPAM errors;
EM-QPT yields at least an order-of-magnitude improve-
ment in gate fidelity. Notably, RB outperforms EM-QPT
because SPAM errors cannot be explicitly separated from
the error matrix. We leave further optimization of the QPT
method [45] through adjusting the weight function between
state preparation and measurements for future work.
Two-qubit CZ gates—We start with a well-tuned adia-

batic CZ gate with FCZ
rb ∼ 99.23% (see Device B in [20]).

After fine-tuned calibration with single-qubit gate fidelity
F rb ≈ 99.95% [20], we observed a 6% process fidelity
reduction due to SPAM errors. We perform identity QPT
followed by QPTof this gate 102 times. We can thus obtain
the process fidelity of the CZ gate with both EM-QPT and

ML-QPT. In Fig. 3(c), we present the probability distri-
bution of gate infidelity estimated by Eq. (6) using std-QPT,
EM-QPT, andML-QPT; the ML-QPT results are based on a
digital twin trained on the 102 error matrices. As a result,
the gate fidelities estimated by EM-QPT and ML-QPT are
significantly closer to the RB fidelity than those from
standard QPT, with the overestimation in ML-QPT attrib-
uted to the limited size of the training dataset.
Precision and sensitivity—In experiments with our

method, the gate fidelity of an unknown gate G can be
statistically estimated over the set SI ¼ fχ̃I1; χ̃I2;…; χ̃INerr

g,
forming a probability distribution PEMðF ðG; χ̃IÞÞjχ̃I ∈SI

,
where the variance is primarily induced by SPAM errors.
However, averaging fidelity over all error matrices may
reduce EM-QPT precision due to experimental anomalies.
To address this, we use ML to extract the dominant
SPAM error patterns, creating a digital twin that recon-
structs them. Therefore, the gate fidelity relying on the
digital twin admits the distribution PMLðF ÞjD� ðzÞ→χI , where
D�ðzÞjz∼N ð0;IÞ is the decoder from the trained VAE model.
We next evaluate the performance of our method through
empirical information theory [63,64], which focuses on the
behavior of information measures in practical, finite-sam-
ple settings. To quantify the precision and sensitivity of
gate characterization, we calculate the distance between the
empirical PðiÞðqÞ and reference PrefðqÞ probability distri-
butions by the one-dimensional Wasserstein (earth mov-
er’s) distance [65]

W1ðPðiÞ;PrefÞ ¼
Z
R
jCðiÞðqÞ − CrefðqÞjdq; ð7Þ

where CPðq0Þ ¼ Prob½q ≤ q0� is the cumulative distribution
function (CDF) of the probability distribution P. The W1

distance is the area between the CDF curve P and the
reference; see the lower panel in Fig. 4(a) as an example.
This distance directly captures first-moment deviations and
provides an informative proxy for the second moment.
In our case, the statistical variable in Eq. (7) is the

logarithm of infidelity: q ¼ log10ð1 − F Þ∈ ½−ξmax;−ξmin�
with constants ξmax =min ∈Rþ. For simplicity, we set the
reference probability distribution as a delta function Pref ¼
Δð−ξ0Þ referring to the ideal measurement protocol that
always perfectly estimates the gate fidelity F 0 ¼ 1 − 10−ξ0

fulfilling ξ0 ∈ ½ξmin; ξmax�. The W1 distance then obeys
W1 ∈ ½0; ξmax − ξmin�, where W1 ¼ 0 is the ideal measure-
ment scheme that gives the exact gate fidelity. The larger
the W1 distance, the further away from the perfect
characterization.
In Figs. 4(a) and 4(b), we compare the normalized

W1=ðξmax − ξminÞ distance of the EM-QPT and ML-QPT
methods for 102 QPT experiments of an X gate, using 103

realistic error matrices and their corresponding digital twin,
respectively. We take the distribution of std-QPT and RB as

(a)

(b) (c)

FIG. 3. Experimental results for one- and two-qubit gates.
(a) Performance of std-QPT (left) and EM-QPT (right) as a
function of coherent and incoherent errors. (b) The points from
(a) with λ1 ¼ λ2. Each data point in (a) and (b) is averaged over
15 and 102 QPT experiments, respectively, for all 24 single-qubit
Clifford gates. (c) Infidelity distribution over 102 QPT experi-
ments of a CZ gate estimated with std-QPT, EM-QPT, and ML-
QPT. The inner box plot indicates the median (white horizontal
line) and the interquartile range (black box). Here, SPAM errors
∼6% and the RB fidelity is 99.23%.
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delta functions, since the uncertainty for an individual QPT
is negligible. In Fig. 4(a), the probability distribution of
EM-QPT (pink) contains all types of errors in error
matrices, implying large variance in fidelity estimation
due to abnormal errors. Consequently, ML-QPT yields
more reliable fidelity estimates, leading to a smaller W1

distance than EM-QPT in Fig. 4(b).
Discussion and conclusion—We have investigated

nearly self-consistent and SPAM-error-mitigated quantum
process tomography (EM-QPT) by constructing noisy
probes from identity process matrices. Moreover, we
proposed machine-learning-assisted QPT (ML-QPT), fur-
ther enhancing EM-QPT by fully leveraging knowledge of
SPAM errors hidden in identity process matrices, enabling
accurate and high-precision QPT for reliable and practical
applications across a variety of quantum devices. The
SPAM-aware digital twin improves gate characterization
beyond standard methods, allowing accurate fidelity esti-
mation up to the second moment. Both numerical simu-
lations and experimental results demonstrate that our
method achieves at least an order-of-magnitude improve-
ment in precision over standard QPT. Furthermore, we have
discussed the experimental feasibility of our approach: the
model demonstrates stability without time drift in practical
implementations, and the training exhibits reliable con-
vergence [20]. Compared to gate set tomography [9,10],
our method offers advantages in terms of experimental
complexity and generality; see the End Matter for details.
In particular, ML-QPT is more resilient to anomalous errors
than other methods (see Appendix G in Supplemental
Material [20]). To further improve upon our method, one

could leverage prior knowledge of SPAM errors [45]
(although ML-QPT already performs well without such
knowledge; see Appendix H in Supplemental Material
[20]), or advance the generative model [66] to find a
higher-performance digital twin of the error matrix.
A possible extension of our method is to diagnose the

type of SPAM error; for example, the particular behavior of
coherent and incoherent errors, providing a useful reference
for experimental design. The digital twin of SPAM errors
can also serve as a sensitive sensor to detect anomalies in
realistic experiments [44]. More broadly, our approach can
be directly extended toN-qubit (N > 2) quantum processes
[8,67], providing an efficient toolkit in quantum technol-
ogy, e.g., for gate optimization [53,54]. Furthermore, our
EM-QPT (ML-QPT) protocol has great potential in ancilla-
assisted QPT, where input states are often entangled and the
measurement schemes involve intricate global measure-
ments with complex unitary operations [68,69].
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End Matter

Experimental setup—Here, we detail the experimental
design for varying SPAM errors. Specifically, we
introduce both incoherent and coherent SPAM errors by
modifying the optimized pulse envelopes in the
experiments. Before proceeding, we calibrate the single-
qubit gates, which rely on DRAG pulses [71], to achieve
a randomized benchmarking (RB) fidelity of
F rb ≈ 99.96%. In QPT experiments for an N-qubit gate,
one needs to implement 12N circuits, corresponding to
the preparation of four initial states and three
measurement rotations per qubit. Each circuit execution
consists of five steps: (1) active reset of the qubits;
(2) apply U1 for state preparation; (3) perform the target
gate operation E; (4) apply the rotation gate U2; (5) read
out all qubit states. Here, both U1 and U2 are composed
of single-qubit gates. We refer the reader to
Supplemental Material [20] for more details about
experimental setups.
Incoherent error: We introduce an additional incoher-

ent noise channel by reducing the amplitude of the readout
pulse according to the expression Ar ¼ Ar0ð1 − λ1Þ, while
simultaneously scaling assignment threshold by the same
factor, ð1 − λ1Þ. Here, Ar0 denotes the optimal readout
amplitude, calibrated in the absence of additional noise
(λ1 ¼ 0). In each experiment, we simultaneously scale the
readout pulses from the first step (active reset) and the fifth
step (readout) in the same manner. The reduced amplitude
of the readout pulses leads to poor separation between the
histograms corresponding to the j0i and j1i states, resulting
in lower readout fidelity and less reliable ground-state
initialization. To illustrate the impact of noise, Fig. 5(b)
presents a comparison of one-dimensional histograms at
two different noise levels: λ1 ¼ 0 (top graph) and λ1 ¼ 0.4
(bottom graph). In the absence of noise, the two-state mean
assignment fidelity is Fassignðj0i;j1iÞ ¼ 95.65% and it reduces
to 87.40% for λ1 ¼ 0.4.
Coherent error: We introduce a coherent noise channel

by adding amplitude uncertainties to single-qubit DRAG
pulses ΩðtÞ ¼ A0½1 − cosð2πt=tgÞ� [71] with the gate
length tg ¼ 40 ns, see Fig. 5(c), left graph. Specifically,
we use the amplitude AU ¼ ð1þ rÞA0 with r ∼ Uð−λ2; λ2Þ,
where A0 is the optimal amplitude (calibrated as described
in [20]) at λ2 ¼ 0. For clarity, the probability densities of
the modified unitary amplitude are presented in Fig. 5(c)
(right graph) for different values of λ2. In the experiment,
the random variable r is sampled 104 times within the outer
averaging loop, and the corresponding amplitude correc-
tion is applied to both U1 and U2.

Experimental complexity—Here, we compare experi-
mental complexity in various QPT methods: std-QPT,

EM-QPT, ML-QPT, and long-sequence gate set
tomography (LSGST) [9]. Here, experimental complexity
refers to the total number of experiments required to
perform tomography of an unknown quantum process on
a given hardware platform.
The gate sets used in QPT for state preparation and

measurement are fI;Rxð−π=2Þ;Ryð−π=2Þ;Xg and
fI;Rxðπ=2Þ;Ryðπ=2Þg, respectively. Together, these form
a comprehensive gate set: G ¼ fI;Rxð�π=2Þ;Ryð�π=2Þ;
Xg, comprising six distinct gates.
Note that EM-QPT targets only the first moment

(accuracy), whereas ML-QPT enhances both accuracy
and precision. Their scopes of performance differ

(a)

(b)

(c)

FIG. 5. Schematic diagram of QPTand implementation of noise
channels. (a) Quantum process tomography with active reset
(dashed rectangle) for the initialization of the qubit in the ground
state j0i. U1 and U2 are the sets of unitary rotations responsible
for initial state preparation and measurement projectors, respec-
tively. E is the process under study. (b) Incoherent noise channel,
where the amplitude of the readout pulse (left graph) are scaled by
a factor of ð1 − λ1Þ, resulting in a biased readout threshold
(vertical green line in the right graph). Readout signal histograms
visualize the separation between the peaks from the ground j0i
(blue) and excited j1i (red) states for different λ1 values.
(c) Coherent noise channel, the amplitude AU of the unitary
waveforms (left graph) is modified according to AU ¼ A0ð1þ rÞ
with a uniformly sampled factor r ∼ Uð−λ2; λ2Þ (right graph).
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fundamentally, and a direct complexity comparison would
therefore be misleading. We thus benchmark EM-QPT
against std-QPT, and ML-QPT against LSGST in the
following analysis.
In Table I, we list the experimental complexities we find.

We see that EM-QPT only doubles the complexity of std-
QPT for an N-qubit gate, requiring 2 × 12N circuits, while
achieving significantly higher accuracy. The complexity for
ML-QPT is estimated based on Nx ¼ 102 error matrices,
along with an additional experiment for QPT of the target
process, resulting in ðNx þ 1Þ × 12N experiments for an N-
qubit gate. For LSGST of single-qubit gate, a maximum
sequence length of 16 is used, resulting in 2904 experi-
ments [8] generated using pyGSTi [40] to perform GST on
the SPAM gate set G, plus 12 additional experiments for
QPTof the target process. For a two-qubit gate, the LSGST
requires 15925 circuits when using the gate set
fI;Rxðπ=2Þ;Ryðπ=2Þg⊗2, which is generated by the pre-
defined module smq2Q_XXYYII [40]. In principle, the
complete gate set G⊗2 should be implemented for a full
two-qubit gate characterization within LSGST, which is not

defined in pyGSTi [40]. Consequently, the total number of
required experiments is expected to be significantly larger
than the example presented here.
We also emphasize that, in the case of ML-QPT, once the

digital twin is trained, the experimental cost for performing
QPT on a given N-qubit gate is only 12N experimental
circuits. In contrast, in the presence of an experimental
anomaly, the entire GST might fail to provide a faithful
fidelity estimation since it lacks the statistical precision and
robustness offered by ML-QPT on a given hardware.

TABLE I. Experimental complexity comparison for different
QPT methods at N ¼ 1 and N ¼ 2.

Experimental complexity

Methods N ¼ 1 N ¼ 2

std-QPT 12 144
EM-QPT 24 288
ML-QPT 1212 14544
LSGST 2916 > 16069
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