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Abstract
Fidelity estimation is a critical yet resource-intensive step in
testing quantum programs on noisy intermediate-scale quan-
tum (NISQ) devices, where the required number of measure-
ments is difficult to predefine due to hardware noise, device
heterogeneity, and transpilation-induced circuit transforma-
tions. We present QuFid, an adaptive and noise-aware frame-
work that determines measurement budgets online by lever-
aging circuit structure and runtime statistical feedback. QuFid
models a quantum program as a directed acyclic graph (DAG)
and employs a control-flow-aware random walk to charac-
terize noise propagation along gate dependencies. Backend-
specific effects are captured via transpilation-induced struc-
tural deformation metrics, which are integrated into the
random-walk formulation to induce a noise-propagation op-
erator. Circuit complexity is then quantified through the spec-
tral characteristics of this operator, providing a principled and
lightweight basis for adaptive measurement planning. Experi-
ments on 18 quantum benchmarks executed on IBM Quantum
backends show that QuFid significantly reduces measurement
cost compared to fixed-shot and learning-based baselines,
while consistently maintaining acceptable fidelity bias.

Introduction
Quantum computing exploits quantum-mechanical phenom-
ena such as superposition and entanglement to enable ad-
vances in optimization (Urbanek, Nachman, and de Jong
2020; Ayanzadeh et al. 2023), simulation (Zhu et al. 2024;
Xiang, Chen et al. 2024), and material science (Nielsen
and Chuang 2001). Promising applications have already
emerged in quantum simulation (Preskill 2018), quantum
machine learning (Li, Zhao, and Yin 2024; Biamonte et al.
2017), and cryptography (Shor 1999; Xu et al. 2024a).

However, in the current Noisy Intermediate-Scale Quan-
tum (NISQ) era, quantum devices remain severely con-
strained by decoherence, gate errors, limited qubit counts,
and the absence of full-scale error correction (Preskill 2018;
Hu et al. 2023; Liang et al. 2023; Campbell 2024). These
noise sources degrade computational accuracy and make
reliable state evaluation inherently challenging, hindering
practical deployment and necessitating careful device char-
acterization prior to execution. Benchmarking techniques
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such as randomized benchmarking (RB) (Magesan, Gam-
betta, and Emerson 2012) and cross-entropy benchmark-
ing (XEB) (Boixo et al. 2018) assess device performance
through repeated circuit executions and statistical analy-
sis (Sun et al. 2014). In practice, however, the number of
repetitions (shots) is typically chosen heuristically: insuffi-
cient shots lead to inaccurate fidelity estimates, while exces-
sive shots waste scarce quantum resources.

Recent efforts have explored fidelity prediction and reli-
ability estimation using pre-characterized noise models or
learning-based approaches (Tan et al. 2023; Wang et al.
2022b). While effective in controlled settings, these meth-
ods rely on prior knowledge of device-specific noise char-
acteristics, which are often time-varying and difficult to ob-
tain in real-world environments (Li et al. 2025c). As a re-
sult, there remains a pressing need for adaptive fidelity esti-
mation strategies that can dynamically determine measure-
ment budgets while accounting for both circuit structure and
hardware-induced effects.

Through our investigation, we identify three fundamental
challenges in determining the number of repetitions required
for quantum benchmarking. (i) Noise heterogeneity. Quan-
tum noise, including both Markovian and non-Markovian
components (Breuer and Petruccione 2002), varies across
devices and over time (Kandala et al. 2019), making static
or universal repetition rules unreliable. (ii) Circuit-hardware
discrepancy. During transpilation, qubit mapping, circuit
rewriting, and optimization (McKay et al. 2018) reshape the
circuit’s dependency structure and noise exposure (Li et al.
2025a). Existing approaches lack a unified way to quantify
the resulting structural deformation and its impact on mea-
surement reliability. (iii) Precision-latency trade-off. Fidelity
evaluation must balance statistical accuracy (e.g., for valida-
tion and verification) against rapid turnaround (e.g., for cal-
ibration and testing), calling for adaptive and uncertainty-
aware measurement strategies.

To address these challenges, we propose QuFid, an
adaptive and noise-aware fidelity measurement framework.
QuFid models a quantum program as a directed acyclic
graph (DAG) and constructs a control-flow-aware random
walk to characterize noise propagation along gate depen-
dencies. Backend-specific effects introduced by transpila-
tion are captured through structural deformation metrics,
which quantify changes in effective connectivity and de-
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pendency structure after mapping. These metrics are inte-
grated into the random-walk formulation, inducing a noise-
propagation operator whose spectral characteristics provide
a principled and lightweight measure of circuit complexity.
Based on this structural characterization and runtime statisti-
cal feedback, QuFid adaptively allocates measurement bud-
gets and applies confidence-driven early stopping to avoid
redundant sampling while preserving estimation accuracy.

In summary, this paper makes the following contributions.
• We identify fundamental limitations of existing fidelity

estimation strategies and highlight the need for adap-
tive, structure-aware measurement planning under real-
istic noise conditions.

• We propose QuFid, a novel framework that integrates
control-flow-aware noise propagation, transpilation-
induced structural deformation modeling, and spectral
complexity analysis to guide adaptive fidelity measure-
ment for quantum circuits.

• We evaluate QuFid on 18 diverse quantum benchmarks
executed on real IBM Quantum backends, demonstrating
a significant reduction in measurement cost while main-
taining high accuracy. Additional studies and extended
analysis further validate its scalability and adaptability.

Background and Related Work
In this section, we review relevant background on quan-
tum computing and fidelity measurement, survey existing
approaches to measurement optimization, and motivate the
need for adaptive fidelity estimation strategies.
Quantum Computing in the NISQ Era. Classical com-
puters process information using deterministic bits and logic
gates, whereas quantum computers operate on qubits that
can exist in superposition, |ψ⟩ = α|0⟩ + β|1⟩ with |α|2 +
|β|2 = 1, and exploit superposition, entanglement, and in-
terference to explore multiple computational paths simul-
taneously (Huang et al. 2021). In the Noisy Intermediate-
Scale Quantum (NISQ) era (Li et al. 2025b), quantum de-
vices are constrained by limited qubit counts, high gate er-
ror rates, decoherence, and the absence of fault-tolerant er-
ror correction (Preskill 2018). As a result, quantum compu-
tations are inherently noisy and probabilistic, requiring re-
peated measurements and statistical analysis to obtain re-
liable results (Preskill 2018), making accurate state and fi-
delity evaluation both essential and resource-intensive.
Fidelity Measurement and Optimization. Fidelity mea-
surement is a fundamental technique for validating and
characterizing quantum devices and programs (Gilyén and
Poremba 2022; Wang et al. 2022c; Huang, Kueng, and
Preskill 2020). Due to the high cost of repeated measure-
ments, prior work has explored fidelity prediction and mea-
surement optimization using machine learning (Zhang et al.
2021; Yu, Shang, and Gühne 2022; Liu and Zhou 2020),
variational algorithms (Cerezo et al. 2020; Chen et al. 2021;
Tan and Volkoff 2021), and classical-shadow-based tech-
niques (Huang, Kueng, and Preskill 2020). For example,
QuEst (Wang et al. 2022a) applies graph transformers to
predict circuit fidelity, while QuCT (Tan et al. 2023) em-
ploys a unitary-to-vector representation. While effective in

certain scenarios, these approaches typically rely on pre-
characterized noise models or historical training data and
focus on predicting fidelity values rather than determining
the minimal number of measurements required to achieve a
desired accuracy, limiting their applicability under dynamic
and heterogeneous hardware conditions.
Random Walk Models and Structural Analysis. Ran-
dom walks model stochastic traversal over graph structures
based on transition probabilities (Tong, Faloutsos, and Pan
2006) and are widely used to capture both local and global
structural properties. In quantum computing (Li et al. 2024),
random-walk-based techniques have been applied to ana-
lyze state evolution, circuit structure, and dependency pat-
terns (Qiang et al. 2016), as well as to support noise-aware
synthesis and optimization (Bergholm et al. 2018). More
broadly, random walks are extensively studied in classical
graph domains for information diffusion, graph property es-
timation, and Monte Carlo optimization (Tong, Faloutsos,
and Pan 2006; Li et al. 2015; Craswell and Szummer 2007).
Most existing applications use random walks as heuristic
tools for structural characterization or sampling, whereas
our work leverages them to model noise propagation along
control-flow dependencies, enabling an operator-level ab-
straction that connects circuit structure, hardware-induced
deformation, and measurement uncertainty.
Motivation and Positioning. Determining an appropriate
number of measurements remains a central challenge in
quantum benchmarking and testing. This challenge arises
from heterogeneous and time-varying noise (Breuer and
Petruccione 2002; Kandala et al. 2019), discrepancies be-
tween logical circuits and their transpiled implementa-
tions (McKay et al. 2018), and the trade-off between sta-
tistical accuracy and measurement latency. In practice, shot
counts are often chosen heuristically, leading to unreliable
estimates or unnecessary resource consumption (Wang et al.
2022a). Existing approaches (Tan et al. 2023; Wang et al.
2022b) largely assume static noise characteristics or of-
fline training, limiting their effectiveness in realistic NISQ
environments. Motivated by these limitations, we propose
an adaptive fidelity measurement framework that integrates
structural circuit analysis with runtime statistical feedback.
By modeling transpilation-induced structural deformation
and noise propagation within a unified graph-based abstrac-
tion, our approach enables principled, backend-aware mea-
surement budgeting that adapts to both circuit structure and
observed convergence behavior.

Methodology
We model fidelity estimation as a structure-aware analysis
problem that connects circuit dependencies, noise propa-
gation, and statistical convergence. Rather than using ran-
dom walks as a direct complexity estimator (Tong, Falout-
sos, and Pan 2006), we employ a control-flow-aware ran-
dom walk as an abstraction for how noise diffuses through
gate dependencies in a quantum circuit (Masuda, Porter, and
Lambiotte 2017; Fontana et al. 2025). This formulation in-
duces a noise-propagation operator whose structural proper-
ties reflect the circuit’s intrinsic complexity after transpila-
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Algorithm 1: Adaptive Fidelity Measurement Pipeline

Input: Quantum circuit Q, target error bound δ, confidence
level α

Output: Estimated fidelity F̂
1: G ← Convert Q into a DAG
2: Construct graph-structural deformation metrics on G
3: Build control-flow-aware noise-propagation operator P
4: Compute spectral complexity C(G) from P
5: D ← Depth of transpiled circuit
6: P ← C(G) · log(D) ▷ Adaptive batch size
7: Initialize measurement set T ← ∅
8: repeat
9: Execute P measurements→ {Ti}

10: T ← T ∪ {Ti}
11: F̂ ← mean(T )
12: σ ← std(T )
13: CI ← zα · σ√

|T |
14: if CI ≤ δ then
15: return F̂ ▷ Confidence-driven early stopping
16: end if
17: until |T | ≥ Pmax

18: return F̂

tion. Circuit complexity is then quantified through the spec-
tral characteristics of this operator, providing a principled
and lightweight basis for determining adaptive measurement
iterations (Coifman and Lafon 2006). The overall adaptive
measurement pipeline is summarized in Algorithm 1.
Quantum Circuit Graph Construction. We represent a
quantum program as a directed acyclic graph (DAG) G =
(V,E), where each node vi ∈ V corresponds to a quan-
tum gate and each directed edge (vi, vj) ∈ E encodes
a non-commutative control-flow dependency induced by
shared qubits. A directed edge indicates that gate vj can-
not be executed before vi without altering circuit semantics,
thereby explicitly capturing execution-order constraints and
inter-gate interactions. This DAG representation provides
a unified abstraction for both logical circuit structure and
dependency-induced error propagation. As shown in Fig-
ure 1, we first convert the Bernstein-Vazirani circuit into a
DAG (Aleksandrowicz et al. 2019) and then into a MultiDi-
Graph to capture topological connections. Each gate corre-
sponds to a node, and qubits define edges. Nodes store gate
type, target qubits, and parameters, while edges encode non-
commutative relationships (Smith et al. 2023).
Structural Deformation Metrics. The transpilation trans-
forms a logical circuit into a hardware-executable form by
reordering gates, inserting auxiliary operations, and remap-
ping qubits. These transformations expose and reshape
control-flow dependencies, often introducing additional in-
teractions that affect noise accumulation and propagation.
Let G0 = (V0, E0) and Gt = (Vt, Et) denote the circuit
graphs before and after transpilation, respectively. Transpila-
tion induces structural deformation by introducing auxiliary
gates, modifying dependency paths, and altering connectiv-
ity patterns. We quantify such deformation using graph-level

Figure 1: The DAG conversion and multi-directed graph of
the BV algorithm quantum circuit.

Figure 2: Illustrative explanation of circuit analysis.

metrics defined as relative structural changes:

∆struct(G0,Gt) = {∆deg,∆path,∆conn}, (1)

where ∆deg measures shifts in node degree distribution,
∆path captures the expansion of critical paths and long de-
pendency chains, and ∆conn reflects effective connectivity
inflation. These metrics summarize how transpilation re-
shapes the circuit’s structural footprint in a backend-aware
yet noise-model-agnostic manner.
Control-Flow-Aware Noise Propagation Model. Based
on the deformed circuit graph Gt, we model noise propaga-
tion using a control-flow-aware random walk (Figure 2) that
captures how local gate errors accumulate and spread along
dependency chains during circuit execution. Let A ∈ Rn×n

denote a weighted adjacency matrix incorporating structural
deformation, where n = |Vt|. Each weight Aij reflects the
strength of the control-flow dependency from gate vi to vj ,
modulated by deformation-induced factors such as depen-
dency expansion and effective connectivity inflation. We de-
fine the corresponding noise-propagation operator

P = D−1A, D = diag(d1, . . . , dn), di =
∑
j

Aij , (2)

which normalizes outgoing dependencies to form a row-
stochastic transition matrix. Each entry Pij represents the
conditional probability that noise originating at gate vi in-
fluences gate vj through valid control-flow paths. Repeated
application of P thus models a Markovian diffusion pro-
cess over the circuit’s dependency structure, providing an
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Figure 3: Adaptive measurement planning procedure.

abstraction of cumulative noise propagation across execu-
tion steps. Unlike uniform random walks, the deformation-
aware weighting inA biases propagation toward structurally
critical paths, such as long dependency chains or high fan-in
regions. As a result, the induced operator P reflects not only
logical control flow but also backend-induced structural ef-
fects that amplify or attenuate noise transmission, making it
a suitable foundation for structure-aware fidelity analysis.
Spectral Complexity Estimation. We quantify circuit
complexity through the spectral characteristics of the noise-
propagation operator P , which provide an intrinsic and time-
independent description of how noise diffuses through cir-
cuit dependencies. Let {λi}ni=1 denote the eigenvalues of P ,
ordered by decreasing magnitude. Unlike procedural con-
vergence metrics that depend on iterative dynamics, spectral
components characterize global structural properties of the
underlying graph and capture the strength, persistence, and
reach of dependency-driven noise diffusion. In particular,
dominant eigenvalues correspond to slowly decaying prop-
agation modes, indicating long-range coupling and strong
interdependence among gates. Such modes imply that local
noise can influence a larger portion of the circuit and persist
across execution steps, increasing the uncertainty of fidelity
estimation. We therefore define the circuit complexity as

C(G) =
k∑

i=1

|λi|, (3)

where k ≪ n retains only the dominant spectral modes that
contribute most significantly to noise propagation. This trun-
cated spectral aggregation yields a compact yet expressive
complexity measure that is robust to graph size and minor
structural variations.

Intuitively, a larger spectral mass indicates stronger long-
range dependencies and slower attenuation of noise influ-
ence, suggesting that more measurements are required for
empirical fidelity estimates to converge. Conversely, circuits
with rapidly decaying spectra exhibit limited noise diffusion
and require fewer samples to achieve stable estimates. By
grounding complexity estimation in spectral properties, our
approach provides a principled and backend-aware basis for
adaptive measurement planning.

Adaptive Measurement Planning. Fidelity estimation is
formulated as an adaptive testing process guided by struc-
tural complexity. Given the estimated spectral complexity
C(G) and the transpiled circuit depth D, we determine the
batch size as

P = C(G) · log(D), (4)
which assigns larger measurement budgets to circuits ex-
hibiting stronger structural deformation and deeper depen-
dency chains. This logarithmic scaling with depth prevents
over-allocation for deep but weakly coupled circuits, while
ensuring sufficient sampling for circuits with pronounced
long-range dependencies. Measurements are executed iter-
atively, and fidelity statistics are updated after each batch,
allowing sampling effort to be dynamically adjusted based
on structural characteristics and convergence behavior. Fig-
ure 3 illustrates this adaptive batching process. At each it-
eration, a batch of P measurements is executed and aggre-
gated with previous results, and the process continues until
the uncertainty-aware stopping criterion is satisfied.
Uncertainty-Aware Termination. To ensure statistical reli-
ability, we employ a confidence-interval-based stopping cri-
terion that explicitly controls estimation uncertainty. Let F̂
be the empirical fidelity estimate and σ its standard devia-
tion. Sampling terminates once

zα ·
σ√
|T |
≤ δ, (5)

ensuring that the estimation error does not exceed δ with
confidence level (1−α). This uncertainty-aware policy com-
plements the structure-guided batching strategy by halting
measurements as soon as statistical stability is achieved,
thereby avoiding redundant sampling while preserving rig-
orous accuracy guarantees.

Overall, our methodology formulates fidelity estimation
as a structure-aware and uncertainty-driven test planning
problem. By integrating structural deformation analysis,
control-flow-aware noise propagation, spectral complexity
estimation, and adaptive stopping, QuFid provides an effi-
cient fidelity oracle for noisy quantum programs.

Evaluation
This section describes the experimental design and infras-
tructure used to evaluate QuFid. We first outline the evalu-
ation objectives, followed by the experimental environment,
benchmark circuits, and implementation details. Our evalua-
tion is designed to assess QuFid from multiple complemen-
tary perspectives. Specifically, we examine whether QuFid
can reduce the number of fidelity measurements required to
achieve a fixed precision target, and how its adaptive behav-
ior trades off estimation accuracy against measurement cost
under varying test budgets. We further analyze the quality of
measurement allocation, including test effectiveness, scala-
bility, and adaptability.
Experimental Platform and Settings. All experiments
are conducted on IBM Quantum hardware platforms (IBM
2022) via the Qiskit SDK (Aleksandrowicz et al. 2019).
Specifically, we use three IBM backends: Sherbrooke,
Kyiv, and Brisbane, each offering up to 127 qubits.
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Notation Quantum Circuit Notation Quantum Circuit Notation Quantum Circuit
BV Bernstein-Vazirani Clifford Random Clifford circuit Ising Linear Ising model
QAOA Quantum Approx. Optimization VQE Variational Quantum Eigensolver QFT Quantum Fourier Transform
QKNN Quantum k-NN QNN Quantum Neural Network QPE Quantum Phase Estimation
QSVM Quantum Support Vector Machine QuGAN Quantum GAN RB Randomized Benchmarking
Amplitude Amplitude Estimation Shor Shor’s factoring algorithm Simon Simon’s algorithm
SU2 SU(2) circuits VQC Variational Quantum Circuit XEB Cross-Entropy Benchmarking

Table 1: Quantum circuit benchmarks used in our experiments.

Iter. BV QKNN QPE
Times 4 qubits 6 qubits 8 qubits 10 qubits 4 qubits 6 qubits 8 qubits 10 qubits 4 qubits 6 qubits 8 qubits 10 qubits

Va
ni

lla
ite

ra
tio

n

50 0.0062 0.0308 0.1416 0.0247 0.3889 0.5318 0.9321 0.8609 0.0516 0.0728 0.0648 0.0700
550 0.0150 0.0077 0.0358 0.0035 0.0255 0.0429 0.1646 0.2574 0.0080 0.0022 0.0179 0.0162

1050 0.0075 0.0014 0.0083 0.0028 0.0135 0.0260 0.1084 0.1290 0.0092 0.0047 0.0156 0.0063
1550 0.0056 0.0025 0.0008 0.0004 0.0100 0.0151 0.0662 0.0891 0.0070 0.0044 0.0010 0.0141
2050 0.0012 0.0051 0.0079 0.0020 0.0069 0.0117 0.0392 0.0634 0.0048 0.0024 0.0010 0.0051
2550 0.0001 0.0078 0.0060 0.0027 0.0002 0.0110 0.0264 0.0506 0.0040 0.0042 0.0050 0.0033
3050 0.0026 0.0056 0.0018 0.0021 0.0006 0.0064 0.0211 0.0441 0.0030 0.0036 0.0041 0.0034
3550 0.0014 0.0049 0.0010 0.0048 0.0013 0.0045 0.0180 0.0326 0.0029 0.0012 0.0051 0.0018
4050 0.0005 0.0042 0.0006 0.0047 0.0009 0.0028 0.0153 0.0273 0.0001 0.0004 0.0039 0.0001
4550 0.0016 0.0049 0.0009 0.0032 0.0018 0.0034 0.0138 0.0226 0.0002 0.0018 0.0027 0.0058
5050 0.0008 0.0035 0.0024 0.0064 0.0013 0.0036 0.0109 0.0189 0.0018 0.0029 0.0007 0.0015
6050 0.0003 0.0014 0.0018 0.0027 0.0008 0.0020 0.0073 0.0161 0.0006 0.0005 0.0002 0.0029
7050 0.0009 0.0000 0.0026 0.0014 0.0006 0.0019 0.0052 0.0081 0.0004 0.0016 0.0019 0.0019
8050 0.0013 0.0016 0.0020 0.0011 0.0007 0.0002 0.0047 0.0045 0.0024 0.0026 0.0014 0.0022
9050 0.0005 0.0005 0.0017 0.0002 0.0004 0.0005 0.0022 0.0011 0.0008 0.0021 0.0002 0.0004

Our bias 0.0071 0.0017 0.0084 0.0033 0.0076 0.0086 0.0092 0.0082 0.0039 0.0022 0.0008 0.0064
Our iter. 592 792 860 981 1192 2827 5584 6992 173 954 1570 1906

Table 2: Comparison of the vanilla iterative processes and the proposed scheme for 4 qubit sizes in 3 circuits, i.e., ‘BV’,
‘QKNN’, and ‘QPE’, with setting the fidelity bias to less than 0.01. ‘Our iter’ and ‘Our bias’ correspond to required iterations
and achieved fidelity bias. ‘Iter. Times’ refers to the number of vanilla iterations.

The default fidelity measurement for baselines is set to
shots=10000, with sampling intervals of step=20 for
iteration comparisons. We set the confidence level α = 0.05
and the default fidelity bias threshold δ = 0.01.
Benchmark Circuits. We evaluate QuFid on 18 represen-
tative quantum algorithms (Zhang et al. 2023; Li, Ding, and
Xie 2019, 2020b,a) widely used in software verification,
optimization, and simulation. As summarized in Table 1,
these include classical algorithms (BV, Simon, QPE, QFT,
Shor, Clifford), variational algorithms (QAOA, VQE, VQC,
SU2), machine learning models (QKNN, QNN, QSVM,
QuGAN), and benchmarking circuits (RB, XEB, and Ampli-
tude Estimation). Each circuit is evaluated under qubit sizes
{4, 6, 8, 10} and Figure 4 illustrates example circuits.
Efficiency Evaluations. We evaluate 18 benchmarks to es-
timate the number of measurements required to achieve a
fidelity deviation below 0.01, as shown in Figure 5. The re-
sults show that required iterations generally increase with
qubit count. Most algorithms, except BV, QPE, and Simon,
need around 8000 measurements for 10-qubit circuits due to
higher structural complexity, whereas 4-qubit circuits typi-
cally converge within a few hundred iterations. This varia-
tion indicates that using a fixed shot count can either waste
resources or reduce accuracy, highlighting the need for adap-
tive measurement. Across all settings, QuFid reduces mea-
surement shots compared to the fixed-shot baseline.
Fidelity Measurement Trends. To further analyze fidelity

Figure 4: Some instances of quantum circuits.

evolution with increasing measurements, Table 2 reports re-
sults for three representative algorithms, Bernstein-Vazirani
(BV), Quantum k-Nearest Neighbor (QKNN), and Quan-
tum Phase Estimation (QPE), on circuits with 4-10 qubits.
Experiments are run on three IBM devices, and results are
averaged. Absolute fidelity deviation is measured using the
Hellinger distance between the estimated distribution and
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Figure 5: The number of iterations required for 18 circuits with 4 qubit sizes sets the fidelity bias to less than 0.01.

Figure 6: Case study and evaluation with different measurement biases.

the “true” distribution obtained from 10,000 shots. Vanilla
iteration uses a fixed sampling interval of 20 up to 10,000
iterations, with our evaluation sampled every 500 iterations.
Gray shading denotes the estimated iteration bounds. All de-
viations are within 0.01. As shown in Table 2, BV and QPE
require relatively stable measurement counts as qubit size
grows, while QKNN exhibits a steep increase: about 1,550,
2,550, 5,050, and 7,050 measurements for 4, 6, 8, and 10
qubits, respectively, reflecting higher structural complexity.
In all cases, QuFid maintains an absolute fidelity deviation
below 0.01 while using significantly fewer measurements
than baseline approaches, demonstrating robustness and ef-
ficiency for resource-constrained quantum experiments.

Case Study. We use the portfolio Quantum Approximate
Optimization Algorithm (QAOA) as a case study to visual-
ize how QuFid adapts measurement counts and fidelity bias
as iterations increase. Experiments are conducted on 4, 6, 8,
and 10 qubits, with vertical dashed lines in Figures 6(a)-(b)
indicating the iteration points selected by QuFid. Measure-
ment iterations. As shown in Figure 6(a), larger qubit sizes
require more iterations to stabilize fidelity. For all qubit set-
tings, fidelity increases initially, fluctuates briefly, and then
converges. Stabilization occurs at approximately 606, 1062,
3104, and 7344 iterations for 4-, 6-, 8-, and 10-qubit circuits,
respectively, consistent with the estimates made by QuFid.

Fidelity bias. Figure 6(b) shows that fidelity bias decreases
sharply at first, fluctuates, and then converges as iterations
grow. Smaller qubit circuits converge faster: the 4-qubit cir-
cuit reaches a bias of 0.00571 in 606 iterations, while the 10-
qubit circuit reaches 0.01821 after 7344 iterations. Overall,
QuFid achieves stable fidelity with fewer tests than fixed-
shot methods, balancing accuracy and resource usage.

Different Measurement Biases. To study how bias toler-
ance affects measurement cost, we analyze the number of
required measurements under different fidelity bias thresh-
olds. Figures 6(c)-(d) report the measurement counts when
the fidelity bias is constrained to be below 0.02 and 0.03,
respectively. Across all benchmarks and circuit sizes, relax-
ing the bias tolerance consistently reduces the required num-
ber of measurements, often by several thousand shots. The
reduction becomes more pronounced for deeper and struc-
turally complex circuits. For example, for the Ising bench-
mark with 10 qubits, the required measurement count de-
creases from 7448 under a bias threshold of 0.02 to 6664
when the threshold is relaxed to 0.03. Similar trends are ob-
served for Clifford, QFT, and QKNN circuits, indicating a
clear trade-off between estimation accuracy and measure-
ment cost. These results confirm that QuFid can effectively
exploit looser accuracy requirements to substantially reduce
testing overhead, while maintaining controlled fidelity bias.
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Figure 7: Comparison of measurement shots and bias.

Comparison with Existing Methods. We compare
QuFid with representative learning-based fidelity predictors,
QuCT (Tan et al. 2023) and QuEst (Wang et al. 2022a). Un-
like QuCT and QuEst, which predict fidelity values from
circuit features, QuFid adaptively determines the minimal
number of measurements needed to achieve reliable fidelity
estimation. Figure 7 reports both the measurement shots
consumed (bar plots) and the resulting fidelity bias (line
plots) across representative benchmark circuits. Across all
cases, QuFid consistently requires substantially fewer mea-
surement shots while achieving lower or comparable fidelity
bias. In contrast, QuCT incurs higher measurement cost due
to its reliance on fine-grained feature modeling and vali-
dation, while QuEst exhibits the largest shot consumption
and higher bias, reflecting the overhead and generalization
limitations of graph-based prediction models. These results
highlight the advantage of QuFid in jointly optimizing mea-
surement efficiency and estimation accuracy under realistic
NISQ settings.

Discussion and Future Work
This work reframes fidelity estimation for quantum pro-
grams as a structure-aware and uncertainty-driven test plan-
ning problem. Rather than treating the number of measure-
ments as a fixed hyperparameter or relying on pre-trained
predictors, QuFid dynamically allocates measurement bud-
gets by jointly considering circuit structure, transpilation-
induced deformation, and runtime statistical feedback. The
experimental results demonstrate that this perspective is both
effective and practical under realistic NISQ conditions.
About Circuit Representation. A key insight of QuFid is
that circuit structure, especially after transpilation, plays a
central role in determining how noise accumulates and prop-
agates. Our results show that circuits with similar depth or
qubit counts can exhibit markedly different convergence be-
haviors due to differences in dependency patterns and ef-
fective connectivity. By modeling these effects through a
control-flow-aware noise-propagation operator and spectral
complexity, QuFid captures global structural characteristics
that are missed by depth-based or gate-count-based heuris-
tics. This explains why QuFid consistently adapts mea-
surement budgets more accurately than fixed-shot strategies

across diverse circuit families.
Interpretability and Practicality. Compared to learning-
based approaches such as QuCT and QuEst, QuFid does
not require offline training, historical execution traces, or
explicit noise models. This makes QuFid particularly well-
suited for cold-start scenarios and time-varying hardware
environments, where prior knowledge may be unavailable
or outdated. While learning-based methods aim to predict
fidelity values directly, QuFid focuses on determining the
minimal number of measurements needed to achieve a de-
sired accuracy, resulting in lower effective measurement cost
and stronger robustness guarantees. Each component of the
framework, structural deformation metrics, spectral com-
plexity, and confidence-driven stopping, has a clear physical
or statistical meaning. This transparency makes the system
easier to reason about and debug, and allows practitioners to
adjust accuracy targets or confidence levels in practice.
Limitations and Future Directions. Despite its effective-
ness, QuFid has several limitations that suggest directions
for future work. First, the current formulation assumes a
Markovian abstraction of noise propagation, which may not
fully capture long-range temporal correlations in certain de-
vices. Second, while spectral complexity provides a compact
global measure, incorporating localized or qubit-specific de-
formation metrics may further improve adaptivity. Finally,
extending QuFid to support other frameworks, e.g., Mind-
Spore Quantum (Xu et al. 2024b), and multi-objective op-
timization, such as jointly optimizing fidelity, latency, and
energy consumption, remains promising directions.

Conclusion

In this paper, we present QuFid, an adaptive and noise-aware
framework that determines measurement budgets online by
integrating structural circuit analysis with runtime statisti-
cal guarantees. By modeling quantum programs as directed
acyclic graphs and capturing transpilation-induced deforma-
tion through a control-flow-aware noise-propagation model,
QuFid quantifies circuit complexity via spectral character-
istics and uses this information to guide adaptive measure-
ment planning. Extensive experiments on 18 representative
quantum benchmarks executed on real IBM Quantum back-
ends demonstrate that QuFid substantially reduces measure-
ment cost while maintaining strict fidelity accuracy con-
straints. Compared with fixed-shot strategies and state-of-
the-art learning-based predictors, QuFid achieves a supe-
rior balance between accuracy and resource efficiency. We
believe that QuFid represents a step toward principled, in-
terpretable, and resource-efficient testing methodologies for
quantum programs.

Acknowledgments

This research was supported by the Shanghai Qi Zhi Institute
Innovation Program (No. SQZ202318) and the CPS-Yangtze
Delta Region Industrial Innovation Center of Quantum and
Information Technology-MindSpore Quantum Open Fund.

701



References
Aleksandrowicz, G.; et al. 2019. Qiskit: An open-source
framework for quantum computing. https://zenodo.org/
records/2562111/. Accessed: 2020-11-20.
Ayanzadeh, R.; Mousavi, A.; Alavisamani, N.; and Qureshi,
M. 2023. Enigma: Privacy-Preserving Execution of
QAOA on Untrusted Quantum Computers. arXiv preprint
arXiv:2311.13546.
Bergholm, V.; Izaac, J.; Schuld, M.; Gogolin, C.; Ahmed, S.;
Ajith, V.; Alam, M. S.; Alonso-Linaje, G.; AkashNarayanan,
B.; Asadi, A.; et al. 2018. Pennylane: Automatic differ-
entiation of hybrid quantum-classical computations. arXiv
preprint arXiv:1811.04968.
Biamonte, J.; Wittek, P.; Pancotti, N.; Rebentrost, P.; Wiebe,
N.; and Lloyd, S. 2017. Quantum machine learning. Nature,
549(7671): 195–202.
Boixo, S.; Isakov, S. V.; Smelyanskiy, V. N.; Babbush, R.;
Ding, N.; Jiang, Z.; Bremner, M. J.; Martinis, J. M.; and
Neven, H. 2018. Characterizing quantum supremacy in near-
term devices. Nature Physics, 14(6): 595–600.
Breuer, H.-P.; and Petruccione, F. 2002. The theory of open
quantum systems. Oxford University Press, USA.
Campbell, E. 2024. A series of fast-paced advances in Quan-
tum Error Correction. Nature Reviews Physics, 6(3): 160–
161.
Cerezo, M.; Poremba, A.; Cincio, L.; and Coles, P. J. 2020.
Variational quantum fidelity estimation. Quantum, 4: 248.
Chen, R.; Song, Z.; Zhao, X.; and Wang, X. 2021. Varia-
tional quantum algorithms for trace distance and fidelity es-
timation. Quantum Science and Technology, 7(1): 015019.
Coifman, R. R.; and Lafon, S. 2006. Diffusion maps. Ap-
plied and computational harmonic analysis, 21(1): 5–30.
Craswell, N.; and Szummer, M. 2007. Random walks on
the click graph. In Proceedings of the 30th annual interna-
tional ACM SIGIR conference on Research and development
in information retrieval, 239–246.
Fontana, E.; Rudolph, M. S.; Duncan, R.; Rungger, I.; and
Cı̂rstoiu, C. 2025. Classical simulations of noisy variational
quantum circuits. npj Quantum Information, 11(1): 84.
Gilyén, A.; and Poremba, A. 2022. Improved quan-
tum algorithms for fidelity estimation. arXiv preprint
arXiv:2203.15993.
Hu, Z.; et al. 2023. Battle Against Fluctuating Quantum
Noise: Compression-Aided Framework to Enable Robust
Quantum Neural Network. In DAC.
Huang, H.-Y.; Kueng, R.; and Preskill, J. 2020. Predicting
many properties of a quantum system from very few mea-
surements. Nature Physics, 16(10): 1050–1057.
Huang, K.; Wang, Z.-A.; Song, C.; Xu, K.; Li, H.; Wang,
Z.; Guo, Q.; Song, Z.; Liu, Z.-B.; Zheng, D.; et al. 2021.
Quantum generative adversarial networks with multiple su-
perconducting qubits. npj Quantum Information, 7(1): 165.
IBM. 2022. IBMQ Quantum. https://quantum.cloud.ibm.
com/. Accessed: 2022-03-15.
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