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Abstract—Quantum computers in the Noisy Intermediate-
Scale Quantum (NISQ) era face significant challenges due to
inherent noise and limited qubit coherence. Accurate fidelity
evaluation of quantum states necessitates multiple repeated
measurements to obtain statistical results. But determining the
optimal number of measurements remains an open problem
due to the dynamic, device-dependent nature of quantum noise.
Existing methods either assume prior knowledge of the noise
model or inherently employ a fixed measurement strategy, which
limits their applicability in practical deployment scenarios. This
paper presents AutoFid, an adaptive and noise-aware fidelity
measurement framework that automatically determines the
number of required tests based on circuit structure and hardware
feedback. AutoFid models quantum circuits as Directed Acyclic
Graphs and estimates structural complexity via random walks,
enabling estimation of measurement effort. It further incorporates
transpilation-aware features such as gate fidelity, depth inflation,
and crosstalk to refine iteration budgets. During runtime, AutoFid
dynamically samples fidelity results and employs an early stopping
strategy based on confidence intervals to reduce redundant
measurements while preserving accuracy guarantees. We evaluate
AutoFid on 18 quantum benchmarks executed on real IBMQ
hardware platforms. Experimental results show that AutoFid
reduces measurement costs by more than 50% compared to
both fixed-shot and learning-based baselines, while consistently
maintaining fidelity bias below 0.01. Additional analysis using
classical software testing metrics and ablation studies demonstrate
its effectiveness, robustness, and adaptability across a wide range
of quantum workloads.

Index Terms—Adaptive fidelity estimation, Confidence intervals,
Mixing time, Quantum software testing.

I. INTRODUCTION

Quantum computing, leveraging quantum-mechanical princi-
ples such as superposition and entanglement, holds the potential
to transform fields including optimization [1], [2], cryptogra-
phy [3], [4], simulation [5], [6], [7], and material science [8].
Applications to date span quantum simulations [9], quantum
network [3], [10], machine learning [11], and cryptographic
protocol analysis [12]. However, the field remains largely
experimental, constrained by hardware challenges such as
decoherence, gate errors, and scalability issues [9]. We are
currently in the Noisy Intermediate-Scale Quantum (NISQ)
era, where devices are limited by quantum noise [13], [14],
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restricted qubit counts, and the absence of full quantum
error correction [15], making accurate computation and state
evaluation particularly difficult in practice.

To enable reliable use of noisy quantum hardware, it is
essential to characterize the performance of quantum circuits
precisely. In quantum computing, fidelity is a widely used metric
that quantifies how closely the outcome of a noisy quantum
program execution matches its ideal, error-free behavior. A
high fidelity indicates that the computation closely follows
the intended quantum evolution, while low fidelity reflects
stronger noise impact and unreliability. This metric underpins
correctness evaluation, guides optimization, and supports
cross-hardware comparison. State-of-the-art protocols such
as randomized benchmarking (RB) [16] and cross-entropy
benchmarking (XEB) [17] estimate fidelity by repeatedly
executing predefined quantum circuits and analyzing outcome
statistics [18]. However, these methods often require expertly
chosen repetition counts empirically: too few runs yield
inaccurate fidelity estimates, while too many waste scarce
quantum resources. Prediction-based approaches relying on
prior noise characterization [19], [20] are also impractical in
practice, since real devices exhibit complex, unknown, and
time-varying noise behaviors.

Consequently, there is a pressing need for systematic methods
to determine the number of measurements in a resource-efficient
yet accurate manner. Rather than relying on ad-hoc or fixed-
shot strategies, we propose a data-driven noise-aware method
to enable adaptive fidelity measurement. We conceptualize
fidelity estimation as a test planning problem in the software
engineering sense: allocating limited testing budgets, balancing
accuracy against latency/costs, and adapting to time-varying
hardware conditions. This perspective reveals three central
challenges. (i) Evolving noise environments. Quantum noise is
stochastic and time-varying [21], [22]. A fixed measurement
budget that is effective at one time may become unreliable
later due to noise drift under hardware calibrations. (ii) Circuit-
hardware interplay. Fidelity is not only circuit-dependent but
also shaped by device characteristics. Compilation, qubit map-
ping, and error mitigation steps [23] alter how circuits interact
with hardware noise, yet we lack a general complexity indicator
that reflects this interaction. (iii) Accuracy-efficiency balance.
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Different scenarios place conflicting demands: validation of
fault-tolerant schemes requires highly precise fidelity estimates,
while routine calibration or rapid benchmarking prioritizes
speed. Strategies should therefore adapt measurement depth to
the use case.

To address these challenges, we propose an adaptive fidelity
measurement framework for quantum circuits, named AutoFid.
Our approach systematically characterizes quantum circuits
through a unified representation and complexity-driven analysis,
enabling an optimized and statistically grounded benchmarking
process. By modeling each circuit as a Directed Acyclic
Graph (DAG) and leveraging a random-walk-based complexity
estimator [24], [25], [26], AutoFid quantifies circuit structural
difficulty and dynamically allocates measurement resources
accordingly. The random-walk outcome is further combined
with the backend-aware information and used to guide adaptive
shot allocation, ensuring that circuits with higher topological or
backend-induced complexity receive proportionally larger mea-
surement budgets. Moreover, AutoFid introduces a confidence-
bound-aware measurement pipeline that rigorously controls
statistical uncertainty during measurement. The process oper-
ates over rolling index windows and continuously monitors the
dispersion and convergence of fidelity estimates. Each window
is validated for stability via exponentially weighted residual
checks and bounded deviation criteria, while a configurable
confidence level (1 — o) governs the stopping condition.

Specifically, when the half-width of the confidence interval
(halfCI) falls below a user-defined precision threshold ¢ and
the effective sample size exceeds a guard minimum, the loop
terminates early and reports a certified fidelity estimate with
bounded error probability. This confidence-driven control is
integrated with adaptive batch scheduling: batch sizes grow
geometrically when far from the target, and switch to fine-
grained linear increments as the confidence bound approaches
0, preventing overshooting. When instability is detected, a
multiplicative backoff and window reset are triggered, ensuring
robustness under backend fluctuations. Furthermore, an online
shot forecasting module estimates the additional evidence
required to achieve the desired (8,1 — «) precision, enabling
transparent test budgeting and reproducibility.

By combining structural complexity estimation, backend-
aware information enhancement, and confidence-controlled ter-
mination, AutoFid achieves both high measurement efficiency
and statistically verifiable fidelity guarantees even against non-
stationary noise drift!.

In summary, this paper makes three key contributions.

o We formalize fidelity estimation for quantum programs
as an adaptive testing problem, emphasizing efficiency,
stability, and cross-hardware robustness.

o We present AutoFid, a novel framework that combines
random walk-based DAG analysis with transpilation-aware
complexity modeling and confidence-bound convergence

I'This noise-aware scheme adapts to runtime measurement behavior in real
time, allowing statistically certified termination under dynamically varying
quantum noise.
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guarantees, enabling accurate and resource-efficient fi-
delity measurement.

« We evaluate AutoFid on 18 diverse quantum benchmarks
across IBM quantum devices, demonstrating comparable
accuracy with >50% fewer measurements, robustness
under noise drift, and negligible runtime overhead. We also
conduct a series of experiments in terms of effectiveness,
redundancy, and stability evaluations. The code is available
on the online repository>.

II. BACKGROUND AND RELATED WORK
A. Quantum vs. Classical Computing

The fundamental distinction between quantum and classical
computing lies in how they represent and manipulate infor-
mation. Classical computers operate on bits, which can only
take the values O or 1, and apply deterministic logic gates
to process them in a sequential or parallel fashion. Quantum
computers, by contrast, use qubits that can exist in a linear
combination of both 0 and 1, known as a superposition. A
qubit’s state can be expressed as |¢)) = «|0) + (|1), where the
squared amplitudes |«|? and |3|? define measurement probabil-
ities [9]. In addition, qubits can exhibit entanglement, creating
correlations that have no classical counterpart, and interference,
which allows quantum algorithms to amplify correct outcomes
while canceling erroneous ones. By harnessing these principles,
quantum algorithms can evaluate many computational paths
simultaneously, offering the potential for dramatic speedups on
tasks such as quantum network [27], optimization [28], [29],
[30], and quantum simulation [11], [12].

The Noisy Intermediate-Scale Quantum (NISQ) era denotes
near-term quantum processors that possess a moderate number
of qubits but lack scalable fault-tolerant error correction. Such
devices exhibit non-negligible gate and readout errors, limited
coherence times and connectivity, and substantial calibration
and control overheads. [13], [14], [15]. While NISQ devices
already enable early progress in simulation, optimization, and
cryptography [9], [31], they exhibit highly variable behavior due
to device-specific and time-varying noise. To obtain statistically
meaningful results, quantum programs must be executed repeat-
edly (so-called shots), much like running multiple test cases
to reduce variance in software evaluation. However, excessive
measurement shots consume valuable runtime and compute
resources on quantum devices, raising the question of how
to allocate measurement budgets under competing constraints
such as task execution queueing delays, hardware calibration
overheads, and measurement accuracy requirements. [32], [33].

B. Fidelity Estimation as Performance Testing

Fidelity estimation [34] is central to validating quantum
hardware performance, as it measures how closely noisy exe-
cutions align with ideal theoretical calculation outcomes [35],
[36], [37]. Canonical benchmarking protocols form the foun-
dation of this effort. For example, randomized benchmarking
(RB) [16] applies sequences of randomly chosen Clifford gates,

Zhttps://github.com/Secbrain/AutoFid



measuring how the survival probability decays with sequence
length, which yields an average error rate insensitive to state-
preparation and measurement (SPAM) errors. Cross-entropy
benchmarking (XEB) [17] is widely used in quantum experi-
ments, compares the measured output distribution of random
circuits with the ideal theoretical distribution, providing a direct
measure of circuit fidelity. Related statistical analyses [18]
formalize how repeated measurement outcomes converge to
reliable fidelity estimates.

Beyond these protocols, recent research seeks to lower
the cost of fidelity estimation. Learning-based predictors
leverage machine learning to infer fidelity without exhaustive
measurements. For example, Zhang et al. [38] proposed direct
fidelity estimation from reduced data, while Yu er al. [39]
and Liu et al. [40] developed statistical and reliability-based
models. Wang et al. [41] and Tan et al. [19] advanced hardware-
aware predictors that adapt to real-device data. Variational
schemes [42], [43], [44] treat fidelity as an optimization
objective, adjusting circuits or measurement settings to mini-
mize resource use. Finally, classical-shadow techniques [37]
employ randomized measurements and compressed sensing
to approximate fidelities of many observables simultaneously,
substantially reducing measurement overhead. Together, these
efforts illustrate a trajectory from brute-force repetition toward
more adaptive, predictive, and resource-efficient fidelity testing.

C. Indicators of Circuit-Hardware Complexity

Determining how many measurements are required for a
given quantum circuit depends on its effective “difficulty”
after it is transpiled and mapped to a specific hardware
backend [23]. Transpilation involves gate decomposition, qubit
mapping, and routing, all of which alter noise exposure and
execution cost. Traditional metrics include circuit depth and
two-qubit gate counts, which are correlated with accumulated
error due to gate imperfections. Others leverage the coupling-
graph structure, capturing the hardware’s qubit connectivity
and constraints. Some sophisticated graph-theoretic approaches
introduce features such as random-walk characteristics. For
instance, Tong et al. [25] and Li et al. [24] studied random
walks to capture structural properties of graphs, while Craswell
et al. [26] applied random-walk-based similarity measures
in ranking contexts, which inspires analogous use for circuit
connectivity analysis. On the hardware side, backend-aware
features summarize device state, such as calibration data,
error rates, and dynamic queue latency. These provide a real-
time view of hardware variability. Recent works integrate
these circuit features with learning-based regressors [41], [19],
enabling predictive models that estimate the number of shots
required to achieve a target confidence.

Our framework treats all these indicators as backend-aware
signals rather than prescribing a single formula. Random-walk
features, hardware-aware signals, and adaptive measurements
can each be employed depending on available resources and
robustness requirements, giving practitioners flexibility in
balancing accuracy, cost, and adaptability to noise drift.
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Fig. 1: The overview workflow of AutoFid.

D. Motivations

The above landscape motivates an adaptive approach guided
by three core design principles. First, fidelity estimation must
account for noise drift and prioritize stability in stopping criteria.
Since quantum hardware noise is heterogeneous and non-
stationary [45], estimators should monitor stability online and
only accept measurements when estimates remain consistent
over a stable window, rather than relying solely on a fixed-
precision threshold. Second, measurement budgets should be
scheduled hierarchically across circuits and devices. Instead of
fixing repetitions per circuit, the system allocates measurements
dynamically across benchmarks, backends, and time windows
to maximize overall effectiveness under a global budget. Third,
batching strategies should be latency-aware and informed by
circuit-hardware complexity. Batch sizes should reflect end-to-
end runtime considerations, including transpilation, queueing,
and readout delays, and incorporate difficulty indicators from
circuit complexity, hardware-aware, or learning-based metrics,
with random-walk features used optionally.

These principles reframe fidelity estimation as a software en-
gineering problem of test planning under uncertainty, involving
adapting to noise drift, allocating scarce measurements where
they are impactful, and coupling decision policies to practical
runtime constraints. We propose an adaptive fidelity measure-
ment framework for quantum circuits that combines DAG-
based structural analysis, random-walk complexity estimation,
backend information enhancement, and confidence-bound aware
adaptive batching to allocate measurement resources while
providing statistically certified fidelity guarantees dynamically.

III. METHODOLOGY

Figure 1 presents the overall workflow of AutoFid. Given
an input quantum circuit, AutoFid first builds its circuit graph
representation and applies random walks to estimate circuit
complexity in Figure 1 (a). To further account for backend-
specific noise, AutoFid incorporates transpilation-aware infor-
mation enhancement in Figure 1 (b), which adjusts planning



Algorithm 1 Adaptive Measurement Pipeline

Input: Quantum circuit @), backend b, target half-width 9,
confidence 1 — o, window size w
Output: Estimate Fy with certified half-width < §
1: Build DAG G from @ and transpile to M on backend b
2: Compute structural and hardware descriptors — difficulty
score Sfinal (§ HI-C)

3: Set initial batch size P, based on Sfpa

4: Initialize window W < (), iteration counter ¢ < 0

5: while true do

6: Run P; shots to obtain the batch estimate Ft

7: Update rolling window W (keep last w batches)

8: Stability check (§ III-D). If residuals or deviations
exceed threshold, reset W, reduce P, i, and continue

9: Precision check (§ III-D). Compute mean Fyy, effec-
tive size Neg, and half-width halfCI

10: if halfCI < ¢ and N.g sufficient then

11: return (Fy, halfCI)

12: end if

13: Adapt next batch size P, increase when far from d,
taper growth near target

14: t+—t+1

15: end while

based on device mappings and statistics. This complexity
and backend-aware signals drive an adaptive measurement
planner in Figure 1 (c), which dynamically allocates shots
and applies an early-stopping rule. Together, these components
form a noise-aware and resource-efficient fidelity estimation
pipeline. By applying this principle to quantum circuits [25],
we can achieve the desired accuracy level with a small
number of measurement iterations. The algorithm is outlined
in Algorithm 1. It iteratively updates measurement batches
based on observed stability and precision, enabling AutoFid to
balance accuracy and resource efficiency under varying circuit
and hardware conditions.

A. Circuit Graph Representation

We represent the quantum circuits as a Directed Acyclic
Graph (DAG) to facilitate subsequent modeling and analysis. In
Figure 2, the Bernstein-Vazirani quantum circuit is converted
into a DAG representation [46] to analyze the circuit’s topologi-
cal connections. Specifically, due to the existence of multi-qubit
gates, it belongs to a Multi-Directed Graph (MultiDiGraph)
from a more detailed perspective. In the MultiDiGraph, each
quantum gate is represented as a node, while directed edges
encode the execution dependencies between gates. Node
attributes store information such as gate type, acting qubits, and
parameters. For multi-qubit gates, the in-degree and out-degree
reflect the number of involved qubits (e.g., the CX gate in BV_3
has both in-degree and out-degree equal to 2). In this way,
qubit flows are modeled as multiple directed edges connecting
input and output ports, making the physical connectivity of
the circuit more transparent [47]. Mathematically, we model
each quantum circuit into a DAG G = (V, E), where |V| =n
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Fig. 2: The DAG conversion of the quantum circuit.

nodes and the adjacency matrix A € {0,1}"*", where a;; = 1
indicates a directed edge from node 7 (a gate operation) to
node j. Unlike undirected graphs, A is not symmetric, as the
quantum circuit enforces a strict temporal and dependency
order, i.e., once a gate is applied, the state cannot revert to
the prior qubit configuration. This ensures the graph retains
directionality and faithfully reflects the causal structure of the
circuit. The degree matrix is defined as D = diag(ds,...,d,)

with d; = Z _, a;; representing the out-degree of node 1.
1 if there is an edge ¢ — j,
A= [aij]7 Qij = { . & J (D
0 otherwise,
D = diag(dy, ..., dn), di=Y ai. 2
j=1

These matrices form the basis for downstream random walk
analysis. The random walk transition matrix is constructed
as Tran = D' A, where each row of Tran sums to one,
representing the probability distribution of moving from node
1 to its directed successors in a single step.

B. Circuit Structure Complexity Estimation

To capture the inherent structural complexity of a quantum
circuit, we employ a lightweight random walk algorithm
over its DAG representation. Random walks are fundamental
processes in the study of Markov chains and have applications
in various fields, including physics, computer science, and
network theory [48]. In graph theory and Markov chain analysis,
a random walk is a stochastic process that transitions between
nodes based on defined probabilities. A key property of such
processes is the mixing time, which measures the number of
steps required for the walk to approach a stationary distribution,
where the probability of being at any given node becomes stable
and no longer depends on the starting point. In the context of
quantum circuits, this mixing time reflects how information or
dependencies propagate through the gate structure. A smaller
mixing time typically corresponds to circuits with shallow
depth or weak inter-gate dependencies, while larger mixing
times suggest more intricate entanglement patterns, broader
gate fan-in/fan-out, or deeper computational paths. Therefore,



Algorithm 2 Mixing Time Estimation

Input: Adjacency matrix A, degree matrix D, tolerance €, max
steps Smax
Output: Estimated mixing time #y;x
: Tran=D"1A > Transition matrix
7o < Uniform distribution over nodes
: for s =1 to Spax do
Ts < Ts_1 L Tan
A < maxy || (v) = Ts—1(0) |7y
Total Variation Distance, TVD.
6 if A; < € then
7: return f,ix < s
8
9

> Iteration steps S

B N

> | - ||rv means

end if
: end for
return i, < Smax

—_
=4

> Fallback if not converged

we treat the estimated mixing time ¢,;x as a compact indicator
of circuit complexity.

As shown in Algorithm 2, which presents a method for
estimating the mixing time of a Markov chain represented by
a graph. Given the adjacency matrix A and degree matrix D,
the algorithm first constructs the transition probability matrix
Tran = D~'A, which defines the random walk dynamics
over the graph. The algorithm then initializes a uniform
distribution for the random walk’s starting positions across
all nodes, then iteratively updates it via the transition matrix
until convergence or a maximum iteration limit is reached.
Specifically, starting from an initial uniform distribution 7y over
all nodes, the algorithm iteratively updates the state distribution
by multiplying with T'ran. At each step s, it computes the
total variation distance A, between consecutive distributions
ms and ms_1. When this distance falls below a predefined
tolerance e, the algorithm terminates, returning the current
step s as the estimated mixing time tyx. If the maximum
number of steps Spax i reached without convergence, Syax 1S
returned as an upper bound estimate. This procedure provides a
computationally efficient approach to assessing the convergence
speed of stochastic processes modeled by graphs, which is
critical for applications such as network analysis, probabilistic
verification, and software reliability assessment.

C. Backend-Aware Information Enhancement

In addition to natively estimating circuit-intrinsic complexity,
we incorporate backend-aware signals that arise from compi-
lation and mapping onto a concrete quantum device. In other
words, § III-B summarizes structural properties of the logical
DAG, while this section enhances the characterization with
hardware-specific transformations so that subsequent decisions
reflect the physical execution context of the transpiled program.
Calibration and Mapping Signals. For a quantum backend
b at a specific time, we collect a calibration snapshot

e = ([}, {e5V), {m), (T}, {Te(0)}, ..

] 3
where el(»lq) and e§?q> are backend-reported 1-qubit/2-qubit

gate error rates, r; are readout errors, and 77 /75 coherence.

Given the transpilation mapping logical — physical deployable
quantum circuits and the post-transpilation circuit M, we derive
three canonical descriptors:

(i) Gate Fidelity Score (GFS). An aggregate reliability
indicator over the transpiled gate set G(M):

GFS(M,b) = eXp( Z Wy log(lfeg))7 4)
9eG(M)

where ¢, is the error rate for gate g on its bound qubits and
w, are optional importance weights.
(i) Depth Change Ratio (DCR). A measure of depth inflation
induced by mapping and deployment optimizations is as
DCR = depthposl(M)
depthpre(g) ’
where depth,,.(G) denotes the logical circuit depth computed
from the original (pre-transpilation) gate dependency DAG,
and depth,,, (M) denotes the physical circuit M depth after
mapping and scheduling on the target quantum backend b.
Hence, DCR captures the relative depth overhead caused by
hardware-specific compilation, routing, and timing constraints,
quantifying how much the physical realization deviates from
the ideal logical structure.

(iii) Mapping-Induced Crosstalk (MIC). A routing sensitivity
indicator that increases with simultaneous two-qubit activity on
nearby couplers. A practical proxy aggregates neighborhood-
adjusted two-qubit density:

1
MIC = p2qli, )
S 2 alid)

(i,J)€S

&)

x(,7) ,  (6)
~——

local 2Q utilization coupler proximity

where S are active edges after mapping, x penalizes opera-
tions on adjacent or overlapping neighborhoods, and paq (i, 5)
denotes the local utilization of the two-qubit gate on coupler
(,7), computed as the fraction of total scheduling steps in
which a two-qubit gate is executed on that coupler. Formally, it
is given by summing an indicator function over all time steps
and normalizing by the total number of steps. Optionally, this
measure can be adjusted to account for neighboring coupler
activity, capturing potential crosstalk effects that arise when
adjacent qubits perform simultaneous two-qubit operations.
Information Enhancement and Adjustment. We aggregate
key backend indicators into a compact feature vector

énw(M,b) = [GFS, DCR, MIC, paq, €1q, €2q), (1)

where poq measures the local two-qubit gate utilization, and
€1q> €2q are the mean single-qubit and two-qubit gate error
rates obtained from backend calibration. This vector is mapped
through a monotone aggregation function v (-), which combines
the indicators into a scalar backend factor Cyq; € [0, 1] while
preserving monotonicity. This factor adjusts both the overall
difficulty score and the structure-aware batching policy:

@1} = norm(u fstruct(g) +v w(¢hw))a

difficulty

P = Clip (/i . g(sﬁnah DCR7 qu) s Pmim Pmax) .

batch size

®)
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Fig. 3: Intuitive explanation of the rolling window.

where i, v > 0 are weighting coefficients of the structural com-
plexity fswet(+) and the hardware-related factors. Meanwhile,
k > 0 1is a scaling coefficient that adjusts the overall magnitude
of the batch size P, and g(-) is a monotonic function of the
estimated difficulty and transpilation stressors.

Intuitively, Cyqj down-weights overly optimistic structural
difficulty estimates when the mapped circuit exhibits high error
rates (low GFS, high €, €24), excessive depth (high DCR), or
strong crosstalk sensitivity (high MIC).

D. Adaptive Measurement Pipeline

We present here the end-to-end pipeline for accurate and
efficient fidelity measurement, as shown in Figure 1. Given
a logical circuit, we construct its dependency DAG G and
obtain a transpiled (physical) circuit M via a mapping policy
logical — physical, which specifies how logical qubits and gates
are embedded onto the target hardware topology. Structural
descriptors from the logical graph G (topological features) are
combined with backend-aware descriptors extracted from the
mapped circuit M (e.g., GFS, DCR, MIC) to yield a normalized
difficulty score sgny € [0,1].

Rolling Window and Confidence-Bound Check. Batches
are executed sequentially, yielding per-batch fidelity estimates
F; and within-batch dispersions. As shown in Figure 3, a
rolling index window W; = {t —w +1,...,t} is maintained
and deemed stable if (i) the Exponentially Weighted Moving
Average (EWMA) [49] of residuals remains within a scale-
aware band, and (ii) the maximum deviation inside the window
is bounded by a multiple of the window standard deviation.
On a stable window, the window mean Fyy, standard deviation
sw, and effective sample size Nog are computed (default set
Negr = |We|, with weighted variants when batch sizes differ).
For the confidence level (1 — «), the two-sided half-width is

Sw
Vv Z\/veff7

The window passes the precision check if halfCI < ¢ and
Neg > Nf:i’srd (i.e., minimum guard window size).

Batch Adaptation and Termination. If the confidence-bound
check is not yet satisfied, the next batch size is adapted as

halfCI = ¢,

We|— 00
Ca € {Za/27 tglfa)21)7 Cg t}' &)

Prsa = clip(m - g (simt: DCR, p2q): Parins P ) (10)

where the adaptation rate 7; grows geometrically when far
from the target but transitions to linear increments as halfCI
approaches the confidence half-width threshold § to avoid
overshooting. If the stability check fails, a multiplicative backoff
is applied P41 < max{Puyin, |[pP:]} with the scale factor
p € (0,1), followed by window reset, as shown in Figure 4.
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The loop terminates when the window is stable, the
confidence-bound condition holds, and Nyg > Nfﬁﬁrd, and the
reported estimate is Fyy with a certified (1 — «) interval of
half-width at most ¢. To provide a rigorous, distribution-free
confidence guarantee, we apply Hoeffding’s inequality [50]
to the total effective sample size within the stable window.
Specifically, each batch j in the window W; contributes a
weight P; proportional to its effective number of shots, and
the cumulative measure

Pw= > Pj (11)

JEW:
represents the total effective sample size within the window.
Then, using Hoeffding’s inequality on this aggregate quantity
P(|F - F|>4) < 2exp(—2Pw %), (12)

where F' denotes the empirical fidelity aggregated over stable
window, and F' is the true fidelity, which equivalently requires

P > % 1og(%), (13)

for the window to provide a valid (1 — «) confidence guarantee.
Shot Forecasting and Budgeting. As halfCI o< 1/v/Neg,
the additional evidence required to meet (9,1 — «) is forecast
online as

min 5

This value is then used to limit the next batch size P;;; and
is reported for transparent resource budgeting. By localizing
inference to stable windows, sequential-peeking effects are
mitigated without altering the controller. The resulting pipeline
is reproducible, robust to backend drift, adaptive to mapping-
induced difficulty, and provides explicit, window-local confi-
dence guarantees at a user-selected confidence level.

2
Nedd max{O, (CO‘SW) —N, } (14)

IV. EXPERIMENTAL SETUP

This section presents the experimental design and infrastruc-
ture to evaluate our proposed approach AutoFid. We first define
the key research questions. Then, we describe the experimental
environment, benchmarks, and implementation settings.

A. Research Questions (RQs)

We design a series of experiments to answer the following

research questions.

« RQ1: Measurement Efficiency across Various Circuit.
How effectively does AutoFid estimate the required
number of fidelity measurements across diverse circuits
and varying fidelity-bias thresholds?



TABLE I: Benchmarks used in our experiments.

Abbreviation | Benchmark

BV Bernstein-Vazirani algorithm

Clifford Random Clifford circuit

Ising Linear Ising model

QAOA Quantum Approximate Optimization Algorithm
VQE Variational Quantum Eigensolver

QFT Quantum Fourier Transform

QKNN Quantum Kernel method for Nearest Neighbors
QNN Quantum Neural Network

QPE Quantum Phase Estimation

QSVM Quantum Support Vector Machine

QuGAN Quantum Generative Adversarial Network

RB Randomized Benchmarking

Amplitude Amplitude Estimation

Shor Shor’s algorithm for integer factorization
Simon Simon’s algorithm for hidden bit extraction
SU2 SU(2) quantum circuits

vQC Variational Quantum Circuit

XEB Cross-Entropy Benchmarking

« RQ2: Fidelity-Budget Trade-Off. How does the fidelity
bias evolve with increasing measurement budgets, and
what Pareto behavior emerges between accuracy and
resource consumption?

« RQ3: Comparative Evaluation and Stability. How
does AutoFid compare with existing ML-based estimators
(QuCT, QuEst) under standardized testing dimensions such
as stability, bias consistency, and test redundancy?

« RQ4: Component Contribution and Overhead. What
is the contribution of the design component (mixing-time
estimation, backend-aware adaptation, and early-stopping
control), and how much overhead does each introduce?

« RQS5: Scalability and Hardware Generalization. How
does AutoFid scale with circuit size and qubit count, and
can it generalize from simulated backends to real trapped-
ion hardware under different quantum algorithms?

B. Experimental Platform and Settings

Our experiments are mainly conducted on IBM Quantum
hardware platforms [51] using the Qiskit software development
kit [46]. We mainly employ three superconducting backends,
i.e.,, Sherbrooke, Kyiv, and Brisbane, each providing
up to 127 physical qubits. The baseline fidelity estimation uses
a default of shots=10000, with a measurement interval of
step=20 for iteration-level comparisons.

Unless otherwise stated, the confidence level is set to o =
0.05 and the default fidelity-bias threshold to § = 0.01. For
sensitivity and ablation studies, we vary § € {0.01,0.02,0.03}
and measurement budgets Ps,,, € {500,1000,...,10000} to
examine robustness under different accuracy-budget trade-offs.

C. Benchmark Circuits

We evaluate AutoFid across 18 representative quantum
algorithms widely adopted in quantum software verification,
optimization, and machine-learning workloads [52], [53], [54],
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Fig. 5: Some instances of quantum circuits, e.g., QPE and Ising.

[55]. The selected benchmarks, summarized in Table I, cover
a diverse set of algorithmic paradigms:

o Classical Algorithms (7): BV, Simon, QPE, QFT, Shor,
Clifford, Ising;
« Variational Algorithms (5): QAOA, VQE, VQC, SU2;
o Machine Learning Models (4): QKNN, QNN, QSVM,
QuGAN;
« Benchmarking Circuits (3): RB, XEB, Amplitude.
Each circuit is evaluated under qubit sizes {4,6,8,10} and
across all three hardware backends (Sherbrooke, Kyiv, and
Brisbane) to ensure coverage and reproducibility. Figure 5
illustrates several example circuits. This collection provides a
balanced coverage of computational patterns, from structured
quantum algorithms to variational and data-driven workloads,
enabling a comprehensive evaluation of AutoFid across both
algorithmic and hardware dimensions.

V. EVALUATION RESULTS

We present the results of our experiments, organized by the
research questions defined in § IV-A.

A. RQI: Measurement Efficiency across Various Circuits

To evaluate the measurement efficiency of AutoFid across
different quantum algorithms, we investigate the estimated
number of measurement iterations required to achieve varying
fidelity bias thresholds. The fidelity bias is defined as the
deviation between the measured fidelity under a given sampling
budget and the ground-truth fidelity obtained with 10000 shots.
Table II reports the estimated measurement counts for 18
representative quantum algorithms under fidelity bias thresholds
ranging from 0.01 to 0.03.

As shown in Table II, the required number of measurements
increases substantially as the fidelity bias threshold becomes
stricter. For instance, in the Bernstein-Vazirani algorithm
(BV) with 4 qubits, only 76 measurement iterations are
sufficient to reach a fidelity bias of 0.03, whereas achieving
a bias below 0.01 demands up to 617 measurements. This
exponential growth in measurement cost is more pronounced
in structurally complex circuits. For example, when operating
with 4 qubits, the Quantum Kernel method for Nearest
Neighbors (QKNN), Quantum Neural Network (QNN), and
SU(2) variational circuits require 1,249, 1,820, and 1,447
measurements, respectively, to reach a fidelity bias below
0.01. These findings indicate that measurement efficiency



TABLE II: Required iterations for different circuit families under various fidelity-bias constraints.

Fidelity bias < 0.01

Qubits BV  Clifford Ising QAOA VQE QFT QKNN QNN QPE QSVM QuGAN RB Ampl. Shor Simon SU2 VQC XEB
4 617 706 877 5642 560 952 1249 1820 180 1219 683 1182 1088 707 60 1447 1369 267
6 837 2462 2634 6716 2006 3538 2994 3274 994 1857 3253 2049 4531 2683 132 2916 3277 2612
8 917 6367 5558 8238 3783 5389 5889 8440 1651 7138 5196 6451 6699 6777 260 6420 4821 6600
10 993 9381 8963 9822 9043 9267 7550 9668 2042 8658 9476 7890 8700 9206 1424 9224 9591 8420
Fidelity bias < 0.02
Qubits BV  Clifford Ising QAOA VQE QFT QKNN QNN QPE QSVM QuGAN RB  Ampl. Shor Simon SU2 VQC XEB
4 154 422 398 1246 278 469 764 904 178 347 454 884 950 467 60 1002 901 261
6 305 1364 1522 2195 1475 1751 1611 2429 498 1238 1753 1519 1371 1757 130 2142 3213 1541
8 804 4836 3799 3213 2958 3975 3293 4785 813 4852 3744 4209 4530 4670 129 4436 3529 4001
10 903 8509 7840 7723 6887 8094 5520 7915 988 6845 7980 6604 7630 8105 279 8077 7813 5867
Fidelity bias < 0.03
Qubits BV  Clifford Ising QAOA VQE QFT QKNN QNN QPE QSVM QuGAN RB  Ampl. Shor  Simon SU2 VQC XEB
4 76 278 314 621 272 232 460 451 176 345 223 576 537 466 59 141 892 262
6 202 1087 976 1079 1465 1308 786 1592 493 915 701 1004 1021 864 64 1585 2401 1527
8 712 3335 2997 3172 2193 3291 2534 4682 804 3482 2771 3482 3433 3994 127 3579 3532 3153
10 797 7011 6960 7664 5908 7141 4070 7730 984 6206 7383 5474 6549 7226 92 7255 7842 4660
(a) Visualization of the fidelity for Ising (b) Visualization of the fidelity for QPE (c) Visualization of the fidelity for QF T
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Fig. 6: Visualization of the circuit measurement process.

varies dramatically across circuit structures and algorithmic
paradigms. A fixed measurement budget, often determined
heuristically or by expert experience, fails to capture such
heterogeneity. Instead, adaptive measurement strategies are
essential to balance accuracy and resource efficiency, particu-
larly when evaluating quantum software systems that integrate
heterogeneous quantum algorithms.
B. RQ2: Fidelity-Budget Trade-Off

1) Fidelity Convergence with Iterative Measurements: To
investigate how measurement cost scales with circuit size
and fidelity precision, we examine the trade-off between
the measurement budget and achieved fidelity across three
representative quantum algorithms, i.e., Linear Ising Model
(Ising), Quantum Phase Estimation (QPE), and Quantum
Fourier Transform (QFT) under qubit counts of {4,6,8,10}.
Figure 6 illustrates both (a~c) the evolution of measured fidelity

as the number of measurement iterations increases and (d~f)
the corresponding fidelity bias convergence curves. The vertical
dashed lines indicate the iteration counts or bias thresholds
automatically determined by our AutoFid framework.

(i) Measurement iteration dynamics. In Figure 6 (a~c), larger
quantum circuits require a greater number of measurement
iterations to achieve stable fidelity estimates. For each qubit
configuration, the measured fidelity initially rapidly changes
with iteration count, followed by a short oscillation phase, and
eventually converges to a steady value. In the case of the Ising
circuit in Figure 6 (a), the estimated convergence points occur
at approximately 877, 2,634, 5,558, and 8,963 iterations for 4,
6, 8, and 10 qubits, respectively. Notably, the measured fidelity
values remain stable beyond these automatically detected
points, validating the effectiveness of AutoFid in estimating
convergence boundaries with minimal overhead.
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(i) Fidelity bias convergence. Figure 6 (d~f) further analyze
the evolution of fidelity bias as a function of the measurement
budget. Similar to the previous observation, increasing the
number of qubits leads to a slower convergence rate, requiring
more measurements to achieve a given bias threshold. In the
4-qubit Ising circuit, for instance, a fidelity bias below 0.00778
is achieved after only 877 iterations, whereas the 10-qubit
configuration requires 8,963 iterations to reduce the bias to
0.00463. These results demonstrate that AutoFid effectively
captures the fidelity-budget trade-off across diverse circuit
scales, achieving comparable accuracy with significantly fewer
repeated measurements. This property highlights the resource
efficiency of our framework, particularly in scenarios where
quantum measurement time or shot budgets are constrained.

Overall, the results confirm that the adaptive measurement
scheme in AutoFid provides an efficient mechanism to balance
fidelity precision and measurement cost, achieving convergence-
aware fidelity estimation without over-sampling.

2) Pareto Analysis under Fixed Measurement Budgets:
We further conduct a Pareto analysis to quantify how Aut-
oFid performs when the measurement budget is fixed in
advance. Specifically, we set the measurement budget Py, €
{500, 1000, . ..,10000} and compare the resulting fidelity bias
achieved by AutoFid against a baseline fixed-shot strategy. As
illustrated in Figure 7, AutoFid consistently achieves lower
fidelity bias across all budget levels. When measurement
resources are severely constrained (e.g., Pgyu, = 1000),
AutoFid attains a fidelity bias of approximately 0.025, whereas
the fixed-shot baseline produces a significantly higher bias
of around 0.07. As the budget increases to Ps,,,, = 4000,
the bias achieved by AutoFid reduces to about 0.01, while
the baseline remains above 0.03. Even at the largest budget
(Psyum = 10000), AutoFid maintains a clear advantage, achiev-
ing a fidelity bias near 0.005 compared to the baseline’s 0.017.
These results reveal a strong Pareto dominance of AutoFid
in the fidelity-cost space. AutoFid consistently forms a lower
Pareto frontier, providing more accurate fidelity estimation
under equal or smaller resource constraints.

This advantage is particularly evident in low-resource
settings, demonstrating the practicality of AutoFid for fidelity
evaluation on constrained quantum hardware where measure-
ment shots are costly and time-limited.

C. RQ3: Comparative Evaluation and Stability

This research question investigates how our proposed frame-
work, AutoFid, performs against state-of-the-art ML-based

TABLE III: Comparison of measurement efficiency across benchmark
circuits under fidelity bias < 0.02.

Measurement Shots (])

Circuit

Ours QuCT QuEst
QAOA 1246 1524 2149
QKNN 764 1339 1986
Amplitude 950 1674 2178
NP 1002 1789 2237

fidelity prediction approaches: QuCT [19] and QuEst [41]
in terms of both testing effectiveness and runtime stability.
Unlike QuCT and QuEst, which directly regress circuit fidelity
from handcrafted or learned circuit features, AutoFid explicitly
estimates the minimal number of measurement shots required to
achieve a target fidelity accuracy. This design provides stronger
interpretability and resource awareness, which are critical in
practical quantum testing pipelines.

1) Multi-Dimensional Evaluation Metrics: To provide a
holistic comparison, we evaluate all three methods across
five key testing dimensions, i.e., effectiveness, redundancy,
stability, accuracy, and latency. These dimensions capture both
the software testing efficiency and operational robustness of
quantum measurement processes. Figure 8 illustrates the radar
chart comparing the three approaches.

AutoFid consistently achieves the target fidelity level with
40-60% fewer measurement iterations than baseline methods,
as indicated by its superior coverage on the “Effectiveness”
axis. This efficiency arises from its adaptive convergence
detection mechanism, which dynamically adjusts measurement
budgets. Compared with fixed-shot sampling strategies, AutoFid
effectively eliminates unnecessary measurement repetitions.
The ratio of actual shots to the theoretical minimum de-
creases from 5.1x (Fixed Shots) and 2.4x (QuCT) to just
1.2x under AutoFid, representing substantially leaner test
execution. When executed across multiple IBM Quantum
backends (Sherbrooke, Kyiv, and Brisbane) and time
intervals, AutoFid exhibits high measurement consistency with
a standard deviation below 0.002, significantly outperforming
competing methods. This stability is especially valuable given
the temporal and backend-dependent noise fluctuations inherent
in NISQ hardware. AutoFid achieves higher fidelity estimation
accuracy while maintaining lower latency. Its adaptive early-
stopping mechanism, guided by circuit structural features (e.g.,
gate connectivity and qubit depth), allows convergence to be
detected efficiently, avoiding excessive quantum executions.

Opverall, these results demonstrate that AutoFid achieves a
well-balanced trade-off across all key testing dimensions, high-
lighting the benefit of our structure-aware fidelity estimation
in practical quantum testing.

2) Measurement Efficiency under Fidelity Constraints: We
further compare AutoFid, QuCT, and QuEst on 4-qubit circuits
under a target fidelity bias threshold of < 0.02. Table III
reports the required number of measurement shots to meet this
accuracy constraint across representative circuits, including the
QAOA, QKNN, Amplitude, and SU2 quantum circuits. Across
all tested algorithms, AutoFid achieves the target fidelity bias

2638



0.010

. BV

[ Fixed shots
10%{ @ Ours

Pa

0.008

101 = (==

o
o
S
o

=]
=3
(=}
B

Execution Time (s)
Fidelity bias

0.002

100 4 &, l?

T T T 0.000
4 20 100 4

Qubit Number

Fig. 9: Overhead evaluation.

TABLE IV: Ablation study on the proposed model components.

Variant || Fidelity Bias (])  Test Redundancy ()
Full 0.004 1.1
W/0 timiz 0.011 2.0
w/o backend 0.009 1.8
Fixed-P 0.006 1.6

with the lowest measurement cost, requiring 18%~44% fewer
shots than QuCT and up to 62% fewer than QuEst, while
satisfying fidelity requirements. The improvement stems from
AutoFid’s dynamic allocation of measurement shots based on
circuit-level structural dependencies and backend-specific noise
calibration. In contrast, QuCT relies on gate-level statistical
modeling, and QuEst uses static graph embeddings that lack
adaptive convergence monitoring, both leading to suboptimal
measurement utilization.

D. RQ4: Component Contribution and Overhead

1) Ablation Study on Components: To evaluate the contri-
bution of each component in AutoFid, we conduct an ablation
study by disabling individual modules. We consider three
variants, i.e., replacing mixing time with node count (w/0 ,,,;2),
removing backend-aware adjustment features (w/o backend),
and fixing the measurement batch to a constant size without
early stopping (Fixed-P). Table IV presents the impact of each
variant on two metrics, fidelity bias and test redundancy. (i) In
the first variant, denoted as w/o t,,;,, we replace the structure-
aware mixing time estimate with a naive metric based on the
DAG node count. As a result, removing {,ix causes fidelity
bias to increase sharply from 0.004 to over 0.011, leading to
an increase of more than 1.5x. Meanwhile, as test redundancy
doubles, suggesting over-sampling becomes more frequent.

(ii) In the second variant, w/o backend adjustment, we
remove all backend-aware features, including the gate fidelity
score (GFS), depth change ratio (DCR), and mapping-induced
crosstalk (MIC). Without these device-specific signals (GFS,
DCR, MIC), fidelity bias rises to 0.009 and redundancy reaches
1.8x. This indicates that hardware awareness is essential for
noise adaptation and efficient stopping. The lack of backend
information impairs the model’s ability to account for hardware-
specific noise effects, leading to a higher variance in fidelity
estimates and weaker noise adaptation.
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Fig. 10: Fidelity measurement on IonQ.

TABLE V: Overhead breakdown.

Steps [ Time (s)

[ 4q \ 20q | 100
Transpilation 0.14 1.62 22.8
Random walk 23x1073 | 81x1073 | 9.6 x 1072
Extract features || 3.4 x 1073 | 1.1 x 1072 | 7.1 x 10~2
Execution 0.41 8.6 93.2

(iii) Finally, in the Fixed-P setting, we disable the early
stopping mechanism and instead fix the measurement batch
shots. While this simplification removes adaptive control,
it introduces substantial inefficiency, resulting in redundant
measurements being reached 1.6, without corresponding
improvements in fidelity. Overall, these results validate that
both structural estimation and backend sensitivity are necessary
for the observed efficiency and accuracy gains of AutoFid.

2) Overhead Breakdown: To assess the runtime overhead
introduced by our method, we provide a breakdown analysis.
The steps “Random walk” and “Extract features” correspond to
the additional cost of our approach. As shown in Table V, these
components incur negligible overhead compared with transpila-
tion and execution. We report averaged results with circuits at 4,
20, and 100 qubits. The construction of the DAG is a standard
step in the compilation flow of quantum circuits, every circuit
submitted to real hardware undergoes this transformation as
part of transpilation before execution. AutoFid leverages this
existing representation and adds a lightweight random-walk
mixing time estimation, whose complexity is O(|G|?). The
breakdown in Table V shows that the dominant cost arises from
execution and, to a lesser extent, transpilation, whereas the
overhead introduced by our method is negligible. For instance,
on 100 qubits, execution requires 93.2 s and transpilation 22.8 s,
while the additional costs from random walk and feature
extraction are only 9.6x107%s and 7.1x1072s respectively,
together less than 0.2% of the total runtime. Similar trends are
observed at 4 and 20 qubits.

E. RQS5: Scalability and Hardware Generalization

1) Scalability Evaluation: We evaluate a series of circuits
at 4, 20, and 100 qubits. For large scales, execution and
measurement times are estimated by simulation, and wall-
clock runtime is modeled as circuit duration plus measurement
and reset overhead on a superconducting backend. Fixed-shot
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baselines (10k for 4 qubits, 200k for 20 qubits, 400k for 100
qubits) are guided by reported hardware sampling rates [56],
[57] and instruction-level timing models [51], targeting fidelity
~ 0.98. As fidelity estimators scale as O(1/v/N), these
budgets provide a reasonable reference while acknowledging
circuit-dependent deviations. As shown in Figure 9, results
show that adaptive sampling consistently reduces time-to-
result while meeting the fidelity constraint F' > 0.98. For
4 qubits, mean runtime decreases by ~35%; on 20 qubits, by
~32%; and on 100 qubits, by ~27%. Circuit-level gains are
most pronounced for deep or noise-sensitive workloads, with
improvements exceeding 80% (e.g., QFT and QNN), while
lightweight circuits yield smaller savings. Overall, adaptive
sampling achieves 27% ~ 35% overhead reduction across scales,
lowering measurement cost without compromising fidelity.

2) Extended Experiments: We further evaluate BV, QKNN,
and QPE algorithm circuits on the IonQ trapped-ion plat-
form [58] for n € {4,6,8,10} qubits. Figure 10 reports
the fidelity bias and adaptive iteration counts. For BV, the
average bias remains below 1072 across all qubit sizes, e.g.,
{0.0010, 0.0021, 0.0047, 0.0088} for {4, 6, 8, 10} qubits.
The corresponding adaptive iterations are {523, 754, 887,
962}. QKNN shows higher complexity and thus larger bias
(0.0022~0.0099) and iteration counts (1115~4127), while QPE
achieves relatively lower bias (0.0013~0.0064) with moderate
iteration overhead (289~2059). These results highlight two
key trends on IonQ hardware: (i) fidelity bias decreases with
shot count in the variance-limited regime, then saturates at a
hardware-limited floor determined by accumulated two-qubit
and SPAM errors, and (ii) the floor increases with qubit number,
reflecting the linear growth of error sources. The observed
bias levels on IonQ are consistent with its reported native
fidelities. More importantly, these results demonstrate that
our methodology can be readily applied to other quantum
hardware platforms, providing a practical baseline for shot-
budget planning and platform-dependent accuracy-cost analysis.

VI. DiscussioN
A. Deep Insights into Circuit Complexity Estimation

To further justify the use of random-walk mixing time as
a compact complexity indicator, we compare it with simpler
alternatives, including circuit size, depth, and gate count. As
shown in Table VI, replacing mixing time with these metrics
consistently yields higher fidelity bias (0.008~0.010 vs. 0.004)
and larger redundancy (1.7~1.9 vs. 1.1). This result indicates
that while circuit size, depth, and gate count provide coarse
measures of circuit structure, they do not capture noise-sensitive
connectivity patterns as effectively as mixing time. The mixing
time, derived from circuit topology via random walks, better
correlates with uncertainty amplification under hardware noise,
thereby guiding adaptive sampling.

B. Considering Non-stationary Noise

To examine the effect of temporal and device drift, we
evaluate 4-qubit BV and QPE circuits on three IBM backends
(Lima, Quito, Manila) across historical noise at different

TABLE VI: Comparison of different complexity indicators.

Indicator || Mixing time (ours) | Size | Depth | Gate count
Fidelity Bias 0.004 0.010 | 0.009 0.008
Test Redundancy 1.1 1.9 1.8 1.7

TABLE VII: Evaluation with non-stationary noise.

Circuit ‘ Temporal [ Fidelity Bias
| || IBM_Lima | IBM_Quito | IBM_Manila
Time 1 0.0040 0.0050 0.0060
BV Time 2 0.0061 0.0072 0.0080
Time 3 0.0082 0.0101 0.0120
Time 1 0.0050 0.0061 0.0070
QPE Time 2 0.0073 0.0090 0.0102
Time 3 0.0100 0.0122 0.0140

times [59]. As shown in Table VII, fidelity bias increases both
over time and across devices. For instance, BV on IBM_Lima
grows from 0.0040 (Time 1) to 0.0082 (Time 3), while
IBM_Manila exhibits the largest deviation (0.0120 at Time 3).
QPE shows a similar trend, with late-time runs incurring up to
2x higher bias compared to early runs. These results confirm
that non-stationary noise, arising from calibration drift and
hardware variability, can significantly affect fidelity estimation.
Nevertheless, AutoFid’s adaptive sampling strategy mitigates
this risk by dynamically sensing variance and allocating extra
shots, and it remains robust to such fluctuations, avoiding
premature stopping compared with fixed-shot baselines.

C. Limitation and Future Work

Currently, AutoFid can better exploit its adaptive advan-
tage when noise remains relatively stationary within each
measurement batch. Under extreme temporal drift or strongly
correlated errors, its early stopping may become conservative
or require additional resampling. Extending the framework
with drift-detection heuristics and calibration-aware safeguards
is an important direction. Future work will also explore
cross-platform validation and integration with advanced error-
mitigation techniques. In the long term, we aim to generalize
AutoFid to support continuous online adaptation across hetero-
geneous quantum hardware environments.

VII. CONCLUSION

Fidelity measurement is crucial for quantum program testing,
yet shot allocation remains challenging in the NISQ era due to
noise and circuit complexity. We propose AutoFid, an adaptive,
noise-aware framework that integrates random walk-based
complexity estimation, backend-aware correction, and early
stopping to reduce redundant measurements while preserving
accuracy. Experiments on IBMQ with 18 benchmarks show
that AutoFid lowers testing overhead and keeps fidelity bias
within 0.01, outperforming fixed-shot and ML-based baselines
under Pareto, and cold-start evaluations.
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