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Quantum sensing exploits non-classical
effects to overcome limitations of classi-
cal sensors, with applications ranging from
gravitational-wave detection to nanoscale
imaging. However, practical quantum
sensors built on noisy intermediate-scale
quantum (NISQ) devices face significant
noise and sampling constraints, and cur-
rent variational quantum sensing (VQS)
methods lack rigorous performance guar-
antees. This paper proposes an online
control framework for VQS that dynami-
cally updates the sensor’s variational pa-
rameters while providing deterministic er-
ror bars on the estimates. By leverag-
ing online conformal inference techniques,
the approach produces sequential estima-
tion sets with a guaranteed long-term risk
level. Experiments on a quantum mag-
netometry task confirm that the proposed
dynamic VQS approach maintains the re-
quired reliability (e.g., 90% coverage) over
time, while still yielding precise estimates.
The results demonstrate the practical ben-
efits of combining variational quantum al-
gorithms with online conformal inference
to achieve reliable quantum sensing on
NISQ devices.

1 Introduction

1.1 Context and Motivation

Quantum measurements are ultimately governed
by the laws of quantum mechanics. This imposes
fundamental limits on precision, but it also en-
ables new sensing paradigms via non-classical ef-
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fects such as coherence and entanglement. Quan-
tum sensing leverages these effects to surpass
classical sensor performance, with applications
ranging from gravitational-wave observatories to
biomedical imaging [1, 2, 3, 4, 5].

In practice, realizing these advantages is chal-
lenging: quantum sensors must be implemented
on contemporary hardware that is subject to
noise and size limitations. In particular, today’s
noisy intermediate-scale quantum (NISQ) devices
introduce decoherence and sampling errors that
can degrade sensing accuracy. Designing near-
optimal quantum measurement protocols for a
given metrological task requires optimizing over
high-dimensional Hilbert spaces, which is gener-
ally intractable with brute-force strategies.

Variational quantum algorithms [6, 7] have
emerged as a promising approach to navigate
the complexity of quantum optimization in the
NISQ era. In the context of sensing, variational
quantum sensing (VQS) frameworks [8, 9, 10, 11]
use parameterised quantum circuits to prepare
probe states and measurement operators that are
adaptively optimised for the parameter estima-
tion task. As illustrated in Fig. 1, a VQS system
generates a probe state via a parameterised quan-
tum circuit, exposes it to an unknown physical
parameter through a quantum channel, and mea-
sures the output state to collect classical data. A
classical algorithm then produces an estimate of
the parameter.

Prior works have demonstrated the potential of
VQS [8, 9, 10, 11] focusing on improving estima-
tion precision. For example, reference [8] intro-
duced a variational toolbox for multi-parameter
quantum estimation, and more recently the work
[9] realised an end-to-end variational sensor de-
sign on NISQ hardware. Machine learning tech-
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niques have been integrated into quantum sensing
pipelines, such as neural-network-based Bayesian
estimation [10] and deep reinforcement learning
for adaptive sensing policies [11].

A common limitation of this prior art is the
lack of formal guarantees on the estimation er-
ror. In fact, existing variational approaches fol-
low a best-effort heuristic design and do not pro-
vide confidence intervals or risk bounds on the
final estimates.

1.2 Dynamic Estimation Loss Control

In parallel, in classical machine learning and
statistics, conformal inference has emerged as a
powerful tool for providing distribution-free confi-
dence sets (or prediction intervals) that guarantee
a user-specified coverage probability. In particu-
lar, significant progress has been made in online
conformal inference, enabling uncertainty quan-
tification under sequential data and potential dis-
tribution shifts.

References [12, 13] introduced adaptive confor-
mal inference methods that maintain valid cover-
age even as the data distribution evolves. Follow-
up work [14] proposed an online conformal pre-
diction method with decaying step sizes to con-
trol long-term coverage in an adaptive manner.
Moreover, the work [15] improved online confor-
mal prediction by incorporating strongly adap-
tive online learning, while the paper [16] extended
the approach to accommodate localization guar-
antees. Applications of online conformal infer-
ence range from robotics [17] and optimization
[18, 19, 20], to wireless communication systems
[21].

These developments provide a principled way
to guarantee reliability (in terms of coverage or
error rate) for sequential predictions. However,
they have not yet been applied in the quantum
sensing domain, where one must contend with
quantum measurement noise and the need to up-
date quantum experiment settings on the fly.

Recognising the need to endow variational
quantum sensors with formal performance guar-
antees, this work bridges VQS with online con-
formal inference, aiming to achieve deterministic
estimation-loss control in a quantum metrology
setting. By integrating an online conformal risk-
control mechanism into the VQS loop, we obtain
a framework that not only updates quantum sen-
sor parameters adaptively but also outputs an es-

timation set (or “error bar”) at each time step
with a guaranteed long-term risk level. For ex-
ample, the method can ensure that the fraction
of times the true parameter lies outside the pro-
vided estimation set is provably bounded by a
specified value (e.g., 10%).

1.3 Main Contributions

In this paper, we propose a novel adaptive VQS
protocol (illustrated in Fig. 1) that rigorously
controls estimation loss while continually learning
the optimal quantum sensor settings. The main
contributions are as follows:
• Dynamic VQS with risk guarantees: We de-
velop an online control algorithm for VQS that
integrates conformal inference into the quantum
sensing cycle. At each discrete time step, the
framework produces an estimation set for the un-
known parameter – e.g., a list if the parameter
is discrete – with a deterministic long-term cov-
erage guarantee, while simultaneously updating
the quantum circuit parameters to improve sens-
ing performance. To this end, we assume access
to feedback about the quality of the previous esti-
mate, which can be used to adjust the confidence
threshold on the fly, ensuring the cumulative risk
(error rate) remains below a target α.

The proposed methodology may be applied to
generic quantum sensing tasks during an initial
training phase in which the sensed parameters
are known by design. For example, in MRI the
magnetic field is controlled by applying a known,
periodic, sinusoidal modulation, with a known
phase [22]. Training can be done in such con-
trolled conditions and, assuming transferability,
one could then use the same variational param-
eters/threshold when the phase is unknown and
needs to be estimated.

More broadly, the method can be also deployed
when quantum sensing is part of a control loop
in which feedback is naturally obtained after act-
ing on the sensing outcomes. For instance, an
NV-center can be used to provide a measure-
ment of the magnetic field in a quantum computer
[23, 24], using which the magnetic field compen-
sator can be adjusted. Since qubits might stay
coherent or might decohere based on the com-
pensation action, loss and feedback can then be
accrued.

At a technical level, the proposed approach
leverages online conformal inference techniques
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Figure 1: (a) Illustration of the variational quantum sensing (VQS) system under study. A probe quantum state is
generated by a n-qubit quantum circuit parametrised by the vector θ. The probe state interacts with the parameter of
interest xt, and the perturbed state ρθ(xt) is then measured with a given fixed POVM {Πs}. The set of measurements
s is finally fed to a classical estimator, which produces an estimation set X̂t. (b) The goal is to control the size of
the estimation set X̂t so as to meet a long-term deterministic reliability level.

[12, 13, 25]. To our knowledge, this is the first
application of online conformal inference to quan-
tum sensing, providing worst-case performance
guarantees in a NISQ-based metrology task.

• Experimental validation: We demonstrate the
effectiveness of the proposed dynamic estimation
scheme on a quantum magnetometry case study.
The results show that our approach maintains
the desired coverage – more broadly, reliability
– over a long sequence of measurements, even
in the presence of quantum noise and drift, out-
performing baseline methods that lack online er-
ror control. In particular, the adaptive thresh-
old mechanism successfully limits the empirical
estimation loss to the predefined level (e.g., 0.1),
while the variational updates yield tighter estima-
tion sets (i.e., smaller uncertainty) compared to
static or non-adaptive strategies. These findings
highlight the practical benefit of integrating vari-
ational quantum algorithms with conformal infer-
ence to achieve robust and trustworthy quantum
sensing.

The remainder of the paper is organized as fol-
lows. Section II formulates the problem of se-
quential quantum parameter estimation and de-
fines the estimation loss metric to be controlled.
Section III introduces the proposed dynamic VQS
approach, including the conformal risk-control
procedure and the online update rules for the
quantum sensor. Section IV presents numerical
experiments for a magnetometry task, detailing
the setup, benchmarks, and results. Section V
concludes the paper.

2 Problem Formulation
We consider the problem of sequentially estimat-
ing a target parameter xt ∈ X determining a
quantum channel E(xt) over the discrete time in-
dex t = 1, 2, ..., T .

2.1 Probes and Measurements
As shown in Fig. 1, the channel is probed with
an n-qubit quantum state σθ, which is prepared
by a quantum circuit parameterised by vector θ.
Probing results in a perturbed quantum state

ρθ(xt) = E(xt)σθ, (1)

where E(xt)σθ denotes the application of quan-
tum channel E(xt) to density matrix σθ.

The perturbed state ρθ(xt) is measured via
a fixed positive operator-valued measurement
(POVM). The POVM is denoted as M =
{Πs}, with s being an integer in the set [S] =
{0, 1, ..., S− 1}. The POVM may be, e.g., chosen
as a standard local measurement in the compu-
tational basis. The resulting probability distribu-
tion pθ(s |xt) over measurement outcomes is

pθ(s |xt) = Tr
[
Πsρθ(xt)

]
(2)

for all s ∈ [S].

2.2 Loss and Feedback
At each time step t the estimator observes L
independent measurement outcomes, or shots,
st = [s0,t, ..., sL−1,t] with sl,t ∼ pθ(s |xt) for all
l ∈ [L]. Based on these observations, it aims at
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producing an estimation set X̂t ⊆ X with the goal
of providing a sufficiently informative estimate of
the parameter xt over a given sequence of time
steps t = 1, ..., T .

After having produced the estimation set X̂t

and received the corresponding loss L(xt, X̂t), the
estimator also obtains feedback about the true
value of the parameter xt. This may be provided
by a human labeler or by a local measuring de-
vice.

The loss L(xt, X̂t) of the set estimator X̂t is
assumed to satisfy the following properties:

• Boundedness: The loss function is upper
bounded as L(x, X̂ ) ≤ Lmax for some Lmax >
0;

• Monotonicity : For any two X̂t
′ ⊆ X̂t

′′ ⊆ X ,
we have the inequality

L(xt, X̂t
′) ≥ L(xt, X̂t

′′), (3)

for all xt ∈ X .

As examples, the loss can be defined as the cov-
erage loss

L(xt, X̂t) = Ixt /∈X̂t
=

{
0, if xt ∈ X̂t

1, otherwise,
(4)

or as the minimum distance loss

L(xt, X̂t) = min
x̂t∈X̂

||xt − x̂t||p (5)

where || · ||p is the Lp norm.

2.3 Design Goal
We are interested in controlling the average cu-
mulative estimation loss over a time period of T
time instants, which is defined as

L̄(T ) = 1
T

T∑
t=1

L(xt, X̂t). (6)

Specifically, the goal is to optimise the variational
parameters of the probe θ and the mapping be-
tween observations st and set X̂t ⊆ X under the
constraint

L̄(T ) ≤ α +O
( 1

T

)
(7)

for some target average loss α. By (7), the long-
term loss L̄(T ) is bounded by the target average
loss α as T →∞ with a finite gap between L̄(T )
and α decreasing at least as quickly as O(1/T ).

3 Dynamic Estimation via Online Con-
formal Inference
This section introduces the proposed dynamic ap-
proach to the design of probes and estimator, to-
gether with the calibration of the prediction set.

3.1 Prediction Set
At each time step t, based on the observation
st, the estimator assigns a score C(st, x) to each
possible value x ∈ X of the target parameter.
The score C(st, x) is negatively oriented – i.e., the
lower the better. With these scores, the estimator
produces an estimation set by including in it all
values x whose scores are below a threshold λt,
i.e.,

X̂t = X̂t(st, λt) = {x ∈ X : C(st, x) ≤ λt}. (8)

The scoring function C(st, x) can be in prin-
ciple constructed from the likelihood pθ(st |x) =∏L

l=1 pθ(sl,t |x) using (2). For instance, a typ-
ical scoring function is the log-loss C(st, x) =
−

∑L
l=1 log pθ(sl,t |x) [26]. However, evaluating

the probabilities pθ(sl,t |x) for different values of
x would require having access to a classical de-
scription of the state ρθ(x), which may not be
available. In fact, in practice, the state ρθ(x)
may be affected by unknown quantum noise due
to probe preparation; there may be errors associ-
ated with the channel model E(x); and the state
may be excessively large to store and manipulate
efficiently on a classical computer.

Therefore, we propose replacing the true likeli-
hood pθ(st |x) with a learned estimator pw(x | st)
of the parameter x given the observation st. As
indicated by the notation, the estimator pw(x | st)
is parameterised by a vector w.

We specifically implement the estimator as
a sequential model, such as a recurrent neu-
ral network or a transformer, for the estima-
tor pw(x | st). A sequential model takes as in-
put the sequence of measurement outcomes st =
[s0,t, ..., sL−1,t], which are processed one by one
along the index l = 0, ..., L − 1, approximating
Bayesian inversion (see, e.g., [27]).

Given an estimator pw(x | st), we consider the
score

C(st, x) = − log pw(x | st), (9)

which increases for values x that are deemed less
likely by the estimator.
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As detailed below, the parameters w of the es-
timator pw(x | st) are dynamically updated, to-
gether with the probe parameter θ and the
threshold λt, with the received feedback over dis-
crete time t.

3.2 Dynamic Calibration of the Prediction
Threshold
At the end of each time step t, after producing the
estimation set Xt and accruing the correspond-
ing loss L(xt, X̂t), the estimator receives feedback
about the true value of the target parameter xt.
Using this feedback, following the general frame-
work of online conformal prediction [14], we pro-
pose to update the decision threshold λt in (8)
as

λt+1 = λt + ηt · (L(xt, X̂t)− α), (10)

where α denotes the user-defined target long-term
loss in (7) and ηt > 0 is a sequence of learning
rates. The online update rule in (10) increases
the threshold, thus making the estimation set X̂t

in (8) more inclusive, whenever the current loss
exceeds the target level α. Vice versa, the thresh-
old is decreased if the current loss is below the
target level α, making it possible to reduce the
size of the estimation set.

3.3 Dynamic Optimisation of Probe and Esti-
mator
At the end of each time step t, we leverage the
feedback xt not only to update the threshold
(10), but also to optimise the probe parameters
θ and the estimator parameters w in order to im-
prove precision and decrease the estimation un-
certainty. In prior art, the optimisation of the
probe parameters θ was typically done by min-
imising the Cramer-Rao lower bound, which mea-
sures the variance of an unbiased estimator in
the asymptotic regime of a large number of data
points [8, 9]. In contrast, here we propose adopt-
ing the reliability property (7) of the proposed
threshold update (10) (see Proposition 1 below)
as an objective.

Specifically, we are ideally interested in min-
imising in an online fashion the time-averaged
cardinality |X̂t| of the estimation set X̂t, i.e.,

min
θ,w

1
T

T∑
t=1
|X̂θ,w,t|, (11)

where the notation |X̂θ,w,t| makes it clear that
the estimation set (8) with scoring function (9)
depends on both the probe parameters θ and the
estimator parameters w. This objective is mo-
tivated by the fact that a smaller predicted set
satisfying the property (7) is more informative,
offering a smaller uncertainty while guaranteeing
the desired level of loss α.

The objective function (11) cannot be directly
optimised due to the non-differentiability of the
cardinality function | · |. We address this prob-
lem by replacing the cardinality function with a
smooth surrogate [28, 29]. In particular, we use
the approximation

|X̂θ,w,t| ≈ Gθ,w,t =
∑
x∈X

σ

(−(C(st, x)− λt)
τ

)
,

(12)

where σ(·) denotes the sigmoid function defined
as

σ(z) = 1
1 + exp(−z) (13)

and τ > 0 is a parameter. As the parameter
τ tends to zero, the approximation (12) can be
readily seen to be an equality [28, 29].

Using (12), the probe parameters θ and the es-
timator parameters w can be optimised along the
time index t via online gradient descent, yielding
the time-varying solutions

θt+1 ← θt − η∇θGt,θt,wt (14)

and

wt+1 ← wt − µ∇wpw(x = xt|st) (15)

where η > 0 and µ > 0 denote learning rates.

3.4 Theoretical Guarantees
Thanks to the properties of online conformal in-
ference [25], the proposed dynamic optimisation
strategy satisfies the target condition (7). This is
formalized in the following proposition.

Proposition 1 [25] For any sequence of target pa-
rameters, the long-term estimation loss achieved
by the proposed scheme can be upper bounded as

L̄(T ) ≤ α + Lmax + max1≤t≤T ηt

T
||∆1:T ||, (16)

where the sequence ||∆1:T || takes the values

||∆1|| = 1/η1 and ||∆t|| = 1/ηt − 1/ηt−1. (17)

5



4 Experiments

In this section, we provide experimental results to
validate the proposed variational quantum sens-
ing scheme. The code for the experiments is avail-
able at [30].

4.1 Tasks

A practical application of quantum sensing is
magnetometry [31, 32]. In this setting, the probe
interacts with a uniform magnetic field. The pa-
rameter of interest xt represents a random phase,
which is acquired by the probe after precessing
for some time under the action of the magnetic
field. The quantum channel is local and modeled
as E(xt) = Rz(xt)⊗n, thus applying separately to
each of the n qubits of the probe. The phase is as-
sumed to take values xt ∈ [0, π] and is discretised
into M = 10 equally spaced levels.

4.2 Architecture and Hyperparameters

The quantum circuit used to generate the probe
follows an S(N)-equivariant ansatz, which pre-
serves permutation-equivariance [33]. The ansatz
consists of general single qubit gates and of para-
metric two-qubit gates applied in a cyclical man-
ner across all pairs of successive qubits. All
single-qubit gates in the same layer share param-
eters, and, similarly, all two-qubit gates in the
same layer share parameters. The ansatz is com-
prised of 4 layers and n = 4 qubits.

We measure local observables over L = 10
probes for each time step t. For the optimisa-
tion of the variational parameters θ in (12), we
use τ = 0.5. The learning rate in (14) is set to
0.001.

The estimator is an LSTM with two hidden
layers with 1000 hidden neurons each and ReLu
activations. We use L2 regularisation and a mul-
tiplicative learning rate decay schedule in (15),
with decay of 0.1 every 50 time steps. As fur-
ther detailed below, we also study Bayesian vari-
ants of the LSTM model based on ensembling [34]
and dropout [35]. These models are known to be
better able to capture the inherent epistemic un-
certainty arising from the use of limited training
data.

The parameters θ1 and w1 in Algorithm 1
are initialized by pre-training the probe circuit

Figure 2: Time-averaged coverage of the proposed dy-
namic scheme as a function of the time steps t for target
average loss values α = 0.2, α = 0.3 and α = 0.4.

and the estimator using a small dataset Dt =
{st, xt}20

t=1 of 20 data samples.
Performance is measured using the coverage

loss (4), and thus the value 1 − α represents the
target average coverage level. Results are aver-
aged over five independent trials.

4.3 Benchmarks

As benchmarks, we consider the following
schemes, all using the same architectures and hy-
perparameters for ansatz and estimator as de-
scribed in Sec. 4.2:

• Static: This basic scheme fixes the threshold
λt = λ in the estimation set (8) by choosing
it uniformly in the interval [0, 2], and it fixes
the variational parameters of probes and es-
timator to respective their initializations.

• Static threshold : To highlight the possible
benefits of using an online update rule, we
also consider a scheme that constructs the
estimation set (8) with a fixed threshold
λt = λ, selected as in the fully static scheme,
while still updating probe and estimator pa-
rameters as in (14).

• Static probe and estimator : To test the per-
formance of the dynamic probe and estima-
tor optimisation strategy presented in (14) in
isolation, we finally consider the case where
probe and estimator are fixed to their initial-
izations, while the threshold λt is adapted as
in (10).

6



Figure 3: Time-averaged coverage of the proposed dy-
namic scheme and of the benchmarks as a function of
the time step t for α = 0.3. The target coverage is
shown in a dashed line.

Figure 4: Time-averaged set size of the proposed dy-
namic scheme and of the benchmarks as a function of
the time step t for α = 0.3.

4.4 Results

We first validate the capacity of the dynamic
threshold adaptation strategy (10) to ensure the
empirical coverage level 1 − α as the time step
t increases for α = 0.2, α = 0.3, and α = 0.4.
The time-averaged coverage 1− L̄(t), where L̄(t)
is defined in (6), is shown in Fig. 2, confirming
that the proposed scheme can achieve arbitrary
coverage rates as stated in Proposition 1.

Then, we compare the performance of the pro-
posed dynamic approach against the benchmarks
described in Sec. 4.2. We show the achieved cov-
erage as a function of the number of epochs in
Fig. 3 and the time-averaged set size in Fig. 4 for
α = 0.3.

The results in Fig. 3 confirm that the dynamic

Figure 5: Time-averaged coverage as a function of the
number of time steps t for the proposed dynamic scheme
with different decoder models.

threshold adaptation (10) can achieve the desired
coverage even with fixed probe and estimator pa-
rameters. However, as seen in Fig. 4, the pro-
posed dynamic optimization of variational pa-
rameters obtains smaller, and thus more infor-
mative, sets.

Finally, we demonstrate the importance of ac-
counting for epistemic uncertainty at the es-
timator side by evaluating the performance of
Bayesian learning techniques, namely ensembling
[34] and dropout [35]. The former uses an en-
semble of 5 LSTMs to make predictions, whilst
the latter drops a portion,set to 0.4, of the neu-
rons in each forward pass when making a predic-
tion whereby repeated passes yield distinct pre-
dictions. In Fig. 5, we show the coverage as a
function of the number of probes, for a target
loss of α = 0.4. As can be seen, both methods
improve the set construction and meet the target
coverage requirement.

5 Conclusions

We have presented an estimation loss control
framework for variational quantum sensing. The
proposed method can theoretically quarantee the
long-term estimation loss. Experimental results
confirm that it can effectively control the estima-
tion loss, whilst providing useful estimates.

Various future research directions arise. For
example, combining the proposed method with
explicit noise mitigation techniques might be able
to help further in parameter estimation. More
sophisticated loss construction rules might also
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be beneficial. In this regard, it would also be
beneficial to theoretically characterise the length
of the set, as it ultimately quantifies the estimator
uncertainty [36].
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