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Sequential analysis in a continuous spin-noise quantum sensor
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Many control and detection applications require real-time analysis of signals from sensors, in order to quickly
and accurately act upon events revealed by the sensors. Such signal analysis benefits from statistical models of
signal and sensor behavior. This creates a need for data analysis methods that are simultaneously model based,
computationally efficient, and causal, in the sense that they employ only sensor data available prior to a specific
point in time. In this work, we implement sequential data analysis techniques on a spin-noise-based quantum
sensor to perform two key tasks: hypothesis testing and quickest change-point detection. These online protocols
allow us to detect weak magnetic fields by adaptively collecting measurement data until a predefined confidence
threshold is reached. We demonstrate these methods in a realistic experimental setting and derive performance
bounds for the achievable precision and response time. Our approach has potential utility when detecting
small perturbations to the magnetic field, in both applied and fundamental contexts including biomagnetism,
geophysical surveys, detection of concealed materials, searches for dark matter candidates, and exotic spin
interactions. Our results demonstrate that sequential techniques enable faster and more sensitive detection,
making them a powerful tool for quantum sensing.
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I. INTRODUCTION

Continuously monitored quantum systems, such as atomic
magnetometers and optomechanical sensors, offer a promis-
ing avenue for ultraprecise quantum sensing [1–11]. These
platforms provide opportunities for real-time statistical infer-
ence in applications ranging from biomedical diagnostics to
materials characterization [5,10,12]. Their ability to operate
in real time makes them particularly suitable for detecting
and tracking stochastic time-varying signals. As such, they
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play a key role in applications requiring online and efficient
detection of abrupt transitions or sudden changes in dynamics.

Despite remarkable theoretical and experimental progress
[13–29], many aspects of real-time quantum sensing protocols
remain largely unexplored.

In most standard approaches to inference tasks, particularly
in hypothesis testing, signal information is analyzed only af-
ter data collection or after multiple experimental repetitions,
thereby limiting the possibility of real-time decision-making.
Sequential analysis offers a fundamentally different paradigm:
Decisions are made progressively as data arrives, enabling
real-time inference while maintaining rigorous statistical
guarantees. Sequential analysis has deep roots in classical
statistics dating back to Wald’s pioneering work in the 1940s
[30]. The field has experienced significant renewed interest
across multiple scientific domains. Modern developments in-
clude algorithms for quickest detection of abrupt changes in
data streams [31], and theoretical advances in safe anytime-
valid inference and e-processes [32] that address fundamental
challenges of continuous monitoring, optional stopping, and
decision-making under finite data constraints. These meth-
ods have found increasing practical application in large-scale
hypothesis-testing scenarios, from clinical trial monitoring to
high-throughput experimental platforms.

A few seminal works have laid the foundation for quan-
tum sequential analysis in settings where identically prepared
copies of a quantum system are supplied on demand. In
Refs. [33,34], the quantum analog of Wald’s [30] problem of
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sequential hypothesis testing was developed. In this setting,
one aims to determine whether a quantum source is emitting
states ρ0 or ρ1, using measurements on successive, identically
prepared systems, and stopping the process once sufficient
evidence has been accumulated to make a reliable decision
within a given confidence level. Similarly, Lorden’s [35] clas-
sical problem of quickest change-point detection (QCPD),
which seeks to identify as promptly as possible the moment
when the statistical properties of a sequence change, was
extended to the quantum domain in Ref. [36]. There, the
system emits quantum states initially prepared as ρ0, which
at an unknown time switch to ρ1, and the task is to detect this
change with minimal delay while keeping false alarms under
control. These works have established fundamental bounds on
performance in such independent and identically distributed
(IID) quantum scenarios, showing that the relevant asymptotic
figure of merit is the quantum relative entropy D(ρ0‖ρ1), just
as the Kullback-Leibler divergence plays a central role in
classical statistics. More recently, quantum-enhanced strate-
gies for quickest change-point detection have been applied in
the context of quantum communication [37–39], indicating
their relevance for real-time decision-making across a broad
range of quantum technologies. Related inference or stop-
ping rule problems have appeared implicitly in early studies
of continuous quantum error correction and quantum filter-
ing, where random error events were inferred from noisy
continuous measurement records and corrected via real-time
feedback [40,41].

This paper considers a distinct quantum sensing paradigm
in which, instead of performing a sequence of measurements
on an increasing number of independently prepared copies,
a continuous sequence of measurements is carried out on
the same quantum system. The goal is to discriminate be-
tween alternative internal dynamics governing the system.
This approach, explored theoretically in the context of binary
hypothesis testing using sequential strategies [42], offers no-
table advantages: It enables real-time analysis of individual
trajectories without requiring ensemble averages, and it can
significantly reduce measurement time by allowing data col-
lection to stop as soon as a hypothesis is identified with the
desired level of confidence.

In this work, we report what is, to our knowledge,
the first experimental implementation of sequential analysis
methodologies in continuously monitored quantum sensors.
We demonstrate this framework using two foundational se-
quential analysis primitives, sequential hypothesis testing and
quickest change-point detection, applied to atomic spin-noise
magnetometry. Atomic magnetometry is among the most
mature and widely adopted in quantum technologies, with
demonstrated relevance in diverse fields [24]. The sensing
platform of optically pumped and probed atomic vapors is ap-
plied in medicine [43,44], materials science [45], geophysics
[46], space science [47], and fundamental physics [48,49].
The statistical properties of spin-noise dynamics has been
studied extensively [50–52], including quantum-enhanced
spectroscopy with squeezed light [53,54] and measurement-
induced spin squeezing [55], and found to have excellent
agreement with gaussian statistical models [22,56], includ-
ing in high-density regimes dominated by spin-exchange
interactions [57,58].

This work is structured as follows: In Sec. II, we present
hypothesis testing, both deterministic and sequential strate-
gies, and quickest change-point-detection scenarios. Here, and
throughout this work, we use the term deterministic to refer
to standard approaches that rely on a predetermined, fixed
number of samples, in contrast to sequential strategies, where
the number of samples is stochastic, as it depends on previous
measurement outcomes. In Sec. III, we explain the physical
model, the dynamics behind the spin-noise quantum sensor,
and the probability distribution that the observations follow.
We then proceed in Sec. IV to show the experimental data and
how we tackle the problem of low-frequency spurious noise in
the system. With this at hand, in Sec. V we present the results
of sequential analysis in the spin-noise system. Finally, in
Sec. VI we derive the optimal asymptotic performance limits
for the studied inference strategies.

II. SEQUENTIAL ANALYSIS: BASIC CONCEPTS
AND METHODS

To introduce the class of sequential strategies considered
in this work, we begin with sequences of n observations
denoted by Rn = (R1, . . . , Rn)T , where n may grow as new
data become available. In hypothesis testing, we are given two
known models labeled h = 0 and h = 1, with the assumption
that the sequence Rn is generated by one of them. The goal
is to sequentially evaluate the plausibility of these hypothe-
ses as more observations are collected, terminating when the
evidence reaches a predetermined confidence level.

The change-point-detection scenario, on the other hand,
assumes that the observations initially follow model h = 0,
but may transition to model h = 1 at some unknown point in
the sequence. Here, the task becomes monitoring the stream
of observations to detect such a change as quickly as possible
while controlling the rate of false alarm.

As we will shortly see, in both sequential hypothesis testing
and quickest change-point detection, the central quantity that
must be computed and monitored is the log-likelihood ratio
(LLR) statistic:

LR,n := ln
p1(Rn)

p0(Rn)
. (1)

Here, pi(Rn) := p(Rn|hi ), for i = 0, 1, denotes the probability
density function of Rn under hi. Tracking this single scalar
statistic is sufficient to implement our optimal stopping rules
and inference decisions.

A. Binary hypothesis testing

In binary hypothesis testing, the goal is to decide which of
two mutually exclusive hypotheses, labeled h = 0 and h = 1,
correctly describes a system or process based on observed
data. Each hypothesis corresponds to a distinct probability
distribution for the observations. Since decisions are made
from finite noisy data, errors are unavoidable. These errors are
quantified by two standard metrics: the type-I error (false pos-
itive), α1, which occurs when h = 0 is rejected even though it
is true, and the type-II error (false negative), α0, which occurs
when h = 0 is accepted while the true hypothesis is h = 1.
Broadly, the goal of hypothesis testing is to design decision
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strategies that minimize these errors using the least amount of
resources, such as the minimum number of measurements or
samples.

1. Hypothesis testing with deterministic time

In the standard approach, a sequence of measurement data
of predetermined length n is collected, after which a definitive
decision regarding the true hypothesis is made. Such decision
faces an inherent trade-off between the two error probabilities
α0 and α1, which generally cannot be minimized simulta-
neously. Different testing paradigms emerge depending on
the optimization criteria. An asymmetric test strategy mini-
mizes one error probability while constraining the other below
a specified threshold, which is particularly relevant when
one error type carries greater consequences than the other.
In contrast, symmetric testing naturally appears in Bayesian
frameworks where prior probabilities {π0, π1} are assigned to
the different hypotheses. Here, the optimal strategy is the one
that minimizes the average error probability

Perror = π0α1 + π1α0. (2)

In order to perform the optimal decision in these problems, it
is sufficient to compute the LLR statistic Ln(Rn) from Eq. (1),
choose an appropriate threshold a, and carry out the likelihood
ratio test [59]:

(1) accept h = 1, if Ln > a,
(2) accept h = 0, if Ln � a,

which renders the error probabilities,

α0 = P1(Ln < a) =
∫ a

−∞
p1(�) d�,

α1 = P0(Ln � a) =
∫ ∞

a
p0(�) d�, (3)

where ph(�) is the probability density function of the test
statistic Ln under hypothesis h = 0, 1. The threshold a
controls the trade-off between type-I and type-II errors: De-
creasing a reduces α1 at the cost of increasing α0, and vice
versa. For equal prior probabilities (π0 = π1), the optimal
decision rule is the maximum-likelihood estimator, which cor-
responds to setting a = 0.

For a large number n of IID observations, the error prob-
abilities decay exponentially with n, with rates characterized
by fundamental information-theoretic quantities [59]. In par-
ticular, the Chernoff information

C(p0, p1) := − min
0�s�1

ln
∫

p0(x)s p1(x)1−sdx (4)

determines the optimal error exponent for symmetric hypoth-
esis testing, satisfying

− lim
n→∞

1

n
ln Perr = C(p0, p1). (5)

In asymmetric hypothesis testing, the Kullback-Leibler diver-
gence (relative entropy)

D(p0‖p1) :=
∫

p0(x) ln
p0(x)

p1(x)
dx (6)

governs the optimal type-II error exponent. Specifically, when
constraining the type-I error probability α1 < ε for some con-

stant ε < 1/2, we have

− lim
n→∞

1

n
ln α0 = D(p0‖p1). (7)

This represents the fastest achievable error rate, as guaranteed
by the converse of Stein’s lemma [59]: Any attempt to achieve
a better error exponent would necessarily drive the type-I error
probability to 1, resulting in complete loss of discrimination
power.

Equivalent asymptotic expressions can also be derived for
(non-IID) Gaussian noise processes, like those arising in our
setup (see Refs. [16,60] and Sec. VI).

2. Sequential hypothesis testing

In the context of continuously monitored sensors, rather
than fixing the duration of the experiment and then assessing
the error probability, it is more natural to perform inference
on the fly, continuing measurements until a desired error
threshold is reached. In this setting, the inference strategy
involves not only a decision rule but also a stopping time—a
criterion that dictates whether to continue or stop based on the
observations. Note that since the observations are stochastic,
the stopping time is itself a random variable.

In the Bayesian framework, such a stopping rule directly
follows from the operational requirement that one may stop
only when, based on the current measurement record, the
probability of correctly identifying hypothesis h = 0 is at least
s0 = 1 − ε0, and that of h = 1 is at least s1 = 1 − ε1, i.e.,

p(hk|Rn) = p(Rn|hk )πk

p(Rn|h0)π0 + p(Rn|h1)π1
� 1 − εk, (8)

where k = 0, 1 and we have made use of Bayes’ rule. The
above inequalities can be conveniently expressed in terms of
the log-likelihood ratio:

(1) Stop and accept h = 0 if Ln � −a0 := − ln( π0
π1

1−ε0
ε0

).

(2) Stop and accept h = 1 if Ln � a1 := − ln( π1
π0

1−ε1
ε1

).
(3) Continue if −a0 < Ln < a1.
This protocol is known as the sequential probability ratio

test (SPRT) [30] and its stopping time is given by

N := inf{n : Ln(Rn) /∈ (−a0, a1)}. (9)

Since the decision to stop depends only on data observed up
to time n � N , it defines a valid stopping time in the sense
of stochastic decision theory. Notice that for ε0 = ε1 = ε, the
error probability from Eq. (2) satisfies Perr � ε.

Wald [30,61] showed that the thresholds a0, a1 in the SPRT
algorithm are also in one-to-one correspondence with the
type-I and type-II errors, whose definitions do not involve
Bayesian priors. Specifically, for a process that stops either
at LN = −a0 or at LN = a1,

α0 = 1 − e−a1

ea0 − e−a1
, α1 = 1 − e−a0

ea1 − e−a0
. (10)

Wald and Wolfowitz [62] showed that, among all strategies
constrained by given type-I and type-II error bounds, the
SPRT minimizes the expected stopping time under each hy-
pothesis. Analogously to the deterministic error rates [Eqs. (4)
and (6)] for sequential strategies, an asymptotic relation
connects the expected number of observations to the error
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bounds:

E0[N] ∼ − ln α0

D(p0‖p1)
and E1[N] ∼ − ln α1

D(p1‖p0)
(11)

in the limit of small error bounds α0, α1 � 1. Clearly,
sequential strategies achieve the same error probabilities
with far fewer observations on average. In particular, the
SPRT achieves the fastest possible exponential decay of
both error probabilities, each governed by the corresponding
Kullback-Leibler divergence. This is in contrast to fixed-
length (deterministic) strategies that can attain such a decay
rate for one error, but only at the expense of keeping the other
error probability finite.

In non-IID and quantum scenarios, recent works [33,34,42]
have also demonstrated the advantages of the SPRT, further
extending its relevance beyond classical settings.

B. Quickest change-point detection

Detecting abrupt changes in continuously monitored quan-
tum systems is a fundamental task, as it captures the general
challenge of identifying sudden shifts in the underlying
dynamics while balancing detection speed and reliability.
Beyond its conceptual importance, this problem has direct
practical relevance in contexts such as early detection of fires
or hazardous substances, or other environmental and medical
monitoring, where timely responses to unexpected events are
crucial.

In this subsection, we review the problem of quickest
change-point detection, which aims at identifying a sudden
change in the underlying quantum dynamics while minimiz-
ing both false alarms and detection delay. The cumulative
sum (CUSUM) algorithm first proposed by Page [63] is one
of the most widely used methods for quickest change-point
detection. Its popularity stems from two main features: its
computational efficiency, which allows real-time implemen-
tation, and optimality under certain mild conditions. In the
IID scenario, Lorden [35] showed that CUSUM minimizes the
worst mean detection delay among the strategies with a given
bound on the mean false alarm time. Lorden’s asymptotic
optimality proof was later shown to hold also for finite times
[64,65]. The CUSUM algorithm was extended to non-iid set-
tings and its asymptotic optimality was also proven under
some reasonable conditions by Lai [66].

In the IID quickest change-point-detection problem, the
observations are assumed to be independent and distributed
according to a prechange distribution p0(Rn) before the un-
known change time n < ν and a postchange distribution
p1(Rn) for n � ν. In more general, non-IID settings, the sta-
tistical model is specified through the conditional distribution
of each observation given the past: The probability density
function of Rn, conditional on R1 · · · Rn−1, is given by

p0(Rn|R1 · · · Rn−1), for n < ν (before change), (12)

p1(Rn|R1 · · · Rn−1), for n � ν (postchange). (13)

The CUSUM algorithms can be described in terms of the
likelihood ratio between the change-point occurring at time

1 � k � n and no change occurring in that time:

L(k)
n := ln

p1(R1:n)

p0(R1:n)
(14)

= ln

∏k−1
i=1 p0(Ri|R1:i−1)

∏n
i=k p1(Ri|R1:i−1)∏n

i=1 p0(Ri|R1:i−1)

= ln
n∏

i=k

p1(Ri|R1:i−1)

p0(Ri|R1:i−1)
=

n∑
i=k

�Li, (15)

where the likelihood ratio increment at step i is defined as

�Li = ln
p1(Ri|R1:i−1)

p0(Ri|R1:i−1)
, (16)

which is positive whenever the event at i is more likely to be
caused under the changed hypothesis than under the default
one.

The crucial statistic is the cumulative sum:

Mn = max
1�k�n

n∑
i=k

Li. (17)

The CUSUM algorithm outputs change-point detection when-
ever this quantity exceeds a given threshold a and the
corresponding stopping, or detection, time is given by

T = inf{n : Mn � a}. (18)

The threshold a is chosen so that the mean false alarm time is
guaranteed to exceed a given positive number:

TFA := E0(T ) � ln a. (19)

Under such condition on the false alarm time, Lai showed
that the stopping time T minimizes the worst-worst case mean
delay [31,66]

τ̄ 
 := sup
ν�0

ess sup Eν (T − ν|T > ν, R1:ν ). (20)

This figure of merit considers the worst delay over all pos-
sible locations of the change point and over (almost) all
measurement outcomes before the change. A less strict way
of assessing the performance of the protocol is the maximal
conditional average delay of detection:

τ̄ := sup
ν�0

Eν (T − ν|T > ν) � τ̄ 
. (21)

We note that, as a valuable by-product, whenever the CUSUM
algorithm signals a detection, i.e., Mn > a, the value of k that
maximizes Eq. (17) provides a very good guess of where
the change actually occurred. Indeed, from the definition in
Eq. (14) it is clear that it corresponds to the most likely
hypothesis 1 � k � n. That is, the CUSUM algorithm effec-
tively checks at every time step if the current measurement
record is a given factor more likely to be given due to a change
at a previous time than due to the default hypothesis.

In the IID setting, one can give a closed-form formula that
quantifies the trade-off between the false alarm time and the
mean detection time:

τ̄ ∼ ln TFA

D(p0‖p1)
. (22)

As we will see in Secs. V B and VI, in our setting a sim-
ilar relation holds where the regularized expectation value
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FIG. 1. Scheme of the atomic sensor: An ensemble of 87Rb atoms
precesses at the Larmor frequency ωL under the action of an external
magnetic field B. A probe laser beam monitors this precession via
the Faraday effect, generating a photocurrent proportional to Jz, the
z component of the collective spin, with added shot noise.

of the likelihood ratio plays the role of the relative entropy
D(p0‖p1).

The same notation for T, TFA, ν, τ̄ ∗, τ̄ will be used for both
index values in a time series and actual times (discrete or
continuous). The intended meaning will be clear from the
context or explicitly specified when needed.

III. SPIN-NOISE QUANTUM SENSOR

This section outlines the experimental setup of the quantum
sensor (Sec. III A) and the corresponding probability distri-
bution of the measured signal (Sec. III B). These elements
provide the foundation for calculating the Ln statistic in order
to apply the sequential protocols described in Sec. II. How-
ever, since computing Ln directly from this distribution in
real time is impractical, in Sec. III C we present a recursive
method to obtain it using the so-called Kalman filter. Finally,
in Sec. III D to enable an analytical and asymptotic analysis
of the log-likelihood ratio in further sections, we examine the
signal in the frequency domain and treat the dynamics of the
system as a linear time-invariant filter.

Our experimental setup for the spin-noise sensor is shown
schematically in Fig. 1. It consists of an ensemble of 87Rb
atoms, whose joint state is well described by the collective
spin operators Jt , with components Ji(t ) for i = x, y, z. These
operators capture the total spin of the ensemble at time t
and govern its dynamical evolution. Under the action of an
external magnetic field B = Bex, the atomic spin Jt under-
goes a precession around the direction of B, at the so-called
Larmor frequency ωL, which is proportional to the magnitude
of B. This precession can be continuously measured via the
magneto-optical Faraday effect, using an off-resonant light
beam propagating along the z axis and linearly polarized in the
x direction. As the spin precesses, the plane of polarization of
the probe beam rotates proportionally to Jz, and this rotation
is detected by a polarimeter that outputs a photocurrent signal
carrying information about the spin dynamics, superimposed
with optical shot noise.

The measured photocurrent provides a continuous time
trace whose statistical properties are directly determined by
the underlying spin dynamics and, consequently, by the value
of the magnetic field through the Larmor frequency ωL.
Atomic magnetometers based on this principle are among
the most sensitive magnetic-field sensors available, achieving
high precision without requiring cryogenic cooling, large su-
perconducting magnets, or other complex infrastructure. Their
relatively low cost, portability, and ability to operate under
ambient conditions make them attractive for a wide range
of applications, including biomagnetic sensing, geophysical
prospecting, navigation, and the detection of concealed metal-
lic objects. In this work, we focus on hypothesis-testing and
change-detection scenarios in which the magnetic field can
take one of two possible values, corresponding to differ-
ent Larmor frequencies. Such situations arise, for example,
when the presence of a nearby object perturbs a background
magnetic field or when a physiological signal induces a tran-
sient magnetic variation. Our goal is to determine, from the
continuously monitored photocurrent, which magnetic-field
hypothesis is realized and, in particular, to detect abrupt tran-
sitions between them as quickly as possible.

A. Experimental details

Isotopically enriched 87Rb atoms are contained in a 3-cm-
long vapor cell filled with 100 torr of N2 buffer gas (pressure
specified at room temperature). The cell is enclosed in four
layers of mu-metal shielding to suppress environmental mag-
netic fields. The atoms are heated inside a ceramic oven to
102 ◦C using intermittent Joule heating, yielding an atomic
number density of 8.2×1012 atoms/cm3. Induction coils
driven by a waveform generator (Keysight 33500B) followed
by a low-noise current source (TwinLeaf CSUA300) generate
DC magnetic fields along the x axis with strengths around
B ≈ 7.22 µT, corresponding to a Larmor frequency of
ωL ≈ 2π × 50.5 kHz. The bias magnetic-field step was im-
plemented via a pulse function from the waveform generator
and synchronized with the data acquisition system.

The polarization rotation of a linearly polarized probe
beam (830 µW) is measured with a shot-noise-limited po-
larimeter consisting of a half-wave plate, a Wollaston prism,
and a balanced photodetector (Thorlabs PDB450A). The
probe is derived from a tunable diode laser (Toptica DL100)
operating at 795 nm, frequency stabilized via a fiber inter-
ferometer [67] to be 27 GHz blue detuned from the D1 line.
The detector output is digitized with a National Instruments
PCI-4462 data acquisition card with 200 kSa/s sampling rate.
Data were collected in 200 repeated samples, each acquisition
lasting 2 s.

B. Physical model and underlying probability
distribution of the signal

The stochastic model that describes the dynamics of
the components of spin and the measured photocurrent I
is described in detail in Ref. [22]. Relying on the Itô
formulation for stochastic differential equations [68], the dy-
namics of the spin components in the transverse yz plane,
Jt := (Jy(t ), Jz(t ))T , are described by the Ornstein-Uhlenbeck
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process:

dJt = Â · Jt dt + N̂dW , with Â =
( −γ ωL

−ωL −γ

)
, (23)

N̂ = √
Q12, and dW = (dWx, dWy)T with dWx and dWy two

independent Wiener noises. The matrix Â encapsulates co-
herent Larmor precession at frequency ωL and transverse
relaxation at rate γ . Both γ and the noise term with strength
N̂ originate from different noise processes including atomic
collisions, optical depolarization, and transit-time broadening.
Together, these parameters define a linear Gaussian model for
the spin dynamics under continuous monitoring.

The photocurrent I generated by the optical detection pro-
cess is sampled at finite-time intervals tk = k�, where k ∈ N
and � denotes the sampling period. The photocurrent captures
information about the collective spin while being affected by
optical shot noise ξ (tk ), which is assumed to be Gaussian
and statistically independent of Jt . The sensor output is thus
described by the discrete-time stochastic equation:

Ik = ĈJtk + ξ (tk ) = gDJz(tk ) + ξ (tk ), (24)

where Ĉ = gD(0, 1) defines the measurement coupling, with
gD the transduction constant. The measurement noise ξ (tk ) is
zero-mean Gaussian white noise ξ (tk ) ∼ N (0, Gk ), with vari-
ance Gk = Sph/� ∀k ∈ N, where Sph is the spectral density of
the photon shot noise.

In the steady state, the probability distribution of n
photocurrent observations, In = (I1, . . . , In)T , follows a mul-
tivariate normal distribution In ∼ N (μn, T̂n), with mean μn =
0 and covariance matrix T̂n with elements (see Appendix A):

Ti, j = Ki− j,

with

Kk := g2
D

Q

2γ
e−γ |k|� cos (kωL�) + δk,0

Sph

�
. (25)

Explicitly,

p(I1, . . . , In) = exp
(− 1

2 IT
n T̂ −1

n In
)

√
(2π )n det T̂n

. (26)

From Eq. (26), one can see that the log-likelihood ratio LI,n in
Eq. (1) is given by

LI,n = 1

2
ln

(
det T̂0,n

det T̂1,n

)
+ 1

2
IT

n

(
T̂ −1

0,n − T̂ −1
1,n

)
In, (27)

where T̂h,n stands for the covariance matrix under hypothesis
h after n measurements. Notice that, since the process is
stationary, each descending diagonal (from left to right) of the
covariance matrix is constant; i.e., T̂n is a Toeplitz matrix. We
will exploit this structure, as the spectral properties of Toeplitz
matrices and their associated functionals are well studied
(see Appendix B). For instance, the mean of LI,n can be
immediately read off Eq. (27), by noting that Eh[InIT

n ] = T̂h,n.
Similarly, the characteristic function of LI,n under hypothesis
h, which completely determines its probability density func-

tion after n observations, can be computed as

φLI (u) := Eh[eiuLI ] = η
iu
2√

det(1 − iuD̂T̂h,n)
, (28)

where we defined D̂ := T̂ −1
0,n − T̂ −1

1,n and η = det T̂0,n

det T̂1,n
. From

here, we can easily obtain the mth cumulant κm,n of the LLR
at time step n:

κh
m,n = i−m dm ln φ(u)

dum

∣∣∣∣
u=0

= 1

2
(m − 1)! Tr((D̂T̂h,n)m) + δm,1

1

2
ln η. (29)

In the limit of large n, for Toeplitz matrices arising from
short-memory stationary processes, such as those defined in
Eq. (27), the operator traces appearing in Eq. (29) can be
computed (see Appendix B):

κh
m,t = t

2π
(m − 1)!

∫ ∞

0

(
S̄I,h(ω)

S̄I,0(ω)
− S̄I,h(ω)

S̄I,1(ω)

)m

dω

+ t

2π
δm,1

∫ ∞

0
ln

(
S̄I,0(ω)

S̄I,1(ω)

)
dω + O(1), (30)

where t = n� and S̄I,h(ω) is the power spectral density (PSD)
of the signal, given by the Fourier transform of the autocorre-
lation function, i.e.,

S̄I,h(ω) :=
∫ ∞

−∞
Kh,t e

−iωt dt

= Sat

(
γ 2

γ 2 + (ω − ωL )2
+ γ 2

γ 2 + (ω + ωL )2

)
+ Sph,

(31)

with Sat := g2
DQ

2γ 2 . Here, and in the following, the subleading
O(�) terms from the continuum approximation are omitted
for clarity. Also, with a slight abuse of notation, we write Kt

for the continuous-time analog of the discrete Kk of Eq. (25)
in the limit � → 0 and similarly generalize this notation to
other quantities.

Equation (30) shows that the mean, variance, and higher-
order cumulants of the log-likelihood ratio LI grow linearly
with time (up to subleading constant corrections), indicating
that the distribution of LI becomes increasingly peaked and
concentrates around its mean.

C. Hybrid Kalman filter for probability
distribution of the signal

The Kalman Filter provides a recursive Bayesian algorithm
to infer the hidden state of linear Gaussian systems. It is
widely used to estimate time-varying signals, as it yields the
optimal estimator minimizing the mean-squared error (MSE)
[69,70], e.g., in Ref. [22]. In our case, we use the KF not to
estimate the hidden signal itself, but to recursively compute
the probability distribution in Eq. (26).

The main idea is that the probability of the full measure-
ment record p(I1, . . . , In) can be built iteratively via the chain
rule. The recursion starts from a prior p(Jt0 ), which we take
as the stationary distribution of the hidden process under the
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hypothesis being tested. The state is then updated recursively
through prediction and update steps as new observations be-
come available.

At step k = 1, after observing I1, we update the prior via
Bayes’ rule:

p(Jt1 |I1) = p(I1|Jt1 ) p(Jt1 )∫
p(I1|Jt1 ) p(Jt1 ) dJt1

. (32)

For k > 1, the prediction step propagates the posterior via the
state-space transition model:

p(Jtk |I1:k−1) =
∫

p(Jtk |Jtk−1 ) p(Jtk−1 |I1:k−1) dJtk−1 ,

followed by the update

p(Jtk |I1:k ) = p(Ik|Jtk ) p(Jtk |I1:k−1)

p(Ik|I1:k−1)
, (33)

with normalization

p(Ik|I1:k−1) =
∫

p(Ik|Jtk ) p(Jtk |I1:k−1) dJtk , (34)

where we have used the shorthand notation I1:k ≡ (I1, . . . , Ik ).
Since both the dynamical model and the measurement

model are Gaussian, all these integrals can be computed ana-
lytically, yielding Gaussian distributions at each step [71]. In
particular, p(Ik|I1:k−1) = N (μk, σ

2
k ), where the mean μk and

variance σ 2
k are explicit symbolic functions of the model pa-

rameters and the previous data, computed recursively through
the Kalman filter equations.

By iterating these steps and using the chain rule, we obtain
the full likelihood of the observed data as

p(I1:n) =
n∏

k=1

p(Ik|I1:k−1) =
n∏

k=1

e
− (Ik −μk )2

2σ2
k√

2πσ 2
k

. (35)

When comparing two hypotheses h = 0, 1, where each hy-
pothesis specifies different system parameters and therefore
distinct Kalman estimators (μk,h, σ

2
k,h), the log-likelihood ra-

tio reads

LI,n =
n∑

k=1

(
ln

σk,0

σk,1
+ 1

2σ 2
k,0

(Ik − μk,0)2

− 1

2σ 2
k,1

(Ik − μk,1)2

)
. (36)

Notice that Eq. (36) is the discrete-time counterpart of the
log-likelihood-ratio process derived in Ref. [42] for general
continuously monitored Gaussian systems. To account for
continuous dynamics with discretely sampled measurements,
we employ the continuous-discrete (hybrid) Kalman filter.
The explicit algorithm is detailed in Appendix C.

D. Process as a filter and probability distribution
in the asymptotic regime

As mentioned in the beginning of Sec. III, the dynamics of
observations comprised in Eqs. (23) and (24) can be under-
stood as a linear time-invariant filter that inputs Wiener noise
and outputs the detected photocurrent.

A complete characterization of such continuous-time sys-
tems is provided by the transfer matrix function, which
describes the system in the Laplace domain and fully specifies
the response of the system to any input. By taking the Laplace
transform, denoted by L, of Eq. (23), we obtain

L(Jt ) = ĤD(s)L(W t ), (37)

where the transfer matrix is ĤD(s) = (s1 − Â)−1.
Restricting the Laplace variable to the imaginary axis,

s = iω, yields the Fourier transform, F , of the system:

F (Jt ) = ĤD(iω)F (W t ). (38)

This expression allows us to understand the process as a
simple input-output relation in frequency domain in the long-
time limit. The output inherits the essential statistical features
of the input, shaped by the filter’s frequency response. In
particular, when W t is a stationary Gaussian process,1 Jt re-
mains stationary and Gaussian. By multiplying Eq. (38) by its
conjugate transpose, one can get a connection between their
asymptotic multivariate periodograms,

SJ (ω) = |ĤD(iω)|2SW (ω). (39)

Evaluating |ĤD(iω)|2 and taking the white noise input
E[SW (ω)] = Q12, one recovers the well-known Lorentzian
line shape centered at the Larmor frequency:

E[SJz (ω)] = Q/2

γ 2 + (ω − ωL )2
+ Q/2

γ 2 + (ω + ωL )2
, (40)

defined over ω ∈ (−∞,∞). Note that, since the signal is
real valued, the Fourier components at positive and negative
frequencies are always complex conjugates of each other. In
addition, in the regime where ωL � γ , the Lorentzian peak
centered at −ωL contributes negligibly to the spectrum in
the positive-frequency domain. It is therefore sufficient to
consider only the positive-frequency branch:

E[SJz (ω)] ≈ Q/2

γ 2 + (ω − ωL )2
, ω ∈ (0,∞). (41)

To obtain the output signal from Eq. (24), we need to take
into account that Jz enters in the photocurrent description
sampled at periods � and therefore an analogous analysis
in the discrete case must be carried out. In this scenario, the
equivalence of the s-domain representation is the so-called z
domain. The discrete version of the transfer function for our
system is

Ĥd
D (z) = (12 − z−1(12 + Â�))−1, (42)

and the frequency response, i.e., restricting z = e−iω�,

Ĥd
D (eiω�) = (12 − e−iω�(12 + Â�))−1, (43)

1For continuous-time stochastic processes (e.g., Wiener noise
appearing here) that are non-square-integrable, the Fourier trans-
form F (Xt ) must be understood as a finite-time, normalized limit:
F (Jt )(ω) := limT →∞ 1√

T

∫ T
0 Jt e−iωt dt , which ensures the transform

is well defined and properly captures the long-time spectral content
of the process [72].
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with ω ∈ (− π
�

, π
�

). Notice that now the frequency resolution
is bounded by the sampling frequency 1

�
. Finally, for a small

�, one can relate the continuous and discrete versions:

∣∣Ĥd
D (eiω�)

∣∣2 = |ĤD(iω)|2
�

+ O(1). (44)

Equipped with these results, and noting that the detected sig-
nal, I in Eq. (24), is linearly coupled to J plus some added
independent background noise, we can derive its PSD in the
limit of high sampling rate, i.e., small �, and recover the
Lorentzian profile found in Eq. (31).

Following the structure of the previous two subsections,
we now present the asymptotic probability distribution of the
signal in the continuum, long-time limit.

As discussed above, the statistical properties of the output
signal It are inherited from those of the input white noises.
In particular, stationarity implies that for any time shift τ ,
the process It+τ has the same statistics as It . Consequently,
the Fourier components FI (ω) and e−iωτFI (ω) must be iden-
tically distributed, which implies that the phase of FI (ω) is
uniformly distributed over [0, 2π ). Since FI (ω) is a linear
functional of a Gaussian process, it is itself a complex Gaus-
sian variable. The uniformity of the phase then ensures that the
real and imaginary parts of FI (ω) are independent, identically
distributed Gaussian variables.

Moreover, stationarity also implies that the Fourier com-
ponents FI (ω) and FI (ω′) are uncorrelated for ω �= ω′
(excluding the case ω′ = −ω, which is perfectly correlated for
real-valued signals, as noted above), and since they are jointly
Gaussian, they are statistically independent. Therefore, in the
frequency domain, FI (ω) consists of independent complex
Gaussian variables across frequencies, each with independent
real and imaginary parts.

As a result, the power spectral density SI (ω) = |FI (ω)|2
is the sum of the squares of two independent, identically
distributed Gaussian variables; i.e., it follows a χ2 distribution
with two degrees of freedom or, equivalently, an exponential
distribution:

p(SI (ω)) = 1

S̄I (ω)
e−SI (ω)/S̄I (ω), (45)

where S̄I (ω) = E[SI (ω)] is the mean power spectrum at fre-
quency ω from Eq. (31) (see also Refs. [53,54]).

The joint probability distribution of the signal across all
frequencies factorizes into a product of exponentials given by
Eq. (45) at each frequency. In the continuum limit, this leads
to the following expression for the asymptotic log-likelihood
ratio:

LSI = t

2π

∫ ∞

0
ln

(
S̄I,0(ω)

S̄I,1(ω)

)
dω

+ t

2π

∫ ∞

0

(
1

S̄I,0(ω)
− 1

S̄I,1(ω)

)
SI (ω)dω. (46)

That is, the LLR is given by a weighted sum of independent
exponential random variables and yields cumulants matching
the leading-order terms in Eq. (30), as expected in the large-
n limit. Indeed, these results are fully consistent with the
asymptotic diagonalization of Toeplitz covariance matrices
discussed in Sec. III B, where the Fourier basis asymptoti-

FIG. 2. Representative time- and frequency-domain traces from
two datasets, corresponding to hypotheses differing in the magnitude
of the magnetic field, i.e., differing in our model [Eqs. (23) and (24)],
only through the Larmor frequencies, labeled ωL,0 and ωL,1. The
values of ωL and other model parameters are estimated in Sec. V A.
Top: example time traces before (left) and after (right) high-pass
filtering. Bottom: PSDs averaged over 200×2 s traces, before (green,
orange) and after (red, blue) filtering. The frequency response of the
filter is indicated on the right-hand y axis, and the inset (same units
as main) provides a close-up into 40–60 kHz near the Larmor peaks.

cally diagonalizes such matrices and the PSDs appear as their
eigenvalue spectra [73,74]. There exists a well-established
body of results (see Sec. IV B), which provides precise asymp-
totic expressions for functionals of Toeplitz matrices together
with rigorous results on their convergence rates. This frame-
work will allow us to systematically connect the infinite-size
limit with the corrections that arise at finite n.

IV. EXPERIMENTAL DATA, HIGH-PASS FILTER,
AND LOG-LIKELIHOOD RATIO

A. Experimental data and notch filter

The detection strategies considered in this work rely on
the assumption that the observed data align with the under-
lying theoretical model. However, the current physical model
does not account for low-frequency spurious noise, which is
particularly prominent near zero frequency and is ubiquitous
in laboratory environments. Figure 2 illustrates examples of
random traces corresponding to two different high Larmor
frequencies, where the presence of such low-frequency noise
can be clearly observed.

A complete characterization of this spurious noise that
could be incorporated into our model is futile, due to its
diverse and unpredictable origins. Instead, we address the
issue by applying a linear time-invariant causal filter to the
observations. The filter must satisfy three essential properties:
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first, it must be implementable in real time; second, it must
effectively suppress the unwanted noise; and third, its impact
on the relevant information in the data, specifically around
the Lorentzian peak, must be minimal. This last point will
be verified by quantifying the influence of the filter on our
primary statistic, Lt , as will be shown in the next subsection.

For this purpose, we apply to the signal In the following in-
finite impulse response high-pass filter, designed to eliminate
the zero-frequency component and attenuate low-frequency
noise. Denoting the output by Rn = (R1, . . . , Rn)T , the result-
ing signal is

Rk = αRk−1 + √
α(Ik − Ik−1), (47)

where the parameter 0 < α < 1 regulates the strength of the
filter.

Figure 2 shows the result of applying the high-pass fil-
ter to the time traces. The filtered signals are now centered
around zero, with low-frequency components effectively sup-
pressed, yielding data that better match the model predictions
of Eqs. (23) and (24).

To understand the impact of the high-pass filter, we start
by noting that the transformation from In to Rn is affine, and
therefore the Gaussianity of the observations is preserved.
Now, Rn ∼ N (0, �̂n), with Rn = B̂nIn and �̂n = B̂nT̂nB̂T

n ,
where T̂n and B̂n are n × n Toeplitz matrices with matrix
elements, respectively, given by Eq. (25) and Bi, j = √

α(α −
1)α|i− j| + √

α(2 − α)δi, j . After the filter stabilizes, �̂n also
becomes a Toeplitz matrix with diagonal entries �k that for
high Larmor frequencies, i.e., far from spurious noises,

�k ≈
(

1 − b2

ω2
L

)
Tk − b

(
Sph

2
+ g2

DQγ

2ω2
L

)
e−b|k|� + O

(
1

ω3
L

)
,

(48)

where b is implicitly defined via α = e−b� to facilitate tak-
ing the continuous-time limit. Notice that �k is essentially
proportional to Tk —the correlations that will give rise to the
Lorentzian centered at ωL— since the term b2/ω2

L is small in
this regime. The other term in Eq. (48) is a contribution at zero
frequency that will be negligible by the functional in the LLR
expression.

In the frequency domain, the asymptotic transformation
from SI (ω) to SR(ω) is given by the transfer function Hd

R (z) =√
α 1−z−1

1−αz−1 evaluated at z = e−iω�. Again, taking into account
α = e−b�, the square modulus of the frequency response
satisfies∣∣Hd

R (eiω�)
∣∣2 = 2α

1 − cos (ω�)

1 + α2 − 2α cos (ω�)

= ω2

b2 + ω2
+ O(�), ω ∈

(
− π

�
,

π

�

)
, (49)

where |HR(iω)|2 = ω2

b2+ω2 is the continuous version. Now,
one can see how this filter has the effect of eliminating the
zero-frequency component, reducing the low-frequency noise,
and at the same time leaving the high-frequency components
largely untouched. Other filters, such as the moving aver-
age filter or the Kalman filter, could reduce zero-frequency
spurious noise, but it would not have the desired effect of

FIG. 3. Block diagram of the process represented with the trans-
fer matrices.

annihilating it. Indeed, for large frequencies,

SR(ω) = ω2

b2 + ω2
SI (ω) =

(
1 − b2

ω2

)
SI (ω) + O

(
1

ω3

)
.

(50)

For high ωL, the high-pass filter has negligible effect in the
region of interest, i.e., near the Lorentzian peak. Figure 2
shows the PSD averaged over 200 experimental traces, with
and without filtering. The spurious low-frequency noise ex-
ceeds the Lorentzian peak by nearly 10 orders of magnitude,
justifying the use of the high-pass filter. Figure 3 presents a
diagram of the complete process, interpreted as an effective
filter.

B. Effect of the high-pass filter on the log-likelihood ratio

The previous section demonstrates, via frequency-domain
analysis, that the filter preserves relevant signal information in
the long-time limit while suppressing spurious low-frequency
noise. However, the filtered time trace Rn = B̂In differs sub-
stantially from the raw input In at every time step. Since
the Kalman filter computes LI recursively from filtered data,
finite-time effects could in principle degrade performance or
compromise the theoretical guarantees. We address this con-
cern by quantifying how filtering modifies the Kalman filter
output and verifying that these corrections remain negligible
at timescales relevant to our protocol.

Since the log-likelihood ratio depends only on the observed
data, we define

LR(In) := LI (Rn),

which has the same functional form as LI given in Eq. (27),
but evaluated on the filtered observations. Explicitly, this cor-
responds to

LR,n = 1

2
ln

det T̂0,n

det T̂1,n
+ 1

2
IT

n B̂T
(
T̂ −1

0,n − T̂ −1
1,n

)
B̂In. (51)

We quantify the error induced by the filter by

εn := LI,n − LR,n = 1
2 IT

n M̂In, (52)

where we combined Eqs. (27) and (51) and defined M̂ :=
D̂ − B̂T D̂B̂ with D̂ = T̂ −1

0,n − T̂ −1
1,n .

We expect that the log-likelihood ratio is primarily dom-
inated by spectral components near the Larmor frequencies.
Since the high-pass filter acts trivially at these high frequen-
cies [see Eq. (50)], the difference introduced by filtering
should be small. Specifically, we anticipate that the error term
εn ∼ b2

ω2
c
LSI , where ωc := 1

2 (ω0 + ω1), is the high frequency
around which both hypotheses h = 0, 1 are centered.

To verify that the effect of the low-frequency filtering can
be safely neglected and that the finite-time corrections are
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TABLE I. Results for the five estimated parameters. We present
the inferred value, the analytical standard deviation σ obtained from
the Cramér Rao bound, and the empirical MSE of the standard
deviation simulating the experiments with a total number of 1000
batches.

Parameter Unit Estimated Value σ MSE

γ Hz 330.90 0.90 0.98
ωL,0 Hz 50 114.03 0.97 0.98
ωL,1 Hz 50 550.88 0.97 1.02
Sat µV2/Hz 31.768 0.087 0.094
Sph µV2/Hz 13.0457 0.0038 0.0040

small, we compute the mean and variance of εn. Note that
Eq. (52) defines εn as a quadratic functional of the signal, and
as in Sec. III B, a closed-form expression for the mth cumulant
under hypothesis h can be written as

κ̃h
m,n = (m − 1)!

2
Tr((M̂T̂h,n)m) = O(1) + t (m − 1)!

2π

×
∫ ∞

0

(
b2

ω2 + b2

(
S̄I,h(ω)

S̄I,0(ω)
− S̄I,h(ω)

S̄I,1(ω)

))m

dω. (53)

In particular, the mean and variance can be explicitly com-
puted, yielding

Eh[εn] = b2

ω2
c

Eh[LSI ] + O
(

1

ω3
c

)
+ O(1),

Varh(εn) = b4

ω4
c

Varh(LSI ) + O
(

1

ω5
c

)
+ O(1), (54)

which formally shows that indeed the filter has a very limited
effect on the LLR, and hence on the performance of our
protocols.

Finally, to validate the procedure, we simulate 104 mea-
surement trajectories using the parameters listed in Table I
under hypothesis h = 0, with a sampling interval � = 5 µs,
matching our experimental conditions. The simulated data are
processed identically to the experimental traces: we apply
a high-pass filter with parameter α = 0.91 and compute the
LLR sequentially using the Kalman filter formalism described
in Sec. III C, which is formally equivalent to Eq. (51). We then
compare the resulting LLR to that obtained from the unfiltered
data to compute the error εn.

Figure 4 shows the mean and variance of the time-
normalized error εt/t alongside theoretical asymptotic predic-
tions from Eq. (54). With b2/ω2

c = 3.6×10−3 in our setting,
the filter’s relative contribution is minimal. The inset displays
representative simulated traces, demonstrating negligible filter
effects even at short times.

V. SEQUENTIAL STRATEGIES ON THE SPIN-NOISE
ATOMIC MAGNETOMETER

We are now in a position to demonstrate sequential strate-
gies in a spin-noise quantum system. Specifically, we consider
a scenario where all system parameters are fixed except for
the Larmor frequency, ωL. We set ωL,h = ωc + (−1)h 1

2�ω,
with ωc the frequency around which both hypotheses h = 0, 1

FIG. 4. Comparison between analytical and simulated results for
the time-normalized error εt/t introduced by the high-pass filter. The
mean (blue) and variance (red) are estimated from 104 simulated
trajectories and are compared with the theoretical predictions. The
asymptotic values are given in terms of the regularized mean and
variance of LSI , i.e., of ρ := limt→∞ 1

t E0[LSI ] = −0.207 ms−1 and
v := limt→∞ 1

t Var0[LSI ] = 0.477 ms−1 [see Eq. (54)].

are centered. We have in mind applications such as detecting
biomagnetic signals, magnetic anomalies in geophysical sur-
veys, or concealed metallic objects, where a small magnetic
field perturbs a baseline field, inducing a shift �ω in ωL.
Details of �ω values and the rest of parameters are given
below.

While our setting assumes fully characterized models for
both hypotheses, real devices typically require calibration be-
fore each use. This is done by operating the sensor under
controlled conditions where only the baseline field is present.
Therefore, before proceeding, we briefly outline how we esti-
mate model parameters from finite datasets.

A. Calibrating the sensor: Estimation of model parameters

We employ the maximum-likelihood estimator (MLE) to
infer the system parameters, building on the thorough analysis
of the likelihood statistic’s properties presented above. Indeed,
for long observation times, the PSD components become in-
dependent and follow exponential distributions, making the
MLE analytically tractable and statistically efficient. That is
in the sense that it achieves the Cramér-Rao bound, ensuring
optimal precision in parameter estimation given sufficiently
large datasets [75].

For a given time trace In, we estimate the parameters
�h = (Sph, Sat, ωh, γ )T via maximum likelihood. Recall that
the DFT of In is unitary and preserves the full informa-
tion content of the signal, that for stationary processes the
Fourier phases carry no information, and that for sufficiently
long traces the different frequency components become
independent. As a result, given a time trace In or equiv-
alently its periodogram SI , the MLE can be obtained by
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maximizing

− ln p(SI |�h) =
∑

k

ln (E�h [SI (ωk )]) + SI (ωk )

E�h [SI (ωk )]
,

(55)

where k runs over the first n/2 frequencies, since the signal is
real valued and the negative frequencies are fully determined
by their positive counterparts.

For the expression of E�h [(SI (ωk ))], one has two options.
Employ directly the asymptotic Lorentzian given in Eq. (31),
evaluated at the discrete frequencies ωk = 2πk

n�
, yielding the

so-called Whittle log-likelihood [76], or use the expected ex-
pression of the periodogram, which is known as the debiased.
The regime in which we will perform the estimation is long
enough to neglect the finite size effects and therefore we will
directly employ the Lorentzian approximation.

Notice that, due to the linearity of the log-likelihood in
the periodogram components, SI (ωk ), if we have N inde-
pendent traces collected under identical conditions, the total
log-likelihood takes the same form as Eq. (55), with SI (ωk )
replaced by the ensemble average S̃I (ωk ) = 1

N

∑N
j=1 S j

I (ωk ).
In this work, we aim to illustrate the use of sequential

methodologies and empirically verify their performance in
terms of mean detection times and error probabilities. To this
end, we generate multiple time traces under each hypoth-
esis, forming two datasets that enable us to estimate these
quantities and compare the performance of sequential and
deterministic strategies.

We use these two labeled datasets, corresponding to hy-
potheses h0 and h1, to infer the relevant system parameters for
this batch of experiments. As the data are independently dis-
tributed and differ solely in the value of the Larmor frequency,
we can perform maximum likelihood estimation (MLE) by
optimizing the full joint likelihood over both datasets:

∑
k

(
ln (E�0 [SI (ωk )]) + S̃I,0(ωk )

E�0 [SI (ωk )]

+ ln (E�1 [SI (ωk )]) + S̃I,1(ωk )

E[SI (ωk )]�1

)
. (56)

Since the MLE is known to saturate the Cramér-Rao bound,
we can assess the expected estimation errors by computing the
inverse of the Fisher information matrix for our model.

Again, we validate this prediction by simulating the com-
plete estimation procedure. Specifically, we generate synthetic
datasets using the parameter values � listed in Table I, match-
ing the number of time traces used in the experimental dataset.
This process is repeated over NB = 1000 independent batches,
yielding an estimate �̂i for each batch. From these, we com-
pute the empirical covariance matrix of the estimator,

�̂ = 1

NB

NB∑
i=1

(�̂i − �)(�̂i − �)T . (57)

The simulated MSE values reported in the last column of
Table I correspond to the diagonal entries of this matrix and

show good agreement with the theoretical values predicted by
the Cramér-Rao bound.

For the estimation, we cut the region of frequencies where
the Lorentzian is centered. The Larmor frequencies of both
hypotheses are near 50 kHz. Therefore, we consider the re-
gion of frequencies between 40 and 60 kHz. The experimental
datasets for each hypothesis contain 200 traces of 2 s. The
results are detailed in Table I.

Notice that the error in the estimation of all parameters
is at least 2 orders of magnitude smaller than the separation
between the two hypotheses, since the difference between the
two Larmor frequencies is �ω = ωL,0 − ωL,1 = 436.85 Hz.
Therefore, we are in a regime where the inferred parameters
can be reliably used for the implementation of the sequential
strategies. While the reported errors correspond to theoret-
ical estimates, either from the Cramér-Rao bound or from
Monte Carlo simulations, we will later show that our exper-
imental datasets exhibit parameter fluctuations beyond these
estimates, particularly in the parameters that govern the relax-
ation processes. In Sec. V B and Appendix E, we provide a
qualitative model that explains these fluctuations and quantify
its effects.

B. Implementation of sequential strategies

For real-time implementation, both the high-pass and
Kalman filters can be efficiently implemented on microcon-
trollers or field-programmable gate arrays (FPGAs) [77–80]
capable of real-time processing, using simple arithmetic oper-
ations (see the sequential block diagrams in Appendix D). At
each time step n, the device computes the filtered signal Rn,
evaluates the LLR, and applies the SPRT or CUSUM thresh-
olds for sequential hypothesis testing or quickest change-point
detection, respectively. In this work, we implement these
strategies on a prerecorded dataset. This approach allows us
to assess the performance of the protocols, such as aver-
age detection times and error probabilities, by repeating the
analysis over many independent realizations under controlled
conditions.

In the hypothesis-testing scenario, we segment the
recorded trajectories into 104 independent traces of duration
40 ms for each hypothesis in order to increase statistical sam-
pling. The high-pass filter is applied with strength parameter
α = 0.91, and the acquisition sampling interval is � = 5 µs.

In Fig. 5, we compare the average time required by the
sequential probability ratio test to reach a predefined error
level with that of the optimal deterministic strategy achieving
the same error. To ensure a fair comparison, we consider a
symmetric hypothesis-testing scenario (see Sec. II A), where
both types of errors are weighted equally, and define the aver-
age error as ε = 1

2ε0 + 1
2ε1. For the deterministic strategy, we

use time traces of fixed length t and apply the optimal decision
rule described in Sec. II A 1: decide h = 1 if Lt > 0, and h = 0
otherwise. The empirical error probability is then estimated
as the fraction of misidentified traces. For the SPRT, we set
equal error thresholds ε0 = ε1 = ε. According to Eq. (8), this
determines the upper and lower thresholds for the SPRT: sam-
pling stops at the first random time t when LR,t /∈ (−a0, a1),
followed by a decision: h = 1 if Lt � a1 and h = 0 if LR,t �
−a0, with a0 = a1 = a. The empirical error is computed as
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FIG. 5. Relation between error probability and required exper-
iment duration for sequential (dotted) and deterministic (solid)
strategies. Each point is obtained by averaging over 104 experimental
traces per hypothesis. The horizontal axis shows ln ε, where ε is
the empirical error probability (i.e., fraction of incorrectly identified
hypotheses), and the vertical axis shows the required experiment
duration. For the sequential strategy (SPRT), we vary the stopping
threshold a = a0 = a1, compute the error probability and the average
stopping time over all runs, and plot (ln ε, t ). For the deterministic
strategy, we fix the experiment duration t to various values, and for
each value we compute the average error probability ε over all runs,
and plot (ln ε, t ). Experimental results (blue) are plotted alongside
simulated results (red) for comparison.

before, although it is worth emphasizing that, by construction,
the SPRT guarantees a conditional error probability ε for
every trajectory.

To validate our model, results are shown for both ex-
perimental data (blue) and simulated data (red), generated
under identical conditions with matched parameters and the
same high-pass filter. In both datasets, the SPRT consistently
reaches the target error level in less time than the deterministic
strategy, while also providing rigorous error guarantees. It
is worth noting that, while sequential strategies are clearly
more time and resource efficient on average, they come with
a trade-off: the duration of each experiment is inherently ran-
dom. Although its fluctuations are typically bounded within
a characteristic range, the distribution can exhibit long tails,
making the exact stopping time unpredictable [42]. Indeed, in
our experimental implementation, we limited traces to 40 ms
to improve statistics; as a result, a tiny fraction of trajectories
(55 for h = 0 and 53 for h = 1 out of 104 each) did not reach
a stopping decision. This negligible portion of the dataset was
excluded from the averages shown in Fig. 5.

When comparing experimental and simulated results in
Fig. 5, we observe good agreement at moderate measurement
times. As the acquisition time increases, discrepancies appear,
with experimental data requiring longer times to reach the
same estimation error. This reflects that, at long times, the
information gathered about the underlying process becomes
increasingly precise, and small system imperfections, such
as parameter drifts, stability issues, or unmodeled dynamics,
become more significant. In Appendix E, we model the ef-
fect of small run-to-run variations in the system parameters,

FIG. 6. Quickest change-point detection applied to experimen-
tal traces with an abrupt magnetic-field shift. Each trajectory starts
under hypothesis h0 and undergoes a programmed magnetic-field
change of magnitude �B = �ω/γG ≈ 62.3 nT at t = 1 s (indicated
by a vertical line), where γG ≈ 7 Hz/nT is the gyromagnetic ra-
tio. For visualization purposes, the detection threshold is set to the
large value a = 50. Circles mark the detection times produced by
the algorithm for each run, while squares indicate the correspond-
ing maximum-likelihood estimates of the actual change-point times.
Note that the programmed change point does not coincide exactly
with the true physical change point, nor with the estimated change
points, as discussed in the main text.

particularly those governing spin relaxation, which qualita-
tively explains the statistics of the LLR.

To rigorously address scenarios with significant parameter
fluctuations, our techniques must be extended to the frame-
work of composite hypothesis testing [31,72], where each
hypothesis h corresponds to a family of possible models
defined by parameters in a given set, θh ∈ Sh. In this set-
ting, different forms of the LLR are employed depending on
whether the parameters are partially or completely unknown,
and the stopping rules are adapted to select the most likely
hypothesis.

Finally, we demonstrate the implementation of the QCPD
algorithm using 2-s measurement traces that initially follow
hypothesis h0 and exhibit a sudden transition to hypothesis
h1 near t = 1 s. For the calibration of the detection model,
we employ the parameters previously estimated from the
hypothesis-testing datasets, as the measurements are acquired
under identical conditions, including the application of the
same high-pass filter. Representative results for different tra-
jectories are presented in Fig. 6.

Notice the marked change in the behavior of the LLR after
the change point. We use the CUSUM stopping rule defined
in Eq. (18) with a fixed threshold a = 50.

Colored circles along the LLR traces indicate the corre-
sponding stopping times, i.e., the points at which the decision
criterion in Eq. (17) triggers a change-point detection alarm.
In addition, as discussed in Sec. II B, the minimum of the LLR
curve provides the maximum-likelihood estimate of the actual
change-point time. Across all runs, this minimum (marked
with colored squares) is consistently shifted with respect to
the vertical line indicating the nominally programmed change.
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FIG. 7. Same as Fig. 6, but for a different set of hypothe-
ses with parameters γ = 418.48 Hz, ωL,0 = 42 577.43 Hz, ωL,1 =
43 640.10 Hz, Sat = 0.770 90 µV2/Hz, and Sph = 1.4277 µV2/Hz.
Unlike Fig. 6, the magnetic-field sequence and data acquisition are
synchronized here, with t = 1 s marking the programmed magnetic-
field change. Circles mark detection times and squares indicate the
corresponding maximum-likelihood estimates, which closely match
the programmed change point.

This systematic offset revealed the presence of an unac-
counted technical delay caused by a timing mismatch between
the magnetic-field sequence and the data acquisition, resulting
in a constant delay of approximately 60 ms.

To confirm this diagnosis, we performed a second batch
of experiments (Fig. 7) in which the magnetic-field changes
and data acquisition were synchronized by recording the coil
current and atomic response on two channels of the same
acquisition system. The estimated change points in this con-
figuration show excellent agreement with the programmed
times, confirming the source of the initial offset. This example
demonstrates the robustness of sequential analysis: our algo-
rithm correctly identified the change in both cases, revealing
even subtle instrumental effects.

This new set of hypotheses is less distinguishable than the
former set, as indicated by a smaller regularized Kullback-
Leibler divergence in Eq. (66). This is also evident in Fig. 7,
which shows that achieving the same detection threshold
(false alarm rate) requires a detection time 2–3 times longer,
consistent with the theoretical factor of 2.65 given by the ratio
of the slopes in Eq. (66).

The threshold a = 50 considered so far was chosen to
be rather large to clearly visualize the detection delay in
Fig. 6 and corresponds to an astronomical false alarm time
of ∼109 years. We now turn to a more realistic scenario and
consider a more modest bound on mean time of false alarm
of TFA = 0.5 s, which corresponds to a decision threshold
of a = ln(TFA/�) ≈ 11.5, and a much quicker detection. We
now use a widely adopted version of the CUSUM algorithm:
sequentially compute

L+
n :=

n∑
i=1

�L+
i , with �L+

i = max(0,�Li ), (58)

FIG. 8. Results from 200 experimental runs starting at t0 =
0.25 s with a fixed initial magnetic field. A step change of �B =
62.3 nT is programmed at t = 1 s (blue vertical line). The plot shows
the four trajectories that triggered a false alarm, i.e., a detection be-
fore the programmed change. Triangles indicate the false alarm times
TFA, as determined by the algorithm with a threshold of a = 11.5
(black horizontal line) corresponding to TFA = 0.5 s.

and signal a detection alarm as soon as L+
n � a. This al-

gorithm is equivalent to the procedure defined in Eq. (17),
but accumulates only positive log-likelihood contributions,
effectively resetting the reference level to zero whenever the
instantaneous evidence for change becomes negative.

Figure 8 shows the application of this procedure to a
dataset of 200 experimental trajectories, each lasting 2 s. We
show the four traces in which a false alarm was triggered; that
is, a change was detected before the programmed nominal
change point at t = 1 s. The sequential analysis begins at
t0 = 0.25 s. In each instance of a false alarm, instead of halting
the measurement, we reset the statistic Sn = 0 and resumed
data acquisition, effectively restarting the detection process
from an uninformed state.

Finally, for trajectories that correctly detected the actual
change, the average detection delay was found to be ap-
proximately 60 ms, in agreement with the theoretical value
τ̄ = 56 ms predicted from Eq. (69) using the mean log-
likelihood ratio from Eq. (30).

VI. OPTIMAL ASYMPTOTIC LIMITS

In this section, we provide closed-form expressions for key
information-theoretic quantities that determine the asymptotic
performance bounds at long observation times, both for de-
terministic and sequential hypothesis testing, as well as for
QCPD.

In the standard deterministic strategy where the observa-
tion time is fixed in advance, for a sequence of n observations
In = (I1, . . . , In)T , the probability of error is given by

Perr(n) =
∫

Rn

min{π0 p0(In), π1 p1(In)}dIn. (59)

Evaluating Eq. (59) is generally intractable. However, anal-
ogously to the i.i.d. case [see Eq. (5)], one can derive
asymptotic bounds in the long-time limit.
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FIG. 9. Asymptotic performance metrics for the sequential prob-
ability ratio test (dotted) and the deterministic probability ratio test
(solid), obtained by averaging over 4×104 simulated trajectories per
hypothesis. The horizontal axis shows ln ε, with ε the error prob-
ability, and the vertical axis shows the experiment duration. These
quantities are computed as explained in Fig. 5. Asymptotic theoreti-
cal rates are also shown: The Chernoff information in Eq. (61) (solid
black) and the regularized Kullback-Leibler information in Eq. (66)
(dotted black) give asymptotic linear scaling of time with − ln ε, with
slopes 0.2055 and 0.0496 ms−1, respectively. This corresponds to
more than a fourfold efficiency gain for the SPRT, ρseq/ρdet � 4.14.

By applying the inequality min(a, b) � asb1−s for all s ∈
(0, 1) to Eq. (59), one obtains the Chernoff bound:

Perr(n) � min
s∈(0,1)

π s
0π

1−s
1

∫
Rn

p0(In)s p1(In)1−sdIn. (60)

This yields a lower bound on the error exponent:

− lim
t→∞

1

t
ln Perr (t ) � ρdet := lim

t→∞
1

t
max

s
C(s),

with

C(s) = − ln
∫

Rn

p0(In)s p1(In)1−sdIn. (61)

As in the IID case, this bound is known to be attainable in
the asymptotic limit for a wide range of stochastic processes
[72] (see also Fig. 9), in which case the regularized Chernoff
information provides a lower bound on the asymptotic rate at
which the error probability decays,

− ln εdet ∼ ρdett . (62)

In the continuum limit, the Chernoff exponent function in
Eq. (61) has a closed form in terms of the Kalman estimators,
introduced in Sec. III C [72]:

C(s) = 1

2G

∫ t

0
((1 − s)σ1(t ′) + sσ0(t ′) − σc(t ′, s))dt ′, (63)

where G is the variance of the shot noise and σh is the con-
tinuous version of the innovation variance under hypothesis
h. Moreover, σc(s, t ′) is understood as the variance of the
innovations associated with the artificial signal Ic = √

sI0 +√
1 − sI1, where Ih for h = 0, 1 is the signal under hypothesis

h. Equation (63) provides a useful bound of Perr valid for any

observation time and predicts a linear scaling of C(s) with t ,
once the variances reach their stationary values.

Alternatively, the Chernoff function in Eq. (63) ad-
mits an equivalent representation in the frequency domain.
Here, the signal is characterized by its periodogram Sn/2 =
(S1, . . . , Sn/2)T , where each S j follows an independent expo-
nential distribution. This leads to

C(s) =
n/2∏
j=0

∫ ∞

0
p0(S j )

s p1(S j )
1−sdS j

=
n/2∏
j=0

S̄I,0(ω j )1−sS̄I,1(ω j )s

(1 − s)S̄I,0(ω j ) + sS̄I,1(ω j )
, (64)

which, in the continuum limit, becomes [60]

C(s) = t

2π

∫ ∞

0
ln

S̄I,0(ω j )1−sS̄I,1(ω j )s

(1 − s)S̄I,0(ω j ) + sS̄I,1(ω j )
dω. (65)

The performance metric for sequential hypothesis testing, and
QCPD, is given by the slope of the mean LLR:

ρseq := lim
t→∞

|E[LI ]h|
t

. (66)

This quantity corresponds to the time-regularized Kullback-
Leibler divergence and determines the exponential rate of
error decay and the average stopping time in sequential strate-
gies. In the time domain, using Kalman filter estimators the
expected LLR is given by [42]

Eh[LI ] =
∫ t

0

1

Sph
Eh[dI ′

t (μ1(t ′) − μ0(t ′))]

+
∫ t

0

dt ′

2Sph
Eh[μ0(t ′)2 − μ1(t ′)2], (67)

while in frequency domain, we recall Eq. (46),

Eh[LI ] = t

2π

∫ ∞

0
ln

S̄I,0(ω)

S̄I,1(ω)
dω

+ t

2π

∫ ∞

0

(
S̄I,h(ω)

S̄I,0(ω)
− S̄I,h(ω)

S̄I,1(ω)

)
dω + O(1),

(68)

which allows for an analytical computation of ρseq. Note that
the choice of hypothesis h = 0, 1 only affects the sign of the
expected LLR, while its magnitude, and thus ρseq, remains the
same.

The mean detection time in sequential tests then scales as

τ̄ ∼ a

ρseq
, (69)

where a = − ln αh for a Wald test under hypothesis h and a =
ln(TFA/�) in the case of QCPD with false alarm constraint
TFA.

In Fig. 9, we present the results for sequential (dotted) and
deterministic (solid) hypothesis testing. To estimate the per-
formance in the asymptotic regime of long observation times,
corresponding to small error probabilities, a large number
of trials is required. For this reason, we rely on simulated
data. Analytical asymptotic error rates are also plotted for
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FIG. 10. Mean detection time (blue, 5×103 traces left axis) and
mean false alarm (orange, 103 traces, right axis) for simulated data.
The red line shows the asymptotic detection time rate, ρ−1

seq = 4.88 ms
from Eq. (69), and the green line indicates the expected linear rela-
tion between threshold h and ln(TFA/�), with slope 1. Both slopes
match the simulation results.

reference. Notably, the numerical results approach the the-
oretical Chernoff bound, confirming its attainability in this
setting. Furthermore, we note that the sequential strategy
outperforms the deterministic one, exhibiting more than a
fourfold improvement in time required to achieve a given error
probability.

Similarly, Fig. 10 illustrates the asymptotic results for the
quickest change-point-detection problem. In order to compute
these asymptotic results, we rely again on simulated data.
Notice how the simulated results are in agreement with both
slopes validating numerically the theoretical predictions.

In Appendix F, we show that, in our setting where the
two models differ only in the Larmor frequency ωL,h = ωc +
(−1)h �ω

2 and large central frequency ωc, assuming the Cher-
noff bound is attainable, the sequential strategies outperform
deterministic ones by at least a factor of 4.

To conclude this section, we show that when the two hy-
potheses become arbitrarily close, regardless of the specific
way in which they differ, the Chernoff and Kullback-Leibler
information, which determine the deterministic and sequential
performances, respectively, differ by a factor of 4.

In order to see this, we can, without loss of generality,
choose a parametrization such that the two hypotheses differ
only in a single parameter. Specifically, we take θ = θ0 under
h0 and θ1 = θ0 + δθ under h1. Then, S̄I,θ0 (ω) := S̄I,0(ω) and

S̄I,1(ω) = S̄I,0(ω) + δθ
∂ S̄I,θ (ω)

∂θ
|θ=θ0 + O(δθ2).

Under these assumptions, and using Eq. (65), we readily
obtain

ρdet = min
s∈(0,1)

s(s − 1)δθ2

4π

∫ ∞

0
dω(∂θ ln S̄I,θ (ω)|θ=θ0 )2+O(δθ3)

= δθ2

16π

∫ ∞

0
dω(∂θ ln S̄I,θ (ω)|θ=θ0 )2 + O(δθ3)

= δθ2

8
F (θ0) + O(δθ3), (70)

where in the last equality we have identified the regularized
Fisher information of the process with respect to parameter θ :

F (θ ) := lim
t→∞

1

t
Eθ [(∂θ ln pθ (It ))

2]

= 1

2π

∫ ∞

0
dω(∂θ ln S̄I,θ (ω))2. (71)

Similarly, for nearing hypothesis, the regularized relative en-
tropy becomes

ρseq = δθ2

2
F (θ0) + O(δθ3), (72)

which, by direct comparison with Eq. (70), implies that
ρseq = 4ρdet. That is, sequential strategies require up to 4
times less observation time to achieve the same error perfor-
mance as deterministic ones.

VII. DISCUSSION AND OUTLOOK

In this work, we have presented what is, to our knowl-
edge, the first experimental implementation of sequential data
analysis methods in continuously monitored quantum sensors.
We realize two cornerstone primitives, namely, sequential hy-
pothesis testing and quickest change-point detection, in an
atomic spin-noise magnetometer. This bridges a gap between
quantum sensing theory and realistic, real-time sequential
protocols. Our methods enable adaptive decision-making,
allowing detection of weak magnetic perturbations with min-
imal delay and a quantifiable confidence threshold. This
represents progress toward making quantum sensors more
autonomous, efficient in data use, and compatible with real-
world constraints.

We have presented the first comprehensive demonstration
that sequential decision protocols can be applied to data from
continuously monitored quantum sensors, further exploiting
their intrinsic sensitivity. Although decisions were computed
postacquisition, all components of the analysis were designed
with real-time feasibility in mind. Using a linear Gaussian
state-space model of spin-noise magnetometry and process-
ing measurement records with a hybrid continuous-discrete
Kalman filter, we evaluated the log-likelihood ratio via the
Sequential Probability Ratio Test for binary discrimination
and the CUSUM algorithm for change-point detection.

Beyond validating the feasibility of these strategies in
a state-of-the-art experimental platform, our results open
several promising directions for future research. From a
methodological standpoint, the sequential framework can be
extended to tackle multiple and composite hypothesis test-
ing, signal segmentation (involving the detection of multiple
abrupt changes), and anomaly detection, critical in contexts
such as rare signal searches. Introducing adaptive feedback,
open and closed loop and in both classical and quantum forms,
and quantum-enhanced resources, such as spin-squeezed
states, could further enhance detection efficiency or sensi-
tivity. This synergy between quantum sensing and sequential
decision theory has yet to be fully explored and could unlock
new performance frontiers.

These results confirm that sequential decision-making
protocols can be efficiently integrated with continuously
monitored quantum systems. While we focused on atomic
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spin-noise magnetometry, the methodology, combining state-
space modeling, real-time filtering, and sequential decision
rules, is broadly applicable across other quantum sensing
platforms such as optomechanical resonators [10], super-
conducting circuits [28], NV centers in diamond [81], and
cavity-based architectures [82], provided suitable measure-
ment models exist.

Finally, an important open direction lies in model-free ap-
proaches, where the log-likelihood ratio is inferred directly
from measurement data using machine-learning techniques.
Such methods could bypass the need for full model knowl-
edge, making sequential analysis more flexible and robust in
complex, real-world environments.

ACKNOWLEDGMENTS

We are grateful to Charikleia Troullinou for insightful
discussions during the early stages of this project. This
work was supported by the QuantERA grant C’MON-
QSENS! and Spanish Agencia Estatal de Investigación,
Project No. PID2022-141283NB-I00 with the support of
FEDER funds, by the Spanish MCIN with funding from
European Union NextGenerationEU (Grant No. PRTR-
C17.I1) and the Generalitat de Catalunya, as well as the
Spanish MTDFP through the QUANTUM ENIA project
call—Quantum Spain project, and by the European Union
through the Recovery, Transformation and Resilience Plan—
NextGenerationEU within the framework of the Digital
Spain 2026 Agenda. E.R.-S was supported by FI AGAUR
grant Joan Oró (Ref. 2024 FI-2 00410). J.C. also ac-
knowledges support from the ICREA Academia award. A.S.
and M.W.M. acknowledge European Commission projects
Field-SEER (ERC 101097313), OPMMEG (101099379),
and QUANTIFY (101135931); Spanish Ministry of Sci-
ence MCIN project SAPONARIA (PID2021-123813NB-
I00) and SALVIA (PID2024-158479NB-I00), “NextGenera-
tionEU/PRTR,” (Grant No. FJC2021-047840-I) and “Severo
Ochoa” Center of Excellence CEX2019-000910-S; Gener-
alitat de Catalunya through the CERCA program, DURSI
Grant No. 2021 SGR 01453 and QSENSE (GOV/51/2022);
Fundació Privada Cellex and Fundació Mir-Puig. M.S. ac-
knowledges support from Ayuda Ramón y Cajal 2021
(RYC2021-032032-I, MICIU/AEI/10.13039/501100011033,
ESF+) as well as Project FEDER C-EXP-256-UGR23 Con-
sejería de Universidad, Investigación e Innovación y UE
Programa FEDER Andalucía 2021-2027. G.G. acknowledges
financial support by the DAAD, the Deutsche Forschungs-
gemeinschaft (DFG, German Research Foundation, Projects
No. 447948357 and No. 440958198), the SinoGerman Center

for Research Promotion (Project No. M-0294), the German
Ministry of Education and Research (Project QuKuK, BMBF
Grant No. 16KIS1618K), and the Stiftung Innovation in der
Hochschullehre.

DATA AVAILABILITY

The experimental data that support the findings of this
article are openly available [83].

APPENDIX A: PROBABILITY DISTRIBUTION OF
THE MEASURED SIGNAL IN THE STEADY STATE

The formal solution of the Ornstein-Uhlenbeck process
given in Eq. (23) is well known [68] and can be readily
obtained to be

Jt = eÂt J0 +
∫ t

0
eÂ(t−s)

√
QdW = eÂt J0 + Nt , (A1)

with J0 the initial condition and Jt being a Markovian pro-
cess. The first term in Eq. (A1) is the deterministic solution,
whereas the second is the stochastic contribution due to
Wiener noise, defined by Nt . Since Eq. (23) is a linear sys-
tem with additive Gaussian noise, Jt is a stochastic Gaussian
variable, and is therefore fully determined by its mean, E[Jt ],
and covariance matrix Cov(Jt , Jt ′ ). Averaging Eq. (23), and
recalling that E[dWi] = 0, we obtain the differential equa-
tion dE[Jt ] = ÂE[Jt ]dt whose solution can be verified to be

E[Jt ] = eÂt J0,

with

eÂt = e−γ t

(
cos (ωLt ) sin (ωLt )

− sin (ωLt ) cos (ωLt )

)
. (A2)

Notice that the asymptotic expected value achieved in the
steady state is E[Jt ]A := limt→∞ E[Jt ] = 0 regardless of J0.

From Eq. (A1), it is straightforward to check that the noise
properties of Jt are inherited by those of its stochastic compo-
nent Nt . Using that E[Nt ] = 0 since Nt is the infinite sum of
Wiener noises:

Cov(Jt , Jt ′ ) = E
[
Jt · JT

t ′
] − E[Jt ]E

[
JT

t ′
]

= E
[
Nt NT

t ′
] = Cov(Nt , Nt ′ ). (A3)

In fact, due to the properties of the independent Wiener noise
processes, i.e., E[dW i

s dW j
s′ ] = δi jδ(s − s′)dsds′ for i = y, z

and j = y, z, one can see that when t ′ < t ,

E
[
Nt NT

t ′
] = Q

∫ t

0

∫ t ′

0
eÂ(t−s)E

[
dW sdW T

s′
]
(eÂ(t ′−s′ ) )T = Q

∫ t

0

∫ t ′

0
eÂ(t−s)δ(s − s′)dsds′1(eÂ(t ′−s′ ) )T

= Q
∫ t ′

0
eÂ(t−s′ )(eÂ(t ′−s′ ) )T ds′ = Q

2γ
(e−γ (t−t ′ ) − e−γ (t+t ′ ) )

(
cos (ωL(t − t ′)) sin (ωL(t − t ′))

− sin (ωL(t − t ′)) cos (ωL(t − t ′))

)
. (A4)

Repeating the same procedure for t ′ > t , we conclude that

Cov(Jt , Jt ′ ) = Q

2γ
(e−γ |t−t ′| − e−γ (t+t ′ ) )

(
cos (ωL(t − t ′)) sin (ωL(t − t ′))

− sin (ωL(t − t ′)) cos (ωL(t − t ′))

)
. (A5)
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Note that for t = t ′, Cov(Jt , Jt ) = Q
2γ

(1 − e−2γ t )1, and at
t = t ′ = 0, the variance is zero since J0 is a fixed initial con-
dition. Moreover, the asymptotic variance is Cov(Jt , Jt )A :=
limt→∞ Cov(Jt , Jt ) = Q

2γ
1. For a process with unknown

J0 but that starts in the steady state, i.e., E[J0] = 0 and
Var(J0, J0) = Q

2γ
1, the first two moments are E[Jt ]steady = 0

and

Cov(Jt , Jt ′ )steady

= Q

2γ
e−γ |t−t ′|

(
cos (ωL(t − t ′)) sin (ωL(t − t ′))

− sin (ωL(t − t ′)) cos (ωL (t − t ′))

)
.

(A6)

Observe that Cov(Jt , Jt ′ )steady is translational invariant since
it can be expressed as a function of the difference t − t ′.
Regarding the properties of the photocurrent I , since J and
ξ are independent normal variables, I is also a Gaussian.
At the discretized harvesting times tm = m�, the mean and
covariance matrix elements of I in the steady state are E[Im] =
gDE[Jz(tn)] = 0 and

Cov(Im, Im−k ) = g2
DCov(Jz(tm), Jz(tm−k ))

+ Cov(ξ (tm), ξ (tm−k ))

= g2
D

Q

2γ
e−γ |k|� cos (ωLk�) + δ0k

Sph

�
:= Tk,

(A7)

where again the second moments of I are translational in-
variant. With this at hand, we present the normal probability
distribution of a sequence of n photocurrent observations in
the steady state, In = {I1, . . . , In}, i.e., In ∼ N (μn, T̂n) with
mean and Toeplitz covariance matrix:

μn = E[In] = 0,

T̂n =

⎛
⎜⎜⎜⎜⎜⎝

T0 T1 T2 · · · Tn

T1 T0 T1 Tn−1

T2 T1 T0
. . .

...
...

. . .
. . . T1

Tn Tn−1 · · · T1 T0

⎞
⎟⎟⎟⎟⎟⎠. (A8)

APPENDIX B: TOEPLITZ MATRICES

In this Appendix, we overview the main definitions and
theorems that we use in this work regarding Toeplitz opera-
tors, first introduced in Sec. III B.

A Toeplitz matrix Tn( f ) of size n × n is defined by a sym-
bol f (θ ), a 2π -periodic function f ∈ L∞([0, 2π )), through its
entries [84]:

(Tn( f ))i j = Ci− j,

where

Ck = 1

2π

∫ 2π

0
f (θ )e−ikθ dθ, 1 � i, j � n. (B1)

Here, L∞([0, 2π )) is the space of all essentially bounded,
Lebesgue-measurable functions on the interval [0, 2π ).

The symbol generates the matrix via Fourier coeffi-
cients, with f (θ ) = ∑∞

k=−∞ Ckeikθ . For large n, the spectral

properties of Tn( f ) are governed by harmonic analysis on the
unit circle.

For the process under study, recalling Eq. (25),

Ck = Ti,i+k = γ Sate
−γ |k|� cos (kωL�) + δk,0

Sph

�
, (B2)

with Sat = g2
D

Q
2γ 2 . The corresponding symbol f (θ ) is

f (θ ) = 1

2

γ Sat sinh(γ�)

cosh(γ�) − cos(θ − �ωL )

+ 1

2

γ Sat sinh(γ�)

cosh(γ�) − cos(θ + �ωL )
+ Sph

�
, (B3)

which, by taking θ = ω�, at leading order in �−1 � 1 leads
to Lorentzian profile found in Eq. (31).

Szegő’s theorems and spectral properties

Theorem B1. First Szegő Theorem: For f > 0 with
ln f ∈ L1, the determinant satisfies

lim
n→∞

1

n
ln det Tn( f ) = 1

2π

∫ 2π

0
ln f (θ )dθ ≡ ln G( f ), (B4)

where G( f ) is the geometric mean of f .
Theorem B2. Strong Szegő Theorem: If f is sufficiently

smooth (e.g., f ∈ C∞) and positive,

det Tn( f ) ∼ G( f )n · E ( f ),

E ( f ) = exp

( ∞∑
k=1

k(ln f )k (ln f )−k

)
, (B5)

where (·)k denote Fourier coefficients. The eigenvalues
{λ j}n

j=1 satisfy λ j → f (2π j/n) in distribution.
Traces and inverses for smooth f > 0:

Traces of powers:

Tr(Tn( f )k ) = n

2π

∫ 2π

0
f (θ )kdθ + Ck ( f ) + o(1).

Inverses:

Tn( f )−1 ≈ Tn(1/ f ),

Tr(Tn( f )−1) = n

2π

∫ 2π

0

dθ

f (θ )
+ O(1). (B6)

Here, Ck ( f ) = O(1) depends on the symbol’s smoothness.
The Fourier basis {ei jθ }n

j=1 asymptotically diagonalizes Tn( f ).
Generalized traces: For products involving inverses of

Toeplitz matrices with smooth positive symbols,

Tr

⎛
⎝ m∏

j=1

Tn( f j (θ ))ε j

⎞
⎠ = n

2π

∫ 2π

0

m∏
j=1

f j (θ )ε j dθ + O(1),

(B7)

where ε j = ±1.
Proof. We provide a sketch of the proof using some of

the results in Ref. [84]. A Toeplitz matrix Tn( f ) can be
understood as Tn( f ) = PnT ( f )Pn, where T ( f ) is the infinite-
dimensional Toeplitz matrix (bounded operator) and Pn :
{x1, x2, x3, . . .} → {x1, x2, . . . xn, 0, 0, . . .} is the projector on
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the nth dimensional subspace. The main ingredients for the
proof are the following:

(1) By Proposition 2.12 (Widom), p. 40, if a, b ∈ L∞, then

Tn(ab) = Tn(a)Tn(b) + PnH (a)H (b̃)Pn + WnH (ã)H (b)Wn,

(B8)

where H denotes the so-called Hankel matrix, Wn :
{x1, x2, x3, . . .} → {xn, xn−1, . . . , x1, 0, 0, . . .} is a projection,
and ã := a(1/t ) with t = eiθ .

(2) By Theorem 2.14 (Widom), p. 42, if T (a) is invertible,
for all sufficiently large n,

Tn(a)−1 = Tn(a−1) + PnK (a)Pn + WnK (ã)Wn + Cn, (B9)

where K (a) = H (a−1)H (ã)T −1(a), K (ã) = H (ã−1)H (a)
T −1(ã), and ‖Cn‖ → 0 as n → ∞. Here, ‖ · ‖ is the operator
norm.

(3) By Theorem 2.15 (p. 43), if T (a) is invertible and∑
n∈Z |n|α|an| < ∞ for some α > 0, then ‖Cn‖ = o(n−α ).
(4) Let W be the Wiener algebra and W ∩ B1/2 = {a ∈

W :
∑

n∈Z(|n| + 1)|an|2 < ∞}. From pp. 122–123, if a ∈
W ∩ B1/2 and has no zeros, then a−1 ∈ W ∩ B1/2. Moreover, if
a, b ∈ W ∩ B1/2(i.e., a, b sufficiently smooth), then H (a)H (b̃)
is a trace class operator, i.e., ‖H (a)H (b̃)‖1 < ∞, where ‖ · ‖1

is the trace norm.
Notice that from (1) and (4),

|Tr(Tn(ab) − Tn(a)Tn(b))|
= |Tr(PnH (a)H (b̃)Pn + WnH (ã)H (b)Wn)|
� ‖PnH (a)H (b̃)Pn + WnH (ã)H (b)Wn‖1

� ‖PnH (a)H (b̃)Pn‖1 + ‖WnH (ã)H (b)Wn‖1 < c, (B10)

where c is a constant since ‖(PnH (a)H (b̃)Pn‖1 �
‖Pn‖2‖H (a)H (b̃)‖1 = ‖H (a)H (b̃)‖1 < ∞ and the same
for ‖WnH (ã)H (b)Wn)‖1 (a trace class operator multiplied by
a bounded operator is still trace class).

For traces involving inverses and α � 1, from (2)–(4),

|Tr(Tn(a)−1 − Tn(a−1))|
+ ‖PnH (a−1)H (ã)T −1(a)Pn‖1

+ ‖WnH (ã−1)H (a)T −1(ã)Wn)‖1 + ||Cn||1 < c′, (B11)

since PnH (a−1)H (ã)T −1(a)Pn and WnH (ã−1)H (a)T −1(ã)Wn)
are trace class due to the bounded property of T −1(a)
and T −1(ã). Moreover, ||Cn||1 < n‖Cn‖ = o(n1−α ) < o(1) for
α � 1.

From Eq. (B11),

|Tr(Tn(b)Tn(a)−1 − Tn(b)Tn(a−1))|
< ‖Tn(b)‖‖Tn(a)−1 − Tn(a−1)‖1 < c′′, (B12)

and therefore combining Eqs. (B10) and (B12),

Tr(Tn(b)Tn(a)−1) = Tr(Tn(ba−1)) + O(1). (B13)

These processes can be repeated recursively, when increasing
the number of multiplying Toeplitz inside the trace, to obtain

Tr

⎛
⎝ m∏

j=1

Tn( f j (θ ))ε j

⎞
⎠ = Tr

⎛
⎝ m∏

j=1

Tn( f j (θ )ε j )

⎞
⎠ + O(1),

(B14)

and by the Szegő theorems arrive to the result in Eq. (B7). �
The generalized trace property in Eq. (B7) is defined for the

symbol f (θ ) with θ in the unit circle, i.e., θ ∈ (0, 2π ). When
we move to the continuous limit, i.e., � → 0, we have that
ω is defined in the interval (−∞,∞). Moreover, f j (ω�) =
g j (ω) + O(�) and for sufficiently smooth symbols,

Tr

⎛
⎝ m∏

j=1

Tn( f j (θ ))ε j

⎞
⎠

= n�

2π

∫ 2π/�

0

m∏
j=1

f j (ω�)ε j dω + O(1)

= t

2π

∫ ∞

−∞

m∏
j=1

g j (ω)ε j dω + tO(�) + O(1).

APPENDIX C: HYBRID KALMAN FILTER ALGORITHM

In the two-step procedure of the KF algorithm, we de-
note by jk|k−1 the predicted state of the system at time tk ,
and the corresponding estimators that construct the mean and
covariance of the normal distribution as j̃k|k−1 and �̂k|k−1.
In addition, for the computation of the next predictions, we
denote the updated estimators by j̃k|k and �̂k|k . Then, the
explicit procedure is given as follows [72,85].

Prediction ( j̃k−1|k−1 → j̃k|k−1, �̂k−1|k−1 → �̂k|k−1). We
define the transition matrix �̂ as the solution of the deter-
ministic part of the state vector. When Â is time independent,
for any � interval, �̂ := �̂� = eÂ�. Then, we can construct
j̃k|k−1 and �̂k|k−1 over the interval [tk−1, tk], as

j̃k|k−1 = �̂ j̃k−1|k−1,

�̂k|k−1 = �̂�̂k−1|k−1�̂ + Q̂�
k , (C1)

where Q̂�
k := ∫ tk

tk−1
�̂tk ,τ Q̂τ �̂

T
tk ,τ dτ is the effective covariance

matrix of the system noise.
Update ( j̃k|k−1 → j̃k|k, �̂k|k−1 → �̂k|k ). To take into ac-

count the kth outcome Ik , one computes

j̃k|k = j̃k|k−1 + K̂k ỹk,

�̂k|k = (1 − K̂kĈ)�̂k|k−1, (C2)

where the so-called innovation and the Kalman gain are, re-
spectively, ỹk = Ik − μk and K̂k = �̂k|k−1ĈT Ŝ−1

k . Here, μk =
Ĉ j̃k|k−1 is the prediction of the kth outcome value and
σ 2

k = E[ỹk ỹT
k ] = Ĝ�

k + Ĉ�̂k|k−1ĈT is the covariance matrix
for the kth innovation ỹk .

Finally, to initialize the filter at time t0 one chooses an
appropriate initial distribution, p(J0|0) ∼ N (J̃0|0, �̂0|0), rep-
resenting the knowledge about the state vector. In our case, we
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FIG. 11. Block diagram of Eq. (36) (see main text) that describes the log-likelihood ratio in terms of the Kalman estimators. Here, n
represents the time step and Z−1 the time delay. The rest of the elements are part of the hybrid Kalman filter algorithm (see Appendix C).

start with the steady-state solution derived in Sec. A, J̃0|0 = 0
and �̂0|0 = Q

2γ
1.

APPENDIX D: BLOCK DIAGRAMS
FOR SEQUENTIAL STRATEGIES

In this Appendix, we present the block diagrams of the
high-pass filter and the log-likelihood ratio that can be de-
ployed on an Field-Programmable Gate Array (FPGA) board
for real-time implementation. As explained in the main text,
these two diagrams represent a chain process; i.e., at each time
step n, the log-likelihood ratio is evaluated (Fig. 11) after the
filtered signal Rn is first calculated (Fig. 12). Finally, either
the SPRT or CUSUM thresholds are applied for sequential
hypothesis testing or quickest change-point detection, respec-
tively.

APPENDIX E: MODEL FOR STOCHASTIC SPIN
RELAXATION PARAMETER AND EXPERIMENTAL

DATA BEHAVIOR

As discussed in Sec. V B, at long observation times, we
observe discrepancies between the simulated and experimen-
tal results in the hypothesis-testing scenario. To investigate the
origin of these differences, we analyze the LLR as a function
of time. In Fig. 13, we present the mean and variance of
the statistic obtained from the 104 experimental traces, each

FIG. 12. Block diagram of Eq. (47) (see main text) that describes
the high-pass filter. Here, n represents the time step and Z−1 the time
delay. Recall that α is the strength of the filter.

lasting t = 40 ms per hypothesis, and compare them with the
simulated results and theoretical predictions. The exact result
for the mean is obtained in a recursive way via the Kalman
estimators and the analytical slope for the variance is directly
the asymptotic solution.

The LLR is computed using both the Kalman filter (shown
in blue) and the Whittle log-likelihood method introduced
in Sec. V (shown in red). For the latter, we compute the
raw periodogram (no high-pass filter applied) and perform
a frequency-domain cut, considering only the contributions
from the range near the Lorentzian peaks—specifically from
40 to 60 kHz. This range is chosen to be broad enough to
retain relevant information while excluding less informa-
tive regions and the spurious low-frequency noise. Then, the
Whittle LLR is

l∑
k=m

ln
S̄1(ωk )

S̄0(ωk )
+

(
1

S̄0(ωk )
− 1

S̄1(ωk )

)
SI (ωk ), (E1)

where ωk = 2πk/t , and m and l are the integers correspond-
ing to the edges of the region of interest. Observe that both
approaches converge as time t increases, and for both hy-
potheses, the variance grows faster than linearly with time. In
contrast, the simulated traces (shown in green) closely follow
the expected behavior of the first two moments of the LLR, as
indicated by the theoretical curves (shown in black).

To understand the behavior of the LLR, especially with
respect to the variance, we computed the covariance matrix
across different frequencies of the experimental periodogram.
Figure 14 displays a two-dimensional (2D) plot of these
frequency correlations near the Larmor frequency ωL,h and
shows an unexpected structure emerging around this fre-
quency, taking both positive and negative values. To better
visualize this structure, we exclude the diagonal elements
(i.e., the variance), which are orders of magnitude larger and
obscure the finer details. Furthermore, we have applied a 5×5
2D binning to reduce noise and enhance the clarity of the
correlation patterns.
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FIG. 13. Regularized mean and variance results of the LLR. Top plots for h = 0 and bottom plots for h = 1. Left and right show,
respectively, the first and second moments. In all the cases, in blue the computation of the experimental LLR through the Kalman filter is
presented and in red the Whittle version. The simulated results are shown in green and the black curves represent the theoretical predictions
for constant parameters.

For more details about its shape, we present some hori-
zontal cuts of the 2D plots in Fig. 15 and observe that near
the Larmor frequency, the correlations show a sinc function
structure.

Notice that this profile is not predicted by the physical
model in Eqs. (23) and (24). At long timescales, it is ex-
pected to follow an exponential distribution and exhibit no
correlations across different frequencies. This theoretical

FIG. 14. PSD covariance matrix at different frequencies near the Larmor frequency where the diagonal elements are removed. Left and
right: results for the experimental dataset under h = 0 and h = 1, respectively.
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FIG. 15. Horizontal cut of the PSD covariance matrix at different frequencies. Each color represents a fixed frequency. Again, the
correlation at same frequencies is removed. Left and right: results for experimental dataset under h = 0 and h = 1, respectively.

behavior is consistent with the corresponding plots for the
simulated data, as shown in Fig. 16. In these simulations,
only noise near zero is observed, and no well-defined pattern
emerges.

The structure of correlations followed by the experimen-
tal datasets can be explained qualitatively by a stochastic
relaxation time. In Eq. (23), γ is assumed to be constant
but it seems to fluctuate run to run, during the experimental
acquisition time. Let us now briefly explain how run-to-run
fluctuations in the relaxation constant can give rise to artificial
correlations between different frequency components of the
measured signal. In essence, when a parameter like γ fluctu-
ates slightly from run to run, each realization of the signal is
effectively drawn from a different process, each with a slightly
different frequency response. So even though the frequency
components remain uncorrelated in any single realization,
the relative amplitudes of all spectral components are jointly
influenced by the overall shape of the spectrum, giving rise to
apparent correlations when computing ensemble averages.

We model the fluctuating parameter as γ̃ = γ + δγ , where
γ is a constant central value and δγ is a random variable with
E[δγ ] = 0 and standard deviation σδγ . Moreover, we assume
that the total energy of the system is constant, and do not
variate for different values of γ . The PSD function used is

S̃h,γ (ω) = S̃at
γ

γ 2 + (ω − ωL,h)2
+ Sph, (E2)

where S̃at = Satγ = g2
DQ
2γ

. Notice that
∫ ∞

0 S̃h,γ (ω)dω = g2
DπQ
2γ

+
O( 1

ωL
) and for the total area to be independent of γ , the

strength of the Wiener noise has to be proportional to γ ,
i.e., Q := Q′γ . Then, S̃at is independent of γ and expand-
ing around small δω, we obtain S̃h,γ+δγ (ω) = S̃h,γ (ω) +
g̃(ω)δγ + O(δγ 2), with

g̃(ω) = S̃at (γ + ω − ωL )(γ − ω + ωL )

(γ 2 + (ω − ωL )2)2
. (E3)

FIG. 16. Horizontal cut of the PSD covariance matrix at different frequencies. Each color represents a fixed frequency. Again, the
correlation at same frequencies is removed. Left and right: results for simulated dataset under h = 0 and h = 1, respectively.
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FIG. 17. Horizontal cut of the PSD covariance matrix at different frequencies. Each color represents a fixed frequency. Again, the
correlation at same frequencies is removed. Left and right: results for the theoretical predictions under h = 0 and h = 1, respectively. The
value for σδγ used is 60 Hz.

It can easily be seen that the correlations under δγ between
two independent PSDs at different frequencies is

Cov((S(ω), S(ω′))δγ = g̃(ω)g̃(ω′)Var(δγ ). (E4)

In Fig. 17, we show the predictions of this stochastic spin
relaxation model, and see that they qualitatively reproduce the
structures observed in Figs. 14 and 15.

Observe that it is crucial that the total energy of the PSD is
independent of the fluctuations. If we do not take into account
this fact and use

Sh,γ (ω) = Sat
γ 2

γ 2 + (ω − ωL,h)2
+ Sph, (E5)

where Sat = g2
DQ

2γ 2 and Q is independent of γ , the results af-
ter expanding around small δω are Sh,γ+δγ (ω) = Sh,γ (ω) +
g(ω)δγ + O(δγ 2), with

g(ω) = 2Satγ (ω − ωL )2

(γ 2 + (ω − ωL )2)2
> 0, ∀ω, (E6)

and the negative valleys in Cov((S(ω), S(ω′))δγ cannot be
theoretically explained.

With all this information, we are in a position to study
the effect on the log-likelihood ratio L̃t under the proposed
model for stochastic fluctuations. Combining Eqs. (46) and
(E4), the statistic asymptotically presents these first two

FIG. 18. Sum of correlations at different frequencies weighed with the LLR functional in dotted curves. In stripped curves, the fitting
outcomes are represented. Red and blue show the results for h = 0, 1 datasets, respectively. In the plots and fits, the correlations at same
frequencies are excluded.
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FIG. 19. LLR results as a function of time for the simulated data with fluctuating spin relaxation (red). The experimental results are shown
in blue.

moments:

lim
t→∞

E[L̃t ]h,δγ

t
= 1

2π

∫ ∞

0
ln

(
S̄0(ω)

S̄1(ω)

)
+

(
1

S̄0(ω)
− 1

S̄1(ω)

)
S̄h(ω)dω,

lim
t→∞

Var(L̃t )h,δγ

t2
= 1

4π2

∫ ∞

0

∫ ∞

0

(
1

S̄0(ω)
− 1

S̄1(ω)

)(
1

S̄0(ω′)
− 1

S̄1(ω′)

)
Cov(S(ω), S(ω′))δγ dωdω′

= Var(δγ )
1

4π2

∫ ∞

0

∫ ∞

0

(
1

S̄0(ω)
− 1

S̄1(ω)

)(
1

S̄0(ω′)
− 1

S̄1(ω′)

)
g̃(ω)g̃(ω′)dωdω′. (E7)

Notice that the leading term of Var(Lt )h,δγ scales quadratically
with time t , unlike Var(Lt )h, which corresponds to the case
with constant parameters and grows linearly with time. This
linear behavior can be derived using the same reasoning as in
Sec. IV B. Finally, we can use the expression of Var(Lt )h,δγ

in Eq. (E7) to estimate Var(δγ ) and automatically obtain the
standard deviation σδω. In Fig. 18, we show the contribution
of the correlations between different frequencies in the LLR,
for both experimental and simulated datasets, computed via
the Whittle log-likelihood ratio for the range 40–60 kHz. The
left plot shows the results for the simulated traces, where,
as expected, the contribution remains constant over time. In
contrast, the right plot displays the experimental data, where
artificial fluctuations increase with time. The fitted curves are
shown in black, from which we extract standard deviations of

σ0,δγ = 57.3 Hz and σ1,δγ = 50.7 Hz for the datasets of ωL,0

and ωL,1, respectively.
Finally, we take the largest value for σδγ , i.e., σ0,δγ , and

generate time traces under the conditions that this model
predicts. In Fig. 19, we present the results of the LLR for sim-
ulated data with fluctuating spin relaxation (red) and compare
them with the experimental results (blue).

APPENDIX F: ULTIMATE ERROR RATES

In this Appendix, we provide analytical asymptotic expres-
sions for the sequential and Chernoff rates. Recall that we are
in a scenario where the choice of hypothesis h = 0, 1 only
affects the sign of the LLR and the sequential rate can be
obtained from Eq. (68). For high ωc,

ρseq = Satγ�ω2(Sat (−3
√

Sph + √
Sat + Sph )γ 2 + Sph(−√

Sph + √
Sat + Sph )(4γ 2 + �ω2))

2
√

Sat + Sph
(
S2

atγ
4 + 2SatSphγ 2�ω2 + S2

ph�ω2(4γ 2 + �ω2)
) − S2

atγ
4�ω2

5πSphω5
c

+ O
(

1

ω6
c

)
. (F1)

On the other hand, for the Chernoff rate computation we rely on Eq. (65). To obtain the value of s that provides the tightest
bound in our experimental scenario, i.e., C(s∗) := maxs C(s), assuming one can compute the following quantity,

∂

∂s
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t→∞

(
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t

)
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∫ ∞

0
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2π
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, (F2)
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FIG. 20. Heatmap of r(ca, cb) for different values of ca := �ω/γ and cb := Sat/Sph that range up to 10.

and set it equal to zero to find the relative extreme. Observe that for large ωc, the first two terms of the expansion are zero at
s∗ = 1/2. Then, evaluating Eq. (65) at s∗ = 1/2, we obtain the following closed form at large ωc:

ρc := lim
t→∞

C(s∗)

t
= S2

atγ
4�ω2

20πS2
phω

5
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+
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√
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− 1

2
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− 1

2
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S2

atγ
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+ O

(
1

ω6
c

)
. (F3)

The leading terms of the sequential and Chernoff rates
in Eqs. (F1) and (F3) are four-parameter dependent, i.e.,
�ω, γ , Sat and Sph (ωc no longer plays a role). There-
fore, one can express these two rates in terms of the
following two ratios that provide an idea of the shape
and relative distance between the two hypotheses under
testing:

ca := �ω

γ
> 0, cb := Sat

Sph
> 0. (F4)

In the first case, ca is an indicator of the overlap between
the two Lorentzians since it takes into account their width
and distance in between. In the second case, cb stands for
the ratio between the Lorentzian peak, and the background
noise. With this change of variable, it turns out that both slopes
become a two-parameter function. Then, with the aim to
compare both the sequential and Chernoff rates we define the

quantity

r(ca, cb) := ρseq

ρc
(F5)

and study its behavior at different parameter regimes, i.e.,
∀ca, cb > 0. It can be symbolically checked with computa-
tional software, like, for instance, Wolfram Mathematica, that
r(ca, cb) � 4, ∀ca, cb > 0. Therefore, for processes where the
Chernoff bound is asymptotically attainable, the sequential
strategy outperforms the deterministic one by at least a factor
of 4 in terms of less observation time to achieve the same error
performance.

In Fig. 20, we show a heatmap of r(ca, cb) for different
values of ca, cb that range up to 10. Notice that for small
ca, cb, i.e., in the regimes where the two hypothesis are more
difficult to distinguish, r(ca, cb) saturates the minimum value
of 4. Moreover, in scenarios where the two Lorentzians are
widely separated or the shot noise is very small compared to
the spin signal, r(ca, cb) increases up to values bigger than 5.5.
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