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The fidelity of operations on a solid-state quantum processor is fundamentally bounded by
environmental decoherence. Characterizing environmental fluctuations is challenging because the
acquisition time of nonadaptive experimental protocols limits temporal precision and can average out
rapid features of the underlying dynamics. Here, we overcome this temporal-resolution limit by 2 orders of
magnitude using a field-programmable gate-array powered classical controller that adaptively and
continuously tracks the relaxation-time fluctuations of two fixed-frequency superconducting transmon
qubits, which exhibit average relaxation times of approximately 0.17 ms and occasionally exceed 0.5 ms.
We report events in which the relaxation time switches by nearly an order of magnitude over timescales of
just tens of milliseconds, rather than minutes or hours as previously reported. Our real-time Bayesian
estimation protocol estimates relaxation times within a few milliseconds, close to the decoherence
timescale itself. Our statistical analysis further suggests that some of these fast fluctuations arise from two-
level systems switching at rates up to 10 Hz, 4 orders of magnitude faster than earlier reports. These results
redefine the timescales relevant for calibration in superconducting quantum processing units, establish a
reference for rapid relaxation-rate characterization in device screening, and improve our understanding of
fast relaxation dynamics.

DOI: 10.1103/gk1b-stl3 Subject Areas: Condensed Matter Physics,
Mesoscopics,
Quantum Physics

I. INTRODUCTION

Superconducting qubits [1–5] are among the main
candidates for fault-tolerant quantum computation schemes,
with quantum operations on these devices approaching
error rates capableofdemonstratingquantumerror correction
[6–9].However, as the number of physical qubits increases in
quantumprocessing units (QPUs), theQPU’s performance is
bounded by the lowest-performing outlier qubits [10–12].
Identifying such outliers can be nontrivial, as time-dependent
fluctuations in physical qubit parameters may alter which
qubits qualify as outliers at any given moment. This is
complicated by the physical mechanisms for these variations
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drifting over several different and competing timescales. In
particular, the relaxation rate Γ1 of a superconducting qubit
directly limits the fidelity of quantum operations [13]. Γ1

fluctuates unpredictably in the time domain [14–22] and also
as a functionof the qubit frequency [14–18,22,23].Oneof the
major contributions to energy relaxation in state-of-the-art
superconducting qubits is frequently attributed to their
(semi-)resonant interaction with environmental two-level
system (TLS) defects [14,15,24], though their detailed
microscopic origins remain unknown. It has been shown
that TLS frequencies drift over repeated cooldowns, whereas
the overall number of TLSs does not [20,25].
Previous works in transmon qubits have resolved Γ1 with

a time resolution of seconds [18,26,27] or minutes [28,29].
More efficient and scalable estimation methods are needed
to (i) probe previously unexplored subsecond regimes of Γ1

dynamics, which is necessary for understanding the under-
lying physics, and (ii) identify outlier qubits and time-
dependent fluctuations [14–16,24] in large QPUs to ensure
fast and reliable characterization and error mitigation.
Modern field-programmable gate array (FPGA) advance-
ments have facilitated online (during experimental data
collection) Hamiltonian learning [30,31], which is a useful
tool to probe drifts in qubit parameters through real-time
estimation [31–40].
In this work, we investigate fast fluctuations of the

relaxation rates of two long-lived transmon qubits (with
T1 ≡ 1=Γ1 ≈ 0.17 ms measured over several hours) on
millisecond timescales, almost comparable to the relaxation
times themselves. We use a commercial controller with an
integrated FPGA that leverages single-shot readout and
performs real-time Bayesian estimation of the relaxation
time, overcoming the sampling limitations of the traditional
method mentioned below by two orders of magnitude. Our
adaptive estimation allows the controller to investigate the
stochastic behavior of the relaxation rate on unprecedent-
edly short timescales, revealing events where the relaxation
time switches by almost an order of magnitude on the
timescale of tens of milliseconds, instead of minutes or
hours [14–16]. We analyze the fluctuations of Γ1 using the
power spectral density and Allan deviation [41] and find
that a simple Lorentzian model describes the observed
fluctuations, allowing us to extract TLS switching rates as
fast as 10 Hz, 104× faster than previously reported, and to
monitor changes in the dominating TLS environment with
subminute time resolution.
To appreciate the advantages of our approach, it is useful

to recall the traditional protocol. The most common method
for estimating Γ1 consists of initializing the qubit to the
excited state and measuring its state projectively after a
fixed (nonadaptive) waiting time. For each waiting time
τwait, the measurement outcome is averaged over many
repetitions, and this is repeated for all waiting times. The
fraction of times the system is measured in the excited state
as a function of waiting time is then fitted to an exponential

decay ∝ e−Γ1τwait. The drawbacks of such a nonadaptive
method are that (i) it is not optimally efficient in terms of
experiment time, (ii) prior estimates of the qubit’s Γ1 are
not used to track its subsequent temporal fluctuations, and
(iii) implementing curve fitting directly on an FPGA is
challenging due to the available numerical precision, which
prevents interleaving such estimations with qubit opera-
tions in real time.
Bayesian parameter estimation [31,42] instead is a

natural approach to implementing real-time optimization
techniques [31,34,35,38–40] compatible with low-latency
control hardware. By using an onboard probability distri-
bution of the parameter estimate, the optimal experimental
settings for each subsequent probing cycle may be chosen
adaptively so as to maximize the knowledge obtained from
every (single-shot) measurement. In this work the tech-
nique is validated with shot-by-shot interleaved estimations
of the relaxation time using our Bayesian method and the
traditional approach.
Our scheme sets a new reference for fast QPU charac-

terization of relaxation rates, for probing relaxation dynam-
ics at previously unexplored time resolution, and is well
suited for stable interleaved QPU execution in the presence
of Γ1 fluctuations.

II. SETUP AND PROTOCOL

We use a 5-qubit superconducting array with tunable
couplers operated at the mixing-chamber stage (below
10 mK) of a dilution refrigerator. The device design and
fabrication is similar to Ref. [43]. We implement the decay-
rate estimation protocol on two of the five available qubits.
In the main text, we focus on a transmon qubit (Q1) of
frequency ≈4.13 GHz and anharmonicity ≈ − 210 MHz,
as shown in Fig. 1(a). The results from another qubit (Q2) in
the same device are presented in Supplemental Material
[44]. In our qubits, the expected Purcell-limited relaxation
time is ≈0.8 ms. A commercial controller (Quantum
Machines OPX1000) applies microwave pulses for qubit
control and single-shot readout, using dedicated XY
control lines and readout resonators, respectively [see
Fig. 1(a)] [1–5].
The fluctuating parameter Γ1 is estimated on the FPGA

from the probing sequence shown in Fig. 1(b). For each
probe cycle (labeled 1 ≤ i ≤ N), the qubit is initialized to
the ground state j0i via active reset [47] and is then brought
to the excited state j1i using an Xπ pulse. After waiting for
an adaptive waiting time τi, the controller assigns the qubit
state as ground (mi ¼ 0) or excited (mi ¼ 1) by thresh-
olding the demodulated dispersive readout signal. The
Bayesian probability distribution PiðΓ1Þ, detailed in
Sec. III, is updated based on mi. The controller then uses
the updated estimate of T̂1 ≡ 1=hΓ1i based on PiðΓ1Þ and
selects a new waiting time τiþ1 ¼ cT̂1, with c fixed, for the
subsequent probing cycle.
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To contrast our estimation method with the standard
(nonadaptive) approach, we first present in Fig. 1(c) a
“standard T1 experiment.” For clarity, the measurement
outcomes of Figs. 1(c)–1(d) ignore readout errors.
Specifically, in Fig. 1(c) we plot the normalized measured
fractions of excited states, p̃ðj1iÞ as a function of the linear
waiting time τlin, along with the corresponding exponential
fit, yielding a decay constant of T1 ¼ 1=Γ1 ¼
ð165� 15Þ μs. This experiment is based on 1890 single-
shot measurements and spans approximately one second,
comparable to the method used in Ref. [26].
In contrast, in Fig. 1(d), we present a representative run

of our adaptive approach. The controller uses 50 single-
shot measurement outcomes (experiment performed the
day after the nonadaptive one), each of which is used to
update the probability distribution on the controller iter-
atively. The updated distribution is then used to calculate an
adaptive waiting time for the subsequent probing shot.
After 50 single-shot measurements, the estimated value is
T̂1 ≈ 159 μs, with a 68% credible interval (CI) of
½131; 202� μs, and a total elapsed time of only 11 ms
ð≈69T̂1Þ. The purple curve illustrates the corresponding
exponential decay, the shaded area indicating the CI.
We see that the resulting uncertainty from the adaptive

method is slightly larger than the nonadaptive case, while the
estimator T̂1 was obtained with a total estimation time that is
two orders of magnitude shorter. Moreover, in Fig. 1(c), the
chosen values of waiting times within the interval
½1; 1000� μs are appropriate for the estimated relaxation
time in this specific example. However, if T1 were to
fluctuate drastically, a nonadaptive estimation on the same
grid would result in a much greater uncertainty. The adaptive
scheme is much more robust to these fluctuations as the
waiting times are selected dynamically (for further details on
how the adaptive method outperforms the nonadaptive one,
see Supplemental Material [44]).

III. BAYESIAN ESTIMATION

We now describe our efficient and adaptive Bayesian
estimation method for the decay rate implemented on the
controller. The crux of the protocol is that all information
about the current estimate of the probability distribution,
PðΓ1Þ, is stored at any time, dynamically and with only a
few parameters, on the controller. This on-controller para-
metrization allows each Bayesian update of PðΓ1Þ to take
only ≈2.2 μs (cf. the update time of ≈50 μs in Ref. [34],
which used particle filtering for estimating decoherence
rates in a nitrogen-vacancy center). Section IV presents our
main results on Γ1 estimation, which remain accessible
without reference to the following implementation details.
An overview of our Bayesian estimation method was

described in the previous section, however, we reiterate to
be explicit as to what is executed at every step of the

FIG. 1. Device and Bayesian adaptive decay-rate estimation.
(a) Optical micrograph of transmon qubits (Q1 and Q2) nominally
identical to the ones used in this work. Each transmon (Qj) is
individually controlled by microwave pulses (XYj) and read out
through independent resonators (ROj). (b) Experimental scheme
for adaptively estimating the qubit decay rate Γ1 (purple box) on
the FPGA in real time over N probe cycles. In each cycle, labeled
i, the controller initializes Qj to the excited state (init), waits a
time τi adaptively chosen based on T̂1 ≡ 1=hΓ1i from the
previous Bayesian distribution Pi−1ðΓ1Þ, then updates the prob-
ability distribution PiðΓ1Þ based on the measurement outcome
mi. (c) Example of a nonadaptive estimation of the relaxation
time. From the normalized fraction p̃ðj1iÞ of excited states as a
function of linearly stepped probing waiting times τlin, Γ1 is
estimated by an exponential fit. The total elapsed time is ≈1 s.
(d) Example of an adaptive estimation of T̂1 by Bayesian statistics
implemented on the controller. Each circle is a single-shot
measurement outcome j0i (red) or j1i (blue) which updates
the current estimate of T̂1 and the subsequent adaptive waiting
time τi. The total elapsed time for the entire estimation is ≈11 ms.
(e) Evolution of the probability distribution P during each probe
cycle i of the estimation algorithm. The current estimate is Γ̂1

(gray dashed line). On each probing cycle, the estimate of Γ̂1 is
updated according to two possible likelihood functions (dot-
dashed lines), multiplied by the prior distribution (dashed). This
yields the posterior distribution (solid), whose estimate is shifted
left or right depending on the measurement outcome, while the
uncertainty is reduced on average. (f) Convergence of P as a
function of the ith probe cycle. The line shows the resulting
estimate T̂1 and the shaded area marks the 90% credible interval.
As in panel (d), each circle is a single-shot outcome mi with
corresponding waiting time τi.
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protocol and its approximations. The estimation method
involves a probing cycle where the qubit is first initialized
in the excited state j1i. This initialization is followed by a
waiting time τ after which the state of the qubit is measured
using dispersive readout. Since the fluctuations of Γ1ðtÞ
tend to be dominated by low-frequency noise [14,15], we
approximate Γ1ðtÞ to be quasistatic on the scale of tens of
probing cycles (i.e., a few ms). In the following, we thus
drop the time dependence of Γ1ðtÞ for ease of notation.
We assume that after the initialization the probability of

measuring an outcome m∈ f0; 1g corresponding to the
states j0i and j1i is given by the likelihood function [dot-
dashed lines in Fig. 1(e)]

PðmjΓ1; τÞ ¼ 1 −m − ð−1Þm½β þ ð1 − α − βÞe−Γ1τ�; ð1Þ

where Γ1 is the parameter we want the controller to
estimate, and α and β are misclassification probabilities
for measuring j0i when at the beginning of the measure-
ment the true state is j1i and measuring j1i when the true
state is j0i, respectively [48].
In the quasistatic approximation, by Bayes’ rule, one

obtains

Piþ1ðΓ1Þ ∝ PiðΓ1ÞPðmiþ1jΓ1; τiþ1Þ; ð2Þ

where the prior PiðΓ1Þ describes the probability distribu-
tion for Γ1 after the ith probing cycle, which depends on all
the previously used waiting times and measurement out-
comes, and the posterior Piþ1ðΓ1Þ describes the distribu-
tion after the subsequent cycle.
A simple parametrization of probability distributions is

generally favorable in Bayesian approaches for on-FPGA
optimization and computational speed, as demonstrated in
Ref. [40]. In typical experiments, the distribution of
estimated Γ1’s fits well to a Gaussian [29], which suggests
approximating the prior and posterior in Eq. (2) by a
Gaussian for all i [40,50]. However, combining a Gaussian
prior with the exponential likelihood function in Eq. (1)
results in a posterior that is not well approximated by a
Gaussian distribution, especially when the spread of the
Gaussian becomes comparable to its mean, yielding also
the unphysical ingredient of significant probability for
negative values of Γ1.
Instead, we find that the gamma distribution is a

convenient choice,

PiðΓ1jki; θiÞ ¼
θkii

ΓðkiÞ
Γki−1
1 e−θiΓ1 ; ð3Þ

where ki is the shape parameter, θi is the scale parameter,
and ΓðkÞ is the gamma function [for all positive integers
ΓðkÞ ¼ ðk − 1Þ!]. An example of a gamma-distributed prior
with ki ¼ 5 is shown in Fig. 1(e) (black dashed line). A
gamma-distributed prior yields a posterior that remains

exactly gamma-distributed in the absence of state-prepa-
ration and measurement errors ðα ¼ β ¼ 0Þ when m ¼ 1.
Therefore, we expect that the posterior [see solid lines in
Fig. 1(e)] obtained via Eq. (2) using the prior in Eq. (3) is in
all relevant cases still approximately gamma-distributed.
The gamma distribution is also a convenient choice for the
case when the standard deviation becomes comparable to
the mean, since by definition it has zero weight at negative
Γ1. For standard deviations small compared to the mean
(ki ≫ 1) the gamma distribution approaches a Gaussian
distribution.
In the following we will thus always approximate the

probability distribution for Γ1 after the ith probing cycle
with the gamma distribution PiðΓ1jki; θiÞ. We emphasize
that while the gamma distribution is often associated with
stochastic waiting times, in this work it is not linked to the
physical origin of Γ1 [51]. Rather, it is implemented in the
controller for its mathematical convenience and since it
provides a good approximation of a Gaussian distribution
after sufficiently many measurements. In summary, the use
of gamma distributions is advantageous as it requires two
parameters (ki, θi) only, and once multiplied by the
exponential likelihood function (2), the posterior remains
close to a gamma distribution. The controller thus only
needs to keep track of two parameters after each measure-
ment, which reduces the time the Bayesian update takes to
≈2.2 μs, as mentioned above.
Two steps are required to implement the estimation in the

controller. The first step is to determine an adaptive waiting
time τ based on the prior distribution. Then, one must
approximate the resulting posterior Piþ1ðΓ1Þ to a gamma
distribution. This can be done using equations implemented
directly on the controller in real time.

A. Adaptive waiting time

Working within a Bayesian framework, a common
approach is to choose parameters that minimize the
expected value of a quantity that measures the inaccuracy
of the Γ1 estimate, such as the variance or Shannon
information of its probability distribution, after a future
measurement is obtained. This works well as long as one
can find an analytical expression for the optimal experiment
based on the chosen metric [52]. Here it turns out that even
a simple metric like the expected posterior variance does
not give a simple analytical update rule for choosing τ.
Therefore, in our Bayesian framework, we make a similar
heuristic choice for the adaptive parameter τ as in Ref. [34]:
In each cycle, the controller uses the current estimate T̂1 ≡
1=hΓ1i ¼ θ=k based on the prior distribution and uses the
adaptive waiting time:

τiþ1 ¼ cT̂1;i; ð4Þ

where c is fixed in each experiment and depends on the
qubit cycle idle time t (e.g., initialization, readout), and
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measurement error rates α and β. The optimal choice for
the coefficient c is theoretically bound to the interval
c∈ ð0; 1.59Þ and is chosen based on binomial statistics,
to reduce the estimation time locally and uncertainty
given the current knowledge of Γ1 (see Supplemental
Material [44]).

B. Posterior approximation

The prior PiðΓ1Þ in Eq. (2) is assumed to be a gamma
distribution as given by Eq. (3), illustrated by the black
dashed line in Fig. 1(e). After measuringmiþ1 ¼ f0; 1g, the
posterior distribution Piþ1ðΓ1Þ is obtained by inserting
Eqs. (1), (3) in Eq. (2). Since the posterior distribution is
usually not an exact gamma distribution, we use the method
of moments and approximate Piþ1ðΓ1Þ with the gamma
distribution which has the same mean μiþ1 ¼
E½Γ1jmiþ1; νiþ1� and variance σ2iþ1 ¼ E½Γ2

1jmiþ1; νiþ1� −
E½Γ1jmiþ1; νiþ1�2 computed over Piþ1ðΓ1Þ, where we
use the notation νi ≡ ðki; θi; τiþ1Þ [53]. The required
gamma distribution then has the parameters

θ−1iþ1 ¼ fmðki þ 1; θi; τiþ1Þ − fmðki; θi; τiþ1Þ; ð5aÞ

k−1iþ1 ¼
fmðki þ 1; θi; τiþ1Þ
fmðki; θi; τiþ1Þ

− 1; ð5bÞ

where

f0ðk; θ; τÞ ¼
k
θ

1 − β − ð1 − α − βÞð θ
θþτÞkþ1

1 − β − ð1 − α − βÞð θ
θþτÞk

; ð6aÞ

f1ðk; θ; τÞ ¼
k
θ

β þ ð1 − α − βÞð θ
θþτÞkþ1

β þ ð1 − α − βÞð θ
θþτÞk

: ð6bÞ

The approximated Piþ1ðΓ1Þ becomes then the new prior
and the controller repeats this scheme in total N times per
estimation repetition to obtain a sufficiently narrow dis-
tribution [54], during which Γ1 is assumed to be quasistatic.
If one were to relax the quasistatic approximation, the
optimum choice of N would depend on details of the Γ1

drift and the estimation efficiency [44,55].
In Fig. 1(f) we illustrate (i) the resulting evolution of

PiðΓ1Þ as a function of the measurement number i for one
representative estimation sequence, and (ii) the correspond-
ing waiting times τi and measurement outcomes mi. The
misclassification probabilities α ¼ 0.11 and β ¼ 0.14 are
obtained by fitting an exponential decay from the non-
adaptive method [e.g., see inset of Figs. 2(d) and S3(c) of
Supplemental Material [44] ]. The initial prior is defined by
ðk0; θ0Þ ¼ ð3; 450 μsÞ, with N ¼ 50 and τ ≈ 0.51=hΓ1i
[56], based on previously measured relaxation rate fluctu-
ations. The purple line shows the estimates T̂1 and the
shaded area indicates their 90% credible interval, narrow-
ing T̂1 down from 168 μs (90% CI: ½80; 630� μs) to 191 μs

(90% CI: ½133; 301� μs) after 50 single-shot measurements.
The user can predefine the number of single-shot mea-
surements based on the required target uncertainty, which is
traded off against estimation speed. Upon measuring mi ¼
1 (blue circle), the estimate T̂1;i increases compared to its
previous value, and the subsequent waiting time τiþ1 also
increases. In contrast, after measuring mi ¼ 0 (red circle),
T̂1;i decreases, while τiþ1 decreases on average.

IV. RESULTS

A. Tracking high-frequency fluctuations by
adaptive estimation

We now apply our fast adaptive method to characterize
the qubit at a previously unexplored temporal resolution.
We first task the controller to acquire a time trace of T̂1 by
the adaptive estimation, withN ¼ 100 probe cycles [57] for
each estimation repetition. We plot the estimated T̂1 on the
controller in Fig. 2(a). The 68% confidence interval of the
moving mean is computed using the standard error of the
standard deviations of the 5 Bayesian posterior distribu-
tions: The standard error is estimated by first calculating the
moving mean of the posterior standard deviations and then
dividing by the square root of the window size. The
confidence bounds are then determined as the moving
mean of the estimated T̂1 values �1 standard error under
normality assumption.
In Fig. 2(b), we plot the estimated T̂1 around 1878 s of

panel (a) (other windows are presented in Supplemental
Material [44]).As shown, T̂1 switches between⪆500 μs and
≈100 μs on a timescale of tens to hundreds of milliseconds.
We emphasize that the purple points are independent of
each other since at the beginning of each estimation
repetition the prior distribution is reset to P0ðΓ1Þ.
The fluctuations in panels Figs. 2(a) and 2(b) exhibit

telegraphic noise with multiple stable points, which could
be explained by the qubit interacting with an ensemble of
TLSs [14,15,24] changing due to spectral diffusion [22,26]
or background ionizing radiation [19]. We highlight that
such fast fluctuations would not be measurable using the
standard nonadaptive method, which has previously
reported sampling times of a few seconds [18,26,27].
The dwell times, on the order of tens of milliseconds,
are consistent with the state-switching dynamics observed
in a TLS strongly coupled to a superconducting qubit used
as a detector [58]. Our sampling interval, which is 2 orders
of magnitude faster than previous works [18,26,27], reveals
that significant T1 fluctuations can occur at least 1 order of
magnitude faster than previously reported in transmon
qubits [18,26–29].
The estimation time is only tens of times longer than the

average T1 and can be integrated into adaptive quantum
control strategies to error-mitigate the performance of
QPUs. One may imagine interleaving the estimation pro-
tocol with quantum circuit operations, executing them only
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when the estimated qubit relaxation time T1 exceeds a user-
defined threshold to maintain a target gate fidelity. Since T1

fluctuates over time, instead of running quantum circuits
continuously, the system can pause its execution when the
relaxation rate is too high, thus improving the overall QPU
fidelity. Since both the interleaved estimation and qubit
operations are performed on the same qubit, there exists a
nontrivial relationship between the correlation time of the
fluctuations being tracked, the efficiency of the estimation
process, and the duration required for coherent operations
between estimations. Overall, the results presented in this
section demonstrate that our Bayesian estimation protocol
performs real-time tracking of the decay rate of a super-
conducting qubit.

B. Protocol validation by interleaved adaptive and
nonadaptive estimations

Next, we validate the protocol by programming the
controller to perform interleaved measurements with the

nonadaptive method to verify that it correctly identifies the
decay rate Γ1. The fluctuating parameter Γ1 is estimated
from the probing sequence shown in Fig. 2(c), where each
probe cycle i begins with an adaptive cycle [see Fig. 1(b)]
and is interleaved cycle-by-cycle with the nonadaptive one
(gray) [59], the outcomes mlin;i of which are stored.
In Fig. 2(d) we characterize the experimentally found

final posterior probability distribution P50ðΓ1Þ from 2000
subsequent adaptive estimations. The 68% confidence
interval of the moving mean is computed as in Fig. 2(a).
In post-processing we calculate the 50 averages hmlin;ii and
fit them to an exponentially decaying curve, see the inset
panel of Fig. 2(d), which yields T1 ¼ ð136.7� 2.2Þ μs
(dashed gray line in the main panel). The 2000 adaptive
estimations give on average T̄1 ¼ ð135.0� 0.9Þ μs (purple
arrow in the main panel), computed from the mean and
standard error of the adaptive time trace shown in the main
panel of Fig. 2(d). The main result is that the two values
agree, and the reduced uncertainty of the adaptive method

FIG. 2. Protocol for tracking and validation of the decay-rate fluctuations by adaptive estimation on the controller. (a) Experimental
results for the adaptive tracking protocol with N ¼ 100 to estimate T̂1 (purple dots, down sampled by D ¼ 30) and its 68% credible
interval (shaded area). Each purple point in this plot required an average estimation time of ≈20 ms. The dashed yellow line indicates the
mean value of all estimates T̄1 ≈ 350 μs. The black line is a moving mean over 100 samples and the black shaded area is its
68% confidence interval (see main text). (b) Estimated T̂1 at ≈1876 s of panel (a) (see purple dashed lines), where T̂1 shows telegraphic
switching with timescales on the order of tens or hundreds of milliseconds. (c) The interleaved estimation sequence for Γ1 used to
validate the adaptive protocol. Each of the N probe cycles, labeled i, consists of parts contributing to the adaptive (purple) and
nonadaptive (gray) estimates. Each adaptive probe cycle is followed by the nonadaptive part of the cycle, where the qubit is again
initialized in the excited state, the wait time is fixed to τlin;i ¼ iτ0, and the measurement outcome is stored for offline postprocessing.
After the N probe cycles, the final adaptively obtained distribution PNðΓ1Þ is saved. (d) Experimental results for the adaptive tracking
protocol, interleaved with nonadaptive measurements. Main panel: The estimate T̂1 (purple dots) and 68% credible interval (shaded
area) corresponding to the final probability distribution P50ðΓ1Þ of the 2000 adaptive estimates performed during the ≈60 s of the
experiment. The black line shows a moving mean over 5 samples and the black shaded area is its 68% confidence interval. The purple
arrow indicates the mean of all the adaptive estimates T̂1. The dashed line is the value extracted from the fit shown in the inset. Inset:
Experimental results for the nonadaptive estimate using linearly sampled waiting time τlin;i. Error bars represent the standard error.
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results from the narrowing of the prior distribution and the
adaptive waiting time chosen for the experiment.
The controller performs the same interleaved estimation

procedure on another qubit for over 3 min (Q2, located on
the same chip, see Supplemental Material [44]). In that
case, the nonadaptive method yields T1 ¼ ð178� 1.7Þ μs,
which is again in good agreement with the mean adaptive
estimate T̄1 ¼ ð182.63� 0.55Þ μs. Compared to Q1, we
attribute the slightly larger discrepancy between these
values to residual T1 fluctuations occurring between the
interleaved probing cycles.

C. Power spectral density and Allan deviation

To gain further insight into the physics of the fast
fluctuations we observe, we calculate the power spectral
density (PSD) and the Allan deviation [29,41,60] of a time

trace of T̂1 acquired over 72 h. The entire trace consists of
≈3.82 × 107 samples in total and is shown in Fig. 3(a). The
controller uses N ¼ 49 single-shot measurements per
estimation repetition, with settings similar to those in
Fig. 2(b) [61].
We compute the PSD [Fig. 3(b)] and Allan deviation

[Fig. 3(c)] with a running 2.8-h-long window (with 80%
overlap) in the top panels and for the full trace in the lower
panels. Compared to the controller’s fast sampling period
of ≈7 ms, the relatively long window enables us to resolve
Lorentzian processes in the Allan deviation within hun-
dreds of seconds of observation time. Later, in Fig. 4, we
use narrower windows to highlight faster dynamics.
In Fig. 3(b), top panel, we show the power spectral

density ST̂1
ðfÞ. The PSD of T̂1ðtÞ is defined as the Fourier

transform of its autocorrelation function:

FIG. 3. Frequency and time domain analysis of T̂1 fluctuations on a 72-h timescale. (a) Estimated T̂1 (purple dots, down sampled by
D ¼ 30000) as a function of laboratory time by real-time adaptive tracking with N ¼ 49 and sampling speed of ≈7 ms over 72 h. The
dashed yellow line shows the mean value of all estimates T̄1 ≈ 168 μs. The black line is a moving mean with a window of size 20 000
over the original estimates. Lower panel: Histogram of the moving mean. (b)–(c) Frequency and time domain analysis of the T̂1

fluctuations shown in panel (a), obtained from 2.8-h running windows with 80% overlap (black dashed lines): (b) Power spectral density.
Lower panel: PSD of the full time trace. (c) Allan deviation on a logarithmic scale; arrows denote the enlarged regions of Fig. 4. Lower
panel: Allan deviation of the full time trace. (d) Amplitudes of the Lorentzian (AL), 1=f (A1=f), and white noise (Aw) contributions,
extracted from the full time trace, by a simultaneous PSD and Allan deviation fit to the analytical formulas from Table I. The purple
dashed line is the standard deviation δT̂1 (see main text) of the Bayesian posterior distribution. Lower panel: Cumulative histogram of
the fitted Ai and their medians (dashed lines).
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ST̂1
ðfÞ ¼

Z þ∞

−∞
hT̂1ðtÞT̂1ðtþ τÞie−2πifτdτ: ð7Þ

The PSD exhibits increased amplitude at low frequencies
over some laboratory times, but attributing this behavior to
a TLS is not straightforward, as even a few TLSs can
produce a smooth, featureless 1=f spectrum that conceals
individual contributions. In contrast, the Allan deviation
quantifies how much a signal switches on average over an
observation time τ. If an individual TLS induces a random
telegraph signal with a characteristic switching time, the
Allan deviation of this signal exhibits a peak close to the
average switching time of the TLS [29,60].
For our qubit parameter T̂1ðtÞ, the Allan deviation is

defined as

σT̂1
ðτÞ ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

2
hðT̄1ðtþ τ; τÞ − T̄1ðt; τÞÞ2i

r
; ð8Þ

where T̄1ðt; τÞ ¼ ð1=τÞ R tþτ
t T̂1ðt0Þdt0 is the average over an

interval of duration τ and h…i is the average over t. In
Fig. 3(c), top panel, we plot σT̂1

ðτÞ which is high at short
observation times (τ ⪅ 100 ms) due to high-frequency
noise and sampling uncertainty. As τ increases, σT̂1

ðτÞ
decreases as the noise averages out. At longer τ, switching
in T̂1 shows up as an increase in σT̂1

ðτÞ, which is clearly
observed around τ in the range of tens of seconds at
laboratory times of 11, 50, and 55 (red arrow) h. Another
striking feature is the peak at 14 h (blue arrow) in the
subsecond timescale. All the peaks shown in Fig. 3(c) are a
clear signature of a Lorentzian noise process, as no power-
law noise source can reproduce them, and they correspond
to the rises in the PSD at smaller frequencies. The peaks of
the Allan deviations are indications of individual TLSs that
move in and out of resonance with the qubit [17,18]. To our
knowledge, these features have not been previously
observed at such short observation timescales and are
accessible here because of the fast and adaptive estimation
protocol. The PSD and Allan deviation are lower at 25 and
45 h of laboratory time, as a shorter T1 generally corre-
sponds to smaller fluctuations [26–29,62,63]. We tenta-
tively attribute the shorter T̂1 ≈ 0.1 ms to one or several
TLSs being close to resonance with the qubit.
To quantify the impact of Lorentzian-type noise on the

measured T̂1 fluctuations, it is common practice to fit the
full time trace to a model including white noise, 1=f noise,
and one or more Lorentzian noise sources [29]. We note
that even if two Lorentzian processes fit the full trace,
different TLS dynamics occur over laboratory time and it is
actually sufficient for the fit to use only one Lorentzian in a
shorter window slice. In the following, we present both
analyses to support our claim.
In the bottompanels of Figs. 3(b) and 3(c)we plot the PSD

and Allan deviation from the full trace shown in panel (a).
Both curves are simultaneously fitted with a sum of white,
1=f, and Lorentzian noise components, using the analytical
expressions from Table I [29,41]. Each noise process has a
corresponding amplitude coefficient, Ai, which is a free
parameter for the Allan deviation σT̂1

ðτÞ and the power
spectral density ST̂1

ðfÞ simultaneously. The Lorentzian fit
also includes theswitching rate γ asa freeparameter.To fit the
full trace we use two Lorentzian processes and the fit
parameters are given by Aw ¼ ð3.30� 0.06Þ × 10−5 s3,
A1=f ¼ ð1.36 � 0.02Þ × 10−4 s2, AL;1 ¼ ð1.8� 0.1Þ×
10−4 s2, γ1¼ð46�5ÞmHz, AL;2¼ð1.0�0.3Þ×10−4 s2,
and γ2 ¼ ð2� 1Þ mHz.
Now, instead of the full trace, we fit each 2.8-hour-long

time window of the top panels of Figs. 3(b) and 3(c) to
show that only one Lorentzian process is sufficient to fit the
data instead of two by selecting a shorter window. We plot

FIG. 4. Time domain analysis of T̂1 fluctuations on subminute
observation times. Enlargements of the regions indicated by the
arrows in Fig. 3(c). (a) Estimated T̂1 (purple dots, down sampled
byD ¼ 3000) as a function of laboratory time. The dashed yellow
line represents the mean value of all estimates T̄1 of Fig. 3(a). The
black line is a moving mean with a window size of 3000 over
the original estimates. (b) Allan deviation in logarithmic scale of
the T̂1 time trace with a running window of about 7 min and 80%
overlap. (c) Amplitudes of the Lorentzian (AL), 1=f (A1=f), and
white (Aw) noise contributions in each interval extracted from
panel (a) by a simultaneous fit to the Allan deviation and PSD
using analytical models from Table I. (d) Fitted switching rate
γ ≈ 10 Hz over more than 1 h of the Lorentzian component.
(e)–(h) Same as (a)–(d) with a running window of 17 min and 80%
overlap. The switching rate fit in panel (h) reveals a stable
Lorentzian process with γ ≈ 100 mHz for more than 3 h.
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the amplitudes of each noise process contribution in Fig. 3(d)
and their cumulative histogram in the bottom panel. In the
main panel of (d), the 68% confidence intervals of the
fit parameters are smaller than the plotted symbols and
are calculated as the square roots of the diagonal elements
of the covariance matrix associated with the fit. The
characteristic switching rate of the fitted Lorentzian
component is shown in Supplemental Material [44],
including the close agreement between the model and
the data. The 1=f noise likely originates from the qubit
interacting with an ensemble of TLSs [14,15,24] which
dominate the low-frequency fluctuations of T1 as observed
from our fit. The presence of distinct Lorentzian compo-
nents supports the existence of a few strongly coupled
fluctuators, consistent with the telegraphic switching
observed in Fig. 2(b).
In Fig. 3(d) we also plot the standard deviation δT̂1 ≈

hΓ1i−2δΓ1 ¼ θk−3=2 (purple dashed line) from the posterior
distribution computed on the controller. We note that δT̂1

correlates very well with Aw (gray diamonds), which is the
fitted amplitude of the white noise contribution according
to our model. The strong correlation between the white
noise power and the posterior standard deviation suggests
that δT̂1 indeed reflects the true uncertainty in the estimate.
In other words, if the white noise scales with δT̂1 above a
known noise floor, it is strong indirect evidence that the
Bayesian posterior’s δT̂1 reliably captures the actual
estimation error. To our knowledge, such correlation in
real-time estimation methods has not been reported before.
To quantitatively extract the occurrence rate of large

telegraphic switches in T̂1 on tens of milliseconds timescales
[Fig. 2(b)], we split the 72-h-long time trace of Fig. 3(a)
into independent 200-ms-long intervals. We find that
≈2.6% of intervals exhibit on average changes in T1

greater than 100 μs, roughly one event every 7.7 s (see
Supplemental Material [44]).
As mentioned above, from Fig. 3(c) we observe dom-

inant Lorentzian noise contributions for instance in the
regions marked by the arrows. To highlight the fast noise
dynamics pointed at by the blue arrow, we zoom in on the
2-h time period around hour 14 and plot the T̂1 estimates in
Fig. 4(a). To increase the temporal resolution, we analyze

7-min intervals with 80% overlap and compute the corre-
sponding Allan deviation for each, as shown in Fig. 4(b)
with peaks around laboratory time of 14 h and within
sub-second observation time τ. The fitted parameters are
presented in Fig. 4(c) alongside the switching rate γ in
Fig. 4(d).
The fitted amplitudes reveal distinct periods during

which Lorentzian fluctuators dominate the T1 dynamics.
In particular, the analysis identifies a more than 1-h-long
window dominated by a single fluctuator with a relatively
stable switching rate of γ ≈ 10 Hz, consistent with the
timescales observed by Ref. [58]. Such fast dynamics
would be extremely challenging to probe with traditional
nonadaptive methods.
We also focus on the region marked by the red arrow of

Fig. 3(c) over 5 h, see the corresponding T̂1 estimates in
Fig. 4(e). Its Allan deviation is shown in Fig. 4(f), along
with the fit parameters in panels (g) and (h). In this time
span, the dominating TLS has a stable switching rate
of about 100 mHz, slower than the 10 Hz presented in
Fig. 4(d) but still 2 orders of magnitude faster than what is
reported, for instance, in Ref. [29]. In panels (c), (d), (g),
(h), the 68% confidence intervals of the fit parameters are
smaller than the plotted symbols and are calculated as in
Fig. 3(d).
In this section we have demonstrated how our adaptive

Bayesian estimation method, about 2 orders of magnitude
faster than conventional nonadaptive methods [18,26,27],
confirms dominant Lorentzian noise processes in transmon
qubits in a previously unexplored regime of quickly
fluctuating relaxation times.

V. CONCLUSIONS AND OUTLOOK

This work presents the experimental demonstration of an
adaptive Bayesian estimation protocol for the decay rate of
two fixed-frequency transmon qubits. The scheme probes
submillisecond relaxation times using only tens of single-
shot measurements, with total acquisition times of a few
milliseconds. Our approach achieves rapid adaptive esti-
mation of the decay rate by integrating real-time Bayesian
estimation with FPGA-based feedback control. The pro-
tocol has been validated by interleaved measurements with
the standard nonadaptive method of extracting the decay
rate from fitting an exponential decay curve.
The main results of our work are (i) our fast protocol

improves the state-of-the-art estimation speed by 2 orders
of magnitude without compromising accuracy [18,26,27],
(ii) it reveals clear telegraphic changes in Γ1 by almost
one order of magnitude [Fig. 2(b)], with dwell times of tens
of milliseconds, instead of minutes or hours, most likely
caused by interaction with an environmental bath of TLSs,
and (iii) temporal and spectral analyses of the estimated
fluctuations are consistent with dominant Lorentzian proc-
esses, from which switching rates as fast as 100 mHz and
10 Hz are resolved in Fig. 4, 4 orders of magnitude faster

TABLE I. Power spectral density (PSD) and Allan deviation
models for different noise processes. The amplitudes Ai and
switching rate γ are free parameters for the simultaneous fit of the
PSD and Allan deviation.

Noise PSD ST̂1
ðfÞ Allan deviation σT̂1

ðτÞ
White Aw

ffiffiffiffiffiffiffiffiffiffiffi
Aw=τ

p
1=f A1=ff−1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2A1=f ln 2

p
Lorentzian 4ALγ

γ2þð2πfÞ2
ffiffiffiffiffiffi
AL

p
γτ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2γτ þ 1 − ðe−γτ − 2Þ2

p
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than previously reported. The estimation scheme is a
powerful probe of dominant TLSs that switch in and out
of resonance with the qubit on timescales of tens of
seconds. Such timescales would be extremely difficult to
observe with standard nonadaptive methods with the
precision reported here, and they redefine the timescales
relevant for calibration in superconducting QPUs, which
traditionally operate on minute-to-hour cycles.
Our protocol uncovers new perspectives on materials

characterization. High-throughput qubit screening targeting
fast fluctuations previously required hours to accumulate
sufficient statistics [16,29]. While long acquisition times
remain necessary for characterizing slow drifts, our scheme
collects fast fluctuations statistics within seconds. Average
relaxation times of T1⪆100 μs [64,65] have been shown in
superconducting qubits, however achieving such results
uniformly across a large wafer [10] and over time remains
challenging. The overall performance is limited by the
worst T1 values, and T1 tails can be improved through
better fabrication that mitigates drops in T1. Our protocol
provides a useful tool for qubit benchmarking and process
control, enabling rapid optimization of superconducting
qubits fabrication. Since the protocol employs only single-
qubit gates, it can be readily extended to multiple qubits
simultaneously, and its adaptiveness makes it appealing for
the characterization of large qubit arrays with unknown
decay rates.
In future work, the protocol could be interleaved with

dephasing rate measurements [27] using existing real-time
estimation techniques [34,40]. Potential correlations
between decay and dephasing rates may provide insights
into the microscopic origins of intrinsic decoherence chan-
nels at higher frequencies in Josephson junction qubits.
Additionally, the estimation could be combined with
spectral manipulation of TLSs via applied electric fields
[21,23,65–67] or strain [66,68]. Our adaptive Bayesian
technique could be employed for simultaneous relaxation
time estimations across multiple qubits [18,63], to inves-
tigate temporal andspatial correlationsat significantlyhigher
frequency bandwidths than previously achieved. Spectral
dynamics could also be explored in fixed-frequency trans-
mons by implementing off-resonant microwave tones to
drive ac Stark shifts [18,23]. Additionally, ourmethod could
be applied for the rapid detection of qubit decay induced by
gamma and cosmic rays [14,15,69,70].
Potential modifications to the protocol include relaxing

the assumption of single-shot readout [34], or mitigating
state preparation and measurement errors by repeating
probe cycles with the same waiting times [71,72], at the
cost of a slower estimation rate. Furthermore, the estima-
tion could be optimized by terminating it once a target total
measurement time or desired uncertainty is reached, rather
than using a fixed number of single-shot measurements.
Fluctuations in the decay rate degrade the stability of

QPUs, introduce uncertainty in coherence benchmarking,

and hinder process optimization for superconducting qubits.
Quantum error correction demonstrations are predominantly
limited by the “worst” outlier qubits in a given processor
[10,12]. Since state-of-the-art gate fidelities are limited by
Γ1, the optimal gate duration depends on temporal varia-
tions of Γ1. The observed stochastic decay rate fluctuations
suggest the following error mitigation approach: Continuous
identification of the lowest-performing qubits, suggesting a
shift from offline periodic recalibration every few hours to
real-time adaptive recalibration at millisecond timescales for
maintaining higher-fidelity gate operations in QPUs. More
generally, the ability to monitor a qubit’s relaxation rate in
real time opens new opportunities for the dynamic optimi-
zation and routing of quantum algorithms. A recently
estimated Γ1 value could be passed to a compiler’s routing
algorithm to determine the optimal mapping between virtual
and physical qubits, thereby boosting the benchmarking or
diagnostics of useful QPUs, and could be further extended to
other platforms.
Our adaptive Bayesian technique also offers an efficient

and online Hamiltonian learning protocol for real-time
estimation of decay rates beyond superconducting qubits.
Our results support that TLSs are major contributors to
rapid decay-rate fluctuations and a deeper understanding of
TLSs is thus vital for further improving the performance of
useful QPUs.
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Bonato, Learning quantum systems, Nat. Rev. Phys. 5, 141
(2023).

[32] M. Spiecker, P. Paluch, N. Gosling, N. Drucker, S.
Matityahu, D. Gusenkova, S. Günzler, D. Rieger, I.
Takmakov, F. Valenti et al., Two-level system hyperpolari-
zation using a quantum Szilard engine, Nat. Phys. 19, 1320
(2023).

[33] K. Reuer, J. Landgraf, T. Fösel, J. O’Sullivan, L. Beltrán, A.
Akin, G. J. Norris, A. Remm, M. Kerschbaum, J.-C. Besse
et al.,Realizing a deep reinforcement learning agent for real-
time quantum feedback, Nat. Commun. 14, 7138 (2023).

[34] M. J. Arshad, C. Bekker, B. Haylock, K. Skrzypczak, D.
White, B. Griffiths, J. Gore, G. W. Morley, P. Salter, J.
Smith, I. Zohar, A. Finkler, Y. Altmann, E. M. Gauger, and
C. Bonato, Real-time adaptive estimation of decoherence
timescales for a single qubit, Phys. Rev. Appl. 21, 024026
(2024).

[35] F. Berritta, T. Rasmussen, J. A. Krzywda, J. van der Heijden,
F. Fedele, S. Fallahi, G. C. Gardner, M. J. Manfra, E. van
Nieuwenburg, J. Danon, A. Chatterjee, and F. Kuemmeth,
Real-time two-axis control of a spin qubit, Nat. Commun.
15, 1676 (2024).

[36] N. Dumoulin Stuyck, A. E. Seedhouse, S. Serrano, T.
Tanttu, W. Gilbert, J. Y. Huang, F. Hudson, K. M. Itoh,
A. Laucht, W. H. Lim, C. H. Yang, A. Saraiva, and A. S.

Dzurak, Silicon spin qubit noise characterization using
real-time feedback protocols and wavelet analysis, Appl.
Phys. Lett. 124, 114003 (2024).

[37] N. R. Vora, Y. Xu, A. Hashim, N. Fruitwala, H. N. Nguyen,
H. Liao, J. Balewski, A. Rajagopala, K. Nowrouzi, Q. Ji
et al., ML-powered FPGA-based real-time quantum state
discrimination enabling mid-circuit measurements,
arXiv:2406.18807.

[38] F. Berritta, J. A. Krzywda, J. Benestad, J. van der Heijden, F.
Fedele, S. Fallahi, G. C. Gardner, M. J. Manfra, E. van
Nieuwenburg, J. Danon, A. Chatterjee, and F. Kuemmeth,
Physics-informed tracking of qubit fluctuations, Phys. Rev.
Appl. 22, 014033 (2024).

[39] J. Park, H. Jang, H. Sohn, J. Yun, Y. Song, B. Kang, L. E. A.
Stehouwer, D. D. Esposti, G. Scappucci, and D. Kim,
Passive and active suppression of transduced noise in
silicon spin qubits, Nat. Commun. 16, 78 (2025).

[40] F. Berritta, J. Benestad, L. Pahl, M. Mathews, J. A.
Krzywda, R. Assouly, Y. Sung, D. K. Kim, B. M.
Niedzielski, K. Serniak, M. E. Schwartz, J. L. Yoder, A.
Chatterjee, J. A. Grover, J. Danon, W. D. Oliver, and F.
Kuemmeth, Efficient qubit calibration by binary-search
Hamiltonian tracking, PRX Quantum 6, 030335 (2025).

[41] C. M. Van Vliet and P. H. Handel, A new transform
theorem for stochastic processes with special application
to counting statistics, Physica (Amsterdam) 113A, 261
(1982).

[42] R. C. Kurchin, Using Bayesian parameter estimation to
learn more from data without black boxes, Nat. Rev. Phys.
6, 152 (2024).

[43] C. W. Warren, J. Fernández-Pendás, S. Ahmed, T. Abad, A.
Bengtsson, J. Biznárová, K. Debnath, X. Gu, C. Križan, A.
Osman, A. Fadavi Roudsari, P. Delsing, G. Johansson, A.
Frisk Kockum, G. Tancredi, and J. Bylander, Extensive
characterization and implementation of a family of three-
qubit gates at the coherence limit, npj Quantum Inf. 9, 44
(2023).

[44] See Supplemental Material at http://link.aps.org/
supplemental/10.1103/gk1b-stl3 for the experimental setup,
additional examples of decay-rate estimation for both
qubits, and theoretical details on the optimal waiting time
based on binomial statistics and on the decay-rate estimation
using gamma distributions. The Supplemental Material
includes Refs. [45,46].

[45] S. Gustavsson, F. Yan, G. Catelani, J. Bylander, A. Kamal, J.
Birenbaum, D. Hover, D. Rosenberg, G. Samach, A. P.
Sears et al., Suppressing relaxation in superconducting
qubits by quasiparticle pumping, Science 354, 1573 (2016).

[46] F. Leveraro, Novel techniques for fast and precise estima-
tion of qubit decay rates, Master’s thesis, University of
Copenhagen (2024).
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