Opportunities and challenges in scaling quantum error detection on hardware
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Quantum error detection can produce unbiased expectation values that exponentially converge to
noiseless results as the code distance is increased. Despite this, its performance as an error mitigation
technique is relatively understudied on quantum hardware because of its two main drawbacks: (i)
the number of samples increases exponentially in the circuit depth/noise level, and (ii) the classical
pre/post-processing generally grows exponentially in the code distance, though exceptions exist.
Additionally, the constant (but often large) overhead of embedding the code and logical operations
on hardware can make accuracy worse instead of better. In this work, we seek to provide a clear
picture of these opportunities and challenges for scaling quantum error detection on hardware. We
do so by performing a detailed benchmarking study on real and simulated noisy quantum computers,
using the repetition code and triangular color code for memory experiments and logical computations
with up to 74 physical qubits. In addition to these benchmarks, we estimate the pseudo-threshold of
codes to map the frontier of error detection on current and future quantum computers. Our results
provide a clear view of the challenges that must be overcome to use error detection in end-to-end
experiments, but also indicate the opportunity to scale error detection to Megaquop computers.

I. INTRODUCTION

Indeed, the error mitigation technique of quantum er-

Due to the experimental fragility of quantum states, it
is generally accepted that quantum computers must em-
ploy active and/or passive methods to deal with errors.
Recent landmark experiments in quantum error correc-
tion have demonstrated logical error rates that decrease
exponentially in the number of physical qubits used [1-3].
These error rates are primarily in “memory experiments”
in which a logical state is prepared and then stored on
the device for some time. In recent years, there has also
been an explosion in the development of so-called quan-
tum error mitigation methods [4, 5] These error mitiga-
tion methods are generally designed to improve the ac-
curacy or precision of computing expectation values on
(current) quantum computers. While some error mitiga-
tion methods use additional space resources (i.e., qubits)
— for example virtual distillation [6] and recent proposed
improvements to probabilistic error cancellation [7] —
most use additional time, guided by the limitations of
current quantum computers. However, the recent find-
ings from quantum error correction confirming that more
noisy qubits working together can lead to better results
suggest the utility of using additional space resources for
quantum error mitigation.
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ror detection shares many desirable features with quan-
tum error correction. In quantum error detection, ad-
ditional qubits are used to encode logical states, which
are then evolved by logical operations. However, instead
of attempting to actively correct errors, the logical infor-
mation is measured and then post-processed to improve
expectation values as in error mitigation. Intuitively, the
method works by discarding final states that are not in
the logical subspace of the chosen error correcting code.
Error detection and variants have been proposed under
the names of subspace expansion [8-11], error detec-
tion [12-14], symmetry verification [15-17], and logical
shadow tomography [18]. Experimentally, the method
has been used in [13, 19-26]. The main challenges are
that the method requires a number of samples (shots)
exponential in the size of the quantum circuit under most
reasonable noise models, and that the classical pre/post-
processing generally scales exponentially in the code size
(a problem which several authors have attempted to alle-
viate [11, 18]), though exceptions (e.g. CSS codes) exist.

Despite these challenges, quantum error detection has
very desirable characteristics. Most notably, while vir-
tually all error mitigation techniques are heuristic and
produce biased estimators, quantum error detection pro-
duces unbiased estimates of expectation values, assuming
all errors which occur are correctable. To our knowledge,
the only other unbiased quantum error mitigation tech-
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nique is probabilistic error cancellation (PEC) [27-30],
assuming noise can be perfectly characterized. In spite
of this, quantum error detection has been relatively un-
derstudied on hardware in general, and in particular with
respect to its performance as the code size scales.

In this work, we seek to fill this gap by presenting a
detailed benchmarking study of quantum error detection
on real and simulated quantum computers, highlighting
both the opportunities and challenges of the method.
Our results demonstrate that the accuracy of expecta-
tion values can (exponentially) converge as the size code
distance/number of physical qubits increases, analogous
to recent experiments in quantum error correction. To
demonstrate this, we study the performance of the repeti-
tion code and the triangular color code on IBM quantum
computers, analyzing the accuracy of expectation values
as the code size increases. Our experiments use up to 74
physical qubits and 3146 physical two-qubit gates to pre-
pare logical Bell states, providing better-than-physical
performance when evaluating expectation values. We
also provide a clear picture of the sampling overhead re-
quired and the amount of classical pre/post processing
required to achieve these results. Although these remain
challenges for the method that we do not seek to address
in this work, our experimental results indicate the op-
portunities for error detection at the scale of Megaquop
computers [31] and beyond. To these ends, we provide
background on quantum error detection in Sec. II, we
present our experimental results in Sec. III, and discuss
our methods in Sec. IV.

II. PRELIMINARIES
A. Quantum error detection

Quantum error detection encodes a physical state into
a logical state using an error correction code, imple-
ments logical operations, then projects the state into the
codespace. Specifically, given a physical state p, an ob-
servable O, and an [[n, k, d]] error correction code defined
by stabilizer code & = (S, ...,.S;), the error-mitigated
expectation value is given by

_ Tr [TIpIT O]

(0) = W (1)

where the projection onto the logical codespace II is de-
fined from the code via

= H(usi)/z:%Zs. 2)

i=1 Ses

This projector II has the following properties to mitigate
errors. Given a correctable error F acting on a logical
state |1)), there exists some stabilizer generator S such
that £S = —SE. Therefore we have Z£5E[¢)) = 0. On

the other hand, if there is no error, then Z£5[¢) = [¢).

Thus, the operator II projects or filters out correctable
errors, while keeping codewords.

From these properties, it follows that the error-
mitigated expectation value (1) is unbiased if all errors
that occur are correctable. While in practice, bias enters
due to uncorrectable errors, including logical errors, this
is still a highly desirable property for a quantum error
mitigation technique. To our knowledge, the only other
unbiased quantum error mitigation technique is proba-
bilistic error cancellation (PEC) [27-30]. Like error de-
tection, this unbiased property in probabilistic error can-
cellation also depends on an assumption about the noise
— namely, that it can be characterized to arbitrary ac-
curacy.

Under most noise models, the probability of measur-
ing codewords becomes exponentially small in the circuit
depth. For example, consider a global depolarizing chan-
nel p — pp + (1 — p)I/d after each layer of the circuit.
Here, p is the operation layer fidelity, 0 < p < 1, and d
is the dimension of p). After D layers, the final state is

prpPp+ (1—pP)/d. (3)

Thus, we see the probability of measuring a codeword
scales as u” (0 < p < 1). This reveals a main chal-
lenge with quantum error detection: the probability of
sampling codewords is exponentially small in the circuit
depth under most noise models. (Equivalently, the num-
ber of samples required grows exponentially in the cir-
cuit depth.) Virtually all quantum error mitigation tech-
niques have similar characteristics, either requiring expo-
nentially many samples or requiring some other resource
which grows exponentially with the problem size.

In quantum error detection and correction, a larger
code distance is desirable. This is because a larger dis-
tance separates codewords more, making it less likely for
logical errors to occur. This means that, in principle, us-
ing more noisy qubits in quantum error detection reduces
errors in expectation value estimates. In this work, we
describe multiple benchmarks performed on IBM quan-
tum computers which show this is true: The main advan-
tage with quantum error detection is that accuracy can
be improved by using additional physical qubits (larger
code distances).

However, the classical (post-)processing required by
quantum error detection is computationally hard. There
are two broad techniques to implement error detection
(evaluate (1)):

1. Measure all qubits (in the computational basis) and
only keep codewords. This is efficient assuming
the codewords are known. While computing code-
words from stabilizer generators is efficient for cer-
tain codes (CSS codes), in general this is a hard
problem. In Fig. 1, we show runtime of the best-
known algorithm to compute codewords from stabi-
lizers. The punchline is that computing codewords
from stabilizers scales exponentially and becomes
infeasible for relatively small n ~ 28 codes.
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FIG. 1. Time to compute codewords from stabilizer gener-
ators for random codes on 4 < n < 28 qubits. Using the
best algorithm to our knowledge (generating a random state
vector and multiplying it by S + I for each generator S) and
the best implementation of this algorithm (in Stim [32]), we
benchmarked the time to compute codewords from stabilizer
generators for random codes with 4 < n < 28 physical qubits.
The results confirm the exponential scaling and give a sense
for the practicality of this strategy: for n < 25 this can be
done in minutes, whereas for 25 < n this takes hours or longer,
and we ran out of memory for n > 28, demonstrating the hard
pre/post-processing required for error detection.

2. Evaluate the numerator and denominator of (1) as
an expectation value problem for the modified ob-
servables TITOII (numerator) and IT (denominator).
(Note that as long as O and II commute then the
modified observable for the numerator can be sim-
plified to ITI0.) This means we can implement quan-
tum error detection by estimating the expectation
values Tr[p(IIO) (numerator, non-subsystem stabi-
lizer codes) and Tr[pll] (denominator), where the
projector onto the codespace II is defined in (2).
Unfortunately, II is a not Pauli and so does not ad-
mit an efficient stabilizer/tableau description. In-
deed, IT is in general a summation of 2" Paulis
where r = n — k is the number of stabilizer gen-
erators encoding n physical qubits into k& logical
qubits. This means that the time for classical post-
processing generally scales as 2.

This reveals a second main challenge with quantum
error detection: the classical (post-)processing scales ex-
ponentially in the code size.

B. Literature review of
quantum error detection experiments

Table I and the papers we highlight in this section
provide a current picture of the experimental status of
quantum error detection. The theory of quantum error

detection is well established. In an influential 2020 paper,
McClean et al. [42] proposed it as an “intermediate form
of error correction” to enable practical applications, and
generalized the projection (2) to a subset of symmetries
with general coefficients (i.e., modified (2) to Il =), ¢;S;
for general coefficients ¢;) that, when measured, leads
to a generalized eigenvalue problem. Numerical simula-
tions show improved accuracy for a benchmark with the
[[5,1,3]] code and for a four-qubit Hydrogen molecule
with problem symmetries under a single-qubit depolar-
izing noise model. Further, recognizing the challenging
classical post-processing, the authors propose a stochas-
tic sampling scheme to evaluate the error-mitigated ex-
pectation value (1). Last, the paper also proposes modi-
fying the projectors in (2) as (I 4+ (—1)%5;)/2 to utilize
the ith syndrome bit s; for “corrections with recovery
operations.”

Around the same time, a 2021 paper by Cai explored
similar ideas under the names of symmetry verification
and symmetry expansion [43], with the primary differ-
ence being that the symmetries in this work are prob-
lem symmetries, whereas the symmetries in the previous
work (McClean et al. [42]) are either problem symmetries
or stabilizers from error correction codes. Cai numer-
ically investigates their performance with up to n = 12
qubit 2D Fermi-Hubbard models with depolarizing noise,
considering different sets of symmetries arising from the
Hubbard model, and showing improved performance.

Several works have performed error detection with the
use of ancilla qubits. For example, in 2024 Self et al.
used ten data qubits and two ancilla qubits to mea-
sure stabilizers of the [[k, k + 2, 2]] “Iceberg code” on the
Quantinuum H2 computer [36], demonstrating better-
than-physical performance on mirror circuit and quan-
tum volume benchmarks. In 2025, Martiel and Javadi-
Abhari used up to 18 ancilla qubits and up to 50 data
qubits on IBM quantum computers to prepare random
stabilizer states, showing a 236x fidelity gain relative
to the physical experiment [38]. This paper is also no-
table for using codes tailored to hardware and introduce
techniques to identify and measure low-weight stabiliz-
ers. Additionally in 2025, Javadi-Abhari et al. used
8 ancilla qubits and up to 120 data qubits to prepare
GHZ states [39]. Last, in 2025 Chertkov et al. [37] im-
plemented quantum error detection in an experimental
study of a dissipative quantum process using the [[4, 2, 2]]
code and two ancilla to measure stabilizers.

In 2025, Chertkov et al. [37] implemented quantum er-
ror detection in an experimental study of a dissipative
quantum process. This process contains mid-circuit re-
sets that are applied at random locations/times. In their
work, the authors perform a logical version of the com-
putation with each pair of physical qubits encoded with
the [[4,2,2]] code. Using two ancilla qubits to measure
the stabilizer generators of this code, they implement a
reset whenever an error is detected via ancilla measure-
ment. In this sense, the authors “avoid the exponential
post-selection [sampling] penalty of quantum error de-



Year Problem Code Physical qubits Computer Ref
2015 Bell state preparation [12,0,2]] 4 Four superconducting qubits|[33]
2020 | Two-qubit Hydrogen ground state [14,2,2]] 4+ 2 ancilla IBM Tokyo [34]
2022 State preparation [[5,1,3]] 5 12 superconducting qubits |[35]
2024 | Mirror circuits/Quantum volume |Iceberg [[k + 2, k,2]]| 10 4 2 ancilla Quantinuum H2 [36]
2025| Dissipative quantum dynamics [[4,2,2]] 28 Quantinuum H2 [37]
2025 (Random) State preparation Spacetime 50 + 18 ancilla IBM Kingston [38]
2025 GHZ state preparation GHZ state 120 + 8 ancilla | IBM Aachen (and others) |[[39]
2025 Bell state preparation [[4,2,2]] 4 IBM Kyiv [40]
2026 Bell state preparation [[2,0,2]] 4 Silicon quantum computer |[41]

TABLE I. Quantum error detection experiments on quantum computers.

tection by using an adaptive quantum circuit whose dy-
namics are controlled by the mid-circuit error detection
measurements”. In other words, the authors of this pa-
per similarly identify the exponential sampling overhead
of quantum error detection. While they address it, they
do so for a particular quantum circuit and application,
and not for error detection in general.

III. RESULTS

As a first experiment, we prepare the |0) state of the n-
qubit repetition code on IBM quantum computers. We
then apply an even number d of X gates and measure
the expectation value (Z), which would be one on an
ideal (noiseless) quantum computer. The results for this
experiment on IBM Kyiv are shown in Fig. 2. Here, we
see that the error detection results are better than the
physical results on average. Further, we see that the
the error detection results converge exponentially to the
ideal expectation value as the code distance (number of
physical qubits) increases.

We can gain intuition for the exponential convergence
by considering a model of rate p global depolarizing noise.
In this case, for any [[n, 1]] code and any logical operator
O, the error-mitigated expectation value as a function of
n is

_ PTe[p0]
P+ ok

(O)(n) (4)

Since Tr[pO] is the ideal (noiseless) expectation value,
we see the error-mitigated result converges to the ideal
result exponentially in the number of physical qubits n.
We remark the limiting case n = 1 reproduces the unmit-
igated (noisy) expectation value pTr[pO]. While Eqn. 4
follows quickly from (1) with the definition of global de-
polarizing noise, a derivation is included in Appendix A
for completeness.

While we see exponential convergence on hardware, the
repetition code is classical — it can only correct bit-flip
errors. Furthermore, the encoding |0) + |0) is trivial and
every stabilizer is diagonal in the Z-basis, so comput-
ing (1) reduces to computational basis measurements. In
this sense, this presents the best-case scenario for quan-
tum error detection. In the following experiments, we
successively relax these conditions to further analyze the

performance of error detection on hardware under more
realistic settings.

First, we consider a multi-logical-qubit computation
with the repetition code, instead of a single logical qubit
memory experiment. In particular, we use the n-qubit
repetition code to prepare a logical Bell state |®F) :=
(]00) + |11))/v/2 and measuring (ZZ). The results are
shown in Fig. 3 for n = 3, 5, and 7, with the phys-
ical results shown at n = 1 for reference. As can be
seen, in this experiment the error detection results are
better than the physical results on average. While the
results still converge to the ideal noiseless value, the rate
of convergence is markedly slower than in the previous
memory experiment without any two-qubit logical gates.
Although the repetition code has a transversal logical
CNOT, the single-qubit logical Hadamard requires a lad-
der of CNOTs. This makes it more probable for errors to
spread. Also, it increases periods in the quantum circuit
where qubits are idling. To address errors accumulating
during this idle windows, we also perform the experi-
ment with dynamical decoupling (DD). As can be seen
in Fig. 3, the encoded + DD results are better than just
the encoded results, and the rate of convergence to the
ideal value is slightly faster.

While the repetition code simplifies several experimen-
tal aspects, it is classical and only able to correct for bit-
flip errors. To move beyond this, we turn to the trian-
gular color code. Briefly, the distance d triangular color
code encodes k = 1 logical qubit using n = (3d* + 1)/4
physical qubits. For distance d = 3, the triangular color
code is the seven-qubit Steane code, and higher distances
generalize this by a triangular subregion of a hexagonal
tiling of a two-dimensional lattice [44]. A full discussion
of the triangular color code is provided in Sec. I'V. Using
this code, we perform the same logical Bell state prepara-
tion experiment, this time applying X for even circuit
depth D after the logical Bell state is prepared. We em-
phasize the difference compared to the repetition code is
a non-trivial encoding circuit mapping [0)®" s |0)®F.
The results are shown in Fig. 4 for the distance d = 3,
5, and 7 triangular color codes on IBM Boston. At dis-
tance three (n = 14 physical qubits), the encoded/error
detection results are better than the physical results for
all circuit depths tested. At distance 5 (n = 38 physical
qubits) however, there is a cross-over region. Namely,
the encoded results are better than physical for depths
up to 20, then become worse than physical after. This ex-
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FIG. 2. Repetition code memory experiment results on IBM Kyiv. The left subplot shows (Z) versus circuit depth d, with the
average physical result in blue (colored +1 standard deviation) and encoded results for n = 3,5,7,9 in different colors. As can
be seen, the encoded results are better than the physical results on average, and the accuracy of the encoded results increases

as n increases. The right subplot shows the same data but with (Z) versus n, with different depths d shown in different colors.
These curves demonstrate the exponential convergence in n. Note that the average physical results are shown at n = 1.
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FIG. 3. Logical Bell state preparation with the n-qubit rep-
etition code on IBM Brisbane, measuring (ZZ). Results are
shown for n € {3,5,7} with the unencoded (physical) result
shown at n = 1 for reference. The blue curve shows the er-
ror detection results, while the orange curve shows the error
detection results with XY-4 dynamical decoupling applied to
the circuit. Error bars show one standard deviation over ten
independent trials.

pected behavior illustrates what we call the pseudothresh-
old — i.e., given a particular circuit, observable, and
noise model, the pseudothreshold p* is the noise level be-
low which error detection provides superior performance
and is able to exponentially suppress errors, and above
which error detection provides worse performance. This
is completely analogous to thresholds of quantum error
correction codes, but we use the term pseudothreshold to
emphasize the dependence on the particular circuit, ob-

servable, and noise model. Similar to the previous exper-
iment, we also apply dynamical decoupling to the logical
circuits. While the performance with dynamical decou-
pling is better at some depths, it is less emphatic and
less clear than the results we obtained for the repetition
code. Finally, we also implemented the distance 7 tri-
angular color code corresponding to 74 physical qubits,
but did not sample any codewords on hardware after 10°
shots. To study the code at this distance, we imple-
mented a noise model of single-qubit depolarizing noise
after every moment (parallel layer of circuit operations),
for a noise rate comparable to hardware. In this case, we
consider all-to-all connectivity, instead of the heavy hex
connectivity provided by IBM Boston. The noisy simu-
lation results indicate that error detection outperforms
the physical experiment at all tested circuit depths. The
same noisy simulations were performed for the distance
3 and distance 5 experiments, and are shown for compar-
ison on the respective subplots in Fig. 4.

Although we chose ZZ for the observable in this exper-
iment, we could have equally well chosen X X or YY since
they are related by a transversal basis rotation in the tri-
angular color code. To illustrate this, Fig. 5 shows the
distance three experiment performed with the XX ob-
servable. The only difference in the circuit is a transversal
Hadamard applied before the computational basis mea-
surement. A histogram of results over 15 independent
experiments on IBM Fez show that the error detection
performance is better than physical on average, just as
with the ZZ observable used for the previous experiment.

Finally, we explore the pseudothreshold behavior ex-
hibited in Fig. 4 more deeply. Again, we define the pseu-
dothreshold as the physical noise rate p* below which
error detection provides better performance, provided a
given circuit, observable, and noise model. Just as in
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results become worse than the physical results at depth d = 30. Colors show one standard deviation calculated from the fraction
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are shown for depolarizing noise with all-to-all connectivity, also shown in the distance three and five plots for reference. As
in previous experiments, circuit depths are increased by inserting an even number d of X gates after the logical Bell state is
prepared. Inset graphs show the device subgraphs used in the experiment (for distance seven, the graph is all-to-all on 74

qubits, shown for 12 nodes for visualization purposes).
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FIG. 5. Histogram of results for preparing the logical Bell
state |®T) on IBM Fez and measuring (X X) with the distance
d = 3 triangular color code (Steane code).

error correction, (pseudo)thresholds are difficult to eval-
uate analytically, and this can only be done in special
cases. To explore the pseudothreshold here, we consider
the same logical Bell state preparation experiment with
the triangular color code and a model of rate p single-
qubit depolarizing noise applied after every parallel layer
of operations. To estimate the pseudothreshold, we simu-
late the physical experiment and the encoded experiment
at multiple distances, then estimate the crossover point.
The results are shown in Fig. 6. As expected, we see that

the pseudothreshold p* drops exponentially in the depth
of the circuit. This sub-threshold region characterizes the
circuit volumes and noise rates for which error detection
provides better-than-physical performance.

IV. METHODS

The n-qubit repetition code is an [[n,1,n]]
code (for odd mn) with stabilizer generators
S = (L125,72575,...,Z,-1Z,) and logical opera-
tors Z = Z; and X = X;Xo---X,, [45, 46]. As a

classical code, it can only detect and correct bit-flip
(X) errors. The logical CNOT gate is transversal:
CNOT = J],CNOT;itp. The logical Hadamard-like
gate is not transversal and requires a ladder of CNOT
gates.

The distance-d triangular color code is an [[n,1,d]]
code with n = (3d? + 1)/4 physical qubits arranged on a
triangular lattice with three-colorable faces [44, 47, 48].
Unlike the repetition code, it is a quantum code capable
of correcting both bit-flip and phase-flip errors on any
physical qubit. For distance d = 3 (the Steane code,
n = 7), the stabilizer group is generated by six opera-
tors (three X-type and three Z-type) corresponding to
the faces of the lattice, and this generalizes to higher
distances with larger lattices. In the triangular color
code, both the logical Hadamard and logical CNOT are
transversal.

Unlike the repetition code in which logical state prepa-
ration [0)®" + |0)®F is trivial, the triangular color code
requires an encoding method. Generally this can always
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FIG. 6. Estimated pseudothreshold p* (top panel) for the tri-
angular color code Bell state preparation experiment, apply-
ing X% for a given depth d. The pseudothreshold p* is defined
as the the physical noise rate p below which error detection
outperforms the physical experiment. Markers show calcu-
lated thresholds and the dashed line shows an exponential fit.
Thresholds are calculated by simulating the experiment with
different code distances and estimating the crossover point
(bottom plot), the same method for estimating thresholds of
quantum error correction codes.
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be done for error correcting codes by measuring each sta-
bilizer and applying an appropriate correction to ensure
the +1 eigenstate of all stabilizers — i.e., the |0) state
— is prepared. This is equivalent to a round of error
correction applied to the |0)®™ physical state. On IBM
quantum computers we are currently unable to reliably
perform this encoding technique, so we instead imple-
ment a unitary circuit U such that U|0)®" = |bar0)®*.
This can always be done by performing Gaussian elimina-
tion on the stabilizer tableau (check matrix) of the code
and implementing the corresponding circuit operations.
Fig. 7 shows the number of two-qubit gates and circuit
depths for unitarily encoding the logical zero state of the
distance d triangular color code, both on all-to-all con-
nectivity used in noisy simulations and on the heavy hex
topology on IBM quantum computers. This plot shows
the relative complexity of unitary encoding as well as the
overhead incurred by embedding to the heavy hex archi-
tecture.

Unless otherwise mentioned, we performed physical ex-
periments with 10* shots and logical experiments with
10° shots on hardware. All hardware experiments were
performed with IBM quantum computers. For each ex-
periment, we select the best subset of qubits to run on
from the latest calibration data. Qubits generally exhibit
non-trivial variance over space and time. Figure 8 shows
the individual qubit results from the average physical re-
sults calculated in Fig. 2. For experiments, we choose
contiguous qubit subsets to minimize the number of two-
qubit gates required in circuits. For the repetition code
these subsets are simply lines of qubits for both mem-
ory and logical Bell state preparation experiments. For
the triangular color code, we choose adjacent hexagons
of qubits on the device. Noisy simulations were per-
formed with a Clifford circuit simulator [32] assuming
all-to-all connectivity and a model of single-qubit depo-
larizing noise applied after every moment.



V. CONCLUSION

In this work, we have experimentally demonstrated
that quantum error detection can improve the accuracy of
expectation values exponentially in the number of phys-
ical qubits, provided the hardware noise rate is below a
threshold. This mirrors the threshold behavior observed
in quantum error correction and provides a key opportu-
nity for performing quantum error detection experiments
on hardware. For the repetition code memory exper-
iments, we observe clear exponential convergence as n
increases, consistent with the simple theoretical predic-
tion of (4). While the Bell state preparation experiments
also show the opportunities for quantum error detection,
they exhibit the challenges of scaling as well. In partic-
ular, as the code size grows, compiled circuits become
deeper and introduce additional noise that can push the
effective error rate above the pseudothreshold.

We expect that optimized encoding circuits would fur-
ther improve our experimental results. Further, we ex-
pect that non-unitary encoding circuits would improve
our results when experimentally available, although these
also involve additional noise arising from noisy ancilla
state preparation and syndrome measurements. It is an
interesting future direction to develop quantum error cor-
rection codes tailored to particular hardware to allevi-
ate these challenges. While we characterize the post-

selection rate (fraction of codewords fo measured), we
did not normalize the improvement of quantum error de-
tection by the additional resources (shots) used.

Our benchmarks show that quantum error detection
holds strong promise as an unbiased error mitigation
technique. If new techniques are introduced to allevi-
ate the exponential sampling overhead and the exponen-
tial classical processing, even larger-scale, application-
oriented experiments with quantum error detection will
be able to be performed. Such techniques have been pro-
posed in recent literature, e.g. generalized subspace ex-
pansion [11] and logical shadow tomography [18], and are
of significant interest for future work.

CODE AND DATA AVAILABILITY

Code to reproduce experiments is available at [49].
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Appendix A: Derivations

To see why (4) is true, the error-mitigated value is
defined as

. Tr[IIE, (p)ITT O]

O)(n) = ——2~_—— Al

(O)m) = (A1)
where S is a generating set for the stabilizer group,
II:= [[ges (I +5)/2 is the projector onto the codespace,
and &, := pI/d+ (1 —p)p is the action of rate p depolar-
izing noise on the encoded state p := [09")(0%"|. Using
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the facts that [[1,0] = 0, IT = IIf, and 112 = II, the
numerator of (Al) is

Tr[IIE, (p)ITT O] = 1;pT&r[HO] + pTr[pl1O] = pTr[pO].

d
(A2)

The second equality follows because every term in 10 is
a Pauli so that Tr[IIO] = 0, and because p is a codeword

10

so that pIl = p. Similarly, the denominator of (A1) is

(1= p) T[] /d + pTr[pll] = (1 - p)/2" " +p.  (A3)

This follows because 1I = 2,%1 > ses S and every non-
identity Pauli is traceless, so Tr[ll] = = Tr[l] = 52

Fn-T =
2, giving Tr[ll]/d = 1/2"~!. Similarly, Tr[pIl] = 1 since
p is a codeword. Combining the numerator and denomi-
nator yields (4).
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