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I. Device Characterization
A. Device Information

The experiments in this work are carried out on two
separate Willow processors: one 72-qubit processor and
one 105-qubit processor. As noted in the main text,
these devices have improved operational fidelities com-
pared to the Sycamore processors used in previous works.
The T and T5 coherence times are significantly improved
while the single- and two-qubit gate operation times are

kept relatively constant. The improvement in 7T} can be
attributed to a few critical changes in our device and
fabrication. First, by adjusting the capacitor topology
and increasing the overall capacitor size from ~30 pm to
~150 pm, we reduced the qubit exposure to lossy materi-
als and interfaces. Second, we made numerous incremen-
tal cleanliness improvements by moving from a shared
research cleanroom environment to a dedicated fabrica-
tion facility with dedicated tooling. To improve T3, we
reduced current noise in our flux bias lines, which is the
largest source of qubit dephasing. Finally, we increased
the coupling between our qubits and readout resonators,
which reduces the probability of measurement induced
state transitions.

B. Device Benchmarking

Single-qubit gates are implemented using microwave
XY rotations and virtual Z rotations. On the 105-qubit
processor, all XY rotations have 25ns duration, while
on the 72-qubit processor, m and 7/2 rotations have 35 ns
duration and 18 ns duration respectively. We characterize
the single-qubit coherence times and gate performance,
with results shown in Fig. [S2)and Fig. [S3|for the 72-qubit
and 105-qubit processor, respectively. We measure all
single-qubit gate errors simultaneously using randomized
benchmarking [I].

We implement our entangling operations using CZ
gates, as is further described in Section [IC] Our CZ
gates are performed in 42ns on the 105-qubit proces-
sor and 37ns on the 72-qubit processor. We character-
ize their performance using simultaneous cross-entropy
benchmarking (XEB) [2]. Every CZ gate belongs to a
single layer in the surface code circuit, and the CZ gates
within each of these layers are benchmarked simultane-
ously. The central frequencies and performance of our CZ
gates are shown in Fig. and Fig. [S5] for the 72-qubit
and 105-qubit processor, respectively.

Our measurement chain is similar to that of [3], though
with Lumped Element Snake Amplifiers (LESAs) [4] re-
placing the previous impedance matched parametric am-
plifiers. Resonator and readout chain parameters for the
72-qubit and 105-qubit processor are shown in Fig. [S0]
(a-d) and Fig. (a-d), respectively. The qubit fre-
quency during readout, readout pulse duration, and read-
out pulse power are jointly optimized [5] to attain si-
multaneous high fidelity mid-circuit readout. The result-
ing readout parameters and average readout fidelity are
shown in Fig. (e-i) and Fig. (e-1) for the 72-qubit
and 105-qubit processor, respectively.
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FIG. S1. Operation error probabilities. See Fig. 1b.

Left: distribution of benchmark results for the 72-qubit pro-
cessor configured to run the distance-5 surface code. Right:
105-qubit processor configured to run the distance-7 surface
code (same as Fig. 1b).

In main text Fig. 1b, we show distributions of oper-
ation error probabilities for the 105-qubit processor. In
Fig. we repeat Fig. 1b alongside equivalent measure-
ments on the 72-qubit processor.

II. Improvements in Control Techniques
A. Frequency Optimization

We optimize single- and two-qubit gate frequency tra-
jectories via the Snake optimizer [6]. We leverage tech-
nology developed in Ref. [7], highlighting two strategies
that were especially helpful in boosting data qubit coher-
ence. First, we constructed our optimization model di-
rectly around the error correction circuit. This strategy
prioritizes data qubit coherence to a much greater extent
than optimizing for interleaved layers of single- and two-
qubit gates as in cross-entropy benchmarking. Second,
we employed intermediate-dimensional optimization up
to 9 dimensions. This strategy enables more complex
trade-offs between data and measure qubits than lower
dimensional optimization, without significantly compro-
mising runtime.

To ensure that qubit coherence remained stable over
multiple days of datataking, two stability optimization
strategies were included into the Snake optimizer. Both
were intended to mitigate catastrophic losses in coherence
from frequency collisions with TLS, which are known to
have time-dependent variations in their transition fre-
quencies [§]. Both strategies leveraged information ex-
tracted from spectrally and temporally resolved qubit
Ty data. The first strategy modified the relaxation er-
ror component to penalize single-qubit gate frequencies
which historically had reduced T;. The second strategy
sought to prevent frequency collisions with TLS by ex-
tracting frequency-temporal trajectories of TLS from his-
torical T data, forecasting them to future times, and ex-
cluding these frequencies from allowed single-qubit gate
frequencies.

B. Microwave Crosstalk

One requirement for practical quantum computation is
the ability to selectively control the states of many qubits
simultaneously and with high fidelity. These single-qubit
operations are implemented via microwave pulses which
must be carefully calibrated and routed through a sig-
nal chain onto the processor. One potential error mecha-
nism is the spurious spreading of these microwave signals,
which can cause unintentional rotations of other qubits’
states and degrade computational performance [9]. This
effect, known as microwave crosstalk, must be sufficiently
mitigated via hardware or software in order to execute
highly performant quantum error correction.

In order to characterize microwave crosstalk on our de-
vice, we employ a simple protocol illustrated in Fig. [S8
This measurement quantifies the crosstalk experienced
by qubit j when driving qubit ¢, which we parameterize
via the crosstalk amplitude r;; and phase 8;; for each pair
of qubits on the processor. First, we dynamically tune
qubit j, called the target qubit, to the idle frequency
of qubit 4, called the adversary. Next, we apply a mi-
crowave pulse to the control line of the adversary qubit
while measuring the response on the target. If this pair
experiences appreciable levels of crosstalk, we can quan-
tify the amplitude of the crosstalk via the frequency of
the resulting Rabi oscillations, ,4,. Next, we directly
drive the target qubit from its own control line to extract
the direct Rabi rate, Q4;.. The ratio of these rates, nor-
malized by their respective drive amplitudes, contains in-
formation about the amplitude of the crosstalk r between
this target-adversary pair. We also measure the phase
of the crosstalk using a protocol described in Fig.
Here, we apply simultaneous drives to the adversary and
target qubits, with amplitudes a and r X a respectively.
We sweep the relative phase between the two drives and
extract the phase 6 which produces maximally destruc-
tive interference between them. Having measured r;; and
0;;, we can apply a compensation pulse for high-crosstalk
pairs to cancel out the effect of crosstalk during single-
qubit operations.

The amplitude and phase of the crosstalk between each
pair both depend on the qubit frequency. After choos-
ing the grid frequencies for all qubits, we measure the
crosstalk amplitude and phase at each qubit’s idle fre-
quency. For the 72-qubit processor, we observe that mi-
crowave crosstalk is relatively widespread and nonlocal
compared to previous device architectures.

C. CZ Error Budget

In this work, we employ diabatic CZ gates, which are
implemented by bringing the energies of a qubit pair’s
|11) and |20) states near resonance while simultaneously
increasing their mutual coupling. This is accomplished
via flux control of both qubits and their shared coupler
[10]. The gate duration t, and coupling rate g are cho-
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FIG. S2. Heat map of single-qubit parameters on the 72-qubit processor. a, Qubit operating frequency during idling
and microwave gates. b, Qubit anharmonicity. ¢, Maximum qubit frequency. d, Qubit relaxation at the operating frequency.
e, Qubit dephasing at the operating frequency as measured with CPMG echoing (72,cpmc). f, Simultaneous single-qubit gate

error as measured by randomized benchmarking.

sen such that at the end of the gate, a conditional phase
of 7 has been acquired in the |11) state with minimal
leakage into non-computational states. Given that many
different combinations of ¢4, g, and flux pulse shape pa-
rameters can yield a high fidelity CZ gate, we choose
the optimal pulse parameters for our experiment using
an empirical waveform optimization procedure. Next, we
feed those parameters as inputs into our Snake optimizer,
which selects the qubits’ idle and interaction frequencies
in the full grid [7].

We perform a detailed characterization of two-qubit
gate performance on our 72-qubit processor via bench-
marking protocols, such as XEB and context aware fi-
delity estimation (CAFE) [II], as well as careful er-
ror budgeting through a variety of experiments us-
ing periodic circuits. These measurement circuits in-
clude Floquet-style circuits for characterizing leakage
[12], “matrix-element amplification using dynamical de-
coupling” (MEADD) circuits for computational subspace
errors [I3], and other periodic circuits for budgeting in-
coherent gate error (similar to Ref.[I4]). We find the
median CZ Pauli error to be 2.6 x 1072, A summary
of our error budget can be found in Fig.[S9] where we

separate leakage errors from coherent and incoherent er-
rors in the computational subspace. In this study, we
report medians rather than mean values, due to the rel-
ative prevalence of unrepresentative outlier results. We
note that our coherent error and leakage error each con-
stitute roughly 10% of our error budget, with the remain-
ing ~80% of the error consisting of incoherent error. In
the future, we believe that we can reduce leakage and
coherent error through improved control techniques and
substantially reduce the incoherent error through hard-
ware improvements.

III. Decoding

A. List of Decoders

In this work, we use several different decoders depend-
ing on the context of the experiment. We use,

1. a neural network decoder introduced in Ref. [16],

2. a matching synthesis decoder Libra recently intro-
duced in Ref. [I5] with an ensemble size of 51,
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FIG. S3. Heat map of single-qubit parameters on the 105-qubit processor. a, Qubit operating frequency during idling
and microwave gates. b, Qubit anharmonicity. ¢, Maximum qubit frequency. d, Qubit relaxation at the operating frequency.
e, Qubit dephasing at the operating frequency as measured with CPMG echoing (T2,cpmc). f, Simultaneous single-qubit gate
error as measured by randomized benchmarking.

€7 (1.71 £0.03) x 1073

(1.43 £0.03) x 1073

Fig. 1d Fig. 4c
Libra Neural network Real-time Libra Neural network
€3 (7.1240.06) x 107 (6.50 £ 0.06) x 1073 (7140.3) x 1073 (6.140.2)x107*  (5.940.1) x 1073
€5 (3.49+£0.04) x 107®  (3.03£0.03) x 10~® (3.54+0.1) x 1073 (2.70 £0.08) x 1073 (2.6940.08) x 1073

TABLE S1. Logical errors per cycle for different decoding schemes. Here we report the logical error per cycle, €4, for
different code distances d and different decoding schemes (real-time, Libra [15], and neural network [16]). These correspond to
the values plotted in Fig. 1d and Fig. 4c of the main text.

3. an ensembled matching decoder Harmony intro-

duced in Ref. [I7] with an
(unless otherwise specified),

ensemble size of 101

4. a correlated matching decoder similar to that de-

scribed in Ref. [18],

5. a real-time decoder with

Ref. [19].

accuracy similar to

Predictions for these decoders applied to various
datasets reported in the paper, along with additional
datasets not reported here, can be found at Ref. [20].
We note there are other accurate decoders that would
be interesting to test on this data, including beliefmatch-
ing [21], BP+OSD [22], and tensor network decoding [3].
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FIG. S4. Heatmap of two-qubit parameters on the 72-qubit processor. a, CZ interaction frequency as defined by
the average of the two qubits’ fio transitions in the middle of the gate. b, Simultaneous CZ XEB gate error. Gate errors are
measured in the context of applying all gates in a surface code gate layer.
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FIG. S5. Heatmap of two-qubit parameters on the 105-qubit processor. a, CZ interaction frequency as defined by
the average of the two qubits’ fio transitions in the middle of the gate. b, Simultaneous CZ XEB gate error. Gate errors are
measured in the context of applying all gates in a surface code gate layer.
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FIG. S6. Heat map of readout parameters on the 72-qubit processor. a, Bare frequency of each readout resonator.
b, Ringdown time (equivalent to 1/k of each readout resonator). ¢, The coupling efficiency (kqr) between resonator and qubit.
The qubit-resonator coupling strength is given by gqr = kgr/Wqwr /2, where wy and w; are the qubit and resonator frequencies
respectively. d, The measurement efficiency of the readout. This is the fraction of available information of the heterodyne
measurement available after signal amplification and digitization. e, Qubit frequency during readout (in the absence of a
readout drive). f, Length of the applied readout tone on each readout resonator. g, Applied power to each readout resonator.
h, Simulated maximum mean photon number in each readout resonator, as calibrated using the AC-Stark shift. i, Average
readout error, (P(0|1) + P(1]0))/2, when preparing random states on all qubits.

B. Decoder Priors

We use two methods for configuring decoder priors. In
experiments where maximizing the performance is not
the main objective (error injection, real-time decoding
demo), we use the SI1000 error model [23]. This error
model is inspired by the typical hierarchy of error rates
in superconducting qubits, but is otherwise agnostic to

the device and decoder.

In experiments that require the highest accuracy, we
use the learning-based approach for calibrating the de-
coder priors [24]. In the learning-based approach, we
adopt the hyperparameters from Ref. [24] for the sur-
face code and train the prior on a “calibration dataset”
of duration 13 cycles, which precedes the rest of the ex-
periment. The learned parameters of the prior are then
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FIG. S7. Heat map of readout parameters on the 105-qubit processor. a, Bare frequency of each readout resonator.
b, Ringdown time (equivalent to 1/k of each readout resonator). ¢, The coupling efficiency (kqr) between resonator and qubit.
The qubit-resonator coupling strength is given by gqr = kgry/wWewr /2, where w, and w, are the qubit and resonator frequencies
respectively. d, The measurement efficiency of the readout. This is the fraction of available information of the heterodyne
measurement available after signal amplification and digitization. e, Qubit frequency during readout (in the absence of a
readout drive). f, Length of the applied readout tone on each readout resonator. g, Applied power to each readout resonator.
h, Simulated maximum mean photon number in each readout resonator, as calibrated using the AC-Stark shift. i, Average
readout error, (P(0|1) + P(1|0))/2, when preparing random states on all qubits.
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FIG. S8. Microwave crosstalk measurement. a, Pulse diagram for an adversarial Rabi measurement, showing the adversary
qubit’s control line (red) driven by a rectangular-envelope microwave pulse while the target qubit (blue) is dynamically tuned
to the frequency of the drive. We measure the target qubit to observe the resulting population in |1) from the adversarial
drive. b, Pulse diagram for a direct Rabi measurement, in which the target qubit is dynamically tuned to the desired frequency,
driven via its own control line with a rectangular pulse, and subsequently measured to extract the |1) state population. ¢, Pulse
diagram for a phase measurement, in which the adversary qubit ¢ and target qubit j are driven simultaneously. These drives
have amplitudes a and 7;; X a, respectively, and the relative phase between the drives is swept. This allows us to extract the
crosstalk phase 6;; at which the two drives produce maximally destructive interference in the target qubit population (dotted
line in e). d, Representative adversarial Rabi data (points) corresponding to the pulse sequence shown in a. Fitting this data
to a sinusoid (line) allows us to extract the adversarial Rabi rate, Qadv/27 = 1.074 +0.001 MHz. e, Representative phase data
showing the evolving population in the target qubit (color) versus drive duration for each relative phase between the two drives
in c. This allows us to extract the crosstalk phase 0;; (dotted line) for this target-adversary pair. f, Raw data from adversarial
Rabi measurements across the qubit grid for one target qubit. In this dataset, we measure the target (q5-9) while driving each

of the other qubits in the grid sequentially. The grid location of each subplot corresponds to the adversary qubit.

used for decoding all datasets up to 250 cycles. Although
we frequently decode the surface code using ensembles of
matching decoders [I5] [I7], we use a faster correlated-
matching decoder [25] for training. As was shown in
[24], the learned priors generalize well across these two
decoders.

Our optimization of the priors relies on the sensor
technique detailed in Ref. [24]. For the distance-7 sur-
face code, smaller patches of distance-3 and distance-5,
shown in Fig. [S17(a,b), act as local sensors of the er-
ror landscape in the device. These sensor-codes are used
to optimize the parameters of the prior, which is then
applied to decoding the target distance-7 code. The sen-
sor technique is especially important in the repetition
code, as using the logical error rate (LER) of the target
distance-29 code in the optimization loop becomes com-
putationally infeasible. Instead, we optimize the prior
with the help of 25 distance-5 sensors subsampled from
the target code. For the minimum-weight perfect match-
ing (MWPM) decoder, we find that training the prior

results in 10% average improvement of the LER at all
distances relative to the SI1000 prior.

Additional characterization of decoders and priors
on two datasets, google_72Q_surface_code_d3_d5_setl
and google_72Q_surface_code_d3_d5_set2, is shown in
Fig. The summary of the datasets, which we made
publicly available in Ref. [20], is presented in Table

On the first dataset, we find that the neural net-
work decoder [16] achieves the highest accuracy overall.
Among the matching-based decoders we ran for Table[S2]
the most performant configuration was Harmony [I7]. In
the future, we plan to carefully compare Harmony to Li-
bra to determine the relative accuracy and scalability
benefits of each [I5]. We also use a reinforcement learn-
ing optimized prior [24]. On the distance-5 code, just en-
sembling leads to a 1.14 times lower LER on average than
correlated matching with SI1000 prior. We expect this
improvement will apply to real-time experiments as well,
once ensembled matching is layered, parallelized, and in-
corporated into the real-time decoder, and if optimization
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in the computational subspace. The median value for total
error is extracted from XEB experiments. We observe that
benchmarking the gates using CAFE yields a similar median
value for total error.

of the prior can be done on a time scale faster than the
device drift [24]. We consider both of these requirements
feasible. We also note that while this characterization
uses Harmony as described in [I7], the main text uses
the recently-developed ensembled matching-synthesis de-
coder Libra [I5].

C. Neural Network Decoder Details

The machine learning decoder is the recurrent
attention-based neural network described in [16] which
is trained to predict the logical error based on the sta-
bilizer measurements of a surface code experiment. The
network processes one cycle of stabilizer measurements at
a time, updating an internal state representation which
consists of a vector for each stabilizer. At the end of the
experiment the state vectors are combined to produce a
calibrated error probability.

As before, the networks (for both the 72-qubit and
105-qubit processors) are trained in two stages. We first
pretrain on synthetic data from a generic noise model
(SI1000 at p = 0.4% in this case) generated by Stim
[26]. Separate models are trained for X and Z bases for
distance-3, distance-5 and distance-7 experiments. We
trained 5 separate models with different random seeds
for each condition, resulting in 10 pretrained models per
code distance that were the basis for all subsequent fine-
tuning.

After pretraining, each network is further trained to
match a specific experiment by fine-tuning using a limited
quantity of experimental data. This fine-tuning stage is
broken up into two steps: a first step during which we
fine-tune with samples from a p;; detector error model

fitted to the 13 cycle dataset, taken before the actual
experiment [3]. In a second step the model is fine-tuned
on the experimental samples themselves.

For fine-tuning on experimental data, and as in previ-
ous experiments [I6], we split the experimental data into
multiple partitions for cross-validation. We further sub-
divide each partition into a training and validation set
to choose an early-stopping time to prevent overfitting.
Test performance is measured on the held out partition.
Hyperparameters are chosen based on previous datasets,
so no other evaluations are performed on this data.

We utilize various splits of the data. For the synthetic
dataset, which is already divided into two equal-size
parts, we fine-tune on one and test on the other. For the
real-time and distance-7 datasets, of which there is each
only one, we utilize an even/odd split. For the stability
experiment shown in Fig. 2e in the main text, with mul-
tiple temporally spaced repeated memory experiments,
we chose a truly causal scenario: for the N dataset, we
fine-tune with the detector error model (DEM) data from
the NP set (since it was dependent only on the 13-cycle
data captured at the start of that set) but subsequently
fine-tune on the previous (N — 1) dataset. We find that
this strict temporal split leads to similar accuracy as an
even/odd split.

We use the architecture from Ref. [16] without atten-
tion bias, without the residual network before the recur-
rent neural network and with only two layers in the read-
out network. Because the experimental data in this paper
is of much longer duration (250 cycles vs. 25 for the data
in [3]) we add gated recurrence to the state update [2§].
Instead of adding the state and incoming stabilizer repre-
sentations, these are concatenated and projected through
a 3-layer multilayer perceptron to compute element-wise
update and reset gates. The reset-gated state and new
embeddings are concatenated before projection and pro-
cessing by the syndrome transformer layers. The final
output and state are summed, weighted by the update
gate. We find this makes the training more stable for
long-duration experiments. We mostly train the network
on synthetic data of up to 25 cycles, but periodically sam-
ple examples of lengths up to 200 to ensure generalization
to long experiments. The simulated SI1000 examples had
logical observable labels for every cycle up to and includ-
ing the total length.

D. Real-Time Decoding System
1. Technical Requirements

In this section we provide a brief overview of general
technical requirements for a real-time syndrome decoding
system and describe the key aspects of the specific system
employed in this work.

In the simplest quantum error correction experiments,
syndrome data is saved in a file and processed by a de-
coder offline after the quantum circuit is finished execut-
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Number of
Dataset i Basis |Distance| Cycles | Shots
experiments

google_72Q_surface_code_d3_d5_setl
This surface code dataset corresponds to Fig. 2e in the main 21 X. 7z 35 1to 25015 x 10*
text, which represents the last 16 experiments that were run ’ ’
consecutively.
google_72Q_surface_code_d3_d5_set2
Samples in this surface code dataset capture different cal-
ibration states of the device, ranging from well-calibrated .
with LER of the distance-5 code smaller than 3 x 1072 to 35 X, Z 3,5 5 to 50 |6 x 10
poorly calibrated with LER approaching 1072, This selec-
tion is intended for testing the decoding algorithms under a
wide range of experimental conditions.
google_105Q_surface_code_d3_d5_d7
This surface code dataset corresponds to Fig. 1(c,d) in the 1 X,Z| 3,57 |1to250[5x 10"
main text.
google_72Q _repetition_code_d29
This repetition code dataset corresponds to Fig. 3a in the 100 X,z 29 10° 10°
main text.

TABLE S2. QEC datasets. Brief summary of the QEC datasets released in Ref. [20]. Further details can be found in each
dataset’s README . md file, including examples of data processing with open-source tools such as Stim [26] and PyMatching [27].

google_72Q_surface_code_d3_d5_set1

google _72Q_surface_code_d3_d5_set2

1.0 4 -
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FIG. S10. Characterization of offline decoding methods. The decoder calibration methods benchmarked here are the
same as in Ref. [24]. The first dataset corresponds to the 15-hour sweep in Fig. 2(e) of the main text. The second dataset
contains experiments in which the device was well calibrated and experiments in which the calibrations have not been refreshed
for several days. This selection is intended for testing the decoding algorithms under a wide range of experimental conditions.

ing on the quantum processor. This offline mode of syn-
drome decoding is insufficient for experiments involving
fault-tolerant constructions, such as gate teleportation
[29] that use feed-forward, i.e. the capability to condi-
tion quantum operations on measurement outcomes. In
order to support these more advanced experiments, one
needs a fast decoder capable of computing logical mea-
surement outcomes in real-time during the execution of
a quantum circuit.

A real-time syndrome decoding system must satisfy

requirements concerning three key performance metrics:
accuracy, latency, and throughput. Decoding accuracy is
characterized by the per-cycle probability that the log-
ical measurement outcome computed by the decoder is
correct.

Decoding latency, Tyecode, 18 the delay between when
the measurement outcomes of the physical qubits com-
prising a logical qubit become known and when the mea-
surement outcome of the logical qubit becomes known.
This is an important contributor to the overall reaction
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Pretrain Fine-tune (DEM) Fine-tune (Experimental)
3x3 55 <7 3x3 55 X7 3x3 5x5 X7
Parameter count 5.411M 5.419M 5.432M
Channels 256 256 256
Training steps 1.56M 5.86M 5.86M 195k 781k 10.9M  234k/15k* 234k/15k* 234k/15k*
Batch size 256 256 256 256 256 256 64/1024* 64/1024* 64/1024*
Training examples  400M 1500M  1500M 50M 200M 2800M 15M* 15MF 15MF
Learning rate 5e-6 5e-6 5e-6 1.7e-6 1.3e-6 2e-6 2e-7 2.5e-7 3e-7
Weight decay le-5 le-5 le-5 le-5 le-4 le-3 Te-5 7e-5 Te-5
Cosine cycle 250M 300M 500M 40M 160M 640M 30M 80M 200M
EMA step le-4 le-4 le-4 le-4 le-4 le-4 8e-4 8e-4 8e-4

TABLE S3. Hyperparameters for the machine learning decoder. *For fine-tuning on the real-time and simulated data
we choose a batch size of 1024; for the others a batch size of 64. TFor fine-tuning with the even-odd (causal) split, we train
on 258,440 (583,440) unique experimental samples: we keep 5120 validation set samples of each of the 25,000 (50,000) shots
per split for each of the 13 experiment durations (10, 30, ..., 250 cycles). For the real-time experiment we only have 5,000
examples per duration, so we train on 1700 and tested on 800 from each split. Consequently, training presents each example
many times. For pretraining and DEM fine-tuning we are sampling data from a simulator so each training example is different.

time, Treact, Which is the time it takes the quantum com-
puter’s control system to react to a logical measurement
by executing a dependent logical operation [30]. Inverse
reaction time is the rate at which the quantum computer
can execute logical operations that require feed-forward
for fault-tolerance, such as the T-gate in the surface code.
Thus, inverse reaction time plays the role of clock speed
of a quantum computer.
In more detail, the reaction time is given by the sum

(1)

of the decoding latency Tyecode and the time Teontrol
that the control system spends executing quantum gates,
obtaining measurement outcomes for physical qubits,
and reacting to the logical measurement outcomes pro-
vided by the real-time decoding system. In a non-error-
corrected processor with feed-forward, we have Tyocode =
0 and the reaction time is just Tiontrol. Decoding latency
Tdecode constitutes most of the overhead of the quantum
error correction layer.

In a software-based real-time syndrome decoding sys-
tem, we can break decoding latency down into software
latency and I/O latencies,

Treact = Tdecode + Tcontrol

(2)

where Tofiware 1S the latency of the software components
of the decoding system, and Tinpue and Toueput are the
input and output latencies of the hardware-software in-
terface which facilitates exchange of information between
the quantum computer’s control electronics and the de-
coding software.

Another requirement for a real-time decoding system
concerns its throughput, i.e. the amount of syndrome in-
formation it is capable of processing per unit time. De-
coding throughput must be at least as high as the amount

Tdecode = Linput + Tsoftware + Toutput

of syndrome information generated per unit time. Fail-
ure to satisfy this requirement causes syndrome backlog
to accumulate and leads to exponential slowdown of the
quantum computer [31].

In order to establish real-time performance of our de-
coding system we measured Tofeware @s & function of cir-
cuit depth, as shown for a single representative experi-
ment using a quantum circuit with one million cycles in
Fig. We see that Tyoftware is Toughly constant as a
function of time. Moreover, when the latency spikes the
system is able to recover quickly. Measurements from
many experiments with different number of cycles are
shown at distance-5 in Fig. and using both simulated
and stitched together experimental data at distance-7 in
Fig. Because the real-time decoding infrastructure
was not integrated with the 105-qubit device, we synthe-
sized measurement data for long memory experiments by
stitching together shots of 250-cycle memory experiments
used for plots in the main text. To stitch together shots,
we concatenate detection events from the bulk of each
shot. At the interface between shots, we use edges ob-
tained from decoding to ensure the detection events are
consistent. Stability of Tyoftware together with evidence
that all syndrome information has been analyzed by the
decoder proves that the system processes syndrome in-
formation at the rate at which it is generated.

Measurements indicate that in our current real-time
decoding system Tiypue < 10 ps and Tioftware = 63 11 on
average. In a hypothetical system with the addition of
Toutput and Teontrol in the range of a few microseconds,
the reaction time would be within an order of magnitude
from that assumed in Ref. [32]. Improving decoding la-
tency while scaling the system to larger code distances
is an outstanding engineering challenge on the path to
large-scale fault-tolerant quantum computing.

There are trade-offs between accuracy, latency, and
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FIG. S11. Sub-shot latency as a function of cycles within a single experiment. Sub-shot latency is defined as the
delay from the moment a ten-cycle block of syndrome data is acquired by the software decoding system to the point when the
block is fully processed by the decoder during a single experimental run. We observe stable real-time decoding performance
with occasional, brief latency spikes from which the system recovers rapidly.

throughput. For example, aggressive batching of syn-
drome or intermediate information may increase through-
put at the expense of increased latency. Similarly, a de-
coder that short-circuits rare and computationally hard
cases of syndrome decoding by making a random guess
may achieve higher throughput and lower latency at the
expense of reduced accuracy. The requirements interact
in other ways, too. For example, in early fault-tolerance
experiments, the logical circuit depth budget may be in-
creased either by improving decoding accuracy or by re-
ducing decoding latency.

A different kind of trade-off exists in the fundamental
choice between decoders implemented in hardware and
decoders implemented in software. The former promise
greater performance while the latter offer greater flex-
ibility. Our experiments demonstrate that a parallel
and optimized C++ software decoder can achieve real-
time performance when provided exclusive access to a
subset of CPUs. In particular, we use a 64-core AMD
Ryzen Threadripper PRO 5995WX with 62 GB of RAM
and a real-time Linux operating system. However, we
only use use 32 of the 64 available cores when decod-
ing, as this already exceeds the necessary throughput.
The flexibility of software-based decoding facilitates on-
going research in decoding algorithms and fault-tolerant
constructions. In particular, software syndrome decod-
ing can handle broken or disabled components [33], al-
lows easing of hardware requirements [34], and promises
support for novel and customized constructions for early
fault-tolerant quantum algorithms.

2. Correlated Parallel Blossom

In this section we describe our real-time decoder,
a multi-threaded implementation of a correlation-
augmented minimum-weight perfect matching decoder
capable of processing a stream of syndrome data, using a
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FIG. S12. Software decoding latency at distance-5.
Here we show the latency associated with the software com-
ponents, Tioftware, as a function of the number of cycles for
ten independent experimental shot runs. Blue points indicate
per shot latency (10 shots per number of cycles), with hori-
zontal bars denoting the median, and the blue-shaded violin
plot illustrating the shot latency distribution. The yellow his-
tograms represent the distribution of sub-shot latencies, ob-
tained by dividing each shot into sub-shots of ten-cycle blocks.
Stable latency as a function of the number of cycles indicates
the real-time decoding system achieves the required through-
put.

matching graph buffer that does not scale with the num-
ber of cycles. Our decoder uses Sparse Blossom [25] as
the matching engine (main subroutine) and upgrades it
to an accurate real-time decoder by making the following
major changes:

a. Preweight correlations. Sparse Blossom, as de-
scribed in Ref. [25], assumes that the noise model is
graphlike (each error causes at most two detection events)
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FIG. S13. Software decoding latency at distance-7.

Horizontal bars denote the median. Because the real-time
decoding infrastructure was not integrated with the 105-
qubit device, this includes simulated and experimental data
streamed into the decoder after being saved offline. The
simulated data comes from a Pauli model of the 105-qubit
device. The experimental data comprises 250-cycle experi-
ments stitched together. Note that, due to slight differences
in the simulated versus experimental pipeline, this data was
streamed in at a cycle rate of ~1.2ps (instead of the device
cycle rate of ~1.1 us). We observe an average decoder latency
of 95 us on simulated data and 108 ps on experimental data.

and ignores “hyperedge” error mechanisms that can
cause more than two detection events, such as Y er-
rors in the CSS surface code. We improve the accu-
racy of Sparse Blossom by reweighting the graph using
a “preweight correlations” subroutine. This is similar to
the reweight strategy introduced in Ref. [19], which it-
self is a fast approximation of the two-pass correlation
strategy introduced in Ref. [I§]. Concretely, we iterate
over the detection events and identify any edge satisfying
either of the following conditions:

1. The edge has a detection event at both of its end-
points.

2. The edge is a boundary edge that has a detection
event v at its endpoint, and furthermore there are
no detection events directly adjacent to v.

If an edge e satisfies either of these conditions then we
add it to the set C of initially chosen edges. For each edge
in C' we then condition on an assumption that the asso-
ciated error mechanism occurred to obtain a posterior
probability that other related errors occurred, updating
edge weights accordingly. For example, if an edge e in C'
corresponds to an X error at a particular location of a
CSS surface code circuit, then from our knowledge of the
noise model we know that a Y error could have occurred
at the same location and hence we lower the edge weight
corresponding to a Z error at the same circuit location.

b. Block-based parallelization. We parallelize Sparse
Blossom following a similar strategy to how Fusion Blos-
som parallelizes Parity Blossom [35]. Our decoder par-
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titions the matching graph into blocks, where each block
consists of M syndrome measurement cycles. Each block
is assigned to a thread, which first reweights the graph us-
ing the preweight correlations strategy described in Sec-
tionllTD 2a] The same thread then runs Sparse Blossom
on the block, with the Sparse Blossom timeline processed
until every region is matched either to another region,
the boundary of the graph, or the boundary of the block.
Similar to Fusion Blossom [35], neighboring blocks are
then fused in stages, again using Sparse Blossom as the
matching engine.

The fusion graph we use is different from the ones pro-
posed in Fusion Blossom. Specifically, we apply two lay-
ers of fuses (our fusion graph has height three): we first
fuse each even block with the odd block immediately fol-
lowing it, and then we fuse each odd block with the even
block immediately following it. Here, a block is even or
odd if its sequential index is even or odd, respectively.
Rather than adding a root node to the fusion graph, we
instead declare a heralded error if any regions remain
matched to a block boundary once fusing has completed.
We ensure that the rate of heralded failures is negligi-
ble relative to other contributions to the logical error
rate by choosing a sufficiently large number of cycles per
block M. We find it is sufficient to set M = 10 for the
distance-3 and distance-5 surface codes and M = 90 for
the distance-29 repetition code.

Finally, we extract the predicted logical observable
from each block as a bitmask and undo the edge
reweights. The overall prediction of the decoder is then
the bitwise XOR of the predicted logical observable bit-
mask for each block.

c. Constant-sized graph buffer. Rather than storing
the full matching graph in memory, we instead use a
constant-sized graph buffer. This graph buffer emulates
the full matching graph while only storing 128 contigu-
ous blocks at any instant. A separate grapher thread
maintains the graph buffer, ensuring that the buffer al-
ways contains the region of the graph being acted on by
the decoder. The grapher exploits the repeating pattern
of the memory experiment matching graph and does not
rewrite any of the graph buffer in the bulk of the ex-
periment, with the only significant work being done at
the beginning and end of the experiment where the local
structure of the graph changes.

IV. Understanding Fidelity
A. Error Budget Simulations
1. Surface Code Simulation Details

We briefly summarize the methods and high-level
workflow used to simulate the error correction experi-
ments. Except when otherwise noted, the simulation de-
tails are equivalent to those discussed in Ref. [3]. The
gate sequence matching each memory experiment is first



represented in a cirq.Circuit [36]. The circuit is then
dressed with additional channels corresponding to differ-
ent error mechanisms. Each error channel is represented
numerically using Kraus operators, which are compiled
specifically for each noise model and qubit based on ex-
perimental characterizations. The following mechanisms
are included:

e Decoherence, quantified by decay (T31), pure de-
phasing (T}), and passive heating of qubits to state
12).

e Readout and reset error.

e Dephasing-induced leakage of the higher frequency
qubit during the CZ gate. (This is represented by
a transition from state |11) to |02).)

e Stray coupling crosstalk between nearest-neighbor
or diagonal-neighbor qubits during parallel CZ op-
eration.

e Excess error (not accounted for by previous
sources) on single-qubit and CZ gates, as well as
during idling of data qubits during qubit measure-
ment and reset.

e Transport of leakage between CZ-gate qubits
through higher-excitation transitions (e.g., [12) —
|30)).

Beyond these errors already included in Ref. [3], we also
allow for imperfect operation of the data qubit leakage
removal operation (DQLR) [37]. For simplicity, this is
implemented using a phenomenological model matching
experimentally observed reset fidelity for state |2). The
Kraus operators of this channel are given by

Kij = \/PjiliXjl (3)

Ko= [1-> KLK; (4)
0,J

where P;_,; is the probability that standard basis state
|7) of the data qubit is reset to state |i). Notably, this
channel acts trivially on the computational subspace.

After the circuit is dressed with all relevant error chan-
nels, we apply a Generalized Pauli Twirling Approxi-
mation to each noise channel. This converts each noise
channel to a generalized Pauli channel that also includes
leakage, thereby making it compatible with Clifford sim-
ulation methods. Finally, the noisy circuit is parsed and
passed to the Pauli+ simulator [3], which generates sam-
ples of simulated experimental data.

2. Surface Code Performance at Large Code Distances

In the main text, we have discussed surface code exper-
iments for code distances d = 3, 5 and 7. Experimental

14

() 4 -
B 442 without DQLR L
2z 10 ] - ————— g ————— - E
) ] current component errors
aQ 3 ] “~ with DQLR
2104 T~ 3
3 E -~ F
g 4 \\\ 2x better component errors
° 10 4 - \\VE(IW DQLR L
o 3 S E
— -4 \\
e 1 RS
=4 -5 ~o
5 107 3 ~~ 3

3 ..
8 ] R
8 6 ] S~

E » 3
= 10 T T T T T T

3 5 7 9 1 13

Code distance

FIG. S14. Simulated logical error rates for larger code
distances. For a given code distance, the green open circles
indicate the LERs of ten different non-uniform error models
obtained by re-sampling (bootstrapping) the measured com-
ponent error probabilities of our distance-5 surface code on
the 72-qubit processor. Note that the circles are overlapping.
The green solid line denotes the geometric mean of the LERs
indicated by the green circles. The dashed lines depict LERs
for error models that, except for stray crosstalk errors, are
uniform over each qubit. The dashed green and black lines
respectively show the LERs with and without data qubit leak-
age removal (DQLR) gates at the end of each error correction
cycle. Finally, the dashed blue line shows the logical error
rates expected for a device with twice better component error
probabilities and with DQLR.

characterizations of the qubits and gates of the 72-qubit
and 105-qubit processors reveal that our component er-
rors (see Tables and are roughly a factor of two
better than those of Ref. [3]. In this section, we simulate
the performance of surface codes at code distances larger
than those realized experimentally. In particular, we dis-
cuss (a) the effect of non-uniform component errors on
the logical error rate (LER) and the error suppression fac-
tor A; (b) the achievable logical error rates if we improve
our components’ fidelity by another factor of two; (c) the
effect of foregoing DQLR on the exponential suppression
of the logical error rate with code distance d; and (d) the
crossover regime where we can observe finite-size error
suppression above threshold. We point out that, for effi-
ciency, all results of this section (except when noted oth-
erwise) are obtained using a correlated minimum-weight
perfect matching decoder [3] that is less accurate than
the one used in the main text. Moreover, we carry out
the simulations using the component error parameters of
those of the 72-qubit processor, summarized in Table [S4]
and a slightly different cycle time of 1086 ns.

a. Effect of non-uniform component errors on sur-
face code performance. The component error probabil-
ities of our devices are intrinsically non-uniform. For
instance, the T} time varies from qubit to qubit with
a mean value of 73 ps and standard deviation of 18 ps
(for other component errors, see Table . To investi-
gate the effect of the non-uniformity of component errors
on the performance of surface codes at large code dis-



Leakage from heating

Component Metrics for this work Metrics for Ref. [3]
CZ gates (incl. CZ crosstalk & CZ leakage)| (3.5+ 1.4) x 1072 [total error] 6.05 x 1073
CZ crosstalk ~55x 107" 9.5 x 107*
CZ leakage probability 2.0x107* 2.0x107*
Data qubit idle (0.940.2) x 1072 2.46 x 1072
Reset 1.5x107° 1.86 x 1072
Readout (0.840.3) x 1072 1.96 x 1072
Single-qubit gates (6.244.9) x 107* 10.9 x 1074

2.5 x 107* [assumes T'; %, = 2ms]|6.4 x 107* [['[, = 0.7 ms]

15

T (73 £ 18) ps 23 s
TQ,cpmg (80 + 28) ns 30 ns
Cycle time 1076 ns 921 ns

TABLE S4. Qubit and gate error metrics for the 72-qubit processor. Note that the left column (corresponding to this
work) reports mean values, while the right column (corresponding to Ref. [3]) reports median values. Compared to Ref. [3],
our present device exhibits roughly twice better qubit and gate performance. Reported uncertainties indicate one standard

deviation from the mean value.

Component

Metrics for this work

CZ crosstalk

CZ leakage probability
Data qubit idle

Reset

Readout

Single-qubit gates
Leakage from heating
T

T2, cpmg

Cycle time

CZ gates (incl. CZ crosstalk & CZ leakage)

(4.142.2) x 107 [total error]
~3.3x 10"
2.0x 107

0.840.3) x 1072
2.34+1.6) x 1072
0.840.2) x 1072
5.344.3) x 1074
2.8 x 10™* [assumes 7}, = 2ms]

(68 + 13) ps

(89 £+ 28) ps

1108 ns

(
(
(
(

TABLE S5. Qubit and gate error metrics for the 105-qubit processor. We report mean values and the uncertainties

indicate one standard deviation from the mean value.

tances, we generate synthetic non-uniform error models
by resampling (bootstrapping) the measured component
errors of the d = 5 surface code grid. For codes of each
distance d = 3,5,7,9,11 and 13, we generate ten statis-
tically independent synthetic error models and compute
the corresponding LERs.

The results are depicted by the open green circles in
Fig.[S14] The solid green line joins the geometric means
of the computed LERs. For comparison, we also perform
surface code simulations where, for each error type, we
homogenize the component errors by taking the arith-
metic mean (e.g. we assign all qubits a 77 of 73 ps). In
these simulations, however, the stray coupling crosstalk
errors are still non-uniform, since they depend on the
qubit frequencies. The LERs for these (almost) uni-
form error models are shown by the dashed green line in
Fig. We find that these LERs show good agreement
with the geometric means of the LERs from the non-
uniform error models. Both dashed and solid green lines
indicate that logical errors are exponentially suppressed
at large code distances with a suppression factor A ~ 2.

From the solid green line, we have Az/5 = 2.16, 5,7 =
2.2,A7/9 = 2.16,A9/11 = 2.12 and A11/13 = 201, where
Ag/g42 = LER(d)/LER(d+2). We perform all these cal-
culations with DQLR, gates that remove leakage states
|2) and |3) with 100% and 50% fidelities, respectively. In
Eq. , this corresponds to nonzero transition probabil-
ities Py_y1 = 1,P3_,9 = 0.5, P3_,; = 0.5. These results
show that the error non-uniformity of our surface code
components induces a relatively small spread in the log-
ical error rates at large code distances. Additionally, the
observed logical error suppression factor As /5 2 2 holds
at larger code distances, despite the non-uniformity of
component errors.

b. Performance forecast for devices with twice better
component errors. By fitting the data of the solid green
line of Fig. [S14]with LER(d) = C-[1/A](+1)/2  we obtain
A = 2.14 and coefficient C' ~ 3.0 x 1072, This implies
that to achieve a logical error rate of, e.g., LER = 1076
would require a device that could hold a surface code
with a minimum distance d = 27 (1457 qubits). An al-
ternative path to achieving a LER of 1076 is to continue



improving the surface code component fidelities. Since
we have demonstrated a factor of two improvement in
the component errors with respect to our previous de-
vice [3], we perform a simulation to forecast the per-
formance of surface codes with component errors that
are twice better than what we have demonstrated in this
work. The results are indicated by the blue dashed line in
Fig. The predicted logical error suppression factor
is A =~ 4.5 and a 1075 logical error rate can be achieved
with a d = 13 surface code (337 qubits). As shown in
Section the most important component errors to
improve are CZ errors and data qubit idle errors.

c. Importance of DQLR in surface codes. In this
section, we demonstrate through numerical simulations
the importance of the DQLR operation for logical device
performance. In Ref. [37], it was shown that data qubit
leakage removal is instrumental to achieving the exponen-
tial suppression of logical errors with code distance when
physical errors are well below the error threshold. The
reason for this is that leakage states (e.g. |2), |3), etc.)
that survive over several error correction cycles create
time correlations in error detection events that confuse
the error decoder. DQLR limits the growth of leakage
populations and the lifetime of leakage states (ideally to
one cycle), recovering the exponential logical error sup-
pression with code distance promised by quantum error
correction.

The green and black dashed lines of Fig. show the
logical error rate as a function of code distance with and
without DQLR, respectively. We use component errors
that are uniform, except for the errors due to stray cou-
pling crosstalk. The error parameters used in these sim-
ulations are given in Table [S4] corresponding to experi-
mental values of the 72-qubit processor. Without DQLR,
we find that the logical error suppression factor Ag/q42
saturates to a value around 1 at large code distances,
while with DQLR, exponential suppression of logical er-
rors holds to large code distances with a Ag/ 42 that does
not exhibit a significant dependence on code distance, d.

d. The crossover regime. It is worth noting that the
assumption that A is distance-independent can break
down at Ag/s ~ 1, as was reported in Ref. [3]. This
can occur even in a simple Pauli simulation, where one
can achieve error suppression at finite sizes above thresh-
old that will eventually turn around. To illustrate this
crossover regime, we employ a simple Pauli simulation of
the error rates reported in Table[S4] see Fig. There,
we observe that for A3 5 < 1.3, the initial error suppres-
sion diminishes rapidly with distance. We note that the
threshold is much better behaved when reporting the er-
ror rate per d rounds [38], which is relevant to the logical
operation of the surface code.

3. Surface Code 1/A Error Budget

We construct a 1/A error budget for our 72-qubit pro-
cessor in a manner similar to Ref. [3]. We write (Az/5) "
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FIG. S15. The crossover regime. A Pauli simulation of the
error model described in Table [S4] using 3d rounds and corre-
lated matching. The factor « scales the error rates of all the
Pauli channels uniformly. We observe that for a Az;5 < 1.3,
error suppression eventually saturates with distance, before
turning around. However, for Ag/5 > 1.5, we see the charac-
teristic below-threshold error suppression continuing.

as a sum of contributions from each error channel 7 that
is considered in the simulation:

(Aays) ™t =D wiplly. (5)
7

The weights w; are the sensitivities of (Az/5)~! to a
uniform increase of the error probabilities of the i¢th error
channel from the baseline error operation point (specified
in Table . From Table we find that errors related
to CZ gates (the first three rows) contribute about 60% of
the 1/A budget. The next important contributor to 1/A
is data qubit idle errors (about 20%), followed by read-
out and reset errors (12%) and single-qubit gate errors
(9%). We remark that the sensitivities (w;) are obtained
assuming perfect DQLR and using a correlated match-
ing decoder for efficiency [I8]. The predicted value of
A from a linear combination of these component errors
and sensitivities, following Eq. and Table yields a
calculated Ag%’ar = 2.25.

We can compare this to the prediction from the Pauli+
simulations (described in Section, which directly
model distance-3 and distance-5 surface code circuits
with the component errors incorporated as Kraus oper-
ators, and return simulated logical error rates for each
code distance. Taking the ratio of these simulated logi-

cal error rates yields Ag7‘gli+ = 2.17. We note that this

agrees reasonably well with the prediction of Ag“gar. This
shows that in the presence of DQLR, which prevents leak-
age from propagating to subsequent cycles and causing
long-time correlations in error detection events, the linear
error model provides an accurate estimate of A.

We also compare these A predictions to the experimen-
tally observed value, Ag’;gt' = 1.97, obtained using the

correlated minimum-weight perfect matching decoder.

We find that the 1/A error budget overpredicts Ag’;gt by
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Component pgi)pt w; | 1/A contrib.
CZ gates (doesn’t include CZ crosstalk & CZ leakage) | 2.8x1072 | 65 | 0.182 (41%)
CZ crosstalk 55x107* | 91 | 0.05 (11%)
CZ leakage 2.0x107* | 108 | 0.022 (5%)
Data qubit idle 0.9x1072 | 10 | 0.09 (20%)
Readout 0.8x1072 6 0.048 (11%)
Reset 1.5x107* | 6 | 0.009 (2%)
SQ gates 6.2x107* | 63 | 0.039 (9%)
Leakage (heating) 2.5x107* | 18 | 0.005 (1%)

TABLE S6. Error budget calculation for (A3 /5)_1 using device parameters from the 72-qubit processor when decoding

with correlated matching. We multiply the component errors p,

expt

by the sensitivities (weights) w; at the error operation point,

specified in Table resulting in the relative contributions to (./\3/5)71 shown in the right-most column.

roughly 14%, where the discrepancy arises mainly due to
additional experimental errors not included in the simu-
lation, and not due to inaccuracy of the 1/A error budget
itself.

B. Comparison to Physical Qubit Lifetime

The average channel fidelity of a quantum channel
E: p — E(p) to a target identity channel is defined as

Fie) = [ dwwle(w) i, ©)

where the integral is over the uniform measure on the
state space, normalized so that [diy = 1. This fidelity
characterizes the closeness of a quantum channel to the
identity without giving preference to any particular axis
on the Bloch sphere.

As shown in Ref. [39], the uniform averaging in Eq. (6)
is equivalent to averaging over the six cardinal points
on the qubit Bloch sphere, the eigenstates of the Pauli
operators,

Tl = X mieem)s s

which becomes evident by using the linearity of the quan-
tum channels, £(P) = E(|+P)(+P|) — E(|-P)(—P)|).
Eq. provides an experimental protocol for extracting
fidelity of an arbitrary channel to the identity.

The simplest way to implement an identity is via an
idling operation. For the physical qubits subject to am-
plitude damping at rate y; and white-noise dephasing at
rate v, = 2 — 71/2, idling for time ¢ results in

— et p2e772t ]

F(t) = 5 t3 (8)
On the other hand, for a qubit subject to Pauli channel
with Pauli error rates vx, 7y and vz, we have:

e 20 +rz)t L o—20vx+y2)t 4 o —2(vx+v)t

F(t) = G + %
(

9)

Hence, qubits subject to different error channels expe-
rience different decay of fidelity in time, which compli-
cates their direct comparison. However, at short times
this decay can be approximated as

F(6t)=1- %Fét, (10)

where I is an effective depolarization rate and 1/T" is
an effective lifetime of a uniformly sampled pure state.
This quantity can be directly compared among qubits
with different error channels. Note that this metric does
not favor qubits with extremely biased noise [40H42], for
which T" is dominated by the largest error rate. For phys-
ical qubits, from Eq. we obtain

+2
thysical = % (11)

For a qubit encoded in the surface code, we model a
logical Pauli channel [43] [44] with error probabilities px,
py and pz per cycle. When these error probabilities are
small, the channel can be modeled as continuous in time,
with rates yx =~ px/te, Vv = py/te, and vz = pz/te,
where t. is the cycle duration. For such a continuous
logical Pauli channel, from Eq. @D we obtain

Flogical == %("YX + 00% + ’YZ) (12)

Note that to first order px +py + pz = 2e4 — py, with

€4 defined in the main text as the logical error probability

per cycle averaged over the X and Z eigenstates. This

equation allows us to establish a strict upper bound on
Dogical, since px + py +pz < 2g4, resulting in

88d
I‘o ica S o1 13
togical < - (13)

Simulations suggest [45, [46] that in the surface code
py ~ pxpz is suppressed compared to px and pz, be-
cause Y errors predominantly occur as independent X
and Z errors. Hence, we expect that this bound is also
tight. One illustrative consequence of this is that the



lifetime of Y eigenstates in the surface code would be ap-
proximately twice shorter than the X and Z eigenstates,
although due to a more complicated preparation [45], we
do not measure this lifetime in our experiment.

Following Refs. [44] [47| (48], we define the gain G as an
improvement of the effective lifetime of an error-corrected
logical qubit over the best physical qubit in the same sys-
tem (with the break-even point corresponding to G = 1).
This metric represents the usefulness of QEC in protect-
ing quantum information in time; however, it does not
take into account the cost of state preparation, measure-
ment, or gates.

In our system, comparing against the qubit with the
longest measured physical lifetime, we have

1/thysical =119+13 Bs, (14)
1/Flogica1 =291 £+ 6 ps, (15)

which leads to G = 2.4+0.3. This demonstrates a beyond
break-even quantum memory realized with a multi-qubit

code, extending previous results with bosonic codes [44],
17, [48].

V. Error Correction Experimental Details
A. Low Probability Events in the Repetition Code

In the distance-29 repetition code experiment, we
achieve A > 8 and observe an apparent logical-error-per-
cycle floor of 10710 at large distances. This result consti-
tutes a four orders-of-magnitude improvement compared
to the lowest logical error per cycle achieved in previ-
ous experiments [41]. However, even this lower error rate
floor will be limiting for larger fault-tolerant circuits. We
find that the logical errors at high distances are caused
by rare events with distinct detection event probability
signatures. In this section, we report relevant metrics for
these rare events.

One type of event presents as a correlated burst of de-
tection event probability, with a sharp rise followed by
an exponential decay to baseline levels over the course
of several shots. An example is given in Fig. 3d, and
another is presented in Fig.[S16] These events account
for all the distance-27 logical errors we observe, and half
of the distance-21 to distance-25 errors. The measure
qubits corresponding to the firing detectors are grouped
spatially, not necessarily in sequence with the snaking
repetition code order. The bursts occur roughly once
per hour, or once every 3 x 10° shots, in both bit- and
phase-flip codes. The decay timescale from fitting the
detection fractions to a decaying exponential is around
400-700 ps. This is in stark contrast to the detection frac-
tion bursts caused by quasiparticles observed in previous
work [3, 49], which happened once every 10 seconds with
a recovery time of 25 — 30 ms.

The other type of limiting event presents as a single
noisy detector, whose likelihood of firing rapidly increases
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FIG. S16. Repetition code. a, Detection probability as a
function of time for the measure qubit corresponding to each
detector (indexed along repetition code direction), during a
burst event. Detections are smoothed with a 0 = 2 Gaussian
filter. Vertical lines represent boundaries between shots. b,
Same as a, but for the case of a single noisy detector. ¢ and
d, Detection probability averaged over the first 200 ns of
the burst event and single noisy detector event, respectively,
plotted on the qubit grid. Grey lines represent the repetition
code gate direction.

and stays high for 1-2 ms. This event causes a high-
distance (defined here as d > 19) error also about once
per hour of data acquisition. The detector which is noisy
varies from event to event. An example is presented in

Fig.[ST6]

B. Grid and Circuit Details

In this section, we present experimental details associ-
ated with the qubit grids and quantum circuits used for
the surface code experiments. Fig. shows the place-
ment of distance-3 and distance-5 grids on both proces-
sors. To compare smaller-distance codes to larger ones,
we average over several smaller codes chosen to cover the
larger code with minimal overlap, extending the method-
ology of Ref. [3].

Fig. shows a representative dataset of logical er-
ror versus cycles for the 72-qubit processor taken prior to
the time series shown in Fig. 2e. This dataset gives A =
2.3140.02. Fig. shows the detection event probabil-
ities from various experiments, including distance-3 and
distance-5 codes corresponding to Fig. distance-29
repetition codes on the 72-qubit processor, and distance-
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FIG. S17. Surface code grid layout details. a, Layout of distance-3 grids used on the 105-qubit processor. b, Layout of
distance-5 grids used on the 105-qubit processor. ¢, Layout of distance-3 grids used on the 72-qubit processor.

3, distance-5, and distance-7 codes on the 105-qubit
processor. Figure [S22] shows the detection probabili-
ties predicted from a Pauli simulation of the 105-qubit
device. We see good agreement, with the simulation
predicting detection probabilities for d = (3,5,7) of
Pdet = (8.0%, 8.5%, 8.6%) compared to experiment which
has paet = (7.7%, 8.5%, 8.7%). The natural rise in detec-
tion probability with system size can be ascribed to re-
ducing finite size effects — for example, each corner, edge,
and bulk data qubit is involved in 2, 3, and 4 CZ gates,
respectively. In Fig. we show a comparison of de-
tection probabilities from the data qubit leakage removal
(DQLR) test from Fig. 2, noting the rise in detections
for the experiments without DQLR, which we attribute
to leakage accumulation.

Fig. outlines the steps of a surface code error cor-
rection circuit, broken down into layers of single- and
two-qubit gates as well as dynamical decoupling and mea-
surement, operations.

For experiments sweeping over several codes and num-
bers of cycles, such as Fig. 1c, we interleave experiments
of different codes, as in Ref. [3]. We acquire one (number
of cycles, basis, code) dataset at a time, each with 50,000

repetitions (10 initialization bitstrings times 5,000 repe-
titions). The initialization bitstrings are 5 random bit-
strings and their complements; complementary bitstrings
have opposite logical eigenvalues for odd-distance surface
codes. We shuffle the order in which we measure each
number of cycles. The order of enumeration is the fol-
lowing.
for n in num_cycles:
for basis in (Z, X):
for code in codes:
take_data(n, basis, code)

VI. Uncertainty Analysis
A. Logical Performance

From a statistical point of view, the error suppression
factor A is a random variable, defined with respect to a
given collection of codes, whose randomness comes from
sampling noise and performance drift for each of the given
codes. Evaluating the uncertainty in our estimate of A
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FIG. S18. Logical performance on the 72-qubit pro-
cessor. Here we show a similar result to Fig. 1c of the main
text, except on the 72-qubit processor. Decoding is performed
with the neural network. The neural network decoder achieves
e5 = 0.252% + 0.002% and A = 2.31 4+ 0.02. It also achieves
a break-even memory at distance-5, with a median and best
physical qubit lifetime of approximately 73 ps and 113 ps, re-
spectively, compared to a logical qubit lifetime of approxi-
mately 160 ps.

involves evaluating the uncertainty in our estimates of the
mean logical error per cycle for the collection of codes
with a particular distance, and then propagating that
through to uncertainty in that scaling with respect to
depth, which we detail below.

In Fig. 1c of the main text, we consider logical error
probability py, for a variety of codes for different numbers
of error-correction cycles t. Each point has statistical un-
certainty \/pr,(1 — pr)/N with N = 10° repetitions. For
example, p;, = 0.1 corresponds to statistical uncertainty
1073,

To determine the logical error per cycle g4, we fit ex-
ponentials to py, versus number of cycles ¢ (technically,
by fitting a line to In (1 — 2py) versus t) for each code.
We typically see residuals greater than those expected by
statistical uncertainty in pr, which we attribute to sys-
tem performance drift over the course of the experimental
sweep. Along with uncertainty in the fitted log slope ob-
tained from linear regression, we use the excess residuals
to estimate the uncertainty in 4 including this drift. See
Ref. [3] for details. We compute £4 and an uncertainty
for each code and logical basis and then average over ba-
sis and code for data reported in the manuscript. Since
the suppression factor A is defined with respect to the
mean logical error per cycle for each distance, we com-
pute the uncertainty in the mean from each individual
uncertainty o;, specifically \/¥;02/n. Note this amounts
to considering the particular ensemble of codes as fixed,
with all the randomness coming from noise in sampling
from a given code rather than sampling different codes.

Note that pr, and thus €4, depend on the decoding
scheme used. In Fig. 1d, we plot g4 values for the neu-
ral network decoder. The specific values for the neural
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X basis Z basis

Grid Error rate|Std. dev.|Error rate|Std. dev.
distance-3 (0, 0)| 0.00561 | 0.00013 | 0.00516 | 0.00008
distance-3 (0, 4)| 0.00562 | 0.00015 | 0.00526 | 0.00014
distance-3 (0, 8)| 0.00519 | 0.00012 | 0.00475 | 0.00021
distance-3 (4, 0)| 0.00672 | 0.00021 | 0.00596 | 0.00023
distance-3 (4, 4)| 0.01044 | 0.00045 | 0.00800 | 0.00030
distance-3 (4, 8)| 0.00641 | 0.00028 | 0.00516 | 0.00039
distance-3 (8, 0)| 0.00678 | 0.00030 | 0.00724 | 0.00024
distance-3 (8, 4)| 0.00982 | 0.00021 | 0.00854 | 0.00012
distance-3 (8, 8)| 0.00507 | 0.00015 | 0.00533 | 0.00014
distance-5 (0, 0)| 0.00294 | 0.00008 | 0.00229 | 0.00008
distance-5 (0, 4)| 0.00311 | 0.00007 | 0.00238 | 0.00009
distance-5 (4, 0)| 0.00362 | 0.00008 | 0.00326 | 0.00014
distance-5 (4, 4)| 0.00352 | 0.00008 | 0.00309 | 0.00009
distance-7 (0, 0)| 0.00155 | 0.00004 | 0.00130 | 0.00004

TABLE S7. Logical errors per cycle for Fig. 1lc. Both
logical error per cycle and standard deviation is shown for
each grid and basis using the neural network decoder. Grid la-
bels correspond to the open source [20] labeling, e.g. distance-
3 (0,4) <> d3-0+4;.

network decoder and the ensembled synthetic matcher Li-
bra [I5] are reported in the left-hand column of Table
Furthermore, the specific €4 for each grid and basis of the
neural network decoder are reported in Table

Similarly, the values corresponding to the accuracy
tests on our real-time data in Fig. 4c are reported in
the right-hand column of Table Those experiments
included sweeps from 10 to 250 cycles (as in Fig. 1¢) but
with fewer repetitions (10* for each code and each num-
ber of cycles, split over logical X and Z bases). The
smaller number of repetitions increases statistical uncer-
tainty. We fit ¢4 for cycles ¢t > 90, reserving the shorter
experiments for decoder training. The underlying logical
error probability data is plotted in Fig.

We compute A using linear regression of y = Ine, ver-
sus = (d 4+ 1)/2, including the uncertainty of the g4
values. The slope m = —In A, from which we compute
A = e™™. Regression gives us uncertainty dm, and the
uncertainty JA = e~ 0m.

We use the same regression analysis for the repetition
code A. In this case, we consider each data qubit idle
basis (X and Z) separately, as those two cases are sensi-
tive to different physical error mechanisms. Fitting for d
from 5 to 11 (see main text), we obtain A, = 8.27 +0.02
and A, = 8.55 £ 0.02. To report an overall value, we use
the mean A = (A, + A.)/2 and estimate the uncertainty
A, — A.l/2.

For the distance-5 experiments on the 72-qubit proces-
sor, we instead consider Az 5 = e3/e5, which is equivalent
to the A fit discussed above for two points.

We compute uncertainties in physical qubit lifetimes
by propagating uncertainties in T and Tscpnma, obtained
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FIG. S19. Detection event probabilities. a, Average detection probability as a function of error correction cycles for all
detectors in the different grids in the 72-qubit processor. (top) Distance-3 grids, with weight-4 stabilizers in red and weight-2
stabilizers in orange. The average X and Z basis detectors are plotted in bold. (middle) Distance-5 grid, with weight-4 in
dark blue and weight-2 in light blue. (bottom) distance-29 repetition code. b, Detection probabilities for different grids in
the 105-qubit processor; (top) distance-3 grids, (middle) distance-5 grids, (bottom) distance-7 grid. ¢, Detection probability
as a function of error correction cycles, run continuously for one million cycles, for (top) the distance-5 grid and (bottom) the
distance-29 repetition code in the 72-qubit processor. Here we plot one shot, and apply a rolling average of 10,000 cycles.

with scipy.curve_fit.

B. Logical Error per Cycle From One Point

In Fig. 2b and 3 of the main text, we estimate the logi-
cal error per cycle from experiments with a single number
of cycles. The error-injection experiments in Fig. 2b and

3b are 10 cycles long; we choose shorter experiments so
we can resolve high logical error €4 ~ 0.1. The repetition
code experiments in Fig. 2a are 1000 cycles so we can re-
solve e3 ~ 1073 while maximizing experiment length. To
estimate the error per cycle g4 from a single point (¢, pr,),
we consider a binomial problem with logical error prob-
ability €4 at each step. The cumulative error probability
pr, after ¢ cycles is the probability of an odd number of



22

a b

Z 0.15 1 Z 0.15 1

3 3

38 ] 2 ]

9 0.10 9 0.10

g 1 = 1 =

g M S w

3 0.05 4 8 0.05

Q 4 Q 4

g 40 g 17 N
0.00 *+r———-+-——7r-"+—"+—"-"+—r-r—"/—"rr-"—"rrtrTr"Tvy 0.00 d——— I I I ——

0 10 20 30 40 50 0 10 20 30 40 50

Z 0.15 7 Z 0.15 ]

o 1 3 ]

3 ] 3 ]

2 0.10 2 0.10

5 \ s 1\

§ 0.05 \ § 005 [ —

g 8
0.00 *+——+—-"—F-"—"—"—"—"7"—"——"""r"—""1"—"1 0.00 *+———+—+"+—F"-"—""—"—"7"—"—"""r"—""1"——1

0 10 20 30 40 50 0 10 20 30 40 50

Error Correction Cycles Error Correction Cycles

FIG. S20. Detection event probabilities without and with data qubit leakage removal.

a, Average detection

probability as a function of error correction cycles without data qubit leakage removal (DQLR) for all detectors in the distance-
3 grids (top) and distance-5 grid (bottom) in the 72-qubit processor. We attribute the rise in detections to leakage accumulation.
b, Average detections as a function of error correction cycles with DQLR; the data qubit leakage removal step successfully

removes the rise in detections.
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FIG. S21. Distance-5 surface code circuit. Spatial layout of data qubits (gold dots) and measure qubits (blue dots) are
shown here on a distance-5 grid. 1. We reset all qubits to |0) and then prepare an initial bitstring state on the data qubits
using X gates. 2. We apply H (Hadamard) gates to some of the data qubits to convert the initial bitstring (eigenstate of all
Z operators) into an eigenstate of half the ZXXZ stabilizers, the half matching to logical operator of interest (X, or Z,) for
the specific experiment. Note steps (1) and (2) could be combined into a single moment of Clifford gates, but for simplicity we
execute them in two moments as shown. 3. QEC cycle showing the explicit patterns for Hadamard gates and CZ gates as well
as dynamical decoupling (DD) and measurement and reset operations (MR). Note that although all stabilizers measure ZXXZ,
the “X” stabilizers and “Z” stabilizers apply their CZs in a different order (specifically in 3d and f). This pattern is carefully
designed to manage “hook” errors. We modify this gate sequence with additional “echo” or “dynamical decoupling” gates,
adding X gates to all qubits in 3e (inserted between the middle two CZ moments). 4. For the final measurement, we replace
3i-j with a different Hadamard pattern (transforming the data qubit state to the appropriate basis for logical measurement)
and measure all qubits simultaneously (M). This final measurement is used for detectors for the penultimate cycle (measure

qubit results) and the final cycle (data qubit results, converted to parities in the relevant basis).

logical errors, giving this expression for py: Solving for 4,

(1—(1—2eq)"). €d

l\:J|>—l

pr

%(1—(1—239 )l/t).



-
oo

—e— (distance-3
distance-5
—eo— distance-7

- - N N
o N » [}
| | | |

Detection Probability (%)
[e<]
1

050 075 100 125 150 175 200 225
Scale Factor

FIG. S22. Pauli simulated detection event probabili-
ties. Average detection probability for weight-4 stabilizers
predicted from a Pauli simulation of the 105-qubit processor
based on Fig. Each point is 10* shots of a 100 cycle exper-
iment. Pauli error rates are obtained from the 105-qubit pro-
cessor. All Pauli errors are scaled uniformly — 1.0 corresponds
to the device Pauli rates. There, for d = (3,5,7) we obtain
predicted detection probabilities paer = (8.0%,8.5%,8.6%).
We attribute the upwards trend to diminishing finite-size ef-
fects. We see reasonable agreement with the experimental
detection probabilities paet = (7.7%, 8.5%, 8.7%).
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FIG. S23. Decoder accuracy on the real-time dataset.
Underlying logical error probability data for Fig. 4c. Trian-
gles: distance-3 (averaged over four quadrants and X and Z
basis). Pentagons: distance-5 (averaged over X and Z ba-
sis). We compare the accuracy of three different decoding
strategies. Fits begin from 90 cycles (rather than the usual
10) because these experiments only featured 5,000 shots per
individual experiment, rather than the usual 50,000. Conse-
quently, more of the early-cycle samples were used to train
the decoder priors.
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FIG. S24. Error rates from one-point fits. Here we plot
the data from the Fig. 1 of the main text decoded with the
neural network. For each cycle count r, we compute the one-
point estimate of the logical error per cycle at that cycle count

as g = 0.5 (1 - (1- 2pL)1/T), where pg, is the logical error
fraction at r rounds, and average over basis and grid. We
observe that the estimates remain relatively constant for dif-
ferent numbers of cycles, indicating that performance is not
degrading for longer cycle counts.

d In Aqg k k/((d+1)/2)
3 | -0.684 +0.06 | 1.708 003 | 0.854 % 0.015
5 | 01984008 | 2.291+004 | 0.764 + 0.01
7 1.375 + 0.1 3.023 +£0.05 | 0.756 + 0.01

TABLE S8. Fit values from Fig. 3b, error injection in the
surface code. These are power law fits 4 = Agpk.,. We fit a
line to Ineg = In Ag + kIn pget. The ratios in the final column
average to approximately 0.8, leading to the observation of
about 80% of the ideal value (d + 1)/2 predicted by Eq. 1 of
the main text.

We then propagate statistical uncertainties accordingly.
The uncertainties become more noticeable for the low-
error experiments (where relatively few errors are ob-
served), such as the higher-distance points in Fig. 3a,
where we have a statistical floor based on the total num-
ber of cycles in the dataset, 2 x 10'9. We also plot the
logical error per cycle for Fig. 1c estimated from one cy-
cle count for different cycles, and then averaged over grid
and basis, in Fig.

For clarity, we report the power law fits from the in-
jection experiments reported in Figs. 2b and 3b, in Ta-
bles [S§| and We also report the fit values from the
Pauli simulation of error injection in the surface code in

Table



d In Aqg k k/((d+1)/2)
3 0.462 £+ 0.02 2.233 £ 0.009 1.117 4+ 0.005
5 | 1.737£0.02 | 31364001 | 1.045 + 0.003
7 | 3390 £004 | 4168 +£002 | 1.042 % 0.005

TABLE S9. Fit values from simulated error injection in the
surface code (Pauli noise). These are power law fits g4 =
Adpﬁet. We fit a line to Ineg = In Ag+ kIn pget. The ratios in
the final column are close to 1, actually exceeding it slightly
(compare to Table [S8).
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FIG. S25. Experimental versus simulated injection.
Fig. 2b of the main text, but with simulated data overlaid
semi-transparently. Note that the simulation uses stochastic
Pauli channels rather than coherent error to make simulation
efficient. Distance-3, -5, -7 shown in red, cyan, and blue. The
fit parameters are presented in Table and Table [S9] No-
tably, the experimental error suppression does not achieve the
full suppression predicted by the code distance, which we at-
tribute to correlated error present in the device.
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d In Ad

3 -0.538 £ 0.001
5 0.078 + 0.001
7 0.813 £ 0.002
9 1.635 £ 0.002

11 2.505 £ 0.003
13 3.396 + 0.004
15 4.301 £ 0.005
17 5.223 £ 0.006
19 6.150 & 0.007
21 7.077 £ 0.008
23 8.007 + 0.010
25 8.955 + 0.012
27 9.873 + 0.015
29 10.783 £ 0.018

TABLE S10. Fit values from Fig. 3b, error injection in the
repetition code. These are power law fits ¢4 = Adpéifl)m.
We fit a line to Ineq = In Ag + ((d + 1)/2) In pget, just fitting

the offset In Aq4.
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