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As quantum computing moves toward
fault-tolerant architectures, quantum er-
ror correction (QEC) decoder performance
is increasingly critical for scalability. Un-
derstanding the impact of transitioning
from floating-point software to finite-
precision hardware is essential, as hard-
ware decoder performance affects code dis-
tance, qubit requirements, and connectiv-
ity between quantum and classical control
units.

This paper introduces a hardware emu-
lator to evaluate QEC decoders using real
hardware instead of software models. The
emulator can explore 103 different error
patterns in 20 days with a single FPGA
device running at 150 MHz, guaranteeing
the decoder’s performance at logical rates
of 10712, the requirement for most quan-
tum algorithms. In contrast, an optimized
C++ software on an Intel Core i9 with 128
GB RAM would take over a year to achieve
similar results. The emulator also enables
the storage of uncorrectable error patterns
that generate logical errors, allowing for
offline analysis and the design of new de-
coders.

Using results from the emulator, we pro-
pose a method that combines several be-
lief propagation (BP) decoders with dif-
ferent quantization levels, which we de-
fine as a diversity-based decoder. Indi-
vidually, these decoders may show sub-
par error correction, but together they
outperform the floating-point version of
BP for quantum low-density parity-check
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(QLDPC) codes like hypergraph or lifted
product. Preliminary results with circuit-
level noise and bivariate bicycle codes sug-
gest that hardware insights can also im-
prove software. Our diversity-based pro-
posal achieves a similar logical error rate as
the well-known approach, BP with ordered
statistics (BP+0OSD) decoding, with aver-
age speed improvements ranging from 30%
to 80%, and 10% to 120% in worst-case
scenarios, while reducing post-processing
algorithm activation from 47% to 96.93%,
maintaining the same accuracy.

1 Introduction

The design of decoding algorithms that obtain
high accuracy and low latency for quantum low-
density parity-check (QLDPC) codes [1] has been
a very active area during the last decade, espe-
cially over the previous six years.

Researchers have been working on low-
complexity decoding algorithms to achieve the
performance of belief-propagation (BP) combined
with ordered-statistics decoding (OSD) [2], [3].
This widely used approach offers good accuracy,
but can be too slow for real-time decoding.

BP decoders are attractive due to their low
complexity and high parallelization for real-time
hardware implementations reaching low latency
and allowing scalable architectures [4], [5]. How-
ever, BP introduces degradations on accuracy
that are primarily due to the properties of
QLDPC codes, such as degeneracy [6]. Degener-
acy refers to the existence of multiple error pat-
terns that have the same effect on the logical in-
formation, which standard BP decoding fails to
properly account for. In addition, the abundance
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of low-weight stabilizers in QLDPC codes con-
tributes to the formation of trapping sets, which
are specific substructures in the code’s Tanner
graph that do not allow messages to propagate
properly through the graph. These substructures
are more prevalent in QLDPC than in classical
LDPC codes |7]. Trapping sets can cause the de-
coder to converge to incorrect solutions or oscil-
late between inconsistent ones, limiting the over-
all decoding performance. The trapping sets are
one of the major contributors to the emergence
of an error floor, a phenomenon where the de-
coder’s logical error rate (LER) stops decreasing
exponentially with the improvement of the phys-
ical error rate, thus limiting accuracy.

To reduce the degradation in the LER pro-
duced by BP, OSD is used as a post-processing
method, improving accuracy by several orders of
magnitude [2], [3]. However, the primary draw-
back of OSD is that it must solve a dynami-
cally created linear system based on the reliabil-
ity information provided by BP to obtain a so-
lution. This process of solving the linear system
can create bottlenecks for implementing parallel
architectures, since it involves sequential oper-
ations and dynamic computation of matrix in-
These factors lead to scalability chal-
lenges, particularly as the size of the linear system
to be solved increases, especially when consider-
ing the detector error model [§], [9].

verses.

Some alternative decoders focus on avoiding
OSD-like solutions that require solving systems
of linear equations, which implies the computa-
tion of matrix inversion through Gaussian elim-
ination. These alternatives aim to improve ef-
ficiency by combining different BP decoders or
modifying the internal update rules of the vari-
able and check nodes, based on the expectation
that each variation enables the correction of dis-
tinct error patterns that are not successfully han-
dled by a single BP decoder. Examples of these
include Relay-BP [5], Belief Propagation Guided
Decimation (BPGD) [10], [11], Stabilizer Inacti-
vation (SI) [12], and Check-Agnosia (CA) [13].

On the other side, some decoding algorithms
aim to reduce the complexity of the post-
processing method, rather than using only BP de-
coders. Some examples are the Localized Statis-
tics Decoder (BP+LSD) [14], the Ordered Tanner
Forest (BP+OTF) [15], and Ambiguity Cluster-
ing (BP+AC) [16], which obtain high accuracy

while maintaining matrix inversion to perform
the decoding.

Regardless of the approach taken, all solutions
begin with some variant of BP, leading to further
exploration of BP algorithms to improve accuracy
and reduce complexity and hence latency. This
includes modifications to BP’s scheduling, such
as the random reordering of node updates [17],
or introducing additional noise or perturbations
to address the error floor problem [18].

However, several important questions remain
unanswered regarding the QEC decoding algo-
rithms. First, most quantum algorithms require
a LER between 1071% and 107 [19]. To en-
sure that, it is necessary to know the impact
of finite-precision architectures on the final er-
ror correction performance of the decoders when
implemented in hardware, especially in the low
LER regions. To obtain statistically significant
results, at least 10'? or 10'® experiments need to
be run, which would be a bottleneck in software,
which would require thousands of CPUs to fin-
ish the simulations within months. On the other
hand, given the scaling challenges that the clas-
sical hardware will need to face to implement the
QEC layer of a fault-tolerant quantum comput-
ing, it is reasonable to believe that floating-point
operations may not be power or time-efficient,
and accuracy should be evaluated with this limi-
tation in mind [20].

Answering these questions requires the imple-
mentation of an emulator. The scope of the em-
ulator is to evaluate and benchmark QEC de-
coders in real hardware at low LERs, enabling
large-scale error pattern sampling, accuracy val-
idation, and decoder optimizations beyond the
limits of software simulation. Although design-
ing and rigorously verifying such an emulator is
time-consuming, it is essential to address with
warranties some of the previous problems. The
accuracy of the final device will ultimately de-
pend on the hardware architecture rather than
the software implementation.
of the accuracy of the implemented decoders in
the region of lower LERs cannot be realistically
achieved through alternative methods, given lim-
ited resources. Additionally, the effects of quan-
tization noise in finite precision implementations
may lead to the development of new decoders that
take advantage of the perturbations introduced
by these architectures.

The verification

Accepted in { Yuantum 2026-04-08, click title to verify. Published under CC-BY 4.0. 2



Finally, it is important to evaluate real hard-
ware implementations of BP, which serves as
the core algorithm behind all the aforementioned
state-of-the-art decoders [2], [3], [5], [10], [11],
[12], [13], [14], [15], [16]. Even if other ap-
proaches, such as those based on neural networks
and BP, are explored [21], utilizing a hardware
emulator will enable more accurate training for
achieving LERs below 10712 (as the samples will
be finite precision too), which is currently not
feasible with software-based methods.

The main contributions of this paper are sum-
marized as follows:

e The architecture and implementation of
a hardware emulator to benchmark QEC
real-time decoders and to facilitate offline
analysis of the derived information. This
emulator enables a significant reduction in
the time required to explore low error rates
down to 107!2, allowing this process to be
completed in days instead of the years it
would take using a software model on a CPU.

e The design of a BP-based decoder with
the knowledge obtained after studying,
through the emulator, the diverse levels
of noise generated by the quantization
schemes. This proposal improves the LER
without adding sequential post-processing
algorithms like OSD. Similarly to the one
in [22], in which the authors combined
several noisy decoders to generate highly
accurate decoding predictions.
in our proposal, the noisy decoder is BP
instead of minimum-weight perfect match-
ing (MWPM), and the noise is not added
artificially but is part of the nature of the
hardware architectures, which are carefully
selected. Our solution is based on just four
decoders that can share the hardware in
groups of two without impact on latency
and a minimum memory overhead. The
codes under test are hypergraph product
and lifted product QLDPC codes [3], [23].
These codes were selected due to their
extensive documentation in the literature
under the code capacity model, which allows
for verification of the emulator’s accuracy.

However,

e The definition of a decoder that successfully

reduces both the number of BP iterations
and the frequency of post-processing calls
under circuit-level noise. At the same time,
it maintains or improves the LER when
compared to BP+OSD on bivariate bicycle
codes of varying lengths and distances [24].

The structure of the paper is detailed as fol-
lows: Section II describes the proposed emula-
tor, detailing the components of the architec-
ture and the different configuration parameters;
and introduces the verification of the platform by
testing the performance of several QLDPC codes
with check-node degrees of six and eight, from
which some interesting conclusions are drawn.
Section III presents the first diversity approach
that improves the accuracy of BP decoders with
moderate overhead in hardware resources. This
approach leverages the quantization noise intro-
duced by finite-precision architectures to achieve
low-latency solutions. Section IV introduces a
second diversity proposal based on different BP
implementations, which can lead to reduced hard-
ware requirements and shorter execution times by
minimizing the number of post-processing execu-
tions. Finally, Section V concludes the paper and
suggests future research lines.

2 Proposed Emulator

In this section, we outline the general architec-
ture of the emulator and its schedule, along with
the main parameters measured for post-analysis
of the simulations. This analysis will provide
a better understanding of how decoders behave
with finite precision. The insights gained will help
to: i) customize the design of the decoders; and
ii) develop more efficient post-processors that im-
prove decoding accuracy while reducing overhead
in area, power consumption, and latency.

The architecture depicted in Fig. 1 consists
of three main layers: noise and input stimulus
generation (highlighted in blue in the figure), an
input/output parameter interface (green), and
a communication interface (orange). Addition-
ally, there is a transversal control layer that or-
chestrates the entire emulator. This structure is
adaptable for any type of QEC decoder (high-
lighted in yellow in Fig.1) that utilizes syndromes
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or detectors ! as inputs and produces estimated
error vectors or observables as outputs. As an
example, Section 2.6 analyzes the particular case
of evaluating BP decoders with the emulator.

It is important to note that the implementation
is vendor-agnostic, meaning it can be executed
on any FPGA device, and it does not rely on
proprietary IP cores .

Next, we detail each of the modules. The
code of the corresponding hardware description
language of the main modules can be found in
https://github.com /fpgaqgec with an example for
a short QLDPC code (with a 127x254 parity-
check matrix). The code and architecture are
fully generic, requiring only minor modifications
to parameters and constants. Please note that
constraint files, which map the code to hardware,
are device-dependent.

2.1 Noise and input stimulus generation

The architecture consists of NG noise generators.
Each noise generator is equipped with a Gaus-
sian noise generator [25] that produces a sequence
of values between 0 and 1, with an accuracy of
18 bits and a configurable seed. This design al-
lows simulations to be replicated if it is necessary
to reproduce specific patterns. Additionally, us-
ing a configurable seed helps prevent overlapping
sequences, making it easier to distribute experi-
ments across multiple boards.

At the output of each of these generators, a
comparator is implemented to determine whether
an X, Y, or Z error has occurred at a given lo-
cation. This comparator has one of the inputs
wired to a programmable threshold, whose value
depends on the error model and the physical error
rate.

Depending on the FPGA device and the length
of the error vector n, which is equal to the code-
word length for the code-capacity model, having
NG = n random noise generators may consume
too many hardware resources, leaving insufficient
space for the QEC decoder. The parameter NG

1A detector is a parity constraint on a set of measure-
ment outcomes, as define in [8].

“An Intellectual Property (IP) core is a reusable, mod-
ular block of hardware that implements a specific function
that can be integrated into a larger hardware design to ac-
celerate development and ensure an optimize performance
when implemented on an specific technology.

is generic and configurable at synthesis time. Af-
ter the comparators, there is one register that re-
ceives NG bits in parallel and outputs n bits. So,
when NG < n, the number of clock cycles to gen-
erate an entire error pattern is [n/NG|. When
this error sequence is generated, it is stored in a
parallel register to start producing the next noise
sequence while the decoder is working. This min-
imizes idle periods.

After the register is updated with a new se-
quence, the syndrome or detector pattern is com-
puted by multiplying by the corresponding parity
check matrix (Hx or Hyz) or the graph associated
with the detector error model. This binary prod-
uct is performed in parallel and transmitted to
the decoder under test. This is the last step of
the module and has a total latency of [n/NG|+3
clock cycles.

Supporting both Hy and Hz simulations si-
multaneously for realistic codes, such as the
(144,12,12) QLDPC code, would require a multi-
FPGA setup [5]. Even the largest FPGA devices
available in 2025 (Virtex UltraScale+ V19P) can
accommodate a decoder for only one type of er-
ror, with the layout nearly full, and adding real-
time noise generation and the rest of the emulator
parts would further increase resource demands
and require precise synchronization. While the
ideal setup would handle both error types con-
currently, this does not affect the main findings of
this work on the impact of quantization on decod-
ing accuracy. Multi-FPGA implementations also
involve substantial complexity, including multiple
high-performance evaluation boards and synchro-
nization protocols (e.g., Aurora or PCle). We
therefore note this as future work, as this study
represents a first step toward a complete setup
that could also consider decoders for correlated
erTors.

2.2 Decoder

The emulator is compatible with any QEC de-
coder that accepts syndromes or detectors as in-
puts and generates errors as outputs. The in-
terface with the rest of the emulator is straight-
forward; only start, ready, and done signals are
needed to control the decoder. Additional infor-
mation, such as the number of iterations of the
decoder, can be computed in the control layer or
directly provided by the decoder.

As an example, we have evaluated the fully
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Figure 1: Simplified diagram of the proposed emulator’s architecture.

parallel architecture for the scaled min-sum al-
gorithm described in [4], applying it to multi-
ple codes from various code families, which we
will detail in the following sections. As a sum-
mary, the scaled min-sum algorithm is a BP-
based message-passing algorithm that operates
on a Tanner graph with variable and check nodes.
Variable nodes represent potential error locations
and combine prior information from the error

model with incoming messages from check nodes,
and a scaling factor « that is applied to the check-
to-variable messages to increase accuracy. Check-
nodes compute their output messages depending
on whether the input messages coming from the
variable nodes satisfy the syndromes or not. A
hard decision (or binary decision) is made at each
variable node to determine whether an error is
present at that location. Decoding succeeds if
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this decision satisfies all syndrome constraints.

2.3 Input/output parameter’s interface

The emulator receives a series of parameters to
set up the noise and the accuracy of the simula-
tion, which can be configured at run time, avoid-
ing the need to go through the entire synthesis
and place-and-route processes. Additionally, sev-
eral parameters can be queried during runtime
to check how the simulation is evolving or which
configuration parameters have been used. This
is interesting when low LERs are explored, espe-
cially for long codes, when the simulations can
reach daytime duration if just one FPGA device
is used. The input parameters are:

e The physical error rate to be evaluated, with
a precision of 18 bits.

e Decoder specific parameters. In the case of
BP-based decoders, the maximum number of
iterations. It was limited to 8 bits, but the
number of bits associated can be modified at
synthesis time.

e Targeted number of errors. To determine
statistical significance in a simulation, de-
signers typically set the number of Monte
Carlo simulations to 100/LER. However, be-
cause predicting the exact LER can be chal-
lenging due to potential error floors, we em-
ploy a different approach. Instead of per-
forming a fixed number of Monte Carlo sim-
ulations, we stop the emulation based on a
maximum number of uncorrected error pat-
terns, i.e., 100 uncorrected error patterns.
The simulation will continue until this max-
imum is met.

With 16-bit precision, each simulation can
uncover up to 2'6 error patterns. This
method allows us to generate datasets that
contain a large and diverse array of error
patterns. These datasets can later be ana-
lyzed offline to enhance decoding algorithms,
fine-tune parameters associated with the de-
coder, or provide sufficient samples for train-
ing a neural network-based decoder [21].

e The start signal. Although it is not a real
parameter, it is defined in the interface to be
activated externally via software. This signal
initiates the whole emulator’s control unit.

The output parameters are:

e The number of physical errors. It is repre-

sented by a 16-bit counter that increments
when the error vector produced by the de-
coder does not match the output from the
noise generators.

The number of logical errors. It is also a 16-
bit counter that is increased if a logical error
occurs. To check that, the estimated error
sequence computed by the decoder is com-
bined (XOR-ed) with the real error sequence
and multiplied by the logical operator ma-
trix to compute the number of logical errors.
The same is performed with the output ob-
servables and the observable matrix, if the
detector error model is implemented. The
binary products and the XOR operation are
computed in parallel to avoid adding extra
latency to the computation.

The number of decoded frames (successfully
or not). It is an 80-bit counter that accu-
mulates the number of simulations that are
performed for a given configuration. This
value is oversized as it can compute a LER
of 107%.

The total number of iterations of the de-
coder (if iterative). It is also a counter that
increases according to the information pro-
vided by the decoder under test about the
number of iterations run. It is very useful
to estimate the average number of iterations
after days of simulations and infer the real-
time average latency of the decoder.

The input parameters. All the previously
mentioned parameters — such as the phys-
ical error rate, the number of errors to be
found, and the maximum number of itera-
tions — can also be accessed to verify the
settings configured for the currently running
simulation. This can help identify a simula-
tion when multiple boards are operating in
parallel.

The running and ready (done) signal. When
the simulation has started, the running sig-
nal is active to indicate that parameters can-
not be modified without a reset. The ready
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signal indicates that we have found the num-
ber of errors that were fixed during the con-
figuration.

2.4 Communication interface

To reduce dependence on the selected FPGA and
minimize the time needed to recover information
from simulations, we implemented a full stack
based on Gigabit Ethernet. This includes layers
for UDP, ARP, MAC, and SGMII interfaces. To
enhance flexibility and provide protection against
unsolicited or spurious network traffic when the
FPGA operates within a shared network environ-
ment, we designed a hardware layer implementing
a customized protocol to filter and control incom-
ing messages. This protocol supports messages
that facilitate communication with the entire em-
ulator during and after experiments.

The primary operations supported by this pro-
tocol include starting and stopping the emulator,
as well as reading and writing various parame-
ters, such as physical error rate, LER, total num-
ber of runs, average number of iterations, and
clock cycles. Messages that do not conform to
the protocol or are not directed to the FPGA’s
MAC address are automatically filtered out and
rejected at the hardware level (link layer).

One important feature of this architecture is
its capability to recover all error patterns that
could not be successfully decoded. This allows
for offline analysis, enabling the development of
more accurate and efficient decoders.

2.5 Control layer

The control unit responsible for coordinating the
emulator’s workflow is based on two finite state
machines. The first machine orchestrates the gen-
eration of noise samples, while the second controls
the activation of the decoder under test. Typi-
cally, QEC decoders, such as BP decoders, incor-
porate an early stopping criterion. Therefore, it
is essential to notify the noise generators when
the decoder has finished to ensure that the next
noise sample is ready. In the same way, the de-
coder must be informed of the noise generator’s
status to confirm that the noise samples are avail-
able.

This communication is particularly crucial
when the number of noise generators NG is less

than the number of required noise samples n. In
such cases, [Nid cycles are necessary, and the de-
coder may finish before the next round of samples
is generated due to the early stopping criterion
(see Scenario B in Fig. 2).

Counterintuitively, in regions where the physi-
cal error rate is reduced, the time bottleneck can
occur during noise generation. This is because
the decoders require a large amount of area re-
sources and leave insufficient space on the FPGA,
even for the largest existing devices, to introduce
enough noise generators to perform all the com-
putations in parallel.

We can generally categorize two scenarios: one
in which the decoder consumes more clock cy-
cles than the noise generation (Scenario A in Fig.
2), and another where the decoder is faster (Sce-
nario B). For instance, in a fully parallel BP de-
coder, the dividing line between both scenarios
occurs when the number of iterations required for
convergence is fewer than [%—‘, assuming two
clock cycles per iteration, one for computing the
check nodes and another for computing the vari-
able nodes.

The signals exchanged between both finite
state machines include “noise ready”, “generate
noise”, and “end of decoding”. For simplicity,
other control signals, such as those used to store
error patterns in RAM when a logical failure oc-
curs (for subsequent a posteriori analysis), have
been omitted.

2.6 Results for BP decoders

The emulator discussed in the previous section
was tested with various QLDPC codes, which are
defined as (n, k, d), where n is the number of
physical qubits, k is the number of logical qubits,
and d is the minimum distance of the code. Fig. 3
presents a small sample of eight codes with check
node degrees? of six and eight, decoded using the
scaled min-sum (MS) algorithm quantized to 7
bits, with 3 of those bits for the fractional part.
The codes examined include hypergraph product
codes and lifted product QLDPC codes, as stud-
ied in [3] and [23], respectively 4. Specifically, the

3The check node degree is the number of messages com-
puted by a check node in a QLDPC code.

4The code names B1, C2, T1, and T2 are maintained
from references [3, 23] to help readers identify the corre-
sponding construction methods in the original works.
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SCENARIO A

Noise generator processor

Decoder under test

SCENARIO B
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Figure 2: Schedule of the proposed emulator. We can see two scenarios: A) when there is a high level of noise and
the decoder needs multiple iterations to converge, so it is slower than the noise generator; B) when there is a low
level of noise and the decoder converges faster than the next generation of noise. Blue and gray colors indicate when
the noise generator processor and the decoder are active, respectively.
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Figure 3: LER simulations for eight QLDPC codes of degrees 6 and 8 obtained with the implemented emulator.

hypergraph product codes with check node degree
six are B1 (882, 24, < 24) and C2 (1922, 50, 16).
The lifted product codes with check node degree
cight include (442, 68, < 10), (544, 80, < 12),
(714, 100, < 16), and (1020, 136, < 20). Addi-
tionally, two codes from [12], T1 (126, 12, < 11)
and T2 (254, 14, < 17), are also analyzed.

The emulator was implemented on an AMD
Virtex UltraScale+ FPGA VCU118 [26], but it is
worth noting that it can be ported to any FPGA
with sufficient logic resources. The evaluated ar-
chitecture for BP utilized a fully parallel MS al-
gorithm with a flooded scheduling approach from
[4]. The maximum frequency for the decoders was
set at 150 MHz, with two clock cycles required per

iteration, equating to 13.3 ns per iteration. The
number of noise generators was consistently set
to NG = 40 across all experiments, resulting in
a noise generation latency ranging from 4 clock

cycles for the shortest code (T1, [%-‘ =4) to 49

clock cycles for the largest one (C2, [%W = 49).
In these experiments, the thresholds of the noise
generators were configured to emulate a code-
capacity model.

For the shortest code, the latency of noise gen-
eration would equate to approximately 2 itera-
tions of the MS decoder, while in the worst case, it
could reach 13 iterations due to the latency intro-
duced by the noise generators. Running all simu-
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Figure 4: Effect of various quantization schemes on the LER for a QLDPC code with a check node degree of 8

obtained with the proposed emulator.

lations at a physical error rate ranging from 1073
to 10~ on VCU118 took 4 hours and 48 min-
utes in the worst-case scenario, achieving a LER
of 1079, For the (1020, 136) QLDPC code, emu-
lating more than 10'3 samples required 20 days.
Faster simulations could be achieved by increas-
ing NG or using multiple boards. To replicate
the same number of scenarios using the efficient
software library from [27] on an Intel Core i9-
14900KF (28] with 128GB of RAM, the estimated
time would exceed one year. Although this result
could potentially be improved by increasing par-
allelism or utilizing a high-performance comput-
ing (HPC) system, even with that, the simulation
would not be able to replicate the exact behavior
of the hardware, which is the aspect that we will
also try to exploit, as we will explain in the next
sections.

Beyond speed, our experiments yielded other
important insights. For example, the impact of
distance on the codes with degree eight (repre-
sented in purple) diminishes after a LER of 107,
where there is no aggressive error floor. Addition-
ally, we observe distinct trends between QLDPC
codes with different degree distributions. The
codes with degree six exhibit a significant degra-
dation with BP, necessitating a physical error rate

that is extremely low to achieve a LER below
10~'2, making them challenging to decode with-
out post-processing. Conversely, the degree eight
codes reach the target LER before encountering
a physical error rate of 10~%. It is obvious that
these codes face different limitations, such as the
connectivity of degree eight on the quantum side
[24], but the behavior decoded looks interesting,
and as we will discuss in the next section, their er-
ror correction performance can be improved just
by using BP.

In addition to the previous results, we analyzed
the effect of quantization noise not only to under-
stand its impact on LER performance and hard-
ware savings in terms of area, power, and time
but also because some studies have shown that a
certain level of noise can enhance the convergence
of BP decoders [18], [17], [13]. For this reason, we
tested different quantization schemes for the mes-
sages computed in BP to determine if we could
benefit from the quantization noise.

Some of the quantization schemes we tested in-
clude 8 bits, with 4 of them to represent the frac-
tional part of the messages (q[8,4]); 7 bits, with 3
of them fractional (q|7,3|); and an extreme case of
4 bits, with 2 fractional (q[4,2]). Fig. 4 presents
a comparison of the LER obtained with a BP de-
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coder for the (1020,136) QLDPC code applying
different quantization schemes. For the sake of
simplicity, we omitted the results for the other
codes and quantization schemes, but similar con-
clusions were drawn.

As observed, the most trivial outcome is that
using only 4 bits significantly degrades perfor-
mance compared to using 7 or 8 bits. Addition-
ally, the performance difference until a LER of
104 seems reasonable; thus, 7 or 8 bits appear
sufficient for message exchange between check
nodes and variable nodes [29]. However, a sur-
prising finding is that below a LER of 1074, the
scheme with fewer bits outperforms those with
more bits, indicating that quantization noise may
assist in the convergence of the algorithm. The
observation that lower bit-width quantization can
outperform higher precision at low logical error
rates (below 10™%) is not new to the decoding lit-
erature. In classical LDPC decoding [30], [31],
[32], [33], prior works have demonstrated that
coarse quantization limits message magnitudes,
suppresses harmful feedback loops, and mitigates
trapping-set effects, especially in the error-floor
regime. However, quantum LDPC codes dif-
fer from their classical counterparts due to de-
generacy and strong correlations in their graph
structure [3], which invalidate traditional analytic
methods such as density evolution. As a result,
hardware-level emulation becomes essential for
accurately assessing decoding performance under
finite-precision constraints. In this context, quan-
tization introduces structured noise that disrupts
feedback loops and prevents cycles from reinforc-
ing erroneous messages, which can improve de-
coding accuracy. While further theoretical devel-
opment is needed to predict the most effective
quantization schemes without exhaustive emula-
tion, this phenomenon highlights the need for in-
novative approaches to analyze quantum LDPC
decoders, where classical methods fall short. In
the meantime, emulation remains the only reli-
able way to verify the behavior of quantum LDPC
decoders under finite-precision constraints.

Exploiting this noise that comes out naturally
in hardware implementations could be beneficial
and worth exploring, as opposed to other propos-
als that artificially introduce noise [17], [18], and
[22]. This raises a critical question: Do differ-
ent quantization schemes in the decoder lead to
the correction of a different set of error patterns

due to biases introduced by quantization noise?
In other words, are we correcting the same set
of error patterns with a larger number of bits as
we do with fewer bits, or are we just correcting
more errors but of a different set? This is the
starting point for our diversity method proposal,
described in the next section.

3 Diversity based on quantization

noise

One of the main advantages of using the imple-
mented emulator is its ability to store the error
patterns that lead to logical errors after decod-
ing with real hardware, especially for low LERs.
This capability is significant because, as discussed
in the previous section, having more bits does
not necessarily mean there will be fewer errors.
In other words, certain error patterns that a
floating-point decoder cannot correct may be suc-
cessfully addressed by a finite precision decoder
that uses fewer bits. Therefore, capturing the
patterns that cause decoding failures in real hard-
ware is essential for effective analysis.

The first step was to fix a specific seed in
the random noise generators to ensure the same
scenario and perform identical simulations (with
the same inputs) for the different quantization
schemes. We then captured the patterns of fail-
ure and analyzed their differences when decoders
with different quantization schemes were applied
offline. Our initial conclusion from this experi-
ment was that the sets of failure patterns were dif-
ferent by a significant percentage, confirming our
hypothesis that different quantization schemes in-
troduce varying levels of noise that affect decod-
ing in distinct ways. Additionally, we observed
that quantization schemes using fewer bits often
forced convergence, frequently resulting in incor-
rect codewords. This observation was fundamen-
tal, as it is preferable to experience a larger num-
ber of decoding failures than to converge on in-
correct codewords because otherwise, errors may
go undetected.

Considering the previous observations, we es-
tablish a prioritized chain of decoders. The most
accurate decoder, q|7,4], will be executed first,
followed by q[8,4], which provides a balance be-
tween correcting patterns not handled by the pre-
vious decoder and detecting decoding failures.
Finally, we will use the less accurate decoders,
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ql4,2] and q3,1]. The process will stop as soon
as we achieve convergence, which saves both time
and power.

Additionally, it is important to note that the
total number of bits used is less than 32 (the typ-
ical width of single-precision floating-point opera-
tions on a general-purpose CPU). This reduction
not only enhances the speed of implementation
compared to software but also improves efficiency
in terms of power consumption.

As an example, with the code (1020,136) and
a physical error rate close to 1073, decoders
that function as post-processors (MS with q[8,4],
q[4,2], and q[3,1]) are activated only 10~7% of the
time. Among these activations, the decoder with
the highest accuracy succeeds in 95% of the calls,
while the one with the lowest accuracy only suc-
ceeds 3.5% of the time. When the physical error
rate is closer to 10™2, the most accurate decoder
succeeds in just 78% of the cases, and the second
decoder succeeds 16% of the time.
nario, the post-processor is called upon 10~4% of
the time.

In this sce-

This approach was applied to all the lifted
product codes of degree eight discussed in the pre-
vious section. In Fig.5, we summarize the results,
which show improvements for all codes. Addi-
tionally, some gain derived from the code distance
is partially recovered in the LER region below
107'°. In some instances, the gain in LER ex-
ceeds one order of magnitude when the physical
error rate improves.

As we will discuss in the next section, our ob-
jective is not to replace other post-processors like
LSD or OSD with the diversity decoder if the
same accuracy cannot be warranted only with
BP-based decoders [34], but rather to minimize
the number of calls, as we will demonstrate later.

The results presented here are just a prelim-
inary approximation; further analysis is needed
to optimize these quantization schemes, which
will play an essential role when we transition to
FPGA or ASIC implementations as quantum sys-
tems scale up and more efficient solutions are
sought.

4 Diversity based on BP implementa-
tions

The decoder described in the previous section op-
erates under code-capacity model. In this section,

we aim to extend the idea of the diversity decoder
to circuit-level noise, verifying it through a soft-
ware implementation based on Stim [9] and the
software library from [27]. Instead of introducing
diversity through quantization noise, we achieve
it by varying the scaling factor, modifying the a
priori information, and combining BP decoders
with different update rules. Our approach in-
cludes providing feedback to subsequent decoders
if the previous ones do not achieve convergence.
Unlike other methods, such as stabilizer inactiva-
tion or check-agnosia proposed in [12] and [13], we
only modify the a priori information based on the
binary outputs of the previous decoder (the hard
decisions of the estimated error vector), inten-
tionally avoiding sorting steps or graph analysis,
which are computationally expensive when the
detector error model is applied. When diverse BP
has a decoding failure, we apply a post-processor
like LSD or OSD, but we significantly reduce
the number of calls to the latter. Furthermore,
our method increases the degree of parallelism
compared to other solutions that are based on a
concatenation of sequential decoders, while main-
taining similar logical resources (FPGA area) as
a single BP decoder and minimizing latency.

The approach begins with a BP decoder with
higher accuracy. In the event of a decoding fail-
ure, we activate two additional decoders: one that
utilizes a scaling factor that provides a LER closer
to the optimal BP, and another that introduces
more diversity, following a tree structure. The
goal is to tackle noisy scenarios by deliberately
selecting non-optimal parameters to increase the
number of decodable cases, similarly to the strat-
egy proposed in [22| for MWPM.

Once we activate the two decoders, we take the
hard decision from the decoder that encountered
a convergence failure and use it to adjust the a
priori information for the subsequent decoder.

We define the a priori information vector y as
the log-likelihood ratio, y; = log (ﬁg;j;) with
j€{l,...,n} and e € F} denote the binary er-
ror vector. The error vector estimated by the
decoder is defined as €’ € Yy, which is the binary
vector based on the hard decision of the computed
messages.

To further enhance diversity, we apply different
modification factors, denoted as ~y;, where ¢ indi-
cates the decoder number, like v; x €'+ (1—7;) Xy.

If neither of the two decoders converges, we en-
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Figure 5: LER simulations for four QLDPC codes of degree 8 obtained with the proposed emulator and the diversity

approach based on quantization noise.

gage two additional decoders in the more diverse
branch. The first of these is a BP-based decoder,
while the second is a BP combined with either
LSD or OSD, but with a reduced number of it-
erations. Similar to the previous step, we modify
the a priori information based on the hard deci-
sion from the second decoder, incorporating the
~; factors.
In summary, the procedure is as follows:

1. We first run the BP (sum product) decoder.

2. If it diverges, we run two parallel implemen-
tations of BP: one with accurate min-sum
and another that is more diverse, utilizing
different scaling factors for the exchanged
messages, o.

3. These two decoders merge the a priori in-
formation with the hard decision, applying
distinct ~; factors.

4. If both of these decoders also diverge, we ac-
tivate the final stage of decoders, using as

input the a priori information modified by
the hard decision from the previous decoder
along with the ~; factor. One of these two
decoders will include a post-processing stage

like LSD or OSD.

We applied our proposed decoder to bivariate
bicycle codes of different lengths: (72, 12, 6),
(108, 8, 10), and (144, 12, 12) [24]. The results
were consistent across these simulations. For the
diversity-based decoding process, we utilized a
BP Sum-Product algorithm with 10 iterations as
the base decoder. We included two Min-Sum de-
coders, each with scaling factors of @ = 0.9 and
0.75, and v9 = 1 = 0.75, also executing 10 it-
erations during the second stage. In the final
stage, we employed one Min-Sum decoder with
a scaling factor of @ = 0.5, 79 = 0.5 and 10 it-
erations, along with a combination of Min-Sum
and LSD or OSD, with 2 iterations and =3 = 0.5.
The values of the scaling factors and coefficients
used in the diversity decoder are chosen to en-
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Figure 7: LER for the bicycle bivariate code (72,12,6)
under circuit level noise for the proposed diversity de-
coders and BP and BP+OSD.

able a hardware-friendly implementation rather
than arbitrarily. These values allow the decoder
to avoid hardware multipliers by implementing
the products using simple bit shifts and addi-
tions. This design minimizes hardware resource
usage and the latency while maintaining effective
scaling. This setup is summarized in Fig. 6.

The worst-case latency for our approach is 22
iterations of BP plus the latency of LSD or OSD,
as 30 BP iterations of the parallel schedule is less
restrictive.

The baseline BP is executed for 100 iterations,

—6—BP

Logical error rate per round

—8—BP+0SD
1075, Diversity E
—&— Diversity+OSD
—— Diversity+LSD
10 ' . ' ' A
1 15 2 2.5 3 35 4 45 5
Physical error rate x1078

Figure 8: LER for the bicycle bivariate code (108,8,10)
under circuit level noise for the proposed diversity de-
coders and BP and BP+QOSD.

while the benchmark BP+OSD is carried out fol-
lowing these 100 iterations of BP. All the simu-
lations are performed under circuit-level noise as
described in [15] and for the LSD implementation,
we refer to the authors’ library [27].

In all cases analyzed, as illustrated in Figures
7, 8, and 9, the LER of the proposed decoder is
at least equivalent to that of BP-+OSD. However,
our approach requires significantly fewer calls to
OSD and fewer BP iterations, as we analyze next.

The results show that applying diversity de-
coding without LSD or OSD already improves
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Figure 9: LER for the bicycle bivariate code (144,12,12)
under circuit level noise for the proposed diversity de-
coders and BP and BP+OSD.

the LER by an order of magnitude compared to
BP for a physical error rate of 0.001 in all cases.
When the post-processing is activated, this im-
provement is reflected in a reduction in the num-
ber of LSD or OSD activations, as summarized
in Table 1. This technique results in greater sav-
ings with larger codes and demonstrates better
performance with increasing physical error rates.

Maintaining the post-processor after the diver-
sity warrants having at least the same perfor-
mance. The reduced impact on average speedup
in relation to decreasing physical error rates is at-
tributed to the numerous cases in which BP con-
verges within a small number of iterations. Con-
trarily, in higher-noise environments, the average
latency is primarily influenced by LSD or OSD
time.

When analyzing the worst-case scenario, the la-
tency decreases in line with the reduction in the
number of OSD calls. It is well established that,
in worst-case situations, the post-processing time
predominates rather than the BP time. However,
it is important to highlight that our diversity pro-
posal results in running 70 fewer iterations than
BP+O0SD, leading to savings in both time and
power consumption without losing accuracy.

Moreover, the proposal shows a high confidence
level, as when convergence is detected by the de-
coders, the occurrence of logical errors is negligi-
ble. In fact, the number of logical errors reported
after declaring convergence decreases as the code
length increases, as will be shown next. For

the T72-length code, convergence occurs 99.45%
of the time, and the cases that achieve conver-
gence and produce a wrong codeword (logical fail-
ure) are just 0.001% with the most accurate de-
coder, 0.0054% with the second most accurate,
and 0.0008% with the least accurate BP decoders.
Overall, the diversity decoder converges to an in-
correct code in just 0.007% of the cases in which
the system declared a convergence when the phys-
ical error rate is 0.001. As the noise levels rise,
with a physical error rate of 0.003, the solution
converges 94.35% of the time, resulting in a to-
tal of 0.58% failures upon convergence. The code
with a length of 108 converges between 98.62%
and 87.57% for physical error rates ranging from
0.001 to 0.003, respectively. In this case, con-
vergence to a wrong codeword was found only
twice out of 107 simulations at a physical er-
ror rate of 0.003. A similar trend was observed
with larger codes; specifically, the code of length
144 converged between 97.49% and 78.93% of the
time, and after conducting over 107 simulations,
no convergence to incorrect codewords was found
for physical error rates between 0.001 and 0.003.

Compared to other existing decoders based on
BP, such as SI and CA, our approach eliminates
the need to calculate the reliabilities of checks in
a graph, which can be complex in a detector error
model. Additionally, we do not require an extra
sorting process to arrange information based on
reliability, significantly reducing latency. Due to
the nature of BP, there is also no need to imple-
ment a consensus process among the decoders to
enhance confidence like in [22].

When compared to the BP+BP+OSD method
presented in [15], our diversity decoder combined
with OSD saves 100 iterations over the sparsi-
fied detector error model. The diversity proposal
also achieves a larger performance gain compared
to BP+BP without the need for two separate
graphs, which can be important from a hardware
standpoint.

With our proposed diversity decoder, all arith-
metic resources can be shared, requiring only
the duplication of storage resources. In contrast,
when using two graphs, it is not possible to share
arithmetic and routing resources effectively. This
means that with just one decoder, we can im-
plement all three stages of the diversity decoder
without sacrificing the degree of parallelism, as
two decoders can operate simultaneously within
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Table 1: Reduction in the number of LSD or OSD executions, and average and worst-case speedup in software

Physical error rate | 0.001 0.002 0.003 0.005
(72, 12, 6) 91.04% | 74.14% | 53.91% | 47.77%
(108, 8, 9) 95.76% | 87.12% | 75.31% | 47.39%

(144, 12, 12) 96.93% | 90.27% | 78.08% | 48.41%
Average speedup 1.3 1.5 1.6 1.8
Worst-case speedup 2.2 2.0 14 1.1

the same architecture.

In comparison with recent competitive de-
coders, such as Relay-BP [5]|, our proposed di-
versity method offers a different trade-off. For
the [[144,12,12]] QLDPC code, Relay-BP, which
uses 301 relay legs, achieves a significant improve-
ment in decoding performance, reducing the log-
ical error rate by nearly an order of magnitude
compared to BP4+OSD. In contrast, our diver-
sity approach, using only four BP decoders and
a post-processor, results in a more modest im-
provement over BP+OSD, but it requires fewer
decoders and still provides a 2.2x speedup in the
worst case. While our solution does not improve
BP-+0OSD as significantly as Relay-BP, it offers a
more compact approach that reduces the number
of decoding instances needed, making it a promis-
ing option for scenarios where minimizing compu-
tational resources is critical. Furthermore, com-
bining our diversity approach with other methods
such as Relay-BP, or SI could lead to a “sweet
spot” that balances decoding performance and
computational efficiency, providing a more flex-
ible solution for different application needs and
constraints.

Although this diversity-based approach re-
quires further exploration across more code fami-
lies and configuration parameters, the current re-
sults suggest promising gains, either standalone
or in combination with other methods. A fully
normalized comparison in terms of hardware cost
and resource usage is left for future work.

5 Conclusion

We have designed a hardware emulator imple-
mented on an FPGA that enables us to explore,
within days, the lower LER region necessary for
implementing fault-tolerant quantum computa-
tion. This architecture is sufficiently flexible to
run real QEC architectures while also monitor-

ing and storing various parameters and error pat-
terns. The platform is vendor-independent, and
the results obtained have been instrumental in de-
signing diversity-based decoding methods to en-
hance both convergence and accuracy. These di-
versity methods are based on analyzing and lever-
aging quantization noise, as well as employing
various low-latency BP implementations.

We analyze the results of both diversity meth-
ods under code-capacity and circuit-level noise,
respectively, demonstrating significant improve-
ments in speed and accuracy. These exam-
ples illustrate the value of examining the de-
coding problem from a hardware perspective,
through hardware emulation, considering the spe-
cific characteristics of the architectures as part of
the co-design process.

Future work will focus on analyzing both di-
versity proposals in tandem, combining the di-
versity based on quantization noise with BP im-
plementations to further reduce the number of
LSD or OSD executions. Additionally, we will
investigate how the diversity approach can be in-
tegrated with other ensemble-based methods, in-
cluding Relay-BP, to reduce the number of BP
decoders required while maintaining or improv-
ing performance. We also plan to explore the
behavior of LSD and OSD after filtering a larger
number of error patterns through diversity, with
the goal of simplifying these algorithms and mak-
ing them more efficient and scalable for future
quantum computing applications.
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