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Abstract—This paper presents a GPU-accelerated decoder for
quantum low-density parity-check (QLDPC) codes that achieves
sub-63 us latency, below the surface code decoder’s real-time
threshold demonstrated on Google’s Willow quantum processor.
While surface codes have demonstrated below-threshold per-
formance, the encoding rates approach zero as code distances
increase, posing challenges for scalability. Recently proposed
QLDPC codes, such as those by Panteleev and Kalachev, offer
constant-rate encoding and asymptotic goodness but introduce
higher decoding complexity. To address such limitation, this work
presents a parallelized belief propagation decoder leveraging
syndrome information on commodity GPU hardware. Parallelism
was exploited to maximize performance within the limits of target
latency, allowing decoding latencies under 50 us for [[784, 24, 24]]
codes and as low as 23.3 us for smaller codes, meeting the tight
timing constraints of superconducting qubit cycles. These results
show that real-time, scalable decoding of asymptotically good
quantum codes is achievable using widely available commodity
hardware, advancing the feasibility of fault-tolerant quantum
computation beyond surface codes.

I. EXTENDED SUMMARY

Quantum error correction (QEC) is a fundamental require-
ment for building of fault-tolerant quantum computers due to
the delicate nature of quantum information and the relatively
high noise rates in physical quantum devices [1]-[4]. Super-
conducting qubits, such as those used in Google’s Willow
processor, experience error rates in the order of 1073 to 1072
per gate [5] (without QEC), far above what is tolerable without
active error correction [2]. In 2024, Google demonstrated
the first instance of fault-tolerant quantum computation using
a distance-5 surface code and achieved an average decoder
latency of 63 ps for real-time syndrome processing over a
million cycles [2].

However, while surface codes are well-suited to current
hardware due to their locality and high thresholds, the en-
coding rate (ratio of logical to physical qubits) asymptotically
approaches zero as the code distance increases [6], making
them suboptimal for large-scale quantum computation. This
leads to substantial physical qubit overheads in large-scale
systems.

A promising alternative lies in quantum low-density parity-
check (QLDPC) codes such as those by Panteleev and
Kalachev [7], which are “good” in the information-theoretic

sense, maintaining constant encoding rates and linear mini-
mum distance scaling [8]. Moreover, recent constructions [9]
prove the existence of QLDPC codes with linear-time de-
coders, opening new avenues for practical and scalable quan-
tum error correction.

Yet, the decoding of QLDPC codes is more intricate than
that of surface codes. Their larger block lengths, sparse parity-
check matrices, and often nonlocal stabilizers impose signif-
icant computational burdens on classical decoding hardware
when aiming to meet sub-63 us latency targets [2].

A key distinction explored in this work lies in the funda-
mental difference between classical and quantum low-density
parity-check (LDPC) decoding. Classical LDPC decoding al-
gorithms assume access to the noisy codeword, as is typical
in communication systems [10], [11], allowing direct use of
soft information (such as log-likelihood ratios (LLRs)) to
iteratively update messages in a factor graph. In contrast, QEC
must operate under the constraint that directly measuring the
quantum state collapses its superposition, thereby destroying
the encoded information.

To circumvent this, QLDPC decoding relies on syndrome-
based decoding [12], [13], where stabilizer measurements are
used to extract error syndromes, with the help of ancilla qubits,
without disturbing the underlying quantum state. This enables
error detection and correction while preserving quantum co-
herence.

Unlike classical decoders, which can observe and process
the entire corrupted codeword, quantum decoders must infer
the most likely error pattern solely from the measured syn-
drome, which indicates which stabilizer constraints have been
violated. This imposes a fundamentally more challenging in-
ference problem and alters the decoding dynamics [14]. More-
over, the syndrome extraction process in quantum hardware
is itself subject to noise, further complicating the decoding
task and motivating the use of soft-syndrome information
to support probabilistic reasoning and improve convergence
under uncertainty [13].

This work presents a graphics processing unit (GPU)-
accelerated, belief-propagation-based decoder for QLDPC
codes that leverages syndrome inputs and achieves latencies
below the 63 ps threshold. Implemented on GPU platforms,
the decoder exploits the fine-grained parallelism, shared mem-
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Fig. 1: LDPC Tanner graph based on (1). The number of rows of
H corresponds to the number of check nodes (CNs) (M), while the
number of columns represents the number of variable nodes (VNs)
(N). The non-zero elements of H dictate the connections between
VNs and CNs. After initialization, the messages are propagated from
VNs to the connected CNs and back in an iterative manner until
the parity-check equation is verified or until a maximum number of
iterations has been reached, as described in Algorithm 1 [14].

ory, and reduced-precision arithmetic features of desktop and
system on a chip (SoC) GPUs. Kernel optimizations and warp-
aware memory layouts were designed to minimize thread
divergence and maximize throughput. The decoder imple-
mentation is based on codes structurally similar to [7], [9],
[15]. While different quantum hardware platforms may impose
distinct timing constraints, this work specifically targets the
63 ps latency threshold demonstrated in Google’s Willow
processor [2], with the goal of providing a viable solution for
real-time fault-tolerant quantum error correction under such
conditions.
This paper proposes the following contributions:

o The first GPU-based QLDPC decoder implementation, to
the best of our knowledge.

o An efficient mapping of the QLDPC decoder to mini-
mize latency and maximize throughput in GPU systems,
exploiting the architectures’ advantages and avoiding its
drawbacks and limitations.

II. GPU-BASED QLDPC DECODER

The syndrome-based LDPC decoding process does not rely
on direct access to the transmitted codeword, as in classical
communication systems, but instead infers the most likely
error configuration based solely on the syndrome vector. This
is particularly relevant in the context of quantum LDPC
decoding, where the syndrome, extracted via stabilizer mea-
surements, provides indirect information about which qubits
were affected by errors [16].

An LDPC code is defined by a parity-check matrix H,
which specifies the structure of a bipartite Tanner graph
composed of CNs and VNs. The number of CNs and VNs are
given by M and N, respectively, and their interconnections
are determined by the non-zero entries in H. For example,
the following matrix

H= (D
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Algorithm 1: MSA for syndrome-based LDPC decod-
ing

1: Input: syndrome (s), parity-check matrix (H), max. number of
iterations (Imax)

2: Initialization: q,,??n =vwm=L1LkKk=1
3: repeat
4: Check node processing:
5: for each check node m, each n € Sy, (m) do
6: Tmm =
. (k—1) . (k—1)
as (51gn <q - )) min <’q . ))
" jes,pm\n e FE€Sy(m)\n NI
7: end for
8: Variable node processing:
9: for each variable node n, each m € Sc(n) do
N R N
i€Sc(n)\m
11: end for
12: A posteriori calculation & Tentative decision:
13: for ea%l variable node n d(()k)
14: Qn =n + Z Tim
i€Sc(n)
(k) 1 if lek) <0
15: ey’ = o (k)
0 if@Qy,’ >0
16: end for

17: until k < Imae and (e~ DHT) s

defines a simple LDPC code with six VNs and three CNs. The
sets S,(m) and S.(n) identify which VNs are connected to
each CN, and vice versa. This code has a CN degree of four
(d. = 4) and a VN degree of two (d, = 2), meaning each
CN is connected to four VNs and each VN to two CNs. The
associated Tanner graph is illustrated in Fig. 1.

In syndrome-based decoding, the decoder has no access to
the original transmitted codeword or the channel likelihoods.
Instead, it receives a syndrome vector s = H - eT, where e is
the unknown error pattern affecting the true codeword, and all
the calculations are assumed to be carried out in GF'(2) [17],
[18]. The goal is to find the most probable e such that the
observed syndrome is satisfied, i.e., H - eT =5

In classical channel-based LDPC decoding, the decoder
typically operates on a received word y = c + e, where ¢
is the transmitted codeword. The decoder uses channel LLRs
derived from y to estimate c. The syndrome can also be
computed directly from y as s = H-yT, since H-cT = 0 by
definition of c being a codeword. This yields the same result
ass=H-(c+e)f =H-el (s, e, y and c are defined as
row-vectors).

However, in QLDPC decoding, the actual received word
y is not observed, since the decoder only has access to
the syndrome s. Therefore, decoding must proceed without
channel likelihoods. In this setting, soft-syndrome decoding
extends traditional binary syndrome decoding by associating
analog reliability values to each syndrome bit [14]. These can
be derived from repeated quantum measurements, circuit-level
noise simulations, or confidence estimates in the extraction
circuit [19]. The decoder then uses this soft information to pri-
oritize more likely error patterns and accelerate convergence.

In QEC, particularly under the stabilizer formalism, QLDPC
codes are constructed by combining two classical binary
LDPC codes to separately detect and correct bit-flip (X) and
phase-flip (Z) errors [20]. These two types of errors are asso-
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Fig. 2: Proposed GPU-based QLDPC decoder. The QLDPC parity-
check matrices Hx and Hz and stored in the compressed format in
constant memory for faster accesss. The remaining data, such as the
syndromes sx and sz, is stored in global memory. Each decoding
iteration has four synchronization barriers and the CN processing is
further divided into the minimum and sign computations. The CN
processing is executed with 2M threads (equal to the size of sx +
sz) while the VN processing, a posteriori information, and tentative
decision are processed with 2NV threads. Both X and Z components
are concatenated in memory and decoded in the same kernel, reducing
latency and increasing throughput.

ciated with the non-commuting Pauli operators and must be
corrected independently to preserve quantum information. The
codes are defined by two parity-check matrices, Hx € GF(2)
and Hz € GF(2), where each row of Hx (respectively,
Hz) corresponds to an X-type (respectively, Z-type) stabilizer
generator acting on the n physical qubits [6].

To define a valid Calderbank-Shor-Steane (CSS)-type quan-
tum code [21], [22], the stabilizer generators must commute,
which imposes the commutativity condition HxHL = 0,
which ensures that the X and Z stabilizer generators com-
mute, a necessary property for the stabilizer group to form a
valid quantum code space. This condition guarantees that the
simultaneous eigenstates of all stabilizers define a proper code

subspace.

During quantum error correction, syndromes are measured
independently for X and Z errors using their respective stabi-
lizers sz = Hxez” and sx = Hzex?T, where ex, ez are
binary vectors representing the X and Z error patterns, respec-
tively. Two independent syndrome decoders are then used to
estimate error vectors éx and €z such that Hzé§ = sx and
Hxé% = S7.

To perform this decoding in practice, classical LDPC de-
coding algorithms can be applied separately to the sx and sz
syndrome equations, treating each as an independent binary
decoding problem over GF(2). Given the sparse nature of the
parity-check matrices Hx and Hy, iterative message-passing
algorithms are well-suited for this task, enabling efficient
approximation of the most likely error patterns.

Among the various LDPC decoding algorithms, this work
adopts the min-sum algorithm (MSA) [23] for its low com-
plexity and good performance in sparse-graph decoding [24].
Algorithm 1 [14] outlines the decoding procedure, where
each CN computes a new message based on incoming VN
messages, and each VN aggregates information to update
its belief of certainty of a given bit. This algorithm also
features a scaling factor « € (0,1) in the CN processing
step to mitigate the overestimation of message magnitudes
and improve decoding accuracy compared to the standard
formulation.

The proposed GPU-based QLDPC decoder implementation
uses a single kernel to execute both X and Z components.
As illustrated in Fig. 2, each decoding iteration is executed
within one GPU kernel and comprises multiple computational
stages mapped onto distinct threads. The process begins with
the CN processing, which includes the computation of mes-
sage signs and magnitudes, followed by VN processing, a
posteriori information computation, and tentative decision.
Constant memory allows to exploit faster read times and
is used to store parity-check matrices Hx and Hyz which
are static structures. After each CN and VN update (and
inside the CN processing), synchronization bartriers ensure
consistent memory states across threads before proceeding to
the next operation or iteration. The decoding loop proceeds
until a stopping criterion is met (e.g., maximum number of
iterations or valid syndrome check). This architecture exploits
fine-grained parallelism by assigning individual CN and VN
operations to CUDA threads, achieving high throughput.

III. PRELIMINARY RESULTS

The preliminary results use binary QLDPC codes [[72, 12,
6]], [[108, 8, 10]], [[144, 12, 12]], [[288, 12, 18]], and [[784,
24, 24]] (the code parameter [[n, k, d]] encodes k logical
qubits into n data qubits offering a code distance d [15]),
as provided in [15] running ten decoding iterations without
early termination. In this extended abstract, the decoder is
implemented using floating-point arithmetic precision and it
is used constant memory for storing static structures (parity-
check matrices) and global memory for the remaining data.
The devices used are the Nvidia Jetson TX2, Jetson AGX
Orin, RTX 3090 and RTX 4090.
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Fig. 3: Decoding performance for the QLDPC codes [[72, 12, 6]], [[108, 8, 10]], [[144, 12, 12]], [[288, 12, 18]], and [[784, 24, 24]]
provided in [15]. The bars represent the decoding time considering data transfers between host-to-device and device-to-host and kernel
execution time for ten decoding iteration using floating-point arithmetic precision in several GPUs. The dashed line represent the 63 us

real-time threshold [2].

TABLE I: Topics to be discussed in the full paper.

Topic

Issues and Optimization Guidelines

Different QLDPC codes

Different QLDPC codes can provide better error-correction capability at low latencies.

Float vs. Integer Precision

Integer arithmetic offers higher performance and lower memory usage, at the cost of using quantization schemes to preserve decoding accuracy.

Reduced Precision Data Types

8- and 16-bit integer formats can reduce data transfer volume by 4x and 2x, respectively, contributing to lower latency and improved throughput.

Thread and Block Configuration

Optimizing thread and block dimensions can increase kernel occupancy, reduce divergence, and improve memory coalescing.

Shared vs. Global Memory

Using shared memory for frequently accessed data reduces memory access latency and improves throughput compared to global memory access.

Asynchronous Kernel Execution

Launching multiple decoders asynchronously allows overlapping data transfers with kernel execution, effectively hiding memory latency.

Quantum Device Thresholds

Compare the proposed solution’s latency with the timing constraints of different quantum devices.

Fig. 3 compares the average decoding latency across four
devices using five QLDPC codes. On the Jetson platforms, the
latency exceeds the 63 us threshold by approximately 20 us
for the smaller codes, with larger codes exhibiting even more
pronounced deviations. In contrast, on the RTX 3090 and 4090
GPUs, the implementation achieves sub-threshold latencies for
all codes. Specifically, the [[784, 24, 24]] code reaches 62.9
s and 43.7 ps on the 3090 and 4090, respectively, while the
remaining codes achieve even lower latencies of 35 us and 28
us.

Profiling metrics from the implementations reveal that the
decoding kernel accounts for the majority of the total latency.
For smaller codes, data transfer between host and device (both
host-to-device and device-to-host) contributes approximately
15% of the total latency, while for larger codes, this overhead
is reduced to around 5%, as kernel execution becomes increas-
ingly dominant. Although the Jetson platforms exhibit lower
data transfer overheads, due to memory shared between host
and device eliminating the need for explicit transfers, their
reduced computational performance results in higher overall
latency. In contrast, the more powerful desktop GPUs (RTX
3090 and 4090) are able to perform faster kernel execution,
ultimately achieving lower end-to-end latencies.

While the results presented in this extended abstract demon-
strate the feasibility of low-latency decoding for QLDPC codes

on GPU architectures, several optimization strategies remain to
be explored to further reduce latency and improve throughput,
as shown in Table I. The adoption of lower-precision arith-
metic: using 8-bit or 16-bit integer data types, combined with
appropriate quantization schemes of the soft-syndromes, can
significantly improve kernel performance and reduce memory
usage. These representations also cut data transfer volumes
by factors of 4x and 2Xx, respectively, offering a practical
way to reduce overall decoding latency. Furthermore, integer
arithmetic logic units (ALUs) can achieve better performance
compared to floating-point ALUs.

Additionally, fine-tuning the thread and block configuration,
along with exploiting shared memory in place of global
memory for frequently accessed variables, can yield further
gains in computational efficiency. Shared memory access is
significantly faster than global memory, and careful use of
this resource can reduce memory access latency and increase
overall throughput.

Another promising optimization is the use of asynchronous
kernel launches, allowing multiple decoders to operate in
parallel and overlap data transfers with kernel execution. This
strategy effectively hides memory transfer latency behind com-
putation and is particularly beneficial when decoding batches
of syndromes or performing pipeline parallelism across mul-
tiple code blocks.



In addition to targeting the 63 pus threshold demonstrated
by Google’s Willow processor, future work will also include
a comparative analysis of our decoder’s performance against
the timing constraints imposed by other quantum computing
platforms, which may allow for more relaxed or more stringent
latency requirements depending on their gate times and error
correction cycles.

These directions collectively offer a roadmap for achieving
even faster and more scalable QLDPC decoders, bringing us
closer to practical real-time quantum error correction in future
fault-tolerant quantum computing systems.
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