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Abstract
Large-scale quantum computers promise transformative
speedups, but their viability hinges on fast and reliable quan-
tum error correction (QEC). At the center of QEC are de-
coders—classical algorithms running on hardware such as
FPGAs, GPUs, or CPUs that process error syndromes to de-
tect errors every microsecond to preserve fault-tolerance.
Quantum processors, therefore, operate not in isolation, but
as accelerators tightly coupled with powerful classical digital
hardware. A key challenge is that decoder demand fluctuates
unpredictably: bursts of activity can require orders of magni-
tude more decodes than idle periods. Provisioning hardware
for the worst case wastes resources, while provisioning for
the average case risks catastrophic slowdowns. We show
that this mismatch is a systems problem of capacity plan-
ning and scheduling, and propose a two-level framework
that treats decoders as shared accelerators managed by the
quantum operating system. Our approach reduces decoder
requirements by 10–40% across fault-tolerant benchmarks,
demonstrating that efficient decoder scheduling is essential
to making FTQC practical.

1 Introduction
Quantum computers are not just faster machines; they are
transformative domain-specific accelerators designed to solve
problems that are fundamentally intractable for classical
systems, enabling breakthroughs in cryptography, search,
chemistry, and materials discovery [3, 33, 44, 57]. However,
their viability depends on continuous, effective quantum
error correction (QEC). QEC protects information by re-
peatedly computing and tracking parities between qubits.
QEC is necessary since quantum systems are intrinsically
noisy: every gate, idle step, or measurement risks error, and
without correction, noise will overwhelm computation. QEC
is thus not just a hardware feature but the foundation of
the software stack for fault-tolerant quantum computing
(FTQC), where user programs run alongside a perpetual loop
of error detection and correction. The need for FTQC sys-
tems has prompted comprehensive industry roadmaps to
build warehouse-scale quantum computers by the end of
this decade [32, 36, 51].

At the core of QEC are decoders—classical algorithms that
process measurement outcomes called syndromes (bit-strings

indicating which parity checks detected an error) to iden-
tify and correct errors. The preparation and measurement of
one syndrome constitutes a QEC cycle. Decoding is gener-
ally NP-hard [37] yet must finish within microsecond-level
QEC cycles. Software alone cannot meet these demands on
leading platforms such as superconducting qubits, making
hardware decoders essential [2, 16, 17, 47, 52, 69, 72, 73]. In-
dustry efforts include NVIDIA’s CUDA-QX GPU-accelerated
tensor-network decoders [49] and Riverlane’s “Deltaflow”
FPGA/ASIC stack for real-time decoding across hundreds
of qubits [54]. These decoders are costly, shared resources
whose performance directly affects system throughput and
reliability. Their role can be summarized by the “four C’s”:
• Classical: serve quantum systems but run on classical hard-
ware (CPUs/FPGAs/ASICs/GPUs).

• Configurable: adapt to diverse codes and noise channels.
• Critical: real-time in lockstep with quantum hardware.
• Catastrophic: any delay or failure breaks fault-tolerance.
A natural way to accelerate decoding is through paral-

lelism via windowed decoding, where a decoding task is di-
vided into smaller regions (“windows”) processed simultane-
ously [10, 25, 59]. We refer to highly parallel variants as par-
allel windowed decoding (PWD). While this reduces latency,
it multiplies hardware demand, since each window needs its
own decoder. Even one decoder per logical qubit is costly,
but parallelism makes the requirement prohibitive. For ex-
ample, a modest 32-bit quantum adder uses about 300 logical
qubits; parallel decoding inflates demand by 3–5×, pushing
the total beyond a thousand decoders even for a small quan-
tum program. The burden is compounded because decoding
is required not only for data qubits but also for numerous
auxiliary qubits that support computation and movement. In
many cases, auxiliaries even outnumber data qubits, further
amplifying decoder demand. One major driver of this vari-
ability is lattice surgery, a technique that implements logical
operations by dynamically merging and splitting encoded
logical qubits.

All decoding tasks are not created equal – some are more
urgent than others. We define a critical decode as one whose
result is immediately required for program progress. Qubits
actively involved in computation (and thus requiring critical
decodes) must be decoded immediately to continue program
computation, while idle memory qubits can tolerate some

1

ar
X

iv
:2

40
6.

17
99

5v
4 

 [
qu

an
t-

ph
] 

 1
1 

M
ar

 2
02

6

https://arxiv.org/abs/2406.17995v4


Satvik Maurya, Abtin Molavi, Aws Albarghouthi, and Swamit Tannu

N
um

. d
ec

od
er

s

Runtime

Worst-case 
provisioning

Avg.-case 
provisioning

This paper

D
ec

od
er

 d
em

an
d

Time

Avg.-case

Worst-case

Figure 1. Decoder provisioning highlights the tension be-
tween worst-case (wasteful) and average-case provisioning
(risky), motivating elastic decoder scheduling.

delay. This asymmetry creates an opportunity: we can time-
multiplex decoders by prioritizing active qubits on the critical
path while buffering and deferring decoding of idle qubits.
By sharing a smaller pool of decoders across both active and
idle qubits in this manner, we can reduce hardware overhead
while meeting the strict real-time deadlines of FTQC.

From a systems perspective, this is a classic utilization
problem analogous to accelerator scheduling in classical
platforms such as GPUs, where finite compute units must
be multiplexed across dynamic workloads. Figure 1 shows
that over-provisioning guarantees performance but wastes
resources, while average-case provisioning risks severe stalls
under bursts. We therefore introduce the notion of elastic
decoders: a scheduling abstraction in which a fixed physical
pool of decoder hardware is dynamically allocated to logical
qubits based on demand. This differs from the traditional sys-
tems notion of elastic resources, which typically assumes that
additional hardware can be provisioned on demand. In con-
trast, decoder elasticity refers strictly to time-multiplexing
a fixed hardware budget. Our study shows that decoder de-
mand is highly variable, driven by bursts of lattice surgery
operations and sporadic non-Clifford gates. Static allocation
fails under these conditions. Instead, we treat decoders as
shared accelerators managed by the quantum operating sys-
tem (QOS) [14, 31], and introduce scheduling policies that
balance throughput, latency, and fairness.
This paper is the first to address the capacity planning

problem for FTQC: given a workload, how many hardware
decoders should be provisioned to ensure timely error correc-
tion without over-provisioning costly resources? We argue
that decoder allocation and scheduling are core responsibili-
ties of the QOS. The decoding infrastructure is the backbone
of any FTQC system, and is thus an integral part of the QOS.
This paper makes the following contributions:
• Workload characterization. We quantify decoder de-
mand across a range of benchmarks (QFT, Shor, adders,
Ising), showing that decoder demand comes in bursts and
dominated by a small set of critical operations. This vari-
ability makes static allocation ineffective.

• Capacity planning.We present the first systematic study
of how many hardware decoders are required to sustain
FTQCworkloads. We show that provisioning for the worst
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Figure 2. (a) A surface code logical qubit (patch); (b) QEC
works by repeatedly performing operations followed by mea-
surements to generate syndromes; (c) Decoding with mea-
surement errors – multiple rounds of measurements are
decoded collectively; (d) The fundamental split and merge
operations of lattice surgery used for logical computation:
each square is a logical qubit shown in (a).

case wastes up to 40% of decoders, while provisioning for
the average case risks catastrophic slowdowns.

• Scheduling framework.We introduce a two-level sched-
uling design for the quantum operating system (QOS):
coarse-grained scheduling to prioritize critical-path and
spatially-coupled decodes, and fine-grained scheduling to
fairly allocate remaining decoders across qubits.

• Scheduling policies. We evaluate several fine-grained
policies—Most Frequently Decoded (MFD), Round-Robin
(RR), and Minimize Longest Undecoded Sequence (MLS).
MLS consistently achieves the best tradeoffs, reducing
decoder needs by up to 19% compared to RR.

• Open-source workflow. We release an open-source
workflow [56] that compiles programs into lattice surgery
IR, tracks decoder demand, and enables reproducible eval-
uation of scheduling policies. Using this, we demonstrate
that careful scheduling yields 10–40% decoder savings
even with long decoder tail latencies.

2 Quantum Error Correction and Decoding
In this section, we cover high-level details of Quantum Error
Correction (QEC) and the role of decoders.

2.1 Quantum error correction
Qubits are fragile: a variety of processes can introduce an
error in a qubit’s state. Such errors occur far more often
than in classical storage (e.g., SRAM, DRAM, RAID) [53],
preventing reliable execution on today’s devices. Quantum
Error Correction (QEC) mitigates this by encoding a few
logical qubits into many physical ones—similar in spirit to
ECC in DRAM but able to correct both bit- and phase-flip
errors. Among candidate codes, the surface code [24] is espe-
cially compelling for its compatibility with current hardware
connectivity and is the focus of this work, though our ideas
generalize to other codes.
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Figure 3. (a) Streams of syndromes are processed in windows represented by blocks which are fixed decoding volumes: each
block consists of a region in which corrections are committed, while buffer regions are used for merging corrections with
overlapping windows; (b) Sliding windowed decoding (SWD) is inherently sequential: window𝑊𝑖+1 can only be processed
after𝑊𝑖 has been processed; Parallel windowed decoding (PWD) can be (c) temporal and/or (d) spatial: in either case,𝑊𝑖 ,𝑊𝑖+2
are treated as independent tasks and processed independently in parallel at time step 𝑡 𝑗 .𝑊𝑖+1, which includes overlaps with
𝑊𝑖 ,𝑊𝑖+2, is processed in the next time step.

QEC codes are defined by their code distance 𝑑 , which
determines how many errors can be reliably detected and
corrected. A surface code logical qubit of distance 𝑑 , for
example, can correct error chains up to length 𝑑−1

2 . Figure 2(a)
illustrates a 𝑑 = 3 surface code logical qubit comprising
many physical qubits: data qubits (black) and check qubits
(𝑋 and 𝑍 , which detect phase- and bit-flips, respectively).
Each QEC cycle applies a sequence of gates (Figure 2(b)) and
measures all check qubits, producing syndromes that reveal
the presence and type of errors for correction. Every cycle
takes 𝑇𝑐𝑦𝑐𝑙𝑒 time units.

2.2 Decoding
A QEC code is defined by its parity-check matrix 𝐻 , which
specifies the relationship between check and data qubits in
the encoded logical qubit(s). Decoding can be expressed as
solving a linear system for 𝐹 :

𝐻𝐹 = 𝜎

Where 𝜎 is the measured syndrome and 𝐹 is a correction that
restores the logical state. Since𝐻 typically has more columns
than rows, this system is under-determined, yielding many
possible corrections—a challenge unique to quantum codes,
known as quantum degeneracy. QEC decoders thus rely on
maximum likelihood decoding (MLD), selecting the correc-
tion most probable for a given set of errors that can affect the
system, making it an NP-Hard problem. Since every opera-
tion involving qubits is susceptible to errors, measurements
of the check qubits can be erroneous too. For this reason,
syndromes are collected over multiple measurement rounds
and decoded collectively, as shown in Figure 2(c).

2.3 Logical operations
Once logical qubits are encoded, computation proceeds
through logical operations between them. In the surface
code, the leading method is lattice surgery (LS) [23, 35, 40],

which consists of two primitives (Figure 2(d)): merge, which
combines multiple logical qubit patches into one, and split,
which divides a patch into two. Sequencing these primitives
enables a wide range of logical operations.

|𝑄0⟩
𝑀𝑒𝑟𝑔𝑒 & 𝑆𝑝𝑙𝑖𝑡

𝐶𝑙𝑖 𝑓 𝑓 𝑜𝑟𝑑 |𝜓 ⟩

|𝑄1⟩ •
In the circuit above, 𝑄1 is measured after lattice surgery

and its outcome drives a corrective feed-forward operation
on 𝑄0. Since 𝑄1 is a logical qubit, its measurement outcome
cannot be read directly — it must first be inferred by a clas-
sical decoder processing noisy syndrome data. This places
the decoder on the critical path of execution: computation
cannot proceed until decoding completes. We call such de-
codes critical decodes. This imposes a hard real-time re-
quirement: the average decoding latency𝑇decode must satisfy
𝑇decode < 𝑇cycle, where𝑇cycle is the QEC cycle time. If violated,
unprocessed syndromes accumulate and computation suffers
an exponential slowdown — the backlog problem [63].

2.4 Processing streams of syndromes
Logical qubits continuously generate syndromes that must
be decoded. Instead of decoding all syndromes at once, decod-
ing is performed on windows of syndromes. Each window of
size𝑛𝑊 forms a 3-D decoding volume, visualized as a block in
Figure 3(a). A block is divided into buffer and commit regions.
Buffer regions are required to handle corrections spanning
multiple overlapping blocks. Corrections fully contained in
a commit region are finalized, while buffer-region correc-
tions are deferred.With this block-based structure, syndrome
streams can be decoded using the following paradigms.

2.4.1 Sliding windowed decoding (SWD). SWD is in-
herently sequential, as shown in Figure 3(b). At time step
𝑡 𝑗 , the decoder processes window𝑊𝑖 . Once complete, the
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Figure 4. (a) A full system using hardware (FPGA/GPU/A-
SIC) decoders: qubits are measured using the readout sys-
tem, which produces syndromes that are buffered until a
window has been collected. Then, the decoder uses these
collected syndromes to determine a correction, which is com-
municated to software; (b) Effect of the normalized decoder
latency 𝑡𝐷 on the slowdown in processing 5𝑑 rounds of syn-
dromes using SWD. The buffer region size is the normalized
size of the buffer regions required (𝑛𝑊 = 3𝑑, 𝑛𝑐𝑜𝑚 = 𝑑 would
yield an overlap of 0.66).

next window is processed at the following step. The overlap
between𝑊𝑖 and𝑊𝑖+1 corresponds to their buffer regions.

2.4.2 Parallel windowed decoding (PWD). PWD [59]
extends SWD by exploiting temporal (Figure 3(c)) and spatial
(Figure 3(d)) parallelism. In Figure 3(c), windows𝑊𝑖 and𝑊𝑖+2
are independent and can be decoded simultaneously with
two decoders. Window𝑊𝑖+1 is processed in the next step,
with buffers overlapping those of 𝑊𝑖 and 𝑊𝑖+2. Similarly,
in Figure 3(d), a large patch formed by lattice surgery can
be decoded using spatial parallelism [25]. PWD increases
decoding throughput but requires more decoders. As shown
in Figures 3(c), 3(d), compared to SWD, at least one extra
decoder is needed. In general, decoder requirements grow
linearly with the size of the decoding task in both temporal
and spatial dimensions.

3 Decoder Allocation is Hard
In this section we will discuss the need for accelerated, hard-
ware decoders, and how it is non-trivial to allocate these
decoders for a system in a resource-efficient manner.

3.1 Hardware decoders
The requirement for syndromes to be processed faster than
they are generated has motivated research to build fast and
accurate hardware decoders for the surface code [2, 5, 52,
60, 69, 72, 73], especially for systems using superconduct-
ing qubit architectures due to their fast gate times. GPU-
accelerated decoding has also been demonstrated for neutral
atom systems [48]. Figure 4(a) shows the general structure

of a real-time decoding system that uses accelerated hard-
ware decoders. Syndromes are generated after readout, and
these syndromes are buffered until a decoder can operate
on them. Such hardware systems are necessary for ensuring
that the backlog problem is avoided [63]. Figure 4(a) also
shows that 𝑇𝑑𝑒𝑐𝑜𝑑𝑒 is dependent on not just the actual de-
coder latency but also the communication/memory access
latencies required for storing and providing the syndromes
to the decoder.

3.2 SWD is not scalable
As discussed in Section 2.4, decoding in the SWD paradigm
is inherently sequential. This makes SWD too slow and fun-
damentally unscalable for large systems. Figure 4(b) illus-
trates this issue for 5𝑑 rounds of pending syndromes from a
single logical qubit. The figure shows slowdown as a func-
tion of buffer region size and normalized decoder latency
𝑡𝐷 =𝑇𝑑𝑒𝑐𝑜𝑑𝑒/𝑇𝑐𝑦𝑐𝑙𝑒 . Slowdown accounts for both the initial
5𝑑 rounds of pending syndromes and the additional syn-
dromes generated during their processing; we measure the
time required for the decoder to catch up to the live syn-
drome stream. Buffer regions are expressed in multiples of
code distance 𝑑 , so a buffer of size 𝑑 corresponds to 𝑑 rounds
of overlap between adjacent windows. Larger buffer regions
improve accuracy in windowed decoding [25, 59], but also
increase slowdown. The results are clear: SWD avoids the
backlog problem only for unrealistically small buffer sizes
and very optimistic 𝑡𝐷 . For instance, 𝑡𝐷 = 0.2 in a super-
conducting system with 𝑇𝑐𝑦𝑐𝑙𝑒 ≃ 1 𝜇𝑠 requires an average
decoder latency of 200 ns — far below what any proposed
hardware decoder has achieved. When 𝑡𝐷 > 0.8, the slow-
down diverges, meaning the decoder can never catch up with
the incoming syndrome stream.

3.3 PWD introduces non-determinism
Figure 5(a) shows the same initial problem used for the SWD
paradigm in Figure 4(b): even for values of 𝑡𝐷 close to one,
the slowdown is still finite. This example clearly highlights
the utility and scalability of the PWD paradigm – Figure 5(a)
would be the same for any initial size of pending syndromes.

This instance of PWD exploits temporal parallelism: win-
dows in time are executed in parallel to increase decoder
throughput. However, as discussed in Section 2.4, PWD can
also have a spatial interpretation. We now discuss how the
spatial interpretation of PWD is non-deterministic and its
interplay with the temporally PWD.

3.3.1 The impact of gate routing. Logical operations in
the surface code are performed via lattice surgery, where
qubits are merged through ancilla regions that form routing
paths. The size of these ancilla bridges varies, leading to
unpredictable decoding volumes. Figure 5(b) illustrates this
in the EDPC layout [8], where blue squares are logical qubits
and white squares are ancillas. Ancilla 1 connects nearby
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qubits with a short bridge of length 3. Ancilla 2 connects sim-
ilarly adjacent qubits but requires a longer path of length 7
to avoid Ancilla 1. Ancilla 3, unaffected by others, also has
length 7 since it spans distant qubits. Such routing conflicts
and varying patch sizes create non-deterministic decoder
demands, as the number of required decoders scales linearly
with patch size (Section 2.4).

3.3.2 Interplay of temporal and spatial requirements.
Consider the logical program shown in Section 2.3. This
lattice surgery operation could be between qubits that have
either a large temporal decoding task (pending syndromes), a
large spatial decoding task (due to the physical distance and
the subsequent routing between them), or both. We attempt
to capture this interplay between the spatial and temporal
decoder requirements in Figure 5(c). In the simplest case,
both qubits do not have any pending syndromes, and they are
next to each other on the device, which means that they need
at most a decoder each to decode all generated syndromes.
However, if there is a spatial and/or temporal element to the
decoding task, the number of decoders required can explode
to up to 50×, just for two logical qubits!

3.4 Need for decoder scheduling
In the sections above, we showed that the number of de-
coders required under the PWD paradigm can be highly
variable and, in some cases, untenable when both spatial and
temporal decoding demands grow. Figure 6 highlights this
variability in the spatial dimension: different benchmarks
(see Section 6.2 for more information on benchmarks) ex-
hibit a wide range in the number of merged patches, with
significant outliers. This directly affects the number of logi-
cal qubits active at any given time, as illustrated in Figure 7,
which shows the distribution of active qubits across bench-
marks. Since every logical qubit continuously produces syn-
dromes that must be decoded, the key challenge becomes:

How do we allocate decoders for benchmarks with
such diverse and dynamic demands?

The simplest allocation strategies are to provision (a) for
the worst-case demand (i.e., the maximum number of active
qubits from Figure 7), or (b) for the average-case demand.
Option (a) is prohibitively resource-intensive, since each
decoder may require nearly all the resources of a single
FPGA [72, 73]. Option (b) risks substantial slowdowns: spa-
tial decoding tasks of large size would be delayed, reducing
throughput and degrading program performance.
Thus, static allocation is insufficient. The problem of de-

coder allocation is better viewed as a scheduling problem,
where a finite pool of decoders must be dynamically assigned
to decoding tasks over time. Like CPU scheduling in classi-
cal computers, decoder scheduling must balance throughput,
latency, and fairness, while avoiding bottlenecks from work-
load spikes. In this paper, our goal is to determine how many
decoders are needed and how they should be scheduled to
ensure that benchmarks execute without slowdowns.

4 Coarse-Grained Scheduling
We define decoder scheduling at two levels—coarse-grained
and fine-grained—as illustrated in Figure 8. Coarse-grained
scheduling prioritizes critical decodes and resolves conflicts
between spatial and temporal tasks on the same qubits. For
example, in Figure 8, the spatial decode on qubits 𝑄0, 𝑄1
from a lattice surgery operation takes precedence over the
temporal decode. After coarse-grained allocation, remain-
ing decoders are assigned to other qubits. In the figure, 𝑄2
and 𝑄𝑁 receive decoders while 𝑄3 does not, demonstrating
fine-grained scheduling, which selects among tasks from in-
dividual qubits. Because critical and spatial decodes impose
rigid constraints, we adopt a single coarse-grained policy
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Figure 5. (a) Using simulations, effect of the normalized decoder latency 𝑡𝐷 on the slowdown in processing 5𝑑 rounds of
syndromes using Temporally parallel windowed decoding (PWD); (b) Logical qubits arranged in the EDPC layout with ancilla
bridges of varying sizes to facilitate LS operations; (c) PWD is applicable in both space and time – this leads to an a variable
and sudden increase in the number of decoders required for implementing PWD (assuming 𝑡𝑊 = 3𝑑).
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tions in active logical patches that require decoding during
the computation.
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Figure 8. Distinction between coarse- and fine-grained
scheduling. (Left) Coarse-grained decoder scheduling han-
dles the prioritization between spatial and temporal decoding
tasks. This includes handling critical decodes, which will al-
ways have some spatial component to them due to lattice
surgery. (Right) Any decoders left over after handling critical
decoding tasks are assigned to the temporal decoding tasks
associated with logical qubits not involved in any operation
in that time step. Scheduling decoders among this subset of
qubits is what we refer to as fine-grained scheduling.

to maximize utilization, while Section 5 presents multiple
fine-grained policies that operate in tandem.

4.1 Decoding space-time volumes
Figures 9(a), 9(b), and 9(c), show space-time decoding vol-
umes for three distinct scenarios under the PWD paradigm.
Decoding volumes could be simple in both space and time, or
require multiple decoders for a large volume in time, or have

a large volume in both space and time. Each case shows how
the decoding volume can be different in the same program,
which requires decoders to be elastic such that an increase
or decrease in the demand can be dealt with without any
detrimental effects on the performance of a program.

4.2 Prioritizing between spatial and temporal
parallelism

As shown in Figure 9(c), lattice surgery can require decoders
for both spatial and temporal parallelism, raising a key sched-
uling question:Which type of parallelism should take
priority when both are needed simultaneously?
Consider first the effect of decoder scarcity on spatial

PWD. Suppose a large patch requires three decoders: the
first layer uses all three for non-overlapping windows, while
the second layer reuses two to handle overlaps and boundary
errors [10, 25]. If only one decoder is available, the protocol
cannot proceed as designed, forcing one of three fallbacks:
(i) switch to a monolithic decoder, (ii) serialize window de-
coding, or (iii) defer decoding to the next slice. Option (iii)
risks slowdown if followed by a critical non-Clifford op-
eration. As Figure 10 shows, spatial PWD and monolithic
decoding yield similar logical error rates (LERs), but mono-
lithic decoding incurs far higher latency for large patches1.
While demonstrated using PyMatching [34], the same trends
hold for hardware decoders. Thus, fallback options (i) and
(ii) degrade performance, and spatial PWD loses its latency
advantage without concurrent decoder availability.

In contrast, temporally PWD is more resilient to decoder
constraints. As a parallelized form of sliding windowed de-
coding (SWD), it can always fall back to SWD when de-
coders are scarce. Available decoders are simply assigned to
the oldest undecoded windows, ensuring correctness. Once
more decoders free up, temporally PWD clears accumulated
backlogs in constant time, provided sufficient parallelism is
available. This adaptability is its main strength: as long as
delays do not exceed the system’s recovery capacity, ef-
ficient scheduling remains feasible despite temporary
decoder shortages.

4.3 Distinguishing between spatial decoding tasks
Lattice surgery operations that require spatially PWD can
either be due to critical decodes arising due to non-Clifford
gates, or due to other operations between 𝑌 -states [70]. Crit-
ical decodes must be serviced, which is why those spatial
decoding tasks are given the highest priority, followed by
any temporal decoding tasks needed for the critical decode.
If there are non-critical spatial decoding tasks required at the
same time step, they are given a priority lower than critical
decodes but higher than that of decodes needed by logical
qubits not involved in any operation in that time step. This

1Spatial PWD is only beneficial beyond 3𝑑 data qubits (or ∼ 3 patches);
smaller patches are treated as monolithic in our evaluations.
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allows spatial decoding tasks, critical or not, to be prioritized
over all other temporal decoding tasks.

5 Fine-Grained Scheduling Policies
In this section, we define fine-grained decoder scheduling
policies. These policies act on decoders that are available af-
ter all other higher priority spatial decoding tasks have been
allocated decoders. These fine-grained policies are similar to
process scheduling policies used by modern operating sys-
temswhere decoding tasks of individual qubits are analogous
to processes and decoders are analogous to CPU cores.

5.1 Connection with real-time scheduling systems
research

Decoder scheduling maps naturally to amixed-criticality,
soft real-time model [6, 68]: decoding windows are spo-
radic tasks with bursty arrivals; critical decodes (from non-
Clifford gates) impose firm deadlines on dependent compu-
tation; non-critical decodes tolerate bounded delay; and the
decoder pool represents a set of identical parallel proces-
sors. Our two-level scheduler mirrors hierarchical schedul-
ing architectures [18]: coarse-grained scheduling handles
criticality levels (critical > spatial > temporal), analogous
to priority-based admission control; fine-grained policies
allocate residual capacity among admitted tasks for backlog
control.

While conventional real-time systems research often pro-
vides hard schedulability guarantees (e.g., rate-monotonic
analysis [42]), this approach is unattainable for QEC decoders
due to fundamental differences:

1. Non-stationary arrivals: Task generation depends
on dynamic program structure—lattice surgery opera-
tions, gate scheduling, and routing decisions—rather
than fixed periodic or sporadic arrival models with
known minimum inter-arrival times.

2. Data-dependent execution: Decoding latency
varies with syndrome patterns and error distribu-
tions, making tight worst-case execution time (WCET)
bounds impractical. Even for fixed code distance, exe-
cution time can vary 2-3× based on error chain com-
plexity.

3. Elastic resource requirements: Spatial decoding
tasks require anywhere from 1 to 50+ decoders de-
pending on patch size and routing distance—a form
of moldable parallelism [45] uncommon in traditional
real-time systems.

4. Temporal dependencies: Overlapping decoding
windows create precedence constraints between con-
secutive tasks on the same logical qubit, violating the
task independence assumption central to most schedu-
lability analyses.

Despite these constraints, certain scheduling principles
from queuing theory and soft real-time systems remain appli-
cable.Work-conserving policies that account for task backlog
and waiting time can prevent starvation and control queue
growth under bursty, non-stationary arrivals [62]. Similarly,
policies that prioritize tasks based on accumulated service
deficits can provide fairness guarantees without requiring
detailed arrival models [58]. These insights inform our fine-
grained policy design, which we describe next.

Decoder

(a) (b) (c)

Monolithic decoding (slow) Serialize (slow)

(d)

Figure 9. (a) Decoding volume of a single logical patch idling for a few rounds—only one decoder is needed; (b) Idling for
multiple rounds creates a linear growth in windows, requiring temporally parallel windowed decoding (PWD); (c) A lattice
surgery merge between distant patches temporarily increases decoder demand due to spatial parallelism, which may coincide
with temporal parallelism (overlapping windows omitted for clarity); (d) Spatial PWD is not robust to decoder shortages—if two
of three required decoders are unavailable, one must either decode the merged patch monolithically or serialize the protocol,
both slow and undesirable. Deferring the task is also problematic, as the next slice may contain a critical decode that must
wait for the deferred task, further slowing execution.
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Figure 10. (a) (Left) Logical error rates (LER) for various
lattice surgery configurations with and without spatially par-
allel window decoding (PWD) at circuit-level noise 𝑝 = 0.1%.
(Right) Spatial parallelism does not affect LER but reduces
decoder latency when merged patches are separated by ≥ 3𝑑
data qubits, assuming sufficient decoders for all distances
(for 𝑑 = 11, window size = 3𝑑). (b) Temporal PWD remains
robust under decoder resource constraints: with only one
of three decoders available, the decoding task can be pro-
cessed incrementally by the single decoder. This creates a
qubit backlog, which can be rapidly cleared once additional
decoders become available via temporal parallelism.

5.2 Scheduling for individual qubits
Fine-grained scheduling determines when each logical
qubit’s syndromes (current and pending) are provided ac-
cess to a decoder. If a policy starves qubits of decoding, its
measured syndromes will accumulate, leading to longer de-
coding latencies (since the total size of the decoding problem
increases with time). This thus necessitates fine-grained poli-
cies to ensure fair access to decoders for all qubits that are
not involved in lattice surgery operations.
Longest undecoded sequence: To quantify the fairness of
a fine-grained scheduling policy, we use a metric ‘Longest
Undecoded Sequence’, which measures how well the decoders
are servicing all logical qubits. A large undecoded sequence
length implies that a qubit has been left undecoded for a long
time. A qubit left undecoded for a long time will also require
more processing from the decoder for it to be up to date
with the latest syndrome. Figure 11(a) shows an example of
determining the longest undecoded sequence length.

Decode Undecoded

Longest undecoded sequence

Time slices
Q1

Q2

(a)

MFD

Sort
Decode 
M - C Qubits

time: t

1

1

2

2

3

3

(b)

Decode 
M - C Qubits

Decode 
M - C Qubits

time: t time: t+1

(c)

Qubit with longest
undecoded seq.

Sort
Decode 
M - C Qubits

time: t

1

12

23

3

(d)

Figure 11. (a) Illustration of the longest undecoded sequence
– 𝑄1 has the longest undecoded sequence before the last de-
code (each square is a decoding block/window); (b) MFD policy
– undecoded qubits are sorted according to the number of
critical decodes they are involved in after time slice 𝑡 and
𝑀 −𝐶 qubits are selected from this sorted list; (c) RR policy
– the𝑀 −𝐶 qubits decoded in time slice 𝑡 are not decoded in
time slice 𝑡 + 1; (d) MLS policy – undecoded qubits are sorted
according to their undecoded sequence lengths and𝑀 −𝐶

qubits are selected from this sorted list.

Consider an arbitrary time slice 𝑡 in the execution of a
quantum program. There are 𝑁 logical qubits and𝑀 hard-
ware decoders (𝑁 > 𝑀). All decoding scheduling policies
will have two components: The first will assign the decoders
necessary for all critical decodes 𝐶 in the time slice 𝑡 . The
second will assign all the remaining 𝑀 − 𝐶 hardware de-
coders to the 𝑁 −𝐶 qubits based on the scheduling policy
used. We now discuss three decoder scheduling policies (all
policies are illustrated in Figure 11(b) – Figure 11(d)):

5.2.1 Most frequently critically decoded (MFD). A log-
ical qubit that consumes a significant number of 𝑇 -states
during the execution of a program would have a frequent
requirement of critical decodes – leaving such a logical qubit
undecoded for more than a few slices would make subse-
quent critical decodes take longer, thus slowing down com-
putation. This motivates the MFD scheduling policy that prior-
itizes decoding of logical qubits that have numerous critical
decodes in the future at any given time (Figure 11(b)). The
MFD policy will ensure that future critical decodes have a
minimized number of undecoded syndromes for qubits with
frequent critical decodes. The MFD policy is predicated on
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quantum programs being static in nature. While logical oper-
ations to perform 𝑆 corrections during magic state consump-
tion represent ‘dynamic’ instructions, they do not add any
additional non-Clifford gates to the program, thus ensuring
that any statically compiled program using the MFD policy
will always work.

5.2.2 Round-robin (RR). Derived from CPU scheduling
policies used in operating systems, the RR policy does not
prioritize any specific logical qubits – rather, it chooses𝑀−𝐶
qubits in a round-robin manner (Figure 11(c)) in every time
slice to ensure fairness for all qubits in the system. This policy
was also alluded to in prior works [11, 17] for scheduling
decoders for different logical qubits.

5.2.3 Minimize longest undecoded sequence (MLS).
The longest undecoded sequence length at any time slice is
an indicator of how well the fine-grained scheduling policy
is servicing all qubits in the system. We use this as the base
for the MLS policy, which greedily minimizes the longest un-
decoded sequence at every time slice (Figure 11(d)). The MLS
policy works as follows: at any time slice 𝑡 , qubits are sorted
on the basis of their current undecoded sequence lengths.
Then, 𝑀 − 𝐶 qubits with the largest undecoded sequence
lengths are assigned hardware decoders. The MLS policymim-
ics longest-queue-first (LQF) scheduling [21], known to pre-
vent starvation and control backlog growth under bursty
demand without strong arrival distribution assumptions.

5.3 Magic state cultivation factories
Magic state cultivation [30] is a protocol that generates high-
quality non-Clifford (magic) states by using one or more
smaller, more error-prone logical qubits. These cultivation
protocols do not require high-performance decoders dur-
ing the state generation process. Instead, they rely on post-
selection, where attempts are discarded as soon as a syn-
drome bit-flip is detected. Post-selection is well-suited for
non-deterministic state preparation, providing exponential
error suppression at the cost of success probability [30, 41].
While some protocols support active error correction [13],
we assume fully post-selected cultivation protocols for our
evaluation, resulting in no decoder overhead during factory
operation. However, the final output magic state is stored
in a high-distance logical qubit for long-term use, and thus
requires decoding to ensure reliability after successful prepa-
ration. We include these magic state storage patches in our
analysis.

5.4 Scheduling policy overheads
While fine-grained scheduling policies provide performance
benefits, they introduce computational and memory over-
heads that must be quantified. Table 1 summarizes the time
and space complexity of each policy.

Table 1. Time and space overheads for all fine-grained sched-
uling policies.

Policy Per-slice time complexity Metadata per qubit Total metadata storage

RR O(1) 1-bit flag 𝑁𝑑𝑒𝑐𝑜𝑑𝑒𝑟𝑠 bits
MFD O(1) 1 counter (static) 𝑁𝑑𝑒𝑐𝑜𝑑𝑒𝑟𝑠 × 𝑙𝑜𝑔(Total time steps) bits
MLS O(NlogN) 1 counter (dynamic) 𝑁𝑑𝑒𝑐𝑜𝑑𝑒𝑟𝑠 × 𝑙𝑜𝑔(d × Total time steps) bits

5.4.1 Time complexity. RR and MFD both achieve 𝑂 (1)
scheduling decisions per time slice by maintaining simple
state: RR uses a round-robin counter, while MFD accesses
a precomputed static priority ordering based on future crit-
ical decode counts (determined at compile time). In con-
trast, MLS requires sorting 𝑁 qubits by their undecoded
sequence lengths, requiring 𝑂 (𝑁 log𝑁 ) comparisons. For
typical workloads with 𝑁 ≈ 100–1000 active qubits, this
translates to ∼700–10,000 comparisons per slice.

5.4.2 Space complexity. All policies maintain per-qubit
metadata. RR requires only a single bit indicating whether
each qubit was decoded in the previous slice. MFD stores
a counter of remaining critical decodes for each qubit, re-
quiring ⌈log2𝑇 ⌉ bits to represent counts up to the total pro-
gram length 𝑇 . MLS tracks the current undecoded sequence
length, which can grow up to 𝑑𝑇 in the worst case (accu-
mulating 𝑑 syndrome rounds per time slice for 𝑇 slices),
requiring ⌈log2 (𝑑𝑇 )⌉ bits per qubit. For representative pa-
rameters (𝑁 = 800, 𝑇 = 105, 𝑑 = 11), total metadata ranges
from 100 bytes (RR) to ∼2.4 KB (MLS)—negligible compared
to syndrome buffer memory requirements (multiple MBs).

5.4.3 Off-critical-path execution. Critically, scheduling
latency does not impact end-to-end execution time because
it occurs off the critical path. The decoding pipeline operates
as follows:

1. At time slice 𝑡 , the quantum hardware executes oper-
ations and generates syndromes for all active qubits

2. While syndromes are being read out and buffered (re-
quiring 𝑇readout ∼ 100–500 ns per qubit), the classical
control processor computes the scheduling decision
for slice 𝑡 + 1

3. Once𝑀 decoders become available (having completed
their previous windows), they are immediately as-
signed to qubits according to the computed schedule

4. Decoding proceeds in parallel across all𝑀 decoders
The key insight is that syndrome readout, buffering, and

decoder processing all occur in parallel with scheduling
for the next slice. As long as scheduling completes be-
fore decoders finish their current windows—i.e., 𝑇schedule <
𝑡𝐷 ·𝑇cycle—there is no additional latency overhead because
of scheduling.

5.4.4 Concrete overhead analysis. For MLS with 𝑁 =

800 qubits and 𝑡𝐷 = 0.5 (normalized decoder latency), each
decoder processes a window in 0.5 × 1 𝜇s = 500 ns. With
𝑀 = 400 decoders operating in parallel, aggregate decoding
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throughput is 400 windows per 500 ns. Meanwhile, sorting
800 integers on a modern CPU (2 GHz, ∼1 cycle per compar-
ison for integer comparisons) requires ∼8000 comparisons
× 0.5 ns/cycle ≈ 4 𝜇s. Since this is ≪ 𝑡𝐷 ·𝑇cycle = 500 ns per
individual decoder but occurs in parallel with all decoder
execution, the effective overhead is negligible.

For FPGA implementations, priority queues based on heap
structures reduce per-qubit updates to 𝑂 (log𝑁 ) operations.
At typical FPGA clock rates (100–200 MHz), maintaining
a heap of 1000 elements requires ∼10 cycles × 10 ns/cycle
= 100 ns per insertion/update—well within the syndrome
readout time budget.

6 Methodology
We now describe the methodology used to evaluate different
decoder scheduling policies for the PWD paradigm.

6.1 Compiler
We use the Lattice Surgery Compiler (LSC) [70] to generate
Lattice Surgery Instructions (LLI) Intermediate Representa-
tions (IR) of workloads that can be executed on an error-
corrected quantum computer using the Surface code with
Lattice Surgery. LSC can generate IR that denote Lattice
Surgery instructions from the QASM [15] representation of
a workload. The Lattice Surgery instructions generated by
LSC are a combination of Clifford operations and multi-body
measurements used for implementing Pauli-Product Rota-
tions (PPR) [40]. LSC handles mapping and routing based
on the layout provided to the compiler. We configure LSC
to use a ‘wave’ scheduling that maximizes the number of
concurrent instructions executed in every time slice. LSC
uses Gridsynth [55] to synthesize arbitrary rotations.

6.1.1 Layout. We perform all evaluations using the Edge-
Disjoint Path Compilation layout (EDPC) [8] with a single
routing lane.

6.1.2 Magic states. LSC abstracts distillation factories
away – it is assumed that the magic state storage sites ar-
ranged along the borders of the EDPC layout get magic states
within a specified time period. We assume that the magic
state production throughput is high enough for generating
magic states every alternate slice.

6.1.3 Other configurations. 𝑌 -states are produced using
the twist-based initialization [28].

6.2 Simulation Framework
Using the IR generated by LSC, we build a framework [56]
that can parse the IR, determine the critical decodes in ev-
ery slice, generate a timeline of all operations, and assign
decoders to all logical qubits depending on the scheduling
policy.
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Figure 12. Total slices executed for each benchmark.

Benchmarks:We select benchmarks that are representative
of large-scale programs that will run on FTQC systems. Ama-
jority of these will be building blocks for larger algorithms.
We use the following benchmarks (benchmark indices anno-
tated in parentheses, benchmark size in terms of number of
qubits specified after the hyphen):
adder-28 (0), adder-64 (1), adder-118 (2), adder-433 (3),

bwt-37 (4), bwt-97 (5), heisenberg-100 (6), ising-34 (7),
ising-42 (8), ising-66 (9), ising-98 (10), multiplier-45
(11), multiplier-75 (12), multiplier-350 (13), qft-20
(14), qft-40 (15), qft-60 (16), qft-80 (17), qft-100
(18), qft-120 (19), qft-160 (20), shor-9 (21), shor-15
(22), wstate-20 (23), wstate-40 (24), wstate-60 (25),
wstate-80 (26)

↩→
↩→
↩→
↩→
↩→
↩→
↩→

Other Software: Stim [27] was used for simulating stabilizer
circuits to generate syndromes and error rates. AzureQRE [9]
was used for resource estimations.

7 Evaluations
In this section, we simulate the effectiveness of different de-
coder scheduling policies for the parallel windowed decoding
(PWD) paradigm.

7.1 Research Questions
The key research questions we would like to answer for the
PWD paradigm is:
Q1. What is the minimum number of decoders required

to avoid slowdowns in the program runtime?
Q2. How does this minimum number of decoders compare

with the baseline system?
Q3. How do the fine-grained scheduling policies compare

with each other?
Q4. How do decoder latencies affect decoder scheduling?

7.2 Benchmark statistics and baselines
7.2.1 Benchmark runtimes. LSC was configured to time-
out after 10 minutes to keep simulation times tractable. Fig-
ure 12 shows the number of time steps for all benchmarks.

7.2.2 Concurrent critical decodes. Since all scheduling
policies prioritize decoder allocation for any critical decode
in a slice, the concurrency of critical decodes plays an impor-
tant role in determining the number of decoders required
for a benchmark. Figure 13 shows the difference between
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Figure 13. Peak and average concurrency for non-Clifford
operations for all benchmarks – concurrency is sporadic.
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Figure 14. Number of decoders allocated for the baselines:
Baselines-1 and 2 provision for the worst- and average-case
decoder demands respectively.

the peak and average critical decode concurrency. This high-
lights the importance and need for performant decoder sched-
uling policies – the limited concurrency of critical decodes
in quantum programs makes efficient scheduling of decoders
important for high decoder utilization.

7.2.3 Baselines. We assume a baseline system to allocate
decoders for every logical qubit. Since the number of active
logical qubits can vary through the course of a program, we
consider the following baselines:
1. Baseline-1: Provisions for the worst-case number of active

logical qubits.
2. Baseline-2: Provisions for the average-case number of

active logical qubits.
Baseline-1 caters for all possible qubits that could be active

for a given benchmark, and thus requires a very simple sched-
uling policy wherein syndromes for a logical qubit are passed
to its pre-assigned decoder. On the other hand, Baseline-2
will require some scheduling policy for choosing which logi-
cal qubits are decoded at any given instant. We consider the
Round-Robin (RR) policy as the baseline policy since its use
has been suggested in prior works that allude to scheduling
decoders to reduce resource overheads [11, 17]. Figure 14
shows the number of decoders configured for the two base-
lines for all benchmarks. As is to be expected, Baseline-1
requires significantly more decoders than Baseline-2.

7.3 Scheduling for the PWD paradigm
In our simulations of the PWD paradigm, we first assume
that the normalized decoder latency is fixed at 𝑡𝐷 = 0.5.
This is in line with existing high-performance hardware
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Figure 15. (a) The relative reduction (higher is better) in the
number of decoders required by the MLS policy to prevent
any slowdowns compared to the two baselines. Baseline-2
provisions for fewer decoders than what is required by the
MLS policy; (b) Slowdown in computation when setting the
number of decoders to Baseline-2 for the MLS and RR fine-
grained policies; (c) The relative reduction in the minimum
number of decoders required (higher is better) when using
the MFD and MLS policies over the baseline RR policy. The MFD
policy requires more decoders to prevent any slowdowns,
while the MLS policy can reduce the number of required
decoders by up to 19%;

decoders [2, 73]. Further research will likely reduce this
latency further. We assess the impact of 𝑡𝐷 on the simulation
results in subsequent sections. For all evaluations, we assume
both temporal and spatial windows have the same size of
𝑛𝑊 = 3𝑑 . We use the coarse-grained policy presented in
Section 4 in all evaluations and compare the MFD, RR, and
MLS fine-grained scheduling policies with each other.

7.3.1 Minimum number of decoders needed to pre-
vent any slowdowns. We first determine the minimum
number of decoders required for all fine-grained policies and
benchmarks to prevent any slowdowns in the computation.
We determine this optimal number by performing a binary
search on the number of decoders such that the final backlog
for all logical qubits is zero.
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Figure 15(a) shows the reduction in the number of de-
coders required when the optimal number is determined for
the MLS policy relative to the two baselines. Compared to
Baseline-1, the optimal decoder count is about 40% lower
than the counts determined for Baseline-1 across most work-
loads. However, compared to Baseline-2, the optimal decoder
count is greater by up to 60% – highlighting that the optimal
number of decoders must be more than the average-case
number of logical qubits active for any workload.

7.3.2 Baseline-2 introduces significant slowdowns. As
Baseline-2 has fewer decoders allocated than the optimal
number, it is expected that Baseline-2 will incur slowdowns
in computation due to decoder scarcity, regardless of the
scheduling policies used. Figure 15(b) shows the slowdowns
incurred by Baseline-2 across all benchmarks when the
MLS and RR policies are used. For the RR policy, the slow-
down can be up to 10×, highlighting the sub-optimality
of Baseline-2 compared to the optimal number of decoders.
Unsurprisingly, the slowdowns are higher for benchmarks
which have a greater difference between the optimal number
of decoders and the number allocated for Baseline-2.

Slowdowns are an important factor to consider when de-
signing fault-tolerant quantum computing systems. Despite
the speed-up they offer, FTQC systems still require consider-
able time to finish computations. For example, it is estimated
that factoring a 2048-bit number will take about a week [29].
Slowdowns must thus be avoided to further increase this
computing time – a 2× slowdown would increase that time
to two weeks. Figure 15(b) also highlights that the MLS policy
is more resilient to decoder pressure/scarcity compared to
the RR policy. Also, Baseline-1 cannot incur any slowdowns
since the number of decoders allocated to it is always more
than the optimal number determined across all benchmarks.

7.3.3 Comparing the fine-grained scheduling policies.
To further illustrate the differences between the fine-grained
scheduling policies, we determine the reduction in the opti-
mal number of decoders when the MLS and RR policies are
used compared to the baseline RR policy, as shown in Fig-
ure 15(c). The MLS policy achieves a relative reduction of
up to 19% compared to the RR policy, while the MFD policy
is either as good or worse than the RR policy. This is likely
because the MFD policy starves some qubits of decoding, thus
requiring more decoders. Combined with the results of Fig-
ure 15(b), these results clearly show the benefits of the MLS
policy over the other fine-grained policies.
Another important observation from Figure 15(c) is its

correlation with Figure 13 – benchmarks that exhibit higher
concurrency experience greater benefits with the MLS policy
compared to benchmarks that are more serial.

The answers for research questions 𝑄1 −𝑄3 can be sum-
marized from the results above as follows:
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Figure 16. (a) Effect of the number of decoders on the back-
log at the end of a benchmark for workloads exhibiting high
concurrency (wstate-80) and low concurrency (shor-15).
When the number of decoders is less than a threshold, the
backlog grows exponentially; (b) Reduction in the number
of decoders relative to the optimal number determined in
Figure 15(a) for the MLS and RR policies when a slowdown
of 10% or less is tolerable. The MLS policy yields a higher
reduction for most workloads.

The optimal number of decoders is 40% less than the
worst-case decoder allocation of Baseline-1 while
avoiding the slowdown of up to 10× experienced by
Baseline-2. The MLS policy outperforms both RR and
MFD policies by up to 19%.

7.3.4 Relaxing the slowdown constraint. The optimal
decoder count was determined to ensure that there would be
no slowdown during the execution of the program. However,
what if this slowdown constraint was relaxed? To under-
stand the effect of relaxing the slowdown constraint, we
first show the effect of reducing the number of decoders on
the longest backlog of syndromes for two benchmarks: the
first being a highly concurrent (wstate-80) and the second
being very serial (shor-15). Figure 16(a) shows the effect
of reducing the number of decoders on the longest backlog
of syndromes for both benchmarks: after a certain decoder
count, the backlog increases exponentially, corresponding
to significant slowdowns (since these backlogs would need
extra time to be processed). This exponential increase would
also increase the memory requirements to store undecoded
syndromes. Additionally, as was shown before, the MLS pol-
icy is more resilient to the scarcity of decoders compared to
the RR policy. We omit the MFD policy from these evaluations
for brevity, since we showed in Figure 15 that it is inferior
to both MLS and RR policies.
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Figure 17. (a) Density histogram of latencies sampled from
the PyMatching [34] decoder: the distribution can be approx-
imated by a log-normal distribution with long tail latencies
(𝑑 = 9, 𝑝 = 0.1%); (b) The density histogram used for our
simulations with 𝑡𝐷 sampled from a log-normal distribution.

In Figure 16(b), we determine the reduction in the number
of decoders relative to the optimal number determined in
Figure 15(a) when slowdowns up to 10% are tolerable. For all
benchmarks, we see a reduction in the optimal number of
decoders required, especially for wstate. Furthermore, the
MLS policy achieves a higher reduction than the RR policy.
These results show that there is a trade-off between decoder
allocation and program performance: if limited slowdowns
are tolerable, the classical resource requirements can be sig-
nificantly reduced with good scheduling policies.

7.4 Effect of decoder tail latencies
So far, we have performed all evaluations with a fixed nor-
malized decoder latency 𝑡𝐷 = 0.5 (where 𝑡𝐷 =

𝑇𝑑𝑒𝑐𝑜𝑑𝑒
𝑇𝑐𝑦𝑐𝑙𝑒

).
However, decoders do not have a deterministic latency, and
some decoding problems take longer to decode than oth-
ers. In particular, some decoding tasks can have a long tail
latency. This can result in higher decoder allocations, be-
cause slower decoders are unavailable for a longer period,
reducing the throughput at which decoding tasks as pro-
cessed. Figure 17(a) shows the distribution of latencies from
the state-of-the-art software decoder for the surface code,
PyMatching [34] for a distance 9 (𝑑 = 9) surface code logical
qubit and a circuit-level physical error rate of 0.1% (𝑝). The
distribution is centered around the mean but tail latencies
are significant long. We approximate this distribution with a
log-normal probability density function [20] of the form:

𝑃𝐷𝐹 (𝑥 ; 𝜇, 𝜎) = 1
𝑥 𝜎

√
2𝜋

exp
(
− (ln(𝑥) − 𝜇)2

2𝜎2

)
, 𝑥 > 0

We model hardware decoder latencies with a log-normal
distribution (see Figure 17(b)), which produces worst-case
tail latencies longer than the syndrome generation cycle
(𝑡𝐷 > 1.0). These long tails shift the optimal decoder count
for all benchmarks compared with Figure 15(a): most bench-
marks require more decoders under the MLS policy, while
qft-20 (14), qft-80 (17) require fewer because some
critical decodes sampled latencies below 𝑡𝑑 = 0.5, reducing
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Figure 18. Relative increase in the number of optimal de-
coders required by the MLS policy to prevent slowdowns with
longer non-uniform decoder latencies.

their decoder needs. Overall, despite these longer, non-
uniform latencies, we can still reduce decoder counts
by 10–40% across all benchmarks.

7.5 Limitations
Magic states: We assume that magic states are produced
deterministically and are always available. This represents
the most resource-intensive scenario, since it maximizes the
potential number of concurrent non-Clifford operations and
thus critical decodes. In practice, fewer distillation factories
or variable throughput would reduce concurrency and lower
decoder demand. We do not evaluate these effects, so these
results are an upper bound on decoder requirements.
Fine-grained scheduling policies: Our results show that
the MLS policy is more effective than RR at reducing backlogs.
However, both MLS and MFD require continuous ranking of
logical qubits, which may incur non-trivial overhead in a
hardware controller. While ranking can be pre-computed
for statically compiled programs under deterministic magic
state availability, this assumption does not hold in general.
By contrast, RR is simple to implement and has predictable
overhead. We view our evaluation as a first step, and expect
future work to explore more practical, low-overhead policies
that combine the efficiency of MLS with the simplicity of RR.

7.6 Real system evaluation
At present, no publicly available quantum computer sup-
ports the tight classical control loop required for evaluating
the ideas presented in this work. This control loop requires
fast transmission of syndromes from the quantum processor
to the decoding hardware, an ability to route syndromes to
specific decoders in the system, and fast transmission of the
decoder result to the classical control software. Furthermore,
the smallest workload in our study requires 20 logical qubits.
Even if we make the most optimistic assumption that one
logical qubit is encoded in a distance-3 (𝑑 = 3) surface code
patch, 20 logical qubits will require at least 20 × 17 = 340
physical qubits. Overheads due to magic state production,
routing, ancillas will further inflate the qubit requirements.
This is far beyond the capacity of current, cloud-accessible
quantum computers. This limitation on the number of qubits
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also prevents offline studies where syndromes can be col-
lected from a system and then post-processed.

8 Related Work
This is one of the first works to perform a workload-oriented
study of the classical processing requirements and system-
level scheduling policies for error-corrected quantum com-
puters. The Round-Robin (RR) decoder scheduling policy was
alluded to in [11, 17] for allocating decoders to different logi-
cal qubits but the efficacy of the policy and its strengths and
limitations were not explored. In particular, XQ-Sim [11] pro-
posed patch-sliding window decoding that reduced resource
and power requirements for a cryogenic control system .
This patch-sliding mechanism is essentially the round-robin
scheduling policy. Similarly, AFS [17] reduced decoder re-
source requirements by using the conjoined decoder archi-
tecture (CDA) that shared decoder compute blocks among
multiple logical qubits, with arbitration done via a round-
robin policy.
Spatial and temporal parallel window decoding are dis-

cussed in [10, 25, 59]. [59] introduced parallel windowed
decoding in both space and time and showed how sliding
windowed decoding is not scalable. [25] further refined and
discussed microarchitectural considerations for spatial win-
dowed decoding, including scheduling different decoding
windows within a decoding task. Bombín et al. [10] intro-
duced modular decoding, which incorporates both spatial
and temporal parallelism in decoding without sacrificing
accuracy. No work focuses on scheduling decoders from a
windowed decoding approach. Other works that are broadly
connected to this work are summarized below.
System-level Studies: Network integrated FPGA-based
decoding systems were introduced in [43, 71]. Delfosse et
al. [20] studied the speed vs. accuracy tradeoff for decoders
used in FTQC. Stein et al. [61] proposed a heterogeneous
architecture for FTQC. Lin et al. [39] explored modular ar-
chitectures for error-correcting codes, and scheduling for
distillation factories was proposed in [22]. [38] described a
blueprint of a fault-tolerant quantum computer.
Decoder Designs: Neural network-based decoders [1, 4, 7,
26, 46, 50, 66, 67], LUT-based decoders [16, 64], decoders
based on the union-find algorithm [5, 73], and optimized
MWPM decoders [2, 69, 72] have been proposed. In general,
neural network decoders are slower and therefore not ideal
for fast qubit technologies such as superconducting qubits.
Other predecoders [19, 60] and partial decoders [12] have
also been proposed. Decoders based on superconducting
logic [52, 65] target cryogenic implementations.

9 Conclusions
Decoders form the backbone of fault-tolerant quantum com-
puting (FTQC) systems. They are classical algorithms de-
signed to continuously detect and correct errors in the quan-
tum hardware, and must be accelerated using custom/re-
configurable hardware to meet microsecond-scale latency
requirements. For such hardware decoders, capacity planning
and scheduling are key to ensure optimal resource utilization
and performance. Capacity planning prevents wasteful over-
provisioning or risky under-provisioning, while scheduling
ensures that decoders are assigned tasks such that there is
no degradation to program runtime. Capacity planning for
hardware decoders is not trivial – the use of spatial and
temporal parallel windowed decoding (PWD) results in non-
deterministic decoder demand throughout the course of a
program’s execution. This paper is the first to address these
system-level challenges for FTQC. We introduce a two-level
scheduling framework that enables accurate decoder provi-
sioning and efficient task allocation across diverse workloads.
Our evaluation shows that this approach reduces decoder
hardware needs by 10–40% while sustaining fault-tolerant
performance.

A Artifact Appendix
A.1 Abstract
This artifact contains program traces, benchmarks, and soft-
ware to generate the main results and insights presented
in the paper. Lattice Surgery Compiler [70] has been used
to generate program traces, and while the artifact provides
the traces for ease of evaluation, the traces can be generated
using instructions in the README.

This artifact can be used to reproduce Figures 6, 7, 12, 13,
14, 15(a), 15(b), 15(c), and 18 of the main text. Note that due
to the inherent randomness of the sampling process used for
generating decoder latencies, Figure 18 might not exactly
match the generated results.

A.2 Description & Requirements
A.2.1 How to access. We provide the code and datasets
(program traces) to reproduce the results of this paper as a
Zenodo repository: https://doi.org/10.5281/zenodo.18555903.
The code for generating program traces and scheduling

decoders is also available on Github: https://github.com/
satvikmaurya/decoder-resources.

A.2.2 Hardware dependencies. ≥16-core worksta-
tion/server node (any Linux distro), ≥64 GB RAM2, and ≥20
GB storage.

A.2.3 Software dependencies. Docker.

2Our evaluations on a 32C/64T machine did not require more than 96
GB of RAM.
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A.2.4 Benchmarks. None (all benchmarks and program
traces included in artifact).

A.3 Set-up
This artifact utilizes Docker for a seamless installation of all
underlying (C++, Python, Haskell) dependencies. To start off,
ensure that the directory structure looks something similar
to this (assuming artifact is the top-level directory):

artifact/

decoder-resources/

...

LLI/

To build the Docker image, run:

$ cd decoder − r e s o u r c e s /
$ docker b u i l d − t $USER / vader .

We recommend using the interactive shell of the Docker
container for this artifact. To prevent loss of progress, tmux
is recommended:

$ tmux new −s a r t i f a c t 1 2 9
$ docker compose run app

A.4 Evaluation workflow
A.4.1 Major Claims.

• (C1): We show that the demand for decoders in fault-
tolerant programs is bursty and non-deterministic.

• (C2): We show that with careful capacity planning, the
number of decoders can be reduced by up to 40% com-
pared to the worst-case provisioning, saving system costs
and complexity.

• (C3): We show that the MLS fine-grained scheduling
policy under this bursty, non-deterministic achieves a
19% reduction in the number of decoders compared to
the baseline scheduling policy.

A.4.2 Experiments.

Experiment (E1): [End-to-end evaluation] [30 human-
minutes + 24 compute-hours]: To simplify evaluations,
we have consolidated all scripts into a single bash script that
can be run from within the Docker container. We provide
descriptions of some important constituent scripts below:

1. histogram.sh: This script characterizes the patch-to-
patch distances between logical qubits involved in
an operation. This generates data for Figure 6, which
supports (C1).

2. spatial_wc.py: This script characterizes the worst-
case number of concurrently active patches as a func-
tion of time for all workloads. This generates data for
Figure 7, which supports (C1).

3. baseline.sh: This script determines the slowdown
when the average-case baseline (Baseline-2) is used
for provisioning decoders. This generates data for Fig-
ure 15(b). This script supports (C2).

4. optimize.sh: This script runs an optimization loop to
determine the optimal (minimum) number of decoders
required for a workload and scheduling policy to pre-
vent any program slowdowns. This generates data for
Figures 15(a), 15(c), and 18. This script supports (C2
and C3).

[How to]
To run all required scripts, simply run the run_all.sh script
from the scripts/ directory:

$ cd s c r i p t s /
$ bash r u n _ a l l . sh

The total expected runtime is at most 48 hours. Each script
will generate results in a pickled format, which are then used
by the plotting script for generating figures.
[Results]
All generated figures will be available in the
artifact/decoder-resources/figs/ directory.

A.5 Notes on Reusability
This artifact provides pre-generated program traces of vari-
ous quantum computing workloads to analyze decoder pro-
visioning and scheduling. However, the code provided can
be used to generate program traces of other workloads too.
Furthermore, any other surface code compiler can be used
for generating the program traces required by this artifact,
provided the same IR is used for defining logical operations.
A change in IR will require significant refactoring of the
parsing components of this artifact, but the scheduling logic
and setup should generalize.

A.6 Methodology
Submission, reviewing, and badging methodology:

• http://ctuning.org/ae/submission-20201122.html
• http://ctuning.org/ae/reviewing-20201122.html
• https://www.acm.org/publications/policies/artifact-
review-badging
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