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Abstract

Measuring a qubit state is a fundamental but error-prone task in
quantum computing. As the number of qubits increases, scalable
readout demands multiplexed qubit measurement, which often
suffers from crosstalk and other nonidealities. The conventional ap-
proach of qubit state detection often struggles with scalability and
noise resilience. Neural network (NN)-based discriminators have
emerged as a promising alternative, offering superior performance
for inferring qubit states from multiplexed signals. However, their
deployment on hardware platforms like Field programmable gate
arrays (FPGA) is hindered by computation complexity, resource
constraints, and latency. In this work, we present an end-to-end
methodology for designing and deploying quantized NN-based
multi-qubit state discriminators on FPGAs. We demonstrate that im-
plementing a fully connected neural network accelerator for multi-
qubit readout is advantageous, balancing computational complexity
with low latency requirements without significant loss in accuracy.
We significantly reduce the FPGA footprint and latency of the
neural network by employing quantization-aware training (QAT)
to quantize weights, activations, and inputs, and leveraging auto-
mated mapping flows for efficient, hardware-aware design-space
exploration and optimization. The hardware accelerator performs
frequency-multiplexed readout of five superconducting qubits in
26.7 ns, on a radio frequency system on chip (RFSoC) ZCU111 FPGA.
These modules can be implemented and integrated into existing
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FPGA based quantum control and readout platforms, making them
ready for experimental deployment.
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1 Introduction

Quantum processors are expected to solve specific computational
tasks significantly more efficiently than their classical counter-
parts [2, 8, 16, 21]. To reduce resource requirements, especially
from a readout perspective, multi-qubit readout is often achieved
using frequency-division multiplexing [7]. Various methods, includ-
ing matched filters (MFs), support vector machines (SVMs), and
neural networks (NNs), have been used to process these frequency-
multiplexed signals for inferring qubit states [4, 11-15, 20]. When
implementing such methods, minimizing latency in post-processing
for qubit-state inference is crucial for enabling on-the-fly correc-
tive actions or providing active feedback loop [27]. Additionally,
NN-based discriminators scale efficiently, as they do not require
qubit-specific processing, such as digital demodulation, for each
qubit [11].

Scalable field-programmable gate array (FPGA) systems, par-
ticularly radio frequency system on chip (RFSoC), have gained
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Figure 1: The figure shows an integrated approach using a high speed FPGA system for the control and readout of a multi-qubit
system. A NN-based qubit state discriminator on the board helps in reducing the latency and allow on-the-fly real-time

multi-qubit readout.

significant attention for integrated qubit control and readout in
quantum computing [18, 22, 23, 25]. In this context, NN-based state
discriminators promise to enhance frequency-multiplexed readout
by improving fidelity against crosstalk. However, FPGA deployment
of NN faces severe resource and latency constraints for large mod-
els [14]. Although Quantization-aware training (QAT) effectively
reduces model precision—even to the binary level, with minimal
accuracy loss [1, 10], existing approaches [3, 6, 9, 14, 19, 27] remain
limited by qubit-specific pre-processing, hand-crafted implementa-
tions, or lack of mixed-precision quantization. These constraints
hinder scalability for larger qubit systems.

We address these gaps with an end-to-end automated work-
flow from Brevitas QAT [17] to FINN-R [1] FPGA mapping. Fig. 1
shows the superconducting qubit readout setup and the methodol-
ogy demonstrated in this work to significantly reduce the signal
processing delays. A typical experimental setup of superconducting
qubits includes a dilution refrigerator maintained at a temperature
of around 20 mK housing a qubit quantum processor and an RFSoC
board at room temperature used to generate microwave pulses for
qubit control and readout and post-process readout signals. Specifi-
cally, the readout probe pulse is passed through a radio frequency
(RF) digital-to-analog converter (RF-DAC) and, after interacting
with the quantum processor to acquire a qubit-state-specific signal
characteristic, is fed into a high-speed RF analog-to-digital con-
verter (RF-ADC). The RF-ADC and RF-DAC form the interface
between the analog signals to and from the quantum processor and
the digital RFSoC processing elements.

Major contributions of this work include the following.

e Complete end-to-end pipeline from QAT to FPGA synthesis,
making large NN models (even 1.6M parameters) practical
on resource-constrained hardware.

e Single NN handling all qubits simultaneously, without the
need for qubit-specific preprocessing or networks.

o Novel hidden layer segmentation with FINN-R adaptations,
achieving sub-50 ns latency for 30K+ parameter model.

o Piecewise processing with mixed-precision quantization (4-
bit input, 1-bit weights, and 4-bit activations) delivering 26.7
ns inference latency for a 5-qubit system.
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The article is organized as follows: Section 1 covers the design
methodology and implementation of NN-based qubit-state discrim-
inators. Section 2 presents the results and compares them with
state-of-the-art methods. Finally, section 3 concludes the work.

1.1 Neural Network Model Optimization and
Quantization

We attempt the proposed workflow on a multi-qubit superconduct-
ing quantum processor with 5 transmon qubits. The details of the
multi-qubit setup and data acquisition are given in Appendix-A.
The potential for mixed-precision quantization of inputs, weights,
and activations down to one bit within a large NN design necessi-
tates careful architectural choices. To streamline design exploration,
we adopted a strategy similar to that in Ref. [24] and started with a
baseline model presented in Ref. [11]. This model has an input size
of 1000, which includes 500 samples of each of the in-phase (I) and
quadrature (Q) components corresponding to 1 ps of measurement
time. The model features three hidden layers with 1000, 500, and
250 nodes, respectively, and an output layer with 32 nodes. Each
hidden layer includes a linear transformation followed by batch
normalization, a dropout layer, and a rectified linear unit (ReLU).
We systematically reduced the input size and the number of nodes
in the hidden layers. The various model archetypes are represented
as Ny X N, X --- X Ny, X No, where Ni, Ny, and Np denote the
number of nodes in the input layer, i hidden layer (i € Z*), and
output layer, respectively.

The hyperparameters used for the NN training are summarized
in Appendix—B. The effect of model size variation and various
quantization combinations is given in Appendix-C, based on which
we choose a model with architecture 512 X 64 X 5 having a quanti-
zation scheme of 4-bit for the input and 2-bit for both weights and
activations.

1.2 FPGA Acceleration

To achieve low-latency readout, the dataflow architecture-based
framework of FINN-R [1] stands out. FINN-R implements quan-
tized matrix multiplication of low-precision data using multi-vector
threshold units (MVTU), with one such unit used for each layer of
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the QNN. A significant hurdle in achieving complete parallelism for
moderate-size models is the limitation imposed by the AXI-stream
interconnect’s connection width [28], which limits both inter-layer
and intra-layer connectivity.

Low-latency novel architecture: To maximize parallelism,
we address this key bottleneck from the AXI-stream interconnect
width. The modified hardware architecture is based on a NN with a
configuration of 512 X 64 X 5 as described earlier. The first hidden
layer of the model, consisting of 64 nodes, is divided into eight
equal segments, each containing eight nodes. These segmented
nodes can operate in parallel on the FPGA, eliminating the need
for time-multiplexing and reducing total latency. However, the new
architecture has segment-specific Mul nodes with different multi-
plication factors, preceding the Concat layer. These nodes cannot
propagate beyond Concat layer and be absorbed into downstream
MVTUs, resulting in partial FPGA mapping and forcing software
execution of the downstream operations. To address this issue, we
insert a unified Quantidentity layer in each segment prior to the
Concat layer, ensuring identical scaling factors across segments.
This enables Mul node propagation past Concat and subsequent ab-
sorption into MVTUs. This novel architecture fully parallelizes the
FPGA implementation of the model, reducing latency by eliminat-
ing the need for time-multiplexing. Fig. 2(a) displays the modified
NN design generated by FINN-R.

As an alternate approach to achieve low latency while main-
taining fidelities, we adopted a deeper neural network architecture
that processes the input data in a piecewise fashion [19]. In this
scheme, the readout signal is segmented and processed as it arrives.
Each network layer handles a specific portion of the signal, along
with the output from the preceding layer. The final segment of the
readout signal, which marks its completion, is provided as input
to only the last layer. Consequently, only the last layer contributes
to the readout latency, as all other layers are evaluated in parallel
with readout data acquisition. We utilize this property to use higher
bit-width for the weights and activations of inner hidden-layers,
while keeping the last hidden-layer at lower bit-widths. The archi-
tecture for the model with a size of 256 X 128 X 128 X 128 X 128 X 5
is displayed in Fig. 2(b). This design enables the use of a deeper
network with compact hidden layers, balancing low latency with
high classification performance.

2 Results and Discussion

2.1 Performance and Resource Utilization

To demonstrate the effectiveness of our approach in implementing
large models, we applied it to the NN model described in Ref. [11].
This network architecture consists of an input dimension of 1, 000
nodes, three hidden layers with 1, 000, 500, and 250 nodes, and 32
output nodes for each possible state. The total number of learnable
parameters sums up to 1, 634, 782, each requiring 4 bytes of storage
in floating-point representation. This translates to 50 MB of storage
just for the weights and biases. Using this standard floating-point
approach, the implementation exceeds the resource limits of most
available FPGA devices, as reported in Ref. [14].

To address this challenge, we adopted the methodology described
in the previous section to implement the model in Brevitas and
convert it to a dataflow graph using FINN-R. The input, weight, and
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activation quantization used are 4, 2, and 2 bits, respectively. The
model achieves a geometric mean fidelity (see Appendix-A) of 0.904,
which is only 0.9% below the one reported in Ref. [11]. The storage
requirement reduces by 16x, making model implementation on
FPGA feasible even with 1.6 million parameters.

Latency and resource utilization comparisons for various NN
model architectures and quantizations are presented in Table in
Appendix. Reducing input size and hidden layers have a significant
impact on resource usage and drastically improve latency with a
minimal drop in fidelity. The Latency reported in the table includes
the one clock cycle required for the boxcar operation to provide
input to the NN.

The novel approach of splitting the first hidden layer of Arch-5
(512 64X 5) into eight parallel segments results in Arch-7, reducing
latency from 33 cycles to 19 cycles, an improvement of 42%. How-
ever, this comes with a significant increase in resource consump-
tion, likely due to the additional Quantldentity layers introduced
before the Concat layer and the heightened level of parallelism. The
piecewise processing architecture exhibits a latency of 9 cycles,
corresponding to 26.7 ns, with one cycle dedicated to the boxcar
operation. Importantly, the boxcar operation in all the variants
is applied directly to the incoming signal without demodulation,
thereby aligning with our design principle of non-qubit-specific
processing. As a result, only one instance of the filter is required,
irrespective of the number of qubits being discriminated.

2.2 Comparison

As an alternative to traditional signal processing, recent work has
utilized NN for their robustness to signal perturbations and their
capability for multi-qubit state discrimination [11], and a few works
have implemented light-weight NN on FPGA for real-time deploy-
ment [3, 6, 14, 19, 27]. Table 1 summarizes our networks’ latency,
resource usage, fidelity and number of learnable parameters com-
pared to the state-of-the-art. We compare the results of our ap-
proach with Maurya et al. [14] and Guo et al. [9], who attempt
multi-qubit state discrimination on the same 5-qubit readout data,
while comparison with single-qubit works is reported subsequently.

Result on 5-Qubit: Maurya et al. [14] implemented a NN-based
discriminator for frequency-multiplexed qubit readout. Their ap-
proach uses a matched filter per qubit for dimensionality reduction
before processing the data with a lightweight NN. This model has
1,112 learnable parameters, while the latency for this approach is
not reported in time. Guo et al. [9] employ knowledge distillation to
compress a neural network for FPGA-based multi-qubit readout. To
preserve classification accuracy, they enhance the student model’s
inputs by appending MF output. They train two separate neural
network architectures—one for qubit group Q1, Q4, Q5 and another
for more challenging qubits Q2 and Q3. The two NN variants have
1972 and 6754 learnable parameters respectively, and a latency of
32 ns. They deploy a separate NN for each qubit, requiring 5 NNs
in total for the task. Both these approaches require appending the
output of the trained matched-filter, necessitating qubit-specific
processing.

Our NN qubit-state discriminator, based on Arch-7, Arch-8, and
Arch-9 implemented on FPGA as shown in Table in Appendix,
has latencies of 20 cycles, 12 cycles, and 10 cycles, respectively,
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Figure 2: Quantized neural network (QNN) archetypes. (a) Fully parallel hardware architecture of the QNN ((512 X 8) X 8 X 5). The
input feature of size 1 X512 is connected to all the 8 segments. (b) Piecewise layered QNN architecture 256 X 128 X 128 X 128 X 128 X 5.
The first layer receives an initial input size of 1 X 256, while subsequent layers take an input size of 1 x 128, consisting of 1 X 64
from the previous layer’s output and 1 X 64 from the corresponding input segment.

Table 1: Comparison of proposed discriminator using neural networks with the state-of-the-art.

Discriminator #of Fidelit Latency Resources Design
Parameters y (ns) LUTs FFs  DSPs Methodology
For 5-Qubit Readout
Demodulation
Maurya et al. +Matched Filter 1112 89.3 Nob 17017 3ase 32 hls4ml
[14] Reported
+ NN
Guo et al Demodulation+ Hand-crafted
’ Integrator 6754 90.4 32 99272 82159 656  (Separate NN for
[9] .
+ MF each qubit)
Integrator
This Work Arch-7 + NN 33295 89.7 49.6 107026 60696 0 QAT, FINN-R
Int t
Arch-g  TeBrator 42124 90.0 267 104527 95945 0
+ NN
For Single Qubit Readout’
Guglielmo et al Integrator 3208 96.0 32 66669 34369 0 QAT, hls4ml
[3] +NN - s hls
Farooq et al. Integrator
[6] + NN 200 95.9 23.82 6095 9688 0 QAT, hls4ml
This Work Imfﬁ;“’r 419 959 2588 2529 3747 0  QAT,FINN-R

T The reported results are for single-qubit readout data, available at [5].

including 1 cycle for the boxcar operation to provide input to the
NN. Consequently, Arch-7, Arch-8, and Arch-9 achieve latencies of
49.6 ns, 35.16 ns, and 26.7 ns, respectively, which are comparable to
or better than the state-of-the-art implementations. Meanwhile, the
proposed approach has at least 6 times more learnable parameters,
making it more robust and versatile for complex readout scenarios.
The fidelities achieved for individual qubits with QNN, and their
comparison with similar works on 5 qubits, are reported in Table
2. The geometric mean fidelities are reported for both 5-qubit and
4-qubit configurations, with the second qubit excluded in the latter
due to its reduced readout accuracy caused by noise and short
coherence time. Our approach achieves fidelities comparable to
prior works for the 5-qubit case.

Result for Single Qubit Readout dataset: Our approach at-
tempts a multi-qubit readout system, but to have a fair comparison
of results with a single-qubit implementation, we also implement a
NN for single-qubit state discrimination for readout data of Ref. [3]
available at [5]. We implement a NN with 100 X 4 X 1 architecture
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Table 2: Comparison of fidelities with other similar works
for 5-qubit system.

Fidelity Fom Fgm® O Q2 03 04 05
Lienhard* et al. [11] 0.912 0.956 0.969 0.753 0.943 0.946 0.970
Maurya et al. [14] 0.893  0.940 0.965 0.730 0.908 0.934 0.953
Guo et al. [9] 0.904 0.947 0.968 0.748 0.929 0.934 0.959
This Work (Arch-9) 0.90 0.947 0959 0.734 0.930 0.940 0.961

 Geometric Mean Fidelity for 4 qubits, excluding the second qubit.
* Fidelities reported are for the floating point NN model.

with quantization of 4, 2, 2 for input, weight and activation respec-
tively. The results are summarized and compared with [3, 6] in
Table 1. Comparison with [19, 27] is not given as the readout data
for these works are not available.

Guglielmo et al. [3] have implemented a quantized NN using
hls4ml with QAT using QKeras framework. It has 3208 parameters
consisting of a single hidden layer and achieves a fidelity of 96%.
The implemented NN has a latency of 32 ns. Farooq et al. [6] builds
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on the work of Guglielmo et al. [3] and uses LogicNet [26] for
implementing NN on to FPGA. These approaches offer flexibility in
terms of changing the NN architectures with short design time, but
lack the the flexibility of mixed-precision quantization for weights
and activation. Our implementation for this dataset gives fidelity of
95.9% with a model having 419 parameters and a latency of 25.88 ns.
The resultant network on FPGA uses 2516 LUTs. This is 26.3x and
2.4x improvement over [3] and [6] respectively, while achieving
the same fidelity with a marginal increase in latency.

2.3 Discussion

This work demonstrates a practical end-to-end methodology that
successfully maps large-scale 1.6M-parameter neural networks onto
RFSoC FPGAs using Brevitas QAT [17] and FINN-R [1] synthesis.
Hidden-layer segmentation with FINN-R adaptations, piecewise
processing, and mixed-precision quantization achieves ultra-low
latency for 5-qubit discrimination with minimal drop in fidelitiy.
The single-NN topology scales naturally with N output nodes for
N qubits, avoiding exponential complexity and qubit-specific pro-
cessing. The framework generalizes well to single-qubit readout,
achieving the same fidelity with atleast 2.4X less resources than
prior single-qubit implementations.

Neural networks trained to infer each qubit independently in a
multi-qubit system do not effectively capture inter-qubit crosstalk
and correlations as discussed in Ref. [9]. So, we feel that using a
single-NN for a multi-qubit system is the way forward. In future
work, augmentation of input features for handling noisy qubits like
Q2 of the current system, can be explored to achieve overall more
robust fidelities for the combined system. Readout trace evolution
over time can be used to identify qubit relaxation events, as demon-
strated in Ref. [14], without requiring qubit-specific processing.

3 Conclusion

We present NN accelerators for state discrimination of frequency-
multiplexed qubit readout traces of a superconducting multi-qubit
processor. We address key challenges of resource, latency, qubit-
specific processing, and lengthy design cycle by employing end-to-
end workflow with mixed quantization, and architectural adapta-
tions. Notably, our 42K-parameter models (Arch-9) represent 6-36%
larger scale than prior deployed discriminators while achieving low
latency of 26.7 ns. This robustness enables better crosstalk mitiga-
tion in complex multi-qubit scenarios. The novel approach of seg-
mented layer implementation with FINN-R compatible layer adap-
tations allows for achieving sub 50 ns latency. The demonstrated
substantial reduction in latency while maintaining qubit-state dis-
crimination fidelity enables the implementation of active feedbacks,
thereby significantly improving the performance of quantum pro-
Cessors.
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