Check for
Updates

2025 62nd ACM/IEEE Design Automation Conference (DAC) | 979-8-3315-0304-8/25/$31.00 ©2025 IEEE | DOI: 10.1109/DAC63849.2025.11132786

ArbiterQ: Improving QNN Convergency and Accuracy by Applying
Personalized Model on Heterogeneous Quantum Devices

Siwei Tan'
Zhejiang University
Hangzhou, China
siweitan@zju.edu.cn

Tianyao Chuf
Zhejiang University
Hangzhou, China
tianyao_chu@zju.edu.cn

Fangxin Liu
Shanghai Jiao Tong University
Shanghai, China
liufangxin @sjtu.edu.cn

Congliang Lang
Zhejiang University
Hangzhou, China
langcongliang @zju.edu.cn

Abstract—In the current NISQ era, the performance of QNN
models is strictly hindered by the limited qubit number and
inevitable noise. A natural idea to improve the robustness of
QNN is to involve multiple quantum devices. Nevertheless, due to
the heterogeneity and instability of quantum devices (e.g., noise,
frequent online/offline), training and inference on distributed
quantum devices may even destroy the accuracy.

In this paper, we propose ArbiterQ, a comprehensive QNN
framework designed for efficient and high-accuracy training
and inference on heterogeneous QPUs. The main innovation of
ArbiterQ is it applies personalized models for each QPU via
two uniform QNN representations: model vector and behavioral
vector. The model vector specifies the logical-level parameters
in the QNN model, while the behavioral vector captures the
hardware-level features when implementing the QNN circuit.
In this manner, by sharing the gradient among QPUs with
similar behavioral vectors, we can effectively leverage parallelism
while considering heterogeneity. We also propose shot-oriented
inference scheduling, which is a much more fine-grained schedul-
ing that can improve accuracy and balance the workload. The
experiments show that ArbiterQ accelerates the training process
by 4.03x with 7.87% loss reduction, compared with the previous
distributed QNN framework EQC [1].

I. INTRODUCTION

Quantum neural network (QNN) has emerged as a popu-
lar quantum application that demonstrates practical utility in
various tasks, including face recognition [2] and breast cancer
prediction [3]. To be more specific, QNN is a new prototype
of the neural network to handle machine learning tasks,
where the classical feature is encoded into quantum states and
subsequently evolved by quantum gates. A QNN model com-
prises multiple quantum circuit blocks that involve quantum
superposition and entanglement to learn the features [4]. Since
quantum computing exhibits the exponential expressiveness of
quantum states and the huge potential parallelism [5], QNN is
a promising model for the next generation of machine learning.

However, the scale of the current quantum processing unit
(QPU) hinders the performance of QNN models, which arises
from the limited number of qubits, rendering it impossible
to deploy a large-scale QNN. For example, the inference of
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a 4-learning-layer QNN model takes around 0.26 seconds =
(50ps for circuit + 2us for readout + 200us for delay) x
1000 executions on the IBM ibm_osaka QPU. When training
a single instance with parameter shift [6], it takes around
10 seconds = 0.26s x 40 parameters. A natural idea is to
employ multiple quantum devices to facilitate the training
and inference of the QNN model. However, the traditional
methodology of parallel computing is hard to apply to quantum
scenarios due to the huge theoretical gap, imperfect quantum
devices, and vulnerable quantum state. Here, we summarize
the main challenges to implementing QNN on heterogeneous
devices:

o Training challenge. Even for the same QNN model, its
circuit can be different after compilation due to the con-
straint of basic gates and topology [7]-[10]. On the other
hand, quantum devices inevitably encounter various noises,
leading to parameter shifting in diverse directions [11].
Therefore, the distinct behavior of the QNN circuit makes
it difficult to construct a globally optimal QNN model on a
heterogeneous quantum system.

« Inference challenge. Conventional distributed deep learning
usually employs batch-level parallelism to speed up the
training. However, this is unsuitable for quantum computing
due to the its fundamentally different operational paradigm.
Heterogeneous quantum hardware tends to have diverse
preferences on tasks, leading to significant reductions in
accuracy during inference compared to training.

Prior works based on traditional parallelization are grounded
in the preciseness of computation, which becomes ineffective
when gathering the results from noisy quantum devices. For
example, EQC [1] proposes ensemble learning for distributed
training by abstracting the noise intensity as a voting weight
to eliminate the high-degree noise. However, EQC applies
unified model weights for distributed training, lacking the
consideration of heterogeneity. Such unified weights can be
suboptimal in each individual QPU, thereby resulting in the
reduction of accuracy and massive epochs for convergence.

In this paper, we present ArbiterQ, a comprehensive QNN
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(b) QNN deployed on QPU.
Fig. 1: QNN model and its implementation on QPUs.

framework that improves the performance for training and
inference on heterogeneous quantum devices. We first de-
compose the QNN circuit into contextual vector and topo-
logical vector. The contextual vector records the structural
information of each layer in the model, where the element
is defined as the cumulative error of a series of basic gates.
While the topological vector is derived from the SWAP gates
that originate from the topology constraint. These two vectors
are further concatenated into a behavioral vector, which ex-
pressively describes the circuit behavior after implementing a
specific QNN model.

To train on heterogeneous system, we employ a personalized
QNN model in each QPU and design the similarity-aware
gradient sharing scheme. Clearly, we only unify the network
architecture and allow each device to house local model
weights. By calculating the distance between the behavioral
vectors of different devices, we propose to partially share the
gradient among QPUs with similarity. This training approach
enables efficient collaboration among variational quantum
devices, substantially improving the accuracy and convergence
speed. To enable large-scale inference, we propose to assign
the tasks in the granularity of shot level since the inference
results of QNN models rely on multiple shots to obtain
the probability. Given the personalized model may exhibit
different preferences for tasks, we divide the QPUs into
multiple tori and adaptively allocate tasks to each torus. To be
specific, we compensate for the noise in each torus, achieved
by identifying the cycle period in the behavioral vectors using
a discrete Fourier transform. In conclusion, this work makes
the following contributions:

« We propose behavioral vectorization for modeling the QNN
implementation on heterogeneous devices. By representing
the contextual and topological features uniformly, ArbiterQ
enables the distributed training with high accuracy and
convergence speed.

« We design shot-oriented inference that distributes the tasks
to a series of QPU tori. By compensating the noise in each
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Fig. 2: Motivational example of straightforward distributed QNN
training (a 2-layer QNN model [12] trained with Wine dataset [13]).

torus, ArbiterQ shrinks the accuracy loss and balances the
workload.

o We implement ArbiterQ with both quantum simulator and
real quantum devices. Experiments show that ArbiterQ
outperforms EQC [1] with 4.03x convergence speed and
7.87% accuracy loss. It also reduces the inference loss by
24.71% compared with batch-based scheduling.

II. BACKGROUND
A. Quantum Neural Networks

Quantum neural network (QNN) is a new prototype of the
neural network to handle machine learning tasks with classical
data. QNN extracts the feature of data and outputs normalized
results. Based on the rich data encoding structure in quantum
states, QNN is a promising way to show the quantum advan-
tage in practical tasks, such as face recognition [2] and breast
cancer prediction [3], etc.

Figure 1 (a) depicts a typical QNN model that consists of
three functional layers, namely the encoding layer, the learning
layer, and the measurement layer. For the image dataset, the
pixels are encoded into the parameters of a set of uniformly
rotated gates, such as Ry here. The learning layer comprises
several repeated quantum circuit blocks that serve as the
backbone of the QNN model, where the gate parameters can be
regarded as trainable weights. The measurement layer outputs
the probability distribution of quantum states by repeatedly
executing and measuring the circuit multiple times. In this
paper, we name every single measurement as one “shot”.

B. Quantum Processing Unit

Quantum device is the fundamental hardware that employs
quantum gates for conducting unitary operators on qubits.
In this paper, we focus on the implementation of supercon-
ducting quantum devices and name quantum processing units
(QPU). The real-world QPUs usually involve different physical
configurations, including the number of qubits, decoherence
time, topology, and fidelity. These features lead to diverse
performance when deploying the same QNN model on het-
erogeneous QPUs, as shown in Figure 1 (b).

First, quantum devices inevitably suffer from various noises,
leading to the errors of quantum gates. These errors can be
different at spatial and temporal level due to environmental in-
teraction [14], hardware defect [15], and diverse crosstalk [16].
Second, the topological constraint requires inserting additional
SWAP gates to enable double-qubit gates. Therefore, the
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executed circuit can be different under heterogeneous QPUs.
For example, Figure 1 (b) shows an inserted SWAP gate and
relocated following gates in the executable quantum circuits
for IBMQ Casablanca QPU. In a word, the circuit design of
the QNN model exhibits diversity on heterogeneous quantum
devices, resulting in different outputs and different optimal
model weights.

C. Motivational Examples

As aforementioned, training a QNN model on multiple
QPUs does not necessarily accelerate the training process
and improve the convergence, which may even hurt the fi-
nal accuracy due to the variation of heterogeneous devices.
To illustrate this, Figure 2 provides a motivational example
that implements a QNN model using three superconducting
quantum chips: IBM Cario (C), IBM Osaka (O), and IBM
Ithaca (I). In Figure 2 (a), we apply an all-sharing training
approach that equally combines the gradients from distributed
QPUs and keeps the weights the same across all devices.

We can find that, as the number of epochs increases, the loss
curve of these two methods gradually diverges, with the loss
of distributed training being much higher than the single-node
training. Such discrepancy arises from the heterogeneity of
QPUs, leading to sub-optimal gate parameters in QNN circuits.
This motivates us to quantify the gate error on the QNN model
and orchestrate a gradient-sharing scheme to counteract the
noise effect.

Even though we have trained the QNN model with cus-
tomized weights for each heterogeneous QPU, it is still
challenging to enable efficient and stable inference on QPUs
with spatial and temporal heterogeneity. Figure 2 (b) shows the
standard deviation of loss value using batch-based inference
on heterogeneous QPUs. Considering that QNN relies on
multiple shots to get the results, we propose a much more
fine-grained scheduling called shot-based inference. The shot-
based inference has less differential accuracy, which comes
from that batch-based scheduling infers each data point with
a single QPU only, while shot-based scheduling adaptively
divides shots and assigns tasks to smooth the QPU difference.

ITII. SIMILARITY-AWARE PERSONALIZED TRAINING

The key characteristic of the QNN model is that its optimal
weight parameters are closely related to the device properties,
such as noise and topology. Therefore, the inherent hetero-
geneity of quantum devices makes it difficult to leverage the
parallelism of distributed computing. To tackle this, we apply a
personalized QNN model for each individual QPU. As shown
in Figure 3, the QPU keeps a unified model structure while
having different weight parameters in the quantum gates. In
this manner, the model can better fit heterogeneous hardware
properties, leading to higher accuracy and robustness. We col-
lect the weight parameters into a model vector. To quantify the
heterogeneity of various QPUs and guide the co-optimization
of every personalized model, we propose to vectorize the
behaviors of implementing the QNN model on a specific QPU,
namely behavioral vector, with the goal of capturing both
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Fig. 3: Vectoring personalized QNN model and its compiled circuit.

contextual information and topological constraints. Then we
introduce a similarity-aware gradient-sharing scheme, where
the QPUs that show similarity in the behavioral vector are
updated together.

A. Vectorizing the QNN Behavior on QPUs

We start by vectorizing the executable circuit after compil-
ing the QNN circuit under the constraints of a specific QPU.
During vectorization, elements are arranged by the execution
sequence in the QNN circuit, from left-top to right-bottom.
Considering that several parallel gates may exchange after
compilation, we unify the order following the sequence of the
original QNN circuit. For example, we label the four parallel
SX gates in the original QNN model from top to bottom. Due
to the SWAP gate between qubit 1 and qubit 2, the gate SX®
is routed to qubit 2. As a result, we put this gate in front of
SX®@ to ensure the consistency of vectorization.

We decouple the executable circuit into a contextual part
and a topological part, as shown in Figure 3. In the contextual
vector, each element is derived from the original gate in the
QNN model, which aims to record the structural informa-
tion of each layer in the model. As mentioned before, the
topological constraints necessitate SWAP gates to establish
entanglement between two unconnected qubits. Thus, the
topological part refers to these extra SWAP gates, also with
each gate corresponding to one vector element.

The optimal weights mainly depend on the infidelity of
quantum gates. Therefore, we formulate each element value
as the cumulative error of a series of basic gates: U.(i) =
1 — J[; (1 —€i;), where ¥.(i) is the i-th element in the
contextual vector, and e;; represents the error of the j-th
basis gate decomposed from the i-th gate. We apply a simple
formula [17] to calculate the executional error of quantum
gate e = 1 — e T f, which involves the execution time (t),
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depolarization time (7, for single-qubit gate) or decoherence
time (7, for double-qubit gates), and fidelity (f). Figure 3 gives
an example of calculating the element value for R, (64) gate,
which is decomposed into four basic gates.

For the topological part, its vector length is aligned with
the contextual vector. Specifically, the SWAP gate is generated
from the two-qubit gate that comprises two nonadjacent qubits,
which means the error from SWAP gates will lead to parameter
deviation in its corresponding two-qubit gate. Taking Figure 3
as an example, two SWAP gates are inserted for implement-
ing R,(64) gate, contributing to the fourth element in the
topological vector. Similarly, we can calculate the element
value for these two SWAP gates that imply the connectivity of
QPU topology. Finally, we concatenate the contextual vector
and topological vector, which fully extracts the behavior of
deploying the QNN model on QPUs.

B. Similarity-aware Gradient Sharing

The training of personalized QNN models is conducted in
the space formed by all behavioral vectors. Our key idea is
to group the QPUs that exhibit similar behavioral vectors,
which helps to leverage the parallelism of distributed devices
and minimize the overhead of heterogeneity. To identify such
similarity, we formulate the distance between QPU ¢ and QPU
J as follows, _ _
_ It =3yl

dist(i,j) = length(vp)

M
where length(v;,) denotes the length of the behavioral vector.
Then, we can obtain the grouping scheme by setting a distance
threshold. Furthermore, we quantify the degree of similarity
between every two QPU nodes to ensure that the devices with
the highest similarity collaborate best. The similarity is defined
as sim(i,j) = e~ 45t(i3) where & is a hyperparameter that
determines the scope of similarity.

The QPUs that exhibit similarity tend to prefer the same
optimal weights. Therefore, we only allow gradient sharing
within the group. Concretely, in each iteration, the QPU node
executes its local QNN model and calculates the loss by
measurement. Given the loss function, we apply parameter
shifting [18] to get the local gradient of weights, which will
be sent to the QPU that shares the similarity. Accordingly, each
QPU also buffers gradients from neighbor nodes and uses them
to update the local QNN model. More importantly, the shared
gradient is multiplied by the similarity degree to fully utilize
the parallelism of near-homogeneous devices. This gradient
sharing speeds up the training of each node.

IV. SHOT-ORIENTED INFERENCE ON QPU TORUS

Paralleling large-scale inference tasks is necessitated by the
demand for low latency and high throughput. As analyzed in
Section II-C, shot-based parallelism, i.e. inferring each task
with multiple devices, provides a much more fine-grained
opportunity to schedule the inference tasks. With this insight,
we propose the shot-oriented distributed inference that flexibly
allocates the tasks at the shot level, achieving high accuracy
and throughput of the overall system.
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A. Noise Compensation via QPU Torus

To enable large-scale inference with high accuracy, our
goal is to minimize the heterogeneity (inference bias) among
personalized QNN models. Clearly, the QPUs with adjacent
behavioral vectors may introduce inference bias due to similar
noise patterns, resulting in accuracy loss. Therefore, a natural
idea to alleviate this is the compensation of various noises,
which requires scattering the QPUs with minimum bias. How-
ever, the behavioral vector is high-dimensional, giving rise to
huge time complexity to arrange QPUs with low behavioral
similarity.

Therefore, we first use MDS algorithm [19] to reduce the
dimension of the behavioral vector space and the model vector
space, as shown in Figure 4. Using MDS algorithm, the nodes
in these two spaces are arranged in two one-dimensional
sequences meanwhile keeping the same relative distance as
before. In other words, two adjacent nodes in the behavioral
vector space are also close to each other after MDS. However,
the MDS algorithm removes several connection information,
which may cause two distant elements in the sequence to
share similarities. To handle this, we apply the model se-
quence to classify such “distant similarity”, which involves
a non-uniform discrete Fourier transform (DFT) to obtain the
initial torus to string the QPU nodes together. Mathematically,
considering the model sequence as a signal sequence varying
with the behavioral nodes, the sequence of model nodes is
transformed as follows,

(o T (5] Fo b
Fm [kb] = th ce ° J J )
J

where {b;} and {m,} is the behavioral sequence and model
sequence, respectively. The element m; in the model sequence
points to the same QPU of b;. For example, in Figure 4, m;
and bg point to the same QPU.

Next, we select the maximum frequency to calculate the
cycle period in the behavioral sequence,

_ max({b,;}) — min({b,})
= arg maxy, (Fm)

3)

where kj is the frequency index of each model weight com-
ponent after DFT F,,,. The period 7' implies the maximum
distance among the nodes in the behavioral vector space.
Thus, we construct the initial torus by aligning the behavioral
sequence to a circle with a circumference of 7', as shown
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TABLE I: Training results on different tasks and QNN models.

Convergence epoch Convergence loss
Benchmark Single- All- . Single- All- . .
node sharing EQC [1] | ArbiterQ | Speedup node sharing EQC [1] | ArbiterQ | Reduction
Iris [20] Model-CRz 24 38 28 3 9.33x 0.0881 0.0905 0.0737 0.0566 23.23%
Model-CRx 29 33 20 3 6.67 % 0.1136 0.1057 0.0741 0.0608 17.90%
Wine [13] Model-CRz 47 43 37 30 1.23x 0.4717 0.4686 0.4691 0.4550 3.02%
Model-CRx 54 40 37 9 4.11x 0.4711 0.4739 0.4710 0.4550 3.40%
MNIST [21] Model-CRz 185 198 144 87 1.66x 0.3213 0.3534 0.2858 0.2824 1.19%
Model-CRx 159 67 98 28 3.50% 0.2910 0.2734 0.2736 0.2626 4.03%
HMDBS51 [22] | Model-CRz 168 158 178 82 2.17x 0.3116 0.3218 0.3177 0.3102 2.35%
Average - - - - 4.03 % - - - 7.87%
The convergence loss is calculated by averaging the loss of the test dataset across all QPUs, without any inference scheduling strategy.
TABLE II: Benchmarks —— ArbiterQ EQC[1] — All-sharing — Single-node
Dataset # sample | # feature | # qubits | # QNN weights 0.6 0.42
Iris [20] 100 4 2 8 0.40
Wine [13] 114 13 4 16 n 05 2 036
] o Y-
MNIST [21] 100 64 6 24 — 0.4 |
: 0.34
HMDBS51 [22] 100 108 10 200
. . 0.3 0.32 e
TABLE III: Configuration of simulators 0 50 100 150 200 0 50 100 150 200
QPU &) @ ® @ ® ® @ @ © Epoch Epoch
1q-gate
infidelity | 236 | 3.06 | 145 | 507 | 341 | 229 | 427 | 172 | 366 | 242 (a) MNIST [21]. (b) HMDB51 [22].
(;ql_g;te> Fig. 5: Convergence across different benchmarks.
inﬁdbeliyy 758 | 867 | 481 | 433 | 3.69 | 293 | 462 | 3.66 | 2.90 | 9.75 )
(x107%) from these datasets. The proportion of the training dataset and
Tafus) | 193 | 137 | 349 | 134 | 114 | 103 | 171 | 232 | 260 | 166 inference dataset is 80% and 20%, respectivel
To(us) | 214 | 67.1 | 84.7 | 89.2 | 965 | 25.7 | 832 | 47.9 | 584 | 386 1 0 i) pectively.

in Figure 4. Finally, we divide it into multiple smaller sub-
tori by equidistant partition and sort these tori according to
their average accuracy. Since MDS algorithm maintains the
similarity in the sequence of QPU nodes, the QPUs involved in
each sub-torus exhibit low similarity, being able to compensate
for the noise with each.

B. Shot-oriented Scheduling

With the available QPUs divided into multiple tori, we start
assigning tasks via a warm-up stage to preliminarily sketch the
difficulty of target tasks, i.e., the loss of each task. Then, we
adopt a greedy-based scheduling that allocates hard” tasks to
the QPU torus with higher accuracy. In each torus, we assign
the shots of each task to all QPUs proportionally according to
the throughput. Besides, the inference tasks are also propor-
tionally allocated according to the throughput of each QPU
torus, resulting in fully balanced workload scheduling.

V. EVALUATION
A. Experimental Setup

Datasets. Table II shows the benchmarks used in this paper.
We choose two typical pattern recognition datasets, including
Iris [20] and Wine [13]. We also conduct the evaluation
on an image classification dataset MNIST [21] and a video
classification dataset HMDBS51 [22] that consists of 6,766
realistic video clips from 51 action categories, such as jump,
kiss, and laugh. Similar to the prior methodology, we focus on
the binary classification task by selecting two types of objects

QNN models. We adopt the angle encoding method [23]
to transform classical input to the input quantum state. We
apply two types of backbones used in [12], resulting in two
QNN models, namely Model-CRz and Model-CRx (circuit 5
and 14 in Figure 2 of [12]). The hyperparameter « defined in
the gradient sharing is set to 20000.

Platforms. We evaluate ArbiterQ on the real-world quan-
tum platform of ORIGIN QUANTUM [24] accessible via
PyQPanda (3.8.3.4) [25]. It provides a 72-qubit supercon-
ducting quantum chip with a 6 x 12 grid qubit topology,
supporting U3 and CZ gates. The average 1-qubit gate fidelity
and 2-qubit gate fidelity are 99.72% and 95.86% respectively.
To control the hardware specifications for a fair comparison,
we also evaluate ArbiterQ on 10 simulators of quantum
computers with 2 to 10 qubits, which are configured as Table
1.

Comparison. ArbiterQ is compared with three QNN im-
plementations, including 1) EQC [1]: which applies ensem-
bled quantum computing that sets different voting weights
according to the noise configuration; 2) all-sharing: which
updates the gradient by calculating the average value across
all QPUs; 3) single-node: which trains the QNN model on a
single quantum device.

B. Training Performance

Table I compares the training performance associated with
the convergence epoch and loss on different benchmarks.

Model convergence. Compared to EQC, all-sharing and
single-node, the ArbiterQ accelerates the convergence with
an average of 4.03x, 5.19x, 5.04x speedup, respectively.
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TABLE IV: Configuration and results of shot-oriented inference

QPU DR | DP®® | VEA®®6
@00 | ®00 ©D®O
o Cycle T | 0.0119 0.0177 0.0060
S10F | o | R paen0h)
z z S v b {10, 5, 3}
= Loss 0.0385 0.0354 0.0386
EQC [1] Loss 0.0745 0.0650 0.0741
Cycle T | 0.0247 0.0267 0.0177
g g Torus {3.5.6} | {5 1,7, 3} ﬁ, g ?Of}
P E {2,4,1} | {8,2,4,6} {95 5}
= Loss 0.4985 0.4819 0.4626
EQC [1] Loss 0.5068 0.4971 0.4710

By sharing the gradients with similar behavioral vectors,
parallelism is utilized to learn the image features with fewer
iterations. Furthermore, the convergence curve depicted in Fig-
ure 5 demonstrates that our approach is more stable compared
to other methods. Because our similarity-aware training pre-
vents communication among the QPUs with distinct structural
features, eliminating the negative weight sharing. Interestingly,
the all-sharing distributed solution shows the worst conver-
gence, indicating that the heterogeneity of quantum devices
may even overwhelm the advantages of parallel computing.

Accuracy improvement. ArbiterQ shows the best accuracy
loss compared to the other methods. This stems from that
we employ the personalized QNN model and locally update
weights that fit the device properties. ArbiterQ exhibits the
best improvement on the Iris dataset with 17.9% - 23.2% loss
reduction. This is because the number of weights for the Iris
dataset is quite small, making it easier for ArbiterQ to search
the global optimal weights. We observe that the accuracy of
EQC is slightly lower than single-node, which comes from
that the central model in EQC is limited by the sub-optimal
model weights.

C. Inference Performance

Table IV summarizes the accuracy loss on the test dataset
using Iris [20] and Wine [13] benchmark. In this table, we
provide the detailed configuration of shot-oriented scheduling,
including the cycle period after discrete Fourier Transforma-
tion and the torus after equidistant partition. Overall, ArbiterQ
achieves a 24.71% reduction of loss on these two benchmarks,
where we assume that EQC adopts batch-based inference.
This suggests that our designed scheduling strategies can
significantly enhance the inference accuracy by adaptively
assigning the tasks. Moreover, ArbiterQ has lower accuracy
loss with a larger number of QPUs as it involves more tori
with diverse preferences, which helps to avoid local optimal
scheduling.

D. Evaluation on Real-world QPU

We design a 2-qubit QNN model with U3 and CZ basic
gates of origin_wukong QPU [24]. In particular, we select 4
groups of qubits on this chip and form them as a distributed

0.8 ArbiterQ All-sharing
EQC[1] Single-node
» 0.6
&
~ 0.4 1.57X_t_rf1_ining speedup
0.2 >
0 20 40 60 80 100 120 140 160

Iteration
Fig. 6: Model convergence on the real-world QPU.

system. Due to the limited access to the quantum cloud, we
only assign partial training data on real QPU. Overall, the
results in Figure 6 on the real QPU match the trend in Table I,
demonstrating the validness of our design. The final loss of
ArbiterQ, EQC, all-sharing, single-node is 0.1045, 0.1092,
0.1397, and 0.1383, respectively. In terms of the convergence
speed, ArbiterQ is 1.57x, 1.62x, and 1.64 x faster than EQC,
all-sharing, and single-node, respectively.

VI. RELATED WORK

Quantum neural network. To enlarge the scale of the
problem that the QNN can solve, [26] introduced a quantum-
classical hybrid method to image classification. Addition-
ally, [27] researches the effect of different quantum-classical
workload splitting techniques during the distributed training
QNN model, including circuit parallelization and data paral-
lelization. There are also works that study the multi-device
job scheduling for variational quantum algorithms including
QNN [28].

Quantum noise mitigation. Researchers have proposed
various methods to mitigate noise in QNN. [29] applies the
classical error mitigation method to real-world QNN execu-
tion. The first effort to enable training on heterogeneous QPUs
is EQC [1], which adopts a weighted parameter updating
according to the estimated errors of the devices. There are also
general optimization methods that can optimize circuit noises,
such as QuCT [30] proposed to vectorize the circuit gate by
gate for fidelity optimization and unitary decomposition.

VII. CONCLUSION

We present ArbiterQ, the first framework for full-process
deployment of the QNN model on heterogeneous QPUs.
Personalized QNN models are tailored to each QPU and
the gradient-sharing strategy is facilitated to tackle the archi-
tectural heterogeneity of quantum devices. The shot-oriented
inference scheduling enhances the accuracy and workload
balance effectively. Overall, ArbiterQ represents a significant
advancement toward the practical usage of QNNs on real-
world quantum computers.
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