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Abstract
Quantum machine learning (QML) offers a promising approach to
learning complex, high-dimensional data distributions. However,
scaling QML beyond a single quantummachine requires distributed
quantum computing, which introduces additional noise and link
failures through quantum communication protocols such as quan-
tum gate teleportation (QGT). In this paper, we present 𝜖-DQML, a
simulation-based framework for studying distributed QML under
QGT-induced noise and failures. 𝜖-DQML models the state-of-the-art
QGT protocol and its induced noise/failure, and supports efficient
noise/failure-aware distributed QML training through a hybrid dif-
ferentiation method. Preliminary studies on contrastive language-
image pretraining and network traffic classification show that the
impact of QGT-induced noise is task- and noise-level-dependent,
motivating further study on noise/failure-aware distributed QML
system design.

CCS Concepts
• Computer systems organization → Quantum computing; •
Computing methodologies→ Machine learning; Modeling and
simulation; • Networks→ Network reliability.
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1 Introduction
Machine Learning (ML) is widely regarded as one of the most
promising and impactful domains for unlocking the practical ad-
vantages of quantum computing over classical computing, an emerg-
ing area known as quantum machine learning (QML). Specifically,
quantum computing provides access to exponentially large Hilbert
spaces and supports expressive modeling of complex, high-dimen-
sional distributions needed by ML at scale [4].
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Despite its promise, there remain fundamental, system-level
challenges in fully harnessing the power of QML. In particular, it
is infeasible to train a large-scale QML model on a single quantum
computer. This is fundamentally constrained by the limited number
of available qubits. Inspired by classical distributed computing,
distributed QML represents a new paradigm. It enables the scaling of
the computational power required for training large QMLmodels by
interconnecting multiple quantummachines over a shared network.

However, such a paradigm introduces network-related noise and
failures. They are mainly due to the fragility of shared quantum
gates and states across qubits over different quantum machines.
Existing work on noisy QML mostly focuses on a single quantum
machine. On one hand, sufficiently strong noise can cause QML
training to fail by exponentially suppressing the gradients of a loss
function [21]. On the other hand, noise can prevent overfitting and
improve QML generalization [10, 22]. There exist limited studies
on the impact of network-induced noise/failures on QML training
under distributed settings.

In this paper, we propose and develop a simulation-based frame-
work, 𝜖-DQML, that models quantum gate teleportation (QGT) along
with its induced noise and failures to study their impact on the
training of distributed QML. QGT is a protocol that efficiently
implements remote entangling gates between qubits in separate
quantum machines. It consumes only one Bell pair and exchanges
two classical bits [1, 6]. Existing simulation frameworks either focus
on non-distributed QML without considering QGT-induced noise
and failures [2, 3, 8], or accurately model such noise and failures
but lack support for QML training and inference [5].

Modeling QGT-induced noise and failures for distributed QML
faces several challenges. First, the state-of-the-art experimental
demonstration of QGT [11] validates a single remote entangling
gate (𝐶𝑍 ). However, QML circuits also involve parameterized re-
mote controlled gates (e.g., 𝐶𝑅𝑋 (𝜃 )). Second, the steps within QGT
(e.g., entanglement generation and local gate operations) each intro-
duce different noise and link failures. These hardware-level noise
characteristics need to be precisely modeled in simulation. Third,
faithful simulation requires independently sampling noise for for-
ward and backward processes for QML training. However, existing
methods either do not support this (e.g., adjoint differentiation [9])
or incur significant computational overhead (e.g., the parameter-
shift rule [12, 16]).

To address these challenges, we design 𝜖-DQMLwith two modular
components, i.e., QGT modeling and QGT-induced noise/failure
modeling. This modular design enables the framework to be easily
extended to other QGT implementations and noise/failure models
in the future. Specifically, for the QGT modeling module, we first
follow the QGT protocol experimentally demonstrated in [11] to
develop a realistic and efficient simulation sub-circuit for remote
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Figure 1: Our designed QGT sub-circuit for a remote 𝐶𝑍 gate [11] between Alice’s and Bob’s circuit qubits (ctrl and tgt), using
network qubits (net_A and net_B). Red markers indicate the three primary locations for modeling QGT-induced depolarizing
noise with probability 𝑝bell, 𝑝local,𝐴, and 𝑝local,𝐵 , respectively.

𝐶𝑍 gates. Then we use the developed sub-circuit as a key building
block to model other remote controlled gates, e.g., 𝐶𝑅𝑋 , based on
the controlled-unitary decomposition theorem [14].

For the noise and failure modeling, we apply the widely-adopted
depolarizing noisemodel to the sub-circuit for the QGT protocol, fol-
lowing the experimentally measured gate fidelities reported in [11].
We also adopt a try-until-success strategy and develop a mask-
based mechanism to model failures during the entanglement prepa-
ration of the protocol. Unlike existing frameworks [2, 8], we sample
noise/failures in the forward and backward processes of QML train-
ing separately to capture the stochastic nature of QML training
on real quantum computers. However, such sampling requires the
computationally intensive parameter-shift rule [12, 16]. To accel-
erate the training, we develop a hybrid differentiation method. It
applies the parameter-shift rule only to the parameters of remote
gates, while using efficient adjoint differentiation to approximate
the gradients for local gates.

We conduct a preliminary study on the effectiveness of 𝜖-DQML
with two practical workloads, contrastive language-image pretrain-
ing (CLIP) and network traffic classification (NTC), which rep-
resent emerging QML applications in multimodal learning and
networking-oriented classification. Our results show that the im-
pact of QGT-induced noise depends on both the task and the noise
level. For CLIP, a small amount of noise improves zero-shot ac-
curacy over the noiseless baseline, while stronger noise degrades
both convergence and accuracy. For NTC, the model maintains
near-baseline accuracy under moderate noise but suffers a substan-
tial performance drop under excessive noise. We plan to further
characterize these task- and noise-level-dependent behaviors and
investigate their implications for noise-aware distributed QML sys-
tem designs in our future work.

2 Background

QGT. To transmit quantum information across different quantum
machines, quantum teleportation provides an effective interface
that relies only on bipartite entanglement (e.g., Bell states) shared
between machines, together with local operations and classical
communication. Building upon this interface, QGT is a protocol that

efficiently implements a remote gate between two distant qubits
using pre-shared entanglement and classical communication [6, 7].

The state-of-the-art QGT protocol [11] focuses on a controlled-𝑍
(𝐶𝑍 ) gate between two remote circuit qubits across an optical net-
work link. Its implementation includes five dedicated steps ( i○– v○).
i○ Entanglement generation: A maximally entangled Bell state
|Ψ+⟩ is prepared between two network qubits on two quantum ma-
chines (denoted as Alice and Bob) via the photonic link. ii○ Local
entangling operation: Alice and Bob each perform a local 𝐶𝑍
operation between its network qubit and its circuit qubit. iii○Mid-
circuit measurement: Both network qubits are measured in the
𝑋 and 𝑌 bases for Alice and Bob, respectively, collapsing the entan-
glement into classical information. iv○ Classical communication:
The classical information (i.e., measurement outcomes) is then ex-
changed between Alice and Bob via a classical communication link.
v○ Feed-forward correction: The circuit qubits of Alice and Bob
perform conditional single-qubit corrections of byproducts based
on the measurement.

QML Training. In QML, training parameterized quantum circuits
relies on efficiently computing gradients of a loss function with
respect to circuit parameters. There are two widely used gradi-
ent evaluation algorithms: (1) The parameter-shift rule [12, 16]
calculates gradients with respect to a single circuit parameter by
evaluating the circuit at shifted values, +𝜋/2 and −𝜋/2, of the pa-
rameter. While it is quantum hardware-friendly, its computational
overhead scales proportionally with the number of trainable pa-
rameters. In contrast, (2) the adjoint method [9] significantly
reduces the computational complexity of gradient evaluation in
simulation environments. It computes quantum gradients on state-
vector simulators by first performing a forward pass to compute and
store intermediate quantum states throughout the circuit, and then
propagating adjoint states backward through the circuit’s unitary
operations for all the parameters.

3 Design of 𝜖-DQML
As there exist limited studies on the impact of QGT-induced noise/f-
ailures on distributed QML training, we develop 𝜖-DQML, a simula-
tion framework for studying these effects.
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𝜖-DQML Overview. Our developed framework comprises two key
modules: QGT modeling (§3.1) and QGT-induced noise and link
failure modeling (§3.2). For the QGT protocol, we adopt the state-of-
the-art, physical implementation in [11], which is experimentally
verifiedwith complete per-step noise calibration data. Ourmodeling
of QGT and its noise and failures is designed in a modular way to
support other teleportation protocols and noise/failure models in
the future. To accelerate noise/failure-aware QML training, we also
propose a hybrid differentiable training method (§3.3).

3.1 QGT Modeling

Modeling Remote𝐶𝑍 Gate. Since the QGT protocol in [11] is im-
plemented on trapped-ion hardware using mixed-species gates and
photonic links, for which existing simulation frameworks provide
no direct abstraction, we first develop a sub-circuit to emulate its
remote 𝐶𝑍 gate.

Figure 1 shows the four steps (❶–❹) of our sub-circuit. The
first two steps are similar to i○ and ii○ in the physical implemen-
tation: ❶ Bell state preparation: Following the QGT protocol
physically realized in [11], gate teleportation between Alice and
Bob involves two circuit qubits, i.e., the original data qubits acted
on by the remote 𝐶𝑍 gate, where ctrl denotes Alice’s circuit qubit
serving as the control qubit of the remote gate and tgt denotes
Bob’s circuit qubit serving as the target qubit of the remote gate.
It also requires two auxiliary network qubits (net_A and net_B) to
mediate gate teleportation. We establish entanglement between the
network qubits by preparing the Bell state |Ψ+⟩ = ( |01⟩ + |10⟩)/

√
2

with the gate sequence𝐻 (net_A) ·CNOT(net_A, net_B) ·𝑋 (net_B).
❷ Local 𝐶𝑍 operation: Each quantum machine performs a lo-
cal 𝐶𝑍 gate between their respective network and circuit qubits,
i.e., 𝐶𝑍 (net_A, ctrl) and 𝐶𝑍 (net_B, tgt).

However, consistent with the physical QGT implementation,
steps ❶ and ❷ introduce Pauli byproducts as an intrinsic conse-
quence of Bell-state-mediated remote gate operations. In the phys-
ical protocol, these byproducts are corrected through mid-circuit
measurements and feed-forward operations in steps iii○– v○. How-
ever, such mid-circuit measurements are non-unitary. Directly sim-
ulating non-unitary operations generally requires a density-matrix
representation, which stores 22𝑛 complex numbers for an 𝑛-qubit
system and is therefore substantially more memory-intensive than
state-vector simulation of unitary circuits, which requires only 2𝑛
complex numbers. To efficiently correct the byproducts in simula-
tion, we apply the deferred measurement principle [14] to redesign
steps iii○– v○ into ❸ and ❹. This keeps the entire circuit unitary,
enabling efficient simulation with a state-vector simulator.

❸ Basis rotation: After steps ❶ and ❷, the byproduct parity
information is encoded in the network qubits but not in the com-
putational basis. We align this information to the computational
basis by applying 𝐻 (net_A) and 𝑆†𝐻 (net_B), which rotate Alice’s
and Bob’s network qubits from the 𝑋 and 𝑌 bases to the compu-
tational basis, respectively. After this rotation, the network qubits
remain unmeasured and coherently encode the correction informa-
tion, which allows them to directly serve as control qubits in the
subsequent correction gates.

❹ Correction: To remove the byproduct without mid-circuit
measurement, we replace the original measurement-based feed-
forward correction with a coherent correction circuit controlled by
the rotated network qubits in ❸. Specifically, we apply an uncondi-
tional 𝑆 (ctrl) gate followed by𝐶𝑍 (net_A, ctrl) and𝐶𝑍 (net_B, ctrl),
and analogously apply 𝑆† (tgt) followed by 𝐶𝑍 (net_A, tgt) and
𝐶𝑍 (net_B, tgt). We numerically verify the correctness of this con-
struction, with error below 10−15, in Section 5.

Modeling Other Remote Controlled Gates. Since the QGT pro-
tocol in [11] focuses only on remote𝐶𝑍 gate, to enable other remote
controlled gates, we adopt the controlled-unitary decomposition
theorem [14]. For example, we decompose a remote 𝐶𝑅𝑋 gate into
𝑅𝑋 (𝜃/2) ·𝐶𝑍 · 𝑅𝑋 (−𝜃/2) ·𝐶𝑍 , where 𝑅𝑋 is a local gate and 𝐶𝑍 is
the remote gate implemented via QGT.
Proof. The theorem in [14] enables the decomposition of any con-
trolled unitary operation,𝐶-𝑈 , into (𝐼 ⊗𝐴) ·𝐶𝑍 · (𝐼 ⊗𝐵) ·𝐶𝑍 · (𝐼 ⊗𝐶),
where 𝐴𝐵𝐶 = 𝐼 and 𝐴 · 𝑍 · 𝐵 · 𝑍 ·𝐶 =𝑈 .

For𝐶𝑅𝑋 , i.e.,𝑈 = 𝑅𝑋 (𝜃 ), we denote𝐴 = 𝑅𝑋 (𝜃/2),𝐵 = 𝑅𝑋 (−𝜃/2),
and 𝐶 = 𝐼 to satisfy these two conditions. (1) 𝐴𝐵𝐶 = 𝑅𝑋 (𝜃/2) ·
𝑅𝑋 (−𝜃/2) · 𝐼 = 𝐼 . (2) 𝐴 ·𝑍 · 𝐵 ·𝑍 ·𝐶 = 𝑅𝑋 (𝜃/2) ·𝑍 ·𝑅𝑋 (−𝜃/2) ·𝑍 · 𝐼 .
Since 𝑍 ·𝑅𝑋 (𝛼) ·𝑍 = 𝑅𝑋 (−𝛼), we have 𝑅𝑋 (𝜃/2) ·𝑍 ·𝑅𝑋 (−𝜃/2) ·𝑍 =

𝑅𝑋 (𝜃/2) · 𝑅𝑋 (𝜃/2) = 𝑅𝑋 (𝜃 ).

3.2 Modeling Noise & Link Failures in QGT

Modeling QGT-Induced Noise. We consider three primary lo-
cations within our developed sub-circuit. They correspond to the
dominant error sources identified in [11]. Figure 1 highlights them
in red. The first location is right after the step ❶, on Alice’s network
qubit. We apply a single-qubit depolarizing channel to the location
with probability 𝑝bell to model imperfect remote entanglement. The
second and third locations are after both local 𝐶𝑍 gates in step ❷,
on Alice’s and Bob’s circuit qubits. We apply single-qubit depolariz-
ing channels with probability 𝑝local,𝐴 and 𝑝local,𝐵 to these locations
to model imperfect local gate operations for Alice and Bob.

For other remote controlled gates, since they can be decom-
posed into one or more remote 𝐶𝑍 gates and local gates, 𝜖-DQML
models their noise correspondingly and samples noise indepen-
dently for each circuit execution to accurately replicate realistic,
hardware-level noise. For example, one remote 𝐶𝑅𝑋 gate requires
two QGT-enabled𝐶𝑍 gates, which leads to 2×3 = 6 locations for in-
ducing noise. Note that when more detailed noise characterization
becomes available for QGT, 𝜖-DQML’s noise module can leverage the
corresponding noise model.

Modeling QGT-Induced Link Failures. We focus on the Bell
pair preparation (step ❶) in our sub-circuit to model the link fail-
ures. This is because establishing a Bell pair requires transmitting
photons through an optical link, where photon loss and limited
detector efficiency make each attempt likely to fail. For example,
[11] reports that the experimentally measured success probability
per attempt is only 1.41 × 10−4. Although multiple attempts may
eventually achieve successful entanglement creation, the number
of attempts cannot be unlimited. This limitation arises from the
finite time window imposed by qubit decoherence.

To capture this, we adopt a try-until-success strategy. Each at-
tempt succeeds with probability 𝑝link, and a maximum of 𝑁max
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attempts are made. If all attempts fail, the entire remote controlled
gate is skipped. Specifically, we develop a mask-based mechanism.
Before each circuit execution, a mask value is independently gen-
erated for each remote controlled gate following the widely-used
Bernoulli distribution with success probability 1 − (1 − 𝑝link)𝑁max .
A mask value of 1 indicates that the Bell pair (i.e., entanglement be-
tween Alice’s and Bob’s network qubit) is successfully established,
and the corresponding remote controlled gate will execute normally.
A mask value of 0 indicates a failed Bell pair preparation, and the
corresponding remote gate is excluded from the circuit, thus no
need to sample the noise on that gate.

3.3 Accelerating QML Training with
QGT-Induced Noise & Link Failures

To capture the stochastic nature of the QML training process on
real quantum computers, noise/failures in the forward and back-
ward processes of QML training should be sampled separately. For
example, the same gate may exhibit different noise realizations
between forward and backward processes. Accounting for this
stochasticity relies on the parameter-shift rule for precise gradi-
ent computation. However, this method can be computationally
intensive, as computing the gradient of each trainable parameter
𝜃 requires two circuit executions at shifted values, 𝜃 + 𝜋/2 and
𝜃 − 𝜋/2. Every execution requires an independent realization of
noise and link failures. Therefore, every single training iteration
requires 1+ 2𝑁total circuit executions (one execution in the forward
process for loss calculation and 2𝑁total executions in the backward
process for gradient calculation), where 𝑁total is the total number
of trainable parameters.

To accelerate QML training under QGT-induced noise and link
failures, we develop a hybrid differentiation method. The training
loss is still computed with a single forward circuit execution under
one sampled noise/failure realization. Meanwhile, a highly efficient
adjoint differentiationmethod is applied to compute the gradients of
all trainable parameters of local gates under the same noise/failure
realization. The parameter-shift rule is then applied only to the
parameters of remote controlled gates, requiring 2𝑁remote additional
circuit executions with independently sampled noise/failure realiza-
tions. Here, 𝑁remote denotes the number of remote controlled-gate
parameters. Thus, the number of circuit executions per training
iteration is reduced from 1 + 2𝑁total to 1 + 2𝑁remote.

4 Implementation
We implement 𝜖-DQML on top of PennyLane and PyTorch in around
3000 lines of Python code. Specifically, we build the proposed sub-
circuit andmodel QGT-induced noise using standard quantum gates
provided by PennyLane.Wemodel link failures using independently
sampled Bernoulli failure masks for each remote controlled gate.

To implement the hybrid differentiation method of QML train-
ing, we bypass PennyLane’s default tape mechanism, which per-
forms automatic differentiation for the forward and backward pro-
cesses together using the same noise and failure realization. To
enable the independent noise and failure sampling for QML train-
ing, we decouple PennyLane’s quantum circuit execution from its
differentiation calculation. Specifically, we implement a custom

Table 1: Validation of 𝜖-DQML at three different levels.

Level Comparison Description Max error

SC Our QGT sub-circuit vs. Ideal 𝐶𝑍 < 10−15
GD Our 𝐶𝑅𝑋 vs. Ideal 𝐶𝑅𝑋 < 10−14
SYS Distributed vs. Non-Distributed < 10−13

(a) Per-iteration time. (b) Training loss.

Figure 2: Comparison of hybrid and full parameter-shift
differentiation methods.

autograd.Function in PyTorch. Given a QML model, for the for-
ward pass, we first sample noise and failures and then execute the
corresponding noise- and failure-induced circuit. For the backward
pass, to compute gradients for local parameters, we use Penny-
Lane’s adjoint method, reusing the sampled noise and failures in
the forward process. To compute the gradient for each remote pa-
rameter, we first resample noise for the circuit corresponding to
each shifted value (+𝜋/2 or −𝜋/2) and then execute the parameter-
shift rule. To further accelerate QML training, we integrate our
hybrid method into PyTorch’s optimization pipeline and use the
lightning.gpu device of PennyLane to perform GPU-accelerated
state-vector simulation.

5 Validation of 𝜖-DQML
In this section, we validate 𝜖-DQML’s QGT modeling and training
efficiency.

5.1 QGT Modeling Validation
We validate the QGT modeling at three levels of granularity as
shown in Table 1: (1) sub-circuit (SC), whether our QGT sub-
circuit accurately reproduces a single remote 𝐶𝑍 operation, i.e.,
ideal 𝐶𝑍 , assuming no noise or failures; (2) gate decomposition
(GD), whether a remote 𝐶𝑅𝑋 (𝜃 ) gate constructed from the sub-
circuit behaves correctly, compared with ideal 𝐶𝑅𝑋 (𝜃 ); and (3)
system (SYS), whether one entire distributed QML circuit (i.e., the
same circuit as in §6) without noise or failures produces outputs
consistent with the original non-distributed circuit.

Specifically, for the SC level, we consider 7 input states, includ-
ing 4 computational basis states and 3 superposition states. The
three superposition states are prepared as 𝑅𝑌 (𝛼) ⊗ 𝑅𝑋 (𝛽) |00⟩ with
(𝛼, 𝛽) ∈ {(0.7, 1.3), (1.5, 2.1), (𝜋/3, 𝜋/4)} to cover both real and
complex amplitude components. The values of 𝛼 and 𝛽 are chosen
to prevent implementation errors from being masked, since their
cos(𝛼/2), sin(𝛼/2), cos(𝛽/2), and sin(𝛽/2) are neither zero nor ±1.
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(a) Training loss. (b) Zero-shot accuracy.

Figure 3: Task 1 — CLIP under different noise levels.

(a) Training loss. (b) Test accuracy.

Figure 4: Task 2 — NTC under different noise levels.

For each input state, we compare ⟨𝑋 ⟩, ⟨𝑌 ⟩, and ⟨𝑍 ⟩ on each circuit
qubit between the ideal𝐶𝑍 gate and the QGT sub-circuit. Similarly,
for the GD level, we consider the same 7 input states along with 8
values of 𝜃 ∈ {0, 𝜋/4, 𝜋/2, 𝜋, 0.3, 1.7, 2.5, −0.8}. We select the
last four values to also avoid masking implementation errors. In
addition, the negative value −0.8 is to verify our implementation
handles negative 𝜃 correctly. For the SYS level, we execute 10 inde-
pendent trials on the full 24-qubit distributed circuit (8 circuit and
16 network qubits) with randomly generated parameters (48 per
trial), and compare the ⟨𝑍 ⟩ output of each circuit qubit.

Table 1 shows that the maximum differences over all measure-
ments at the three validation levels remain below 10−13. This con-
firms that our QGT sub-circuit, 𝐶𝑅𝑋 decomposition, and full dis-
tributed circuit without noise or failures achieve numerically equiv-
alent behavior to their non-distributed counterparts.

5.2 Training Acceleration Validation
To validate our hybrid differentiation method, we use the same
distributed circuit as in Section 6. We train it using our method
and the full parameter-shift rule, respectively. The latter applies the
parameter-shift rule to both local and remote parameters. Figure 2
shows that our hybrid method takes only 342 seconds per iteration
and achieves a 4.1× speedup over the full parameter-shift method,
which takes around 1413 seconds per iteration.

6 Case Study
To demonstrate the effectiveness of 𝜖-DQML, we select two tasks
for case studies. Task 1 is CLIP [15], contrastive language-image
pretraining, which jointly trains image and text encoders to learn
cross-modal representations. Task 2 is NTC, network traffic classi-
fication, which identifies normal network traffic and various mali-
cious network connections.

6.1 Experimental Setup

Task 1: CLIP.We follow the proposed model architecture of QCLIP
[20], a quantum extension of the classical CLIP model designed for
a single quantum machine. QCLIP uses a classical linear model to
compress 512-dimensional image/text features into 16-dimensional
input to the quantum circuit. We implement a distributed 8-qubit
circuit evenly partitioned across two quantum machines (i.e., Alice
and Bob): qubits {𝑞0, 𝑞1, 𝑞2, 𝑞3} for Alice and qubits {𝑞4, 𝑞5, 𝑞6, 𝑞7}
for Bob. For cross-machine operations, we use remote 𝐶𝑅𝑋 gates,

i.e.,𝐶𝑅𝑋 (𝑞3, 𝑞4) and𝐶𝑅𝑋 (𝑞7, 𝑞0), to maintain the original ring topol-
ogy in QCLIP. In total, there exist 4 remote gates and 28 local gates.

We train the distributed circuit on the CC3M dataset [17] for 500
iterations with a batch size of 128, Adam optimizer, learning rate
of 10−3, and symmetric cross-entropy contrastive loss. We evaluate
the model’s zero-shot classification accuracy on another dataset,
CIFAR-10, for all 10 classes without fine-tuning the model.

Task 2: NTC. To study the effects of noise and failures across dif-
ferent tasks, we adopt the same distributed circuit architecture as in
Task 1. Different from Task 1, we compress 122-dimensional traffic
features into 16-dimensional embeddings and train 16-dimensional
embeddings for traffic labels, which serve as feature and label inputs
to the quantum circuits, respectively.

To train the model, we use NSL-KDD [19], a standard benchmark
in network intrusion detection, which considers 5 traffic classes:
Normal, DoS, Probe, R2L, and U2R.
Noise and failure configuration. To study the impact of differ-
ent levels of QGT-induced noise and failures on QML training, we
first derive the noise probability of each location from the exper-
imentally calibrated fidelities in [11]: 𝑝bell = 1−0.9689 = 0.031,
𝑝local,𝐴 =

5×(1−0.976)
4 = 0.030, and 𝑝local,𝐵 =

5×(1−0.98)
4 = 0.025, fol-

lowing [13]. We then scale them by {0×, 0.1×, 0.3×, 1×} for Task 1
and {0×, 0.5×, 1×, 10×} for Task 2. For link failures, we set 𝑝link =
0.75 and 𝑁max = 5.

Hardware.We run all experiments on a single NVIDIA A100 80GB
PCIe GPU.

6.2 Preliminary Results

Task 1: CLIP. Figure 3a shows that slightly increasing the level of
noise does not significantly affect QML training. The 0× (noise-free)
and 0.1× settings achieve similar training performance over 500
iterations with final loss values of 2.150 and 1.958, respectively. In
contrast, scaling the noise by 0.3× marginally degrades the perfor-
mance and slows the convergence, resulting in a final loss value of
2.503. Using 1× (the same noise level as the physical implementa-
tion) yields the worst performance with a final loss value of 3.164.

Figure 3b shows that the 0.1× noise level achieves the highest
zero-shot accuracy, 60.87% versus 48.07% for the noiseless baseline.
The 0.3× level (54.49%) also surpasses the baseline. However, the
1× level has the lowest accuracy (39.56%).

We find that for CLIP, a small amount of noise improves zero-shot
accuracy over the noiseless baseline, while stronger noise degrades
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both convergence and accuracy. A possible explanation is that
low-level QGT-induced noise could act as an implicit regularizer
during training. It could prevent overfitting to the training data
and improve generalization to unseen data through some random
perturbations to remote gate parameters at each circuit execution.

Task 2: NTC. Figure 4a shows that, unlike Task 1, the 0× noise level
achieves the smallest final loss value, i.e., 0.224, over 500 iterations.
The 0.5× and 1× noise levels converge to slightly higher final loss
values, i.e., 0.535 and 0.344. Adding 10× more noise causes the
highest initial loss value of 7.463 and finally converges to the largest
final loss value of 0.971. For inference, Figure 4b shows that the 0×,
0.5×, and 1× levels achieve similar accuracy of 73.4%, 72.5%, 71.2%,
respectively. The 10× level has the lowest accuracy of 33.17%.

Unlike Task 1, none of the evaluated noise levels improves accu-
racy over the noise-free baseline. This suggests that Task 2’s data
and model are already robust, so additional QGT noise does not
help.

7 Limitations & Future Work

Modeling Different Gate Failure Rates. In this paper, for link
failures, we focus on a specific success probability of 𝑝link = 0.75
with 𝑁max = 5 attempts, which produces a gate failure rate of
approximately 0.1%. In practice, hardware constraints may impose
stricter limits on the number of entanglement attempts per remote
gate and produce higher failure rates. We plan to explore different
rates (e.g., 1%, 5%, and 10%) to investigate the robustness of QML
training against such failures.

Modeling Various Noise. For modeling QGT-induced noise, we
apply a single depolarization channel to each of the three primary
locations within a single remote 𝐶𝑍 gate and scale their corre-
sponding probabilities (𝑝bell, 𝑝local,𝐴, 𝑝local,𝐵) by the same factor
simultaneously. We plan to explore different noise models and inde-
pendently vary noise probabilities to quantify their contributions
to QML training performance.

Exploring Different Differentiation Methods. In this paper, we
compute gradients for distributedQML by combining the parameter-
shift rule and the adjoint method into a hybrid differentiation
method (§3.3). There are other differentiation methods, such as
simultaneous perturbation stochastic approximation (SPSA) [18],
which estimates the full gradient by perturbing all parameters along
𝐾 random directions. This requires only 1 + 2𝐾 circuit executions
per training iteration, where 𝐾 is independent of the number of
parameters. This reduction comes at the cost of higher gradient
variance, which can slow convergence. We plan to extend 𝜖-DQML to
systematically compare various differentiation methods in terms of
training convergence speed and final model accuracy for distributed
QML training with QGT-induced noise and failures.

Exploring Different Circuit Structures for QML.Different QML
models may use various remote gates (e.g., 𝐶𝑅𝑌 , 𝐶𝑅𝑍 , CNOT, and
SWAP). Due to their different sub-circuit structures, they may re-
spond to noise differently. In this paper, we mainly focus on remote
𝐶𝑍 and 𝐶𝑅𝑋 gates. We plan to extend 𝜖-DQML to include more re-
mote gates and study their performance differences under different
noise patterns and varying numbers of simulated quantum ma-
chines across diverse QML models.
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