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The reliability of artificial intelligence hinges on the integrity of its training
data, a foundation often compromised by noise and corruption. Here, through
a comparative study of classical and quantum neural networks on both clas-
sical and quantum data, we reveal a fundamental difference in their response
to data corruption. We find that classical models exhibit brittle memorization,
leading to a failure in generalization. In contrast, quantum models demon-
strate superior resilience, underscored by a phase transition-like response to
increasing noise, revealing a critical point beyond which the model’s perfor-
mance changes qualitatively. We further introduce a framework of quantum
machine unlearning, the process of efficiently forcing a trained model to for-
get bad influences. We show that classical models form rigid, stubborn
memories of erroneous data, while the quantum model is significantly more
amenable to efficient forgetting with approximate unlearning methods. Our
findings establish that quantum machine learning possesses the dual advan-
tage of intrinsic resilience and efficient adaptability, providing a promising
paradigm for the trustworthy and reliable artificial intelligence of the future.

The remarkable success of artificial intelligence (Al) has placed it asa the potential to solve problems intractable for classical

transformative force in science and society'>, yet the reliability of
these powerful models is fundamentally contingent on the integrity of
their training data. In real-world applications, datasets are often
compromised by corruption, such as mislabeled examples or mal-
icious poisoning attacks, which can severely impair a model’s gen-
eralization, introduce dangerous biases, and create significant security
vulnerabilities*. A closely related and increasingly urgent challenge is
that of machine unlearning: the need to efficiently remove the influ-
ence of specific data from a trained model to comply with privacy
regulations or to correct for erroneous information®. While retrain-
ing a model from scratch on a sanitized dataset offers a definitive
solution, its prohibitive computational cost for large-scale
systems makes it impractical, driving the search for more efficient
alternatives.

As the field of quantum computing evolves rapidly'*™®, quantum
machine learning (QML) has emerged as a promising paradigm with

computers”°. These models, often implemented as quantum neural
networks (QNNs), leverage principles like superposition and entan-
glement to navigate vast computational spaces® *%, However, despite
rapid theoretical and experimental progress, the behavior of quan-
tum models in the face of real-world data imperfections remains a
critical and largely unexplored frontier. While some studies have
investigated the vulnerability of QNNs to inference-time adversarial
attacks*’®?, their response to training-time data corruption is poorly
understood. This distinction is critical: adversarial examples chal-
lenge a model’s perception at inference, whereas data poisoning
corrupts the model’s fundamental knowledge acquisition. Further-
more, the subsequent problem of how to correct a poisoned model, a
field we establish here as quantum machine unlearning, remains an
entirely unexplored area. This gap presents a formidable barrier to
developing quantum Al that is not only powerful but also trustworthy
and secure.
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In this work, we bridge these critical gaps through a systematic,
comparative study of a classical machine learning model of multi-layer
perceptron (MLP) and a QNN, evaluating their response to different
data corruption and different unlearning approaches across both
classical and quantum datasets (Fig. 1). We reveal a fundamental dif-
ference in their learning mechanisms. The classical model exhibits
brittle memorization, attempting to fit all data points, which leads to a
catastrophic collapse in generalization when faced with contradictory
information. In stark contrast, the QNN demonstrates a intrinsic resi-
lience, prioritizing the general data structure over statistical outliers.
This robust behavior is underscored by a distinct phase transition-like
response to increasing label noise. This suggests that the QNN’s
learning dynamics is not a simple fitting exercise but a complex system
exhibiting critical phenomena, a behavior far more structured than the
continuous performance degradation of the MLP. Building on this
discovery, we investigate the field of quantum machine unlearning. We
find that the brittle nature of the classical model forms deep, stubborn
memories that make efficient unlearning profoundly challenging.
Conversely, the quantum model displays plasticity, proving highly
amenable to efficient forgetting. Approximate unlearning methods are
not only more stable but can achieve better performance than
retraining from scratch within the same training time window. This
work systematically demonstrates the dual advantage for QML by
providing both a foundational analysis of controlled levels of data
corruption in QML and the quantum machine unlearning framework
addressing a previously unexplored aspect of quantum model for-
getting, thereby paving the way for the development of secure and
adaptable quantum technologies.

Results

To systematically investigate the behavior of machine learning models
in corrupted environments, we conducted a comparative study cen-
tered on a classical MLP and a QNN built on top of parameterized
quantum circuits (PQC). We focused on data poisoning in supervised
learning paradigm and hence these models were evaluated on two
distinct binary classification tasks (Fig. 2b): a classical task using MNIST
handwritten digits (‘1" vs ‘9’) and a quantum task classifying the ground
state phases of the one-dimensional XXZ spin Hamiltonian. We first

probe the intrinsic resilience of each model by corrupting a controlled
fraction a of the training data using two distinct protocols: Label
Flipping and Feature Randomization (Fig. 1b). The former introduces
direct contradictions by inverting a sample’s class label, while the latter
destroys the data’s inherent structure by replacing the entire feature
vector with random noise. Subsequently, we assess each model’s
capacity for repair by applying four different machine unlearning
algorithms to remove the influence of the corrupted data. The fol-
lowing results reveal a consistent dual advantage for the quantum
model, demonstrating superior resilience to training data corruption
and greater amenability to efficient forgetting.

Superior resilience of quantum models to data corruption

In the Label Flipping scenario, where a fraction a of training labels are
inverted, the MLP and QNN exhibit starkly different resilience beha-
viors (Fig. 2c, d), revealing fundamental differences in their ability to
distinguish signal from noise.

The classical MLP shows a high sensitivity to label noise, resulting
in a continuous compromise of its generalization ability. As shown in
Fig. 2¢, d, its validation accuracy begins to degrade almost immediately
and steadily with any increase in the noise ratio a. This behavior stems
from its tendency towards brittle memorization asillustrated in Fig. 2a.
MLP attempts to accommodate every contradictory data point, caus-
ing a steady erosion of the global decision boundary’s integrity. While
its training accuracy remains high, this comes at the direct cost of its
performance on unseen data, indicating an inability to effectively
disregard even low levels of noise.

In stark contrast, the QNN displays a robust strategy characterized
by a resilient performance plateau followed by a sharp, critical tran-
sition at a = 0.5. As shown in Fig. 2c, d, the system exhibits two distinct
phases: a signal-dominated phase for a < 0.5, where validation accu-
racy remains high, and a noise-dominated phase for a > 0.5, where
performance collapses. Within the signal-dominated phase, the QNN
effectively ignores the noisy outliers-a behavior confirmed by its
decreasing training accuracy-thereby preserving the integrity of its
learned representation. The sharp drop at the critical point a. = 0.5 is
characteristic of a phase transition. This behavior is the hallmark of a
robust system that maintains its ordered state (correct classification)
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Fig. 1| Conceptual framework and data corruption protocols. a Conceptual
illustration of the learning and unlearning lifecycle investigated in this work. Both
the classical neural network and the quantum neural network are subjected to
training-time data corruption (poisoning) and subsequent correction (machine
unlearning). The distinct icons for each model represent their different computa-
tional paradigms. QNN shows superior performance for learning under data cor-
ruption and unlearning. b Visualization of the data corruption protocols on the
MNIST dataset, illustrated with representative examples and t-SNE low-dimension

projections of the feature space. The leftmost column shows the clean data, where
the t-SNE plot reveals two well-separated clusters for digits “1' (blue) and ~9' (red).
The middle column illustrates Label Flipping with a noise ratio of a = 0.2, creating
in-cluster anomalies as points retain their geometric position but adopt the
opposing class’s label. The rightmost column shows Feature Randomization

(a = 0.2), which replaces input images with random vectors, introducing a new,
structurally distinct cluster of noise points (gray).
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Fig. 2 | Superior resilience of quantum models to data corruption. a Conceptual
illustration of the two learning paradigms. MLP multi-layer perceptron, QNN
quantum neural network. The classical MLP engages in brittle memorization,
deforming its decision boundary to fit mislabeled outliers (e.g., blue dots in red
region). The QNN exhibits robust generalization, maintaining a simple boundary
and correctly classifying the majority of points. Note that the decision boundary is
only for illustration purpose and is not strictly from real experiments.

b Representative data from the two classification tasks. Distinguishing MNIST digits
1" and 9" and distinguishing ground state phases of the 1D XXZ spin model.

¢ Empirical results for the classical MNIST dataset. Plots show training (orange
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solid) and validation (blue dashed) accuracy versus the data noise ratio a. Under
label flipping, the MLP's validation accuracy continuously degrades, while the QNN
maintains a robust performance plateau before a sharp critical transition. Both
models are robust to feature randomization with moderate a. Shaded regions
represent the standard deviation over 5 optimization runs. d Empirical results for
the quantum XXZ dataset. The trends are consistent with the quantum data,
showing the MLP's continuous compromise versus the QNN's robust plateau under
label flipping. The QNN's resilience is thus a general feature, independent of the
nature of the data.

against disorder (label noise) up to a definitive transition point. In
other words, the label noise is a relevant perturbation for classical MLP
but an irrelevant perturbation for QNN. This advantage is not merely
about model size, as it persists even when comparing QNNs of varying
depth against MLPs of varying capacity (see Supplementary Informa-
tion Section III). The ability of QNN to maintain a predictable window
of high performance under a significant degree of contamination
makes it an inherently more reliable model for real-world applications
where training data is inevitably imperfect.

To ensure that the observed brittle memorization is universal to
classical learning paradigms rather than a result of specific model
architecture or capacity, we extended our evaluation to include more
models ranging from linear classifiers such as support vector machine
and logistic regression to modern architectures such as convolutional
neural networks, ResNet, and random Fourier feature networks (see
Supplementary Information Section II and IV). On the low-capacity
end, simple linear classifiers exhibit immediate linear degradation,
indicating that standard convex optimization forces the decision
boundary to shift to accommodate noise even without over-
parameterization. On the high-capacity end, modern deep archi-
tectures with increased depth, width, and features like residual con-
nections, batch normalization, and low frequency filters, all
consistently exhibit the continuous compromise behavior under label
noise. These results confirm that the phase-transition-like resilience is

a unique advantage stemming from the unitary structure of the
quantum model.

In the Feature Randomization scenario, where input feature vec-
tors are replaced with random noise, both models exhibit considerable
robustness, as the out-of-distribution nature of the corrupted data is
generally easy to distinguish®. However, a closer examination, parti-
cularly in data-limited regimes, reveals a more nuanced picture and a
distinct advantage for the QNN.

On the smaller XXZ dataset, the MLP’s performance degrades
notably at high corruption ratios (a > 0.8), where the number of
remaining clean samples becomes low (Fig. 2d). The model struggles
to form a stable decision boundary amidst a sea of random noise. In
stark contrast, the QNN’s validation accuracy remains almost entirely
unaffected across all values of a (Fig. 2d). This indicates a better gen-
eralization ability for QML models®* to identify and completely dis-
regard out-of-distribution noise, even when clean training examples
are very scarce.

This performance difference is less apparent on the larger MNIST
dataset (Fig. 2c), as even a high corruption ratio leaves a sufficient
absolute number of clean samples for the MLP to learn the task
effectively. Therefore, while both architectures can handle this type of
noise, the QNN’s performance under Feature Randomization, espe-
cially in the data-scarce limit, provides further evidence of its intrinsic
robustness.
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Fig. 3 | Enhanced unlearning plasticity of quantum models and its geometric
origin. Unlearning dynamics for the MLP and QNN on the classical MNIST dataset
(a) and the quantum XXZ dataset (b), following training on data corrupted by label
flipping (a = 0.3). MLP multi-layer perceptron, QNN quantum neural network. The
plots show validation accuracy versus the unlearning step for four different
unlearning methods. One unlearning step is a single training epoch over the
dataset. For the MLP, the Retrain method serves as a clear upper bound, while
computationally cheaper methods consistently underperform, evidencing stub-
born memories. For the QNN, approximate unlearning methods are highly effec-
tive, often outperforming the costly Retrain baseline within the early training time
window after a transient performance dip, demonstrating good model plasticity.
Shaded regions represent the standard deviation over 5 runs. ¢ Schematic
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illustration of the local loss landscape geometry around the local minimum of the
trained model. The MLP's landscape deforms from a wide, flat minimum (Clean)
into a pathologically sharp, brittle minimum (Poisoned) to memorize outliers. The
QNN's robust, stable minimum remains largely unperturbed by the data corruption.
d Quantitative analysis via the LRR, defined as the ratio of the Hessian trace in the
noisy vs. clean scenarios. The classical baseline is a ReLU MLP with two hidden
layers (16 and 4 units), while the QNN utilizes a 10-qubit hardware-efficient ansatz
with 6 layers. The MLP's LRR is several orders of magnitude greater than one,
confirming its landscape’s fragility. The QNN's LRR is consistently near unity
(dashed line), providing direct evidence of its landscape’s structural stability. Error
bars represent the standard deviation of the LRR across different initializations.

Quantum machine unlearning: plasticity versus stubborn
memories
Building on the finding of the QNN'’s resilience, we now assess its
capacity for repair by establishing the systematic investigation into
quantum machine unlearning. Our unlearning protocol begins with a
model initially trained on a dataset Dy..;,, which is a union of a clean
retain set, Diein, and a polluted forget set, Dj‘fgﬁg‘etfd. The goal of
unlearning is to efficiently alter the trained model to approximate a
new model trained from scratch solely on D;.in With sufficient training
steps, thus erasing the influence of the corrupted data. A separate,
held-out clean validation set, D, is used to evaluate the final perfor-
mance of the unlearned model.

To this end, we compare three efficient, approximate unlearning
strategies as well as the retrain from scratch setting:

* Retrain: The baseline method that discards the polluted model
entirely and trains a new one from scratch using only D,e¢,in, also
known as exact unlearning. It is effective but prohibitively costly
in practice.

Finetune: The simplest approximate method, which takes the
polluted model and continues training on Dyegin With the goal of
overwriting the bad knowledge as implied by catastrophic
forgetting®>°°.

Scrub: A multi-objective technique involving a teacher (the
original polluted model) and a student (the new model being
unlearned). It simultaneously trains on D¢, While encouraging
the student’s outputs on the forget set to diverge from those of
the teacher and outputs on the retain set to be consistent with
those of the teacher, thus actively forgetting®’.

* Gradient Ascent: A reverse learning approach that modifies the
optimization objective to perform standard gradient descent on
the retain set loss while simultaneously performing gradient
ascent on the forget set loss, actively unlearning the erroneous
samples by reversing the training process®®.

Our unlearning studies focus on the Label Flipping scenario, as it
presents the most relevant and challenging test case. In the Feature
Randomization scenario, the model’s performance is not significantly
compromised at the low-to-moderate corruption ratios (a) typical for
unlearning studies. The model effectively learns to ignore these out-of-
distribution outliers, meaning the prerequisite for unlearning-a
genuinely corrupted model in need of repair-is not met. Conversely,
studying unlearning at very high corruption ratios (a > 0.5) would shift
the problem from “unlearning a small data subset” to “few-shot
relearning from a tiny retain set”, a fundamentally different
paradigm. Therefore, Label Flipping at moderate a represents the
most suitable testbed where the model is sufficiently damaged to
necessitate repair.

The unlearning advantage of the QNN is not merely theoretical
but profoundly practical. We observe a stark contrast in the unlearning
dynamics between the classical and quantum models. For the classical
MLP, the Retrain method quickly establishes a high-performance
baseline. However, the computationally cheaper approximate
unlearning methods consistently underperform, struggling to close
the performance gap (Fig. 3a, b). This suggests that the MLP forms
stubborn memories of the poisoned data, which cannot be easily
erased without a costly hard reset via full retraining.
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Conversely, for the QNN, the Retrain process from a random
initialization exhibits slower convergence and greater instability.
Strikingly, the approximate unlearning methods are not only more
stable, but can achieve better validation accuracy within the same
limited computational window than retrain from scratch (Fig. 3a, b).
This demonstrates the QNN’s unlearning plasticity. The pre-trained
state, even though poisoned, serves as a robust starting point that is
highly amenable to efficient forgetting. This highlights a more favor-
able trade-off between computational cost and performance recovery
in the quantum model, marking a key practical advantage for quantum
unlearning. We have also evaluated the accuracy on the forget set as
detailed in Supplementary Information Section V.

An interesting feature of the QNN’s unlearning dynamics, parti-
cularly on the MNIST dataset, is the initial, transient dip in validation
performance before its subsequent recovery and ascent (Fig. 3a). We
interpret this not as a flaw, but as evidence of a necessary unanchoring
process. The initial poisoned state represents a stable but incorrect
local minimum. The unlearning procedure acts as a targeted pertur-
bation that temporarily increases the model’s loss, effectively heating
the system to allow for broader exploration of the loss landscape. This
transient destabilization enables the QNN to escape the suboptimal
minimum before it reconverges to a better, more correct solution. The
MLP’s unlearning curves lack this dynamical pattern, suggesting its
stubborn memories correspond to a much deeper, inescapable
minimum.

Mechanism of resilience: local loss landscape geometry

To understand the underlying mechanism behind the QNN’s resilience
and unlearning plasticity, we investigated the geometry of the loss
landscapes found by both classical and quantum models. The flatness
of a minimum in the loss landscape, which is inversely related to its
sharpness, is a key indicator of good generalization and robustness to
perturbations®®’°. We characterized this geometry by computing the
spectrum of the Hessian matrix (V) of the loss function at the final
trained model parameters. It is important to note that our analysis
focuses on the local geometry around the converged minima. While
the global landscapes of both classical and quantum models are non-
convex and complex’., their responses to noise around local mimima
differ fundamentally.

While the absolute values of the Hessian eigenvalues are difficult
to compare directly between models of such different architectures
and parameter counts (around 12,600 parameters in classical MLP
while only 234 parameters in QNN for MNIST task investigated here),
their relative change in response to data corruption provides a clear
and normalized measure of landscape stability. To quantify this, we
define the Landscape Roughening Ratio (LRR) as the ratio of the
Hessian matrix trace of the model trained on polluted data with that of
the model trained on clean data:

Tr(Hnoisy)

LRR= ———.
Tr(Hclean)

@

An LRR close to 1indicates a highly robust landscape that is insensitive
to noise, whereas a large LRR signifies a fragile landscape that deforms
significantly toward sharpness to memorize corrupted data in a brute-
force way.

Our analysis reveals a stark difference in landscape stability
(Fig. 3¢, d). The classical MLP exhibits extreme fragility, with a large
LRR (in the order of 10%). This astronomical increase confirms that the
MLP’s landscape undergoes a violent transformation to memorize the
contradictory noisy labels, shifting from a very flat basin to a patho-
logically sharp and brittle minimum. Escaping such a sharp valley
poses challenges on the unlearning algorithm. Approximate methods
might fail because their gentle gradient updates are insufficient to exit
this pathological basin.

In contrast, the QNN demonstrates exceptional stability. Its Hessian
trace remains similar, yielding an LRR of approximately or smaller than 1.
The QNN'’s architecture and optimization dynamics appear to resist the
formation of the sharp, complex minima required to overfit to outliers. It
preserves the clean landscape geometry, thereby maintaining its robust
generalization performance. This inherent structural stability, as cap-
tured by its near-unity LRR, is the origin of both its resilience to poi-
soning and its amenability to efficient unlearning. A further open
question arises when considering the scaling of these models. While
deeper circuits may offer greater expressivity, they also risk the onset of
barren plateaus-regions of extreme flatness’>”’. Future research must
therefore explore a critical trade-off: does the flatness inherent to barren
plateaus represent an ultimate form of robustness, or does it constitute a
trivial stability that comes at the cost of all learnable features?

The empirical LRR findings are further supported by a rigorous
analytical derivation (see Supplementary Information Section I). We
prove that deep classical ReLU networks are susceptible to an
unbounded curvature explosion, allowing them to form arbitrarily
sharp minima to memorize outliers. In contrast, QNNs possess struc-
tural stiffness where the Hessian is bounded by the unitary nature of
quantum gates. Furthermore, we derive an error-phase interaction
term which generates negative definite curvature when the model
attempts to fit contradictory labels, actively canceling out the positive
curvature required for memorization. This mechanism mathematically
prevents the formation of sharp, brittle minima for data noise, forcing
the QNN to settle for a smooth, generalizable solution.

Discussion

Our findings show intrinsic differences between two learning para-
digms. In the face of corrupted data, the classical MLP acts as a diligent
but brittle stenographer, meticulously recording every detail, includ-
ing falsehoods. The QNN, in contrast, behaves more like a discerning
editor, prioritizing the integrity of the main narrative over accom-
modating every outlier. Our analysis of the loss landscape geometry
provides a compelling mechanism for this difference, revealing that
the QNN possesses a dual advantage rooted in a single, fundamental
property: the inherent structural stability of its landscape.

Our central finding that QNNs exhibit a resilience to data cor-
ruption can be understood as the manifestation of the strong gen-
eralization properties for QML models®‘. The theoretical guarantee of
a small generalization error is not merely a passive property for clean
data; our results show that it is an active one. The QNN fights to pre-
serve its generalizable solution even when pushed towards memor-
ization by label noise. Our Hessian analysis reveals the physical
mechanism that underpins this robust generalization. While the con-
cept of flat minima is well-established for generalization, we introduce
the crucial dimension of landscape stability under data corruption. The
classical MLP finds an exceedingly flat but fragile minimum on clean
data, which deforms into a pathologically sharp landscape under data
noise. In contrast, the QNN’s loss landscape is structurally stable, with
its geometry remaining almost entirely unperturbed by data corrup-
tion, as quantified by its near-unity LRR. This stability is the direct
cause of the favorable generalization guarantees for QML. The mac-
roscopic phase transition we observe at a = 0.5 is the ultimate signal of
this stability: the system resists disorder up to a critical point before
undergoing a cooperative shift, a behavior far more structured and
robust than the continuous performance compromise of the MLP.

Our finding that QNNs exhibit a robust resilience to label noise,
preferring to maintain a simple, generalizable solution rather than
memorizing outliers, may seem to be in tension with recent work
demonstrating that QNNs possess a high capacity for memorization’,
where QNN is shown to be expressive enough to fit pure noise. In fact,
our work provides crucial complementary insight into the model’s
inductive bias. While Ref. 78 establishes what QNNs can do (capacity),
our comparative study with MLPs reveals what they prefer to do. Our
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results show that when a dataset contains a mixture of signal and noise,
QNN creates a strong preference for the signal. The MLP, on the other
hand, can also remember all training samples’ while lacking this
robust inductive bias and readily engages in brittle memorization of
the noise. Therefore, the QML generalization is twofold: QNNs possess
a surprisingly high capacity to memorize, yet they simultaneously
exhibit a built-in resistance to doing so when a simpler, more general
solution exists. The high potential capacity coupled with a strong
regularization bias is precisely what makes QNN promising for learning
in noisy, real-world environments.

These results compel us to reconsider the nature of the quantum
advantage in the near term. While the quest for exponential speedups
remains an ultimate goal, our work suggests that a more immediate
and practical advantage may lie in the domains of robustness and
trustworthiness. In an information ecosystem rife with noise, bias, and
adversarial manipulations, the ability of a model to resist corruption
and be efficiently corrected is of great importance. The dual advantage
of resilience and plasticity positions QML as a uniquely promising
paradigm for building reliable Al systems.

However, our study carves out only small pieces of this vast ter-
ritory. We operated under the assumption of fully known forget sets
and noise at the data level. This opens several crucial future directions.
A primary question is to disentangle the effects of data-level noise
from device-level quantum noise. How does the inherent noise of near-
term hardware interact with our observed resilience? Does quantum
noise act as a further regularizer, enhancing robustness, or does it
degrade the model’s ability to distinguish signal from noise, potentially
erasing this advantage? Furthermore, future work should also explore
these phenomena across a wider range of model architectures, data-
sets, learning tasks, and unlearning techniques, specifically for unsu-
pervised learning and generative tasks. By continuing to chart the
response of quantum models to real-world data imperfections, we can
pave the way for secure and adaptable quantum technologies.

Methods

Classification tasks

In this study, we investigate two distinct binary classification problems
to evaluate the performance of our methods.

XXZ model ground state classification. This problem originates from
quantum many-body physics and involves classifying the quantum
ground states of the one-dimensional spin-1/2 Heisenberg XXZ model.
The system consists of a chain of L = 12 spins with periodic boundary
conditions. The Hamiltonian of the system is given by:

L
Hyxz= Z(UZ( i1t 010),,+Adiot.), 2
i=1
where of are the Pauli matrices for the spin at site i, and A is the
anisotropy parameter that controls the phase of matter. The boundary
condition imposes that ;.1 = 0.

The dataset is generated by numerically calculating the ground
state eigenvector of this Hamiltonian for different values of A usin
exact diagonalization. The ground state, a normalized vector in C?,
serves as the input feature vector x. The task is a binary classification
problem to distinguish between two quantum phases based on the
anisotropy A:

* Class O (Gapless Phase): The ground states generated for values of
the anisotropy parameter A in the range:

A e[-0.96, —0.94, ...,0.94,0.96].

This corresponds to the gapless (critical) phase of the
XXZ model.

* Class 1 (Gapped Phase): The ground states generated for values of
the anisotropy parameter A in the range:

A €[1.02,1.04, ...,2.98,3.00].

This corresponds to the gapped antiferromagnetic Ising-
like phase.

The validation dataset includes the ground states from
A €[-0.97,-0.95, ..., 2.99].

MNIST digit classification. This is a classical computer vision task
based on a subset of the well-known MNIST dataset of 28 x 28 hand-
written digits.

The task is a binary classification problem designed to distinguish
between two specific digits, ‘1’ and ‘9". To create a balanced dataset, we
select 250 image samples for each of these two digits. The input fea-
ture vector is the flattened pixel representation of the image. The
classes are defined as follows:

* Class 0: 250 images of the digit ‘1".
* Class 1: 250 images of the digit ‘9'.

The validation dataset includes 1000 other images of the two digits.

Model architectures

We compare the classical MLP with QNN. The specific hyperpara-
meters for each model were chosen to achieve effective learning on
their respective tasks (see Supplementary Information Section VII).
The schematic architectures are shown in Fig. 4.

MLP. Our classical model is a standard feed-forward multi-layer per-
ceptron, used for both the XXZ and MNIST tasks. The architecture
consists of an input layer accepting the flattened data vectors, fol-
lowed by two hidden layers. The Rectified Linear Unit (ReLU) serves as
the activation function for both hidden layers. The output layer con-
sists of a single neuron with a sigmoid activation function to produce a
probability for the binary classification task. For the XXZ model
ground state classification task, the wavefunction components are
split into real and imaginary parts for the pure real input of MLP.

QNN. Our quantum model is a parameterized quantum circuit, imple-
mented using the TensorCircuit-NG library®°. The architecture of the PQC
was adapted to the specific dataset to ensure effective learning.

* For the XXZ task, the model operates on a register of 12 qubits,

matching the spin chain length. The 4096-dimensional ground
state wavefunction is loaded directly into the initial state via
amplitude encoding. The variational ansatz has a depth of 4.
For the MNIST task, the model operates on 10 qubits. The 1024-
dimensional padded input vector is loaded via amplitude
encoding. To handle the increased complexity of this classical
dataset, the variational ansatz has a depth of 6.

For both tasks, each layer of the ansatz is composed of single-qubit
rotations (RX, RY, and RX gates) applied to all qubits, followed by a
layer of RZZ gates (e%2Z+1) arranged in a linear chain to generate
entanglement. The classification output is derived from the expecta-
tion value of the Pauli-Z operator measured on the final qubit, which is
then passed through a scaled sigmoid function to map the output to a
probability.

Data contamination

To simulate real-world scenarios where training data may contain
errors, we employ two distinct methods to contaminate an originally
clean dataset.
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RelLU
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Fig. 4 | Model architectures. a Schematic of the QNN architecture used in this
study. The model consists of an N-qubit register initialized with an input state |¢},).
A variational ansatz is applied, composed of D repeated layers. Each layer consists
of single-qubit rotations (RX, RY, RX) followed by entangling two-qubit gates (RZZ)
applied to adjacent qubits. A final measurement is performed to extract the

RelLU Sigmoid

N B

classical output. b Diagram of the MLP architecture. The classical model is a feed-
forward neural network consisting of an input layer, two fully-connected (Dense)
hidden layers each followed by a ReLU activation, and a final output layer with a
sigmoid activation function for binary classification.

Label flipping. This method targets the labels (y) of the data, simu-
lating common annotation errors. For a binary classification task
where the labels are y € {0, 1}, the label flipping operation is defined as:

JYpoisoned = 1 = Yejean- 3)
This directly corrupts the mapping between features and labels, ren-

dering the model to learn an incorrect, and potentially opposite,
decision boundary. It represents a challenging form of data poisoning.

Feature randomization. This method targets the features (x) of the
data, simulating corrupted or replaced input. For a subset of samples
of ratio a, the original feature vector X € C¢ is replaced by a randomly
generated vector, X;, ;.- The random vector is real for MNIST task and
complex for XXZ model ground state task. For the complex one, the
generation process is as follows:

1. Two real-valued vectors, Oreq and 0im,g, are drawn from a normal
(Gaussian) distribution, where each component is sampled
independently:

(oreal)jr (oimag)j ~N(pu=0, o’= 1). 4)
The poisoned input vector is then constructed using these random
vectors as its real and imaginary parts and finally get normalized:

X ereal +i- aimag-

©)

This method completely destroys the original feature struc-
ture, forcing the model to associate a label with meaningless
random noise, which can severely damage the learned fea-
ture representations.

/ —_
poison —

In the context of our machine unlearning experiments, the data is
partitioned into the following sets:

* Duain (Training Set): This is the dataset used to train the initial,

polluted model. It is a composite set containing both the

clean retain data and the polluted forget data. For-
lluted
ma"y' Dtrain = Dretain U ID?;' léte .

* Dietain (Retain Set): This is the subset of the original training data
whose knowledge the model should retain after the unlearning
process. This set is entirely clean and unpolluted. A primary goal
of any unlearning algorithm is to maintain high performance
on Dretain'

* Drorget (Forget Set): This is the subset of the original training data
whose influence the model must forget. During the initial training,
the polluted version of this set, D?cﬁ’r';‘;‘fd, is used. For evaluation
after unlearning, the corresponding clean version, Dﬁé?_;gt, is typi-
cally used to verify that the model can now correctly classify this

type of data. It is important to note that for unlearning methods

like Gradient Ascent, the polluted version, Dfﬂé‘éﬁed, is used during
the unlearning phase to directly counteract the original erroneous
learning signals.

* D,a (Validation Set): This is a completely clean dataset that is held
out from all training and unlearning procedures. It serves as the
gold standard for evaluating the final performance of the
unlearned model, as it measures the model’s ability to generalize
to unseen clean data after the unlearning process is complete.

Machine unlearning methods

To assess the capacity of each model for repair, we implement and
compare four distinct machine unlearning algorithms. Each procedure
begins with a model pre-trained on a corrupted dataset and aims to
remove the influence of a specified forget set, Droge,, While preserving
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knowledge from the clean retain set, D ¢,i,. We define one unlearning
step as a single training epoch over the retain set D, (and the forget
set Deorge, fOr methods that utilize it).

Retrain. Considered the gold standard for unlearning, this method
involves completely discarding the polluted model and training a new
model from a random initialization, using only the clean retain set
Dretain- 1ts Objective is to minimize the standard empirical risk on this
sanitized data:

0., = argmin

>

(X, Y)€Dretain

L£(0:;x,y). (6)

While providing a perfect removal of the forget set’s influence, this
approach is often computationally prohibitive for large-scale models.

Finetune. This is a computationally efficient approximation of
retraining. The procedure starts with the parameters of the already-
trained polluted model, 6,4, and continues the training process using
only the clean retain set D,.i,. The objective is to overwrite the bad
knowledge learned from the forget set by leveraging the phenomenon
of catastrophic forgetting. The loss function is identical to that of the
Retrain method, but the optimization starts from 6,4 instead of a
random initialization.

Gradient ascent. This method implements a more targeted reverse
learning process. It unifies the objectives of retaining and forgetting
into a single loss function. The model simultaneously performs stan-
dard gradient descent on the retain set while performing gradient
ascent on the forget set. This is achieved by minimizing a composite
loss where the contribution from the forget set is subtracted:

>

(X, )€Dyetain

Lca(0)= LOX)-B > LO:XY).

(x’y)e,ppol]ured (7)

forget

Here, B is a hyperparameter that balances the strength of forgetting
against retaining. This unified objective often leads to a more stable
optimization process than multi-objective techniques.

Scrub. This technique employs a multi-objective push-pull framework
that explicitly separates the goals of retaining and forgetting®’. It uses
the original polluted model, 8,4, as a teacher to guide the unlearning
of a student model, 6. The total loss is a weighted sum of three distinct
components:

Locrab@® = AeLcr(0; Dregiin)
+/1kl‘CKL, retain (0) (8)

_/1[0 LKL, forget (0)

The first term is a standard cross-entropy loss on the retain set to
maintain accuracy. The second term, Ly, renin, Uses the Kullback-
Leibler (KL) divergence to encourage the student’s outputs on the
retain set to remain close to the teacher’s, thereby anchoring useful
knowledge. The final term, Ly, e, maximizes the KL divergence
between the student’s and teacher’s outputs on the forget set,
explicitly pushing the student model away from the teacher’s incorrect
predictions. The hyperparameters A, Aqy, and Ag, must be carefully
tuned to balance these often-conflicting objectives.

We have evaluated these unlearning methods with different
hyperparameters and multiple trials, please see Supplementary Infor-
mation Section VI for details. All numerical results are carried out on
high performance computing clusters.

Data availability

The data generated in this study have been deposited in the Zenodo
database under accession link https://doi.org/10.5281/zenodo.
18641024%". The MNIST dataset is publicly available at http://yann.
lecun.com/exdb/mnist/.

Code availability

The custom code and scripts used to generate the results and analyze
the data in this study are publicly available on GitHub at https://github.
com/yutuer2l/quantum-machine-unlearningand have been perma-
nently archived on Zenodo under the https://doi.org/10.5281/zenodo.
18641024%.. The quantum neural network implementations are based
on the open-source quantum software framework TensorCircuit-NG,
which is available at https://github.com/tensorcircuit/tensorcircuit-ng.
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