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When Quantum Meets Al:
Opportunities & Challenges




Summary

* Quantum for Al: New tools for prediction, representation and generation

e Al for Quantum: New kinds of data and new challenges to Al
 Mathematical tools can help analyze and improve quantum computing and Al

e When Quantum meets Al, new algorithms and new mathematical questions emerge

New capabilities
New design

New hardware
New algorithms



Quantum Computing

+ A quantum computer evolves according to Schrodinger’s equation.

+ Computation 1s programmed by controlling the Hamiltonian

., dy (1)
in i = H(0(1))w(1) The state space increases exponentially w.r.t the number of qubits!
— Hard to compute classically in general
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Bowy oo Howou | | G2 Answer 1s encoded in the probability distribution
e.g. mode, expectation, etc.

* Encode the problem in H(6(¢)) and/or y(0) 40

o Control (1) fromt=0tot=T
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Quantum Circuit Notation

State

. Evolution Measurement
preparation
P WM, o
p, UM €& C2>*%
p 20,
) =1, yiog  2LMiMy=1
Tr(p?) < 1 "

A quantum circuit can be used to evaluate quantities of the form Tr [A'B| where A" = A, B" = B

— This is the Hilbert-Schmidt inner product (A, B) s



Introduction: ML
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* Machines learn by solving as an optimization problem:

Task Model

l
min [E {L [ li(z,x) ]

e xed
Sample: & ¢ r \
- 4 = 2 0 2 4j o PI’iOI‘, Data
Constraints

* The goal of ML: Given § = {x;}'2, ~ 9, identify h(z*,x) that generalizes well for 9
» Search from a good — expressive & etficiently computable — hypothesis class (model)
» [ocal solutions may be better than the global solution for generalization

* Faster optimization? Better solution? Better model? What 1f data 1s quantum?



Introduction: ML

* Machines learn by solving as an optimization problem:

300 F

Task Model
N Vol
min [E {L [ h(z,x) ]
1:2 Sample: & ZE% XEc%j
: W = 0 2 e Prior, Data
Constraints

* The goal of ML: Given § = {x;}'2, ~ 9, identify h(z*,x) that generalizes well for 9
» Search from a good — expressive & etficiently computable — hypothesis class (model)

» [ocal solutions may be better than the global solution for generalization

* |Faster optimization?)Better solution? Better model? What if data is quantum?

& Provable quantum advantages exist Ir [A TB]
& Not for near-term




Quantum for Al



Quantum Supervised Learning

* Given: N labelled samples of data {(p(x)), y)), (P(x), ¥)s -... (p(xy), )} = D

* Task: Find a prediction function h(x) that minimizes the expected risk R(h) = E () ,)~p |1 (x) = ¥
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repeatedly * ] |I I * (M)
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(1) Gradient-based optimization of parameterized quantum circuits

» ;Tr [MU@pG)UT )] W hix,0) = Tr [U(OMU@O)px)| = Y c(@)e™ . Fourier expansion

w e

_ _ N _ N
- Tr [p(xp(x) | = k(x;, X)) * h(x,a) =Tr Z a.px)px)| = Z ak(x, x;) . Kernel expansion
] ] =1 ] i=1

(2) Quantum kernel method: Train kernel SVM via convex optimization



Quantum Supervised Learning

e QML builds a model g(x, 8) = Tr(M(0)p(x))

e leto, € {I,X,Y,Z}®" represent an n-qubit Pauli operator

¥
© M(O) =M®O) . M©®) = ) u(0)c; where u(0) € R
=1

.
o p(x) =p®' . p(x) = ) Px)o; where ¢(x) € R
=1

Model param
4 4 4n
o g, 0) = ) Y u(OTr(oo) = ) uO)px) since Tr(o) o 8; [q(x,0) = ji(0) - P(x)
i=1 j=I i=1
ve QML builds a linear model (w.r.t ¢p(x)) 1n 4" real vector space! Non-linear feature map

b & For binary classification, an analytical solution has been known since the 1960s!



Optimal Solution to Quantum Supervised Learning

o For a set of training samples, & = {x(+) + 1} U {x( ) — 1= the loss becomes

M : . M :
A 1 . 5 T
R(S,0) = Pr(E_0)|x™| + ) Pr|E,.(0)]x"”
(S.0) M++M_(i§ r|E0) 5 2} r|E©)]x )

1

M, _
- ( Y Tr (E_ U@) |xM)(x™® | U (0)) + f} Tr (E+U(0> 7)) (x ] U*(H)))
+ — \ =1 =1

ll’

=p, Tr (U'@OE_U@)p, ) +p_Tr (U @)E,U@)p_)

where p, = —Z \x(+))(x(+)\ and p_ = _Z \x( ))(x( )|

=1

. | 1
e R(&,0) > 5 D (p.p.,p_p_) where D (A, B) = ETr | A — B| 1s the trace distance



Role of Quantum Data Embedding

o The trace distance 1s contractive under CPTP maps: D (P(p.), P(p_)) < D (p,,p_)
e The smallest possible training error 1s determined by the quantum data embedding
e The trace distance i1s strictly contractive it @ 1s non-unitary

» Noise will increase the training error

o For classmal data clasmﬁcaﬂon quantum data embeddmg should maximize Dtr(p s ,0 )

Use ML to optimize the data encodmg — Neural Quantum Embeddmg (N QE)

> Improves the theoretical bounds (both training & generalization)

> Improves classification performance against noise
T Hur, IF Araujo, DK Park. Phys. Rev. A 110, 022411 (2024)
T Hur, DK Park. arXiv:2411.06919 (ICML 2025)
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Generalization: Finite Hypothesis Class

* Consider a finite Hypothesis Class #Z = {hy, h,, ..., hy}.

Vs Hope R(h*) ~ R(h*)
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* Forany 6 > 0, with probability higher than 1 — 6,

log|#Z | +1og2/o

2m

R(h) < R(h) + \/
e Proof Sketch:

Pr |max |R(h) — R(h)| > €
he#

< Y Pr||RMR) - R > €| < 7] x 2exp (—2me?)
he ] )

e Here, complexity measure i1s simply |#| = N. /. But for QML | 7| = oo.



Previous Studies on Generalization in QML

R(h) < R(h) + O

T : # of trainable parameters
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Modern quantum machine learning (QML) methods involve variationally

% Check for updates optimizing a parameterized quantum circuit on a training data set, and sub-
sequently making predictions on a testing data set (i.e., generalizing). In this
work, we provide a comprehensive study of generalization performance in
QML after training on a limited number N of training data points. We show that
the generalization error of a quantum machine learning model with T trainable
gates scales at worst as /T /N. When only K« T gates have undergone sub-
stantial change in the optimization process, we prove that the generalization
error improves to /K /N. Our results imply that the compiling of unitaries into
a polynomial number of native gates, a crucial application for the quantum
computing industry that typically uses exponential-size training data, can be
sped up significantly. We also show that classification of quantum states across
a phase transition with a quantum convolutional neural network requires only
a very small training data set. Other potential applications include learning
quantum error correcting codes or quantum dynamical simulation. Our work
injects new hope into the field of QML, as good generalization is guaranteed
from few training data.

AR

That i1s a “uniform bound”’.

Can be vacuous.
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Understanding quantum machine learning
also requires rethinking generalization
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Published online: 13 March 2024 Quantum machine learning models have shown successful generalization
performance even when trained with few data. In this work, through sys-
tematic randomization experiments, we show that traditional approaches to
understanding generalization fail to explain the behavior of such quantum
models. Our experiments reveal that state-of-the-art quantum neural networks
accurately fit random states and random labeling of training data. This ability
to memorize random data defies current notions of small generalization error,
problematizing approaches that build on complexity measures such as the VC
dimension, the Rademacher complexity, and all their uniform relatives. We
complement our empirical results with a theoretical construction showing that
quantum neural networks can fit arbitrary labels to quantum states, hinting at
their memorization ability. Our results do not preclude the possibility of good
generalization with few training data but rather rule out any possible guar-
antees based only on the properties of the model family. These findings
expose a fundamental challenge in the conventional understanding of gen-
eralization in quantum machine learning and highlight the need for a paradigm
shift in the study of quantum models for machine learning tasks.

" Check for updates




Generalization Bound with Margins

o Generalization in QML can be better characterized using margin [Bartett etal. NIPS 30 (2017)]

o Consider the general k-class quantum classifier

B For QML, & € {p(x) — [Tr(EiU(H)p(x) U 7L(6’))] i 0 € O} (probability of classifying p(x) as i)

" Define margin as (v, y) := v, — maxv; (success prob — largest competing error prob)
IFY

A 1 « j
* Empirical margin loss: R (h) = — lzzl [ (h(p(x;),y;) < y] where [[z] = {(1) ;ftflerwise

. 1 «
b f Empirical loss R(h) = — Z I[arg max h(p(x;)) # ;]
m
i=1

R(h) = 0.1

¢ y R (h) =0.1

R(h) = 0.1 t
R(h) = 0.5 4




Generalization Bound with Margins

e Theorem. Generalization bound with margins:

Consider an n-qubit QNNs consist of unitary U € Ugyy and POVMs {E;}%_, for k-class
classification.

Let b be a distance bound such that ||U — Ul ; < b holds for any U € Uy with a
reference unitary matrix U,

Then, for any 6 > 0 and y > 0, with probability at least 1 — § over an 1.i.d. sample & of size
m, the following holds tor all h € {p — {Tr(E,UpU T)};‘:l . U € Ugnn !

K NER
R(h) < R (h) + O 2\/HZZ=1 | E;| +\/ln(1/5)
4 m

m

T Hur, DK Park. arXiv:2411.06919 (ICML 2025)
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Generalization

Takeaway
Proof Sketch ’ |

The proot combines:
R : Rademacher Complexity o statistical learning theory: margin loss, Rademacher complexity
A"+ Covering Number o entropy methods: covering numbers, Dudley integral

F : Hypothesis Class of QML model

e quantum information: Lipschitz geometry of measurement operators

1. Rademacher Complexity e matrix approximation: Maurey-type sparsification

n(2/9)

2m

R(h) < Ry(h) + 2R((F,)\) + 3\/

2. Dudley’s Entropy Integral

RWU) < inf |

a>0 \/% m

da 12 (V7
j VT AT Tdp

a

3. Covering Number Bound for QML model

€

In. ((F <l ({UX:UeU ! <_32msz2 In 4N2
0 (F s el 1) <0 ((UX: V€ Vgl 1 ) < | =55 [1n

Lipschitz property of

quantum measurement Maurey’s Sparsification Lemma



Improving Generalization via NQE

Small y

e Theory-guided improvement ot generalization in QML )
Large R (h)

» D, upper-bounds mean (u) of the margin distribution!

1 M
H= D M), y) < D(p_py.p_p-)
=1

e 8-qubit simulation results:

Our method
Fixed Quantum Embedding Trainable Quantum Embedding Neural Quantum Embedding
Test Accuracy Test Accuracy Test Accuracy
1 0.741 1 0.876 1 0.901
KMNIST1 - ] 0.758 X —‘ 1 3 0.865 X —‘ 1 3 0.928 X —|

[ 1 0.894 [ 1 0.801 [ 1 0.966
Large y
Small R, (h)

FASHION - ’— X —’ - X —’ - X —|

vt HT R J | 0 p-

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Margin Distribution Margin Distribution Margin Distribution
T Hur, DK Park. arXiv:2411.06919 (ICML 2025)




Physics-Inspired Generative Modeling

* An ancestor of the Modern Generative Al: Boltzmann Machines (inspired by physics)
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Physics-Inspired Generative Modeling

* An ancestor of the Modern Generative Al: Boltzmann Machines (inspired by physics)

Wouldn’t it be more
natural to use a physical
system that is described

Hard to sample Restrict the network &
from Boltzmann approximate!

distribution!

010001
100101




Generative Modeling via Quantum Annealing

— /\(5)
=== Physical temperature |[»

* Quantum annealer: |
ih

dly()
7 = H(®) |w(D))

» Can be controlled to generate Boltzmann-distributed data - H() = AWH, + BOH,

Als)

» Use for training a Boltzmann machine

— FFaster and better training than classical (e.g. MCMC)!
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 Qutlook: Revival of tully-connected BM (which was ruled out in 1980s!)

G Kim, | Gyhm, DK Park. PRE 113 035302 (2026)



Variational Autoencoders with General Boltzmann Priors

Encoder Decoder o
Maximize:
N 7
W7 S L6, p,w) =E,_ .1»|logpyx|2)| — DKL<61¢(ZIX) | p (z))
\\?:,‘3:“:'3:" R\:\S‘gé,’/ﬂ: N %;::}':i‘;?// reconstruction prior matching
X | g ) 258 X% O &8 X )
AL Av.\\ '. PR A ere
2w/ AN Dye (44210112, ) = By |E,@)| + 1082, = S(ay(z10))
/'I/l. =N \‘\
. — entropy
Reconstruction .
z€ (£1}K ~ g,(z|0) * po(x]2) Gradient:
A
f Generation =
i V, (EycimlE, @1 +logZ, )
z€ {£1}" ~ p,(2) x exp[—E (2)]

= Byl Vi £y = |y o)LV, £, ()]

Bokltzmam; sampling!

>z EEK <6

SN A7
N\
N A

. Thermodynamics-inspired representation learning,
enabled by quantum computing
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G Kim, DK Park. arX1v:2604.00919



Variational Autoencoders with General Boltzmann Priors
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Al for Quantum



Quantum Eigensolvers: Why it Matters?

., dy(1)
in e H(t)y(7) H(t)y (1) = E(0)y(1)
Nature isn't classical, dammit, | .
and if you want to make a V4 ChemlSth & Materials
simulation of nature, you'd better |
make it quantum mechanical... » Molecular properties

» Core to drug discovery, battery and new materials research
& Physics
= Quantum many-body systems

» Central to exploring new physical phenomena

~ Optimization

» Map combinatorial optimization to Hamiltonian eigenvalue problems




Krylov Subspace Diagonalization

Hamiltonian: H(X) Krylov subspace: K = Span{e_’jH(f)At\l/fo)},j =0,1,....D—1

D < dim(H) for speed-up

[+ P=H: H = (y|H|y) '
0) P=1I: S;=lw
0- —— exact
H‘ ¢z> — Ei ‘ ¢i>9 EO S El S o S EN_l 1 2nd-order Trotter step
_5. 2 2nd-order Trotter steps
— —— 4 2nd-order Trotter steps
AE] o E] - EO S —— 8 2nd-order Trotter steps
o -10-
0<E,—E<e I
—151 A
7 —(D-1) .
¢ = 8AEy_, ( L~ 1ol 4o ) (1 | A, ) 10 20 30 40 50
| (wo | o) | AEy_; . D

il Circuit depth grows linearly with D

Figures from Nature Communications 16 5014 (2025)



Generative Krylov Subspace Diagonalization

Hamiltonian: H(X) Krylov subspace: K = Span{e_’jH(f)At\l/fo)},j =0,1,....D—1

D < dim(H) for speed-up

>

~/

P=H: Hy = (y|H|y)
P=1: Sjkz AR

| +)

Conditional Generative Model

B 2

Conditioning Generative
Network g, Model py




ML-assisted Quantum Eigensolver

* Training Data: Approximate solutions of quantum systems pre-computed using a quantum computer
* Task: Predict more accurate solutions for new quantum systems

* Data generation on QC + learning & inference on CC — New paradigm for Al-based quantum simulation

20-qubit experiment

15-qubit simulation .
H(J) =) J,XX + YY) +ZZ

H(J) = Z J (X X; + Y)Y, + Z,Z)

D=5 vz D=10

16

—e— |deal — -
14 —8— Transformer 6
—— Mamba
12 5
“!','&A 4 ./ //
TELT " 4 %
= <
QUANTUM . <9,
g e 2
s  collection 1 ///
0

2 2 6 8 10 12 14

Krylov Dimension ibm_fez Transformer Mamba

C Lee, D K Park. arXiv:2512.19420 30 training / 20 test



Quantum Computing Is Hard in Practice

* Qubits are extremely sensitive to their surroundings — Easy to lose quantumness
* QQubits must interact accurately with each other — Hard to isolate from noise

e (Gate and measurement errors are unavoidable

=Without error control, guantum advantage cannot be realized in practice

* How to combat noise & impertections?
» Frror suppression: Algorithmically reduce system-bath interaction
» Frror mitigation: Post-processing of a large data obtained via controlled repetitions

= Error correction < Enables scalable & arbitrarily long computation



Basics of Decoding

* Quantum error correction (QEC) 1s essential for scalable quantum computing

* QEC encodes logical information across many physical qubits and detects errors via syndrome measurement

Svndrome outcomes

E.g.) Surface code

{IL’ XL’ YL? ZL}




Basics of Decoding

* Quantum error correction (QEC) 1s essential for scalable quantum computing

* QEC encodes logical information across many physical qubits and detects errors via syndrome measurement

Svndrome outcomes

E.g.) Surface code

Not unique!

{ILa XLa YLa ZL}

* Maximum likelthood decoding 1s NP-Hard!

* Approximation needed — Depends on the noise model



Basics of Decoding

* Quantum error correction (QEC) 1s essential for scalable quantum computing

* QEC encodes logical information across many physical qubits and detects errors via syndrome measurement

Svndrome outcomes

E.g.) Surface code

Not unique!

{ILa XLa YLa ZL}

Classification!

* Maximum likelthood decoding 1s NP-Hard!
* Approximation needed — Depends on the noise model
* Neural decoder: Agnostic to hardware noise & adaptable to various settings

e Decoder must be accurate and fast



ML-assisted Quantum Error Correction

* Decoders based on sequence models (e.g. Transformer, Mamba) have demonstrated excellent
performance — Al for the development of reliable and scalable quantum hardware!
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C Lee, T Hur, D Park. arXiv:2510.22724



Summary

* Quantum for Al: Quantum feature maps and energy-based generative models offer new approaches to
prediction, representation and generation

e Al for Quantum: Train classical Al on quantum-generated data for scalable quantum simulation & computation
* Mathematical tools can help analyze and improve QML (e.g. margin-based generalization analysis)

e When Quantum meets Al, not only do new algorithms emerge, but so do new mathematical questions, e.g.,

m For which practical learning tasks do quantum feature maps offer provable advantages?

m When does classical hardness of quantum sampling differ from its statistical learnability for prediction tasks?
m Tighter generalization bounds for QML

m Generalization & sample complexity of energy-based models

s How should ML models reflect the structures and symmetries of quantum-native tasks and data?

m How should sample complexity scale with system size in Al for quantum?



