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ABSTRACT

Energy-based formulations of problems in computer vision and in particular the
image registration problem are notoriously non-convex and traditionally require
a combination of various techniques to obtain a good solution of the underlying
optimization problem during the inference step. In this work, we explore how a re-
cent result from quantum computing can help with this task. Specifically, we show
how to apply Quantum Hamiltonian Descent to an optimization problem occuring
in image registration. Numerical simulations on real-world data show that the
method allows to recover good global minima despite the strong non-convexity,
without relying on any heuristics or meta-strategies for aiding the optimization.

1 INTRODUCTION

Many tasks in computer vision suffer from difficult to solve optimization problems. One such ex-
ample is image registration (Modersitzki, 2009; Oliveira & Tavares, 2014). Given two images, the
task is to find a transformation that aligns them with each other. We represent the reference (fixed)
and template (moving) images R and T as functions R, T: Q — R with Q C R?. The unknown
transformation is modelled by a mapping ¢: R® — R? that transforms point coordinates in the
reference image to the template image coordinate system, ideally such that 7o ¢ ~ R.

The problem as such is highly underdetermined and thus requires regularization. In energy-based
registration, the transformations are typically found by solving optimization problems of the general
form
min D(R,T o)+ R(p), 1
L. min ( @)+ R(¥) (D
where D is a distance measure between two images and R is a regularizer enforcing that ¢ is “well-
behaved” or “sensible”.

Even including regularization, the resulting optimization problems are typically highly non-convex
(Figure 1). Non-convexity is generally a non-desirable property for energy-based methods, which
ultimately rely on iterative optimization methods that use local information—e.g., function values
and derivatives—around the current iterate and are therefore prone to getting stuck in local minimiz-
ers. Therefore, these methods are often limited to local convergence results and require heuristics
such as coarse-to-fine strategies or multi-step registration, for example by introducing an affine or
feature point-based pre-registration.

One could hope that this situation would be improved by learning-based data-driven methods, and
considerable effort has been made in this direction (Haskins et al., 2020). However, it has been
greatly hindered by the fact that true ground truth is almost always unavailable for real-world image
registration problems, and while some quantitative advances have been made, they are relatively
small compared to other fields such as image segmentation. Moreover, classical energy-based meth-
ods seem to be less limited to a narrow training data distribution (Jena et al., 2024).

Quantum computing (Nielsen & Chuang, 2000) offers a potential path out of this dilemma: By
working on wave functions, it effectively allows to evaluate functions at superpositions of multiple—
and potentially all—possible input values, paying the cost of only one function evaluation. With
this superposition, we have global information at hand to construct iterates. In fact, for quantum
mechanics, it can be shown that particles (e.g. electrons or photons) always consider all possible
paths the particle could take and are completely determined by them (Feynman et al., 1966). As
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Figure 1: Rigid registration of a template image (top center) with respect to a reference image (top
left) using QHD. While the energy landscape has a unique global minimum, its roughness requires
considerable effort to prevent classical optimization methods from getting trapped in shallow local
minimizers (bottom left, 1D slice). The quantum computing-based QHD converges to a distribution
with a strong peak at the global minimizer (bottom right), so that subsequent sampling yields the
optimal alignment (top right) with a high probability. Images from ANHIR dataset.

such, there is great potential for quantum mechanics in mathematical optimization. In this vein,
Leng et al. proposed an optimization method called Quantum Hamiltonian Descent (QHD) (Leng
et al., 2023) as a quantum-mechanical generalization of Gradient Descent. This method achieves
global convergence even for non-convex functions and seems highly promising for application once
powerful quantum computers become more available.

Contribution. In this work, we explore the potential of Quantum Hamiltonian Descent in image
registration. Specifically,

* We review the required fundamentals of Quantum Mechanics and QHD;
* We discuss how to perform the integration of the required Schrédinger equation;

* We show how to apply the approach to image registration and provide numerical examples.

As is typical for current applications of quantum computing, our work should be seen as conceptual
rather than pragmatic: The limitations in size and availability of current quantum hardware (Wilhelm
et al., 2025) dictate that we restrict ourselves to numerical simulations. As the simulation cost
increases exponentially with the size of the problem, we also limit ourselves to rigid registration.
This is not a conceptual restriction, but it makes simulation feasible and also allows for visualization
of the simulated quantum states. In particular, our transformations are parameterized by

p(z;t,a)”! = Rox +t, 2)

where R, is the rotation matrix with angle o for which we assume the origin to be at the center
of the image, and the vector ¢ € R? is the translation component. Notice that we define ¢ through
its inverse here because if we want to visually achieve a rotation around the center, followed by a
translation, we have to apply the inverse on the domain of the image. Besides making the simulation
computationally tractable, the strong reduction in degrees of freedom also removes the need for an
explicit regularizer R.

Naturally, such simple models are far from the state of the art in terms of achieving the best image
registration quality; however, the goal of this work is rather to explore new directions in solving the
related optimization problems using quantum methods. Therefore, focusing on simpler models—
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apart from being beneficial from a technical standpoint—is also justified in order not to confound
the conclusions about the quality of the optimization process.

2 RELATED WORK

Quantum optimization. Various directions in quantum computing have been explored for opti-
mization purposes, aiming to overcome challenges such as those posed by non-convex functions.
Abbas et al. (2024) provide an overview of quantum optimization methods.

Among these approaches is quantum amplitude amplification on gate machines, motivated by the
success of algorithms like Grover’s search (Grover, 1996) or Shor’s factoring (Shor, 1999). Ampli-
tude amplification relies on interference to enhance the probability of measuring a desired solution
state, while suppressing undesired states. The blueprint consists in initializing the quantum system
in a superposition state of all possible solution, applying an oracle that evaluates the objective func-
tion on all the solution states, and a diffusion or amplification operator such as the Fourier transform
to let the system interfere constructively in favor of the optimal solution.

Another direction is Adiabatic Quantum Computation (AQC), which leverages quantum anneal-
ing techniques for solving optimization problems (Kadowaki & Nishimori, 1998; Albash & Lidar,
2018). The idea is to initialize the system in the ground state of a simple Hamiltonian, for which the
solution is easy to construct, and to then evolve the Hamiltonian toward a more complex structure
that encodes the optimization problem. If the process follows the adiabatic theorem, the system
remains in its ground state, ultimately leading to the optimal solution. Early applications of AQC
have primarily been conducted using quantum annealers, focusing on combinatorial optimization
problems.

Our work is primarily based on Leng et al. (2023), who rephrased the AQC framework for gate
computers and continuous optimization problems, naming the method Quantum Hamiltonian De-
scent (QHD). This involves discretizing the time evolution of AQC an simulating it on a gate com-
puter through a series of function oracle calls and applications of a well-designed diffusion operator.
This diffusion operator is rooted in the quantum dynamics of particles and is tailored to amplify the
amplitude of the solution state.

Quantum computer vision. Computer vision has recently started to explore quantum solutions.
Early applications of quantum computing in computer vision predominantly focused on selection
and permutation problems, which are inherently binary and combinatorial in nature. Key active
research fields include model fitting (Farina et al., 2023; Pandey et al., 2025), graph and shape
matching (Benkner et al., 2020; 2021; Bhatia et al., 2023), permutation synchronization (Birdal
et al., 2021), k-means clustering (Zaech et al., 2024; Jaiswal, 2023), and object tracking (Zaech
etal., 2022). These early works were designed for AQC and share a common approach: modeling the
underlying problem as a Quadratic Unconstrained Binary Optimization (QUBO) problem, making
them directly compatible with quantum annealing techniques.

Recently, a shift was observed to solutions relying on the gate-based paradigm. Yang et al Yang et al.
(2024) proposed a Bernstein—Vazirani circuit implementation for robust fitting. K-mean clustering
was tackled by Poggiali et al. (2024) on a gate computer. While there are only a few such gate-based
prescriptive methods with well-designed circuits, which are challenging to construct, the trend is
also shifting toward Quantum Machine Learning (QML) approaches that offer more generic and
flexible solutions (Cerezo et al., 2021). QML-driven approaches leverage parameterized quantum
circuits to generalize learning-based solutions across a wider range of applications. This includes,
for example, image classification (Henderson et al., 2020; Jing et al., 2022; Kuros & Kryjak, 2022;
Fan et al., 2023; Senokosov et al., 2024), implicit image representation (Zhao et al., 2024), generative
models (Niu et al., 2022; Dallaire-Demers & Killoran, 2018), and point cloud auto-encoding and
classification (Rathi et al., 2023; Baek et al., 2023).

Most related to ours are the works on registration and transformation estimation. Point-set registra-
tion methods (Golyanik & Theobalt, 2020; Meli et al., 2022; 2025) can be used for landmark-based
image registration but require the additional step of collecting meaningful image landmarks before-
hand. Braunstein et al. Braunstein et al. (2024) proposed to use quantum annealers as solvers for a
Markov Random Field formulation of stereo matching. Chen et al. (2023) implemented rigid image
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registration on a gate computer using a quantum Powell method to minimize the Sum of Squared
Errors (SSE). However, this method still relies on a classical procedure for optimization, and the
Powell method remains susceptible to the non-convexity of the problem, lacking guarantees for
finding the global solution.

3 PRELIMINARIES

In quantum mechanics (Feynman et al., 1966, Section 2-4), the state is represented by a time-
dependent normalized (norm-1) element v, in some complex Hilbert space 7. When 7 is a function
space, these elements are also called wave functions. Their temporal evolution is governed by the
Schrodinger equation

0
ih&% = H(t)yy, 3)

where £ is the reduced Plank constant and H (t) is a (densely defined) self-adjoint linear operator
on H, the Hamiltonian, representing the energy contained in the system. An example of a typical
Hamiltonian is

2
H()p(a) = 5 A(a) + V(a, (), @

where the Hilbert space is chosen as % = L?(R¢), A is the Laplacian operator and V (-, t) is some
map R? — R representing the potential energy of the system at time ¢. Often, the units are chosen
pragmatically such that 4 = m = 1. The solution (; at time ¢ can be written in terms of the linear
solution operator U according to v, = U (t,t0)s,. As H(t) is self-adjoint, U (¢, to) is necessarily
unitary, so that it preserves the normalization of the states.

A peculiar property of quantum mechanics is that measuring a particle changes its state. Addition-
ally, the result of the measurement is not deterministic but probabilistic. For the purposes of this
work, we are only interested in measurements of the position of a particle. In that particular case,
when 1) is a normalized state in L?(R?), we have the equation

| Pz =1 )

Thus, the squared absolute values of ) form a probability distribution over the space R%. Measur-
ing the particle’s position yields a random z € R? with probability given by the density |1(-)|?,
collapsing the wave function to the Dirac delta §, at the observed point.

Quantum computing (Nielsen & Chuang, 2000) is usually formulated in the finite-dimensional set-
ting where { = C2", so that each possible value k € {0,...,2™ — 1} of an n-bit register can be
associated with the corresponding k-th unit vector e, € C2" =: |k), using Dirac notation. Such a
system is called a quantum register and thought to be comprised of n qubits. Generically, its state
can be written as a superposition of all possible values where the squared amplitudes «; sum to one:

2" 1 2" -1
) =D arlk), Yl =1 (6)
k=0 k=0

When constructing quantum computing algorithms for solving minimization problems such as (1),
one first discretizes the search space for ¢ using n qubits. The art then lies in finding ways to
enhance the amplitudes of the desired outcomes k—i.e., the ones corresponding to minimizers—
relative to other amplitudes, so that a subsequent measurement yields a global minimizer of (1) with
high probability.

4 QUANTUM HAMILTONIAN DESCENT

Quantum Hamiltonian Descent (QHD) as introduced in Leng et al. (2023) is a quantum algorithm
for solving generic optimization problems

min f(z) ™
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given f : R? — R. The authors build on the Bregman-Lagrangian framework (Wibisono et al.,
2016), which formalizes the Gradient Descent method as a problem in classical Lagrangian me-
chanics, and directly translate it into quantum mechanics. As a result, they propose a quantum
system determined by the Hamiltonian

H(t) = e* (—;A) +eXtf ®)

with suitable real parameters ¢, x;. Under the condition that e¥* /eXt ¥28° 0 and certain regularity
assumptions on f and the Hamiltonian, they achieve the convergence result (Leng et al., 2023,
Chapt. B.2, Thm. 2)

lim E[f]y

t—o0
where E[f], is to be understood as the expectation value for f evaluated at the measurement of the
position of the particle in state 1/;. Consequently, if one can construct a system with the Hamiltonian
(8), measuring its state after a sufficiently long time ¢ will yield a near-optimal solution = with high
probability.

¢, = min f, 9)

Integrating the Schrodinger Equation. In this section, we derive a numerical solution to the
Schrodinger equation (3) following Leng et al. (2023), applied to the case of rigid image registration.

In order to solve the rigid registration problem, the domain of the wave function should be the space
of all possible parameters (¢, ) € R? d = 3, in (1). We discretize the domain on a regular grid
with periodic boundary conditions, assigning n qubits (i.e., n bits of precision) to each of the d
registration parameters. As a result, the quantum state v at any time ¢ resides in a Hilbert space of
dimension N := 2™,

This discretization yields the Hamiltonian
H(t) = e?t L+ Xt F, (10)

where L is a Laplacian matrix (with absorbed factor 77) and Fis a diagonal matrix containing all
values of the function f at each point of the grid.

Next, we temporally discretize the Hamiltonian H (t) with some time resolution dt > 0. With this,
we can explicitly solve the linear differential equation and the result is given by

Vjp1 = exp(—ia;dtL — ib;dtF) ;, (1)

where a; = e¥7:9t and b; = eX:4¢, To further simplify the computation, we employ the approxima-
tion

exp(—ia;dtL — ib;dtF') = exp(—ia;dtL) exp(—ib;dtF), (12)
which is justified by the Trotter-Suzuki approximation (Nielsen & Chuang, 2000, Equation 4.103)
eT(A+B) — omAeTB 4 o(7?) (13)

for 7 — 0 when the time resolutlon dt is fine enough. As L is diagonalizable by the Fourier

transform F, that is, L = FDJF~! with some diagonal matrix D, Equation (12) allows us to further
simplify

Vi1 = Fexp(—ia;dtD)F =1 exp(—ib;dtF)e;. (14)
Thus, the final spatially and temporally discretized evolution to implement is

[9j11) = F exp(—ia;dtD)F " exp(—ibsdtF) |v;),  |vho) = \ﬁ Z k), (15)

now using Dirac notation and choosing the initial state as the uniform superposition.

On a classical computer, following this process is of no use, as it would require to compute all values

of f on the grid to find F', which has the same effort as brute-forcing the problem over all [V possible
inputs. On a quantum computer, however, as long as a quantum implementation of f is available,

we can implement e~ %34 using a single evaluation as the linear operator

|x) — e0f (@) |2) (16)
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where we set § = —b;dt in each iteration. The operation (16), the so-called phase oracle for

functions f: {0,...,N — 1} — {0,...,N — 1} is a unitary transformation and can always be

implemented on a quantum computer, though the explicit form of the corresponding unitary operator
7iajdtf).

may be challenging to derive. Similarly, we implement the diagonal e

The remaining Fourier transform F and its inverse can be efficiently implemented using the Quan-
tum Fourier Transform (QFT) (Nielsen & Chuang, 2000, Chapter 5), which, on a quantum computer,
has a complexity of O(m?) on m qubits. This is even faster than the Fast Fourier Transform on an
equivalent 2™-dimensional vector in classical computation, which has a complexity of O(m2™).
We apply the QFT independently to each of the d sub-registers of the state vector ¢, yielding a total
complexity of O(n?).

5 A NOTE ON THE PHASE ORACLE IMPLEMENTATION

The crucial problem-specific step in the QHD approach is being able to efficiently evaluate the phase
oracle (16), i.e., to provide a quantum implementation of the objective. Fortunately, in theory any
classical function oracle defined on binary inputs can be implemented efficiently as a quantum cir-
cuit, which was one of the original motivations for the quantum circuit model (Nielsen & Chuang,
2000, Chapter 1.4.1). Moreover, it is a standard result that any such quantum oracle can be trans-
formed into a phase oracle (Childs, 2004, Rule 1.6). Consequently, our method can be implemented
on any circuit-based quantum computer.

However, it is prudent to confirm that this is actually practical without having to resort to classical
computation. Here, we demonstrate a fully working QHD circuit for registering the 2 x 2 images
shown in Figure 2, focusing on the 2D translation parameters for simplicity. As it only requires 13
qubits, it can be simulated on current hardware, allowing to verify the approach end-to-end.

The circuit comprises five registers: a register |-) , for the ref- Reference R Template T
erence image R, a register |-), for the template image 7, a
register |-)qqp for the Sum of Squared Differences (SSD), and
two m-qubits registers |-), Htv encoding the translation pa-
rameters t,, and t,,. We ensure that the SSD register has suffi-
ciently many qubits to hold the SSD value in binary notation.
For QHD, only the translation registers |-), and |>ty matter
as variables of the objective function; the other three registers
act as ancillas, which must be reset at each iteration.

Figure 2: Test images for QHD
demonstration for translation.

We begin by preparing the translation registers in a uniform superposition, following Equation (15):

[Y0) = D 10) R 10)7 10)ssp ltc),, Ity),, - (17

ta,ty

Each QHD iteration proceeds as follows: (i) Encode the reference and template images as plain
binary strings in their respective registers. (ii) Apply rigid deformations controlled by the translation
qubits; those are controlled cyclic shifts on the row and column qubits of the template image. (iii)
Compute the SSD by iterating over all pairs |a) |b) of pixels in R and T at corresponding positions
and updating the SSD register as |a) |b) [SSD) + |a) |b) |SSD + (a? 4 b* — 2ab)), using quantum
arithmetic. This yields the state

‘w6> = Z |R>R |T © ‘P(twvty»T |ISSD(t, ty)>SSD |t1>t1 |ﬁy>ty . (13)

tasty

Next, we encode the SSD values as phases. Writing one such value as [SSD) ¢ = |9041 - - - 4K ) ssp»

the phase gate sequence @, P(=bg - dt-2%) |qoq1 - - - qx ) sgp imprints the SSD value in the phase
of the state. By phase kickback (Cleve et al., 1998), this applies the phase directly to the translation
registers |t517>tm |ty> t" Finally, we un-compute (Aaronson, 2003; Aaronson et al., 2015) the SSD
evaluation, the rigid deformation, and the image encoding, thereby restoring the ancilla registers to
|0) and leaving them ready for the next iteration:

[0g) = D e PSSPt [0) 4 10) 1 O)ssp [ta)e, [ty):, - (19)

ta,ty
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Time step O Time step 0.3 Time step 0.6 Time step 0.9

Figure 3: Snapshots of the state vector restricted to the translation registers (¢, t,) at selected time
steps of QHD for the input images in Figure 2. The correct translation parameter accumulates
probability mass as iterations progress, illustrating the amplification effect of the algorithm.

Subsequently, we exponentiate the Laplacian by applying the inverse QFT, a diagonal unitary formed
from the precomputed Laplacian eigenvalues (scaled by ag - dt), and the forward QFT. This yields

1) = 1 Z Z e—ibo-dt-SSD(tm,ty)—iao-dt-)\(km,ky)—O—%rik’”(zf{t’”)+2m‘ky(z%;ty)
4 Uz Uy | ety ke ky
‘O>R |O>T ‘0>ss]) |Uac>t1 |uy>ty s (20)

which serves as the input for the next iteration, with ug, u,, k;, k, arising from the QFT and inverse.

We simulated the circuit, tracking the state vector evolution (Figure 3). In practice, we found
the algorithm more stable when scaling the SSD values by a factor of ¢ in the phase gates, i.e.,
P (bo SRR 2i) which balances the SSD function values against the Laplacian eigenvalues. For the
experiments we used ¢ = 4. The remaining parameters were chosen as a; = 2/(s +13), b; = 2- 13,
dt = 0.1, and T' = 1, yielding 10 QHD iterations on 13 qubits. Figure 3 validates the approach:
QHD successfully amplifies the measurement probability of the correct translation parameters.

While small, the scale of this example is close to the limit of current hardware. Doubling either
the image resolution or the grayscale resolution already raises the qubit count beyond 32, which
exceeds our current simulation capabilities. This motivates the exploration of more advanced image
encodings and optimized arithmetic operations—directions we leave for future work. Importantly,
these challenges should not be viewed as obstacles to the algorithm itself.

6 RESULTS

For our experiments, we extracted regions from parts of a dynamic scenes dataset (Yoon et al., 2020)
and histological images from the ANHIR dataset on Grand Challenges (Borovec et al.; Fernandez-
Gonzalez et al., 2002; Gupta et al., 2018; Mikhailov et al., 2018; Bueno & Deniz, 2019). For
the dynamic scene images, we selected images from the same frame but from different camera
perspectives. The histological image data consists of two different slices of the same tissue with
different staining. Note that in particular on the dynamic scene images, perfect alignment using
rigid deformation is impossible and not the goal, as we benchmark the performance of QHD and not
the quality of the registration model used. However, such models are still useful and often used as
preprocessing for sophisticated algorithms.

The numerical simulations of (15) were implemented in PyTorch 2.5.1 and performed on a 24-core

AMD EPYC 74F3 with three NVIDIA A100 accelerators and CUDA 12.6. The diagonal Fis fully
evaluated and cached before running the actual algorithm.

We discretized the parameter space using eight bits for each of the three unknowns, resulting in a
search space of size 224 and a total qubit count of n = 24. We simulated the Schrodinger equation
up to 7' = 1 time units with » = 3000 time steps, resulting in a time resolution of dt = 1/3000. For
the distance D in (1) we used the sum of squared differences (SSD). Notably, 7" = 1 is considerably
shorter than in Leng et al. (2023). We believe that the fact that this shorter time suffices is due
to a scaling effect, as the SSD admits much larger values than the examples in Leng et al. (2023).
Iterating longer than 7" = 1, while yielding slight improvements for some of the test cases, can cause



Under review as a conference paper at ICLR 2026

Dataset p(z*) p(z) flz¥ —Z|n

balloon3 52.55% 56.68% 3
playground 4.18%  7.60% 4
skating 2538% 41.47% 5
coardl7a 64.27% 66.56% 1
coard17b 79.62% 79.62% 0
breast5a 58.93% 58.93% 0
breast5b 41.61% 41.79% 1

0

lung-lesion2  78.57%  78.57%

Table 1: Results of QHD on real-world data for various pairs of reference images R and template
images T'. The numbers p(x*) and p(Z) refer to the total probabilities of obtaining a measurement
within a 5-neighborhood of the global minimizer * and of the (most likely) QHD solution Z, re-
spectively. By || - ||¢1, we denote the ¢! distance in the discretized 256 x 256 x 256 parameter grid.
reference R template T’ QHD solution global optimium

Figure 4: Test images and QHD registration results, in the same order as in Table 1. In all these
cases, QHD finds a solution close to the exact global solution of the optimization problem. Note
that the fact that in some cases (e.g., top row) the solution does not visually match the reference
perfectly is a limitation of the model, which is not the focus of this work. Importantly, QHD finds
excellent solutions to the optimization problem (second to the right and right column).

instability in others. This is due to discretization artifacts and can be mitigated by increasing the
space and time resolution. Additionally, we originally tried to interpret the domain of the parameter
space as the interval [0, 1]3 as in Leng et al. (2023). However, for our energies, the resulting grid
spacing of h = 1/(2% — 1) was too unstable, which is why we pragmatically chose its square root.
In general, optimally choosing the QHD discretization constants for a given objective function is
still an open topic of research, see e.g. Leng & Shi (2025, Section 5.1).

In order to obtain a quantitative indication of the performance, we computed the probability of
obtaining a measurement within an ¢! distance of at most 5 points from the global minimizer in
the discretized 256 x 256 x 256 parameter grid. Additionally, we determined the point & whose
5-neighborhood has the highest overall probability and computed its distance from the minimizer.
We consider this as the solution of the QHD method. The numerical results are shown in Table 1
and the visual results in Figures 4 and 5.
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Figure 5: Test images and QHD registration results, in the same order as in Table 1. In all these cases,
QHD finds a good solution that aligns well with the reference image despite the strong texture and
corresponding roughness of the energy.

In all of our benchmarks, the QHD solution is close to the true global minimizer and is contained
in its 5-neighborhood. Encouragingly, the probability of measuring the globally optimal solution is
generally in the double digits and for many the test cases well above 50%. This should particularly
be seen in the context of a search space of size 224 where a uniform distribution would yield a
probability in the order of 10~7.

Conclusion. While clearly the state of quantum hardware and simulation capabilities does not cur-
rently permit to practically outperform classical methods for image registration, we were excited to
see that—at least in simulation—one of the harder problems of image processing can be successfully
tackled with a relatively straightforward quantum-based approach. It will be interesting to see if in
the future such methods will be able to obviate more preprocessing steps and processing pipelines.

Reproducibility Statement. The code for the implementation is available at [redacted for review].
It also contains the code used to generate the exact plots and benchmarks in this work. Once the
datasets are downloaded from the original sources and placed at the appropriate locations, the code
is fully functional. Instructions are provided in the README of the repository.



Under review as a conference paper at ICLR 2026

REFERENCES

Scott Aaronson. Quantum lower bound for recursive fourier sampling. Quantum Information &
Computation, 3(2):165-174, 2003.

Scott Aaronson, Daniel Grier, and Luke Schaeffer. The classification of reversible bit operations.
arXiv preprint arXiv:1504.05155, 2015.

Amira Abbas, Andris Ambainis, Brandon Augustino, Andreas Birtschi, Harry Buhrman, Carleton
Coftrin, Giorgio Cortiana, Vedran Dunjko, Daniel J Egger, Bruce G Elmegreen, et al. Challenges
and opportunities in quantum optimization. Nature Reviews Physics, pp. 1-18, 2024.

Tameem Albash and Daniel A Lidar. Adiabatic quantum computation. Reviews of Modern Physics,
90(1):015002, 2018.

Hankyul Baek, Won Joon Yun, Soohyun Park, and Joongheon Kim. Stereoscopic scalable quantum
convolutional neural networks. Neural Networks, 165:860-867, 2023.

Marcel Seelbach Benkner, Vladislav Golyanik, Christian Theobalt, and Michael Moeller. Adiabatic
quantum graph matching with permutation matrix constraints. In 3D vision (3DV), pp. 583-592.
IEEE, 2020.

Marcel Seelbach Benkner, Zorah Lihner, Vladislav Golyanik, Christof Wunderlich, Christian
Theobalt, and Michael Moeller. Q-match: Iterative shape matching via quantum annealing. In
International conference on computer vision, pp. 7586-7596, 2021.

Harshil Bhatia, Edith Tretschk, Zorah Lihner, Marcel Seelbach Benkner, Michael Moeller, Christian
Theobalt, and Vladislav Golyanik. Ccuantumm: Cycle-consistent quantum-hybrid matching of
multiple shapes. In Computer Vision and Pattern Recognition, pp. 1296-1305, 2023.

Tolga Birdal, Vladislav Golyanik, Christian Theobalt, and Leonidas J Guibas. Quantum permutation
synchronization. In Computer vision and pattern recognition, pp. 13122—-13133, 2021.

Jifi Borovec, Arrate Munoz-Barrutia, and Jan Kybic. Benchmarking of image registration methods
for differently stained histological slides.

Cameron Braunstein, Eddy Ilg, and Vladislav Golyanik. Quantum-hybrid stereo matching with
nonlinear regularization and spatial pyramids. In 3D Vision (3DV), pp. 1340-1349, 2024. doi:
10.1109/3DV62453.2024.00121.

G Bueno and O Deniz. Aidpath: academia and industry collaboration for digital pathology, 2019.

Marco Cerezo, Andrew Arrasmith, Ryan Babbush, Simon C Benjamin, Suguru Endo, Keisuke Fu-
jii, Jarrod R McClean, Kosuke Mitarai, Xiao Yuan, Lukasz Cincio, et al. Variational quantum
algorithms. Nature Reviews Physics, 3(9):625-644, 2021.

Kehan Chen, Zhe Ren, Fei Yan, and Jianping Zhao. Quantum implementation of image registration.
Quantum Information Processing, 22(2):97, 2023.

Andrew Macgregor Childs. Quantum information processing in continuous time. PhD thesis, Mas-
sachusetts Institute of Technology, 2004.

Richard Cleve, Artur Ekert, Chiara Macchiavello, and Michele Mosca. Quantum algorithms revis-
ited. Proceedings of the Royal Society of London. Series A: Mathematical, Physical and Engi-
neering Sciences, 454(1969):339-354, 1998.

Pierre-Luc Dallaire-Demers and Nathan Killoran. Quantum generative adversarial networks. Phys-
ical Review A, 98(1):012324, 2018.

Fan Fan, Yilei Shi, Tobias Guggemos, and Xiao Xiang Zhu. Hybrid quantum-classical convolu-

tional neural network model for image classification. IEEE transactions on neural networks and
learning systems, 2023.

10



Under review as a conference paper at ICLR 2026

Matteo Farina, Luca Magri, Willi Menapace, Elisa Ricci, Vladislav Golyanik, and Federica Ar-
rigoni. Quantum multi-model fitting. In Computer Vision and Pattern Recognition, pp. 13640—
13649, 2023.

Rodrigo Fernandez-Gonzalez, Arthur Jones, Enrique Garcia-Rodriguez, Ping Yuan Chen, Adam
Idica, Stephen J Lockett, Mary Helen Barcellos-Hoff, and Carlos Ortiz-De-Solorzano. System
for combined three-dimensional morphological and molecular analysis of thick tissue specimens.
Microscopy research and technique, 59(6):522-530, 2002.

RP Feynman, AR Hibbs, and George H Weiss. Quantum mechanics and path integrals, 1966.

Vladislav Golyanik and Christian Theobalt. A quantum computational approach to correspondence
problems on point sets. In Computer vision and pattern recognition, pp. 9182-9191, 2020.

Lov K Grover. A fast quantum mechanical algorithm for database search. In ACM symposium on
Theory of computing, pp. 212-219, 1996.

Laxmi Gupta, Barbara Mara Klinkhammer, Peter Boor, Dorit Merhof, and Michael Gadermayr.
Stain independent segmentation of whole slide images: A case study in renal histology. In Sym-
posium on Biomedical Imaging, pp. 1360—1364. IEEE, 2018.

Grant Haskins, Uwe Kruger, and Pingkun Yan. Deep learning in medical image registration: a
survey. Machine Vision and Applications, 31(1):8, 2020.

Maxwell Henderson, Samriddhi Shakya, Shashindra Pradhan, and Tristan Cook. Quanvolutional
neural networks: powering image recognition with quantum circuits. Quantum Machine Intelli-
gence, 2(1):2, 2020.

Ragesh Jaiswal. A quantum approximation scheme for k-means. arXiv preprint arXiv:2308.08167,
2023.

Rohit Jena, Deeksha Sethi, Pratik Chaudhari, and James Gee. Deep learning in medical image
registration: Magic or mirage? Advances in Neural Information Processing Systems, 37:108331—
108353, 2024.

Yu Jing, Xiaogang Li, Yang Yang, Chonghang Wu, Wenbing Fu, Wei Hu, Yuanyuan Li, and Hua Xu.
Rgb image classification with quantum convolutional ansatz. Quantum Information Processing,
21(3):101, 2022.

Tadashi Kadowaki and Hidetoshi Nishimori. Quantum annealing in the transverse ising model.
Physical Review E, 58(5):5355, 1998.

Sylwia Kuros and Tomasz Kryjak. Traffic sign classification using deep and quantum neural net-
works. In International Conference on Computer Vision and Graphics, pp. 43-55. Springer, 2022.

Jiaqi Leng and Bin Shi. Quantum optimization via gradient-based hamiltonian descent, 2025. URL
https://arxiv.org/abs/2505.14670.

Jiaqi Leng, Ethan Hickman, Joseph Li, and Xiaodi Wu. Quantum hamiltonian descent, 2023.

Natacha Kuete Meli, Florian Mannel, and Jan Lellmann. An iterative quantum approach for trans-
formation estimation from point sets. In Computer Vision and Pattern Recognition, pp. 529-537,
2022.

Natacha Kuete Meli, Vladislav Golyanik, Marcel Seelbach Benkner, and Michael Moeller. Qucoop:
A versatile framework for solving composite and binary-parametrised problems on quantum an-
nealers. arXiv preprint arXiv:2503.19718, 2025.

I Mikhailov, N Danilova, and P Malkov. The immune microenvironment of various histological
types of ebv-associated gastric cancer. In Virchows Archiv, volume 473, pp. S168—-S168. Springer
233 SPRING ST, NEW YORK, NY 10013 USA, 2018.

Jan Modersitzki. FAIR: flexible algorithms for image registration. SIAM, 2009.

11



Under review as a conference paper at ICLR 2026

Michael A Nielsen and Isaac L Chuang. Quantum information and quantum computation. Cam-
bridge: Cambridge University Press, 2(8):23, 2000.

Murphy Yuezhen Niu, Alexander Zlokapa, Michael Broughton, Sergio Boixo, Masoud Mohseni,
Vadim Smelyanskyi, and Hartmut Neven. Entangling quantum generative adversarial networks.
Physical Review Letters, 128(22):220505, 2022.

Francisco PM Oliveira and Joao Manuel RS Tavares. Medical image registration: a review. Com-
puter methods in biomechanics and biomedical engineering, 17(2):73-93, 2014.

Saurabh Pandey, Luca Magri, Federica Arrigoni, and Vladislav Golyanik. Outlier-robust multi-
model fitting on quantum annealers. arXiv preprint arXiv:2504.13836, 2025.

Alessandro Poggiali, Alessandro Berti, Anna Bernasconi, Gianna M Del Corso, and Riccardo
Guidotti. Quantum clustering with k-means: A hybrid approach. Theoretical Computer Science,
992:114466, 2024.

Lakshika Rathi, Edith Tretschk, Christian Theobalt, Rishabh Dabral, and Vladislav Golyanik. 3d-
gae: Fully quantum auto-encoding of 3d point clouds. In 34¢th British Machine Vision Conference.
BMVA Press, 2023.

Arsenii Senokosov, Alexandr Sedykh, Asel Sagingalieva, Basil Kyriacou, and Alexey Melnikov.
Quantum machine learning for image classification. Machine Learning: Science and Technology,
5(1):015040, 2024.

Peter W Shor. Polynomial-time algorithms for prime factorization and discrete logarithms on a
quantum computer. SIAM review, 41(2):303-332, 1999.

Andre Wibisono, Ashia C Wilson, and Michael I Jordan. A variational perspective on accelerated
methods in optimization. National Academy of Sciences, 113(47):E7351-E7358, 2016.

Frank K Wilhelm, Rainer Steinwandt, Daniel Zeuch, Paul Lageyre, and Susanna Kirchhoff. Status
of quantum computer development V2.1. Federal Office for Information Security, 2025.

Frances Fengyi Yang, Michele Sasdelli, and Tat-Jun Chin. Robust fitting on a gate quantum com-
puter. In European Conference on Computer Vision, pp. 120-138. Springer, 2024.

Jae Shin Yoon, Kihwan Kim, Orazio Gallo, Hyun Soo Park, and Jan Kautz. Novel view synthesis
of dynamic scenes with globally coherent depths from a monocular camera. June 2020.

Jan-Nico Zaech, Alexander Liniger, Martin Danelljan, Dengxin Dai, and Luc Van Gool. Adiabatic
quantum computing for multi object tracking. In Computer Vision and Pattern Recognition, pp.
8811-8822, 2022.

Jan-Nico Zaech, Martin Danelljan, Tolga Birdal, and Luc Van Gool. Probabilistic sampling of bal-
anced k-means using adiabatic quantum computing. In Computer Vision and Pattern Recognition,
pp- 26191-26201, 2024.

Jiaming Zhao, Wenbo Qiao, Peng Zhang, and Hui Gao. Quantum implicit neural representations.
arXiv preprint arXiv:2406.03873, 2024.

12



