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Abstract

Multiple rotation averaging (MRA) is a fundamental opti-
mization problem in 3D vision and robotics that aims to
recover globally consistent absolute rotations from noisy
relative measurements Established classical methods, such
as LI-IRLS and Shonan, face limitations including local
minima susceptibility and reliance on convex relaxations
that fail to preserve the exact manifold geometry, lead-
ing to reduced accuracy in high-noise scenarios. We in-
troduce IQARS (Iterative Quantum Annealing for Rotation
Synchronization), the first algorithm that reformulates MRA
as a sequence of local quadratic non-convex sub-problems
executable on quantum annealers after binarization, to
leverage inherent hardware advantages. IQARS removes
convex relaxation dependence and better preserves non-
Euclidean rotation manifold geometry while leveraging
quantum tunneling and parallelism for efficient solution
space exploration. We evaluate IQARS’s performance on
synthetic and real-world datasets. While current anneal-
ers remain in their nascent phase and only support soly-
ing problems of limited scale with constrained performance,
we observed that IQARS on D-Wave annealers can already
achieve =12% higher accuracy than Shonan—the best-
performing classical method evaluated empirically. Project
page: https://4dqv.mpi—-inf.mpg.de/OMRA/.

1. Introduction

Multiple rotation averaging (MRA) stands as a fundamental
group synchronization problem in 3D computer vision, aim-
ing to recover globally consistent absolute rotations from
noisy relative measurements while satisfying compositional
constraints on the SO(3) manifold [10, 11, 25, 45, 48]. Ap-
plications and research fields that can benefit from MRA
include structure-from-motion (SfM) [14, 15, 38, 43], si-
multaneous location and mapping (SLAM) [31, 39, 41, 55],
multi-view reconstruction [23, 53], virtual reality [27, 44,
52] and robotics [29, 40], among others. A common ap-
proach to averaging multiple rotations involves enforcing
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Figure 1. IQARS formulates MRA as QUBO sub-problems ex-
ecutable via quantum annealing to efficiently search for high-
quality solutions. Estimated rotations are acquired from QUBO
solutions once converged. Annealer’s image is taken from [26].

cycle consistency and distributing errors across all cameras
to ensure that the composition of rotations between any two
cameras closely aligns with their respective partial measure-
ments, i.e., R;; = R; R, forall i and j.

MRA presents several unique challenges such as: (1) in-
herent non-convexity of SO(3)’s Lie group structure, whose
Riemannian geometry creates complex optimization land-
scapes; (2) the inevitable presence of noise in pairwise mea-
surements, arising from feature matching errors, which dis-
rupt cycle consistency and introduce pathological local min-
ima [51]. These challenges manifest mathematically as an
increased susceptibility of gradient-based methods to con-
vergence in sub-optimal local minima. Classical solvers
minimize geodesic errors using iterative reweighted least
squares [10, 11] like L1-IRLS, a dominating robust ap-
proach that efficiently rejects outliers but can easily get
stuck in local minimas. More recent Shonan method pro-
vides certifiable optimality through semidefinite convex re-
laxation at O(N3) computational cost but it suffers from in-
creasing relaxation gap in presence of noise; N is the num-
ber of cameras [17, 21, 50]. Developing accurate methods
for MRA, therefore, remains an open challenge.

Quantum annealers are specialized quantum computing
devices designed to sample high-quality solutions to NP-
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hard quadratic unconstrained binary optimization (QUBO)
problems. Leveraging quantum mechanical properties such
as quantum parallelism and tunneling, such devices enable
efficient exploration of complex energy landscapes com-
pared to classical methods, and facilitate exploration of
rugged energy landscapes with multiple low-energy basins.

Empirical studies have substantiated their computational ca-

pabilities, demonstrating practical advantages of quantum

effects in challenging optimization tasks [ 18, 32—-34]. These
advantages have further motivated exploring applications of

quantum annealing to practical applications; see Sec. 2.

Motivated by recent advances in quantum-enhanced op-
timization, we identify that MRA can potentially benefit
from quantum annealing to circumvent key limitations in
classical approaches. In this work, we propose IQARS—a
formulation of MRA designed for execution on Ising ma-
chines such as quantum annealers, which can globally syn-

chronize multiple rotations with high accuracy; see Fig. 1

for an overview. Practical annealing process is often per-

turbed by hardware-induced noise such as thermal fluctua-
tions and yields sub-optimal sample solutions in the vicinity
of the global optima. We hence propose a posterior refine-
ment framework to refine the solution quality that exploits
the observation that, under moderate noise conditions main-
taining quasi-equilibrium dynamics, the annealer’s output

distribution approximates a Boltzmann distribution [54].

This framework effectively compensates for imperfections

while preserving the sampling properties of QAs. In sum-

mary, the technical contributions of this work include:

e IQARS, the first end-to-end framework for solving MRA
on Ising machines such as quantum annealers;

e Sequential QUBO formulations that strictly adhere to
SO(3) manifold geometry during optimization with
monotonic residual decrease;

While quantum annealers remain in their nascent phase
with limited problem-scale capacity, empirical evaluation
of IQARS on D-Wave annealing hardware shows promis-
ing performance: =12% in average lower residual than
Shonan—the best-performing classical method evaluated
empirically—under noisy measurements. In the MRA set-
ting, our posterior analysis statistically recovers higher-
fidelity solutions with 60% probability. Collectively, these
advancements position IQARS as the first MRA method
leveraging quantum annealing, with distinct characteristics
arising from annealing-based optimization.

2. Related Work

Rotation Averaging. MRA became the de facto approach
in contemporary 3D reconstruction pipelines for synchro-
nizing locally estimated, noisy relative rotations into glob-
ally consistent absolute rotations [10-12, 14, 15, 19, 22, 35].
Chatterjee et al. [10] introduced a pioneering approach: L1-
IRLS, an iterative approach for MRA with dynamic residual

weighting for robust outlier rejection. Eriksson et al. [19]
proposed a rotation averaging solution through Lagrangian
duality and semidefinite relaxation, while Dellaert et al. [17]
formulated Shonan’s dimensional lifting approach, solving
the problem in SO(p) (p > 3) space before projecting to
SO(3). This guarantees global convergence under mild
noise while maintaining geometric constraints, i.e. orthogo-
nality and unit-determinant, inherent in rotation averaging.
Gao et al. [22] presented an incremental estimation work-
flow for rotation averaging, circumventing the cubic-time
complexity of simultaneous absolute rotation estimation.
Lee et al. [35] proposed a robust Weiszfeld-based rotation
averaging method, enhancing both computational efficiency
and convergence reliability. This, however, only works for
single-rotation estimation.

Annealing-based Quantum-enhanced Computer Vi-
sion (QeCV). Quantum annealing has emerged as a promis-
ing approach to address some challenging problems in com-
puter vision [33]. Pioneering works by Golyanik et al. [24]
demonstrate its application to 2D/3D point set rotation
estimation using binary-weighted basis matrices within a
gravitational correspondence framework. Birdal et al. [7]
leveraged quantum annealers for permutation synchroniza-
tion problems solving for cycle-consistent discrete permu-
tations. Farina et al. [20] introduced a quantum-enhanced
feature matching via preference-consensus matrices un-
der known model count constraints. Annealing-based ap-
proaches have since been adapted to and benefit diverse vi-
sion tasks, including shape matching [3, 6], motion segmen-
tation [2], object detection [37], stereo matching [9], and
super-resolution [13], collectively demonstrating quantum
annealing’s potential, though challenges remain in scaling
these methods to practical problem sizes.

Building upon prior work in transformation (mainly rota-
tion) estimation [24, 42], which emphasizes estimating pair-
wise rotations between point sets, we propose a quantum-
annealing-based synchronization paradigm for global mul-
tiple rotations. Our IQARS framework inherently preserves
the SO(3) manifold structure through the optimization pro-
cess. This fundamental methodological advancement leads
to significantly increased performance, as will be demon-
strated empirically.

3. Review: Adiabatic Quantum Computing for
Solving QUBO Problems

Adiabatic quantum computing (AQC) formulates combina-
torial optimization problems as Hamiltonian ground-state
searches and seeks to prepare low-energy states through
slow adiabatic evolution; see App. C for details. The pro-
tocol involves an adiabatic transition between an initial
Hamiltonian Hj, with a computationally tractable ground
state (e.g., Hy = —Z?Zl X;, where X; is the Pauli-X
operator acting on the ¢-th qubit of an n-qubit quantum



system), and the problem Hamiltonian Hp, which encodes
the solution to the target optimization problem. The time-
dependent Hamiltonian is given by:

H(t) = (1—s(t)) Ho + s()Hp, s(t)€[0,1], (1)

where s(t) is a scheduling function that governs the adia-
batic evolution, smoothly transitioning the system from Hj
(at s(t) = 0) to Hp (at s(t) = 1).
QUBO as an AQC-Compatible Problem. QUBO prob-
lems, defined as:

min x' Qx +c'x, 2)

x€{0,1}n

where Q € R™*™ is a symmetric matrix and ¢ € R", are
naturally suited for AQC due to their quadratic structure,
which aligns with the interaction terms in quantum Hamil-
tonians. To embed a QUBO problem into AQC, each bi-
nary variable x; € {0,1} is mapped to a qubit, where the
classical states 0 and 1 correspond to the eigenstates of the
Pauli-Z operator Z;, with eigenvalues +1 and —1, respec-
tively. This mapping is formalized via the transformation:
z; — 3 (I — Z;). Substituting this into the QUBO objec-
tive function f(z) yields a quantum Hamiltonian:

Hp = ZZ%‘% (I=Z)(I=Zj)+y c% (I-2).
i=1

i=1 j>i

(3)
Upon simplification, constant terms are eliminated, result-
ing in an Ising-type Hamiltonian:

Hp =Y hZi+y Jy;ZiZ; @)
i=1 i<j

where h; represents local magnetic fields and J;; encodes
inter-qubit-qubit couplings. The ground state of Hp en-
codes the optimal solution to the original QUBO problem
(2), thereby establishing a connection between combinato-
rial optimization and quantum adiabatic evolution.

4. Quantum MRA
The classical MRA problem objective is:
min " ||Ry; R — Rl[7- (5)

Ry,..,RN€SO(3) %=

(4.3)
SO(3) is the set of matrix elements R that are orthogonal
and have a unit determinant. {R1,--- , Ry} C SO(3) rep-
resent a set of absolute 3D rotational matrices w.r.t. a global
reference frame. Rij is the observed relative rotation; see
App. A for detailed review. The process of transforming
Eq. (5) into a QUBO form that can be sampled on a quan-
tum annealer can be decomposed into two independent pri-
mary steps: 1) reformulating the original optimization prob-
lem (26) into an equivalent quadratic optimization problem

through algebraic manipulation and constraint embedding;
2) representing rotation-parameterizing variables as binary
strings (e.g., via fixed-point quantization). We present in-
termediate steps below:

Proposition 1. Problem (26) can be formulated as a
quadratic optimization problem in matrix form:

i > 2 . T
RioiRy (Z:) [ Rij Ri — Rl = min RTQR, (6)
1,3

. T [ ”»
with R = [ vec(R;) " ] € RONX1 ywhere “vec(-)
denotes the vectorization of a matrix by stacking its
columns, and @ € RON*N s the cost matrix:

I® R} I® Ry
Q=-2| : %)
I® Ry, I® Ry
Proof. see App. D. O

4.1. Taylor Linearization on SO(3) Manifold

Instead of parametrizing rotation matrices on a binary-
weighted matrix basis [24], we leverage the relationship
between the orthogonal Lie group SO(3) and its algebra
50(3) to ensure optimization strictly within the SO(3) mani-
fold [42]. Any matrix R; € SO(3) can be generated from its
tangent vector v; = (v}, v2, v?)T € R3 via the exponential
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map implemented through Rodrigues’ rotation formula:

sin 0 1—cosf
Ri(w) = exp(R(v:)) = 1+ R () 4+ - 220 R2 ),
(®)
where R : R? — 50(3) denotes Lie algebra isomorphism:
0 —vP 0?
R(v;) == | v} 0 —u'|, Rw)" =-R(v)
—v? o} 0
)
The magnitude § = ||v;||2 € R defines the rotation an-
gle and the unit vector ®; = w;/||v;||2 defines the ro-

tation axis. By aggregating all tangent vectors v; into
v = (..,v],...)"7 € R¥>I and vectorizing the rota-
tions as R(v) = (...,vec(R;(v;))T,...)T € RINX1 we

reformulate the right-hand side of Eq. (6) as:

. T

Jmin R(v)' QR(v). (10)
This transformation reduces the search space from a nonlin-
ear SO(3) manifold to Euclidean tangent vectors v;, where
we solve for arg min of problem (10). Due to the non-
linearity of the exponential map, we expand R; around its
current guess v up to the first order in the tangent space.
The next iterate v is obtained via solving the resulting

%



locally non-convex quadratic sub-problem, ensuring that
updates always remain within the tangent space of SO(3).

Specifically, we iteratively replace R(wv) in problem (10)
with its first-order Taylor linearization:

RF(Av) := R(v*) + VR(v*)T Av, (11)
and optimize over Aw, i.e.,
AvFH = argmin R*(Av)TQR*(Av),
AveR3N (12)
e L e

In Eq. (11), the gradient VR(v*) € R3N>X9N jg a
block diagonal matrix with partial derivative-wise vector-
ized VR;(vF) € R3*? over the diagonal.

Remark 1. While the exact mapping R(v**!) inherently
preserves the SO(3) manifold structure by construction, its
first-order Taylor approximation RF (Av*+1) can deviate
from SO(3) on the scale of O(||Av*+1||?).

To improve approximation fidelity while ensuring con-
vergence, we propose: 1) iteration-adaptive box constraint
in (12) (similar to the one used in Ref. [16, 42]), i.e. enforce

Ao < 6, (13)

and 2) an orthogonality-promoting soft penalty term
|| R¥(Awv)|/% (see App. E on how the penalty encourages
the (blocks of the) Taylor approximation to maintain SO(3)
proximity). We summarize our approach as follows:

Proposition 2. Inserting the linearization (11) into the
minimization Problem (12) and incorporating the softly-
regularized box constraint, we obtain the QUBO problem:

AvFt = argmin Av'QAv +¢é' Av,
[Av|loo <6* (14)

ol = oF L ARt
with

Q := VR(v") (Q + aNIyn) VR(v®)T,
2VR(W*) (Q + aNIyy) R(v").

We observe that aggressive regularization can enforce
positive semi-definiteness (PSD) in Q—thereby convexi-
fying Eq. (14) and enabling classical efficient solvability.
However, it simultaneously distorts the landscape by over-
whelming the objective function and introduces artificial
minima that fundamentally misrepresent the true optimiza-
tion landscape. This marks calibration of « crucial for the
optimal performance such that: 1) Taylor approximation’s
deviation from SO(3) within O(]|Av||?) bounds is con-
strained and 2) distortion of the original optimization land-
scape is minimized; see Fig. 2 for a schematic visualization.
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¢

Remark 2. The exponential map so0(3) — SO(3) preserves
Lie group traversal at each iteration v**! = v* + Aw
throughout the optimization.
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Figure 2. Schematic local search behavior visualization under
varying penalty strengths «.

4.2. Binary Encoding of Iterative Update

We discretize the search space Awv and leverage binary en-
codings to represent the discretized space for compatibility
with the qubit-based Ising model supported by the annealer;
see Sec. 3. Specifically, we represent Av via a binary vec-
tor g € {0,1}™, where each binary variable g; corresponds
to the state of a logical qubit on the annealer. For hardware
implementations (e.g., D-Wave systems), these binary vari-
ables are often mapped to spin states o; € {—1,+1} via the
transformation ¢; = ""; L. see Sec. 3. To satisfy the con-
straint ||Av||o < 6%, we discretize the interval [—d%, §%]
uniformly using m qubits per dimension. Specifically, we
express i-th discretized value of Aw as:

sk ﬁm_l Lo, —om _
(Av); = —0% + 2°¢; 0, where s=2 1.
=0

(16)
where factor 20% /s with s := 2™ — 1 serves as a normal-
ization factor and ensures that ||Av|ls < §*. Note that
Eq. (16) discretizes the search space to

2T 5%
S

(Av)i:{—ék—l— : T eN, T§2m—1} a7
representing exponentially-many, i.e. 2", equidistant points
per dimension. We then write the variable vector Av more
compactly via a matrix-vector product as

Av = —6F135 + Dgq, (18)
where
qi1 qi,0
q= e R¥N™  with ¢q; = e R™,
qsnN qi,m—1
) 5k 0
D= g ® [20 2m—1] ERSNstm,
0 ok
(19)

13, is a vector of length 3N with all entries being one, and
q € {0, 1}3N™ stacks all binary variables.



Remark 3. The binary encoding’s approximation precision
when representing arbitrary floating-point values improves
exponentially with scaling O(2™).

Proposition 3. Binary encoding of the continuous search
interval makes q € B3N™ the new optimization variable,
changing Problem (14) into

argmin ¢' Qq+ q'é, (20)
gEB3N™
with . .
=D @D,
N ¢ A (21)
é:=D"(¢—26"Q13y).
Proof. See App. F. O

Upon obtaining the optimal q via Eq. (20), we update the
solution iterate as v**! via Egs. (12) and (18). The iteration
continues until the energy update converges.

4.3. Required Hardware Resource Analysis

Practical implementation of IQARS and its performance is
constrained by available hardware resources. For synchro-
nizing a camera graph of N nodes, our algorithm maintains
favorable resource scaling properties and require 3Nm log-
ical qubits (see Prop. 3) while achieving floating-point rep-
resentation error on the order of O(6(*)/2™). The scal-
ing behavior demonstrates: 1) linear dependence on prob-
lem size and 2) logarithmic dependence on solution pre-
cision, suggesting strong algorithmic potentials for large-
scale MRA problems as hardware continues to evolve.

Remark 4. With limited quantum resource budgets, the
multiplicative nature of resource requirement introduces
trade-offs between problem scales and solution quality.

4.4. Algorithmic Protocol of IQARS

Large-scale MRA problems present complex optimization
landscapes that typically require fine discretization, i.e.
large m, for accurate solutions. However, current quan-
tum hardware limitations impose strict constraints on avail-
able qubit resources for such a purpose. If discretization is
coarse, the global optimum of Eq. (20) can easily lie out-
side the discretized search grid defined by Eq. (17), poten-
tially leading to oscillatory convergence behavior. To en-
sure robust convergence behavior, we implement an adap-
tive search protocol inspired by [4, 5, 42] that dynamically
adjusts the search radius § based on local update magnitudes
during optimization. While this heuristic approach does not
provide formal convergence guarantees—particularly with
respect to maintaining global optimality through succes-
sive radius contractions—our empirical results demonstrate
its effectiveness in achieving stable convergence to high-
quality solutions. This adaptive mechanism proves par-
ticularly valuable in resource-constrained scenarios where

coarse discretization would otherwise severely limit solu-
tion quality. We outline the algorithm in Alg. 1.

Algorithm 1 Iterative Quantum Approach for Rotation Syn-
chronization (IQARS)

1: Input: R;;: Pairwise relative rotations
Maxiter: Maximum number of iterations
vY: Initial rotation guess
§°: Search window radius
k : Threshold for decreasing search radius §
m: Qubits required for search discretization
€: Stopping criterion
7: Annealing rate
2: Initialization: j, e +— 0; Construct ) according to
Eq. (7); Initialized identity rotations: R(v®) = I.
3: while j < Macxiter do:
4. Compute gradient VR(v7) according to Eq. (8)
5: Construct Q) and é according to Eq. (15)
6
7

Construct D according to Eq. (19)

Solve the QUBO problem (20) and measure binary
solution vector q

j—j+1

. Update solution v/ and R(v’) using Eq. (12) and
10: (8); update e < Avg Z(i,j) ||R1JRz — RJH%‘

11: If e < edo: break

o ®

12: Else:

13: If ||R(v7) — R(vI7Y)||F < & do:
14: O g; K f

15: End

16: End

17: return Residual: e; iteration count: j; synchronized
rotations: v7, R(v7).

4.5. Solution Refinement via Posterior Analysis

Quantum annealers return solutions by sampling from low-
energy states of a pre-defined QUBO energy landscape.
Under ideal adiabatic conditions, the system will converge
to the ground state, returning the global optimal solution.
However, ensuring adiabatic evolution requires problem-
specific annealing schedules, and in practice, environmental
interactions such as thermal excitations could induce non-
adiabatic effects that lead to a distribution of low-energy
states well-approximated by classical Boltzmann distribu-
tions rather than deterministic ground-state [47, 54]. To
improve the solution quality due to non-adiabatic effects
leveraging the probabilistic outputs, we propose a physics-
inspired energy-weighted voting approach that refines solu-
tion quality. The method assigns Boltzmann weights w;:

e~ BE(a:)

Z

w; =

K
, Z= Ze—,ﬁ’E(qJ-)7 (22)
j=1
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Figure 3. IQARS convergence behavior for synchronizing N=10
synthetic random noiseless rotations.

to each of the K-lowest energy solutions {q;},, where
Z = ZKzl e~PE(4;) serves as the partition function and
E(q;) denotes the solution energy. [ represents an effec-
tive inverse temperature parameter. This creates a noise-
robust aggregation scheme that naturally prioritizes lower-
energy configurations. Details of the posterior refinement
protocol are formally described in App. 1. While this proto-
col is evaluated specifically for MRA, we emphasize that it
establishes a general methodology for enhancing solutions
obtained from quantum annealing. The approach’s theo-
retical foundations in statistical mechanics and its demon-
strated efficacy suggest significant potential for application
to a range of other problems, which remain to be explored.

5. Experiments

We empirically evaluate [QARS’s accuracy and robustness
using synthetic and real-world datasets [49]. The QUBO
parametrization—comprising coupling matrices ) and lin-
ear bias term ¢—is prepared on an Intel Xeon CPU @ 2.20
GHz with 12 GB RAM. Prepared QUBO formulations fol-
low by execution on D-Wave Advantage Series 6.4 anneal-
ers operating at a cryogenic base temperature of 15 mK. All
experimental configurations remain consistent unless ex-
plicitly mentioned otherwise. The annealing protocol main-
tains the default duration of 20 us apart from data transmis-
sion overheads. Each experimental trial is conducted with
102 reads per iteration. The search space is configured with
an initial value of 6° = 7/30 discretized uniformly with
m = 3 qubits, yielding 2% = 8 equidistant sub-intervals—
a coarse discretization scheme explicitly chosen to accom-
modate a larger problem scale /N with constrained quantum
computational budget; see details in Sec. 4.3.

Noise-free Synthetic Rotation Graphs. We construct a
fully-connected synthetic rotation graph of N nodes. Each
node i is initialized with a random tangent vector v; € R3
uniformly sampled from the Lie algebra so(3) and later
mapped to its corresponding rotation matrix R(v;) via the

Table 1. Benchmark results of IQARS for MRA on synthetic
noise-free rotations.

exponential mapping defined in Eq. (8). For each node
pair {7, j}, we compute the relative rotation, constructing
a dense symmetric matrix R;; € RV*N that encapsulates
the relative rotations within the camera graph. Leverag-
ing the constructed dense relative rotation matrix, we im-
plement Alg. 1 to recover synchronized absolute rotations
R; while systematically monitoring the convergence dy-
namics through quantitative metrics including evolution of
energy spectrum F,,, neighboring energy gaps E,, — E,,
and rotation residuals throughout iterations, as visualized in
Fig. 3. The observed monotonic decay of rotation resid-
uals along with the absence of energy gap closures pro-
vides empirical validation for the theoretical convergence
guarantees established in Theorem 1. In addition to the
visualized convergence dynamics, the performance of syn-
chronizing noise-free synthetic rotations of different scales
with IQARS is recorded in Tab. 1. Besides IQARS—
which strictly maintains the optimization path within the
SO(3) manifold through iterative exponential mapping; see
Sec. 4.1—we also evaluate an alternative direct approach
proposed in [24] that can be combined with Prop. 1 for
MRA. This approach, however, lacks formal SO(3) con-
straint guarantees; see App. H for implementation details.
We denote IQARS as “ours (iterative)”, and the alternative
approach as “ours (direct)”, with the experimental results
summarized in Tab. 1 to enable a principled comparison of
different approaches. We show that, compared to [24], our
design is empirically valid and achieves promising perfor-
mance on D-Wave’s annealing machines.

Hyperparameter Study. We perform a rigorous sensi-
tivity analysis of hyperparameters in Alg. 1 on synthetic
datasets via controlled experiments. Specifically, we eval-
uate: (i) annealing threshold «, (ii) annealing rate 7, (iii)
qubit count m for discretization, and (iv) penalty coefficient
«. All hyperparameters remained fixed post-optimization
for controlled studies. Our experimental results as pre-
sented in Fig. 4 (log scale) demonstrate that increasing m at
the cost of more quantum resource budget leads to mono-
tonic improvements in convergence properties due to in-
creased search interval representation fidelity; see Sec. 4.3.
Reducing the annealing rate 7 results in more stable opti-
mization trajectories. As the problem scales up, the con-



betd

btd

N
S wo

-12.5
-15.0
-17.5

"4

10 15 20 25 30 35 4
Iteration Index

0 5 10 15 20 25 30 35 40
Iteration Index

Figure 4. Visualization of IQARS’s hyperparameter choice on the
convergence behavior (MRA residual on log scale on y-axis).

vergence behavior tends to get progressively slower un-
der otherwise identical experimental conditions. Notably,
the penalty factor « exhibits a Goldilocks effect—both ex-
cessive and insufficient penalization degrade performance,
leaving the optimal o worth exploring. This empirical ob-
servation is consistent with our theoretical analysis earlier
in Sec. 4.1. These findings collectively establish principled
guidelines for parameter selection in leveraging IQARS.

Noise-Corrupted Synthetic Rotation Graphs. Practi-
cally, observed real-world rotation measurements are in-
herently noisy. We model this scenario and generate per-
turbed measurements Rij by applying controlled multi-
plicative distortions on the SO(3) manifold. Specifically,
we simulate such noise corruption by: (i) sampling a ran-
dom tangent vector v € R3 uniformly from [0, 1]3, (ii) scal-
ing it by a prescribed noise level o, and (iii) mapping it to
SO(3) via the exponential map exp(ov). This noise con-
struction is consistent with previous approaches [36, 51],
ensuring that the perturbed rotations remain properly con-
strained to the manifold while preserving the geometric Lie
group structure. We evaluate the performance of IQARS
and provide additional experiments with established noise-
robust classical solvers, specifically the Riemannnian op-
timization framework of Shonan [17] and the robust L1-
IRLS algorithm [10]. L1-IRLS leverages minimum span-
ning tree (MST) initialization [10, 25], while Shonan em-
ploys random SO(p) initialization; p > 1 [17]. We visu-
alize in Fig. 5 the performance of different MRA solvers
on synchronizing N = 20 rotations across increasing noise
ratios 0. While primarily designed to pioneer a novel quan-
tum solver for MRA rather than challenging classical MRA
solvers especially with available hardware of limited re-
source budget resulting in small problem sizes and coarse
search space discretization, empirical results highlight that
IQARS on D-Wave machines can achieve residual reduc-
tion by approximately 12% compared to the second best—
Shonan, across a wide range of noise regimes, showing

m10  n/5 n/3 n2 ’ ’ mio  n/5 n/3 n2
Noise Levels Noise Levels
Figure 5. Benchmark results of IQARS against other solvers for
MRA on a synthetic noisy dataset across noise levels o; R;qr
represents the ground truth of R;.

great potentials of our approach in future. For complete-
ness, we also: i) benchmark IQARS against two prominent
local optimization methods—trust-region and Levenberg-
Marquardt (LM)—both theoretically and empirically; see
details in App. N and ii) evaluate IQARS (identity initial-
ization by default to avoid heuristic bias) with other initial-
izations; see App. O.

Real-World Noisy Dataset Evaluation. To validate the
practical utility of IQARS beyond synthetic experiments,
we evaluate its performance alongside Shonan and L1-IRLS
on established real-world benchmark datasets [49]. Results
are documented in Tab. 2, demonstrating that IQARS main-
tains robustness and has performance on par with or outper-
forms other classical solvers on real-world datasets. This
observation is consistent with our previous experiments on
synthetic datasets. The chain break ratio, as a proxy for
IQARS embedding quality within the quantum hardware
topology, is also monitored and reported in Tab. 2. As the

N ‘ Dataset ‘ Evaluation Metrics ‘ Ours (iterative) ‘ Shonan ‘ L1-IRLS ‘ Ours (direct)
Avg. ||Ri; — R}RiTH 3.72¢-3 4.18e-3 | 4.3%-3 8.17e-2

11 | Fountain Avg. |10 — 0| 3.51e-3 4.04e-3 | 4.23e-3 6.73e-2
Avg. chain break (%) 6.2e-2 / / 5.81e-2
Avg. ||Ri; — HjR;TH 1.12¢-3 1.33e-3 | 1.65e-3 7.65¢-2

15 Castle Avg. ||0* — 0| 1.02¢-3 1.19e-3 | 1.48e-3 5.65e-2
Avg. chain break (%) 1.13e-1 / / 1.02e-1
Avg. ||Rij — R; R 3.26e-3 3.89e-3 | 4.06e-3 9.86e-2

8 | Herz-Jesus Avg. |10 — 0| 3.08e-3 3.62¢-3 | 3.88e-3 8.25¢-2
Avg. chain break (%) 3.8e-2 / / 4.2e-2

Table 2. Benchmark results of IQARS against other solvers for
MRA on real-world datasets [49]; hardware statistics such as chain
break ratios reflecting machine embedding quality are reported.

problem scales up, i.e. larger IV, the chain break ratio is
observed to slightly increase. While this (at a low level)
does not seem to significantly impact the performance, this
reflects an inherent limitation of embedding larger prob-
lems into existing hardware topology. Lastly, we also in-
tegrated IQARS within the Glomap, a SfM pipeline [46];
see App. J, for a qualitative visual analysis of the Poisson-
reconstructed meshes. The visualization in Fig. 6 shows ac-
curate 3D reconstructions, establishing IQARS as a robust
MRA method with potentials for applications such as SfTM.
Posterior Analysis. We rigorously evaluate our posterior



Figure 6. Reconstructed 3D geometries from multi-view imagery
via Glomap [46] integrated with IQARS. Both color-textured (top)
and geometry-only (bottom) representations of three benchmark
datasets—Fountain, Castle, and Herz-Jesus (left-to-right) are vi-
sualized. Quantitative performance metrics are detailed in Tab. 2.

protocol that aims to relieve the thermal noise effect during
annealing and improve the solution quality; see Sec. 4.5.
The protocol incorporates low-energy solution spaces of
various spans. We define and maintain inverse tempera-
ture 5 = 2—carefully chosen to empirically balance explo-
ration/exploitation trade-offs—and systematically vary the
span K of low-energy solution spaces. We observe that
the proposed posterior protocol consistently improves so-
lution quality and yields statistically significant gains over
the unrefined annealer outputs. Detailed statistical results
with different variable spans K of the solution space are
recorded and visualized in Fig. 7. The visualization addi-
tionally shows a characteristic saturation curve: with ini-
tial increases in K yielding substantially improved perfor-
mance, the marginal improvement diminishes asymptoti-
cally beyond an optimal value, i.e. a sweet spot, for low-
energy sample space selection. This sweet spot for the
MRA is empirically observed to be around K = 30, sug-
gesting optimal sample space selection.

Embedding on Contemporary Annealers. Alongside the-
oretical scalability analysis in Sec. 4.3 that characterize log-
ical qubit requirements of IQARS, we evaluate its physi-
cal resource demands by considering problem embeddings
on the hardware topology of D-Wave Advantage System
(Pegasus architecture). Specifically, we measure the physi-
cal resource consumption for MRA across varying problem
sizes IV and visualized it in Fig. 13 in App.; it also includes
other machine versions. As an example, for synchronizing
N = 15 rotations requiring 135 = 3Nm logical qubits, ap-
proximately 2500 physical qubits are required to embed the
logical problem on the hardware topology of the Advantage
6.4 annealer. This accounts for nearly half of the proces-
sor’s total capacity (5000 physical qubits). While IQARS
is designed to be resource-efficient, its practical implemen-
tation for real-world tasks on contemporary annealer hard-
ware can present challenges that constrain its performance.
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Figure 7. Statistical improvements due to our refinement protocol
with variable span K. Top-K refers to posterior aggregation per-
formed over the K lowest-energy annealer samples.

6. Discussion and Conclusion

We introduced IQARS, the first framework for MRA lever-
aging quantum hardware. While not positioned as a replace-
ment for classical approaches in the near future, [QARS es-
tablishes a novel computational paradigm exploration for
MRA. Despite limited quantum resource budget resulting
in constrained performance, extensive experiments demon-
strate that: i) IQARS can recover ground-truth solutions
for MRA with a noise-free synthetic dataset; ii) for noisy
datasets (synthetic and real-world), a consistent 10-15%
residual reduction is observed for IQARS compared to
Shonan. With more resources accessible leading to e.g.
finer search discretization, the performance of IQARS is
expected to improve significantly as per our hyperparam-
eter study. Our posterior refinement protocol statistically
improves sampled solution quality, achieving up to a 60%
probability of producing lower-residual solutions compared
to the unrefined annealer outputs. We aim to establish foun-
dations for advances in 3D vision that builds upon ours in
Quantum-enhanced Computer Vision (QeCV), and will re-
lease source codes for reproducibility.

Limitations. While IQARS, as a resource-efficient quan-
tum MRA algorithm, demonstrates considerable promise,
the experimental scale and its potential for large-scale real-
world problems remain constrained with limited resource
budget from contemporary annealer hardware.

Future Work. IQARS holds significant potential for di-
verse downstream applications. Beyond SfM, promising
tasks include robotic navigation, medical imaging and aug-
mented reality, among others. Further investigation into al-
ternative MRA formulations with different hardware sup-
port presents a compelling avenue for future research.
Acknowledgement. This work was supported by the
Deutsche Forschungsgemeinschaft (DFG, German Re-
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