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Abstract. Motion segmentation is a challenging problem that seeks to
identify independent motions in two or several input images. This paper
introduces the first algorithm for motion segmentation that relies on
adiabatic quantum optimization of the objective function. The proposed
method achieves on-par performance with the state of the art on problem
instances which can be mapped to modern quantum annealers.
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1 Introduction

Quantum computer vision is an emerging field. Recently, several classical prob-
lems were reformulated to enable quantum optimization, including recognition
[46,15] and matching tasks [54,10]. Promising results were shown so far, thus
encouraging further research. Among the two existing paradigms for quantum
computing, i.e., gate-based and adiabatic quantum computing (AQC), experi-
mental realizations of AQC are already applicable to real-world problems, pro-
vided that the objective is given as a quadratic unconstrained binary optimiza-
tion (QUBO) problem. Thus, quantum annealing (QA)—which refers to not
perfectly adiabatic implementations of AQC [22,27]—is an experimental and
promising technology for finding solutions to combinatorial problems leveraging
quantum mechanics [24,21]. QA optimises objectives without relaxation and ob-
tains globally-optimal or low-energy solutions with high probabilities. Note that
these important properties are hardly present in traditional methods, hence it
is crucial to identify problems benefiting from this new class of machines.

In [10] an AQC algorithm for permutation synchronization is proposed, which
finds cycle-consistent matches across a set of images or shapes, where the matches
are given as permutation matrices. The recent survey [3] discusses many synchro-
nization problems already studied in the literature (e.g., rotation synchronization
for structure from motion [16] or pose synchronization for point-set registration
[26]). Notwithstanding, permutation synchronization [10] is the only one that
has been solved via quantum optimization so far.
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Fig. 1: Qualitative results on sample images from the new Q-MSEG dataset, where
each color (symbol) represents a distinct planar motion. On average, the accuracies of
our QuMoSeg-v1, Mode [5], Synch [4] and Xu et al. [62] are 0:97, 0:93, 0:93 and
0:89, respectively, on problems with 96 qubits. In the shown example, our approach
outperforms the competitors. See Tab. 1 for further details.

This paper advances the state of the art in quantum computer vision by
bringing a new synchronization problem, i.e., motion segmentation, into an
AQC-admissible form; see Fig. 1 for exemplary results. The task of motion seg-
mentation [52] is to classify points in multiple images into different motions,
which is relevant in such applications as dynamic 3D reconstruction [44] or au-
tonomous driving [50]. Observe that quantum formulations do not make sense
for all problems, but for those, e.g., that include combinatorial optimisation ob-
jectives, which are usually NP-hard. Motion segmentation is identified to have
a combinatorial structure, and, hence, is a meaningful candidate to leverage the
advantages of the quantum processor. Bringing motion segmentation into an
AQC is challenging as only problems in a QUBO form are admitted. Thus, we
primarily focus on how to formulate motion segmentation as a QUBO.

Our work adopts the synchronization formulation of motion segmentation
from [4], which we carefully convert to a QUBO problem. This gives rise to the
first variant of our quantum approach, named QuMoSeg-v1 (from “QUantum
MOtion SEGmentation”): it works well in many practical scenarios but it can
not manage large-scale problems since it is based on a dense matrix. For this
reason, we also develop an alternative method based on a sparse matrix which
can solve larger problems, resulting in QuMoSeg-v2: its derivation, however,
requires additional assumptions, i.e., the knowledge of the number of points per
motion. In summary, our primary contributions are:

1) A new approach to motion segmentation that employs AQC (Sec. 3);
2) A new real dataset (Q-MSEG) for motion segmentation (Sec. 5).

In our extensive experiments, our approach achieves competitive accuracy (close
to or higher than competing methods) on problem instances which are mappable
to the AQC of the latest generation, and demonstrates its high robustness to
noise. Due to the limits of current quantum hardware (that improves constantly
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Fig. 2: Matrix representation of motion segmentation.

and is far from maturity), our experiments are limited to small-scale data, as
done also in previous work [10]. However, it is expected that progress in quantum
hardware, alongside with the ability to solve combinatorial problems without
approximation, will give practical advantages for large-scale data in the future.

Our derivations share only a few similarities with Birdal et al. [10]: In fact,
bringing motion segmentation into a QUBO form requires more analytical steps
compared to previous work on quantum synchronization [10] because binary ma-
trices are less constrained than permutation matrices. Moreover, our formula-
tion for synchronization requires linearly-many variables in the number of input
points, hence we can handle more points compared to [10]. Our source code and
data are publicly available6.

2 Background

Our work is inspired by Arrigoni and Pajdla [4] (reviewed in Sec. 2.1), where
a convenient matrix representation is introduced for motion segmentation from
pairwise correspondences. In Sec. 3 we will show how to rewrite such framework
in terms of a QUBO, in order to enable adiabatic quantum optimization. In this
respect, we report some preliminary notions on quantum computing in Sec. 2.2.

2.1 Motion Segmentation

The objective of the motion segmentation problem is to group key-points in
multiple images according to a number of motions. We use the following no-
tation: n is the number of images;pi is the number of key-points in image i ;
p =

P n
i =1 pi is the total amount of key-points; d is the number of motions

(known by assumption). We focus here on motion segmentation from pairwise
correspondences [5,4], which can be addressed in two steps: 1) motion segmen-
tation is addressed on di�erent pairs of images independently, which in turn can
be done via multi-model �tting [39,40,6]; 2) the results derived in the �rst step
are globally combined, thus producing the requiredmulti-frame segmentation.

As shown in [4], motion segmentation can be seen as a \synchronization" of
binary matrices. Indeed, the result of motion segmentation in two imagesi and
j can be represented as a matrixZ ij 2 f 0; 1gpi � pj as follows:

6 See the project pagehttps://4dqv.mpi-inf.mpg.de/QuMoSeg/
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