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Abstract—Global solvers for 3D vision, encompassing branch-
and-bound, convex relaxation, and graduated non-convexity
methods, provide something rare in modern robotics: certifiably
optimal solutions to geometric estimation problems. Despite more
than 60 years of theoretical development and demonstrated
success across tasks ranging from the Wahba problem to bundle
adjustment, these methods remain underutilized relative to their
importance. This paper briefly presents the landscape of global
solvers, identifies three fundamental open challenges, namely
scalability, integration with deep learning, and standardized
evaluation, and argues that the robotics optimization community
is uniquely positioned to address them. As foundation models
reshape 3D vision and safety-critical deployment demands grow,
the need for certifiable geometric perception has never been more
urgent. We invite the community to engage with this area. A
continuously-updated literature summary and companion code
tutorials are available at Awesome Global Solvers for 3D Vision.

Index Terms—global optimization, certifiable algorithms, 3D
vision, robotics, branch-and-bound, convex relaxation, graduated
non-convexity

I. INTRODUCTION

Robust and reliable perception is a cornerstone of au-
tonomous robotics. Whether a surgical robot [1] must localize
its instruments with millimeter precision or an autonomous ve-
hicle [2] must estimate its pose in a GPS-denied environment,
these systems operate through physical interaction with the 3D
world, where perception errors may cause material damage
or harm to humans. Such safety-critical settings demand not
just accurate solutions, but certifiably correct ones. Yet, the
optimization methods that underpin these tasks, collectively
known as global solvers, remain underexplored relative to their
importance.

Global solvers for 3D vision encompass a rich family of
algorithms that seek guaranteed optimal solutions to geometric
estimation problems such as point cloud registration [3]-[5],
pose estimation [6], [7], structure-from-motion (SfM) [8],
and simultaneous localization and mapping (SLAM) [9]-[13].
Unlike local methods [14], [15] that converge to whichever
local minimum is closer to an initial guess, global solvers
provide optimality certificates: a proof that the solution found
is the best possible given the data. This property is not a
luxury. It is a necessity for safety-critical robot deployment.
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Despite over 60 years of development spanning branch-
and-bound (BnB) [16], convex relaxation (CR) [17], [18],
and graduated non-convexity (GNC) [19] paradigms, this field
remains relatively niche. The recent explosion of interest in
learning-based methods, while well justified by their impres-
sive empirical success, has nevertheless drawn attention and
resources away from principled optimization. As a result,
a growing gap has emerged between what is theoretically
achievable and what practitioners are deploying in practice.

This position paper is both a map and an invitation. Drawing
on our recent survey of 250+ papers across ten 3D vision
tasks [20], we present the landscape of global solvers, iden-
tify the most pressing open challenges, and argue that now
is precisely the right moment for the robotics optimization
community to engage deeply with this area. The convergence
of foundation models, differentiable optimization, and safety-
critical deployment demands has created a unique opportunity,
one that global solvers are uniquely positioned to address.

II. A LANDSCAPE OF GLOBAL SOLVERS FOR 3D VISION

Global solvers for 3D vision can be organized into three
principal paradigms, each with distinct theoretical foundations,
computational profiles, and practical trade-offs. Fig. 1 provides
a structured overview of the field.

Branch-and-Bound (BnB) methods systematically parti-
tion the solution space and compute bounds on the optimal
objective within each region, pruning regions that cannot con-
tain the global optimum. They provide exact global optimality
guarantees but suffer from worst-case exponential complexity.
Recent advances in problem-specific bound tightening and
adaptive branching have made BnB tractable for problems of
moderate scale, including absolute pose estimation [21] and
outlier-robust registration [22].

Convex Relaxation (CR) methods reformulate non-convex
problems, typically involving rotation constraints or combi-
natorial outlier selection, as tractable convex programs, most
commonly semidefinite programs (SDPs). When the relax-
ation is tight, the solution of the convex program recovers
the global optimum of the original problem, along with a
certificate of optimality. Landmark results have demonstrated
tight relaxations for essential matrix estimation [23], point
cloud registration [24], rotation averaging [25], and pose graph
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optimization [26], often achieving polynomial-time global
optimality.

Graduated Non-Convexity (GNC) methods solve a se-
quence of progressively non-convex surrogate problems, start-
ing from a convex approximation and gradually sharpening
toward the original objective. GNC achieves dramatically
better scalability than BnB or CR but sacrifices formal global
guarantees, instead offering empirical robustness under high
outlier ratios.

These three paradigms are complementary rather than com-
peting. BnB provides exact guarantees at small scale; CR
provides polynomial-time certificates for structured problems;
GNC provides scalable approximate solutions that can be
certified post-hoc. Together, they form a unified toolkit for
certifiable geometric perception across the full spectrum of
problem scales and structures, covering ten fundamental 3D
vision tasks as shown in Fig. 1.

III. OPEN CHALLENGES

Despite substantial progress, three fundamental challenges
limit the practical adoption of global solvers in real-world
robotics systems.

A. Scalability

The computational cost of BnB and CR methods grows pro-
hibitively with problem size, making real-time or large-scale
deployment challenging. For BnB, tighter problem-specific
bounds and learned branching strategies offer promising ac-
celeration paths. For CR, recent advances, including block-
coordinate descent [27], the Riemannian staircase via low-rank
Burer-Monteiro factorization [28]-[30], chordal relaxation and
sparsity exploitation [31], GPU-parallel solvers [32], and in-
cremental formulations [33], [34], have reduced costs signifi-
cantly, but these gains do not yet extend cleanly to extremely
large-scale settings where problem size grows with the number
of observations. GNC scales well but lacks guarantees.

A key open problem is designing hybrid pipelines: fast
GNC-style solvers paired with lightweight certifiers that
balance speed and certifiability at deployment scale. Such
pipelines could enable certifiable perception for online appli-
cations including autonomous driving and aerial navigation,
where both real-time performance and provable correctness
are required.

B. Integration with Deep Learning

Foundation models such as DUSt3R [35] and VGGT [36]
can produce high-quality geometric predictions from images
without explicit optimization, representing a paradigm shift
in 3D vision. However, these learned predictions may vio-
late multi-view geometric constraints and carry no optimality
certificates. This is precisely where global solvers become
indispensable: not as replacements for learning, but as verifiers
and refiners of learned outputs.

This integration is bidirectional. Convex relaxations can
serve as differentiable layers within learning pipelines [37],

certifying global optimality while enabling end-to-end train-
ing. Conversely, learned priors can warm-start or prune the
search space of global solvers, dramatically accelerating con-
vergence [38]. Both directions remain largely underexplored
and represent one of the most exciting frontiers in certifiable
geometric perception.

C. Standardized Evaluation

The field currently lacks shared benchmarks and evaluation
protocols enabling fair comparison across methods, problem
scales, and noise regimes. Most evaluations rely on small
synthetic experiments, making it difficult to assess real-world
readiness or track community-wide progress.

Beyond solution accuracy, certifiable methods require new
metrics: the fraction of instances solved to certified global
optimality, relaxation tightness gaps, runtime-accuracy trade-
off curves across problem scales, and robustness under adver-
sarial outlier configurations. Establishing such infrastructure,
common datasets, reference implementations, and evaluation
scripts, would substantially lower the barrier to entry and
accelerate community-wide adoption.

IV. WHY Now?

Three converging trends make this a particularly opportune
moment for global solvers in robotics.

Safety-critical robotics is scaling up. Autonomous driv-
ing, surgical robotics, and aerial navigation are moving from
research labs to real-world deployment, where perception
failures carry serious consequences. The demand for provably
correct estimation, not just empirically accurate estimation,
has never been higher. Certifiability is transitioning from a
theoretical nicety to an operational requirement.

Foundation models have exposed a certification gap. The
success of large-scale geometric predictors like DUSt3R and
VGGT demonstrates that data-driven methods can produce
impressive geometric outputs. But impressive is not certifiable.
As these models are integrated into safety-critical pipelines,
the need to verify and certify their outputs will become acute.
Global solvers are the natural tool for this role, providing the
formal guarantees that learned models cannot.

The optimization community has the tools. Recent years
have seen remarkable advances in SDP solvers, differentiable
optimization layers, and scalable relaxation techniques. The
theoretical machinery is mature. What is needed is the com-
munity’s sustained attention to connecting it with practical
robotics problems at realistic scales.

The robotics optimization community gathered at this work-
shop is uniquely positioned to drive this agenda forward. The
problems are hard, the stakes are high, and the tools are ready.

V. CONCLUSION

Global solvers for 3D vision offer something rare in modern
robotics: the ability to prove that a solution is optimal. After
60 years of development across branch-and-bound, convex
relaxation, and graduated non-convexity paradigms, the field
stands at an inflection point. Scalability barriers are falling,



— Global Solvers

~[ Comparative Analysis ]~

Global Solvers for 3D Vision -

{ Tasks & Applications }

Fig. 1. Taxonomy of global solvers for 3D vision [20]. The field is organized around three components:
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, encompassing Branch-and-Bound,

Convex Relaxation (Shor’s relaxation, Moment-SOS relaxation, and other relaxations), and Graduated Non-Convexity; Comparative Analysis, examining
optimality guarantees, complexity and scalability, robustness to outliers, and deployment considerations; and Tasks & Applications, covering ten fundamental

problems in 3D vision.

integration with deep learning is becoming tractable, and
safety-critical deployment is creating genuine demand for
certification.

We invite the robotics optimization community to engage
with this area and bring expertise in scalable algorithms,
differentiable optimization, and real-world deployment to bear
on the open challenges outlined here. The next generation
of certifiable perception systems for autonomous driving,
surgical robotics, and aerial navigation will require exactly
this combination of skills. The opportunity is now.
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