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Abstract

Multi-model fitting is fundamental for robust geometric es-
timation in computer vision. However, recent deep learning
methods enable parallel model detection but rely on simple
architectures that inadequately model spatial relationships.
Moreover, current methods typically generate hypotheses
only through minimal solvers on randomly sampled points,
thus failing to explore the full diversity of the solution space.
To address these limitations, we propose a novel Jacobian-
based Gaussian uncertainty modeling framework, which ana-
Iytically propagates covariance through geometric transfor-
mations and enables efficient expansion of the hypothesis
space with strong theoretical guarantees. We further intro-
duce a Gaussian Hypothesis Generation Network (GHG-Net)
to learn global parameter distributions, enabling the genera-
tion of diverse and geometrically valid hypotheses. Addition-
ally, our network captures spatial relationships among obser-
vations by employing a dynamic graph neural network with
a multi-head attention mechanism. This yields more accurate
sample and inlier weights, significantly improving the qual-
ity of hypothesis generation. Extensive experiments on three
representative geometric estimation tasks (i.e. vanishing point
detection, fundamental matrix estimation, and homography
estimation) demonstrate that our method achieves new state-
of-the-art accuracy and stability, while maintaining high com-
putational efficiency.

Introduction

Geometric model fitting constitutes a cornerstone of com-
puter vision, enabling the interpretation of complex vi-
sual data through parametric representations that capture
underlying scene structure. This process transforms high-
dimensional noisy observations into meaningful geomet-
ric primitives—vanishing points for architectural under-
standing, homography matrices for planar surface analysis,
and fundamental matrices for epipolar geometry estimation.
These geometric abstractions form the computational foun-
dation for diverse applications including large-scale 3D re-
construction (Heinly et al. 2015; Schonberger and Frahm
2016; Wandt and Rosenhahn 2019), autonomous naviga-
tion (Kluger et al. 2020a; Mur-Artal and Tardés 2017; Sat-
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tler, Leibe, and Kobbelt 2016), and immersive augmented
reality systems (Abu Alhaija et al. 2018; Brachmann and
Rother 2018). Modern geometric fitting pipelines follow a
two-stage paradigm: feature extraction algorithms (includ-
ing SIFT (Lowe 2004), LSD (Von Gioi et al. 2008), and
DeepLSD (Pautrat et al. 2023)) generate candidate observa-
tions that inevitably contain noise and false detections; ro-
bust parameter estimation that must discriminate between
valid measurements (inliers) and erroneous data (outliers).
While single-model estimation is well-developed, multi-
model scenarios remain fundamentally challenging.

Multi-model fitting has evolved through distinct method-
ological paradigms over past few decades. Early solutions
employ sequential strategies, iteratively applying robust es-
timators such as RANSAC (Fischler and Bolles 1981) to
identify individual models while progressively removing as-
sociated observations. Despite their conceptual simplicity,
sequential approaches suffer from error propagation and
model interference issues. Later methods adopt more sophis-
ticated strategies that leverage clustering and optimization
methods to simultaneously assign observations to multiple
model hypotheses or outlier categories. This paradigm shift
has led to many influential algorithms (Magri, Fusiello et al.
2015; Barath et al. 2023), each contributing novel mecha-
nisms for hypothesis management and inlier-outlier discrim-
ination across complex geometric configurations.

Recent advances have introduced deep learning methods
(Brachmann and Rother 2019; Cavalli, Pollefeys, and Barath
2022; Cavalli et al. 2023; Wei et al. 2023; Wei, Matas,
and Barath 2023; Kluger et al. 2020b; Kluger and Rosen-
hahn 2024) into robust geometric model fitting methods.
Despite improved accuracy, these methods face three ma-
jor limitations. First, they lack representational deficiency,
as they process observations independently without cap-
turing essential spatial relationships and geometric depen-
dencies. Second, their reliance on deterministic sampling
limits hypothesis diversity and exploration of the solution
space. Third, they lack uncertainty quantification, generat-
ing point estimates without characterizing parameter distri-
butions or propagating uncertainty from observation to pa-
rameter space. These limitations significantly impair per-
formance in complex scenarios with multiple models, high
noise levels, or ambiguous geometric configurations. There-
fore, they call for a unified framework that enhances both



representational capacity and principled hypothesis genera-
tion through structured geometric reasoning.

In this paper, we propose a robust multi-model fitting
method that addresses the above mentioned limitations in
hypothesis generation and evaluation through principled
Gaussian uncertainty modeling. We develop a comprehen-
sive uncertainty quantification framework that propagates
information from the observation space to the parameter
space through analytical Jacobian analysis. This method-
ology characterizes model hypothesis uncertainty as Gaus-
sian distributions in the parameter space, enabling diverse
hypothesis generation via mathematically grounded sam-
pling strategies. To complement this local exploration, we
further introduce the Gaussian Hypothesis Generation Net-
work (GHG-Net), which learns global parameter distribu-
tions from training data to ensure comprehensive solution
space coverage. To further enhance robustness, we incorpo-
rate dynamic graph neural networks to capture complex spa-
tial relationships among observations. Unlike prior methods
that treat observations independently, our method constructs
adaptive graph structures based on feature similarity and
spatial proximity, where nodes represent observations and
edges encode geometric relationships. Through multi-head
attention within our graph architecture, our method captures
both local dependencies and global contextual information,
enabling enhanced understanding of underlying geometric
structures. This graph-based representation significantly im-
proves inlier-outlier discrimination across multiple model
instances, especially under severe noise. By combining prin-
cipled uncertainty modeling with graph-based learning, our
method robustly handles complex multi-model scenarios of
varying geometric complexity, addressing both hypothesis
diversity and contextual understanding.

Our method preserves the computational advantages of
parallel processing while substantially enhancing represen-
tational capacity and hypothesis generation capabilities. As
shown in Fig. 1 (b) and Fig. 1 (c), benefiting from the effec-
tive modeling of spatial relationships among observations
through graph structures, we obtain more accurate sam-
ple and inlier weights, thereby generating more precise ini-
tial hypotheses. Subsequently, through Gaussian uncertainty
modeling based on Jacobian matrix analysis and GHG-Net
that learns global parameter distributions, we construct a
richer and more diverse hypothesis pool, significantly in-
creasing the opportunity to find optimal geometric models.
As shown in Fig. 1 (d), compared to the current state-of-
the-art PARSAC method, our method can get more accurate
geometric model in complex scenes while maintaining the
computational efficiency of parallel processing.

In summary, our main contributions are as follows:

* We replace independent point-wise processing with dy-
namic graph construction and multi-head attention mech-
anisms, enabling explicit modeling of spatial relation-
ships and geometric dependencies among observations.

We apply analytical Jacobian matrices to three geomet-
ric tasks (vanishing point, homography, and fundamen-
tal matrix estimation), enabling uncertainty propagation
via the Fisher Information Matrix for principled Gaus-
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Figure 1: We apply our method to vanishing point estimation
(V, top), fundamental matrix estimation (F, middle), and ho-
mography matrix estimation (H, bottom), and we also have
current state-of-the-art results in deep learning PARSAC for
comparison (differences are highlighted in white boxes).

sian hypothesis generation under geometric constraints.

* We propose the GHG-Net that learns global parameter
distributions, complemented by local Jacobian-based un-
certainty sampling, forming a dual-level framework that
systematically balances global exploration with local re-
finement.

Related Work
Multi-Model Fitting

Robust model fitting aims to estimate geometric models
from outlier-contaminated observations. The foundational
RANSAC (Fischler and Bolles 1981) algorithm generates
hypotheses through minimal set sampling and selects mod-
els with maximum consensus. Although effective for single-
model scenarios, RANSAC struggles when multiple model
instances coexist in the data. Early multi-model fitting meth-
ods employ sequential strategies. Sequential RANSAC (Vin-
cent and Laganiere 2001) iteratively applies RANSAC while
removing identified inliers, but suffers from error propaga-
tion as subsequent models are influenced by earlier deci-
sions. PEARL (Isack and Boykov 2012) introduces energy-
based optimization using global mixed-integer cost func-



tions, while Multi-X (Barath and Matas 2018) extends this
framework to multi-class scenarios. Progressive-X (Barath
and Matas 2019) improves efficiency by interleaving sam-
pling and optimization steps, with its successor Progressive-
X+ (Barath et al. 2023) incorporating preference analysis
and multi-model assignment capabilities. To improve effi-
ciency, several strategies have been developed. TRESAC
(Guo et al. 2022) utilizes triplet relationships to enforce
spatial consistency, while SPGSC (Guo et al. 2024) guides
sampling through second-order proximity measures. LSC
(Xiao et al. 2024) maintains latent semantic consistency be-
tween data points and hypotheses to improve the quality of
generated hypotheses. Clustering-based methods have also
gained prominence. J-Linkage (Toldo and Fusiello 2008)
and T-Linkage (Magri and Fusiello 2014) employ agglomer-
ative clustering based on preference sets, while RPA (Magri,
Fusiello et al. 2015) utilizes spectral clustering techniques.
Graph-based methods are widely used to model complex
geometric relationships. Methods like GMSF (Xiao et al.
2016) leverage both local and global information through
graph structures, while CBG (Lin et al. 2022a) utilizes bipar-
tite graphs to analyze correlations between data points and
model hypotheses. Hypergraph representations in MSHF
(Wang et al. 2018), SWS+NCut (Purkait et al. 2016), and
HOMF (Lin et al. 2019) characterize higher-order geomet-
ric dependencies. Recent developments include specialized
methods like Fast-CP (Ozbay, Camps, and Sznaier 2022) for
fundamental matrix estimation. Matteo Farina et al. (Farina
et al. 2023) pioneer the application of quantum computing
for multi-model fitting, but their work is conducted under
restrictive underlying assumptions.

The integration of deep learning introduces new
paradigms in robust fitting. Neural-guided methods (Brach-
mann and Rother 2019; Cavalli, Pollefeys, and Barath 2022;
Cavalli et al. 2023; Wei et al. 2023; Wei, Matas, and Barath
2023; Kluger et al. 2020b; Kluger and Rosenhahn 2024)
leverage learned weights to suppress outlier influence. For
multi-model fitting, CONSAC (Kluger et al. 2020b) pio-
neers neural-guided sequential discovery, while PARSAC
(Kluger and Rosenhahn 2024) achieves parallel processing
through decoupled model instance discovery, significantly
reducing computational overhead. Despite recent progress,
current learning-based multi-model fitting methods rely on
conventional convolutional architectures, limiting their abil-
ity to model spatial relationships essential for geometric
understanding. Building on current methods, we propose a
novel method that bridges this gap by integrating dynamic
graph construction and multi-head attention, along with an-
alytical Jacobian-based uncertainty propagation to improve
hypothesis generation.

Vanishing Point Estimation

Vanishing point is a classic example of multi-model fit-
ting in geometric computer vision. Specialized methods
(Tardif 2009; Barinova et al. 2010; Wildenauer and Han-
bury 2012; Antunes and Barreto 2013; Lezama et al. 2014;
Zhai, Workman, and Jacobs 2016; Zhou et al. 2019; Si-
mon, Fond, and Berger 2018; Wu et al. 2021; Liu, Zhou,
and Zhao 2021; Lin et al. 2022b) have leveraged domain-
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specific geometric constraints and tailored network archi-
tectures to achieve superior performance within constrained
scenarios. These domain-specific methods achieve high ac-
curacy by incorporating geometric priors and architectural
constraints tailored to vanishing point characteristics. How-
ever, their specialized nature limits transferability to other
geometric fitting problems. Conversely, general-purpose ro-
bust estimation frameworks such as CONSAC and PARSAC
offer algorithmic flexibility across diverse geometric prob-
lems through universal sampling strategies and consensus
mechanisms. Although broadly applicable, these methods
rely on conventional convolutional architectures that treat
observations independently, limiting their ability to cap-
ture the spatial dependencies inherent in geometric data.
Our method addresses this limitation while maintaining the
general-purpose characteristics of multi-model fitting algo-
rithms.

Method

To explicitly capture complex spatial relationships among
observations, we introduce a graph neural network, which
constructs dynamic graphs, where observations serve as
nodes and edges encode spatial proximity and geometric
compatibility. This graph representation enables message
passing between spatially related observations, allowing the
network to leverage geometric context essential for robust
multi-model fitting. The overall architecture is illustrated
in Fig. 2. We stack observations x € X into tensors of
size N x 1 x D, where D is fixed at 4. x is a line seg-
ment parametrised via centroid (x,y), length I, and angle
« for vanishing points. X is a point correspondence pair
(z1, Y1, T2, y2) for fundamental matrices and homographies.
To extract meaningful features from observations, we first
apply an initial feature embedding layer that projects the
raw observations into a higher-dimensional feature space.
Given these embedded features X, we construct dynamic
graphs by computing pairwise similarities S;; and select-
ing k-nearest neighbors to form symmetric adjacency ma-
trices. Multi-head graph attention captures contextual rela-
tionships, the local pathway uses graph convolution while
the global pathway employs attention mechanisms. Cross-
attention fusion combines both pathways through bidirec-
tional attention and adaptive gating. The fused features then
undergo enhanced spatial feature aggregation with multi-
scale pooling, channel attention, and spatial attention mech-
anisms, before generating dual outputs for inlier weights
and sample weights to enable robust hypothesis generation.
Please refer to the extended version for implementation de-
tails.

Loss Function. We adopt the optimization framework as
PARSAC, which formulates the objective as minimizing the
expected task loss:

L(w) = Enfepv|x;w [E(M)], )]
where M represents the estimated model instances, and
£(M) measures model quality through task-specific metrics.
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Figure 2: Overview architecture: The system processes input observations through a GNN-based network to generate sample
and inlier weights. The hypothesis pool is enriched through two complementary pathways: Gaussian uncertainty modeling that
analytically expands hypotheses around current estimates, and GHG-Net that learns global parameter distributions from training
data. This dual-pathway design balances local precision with global exploration for comprehensive parameter space coverage.

Gaussian Uncertainty Modeling

Geometric parameter estimation often exhibits complex cor-
relations and anisotropic uncertainty. Traditional determinis-
tic approaches struggle with such ill-posed problems where
minor data perturbations cause substantial parameter varia-
tions. We propose analytical Gaussian uncertainty modeling
that captures parameter dependencies through closed-form
Jacobian matrices.

Jacobian-based Uncertainty Quantification. Our key
insight is that different hypotheses exhibit varying degrees of
reliability and uncertainty. By quantifying this uncertainty,
we can more effectively guide the hypothesis generation
process and improve model selection. For each geometric
problem, we derive analytical Jacobian matrices .Jy by com-
puting derivatives of specific residual functions with respect
to model parameters. For vanishing point estimation, we use
the angular residual:

@

For fundamental matrix estimation, we employ the Sampson
error:

ry =1 —cosa.

(pf Fpa)?
(Fpa)i + (Fpa)s + (FTpy)? + (FTpy)3’

where F is the fundamental matrix, and (p,, pp) is point cor-
respondence pair.

For homography estimation, we utilize the symmetric trans-
fer error:

3)

rp =

ri = d(pa, H 'py)* + d(po, Hpa)?, )
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where H is the homography matrix. These Jacobians estab-
lish the critical relationship between parameter variations
and corresponding changes in residual values. The Fisher
Information Matrix provides uncertainty bounds:

Al
Zgjg:igfgyi.

=1

16) 5)

Parameter covariance is estimated as ¥y = I(#)~!, captur-
ing both uncertainty magnitude and correlations. It enables
adaptive hypothesis expansion in regions of high uncer-
tainty, concentrating computational resources where param-
eter estimation is most challenging. Unlike traditional meth-
ods that treat all hypotheses equally, our Jacobian-based un-
certainty quantification creates a structured hypothesis space
that reflects the underlying geometry of the problem, sig-
nificantly improving both efficiency and accuracy in multi-
model fitting. Please refer to the extended version for imple-
mentation details.

Gaussian Hypothesis Generation. We construct multi-
variate Gaussian distributions P(#) ~ N (6, %) and gen-
erate samples via Cholesky decomposition:

egen = é + Lmathza (6)

where L, 41 is the Cholesky factor of ¥y = LmathL%at o
z follows a standard multivariate normal distribution, de-
noted as z ~ N(0,I). This uncertainty-aware sampling
adaptively explores the parameter space according to esti-
mated uncertainty, preserves correlations, and reduces in-
valid hypotheses compared to uniform sampling.



Gaussian Hypothesis Generation Network

While analytical Gaussian modeling provides locally pre-
cise hypotheses around current parameter estimates through
Fisher information analysis, it inherently suffers from lim-
ited exploration capability—the generated hypotheses clus-
ter around existing solutions and may miss distant but
valid parameter regions. This limitation becomes particu-
larly problematic in multi-model scenarios where multiple
distinct solutions coexist in the parameter space. To ad-
dress this exploration-exploitation trade-off, we propose a
GHG-Net to learn global parameter distributions from train-
ing data across diverse geometric configurations. By captur-
ing broad statistical patterns of valid geometric parameters,
GHG-Net generates hypotheses that explore previously un-
visited regions of the parameter space, creating a comple-
mentary dual-pathway strategy balancing local refinement
with global exploration.

GHG-Net employs a multi-branch architecture to learn
multivariate Gaussian distributions of geometric parameters
from historical hypothesis data. The network takes as input
a set of valid hypotheses from training data and models their
distribution in parameter space. GHG-Net consists of an in-
ference block and three parallel prediction branches: one for
mean p, one for variance o2, and one for correlation coef-
ficients 7 € [—1,1]. The covariance matrix is constructed
as Ypeural = SRS + €I, where S = diag(o) is the diago-
nal matrix of standard deviations, R is the correlation matrix
constructed from the predicted correlation coefficients, and
€ = 1075 ensures positive definiteness and numerical stabil-
ity. New model parameters are generated via:

)

07Leural =N + Lneuralza

where L, cyurqr 1S the Cholesky factor of X, cqral
LneumlLZeuml and z ~ N(0,I). The geometric mod-
els constructed from parameters learned by GHG-Net bet-
ter conform to actual geometric structures. As shown in
Fig. 3, our strategy combines two complementary pathways:
a mathematical pathway using Jacobian-based uncertainty
for current estimates and a learning pathway using GHG-
Net for global exploration based on learned distributions.
Pooling hypotheses from both sources enables comprehen-
sive parameter space coverage while maintaining geometric
validity.

Mahalanobis Distance-based Clustering

The final stage extracts precise model instances from gen-
erated hypotheses through clustering. Prior methods using
Euclidean distance fail to capture parameter correlations
and anisotropic uncertainties in geometric spaces. We intro-
duce Mahalanobis distance-based clustering that leverages
covariance matrices from our Gaussian uncertainty model-
ing. Compared to Euclidean distance, Mahalanobis distance
captures parameter correlations, reflects directional uncer-
tainty through ellipsoidal clustering boundaries, and adapts
to heteroscedastic distributions.

Experiments

We report the mean and standard deviation over ten runs for
all metrics. We mark the best results in bold and the second
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Figure 3: Visualization of parameter space: The blue re-
gion represents the Gaussian uncertainty distribution with
asymmetric sampling density reflecting inlier distribution,
while the red regions show the global distribution learned by
GHG-Net. Jacobian-based sampling concentrates in high-
inlier-density regions of parameter space, while GHG-Net
global sampling explores broader areas, enabling effective
discovery of multiple model instances.

best results with underline. Please refer to the extended ver-
sion for implementation details and additional experimental
results and discussions.

Vanishing Point Estimation

We conducted experiments on four datasets: the SU3 and
YUD datasets representing Manhattan world scenario, and
the NYU-VP and YUD+ datasets containing non-Manhattan
world scenario. We compare our method against the ro-
bust multi-model fitting methods Progressive-X (Barath
and Matas 2019), J-Linkage (Toldo and Fusiello 2008), T-
Linkage (Magri and Fusiello 2014), CONSAC (Kluger et al.
2020b), PARSAC (Kluger and Rosenhahn 2024), and the
task-specific VP estimators Contrario-VP (Simon, Fond, and
Berger 2018), NeurVPS (Zhou et al. 2019), and DeepVP
(Lin et al. 2022b). Higher average AUC values indicate su-
perior performance.

Manhattan World. Tab. 1 presents results for the Man-
hattan scenario. Among task-specific methods using full im-
age information, NeurVPS achieves the best performance on
the SU3 dataset. Within the robust estimator category oper-
ating on pre-extracted line segments, our method demon-
strates superior performance compared to PARSAC. Al-
though NeurVPS maintains the lead on the SU3 dataset, our
results are notable since we rely only on pre-extracted line
segments rather than full information. Our method outper-
forms all other robust estimators across all evaluation met-
rics on the SU3 dataset, with the lowest standard deviations,
indicating more stable and reliable results. On the YUD
dataset, our method achieves the best performance among



Datasets

SU3 (Zhou et al. 2019)

YUD (Denis, Elder, and Estrada 2008)

Metrics GPU/CPU (ms) AUC @ 1° AUC @ 3° AUC @ 5° AUC @ 3° AUC @ 5° AUC @ 10°
task-specific methods (full information)
Contrario (ECCV’18) —/767.2 32.56+0.19 67.85£0.17 77.724+0.11 59.86+0.59 72.61+£0.47 83.144+0.24
NeurVPS (NIPS’19) 766/—— 7947 92.57 95.44 50.63 63.12 77.58
DeepVP (CVPR’22) 130.3/—— 56.63 84.05 90.24 58.19 72.25 84.98
robust estimators (on pre-extracted line segments)

J-Linkage (ECCV’08) —/1139 47.66+0.54 74.961+0.49 83.01+£0.35 55.75+2.53 68.69+2.22 81.06+1.52
T-Linkage (CVPR’14) —/271.4 40.57+0.44 71.55+0.26 80.90+0.21 52.19+1.91 66.10+1.41 79.49+0.87
Progressive-X (ICCV’19) ——/28.92 63.144+0.33 80.494+0.40 84.824+0.40 50.414+0.84 60.10+0.76 68.4740.72
CONSAC (CVPR’20) 3941/2758 51.58£0.18 78.524+0.10 85.69+0.06 59.06+£0.48 71.33+0.44 82.79+0.29
PARSAC (AAATI'24) 4.91/11.59 67.44£0.14 85.704+0.13 90.17+0.11 63.92+0.25 75.904+0.15 86.37+0.08
Ours 6.27/16.83 67.97+0.11 85.83+0.06 91.22+0.05 64.41+£0.28 77.284+0.36 85.23+0.26

Table 1: Vanishing point detection performance and inference time on Manhattan-world (SU3 and YUD datasets)

Datasets

NYU-VP (Kluger et al. 2020b)

YUD+ (Kluger et al. 2020b)

Metrics

GPU/CPU (ms) AUC @ 3° AUC @ 5° AUC @ 10° AUC @ 3° AUC @ 5° AUC @ 10°

task-specific methods (full information)

Contrario (ECCV’18) ——/833.2 35.914+0.40 47.61+£0.42 61.66+0.38 51.50+0.52 62.81£0.50 72.55+0.38
DeepVP (CVPR’22) 176.7/—— 43.54 55.87 69.53 48.06 59.57 71.34
robust estimators (on pre-extracted line segments)

J-Linkage (ECCV’08) —/1571 30.61+£0.81 42.26+0.80 56.58+0.64 48.62+1.29 60.40+1.10 72.36£0.82
T-Linkage (CVPR’14) —/278.7 30.93+£0.64 42.95+£0.68 57.75+0.68 46.91+0.66 59.45+0.82 71.74+0.54
Progressive-X (ICCV’19) ——/26.15 38.73+0.17 49.25+0.17 60.71£0.19  50.13£0.78 60.01£0.69 68.53+0.68
CONSAC (CVPR’20) 3843/2841 38.84+0.34 50.58+0.37 64.254+0.38 52.68+0.45 63.73£0.65 74.44+0.76
PARSAC (AAATI’24) 5.16/9.38 39.93+0.16 51.65+0.10 64.58+0.13 54.98+0.63 65.48+0.37 74.74+0.41
Ours 4.78/10.12 40.2740.08 52.93+0.06 65.04+0.16 55.26+0.32 65.944+0.29 74.82+0.42

Table 2: Vanishing point detection performance and inference time on Non-Manhattan (NYU-VP and YUD+ datasets)

robust estimators, and outperforms PARSAC by 0.7% and
1.8% for AUC@3° and AUC@5° respectively. Our method
shows a slightly increased inference time on GPU compared
to PARSAC, with a modest additional computational over-
head, which is reasonable considering the introduction of
graph neural network structures.

Non-Manhattan World. Tab. 2 presents results for the
non-Manhattan scenario. Among task-specific methods,
DeepVP achieves the best performance on NYU-VP via
end-to-end learning. Within the robust estimator category,
our method demonstrates superior performance across both
datasets. On the NYU-VP dataset, our method consistently
outperforms PARSAC across all metrics, achieving im-
provements of 0.85%, 2.48%, and 0.71% for AUC@3°,
AUC@5°, and AUC@ 10° respectively. Notably, our method
exhibits exceptional stability with the lowest standard devia-
tions among all robust estimators, particularly for AUC@3°
and AUC@5°. On the YUD+ dataset, our method achieves
the best performance among robust estimators and demon-
strates competitive results compared to task-specific meth-
ods, particularly excelling at stricter angular thresholds.
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Fundamental Matrix Estimation

We compare our method with Progressive-X (Barath and
Matas 2019), Progressive-X+ (Barath et al. 2023), Fast-CP
(Ozbay, Camps, and Sznaier 2022), and PARSAC (Kluger
and Rosenhahn 2024). CONSAC (Kluger et al. 2020b) has
no implementation for F-matrix fitting available. Tab. 3
presents fundamental matrix estimation results on HOPE-
F and Adelaide-F datasets. On the HOPE-F dataset, our
method achieves the best performance across both metrics,
improving ME by 4% and SE by 6% over PARSAC, with
superior stability demonstrated by reduced standard devia-
tions. On Adelaide-F, our method outperforms PARSAC by
35% and 27% in ME and SE respectively. For fundamental
matrix estimation, our method shows longer inference time
on both GPU and CPU compared to PARSAC, a reasonable
trade-off for the accuracy gains brought by graph structures
and attention mechanism.

Homography Estimation

We compare our method with Progressive-X (Barath and
Matas 2019), Progressive-X+ (Barath et al. 2023), CONSAC



Datasets

HOPE-F (Kluger and Rosenhahn 2024) Adelaide-F (Wong et al. 2011)

Metrics GPU/CPU (ms) ME (%) | SE (pixel) | ME (%) | SE (pixel) |
Progressive-X (ICCV’19) ——/1043 22.78+15.64 29.93+105 12.85+14.11  2.1944.51
Progressive-X+ (CVPR’23) ——/67.38 43.25+15.72 9.71+15.14 6.79+6.64 0.86+0.89
Fast-CP (ECCV’22) ——/33.65 24.58+13.32 5.531+6.68 4.89+5.26 1.43+1.31
PARSAC (AAAT’24) 12.25/19.81 14.97+8.51 3.074+3.39 9.83+4.17 2.80+2.39
Ours 16.36/25.56 14.36+7.75 2.88+3.16 6.37+3.26 2.05+1.94
Table 3: Fundamental matrix estimation on HOPE-F dataset and Adelaide-F dataset
Datasets SMH (Kluger and Rosenhahn 2024) Adelaide-H (Wong et al. 2011)
Metrics GPU/CPU (ms) ME (%) | TE (pixel) | ME (%) | TE (pixel) |
Progressive-X (ICCV’19) ——/674.2 20.60+15.3 25.5+113 8.05+10.0 3.14+3.81
Progressive-X+ (CVPR’23) ——/501.4 52.69+18.3 7.19439.3 7.38+7.64 3.74+5.13
CONSAC (CVPR’20) 4314/58913 33.45+18.5 3.34425.7 5.66+7.05 3.44+7.44
PARSAC (AAAT’24) 64.0/1758 20.50+15.5 1.81+20.8 8.63+8.01 5.3447.36
Ours 76.2/2553 15.99+14.1 0.85+4.05 7.19+7.27 3.58+4.06

Table 4: Homography estimation on SMH dataset and Adelaide-H dataset

(Kluger et al. 2020b), and PARSAC (Kluger and Rosen-
hahn 2024). Tab. 4 presents homography estimation results
on the challenging SMH and Adelaide-H datasets. On the
SMH dataset, our method achieves the best performance
across both metrics, with ME of 15.99 (22% improvement
over PARSAC) and TE of 0.85 (53% improvement over
PARSAC). Notably, our method also demonstrates signif-
icantly improved stability with much lower standard devi-
ations. On the Adelaide-H dataset, CONSAC achieves the
lowest ME of 5.66, while our method ranks second with
7.19, still outperforming PARSAC by 17%. For the TE met-
ric, our method achieves 3.58, representing a 33% improve-
ment over PARSAC with notably reduced variance. For ho-
mography estimation, our method is slower than PARSAC
on GPU with a similar difference on CPU, yet remains
significantly faster than traditional methods and CONSAC,
maintaining the computational efficiency required for real-
time applications.

Ablation Experiments

Tab. 5 reveals that each proposed component contributes
meaningfully to the overall performance through distinct
mechanisms. Comparing our graph neural network archi-
tecture with PARSAC’s CNN-based method reveals the im-
provement in performance, reducing ME by 8.7% and TE by
18.2%. This validates our core hypothesis that explicit spa-
tial relationship modeling through dynamic graphs signifi-
cantly outperforms independent point-wise processing. In-
corporating Gaussian uncertainty modeling further reduces
ME by 16.9% and TE by 42%, demonstrating that principled
hypothesis generation through analytical Jacobian analysis
effectively expands the solution space. The complete system
achieves the best performance with a 22% improvement in
ME and a 53% improvement in TE over the baseline, while
also showing dramatically improved stability with standard
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deviations reduced by up to 80.5%. Notably, the progressive
improvements are not merely additive but exhibit synergis-
tic effects. The combination of spatial relationship modeling
and uncertainty-aware hypothesis generation creates a mul-
tiplicative benefit, where enhanced feature representations
enable more effective utilization of the expanded hypothesis
space. Comprehensive ablation experiments are presented in
the extended version.

Configuration ME (%) | TE (pixel) |
PARSAC (CNN Baseline) 20.5+15.5 1.81+20.8
Ours (GNN) 18.7415.3 1.48+12.3

Ours (GNN) + Gauss (only) 17.0+14.6 1.05+6.86
Ours (GNN) + GHG-Net (only) 17.4+14.2 1.14£5.67
Ours (GNN) + Gauss + GHG-Net 15.9+14.1 0.85+4.05

Table 5: Progressive component analysis on SMH dataset

Conclusion

In this paper, we propose a robust multi-model fitting
method that integrates Gaussian uncertainty modeling with
graph neural networks. Comprehensive experiments on van-
ishing point detection, fundamental matrix estimation, and
homography estimation demonstrate that our method con-
sistently outperforms existing methods in both accuracy and
robustness while maintaining computational efficiency. In
future work, we will explore more efficient graph construc-
tion strategies for real-time applications. Additionally, we
plan to extend our method to other geometric vision tasks
and explore real-world applications in autonomous driving
and 3D reconstruction where robust multi-model fitting is
essential for safety-critical decision making.
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